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Abstract
In Neal Stephenson’s 1992 science-fiction novel "Snow Crash," the term "metaverse" was
coined to describe a virtually persistent world in which humans, as avatars, interact with
each other and software agents just as they would in the physical world. This is no longer
science fiction with the rapid development of virtual and augmented reality devices in the
past decade. To stimulate future development and research, Meta Inc. (previously Face-
book) defined a grand challenge termed visual Turing test in 2022, asking if the virtual ex-
perience can be created as vivid and realistic as the real-world such that a human observer
can no longer distinguish. Passing this test requires significant technological advancements
in areas such as display, rendering, acquisition, sensing, modeling, and simulation. The fo-
cus of this thesis is on developing next-generation computational 3D near-eye displays to
deliver a more realistic and natural 3D experience, as well as devising inverse procedu-
ral material (PM) modeling and capture frameworks that allow non-expert users to bring
real-world appearances into a digital twin in a few simple clicks.

Existing near-eye 3D displays rely on the stereoscopic principle by showing parallax
images to deceive the brain into perceiving depth from 2D images. This deviates from
the experience of how humans observe the real world, causing visual discomfort and vi-
sion degradation after prolonged use. Computer-generated holography (CGH) is widely re-
garded as the next-generation technology capable of utilizing light interference and diffrac-
tion to produce true 3D graphical projections. However, its adoption was fundamentally
limited by the low image quality and vast computational cost. Similarly, PMs have recently
emerged as the industry standard for representing physically-based, spatially-varying ap-
pearance due to their unlimited resolution, editability, and memory efficiency. Nonetheless,
the extensive domain knowledge and labor required to master and author PMs have made
it difficult for non-experts to create and operate them.

This thesis exploits recent advances in machine learning, optimization, rendering, and
differentiable software infrastructures to develop algorithms and user-friendly tools for syn-
thesizing, compressing, encoding/decoding, and deploying photorealistic 3D holograms,
as well as for authoring, editing, and manipulating procedural materials. The ultimate ob-
jective is to pass the visual turning test and democratize the creation of a metaverse for
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ordinary people.
At the very end of this thesis, an extrapolation of the Virtual Turing Test is applied for

physical reproduction, and a novel 3D printing system that fabricates painting facsimiles
faithfully to the originals will be discussed, as well as the potential of this technology to
help culture preservation and education.

Thesis Supervisor: Wojciech Matusik
Title: Professor of Electrical Engineering and Computer Science
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while the peripheral dilation (orange Sinc) has wider spread and weaker

peak amplitude. (Middle): The yellow dash line marks the sheared mini-

mally dilated frequency at the observed distance. (Right): The dash lines

bound the region where Sinc response is always positive, and the projected

circle bounds the resolution. . . . . . . . . . . . . . . . . . . . . . . . . . 76

3-11 WDF analysis of resolution limit under frequency-limited sampling inside

the DoF. (Left): Active sampling region is limited within the maximum

diffraction cone projection. Frequency is minimally dilated to the main

lobe of the Sinc function at x0. (Middle): The yellow dash line marks

the sheared minimally dilated frequency at the observed distance. Within

the DoF, minimum spatial dilation remains at Dp. (Right): The dash lines

bound the region where Sinc response is always positive, and the projected

WDF inside this region only interferes constructively. . . . . . . . . . . . . 78
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3-12 Illustration of spatial resolution as a function of SLM width and pixel pitch.

For (ws,Dp) SLM (yellow top), red and blue point inside DoF are repro-

duced at Dp resolution. For (ws,Dp/2) SLM (dark blue top), resolution in-

side DoF is doubled(red point). Sampling of blue point becomes spatially-

limited as DoF span halves, however, spatial resolution is still higher than

(ws,Dp) case since active sampling area is the entire SLM. For both cases,

the green point subtends to the entire SLM and are reproduced at same

spatial resolution. For (2ws,Dp) SLM (yellow top+bottom), the expanded

DoF encapsulates larger space with Dp resolution and produces higher res-

olution outside DoF, i.e. green point. . . . . . . . . . . . . . . . . . . . . . 79

3-13 Comparisons of elemental image resolution w1 (blue inset). We simulate

focusing on the bunny on a 1080p 8µm CGH. The angular sampling rate

is (a): 6, (b): 18, (c): 30, and (d): 45 pixels per degree respectively. The

reconstructions exhibit obvious aliasing on the top row (red inset) but are

smoothed out greatly above 30 pixels per degree (c). . . . . . . . . . . . . 81

3-14 Design trade space between the pixel pitch Dp and the SLM width ws

assuming eye box we = 10mm and f # = 1. (Left) Maximum FoV in-

creases with smaller pitch and wider SLM. The white dash line separates

the above pitch bounded case from the lower lens bounded case(shaded re-

gion). (Right): Minimum Eye relief(focal length) decreases with pitch size

(Eq. (3.12)) for a fixed eye box requirement, and the current off-the-shelf

SLM is quite far to the lens-bounded region. . . . . . . . . . . . . . . . . 83

3-15 Illustration of (left): pitch-bounded and (right): lens-bounded display modes.

When the spherical illumination is constrained by the f # (right), the diffrac-

tion cones emitted from the edges of the SLM shift away, and eye relief

increases on a wider SLM. . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3-16 Optical setup relaying amplitude modulation to phase modulation using

field sequential colors. The eye box also filters higher order diffractions. . . 85
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3-17 Optically captured hologram results at different focal distances. The color

artifacts is caused by the laser filtering, alignment, and inprecise beam stop,

but does not affect the correctness. We show the reference 2D image in (a).

When the object is displayed on a hologram, we can support accommoda-

tion (b and c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3-18 The proposed method (top row, photographed) provides an accurate ren-

dering setup (Section 3.2.1) such that no geometry is clipped near the SLM

nor aliased reconstruction shown in prior work (c and d). The captured

results from a 1080p SLM closely resemble the simulations (red insets). . . 87

3-19 Comparisons of (a): the ideal amplitude and phase hologram with (b):

phase-only hologram, (c): lower phase bit rate, and (d): lower amplitude

resolution. We compare the simulated results (insets) using a 1080p SLM. . 88

4-1 Tensor holography workflow for learning Fresnel holograms from RGB-

D images. a, A custom ray-tracer renders an RGB-D image of a ran-

dom scene. The meshes are distributed exponentially along the depth axis

and the resulted pixel depth distribution is statistically uniform. b, An

occlusion-aware point-based method reconstructs a triangular surface mesh

from the point cloud defined by the RGB-D image. During Fresnel diffrac-

tion simulation, wavefronts carried by the occluded rays are excluded from

the hologram calculation. c, A fully convolutional residual network syn-

thesizes a Fresnel hologram from the same RGB-D image. The network is

optimized against the target hologram using a data fidelity loss and a focal

stack loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
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4-2 Visualization of masked Fresnel zone plates computed by OA-PBM

and performance comparison of foreground occlusion. a, A depth im-

age cropped from a frame of Big Buck Bunny. Three regions with differ-

ent depth landscapes are highlighted in different colors. b, Masked Fresnel

zone plates computed for the center pixel of each highlighted region. Three

pixels are propagated for the same distance for ease of comparison. The flat

depth landscape around the green pixel results in a non-occluded Fresnel

zone plate. The masked Fresnel zone plates of red and blue pixels contain

sharp cutoffs at their long-distance separated occlusion boundaries, and

freeform shapes at occlusion boundaries with moderate distance separation

and varying depth distribution. c, Comparison of foreground reconstruction

by PBM, OA-PBM, and Fresnel diffraction. The scene is a cropped mod-

ulation transfer function bar target with a step depth profile. PBM leaks a

considerable portion of the background into the foreground due to a lack

of occlusion handling. The artifacts are clearly visible in the original un-

magnified view. OA-PBM removes a significant portion of the artifacts and

the remaining artifacts are visually insignificant in the unmagnified view.d,

Comparison of focal stacks reconstructed by PBM and OA-PBM for the

Big Buck Bunny scene. The orange bounding boxes mark the background

leakage in the PBM reconstructions. . . . . . . . . . . . . . . . . . . . . . 96

4-3 Samples of MIT-CGH-4K and comparison with the DeepFocus dataset.

a, The RGB-D image, amplitude, and phase of two samples from MIT-

CGH-4K. The RGB image records the amplitude of the scene (directly

visualized in sRGB space) and consists of large variations in color, texture,

shading, and occlusion. The pixel depth has a statistically uniform distri-

bution throughout the view frustum. The phase presents high-frequency

features at both occlusion boundaries and texture edges to accommodate

rapid depth and color changes. b, A sample RGB-D image from the Deep-

Focus dataset[258]. c, Histograms of pixel depth distribution computed for

MIT-CGH-4K and the DeepFocus dataset. . . . . . . . . . . . . . . . . . 99
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4-4 Schematic diagram of the midpoint hologram calculation. a, A holo-

graphic display magnified through a diverging point light source. b, A

holographic display unmagnified through the thin lens formula. c, The tar-

get hologram in this example is propagated to the center of the unmagnified

view frustum to produce the midpoint hologram. The width of the maxi-

mum sub-hologram is significantly reduced. . . . . . . . . . . . . . . . . . 101
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4-5 Performance evaluation of occlusion-aware point-based method and

tensor holography CNN. a, A simulated depth-of-field image refocused

from a CNN predicted hologram. The bunny’s eye is in focus. The input

RGB-D image is from the “Big Buck Bunny” (© by Blender Foundation).

The bottom right inset visualizes the depth image. b, Comparison of focal

stacks reconstructed at highlight regions in a. The CNN prediction is vi-

sually similar to the OA-PBM ground truth. c, A simulated depth-of-field

image and focal stack (the magnified insets) reconstructed from the CNN

predicted hologram of a real-world captured RGB-D image [139]. d, Per-

formance comparison of PBM, OA-PBM, and CNNs with various model

capacities. The default CNN model consists of 30 convolution layers / 24

filters per layer, the small and mini models has 15 and 8 convolution layers

respectively. The reduction of convolution layers gracefully degrades the

reconstructed image quality. The mini model runs in real time (60Hz). e,

A CNN predicted hologram and reconstructed depth-of-field images (the

magnified insets) of a star test pattern. Line pairs of varying frequencies

are sharply reconstructed at different depths, and the wavelength-dependent

light dispersion is accurately reproduced. f, Ablation study of the full loss

function (1st). The ablation of attention mask (2nd) dilutes CNN’s attention

to out-of-focus features and results in inferior performance. The ablation

of data loss (3rd) removes the regularization of phase information and leads

to poor generalization to unseen examples and large focal stack error. The

ablation of perceptual loss (4th) removes the guide of focal stacks and uni-

formly degrades the performance. g, Comparison of a ground truth Fresnel

zone plate and a CNN prediction (by a model with 30 layers / 120 filters

per layer) computed for a 6 mm distant point (propagated for another 20

mm for visualization). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
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4-6 Evaluation of tensor holography CNN on model architecture and test

patterns. a, Performance comparison of different CNN architectures. b,

Performance comparison of different CNN miniaturization methods. c,

CNN prediction of two standard test patterns (USAF-1951 and RCA Indian-

head). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4-7 Evaluation of tensor holography CNN on additional computer-rendered

scenes. CNN prediction of amplitude and phase along with focused recon-

structions for holograms of a, a living room scene from the DeepFocus

dataset [258] and b, a night landscape scene from the Stanford light field

dataset [200]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4-8 Evaluation of tensor holography CNN on real-world captured scenes.

CNN prediction of amplitude and phase along with focused reconstructions

for holograms of a, a statue scene and b, a mansion scene. Both scenes are

from the ETH light field dataset [139]. . . . . . . . . . . . . . . . . . . . . 107

4-9 Comparison of the original double phase method and anti-aliasing dou-

ble phase method. Reconstruction of two real-world scenes from the en-

coded phase-only holograms. The couch scene is focused on the mouse toy

and the statue scene is focused on the black statue. Orange bounding boxes

highlight regions with strong high-frequency artifacts. (left) Double phase

method. (right) anti-aliasing double phase method. . . . . . . . . . . . . . 110

4-10 Holographic display prototype used for the experimental results shown

in this Letter. The control box of the laser, Labjack DAQ, and camera are

not visualized in the figure. . . . . . . . . . . . . . . . . . . . . . . . . . . 111
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4-11 Experimental demonstration of 2D and 3D holographic projection. a,

Scheme of our phase-only holographic display prototype. Only the green

laser is visualized. b, (left) A flat (2D) target image (by Ana Blazic Pavlovic/Shut-

terstock) for testing the spatial resolution of our prototype. (right) A photo-

graph of the CNN predicted hologram (encoded with anti-aliasing double

phase method) displayed on our prototype. The insets on the top right

show the magnified bounding boxes. c, Photographs of our prototype pre-

senting a real-world captured 3D couch scene in Fig. 4-5c. The left photo-

graph is focused on the mouse toy and the right photograph is focused on

the perpetual desk calendar. d, Photographs of our prototype presenting a

computer-rendered 3D Big Buck Bunny scene in Fig. 4-5a. The left photo-

graph is focused on the bunny’s eye and the right photograph is focused on

the background tree leaves. . . . . . . . . . . . . . . . . . . . . . . . . . . 113

4-12 Additional experimental demonstration of 3D holographic projection

(part 1). The RGB-D input can be found in Fig. 4-8. . . . . . . . . . . . . 114

4-13 Additional experimental demonstration of 3D holographic projection

(part 2). The RGB-D inputs can be found in Fig. 4-8 for a, and Fig. 4-6

for b. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

4-14 Methods comparison for occlusion modeling. The top 4 images consti-

tute a 2-layer LDI that completely depicts the test scene. Different types of

artifacts are only marked for the front focus images. . . . . . . . . . . . . . 120

4-15 Comparison of LDI and voxel grid as 3D scene representation. a Ren-

dering of an LDI records the intersections between a penetrating ray (col-

ored differently after every new hit) and the scene objects (front-facing

surfaces) at every spatial location. b First three layers of the LDI rendered

for the scene in (a). The number of valid pixels rapidly decreases as the

index of the layer increases. c Rendering of a voxel grid that partitions

the 3D scene into equal-length slabs and generate one RGB image for each

slab. The depth resolution is proportional to the number of slabs. . . . . . . 121
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4-16 SM-LBM hologram quality as a function of LDI layers and depth dis-

cretization. a The addition of more LDI layers provides diminishing re-

turns on the hologram fidelity and the improvement plateaus after 5 layers.

b A depth resolution over 11 bits (2048) results in negligible difference to

the image quality. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

4-17 Overview of training procedure. In the first stage, the CNN is trained

to reproduce the ground truth midpoint hologram with direct supervision

and a dynamic focal stack loss. In the second stage, the CNN prediction is

propagated to the target hologram plane, filtered by a second CNN, double

phase encoded, Fourier filtered, and back propagated to the center of the

3D volume to obtain the post-encoding midpoint hologram. No ground

truth phase-only hologram is provided, and the CNN is trained to discover

an optimal solution with the dynamic focal stack loss between the post-

encoding focal stack and the target focal stack and a regularization loss

(see Equation (4.24)). The Fourier space amplitude is visualized in the

logarithmic scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

4-18 Black modulation test using the double phase encoding. Using the per-

pixel lookup table calibrated via the proposed approach produces a more

uniform image with a deeper black level over the one achieved by the

factory-provided global lookup table. . . . . . . . . . . . . . . . . . . . . . 130
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4-19 RGB-D and LDI inputs used in this paper. From top to bottom and

left to right: ’Couch’ and ’Mansion’ from Kim et al.[139], a living room

scene from Xiao et al.[258], a forest scene from Padmanaban et al.[200],

’Wanderer’ and ’Tree Creature’ by Daniel Bystedt, ’PartyTug 6:00AM’

by Ian Hubert, ’Flower’ from Mildenhall et al.[190], ’Big Buck Bunny’

by (© 2008, Blender Foundation), and ’MIT-EECS-Logo’ by the authors.

’Couch’, ’Mansion’, and ’Flower’ are real-world captured, and the rest are

rendered. ’Wanderer’ and ’Tree Creature’ are LDIs and the subsequent

layers are visualized at the top corners. The yellow boxes mark the regions

with obvious depth misalignment or inconsistency, the soft leave edges in

the depth map of ’Flower’ are not marked. . . . . . . . . . . . . . . . . . . 135

4-20 Performance evaluation of TensorHolo v1, TensorHolo v2-RGB-D, and

TensorHolo v2-LDIs. a Comparison of 3D holograms for computer-rendered

scenes. The yellow inset marks the region of interest. b Comparison of 3D

holograms for real-world captured scenes. . . . . . . . . . . . . . . . . . . 136

4-21 Performance evaluation of DDPM. a, Comparison of simulated recon-

struction using DDPM, AA-DPM, and BL-DPM for midpoint hologram.

For AA-DPM and BL-DPM, two filter strengths are applied: the weaker

one results in similar sharpness to DDPM; the stronger one results in an

artifact-free image. b, Comparison of simulated reconstruction using DDPM,

DDPM (without the pre-filtering CNN), and AA-DPM for target holograms

with 6mm, 12mm, and 24mm offset to midpoint hologram. The filter

strengths used for the boat and the couch scene are (s = 1.0,w = 5) and

(s = 0.8,w = 3) respectively. They are the minimal strengths that result

in artifact-free images for the midpoint hologram. c, Comparison of pre-

encoding target hologram phase and its double-phase encoded phase-only

hologram predicted by CNNs trained with and without the regularization

loss. The hologram plane is offset by 6mm. . . . . . . . . . . . . . . . . . 137
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4-22 Schematic of the experimental holographic display prototype. The

cylindrical lens is used for the aberration-correction experiment (see Fig. 4-

24). The control box of the laser and Labjack DAQ are not visualized. . . . 139

4-23 Experimental demonstration of holographic 3D projections. Two computer-

rendered (Top/Bottom) and one real-world captured (Middle) scenes are

displayed and photographed for target holograms located at three different

distances (marked on the left) to the midpoint hologram. The yellow box

marks the foreground object of interest, and the blue box marks the back-

ground object of interest. Readers are encouraged to zoom in to examine

the image details. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

4-24 Performance evaluation of vision aberration correction. a Top: A holo-

gram calculated for normal vision. Middle: A hologram calculated using

the proposed variant of SM-LBM that corrects a synthetic astigmatic vi-

sion induced by a 200mm cylindrical lens. The calibration method is de-

tailed in Methods. Bottom: The CNN trained on the astigmatism-corrected

dataset jointly performs diffraction simulation and aberration correction.

The PSNR and SSIM of the predicted hologram are marked on the top

right corner. b Experimentally captured CNN-predicted holograms of a

natural scene and a test scene without (Left) and with (Right) astigmatism

correction. The yellow and the blue box marks the foreground and the

background object of interest, respectively. The in-focus object in the cor-

rected hologram exhibits horizontal blurs in the uncorrected hologram (i.e.,

treefrog’s tentacles, eye reflections, tree leaves, and test patterns). . . . . . . 142
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4-25 HiFiHC pipeline for hologram image and video compression. For image

compression, the encoder E encodes one latent code for the hologram’s

real and imaginary components. The latent code is quantized by Q, en-

tropy coded with side information generated through P, decoded by G, and

classified by D. For video compression, E takes an H.265 compressed

frame with its associated residual and encodes a latent code only for re-

constructing the residual. The reconstructed residual is added back to the

H.265 frame. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

4-26 Comparison of HiFiHC, HEIC, and BPG performance on hologram im-

ages. Readers are encouraged to zoom in and examine details. The sec-

ond and the third row in each label mark the peak signal to noise ratio

(PSNR) and structure similarity index (SSIM) for the hologram amplitude

(first number) and the refocused DoF image (second number). Source im-

ages: PartyTug 6:00AM (left) by Ian Hubert, and Mansion (right) from

Kim et al. [139]. More discussion to be added. . . . . . . . . . . . . . . . . 150

4-27 Comparison of HiFiHC and H.265 (at lower CRF) performance on holo-

gram videos. Readers are encouraged to zoom in and examine details. In

each inset, the top right and bottom left numbers mark the PSNR and SSIM

for the refocused DoF image. The second row in the frame label marks

the frame type and the bpp of the HiFiHC latent code. Source images:

Big Buck Bunny (top) by Blender Foundation, and Horns (bottom) from

Mildenhall et al. [190]. The H265 (lower CRF) results use CRF of 15 and

18 for Big Buck Bunny and Horns respectively, both of which yield a sim-

ilar amount of additional bpp compared to HiFiHC. . . . . . . . . . . . . . 151
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4-28 Additional comparison of HiFiHC, HEIC, and BPG performance on holo-

gram images. Readers are encouraged to zoom in and examine details. The

second and the third row in each label mark the peak signal to noise ratio

(PSNR) and structure similarity index (SSIM) for the hologram amplitude

(first number) and the refocused DoF image (second number). Source im-

ages: Couch (top left) from Kim et al. [139], Mr. Elephant by Glenn Me-

lenhorst, Robot (bottom left), and Home (bottom right) scene from Xiao et

al. [257] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

4-29 Additional comparison of HiFiHC and H.265 (at lower CRF) performance

on hologram videos. Readers are encouraged to zoom in and examine de-

tails. The top and bottom numbers in each inset mark the PSNR and SSIM

for the refocused DoF image. The second row in the frame label marks the

frame type and the bpp of the HiFiHC latent code. Source images: Orchids

(top) from [190], and Market_5 (bottom) from MPI Sintel dataset [34].

The H265 (lower CRF) results in the use CRF of 18 and 19 for Orchids and

Market_5, respectively, both of which yield a similar amount of additional

bpp compared to the HiFiHC. . . . . . . . . . . . . . . . . . . . . . . . . . 154

4-30 Additional comparison of HiFiHC and H.265 (at lower CRF) performance

on hologram videos. Readers are encouraged to zoom in and examine de-

tails. Each inset’s top and bottom numbers mark the PSNR and SSIM for

the refocused DoF image. The second row in the frame label marks the

frame type and the bpp of the HiFiHC latent code. Source images: Mar-

ket_6 (top) and Cave_4 (bottom) from MPI Sintel dataset [34]. The H265

(lower CRF) results use CRF of 20 and 20 for Market_6 and Cave_4, re-

spectively, both of which yield a similar amount of additional bpp com-

pared to the HiFiHC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
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4-31 Performance comparison of hologram image compression (left) and video

compression (right) under different offsets between the 3D volume and the

hologram. The PSNRs are calculated for the refocused insets in Fig. 2,

Fig. 4-28 (for image compression); Fig. 3, Fig. 4-29, Fig. 4-30 (for video

compression). For both hologram image and video, the PSNR decreases as

the offset increases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

4-32 Rate-distortion curves for image and video compression evaluated at the

hologram plane and a stack of object planes. For object planes, five lay-

ers are evenly sampled through the object space and the mean PSNR is

reported. The PSNRs are calculated for the scenes in Fig. 2, Fig. 4-28 (for

image compression); Fig. 3, Fig. 4-29, Fig. 4-30, and additional test scenes

from Xiao et al. [257] (for video compression). . . . . . . . . . . . . . . . 156

5-1 Holographic display prototype used in assessing HoloMultiColor holograms.164

5-2 ⇥1.63 brightness optimized with dynamic scaling (100 ms exposure, source

image: Midjourney). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

5-3 Increasing peak brightness levels with HoloMultiColor. Photographs show

that HoloMultiColor can enhance the peak brightness levels of the cap-

tures up to ⇥1.8 without noticeable artifacts or distortions. In contrast, the

conventional hologram fails to support beyond ⇥1.0 (Source: MidJourney,

Inc., 140 ms exposure). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

5-4 Photographs showing HoloMultiColor generating higher brightness beyond

⇥2.0 (source image: Midjourney, 50 ms exposure). . . . . . . . . . . . . . 166

5-5 Increasing peak brightness levels with our multi-color holograms. All pho-

tographs are captured at a 140 ms exposure. Our multi-color holograms

can enhance the peak brightness levels of the captures up to ⇥1.8 with-

out artifacts or distortions, whereas conventional holograms fail to support

beyond ⇥1.0 (140 ms exposure, source image: Midjourney). . . . . . . . . 167
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5-6 Comparing red, green, and blue histograms of a target image with conven-

tional and multi-color schemes for varying intensity levels (Same target as

Fig. 5-5, ⇥1�⇥1.8 intensity, 140 ms - 240 ms exposure). . . . . . . . . . 169

5-7 Using fewer subframes with HoloMultiColor. The first row shows pho-

tographs of HoloMultiColor results with a peak brightness increase for

a grayscale content (50 ms exposure). The second row demonstrates the

color reproduction quality increase for a full-color scene with the increas-

ing number of subframes (200 ms exposure, source image: Midjourney.) . . 170

5-8 Given a target image (right) with ⇥1.0 brightness and varying projection

distances (from left to right), simulations of our multi-color holograms sug-

gest an improvement in color reproduction capabilities when the projection

distance prolongs, and may mean using fewer subframes to achieve the

same image quality (source image: Midjourney). . . . . . . . . . . . . . . 172

5-9 3D scenes using our multi-color holograms. Each row shows a multi-

plane scene generated by our multi-color scheme with three focus planes.

The targeted brightness level is ⇥1.8 (140 ms exposure, source image:

DIV2K [4], Midjourney) . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

6-1 Comparison of the incoherent depth of field rendering. Lee et al. [153] ap-

ply binary masking and blending on an RGB-D input to process occlusion

and accumulate incoherent wavefronts. Their method fails to conserve total

energy (the forefront image is noticeably brighter than the eye/leaf focus),

produces an attenuated background at occlusion boundaries due to the loss

of background content information, and allows background light to pass

through. The proposed method eliminates these artifacts using ray tracing

and LDI representation. Source image: “Tree Creatures”, reproduced un-

der terms of the CC-BY-NC-SA license, Copyright 2018, by Daniel Bysted,

published with the author’s permission. . . . . . . . . . . . . . . . . . . . 180
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6-2 Visualization of fixed pupils and random pupils used in pupil optimization.

The fixed pupils are underlaid in faint orange in the visualization of random

pupils. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

6-3 Schematic rendering of the experimental setup. Only green laser is visual-

ized. The control boxes of the SLM and laser are omitted. . . . . . . . . . . 185

6-4 Comparison of 3D CGH algorithms on experimental results captured under

unfiltered mode. The camera focuses are marked by white rectangles (plane

4, 16, 28), and the numbers indicate the PSNR with respect to the target

image. Source image: “PartyTug 6:00AM”, reproduced under terms of

the CC-BY-SA license, Copyright 2020, by Ian Hubert, published with the

author’s permission. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

6-5 Additional experimental results captured in the unfiltered mode. The cap-

tured results are presented in 900 DPI resolution for close-up examination.

The “Tree Creature” shows recording planes 9, 17, 28, the “Racing Car”

shows recording planes 5, 15, 27. . . . . . . . . . . . . . . . . . . . . . . . 187

6-6 Additional experimental results captured in the unfiltered mode. The cap-

tured results are presented in 900 DPI resolution for close-up examination.

Source image (bottom): “Wanderer”, reproduced under terms of the CC-

BY-SA license, Copyright 2018, by Daniel Bystedt, published with the

author’s permission. The “Mr. Elephant” shows recording planes 4, 15, 29,

the “Wanderer” shows recording planes 4, 10, 15. . . . . . . . . . . . . . . 188
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Chapter 1

Introduction

In 1950, Alan Turing introduced the Turing test to evaluate a computer’s capacity to con-

vincingly mimic human behavior. Similarly, Meta introduced the term visual Turing test in

2022, alongside leading academic teams, to assess whether visuals presented in VR head-

sets can be distinguished from reality. Unfortunately, this test remains beyond the reach

of current VR technology. Despite VR’s ability to immerse users in virtual environments

with remarkable realism, it has yet to prompt observers to question the authenticity of what

they see, pondering whether it’s real or virtual. Achieving this goal require solving chal-

lenges spans over multiple disciplines: optics, graphics, sensors, compute, wireless com-

munication, and many to name. For that reason, National Academy of Engineering (NAE)

has identified "enhancing VR" as one of the fourteen grand challenges for engineering

in the 21st century. Augmented Reality (AR) represents a form of VR where users en-

counter synthetic virtual world imagery superimposed and integrated with their real-world

surroundings. It’s widely anticipated that VR, alongside AR, will emerge as the next mass-

market platform, potentially supplanting PCs, laptops, and mobile phones. Ultimately, we

envision them to become persistent interface that travels with users, providing spatial and

context-aware 3D information that is hardly distinguishable from the real world. To take

a step towards passing the visual Turing test and providing an ideal immersive experience,

this thesis focuses on two main areas: near-eye displays and inverse material modeling &

capture. Below, we identify some key challenges in these two areas.

Near-eye displays serves as the direct interface between users and virtual content within
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a headset, primarily determining the comfort, immseriveness, realism of the visual experi-

ence. Over the last few years, microdisplays for near-eye applications have been improving

at a rapid pace, with significantly improve resolution, color gamut, brightness, and refresh

rate. However, many crucial but under-investigated aspects, some of which we discuss

below, still lacks an ideal solution, setting roadblocks for the ultimate goal of passing the

visual Turing test.

Vergence-Accommodation Conflict (VAC) VAC is a phenomenon that occurs in current

stereoscopic AR/VR headsets. It arises due to the disparity between the depth cues provided

by the eyes’ vergence (i.e., the inward or outward rotation of the eyeballs to focus on

objects at different distances) and accommodation (i.e., the adjustment of the lens inside

the eye to focus on objects at different distances). In natural viewing situations, the eyes

adjust both their vergence and accommodation simultaneously to maintain clear and single

binocular vision. However, in stereoscopic AR/VR headsets, the images created by 2D

microdisplays have fixed focal distances, causing a discrepancy between the depth cues

provided by the vergence (which is based on the disparity between the left and right images)

and accommodation (which is based on the fixed focal distance of the display). As a result,

users may experience eyestrain because their eyes are attempting to converge or diverge to

focus at a different distance than the display is presenting. This conflict can further lead to

visual discomfort, fatigue, and even headaches, especially during prolonged use [107, 150,

228].

Form Factor Current AR/VR headsets are still bulky, heavy, and uncomfortable to wear

for extended periods. The weight and size of the headset can cause discomfort, neck strain,

and headaches, especially during prolonged use. A headset with an eyeglasses-like (or per-

haps even a contact lens-like) form factor appears the most appealing: it covers much of

the viewer’s field of view, is non-encumbering and already used by much of the population,

is socially acceptable, and can easily be taken on and off. However, existing consumer

products such as XREAL Light, Google Glass, North Focals, and Vuzix Blade offers very

limited field of view, resolution, incompelling image quality, and absence of support for
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accommodation cues and vision correction capability. In research community, attempts

have been made to create headsets of such form factors using holographic optics, direc-

tional backlight, and polarization-based optical folding, yet with wide field-of-view, such

design remains challenging to incorporate accommodation cues and vision correction ca-

pability [176]. Lanman et al. [151] constructed a light field near-eye display with accom-

modation support, but at a significantly lowered spatial resolution due to spatial angular

resolution trade-off inherited this technology.

Vision Aberration For users who rely on corrective lenses in their daily lives, such as

those who are near-sighted or far-sighted, using existing headsets still necessitates addi-

tional corrective lenses. This not only increases the weight, cost, form factor, and complex-

ity of the headset design but also hinders the sharing of devices among users with varying

vision conditions and often results in poor fit on the head. Furthermore, when creating

eyeglasses-like form factor headsets, where no additional corrective lenses can be easily

attached, correcting vision aberration would require complete customization of the display

optics, which is costly and impractical. Even with the use of corrective lenses, they may

introduce optical distortions or aberrations that affect the clarity and quality of the virtual

experience.

Dynamic holographic displays offer a promising solution to collectively these chal-

lenges by in theory providing a wide field of view, incorporating accommodation cues,

allowing for glass-free vision correction, and potentially achieving a form factor simi-

lar to ordinary eyeglasses, ensuring comfortable wear throughout the day. However, the

widespread adoption of holographic displays has been impeded by issues such as low image

quality and substantial computational costs, especially at higher resolutions, and large form

factor required by optical filtering. Consequently, there is an urgent need for the develop-

ment of computational methods and systems specifically tailored to solve these challenges

for holographic display to enable realistic 3D visualization in real-time and slim form fac-

tor. Additional design parameters such as energy efficiency, brightness, and ergonomics

should also be carefully considered and jointly optimized.

Reproducing real scenes in virtual environments stands as another key task in AR/VR
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and more broadly for the graphics industry. Achieving an immersive and convincing ex-

perience hinges on accurately recreating the scene’s appearance, which has a direct impact

on the perceived realism. This task is inherently challenging due to the intricate interplay

between light, material reflectance, and geometry in shaping the appearance of real-world

objects. While techniques such as multiview stereo algorithms or depth scanners can cap-

ture scene geometry, recovering a numerical representation of materials from photographs

or measurements of a surface is at the heart of inverse material modeling & capture algo-

rithms.

Traditionally, achieving accurate material appearance capture entails densely sampling

light and view directions within a controlled acquisition environment. This typically in-

volves sophisticated setups such as robot arms, spherical gantries, or light domes. Such

advanced configurations are necessary because various combinations of reflectances, ge-

ometries, or lighting conditions can result in the same observed image. However, these

setups are costly, time-intensive, and impractical for casual users. Inverse material mod-

eling and capture aim to overcome these challenges by enabling users to capture material

appearance from a single or a few images, without the need for specialized equipment or

expertise. This is often achieved by incorporating prior assumptions about the space of

plausible material solutions to guide reconstruction and facilitate reduced measurement.

Recently, deep learning has emerged as a powerful approach for automatically learning ef-

fective priors from data. Methods have been developed to estimate spatially-varying bidi-

rectional reflectance functions (SVBRDFs) from just a few or even a single picture of the

material. However, these methods produces digitized materials in raw pixels that are dif-

ficult to scale in resolution, ensure seamless tiling, and create meaning material variations

through editing.

Alternatively, procedural programming offers a parametric representation for users to

customize their materials. Modern material authoring tools (Blender, Substance 3D De-

signer, etc.) implement a graph-like interface where the output of this design process is a

procedural material which users can edit freely, synthesize to arbitrary spatial resolution,

and store compactly. However, even though procedural material modeling is powerful and

user-friendly, it remains time-consuming to hand-craft a high quality material even for ex-
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pert artists from a reference material photograph. While it is possible to consider such a

program as a custom form of neural networks with human-designed operators and param-

eters, there lacks a computational framework and software infrastructure to leverage it as

a prior and differentiably optimize it to guide the inverse material modeling and capture

process. Method that solely treat it as a prediction problem using deep neural networks fail

to produce and generalize to complex material photographs [114]. As a result, obtaining

a high-quality procedural material from a single image remains a challenging task prior to

the works discussed in this thesis.

Lastly, we consider an extrapolation of the visual Turing test to physical reproduction.

The particular example this thesis focuses on is the reproduction of paintings. The ability to

accurately reproduce paintings is crucial for culture preservation, education, and research.

However, traditional color reproduction of paintings carried out by 2D printers fails to

faithfully capture the wide gamut and spectral reflectance of the original paintings, leading

to unfaithful reproduction with diminished value for many of the applications mentioned

above. Recent development of multi-material 3D printers offers a potential solution to this

problem by enabling physical reproduction with significantly expanded number of color

primaries and flexibility to explore 3D deposition of materials. Nonetheless, creating a

spectral-aware color reproduction pipeline capable of accurately reproducing the spectral

reflectance of paintings remains an unresolved challenge prior to the work discussed in this

thesis.

1.1 Thesis Overview

In this thesis, we introduce our solutions for the aforementioned challenges. Chapter 2

overviews the prior works related to the several topics covered in this dissertation. Chap-

ter 3 describes a novel implementation of light field near-eye 3D displays based on the

holography principle [222]. The system comprises a specialized light field rendering algo-

rithm tailored for hologram calculation, meticulously designed to eliminate aliasing in both

oversampling, undersampling, and avoid geometry clipping. Through rigorous theoretical

analysis, we established the limitations regarding aliasing, sampling, spatial resolution,
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and design parameters critical for utilizing holograms to faithfully reproduce light fields at

resolution much beyond prior instantiations. A see-through full-color near-eye display pro-

totype is demonstrated with complex modulation capabilities, supporting continuous focus

cues and intra-pupil occlusion. Chapter 4 presents the first deep learning-based techniques

for 3D hologram generation, first-time achieving real-time computational speeds (i.e., 60Hz

for 1080p content) for future AR/VR applications with high image quality [224, 225].

Alongside, we demonstrate interactive computation on mobile devices, the ability to embed

vision correction into trained network, as well as neural compression algorithms specif-

ically designed for holographic data. Chapter 5 introduces the first optimization-based

framework for generating multi-color holograms capable of operating under simultaneous

illumination by multiple color primaries with co-optimized intensities [137]. Without re-

quiring alterations to display hardware, this method enables a more efficient utilization of

each color primary, enhancing perceived brightness by dedicating additional "on" time in

every subframe. Chapter 6 introduces the first ergonomic-centric hologram optimization

method aimed at systematically enhancing the realism, comfort, and immersion of holo-

graphic displays—areas that were only addressed individually in previous works [227].

Our experimental results showcase a simultaneous improvement in perceived experimen-

tal image quality and expansion in eyebox size without necessity a Fourier filter, paving

the way for reducing display form factor to eyeglass-like. Chapter 7 devises a by-example

inverse procedural material modeling system for capturing SVBRDF of a near-planar sur-

face from a single flash image without leveraging user expertise. The system comprises the

first differentiable procedural material modeling library, designed to translate Adobe Sub-

stance 3D materials into differentiable computational graphs; as well as, a gradient-based

optimization framework that optimizes the procedural graph parameters to minimize the

difference between the rendered and captured images [223, 159]. Chapter 8 introduces a

deep-learning-based data-driven workflow for accurate physical reproduction of painting

appearances, capturing their spectral reflectance with precision through the utilization of a

multi-material 3D printer [221]. Chapter 9 concludes the dissertation with a discussion on

the contribution and future work.
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Chapter 2

Related Works

2.1 Computational Near-Eye 3D Displays

Here we provide a brief overview of computational near-eye 3D displays that aimed to

support accommodation cues, slim form factor, and vision aberration correction. A more

comprehensive review of different optical designs can be found in [119, 146, 35, 41].

Holographic Displays Holographic displays create three-dimensional images by diffract-

ing coherent light waves to form interference patterns that match target intensities [22].

Computer-generated holography (CGH), the process of obtaining holograms, numerically

simulates the physical process of light diffraction and interference as if recording an optical

hologram. The typical simulation process involves computing the interference pattern of

object waves from a 3D scene modeled as self-illuminating point sources with a reference

wave [254, 175, 45], where the free space propagation can be modeled using Rayleigh-

Sommerfeld diffraction integrals (see Sec. 3.1.2 for more detailed discussion). It is a time-

consuming process for high resolution holograms that requires minutes of computation

time on a CPU and many seconds on a consumer-level GPU for a single frame [272, 175].

Nevertheless, the process allows integration of computational vision correction kernels into

the wavefront calculation, enabling the display to correct for the viewer’s vision aberrations

without necessitating corrective glasses [175].

Displaying a CGH necessitates spatial light modulators (SLM) to modulate the phase
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and/or amplitude of light waves, yet a single SLM can only modulate one of the proper-

ties, and typically a phase-only modulator is preferred due to its higher diffraction effi-

ciency. When a single SLM is used, phase-only constraints needs to be imposed on the

hologram. Several direct methods enforce phase-only constraints, such as double phase

encoding [111, 175] and iterative methods like Gerchberg-Saxton [84, 157] or the hybrid

input-output methods [75, 21]. More recently, gradient-based optimization methods [38,

274, 49, 48] and deep-learning-based methods [204, 39, 110, 109] for phase retrieval have

gained interest due to their promise of producing high-quality holograms. While direct

methods are faster, they generally offer lower image quality and/or reduced brightness

compared to iterative methods. To optimize computational complexity or to better handle

complex physical effects (spatially-varying appearance, shading, occlusion), researchers

have also explored other input scene representations such as polygon [156, 181, 182], light

field [170, 261, 200, 236], or layer primitives [270, 43] with associated physical simula-

tion algorithms for CGH generation. Meanwhile, leveraging holographic optical elements

(HOEs) or waveguides can simplify the optical design, and enable enable eyeglass-like

form factor holographic display with wide field of views [175, 130]. These designs typ-

ically require a tradeoff between field of view, eyebox size, and image quality, where we

show better computational algorithms could mitigate their tradeoffs.

Light Field Displays By taking a geometric optics approximation of wavefront, light

field displays create 3D images by reproducing intensity and direction of light rays emit-

ted from an underlying 3D scene. Lanman and Luebke [151] first applied integral imag-

ing [165] principle create VR near-eye light field displays using microlens array, with an

AR variant later developed by Hua and Javidi [120]. These prototypes depict near-correct

retinal blur and intra-pupil parallax, but exhibit low resolution due to explicit tradeoff be-

tween angular and spatial resolution. Maimone et al. [177] and Huang et al. [121] in-

troduced computational near-eye light field displays based on amplitude-only SLM stacks

with light field factorization, achieving image resolutions that far exceed microlens-based

approaches. However, the multi-SLM stack approach ultimately confronts practical reso-

lution limits due to diffraction and compression artifacts. In Chapter 3, we demonstrate
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light field reproduction based on holographic principle that overcomes these limitations by

leveraging the diffraction and interference. Huang et al. [123] also demonstrated that vision

correction can be encoded into a light field display by predistorting the image presented,

yet the capability was restricted to correct 2D images unlike the 3D correction that was

demonstrated for holographic displays.

Multifocal and Varifocal Displays Verifocal displays dynamically adjust the focal plane

of virtual images and computationally blurr the scene objects not at the current depth based

on calculated depth of field. Such systems require an eye tracker to determine the viewer’s

distance and a variable focusing element to adjust focal distance. Shiwa et al.[230] initially

demonstrated this concept using actuated lenses on an optical bench. Sugihara et al.[239]

developed the first varifocal HMD, where the display itself translated instead of a lens.

Subsequent advancements by Liu et al.[166] and Konrad et al.[144] showcased varifocal

displays utilizing electronically tunable lenses. More recently, Dunn et al.[66] and Pad-

manaban et al.[199] introduced varifocal displays integrated with eye tracking capabilities

to facilitate gaze-contingent depth of field rendering. However, it’s important to note that

verifocal displays still provide a single focal plane at any given moment, and computational

depth of field cannot fully replicate natural depth of field cues.

Multifocal displays use multiple display planes to generate approximate focus cues

without eye tracking. Neil et al [76] demonstrated the first multi-focal near-eye display,

with analysis by Rolland et al. [212] showing 2.0 diopter depth of field requires up to 27

planes. Such systems were typically constructed with ferroelectric liquid crystal (FLC)

SLMs [76, 169] and by time-multiplexing with high-speed switchable lenses [166]. Ake-

ley et al.[8] demonstrated this concept on a large format display, while Hu and Hua[112]

extended the idea to near-eye displays by using deformable mirrors to support high res-

olution imagery. Matsuda et al.[180] deformed a plane to a non-planar surface using a

phase-only spatial light modualtor to enable depiction of more accurate depth of field with

fewer multiplexed frames, yet suffers from the challenging of reproducing sharp depth dis-

continuities and color reproduction. Unlike light field or holographic displays, multifocal

displays are limited in capability to produce a large number of focal planes and they often
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use more complex optical assemblies that are difficult to miniaturize and extend to wide

field of views.

2.2 Material Acquisition and Modeling

Materials define the way the light is scattered and absorbed on and within geometries, and

is commonly represented by the Spatially-Varying Bidirectional Reflectance Distribution

Function (SVBRDF) which defines for each incident lighting angle and outgoing view

angle the amount of energy that is reflected for each considered wavelength at a spatial

location (see Sec.7.1.1 for detailed background discussion and mathematical treatment).

Despite advancements in material authoring tools, achieving realism remains challenging,

even for skilled artists. One common challenge is faithfully replicating real-world phys-

ical materials. Below, we briefly explore methods for acquiring and digitally modeling

materials.

Material Capture with Specialized Hardware Physically accurate SVBRDF capture

requires dense spatial and angular sampling to disambiguate material parameters. Achiev-

ing adequate sampling at large scales often necessitates a specialized captured environment

that includes multiple lights and cameras. Many prior works have devised custom cap-

ture setups, including the use of a robot arm [56], matrix light pattern (LCD, DLP pro-

jector) [6], spherical gantry [152, 267, 108], light dome [87, 86, 196], light cube [134],

spherical harmonic illumination [248, 85], LED array [252, 12, 91], or moving linear light

source [208, 81]. While these methods generally exhibit satisfactory reconstruction accu-

racy, the entailed hardware costs, human labor in environment setup, operation complexity,

and acquisition time can be prohibitive for amateur users and casual purposes.

Prior-based Mobile Material Capture The rapid advancement in cell phone imaging

has ushered in a new era of lightweight mobile appearance capture solely based on casu-

ally captured flash photographs. Aittala et al. [7] first demonstrated such a system using a

pair of flash/no-flash photographs, while a contemporary work by Riviere et al. [211] used
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a flash video captured over a hemisphere. However, the scarcity of captured views and

lighting variations in these methods demand domain-specific priors to constrain the results

within a plausible solution space. These priors may require the results to be a linear combi-

nation of certain basis materials [283, 255, 208, 124, 259, 195], exhibit self-similarity (con-

taining stationary spatial structures) [7], be illuminated under sparse incident lighting [64],

or exist within a low-dimensional manifold [65]. Unfortunately, these assumptions do not

always hold true for various material families, which often compromises the complexity

and fidelity of the reconstructed SVBRDFs.

Learning-based Mobile Material Capture The revolutionary knowledge distillation

and generalization capabilities of convolutional neural networks (CNNs) make them an

attractive alternative to hand-crafted priors. Li et al. [162] trained a CNN-based SVBRDF

predictor utilizing a small labeled dataset of measured SVBRDFs with self-augmentation.

Ye et al. [264] extended this method to enable training with unlabelled data. Later on, the

introduction of differentiable rendering layers and large-scale synthetic SVBRDF datasets

allowed for per-pixel albedo, normal, and roughness predictions [60, 61, 163], as well

as the joint recovery of 3D shape [164]. Alternatively, CNNs were trained to generate a

low-dimensional latent space as a neural prior, enabling the optimization of more plausi-

ble SVBRDFs [80, 101, 103]. Zhou et al. [282] employed adversarial training to enhance

the realism of the reconstructed SVBRDFs. Guo et al. [98] introduced highlight-aware

convolution to handle saturated specular highlights.

Inverse Procedural Material Capture Another category of lightweight material cap-

ture optimizes a procedural appearance model to match materials against user-specified

examples. Early attempts used hand-crafted templates and rules to extract structural and

local information from the source examples [154, 63, 155, 67]. The effectiveness of these

methods primarily depends on the quality of the templates, and their applications are often

restricted to certain material categories. For more stochastic and isotropic texture exam-

ples, procedural noises are employed to directly match their appearances by optimizing the

power spectrum in both the image and frequency domains [79, 149, 99]. Example-based
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noises such as local random phase noises [88], Texton noise [78], and histogram-preserving

blending operator [102] were proposed to accommodate more appearance variations. Hu

et al. [116] expands upon this concept by modeling procedural noises using hierarchical,

multi-frequency texture decomposition. However, the expressiveness and general usability

of the resulting materials are limited due to an insufficient set of noise patterns, filters, and

decomposition models [116].

The advances in node-based procedural material authoring tools (e.g., Adobe Substance

3D Designer, Blender) facilitated the creation of complex procedural materials. Simulta-

neously, these tools fostered an online community where artists can freely share and reuse

high-quality assets. Such a phenomenon has inspired a new line of methods that leverage

artist-designed production-grade graphs to match photographed material appearances. In

the inaugural work by Hu et al. [113], it predicts the exposed parameters (artist-defined

high-level meta-parameters) in a material graph using neural networks. In Chapter 7, we

present the first differentiable procedural material modeling library (DiffMat) for S3D and

demonstrate its capability to optimize both exposed and low-level node parameters for pro-

cedural material capture from a single flash photograph [223, 159]. This library has been

used in a variety of follow-up applications, including material capture from indoor 3D pho-

tos [265, 262] and unconditional/conditional material graph generation [97, 115].

2.3 3D Printing for Appearance Reproduction

3D printing, also known as additive manufacturing, has revolutionized numerous indus-

tries by enabling the creation of complex three-dimensional objects directly from digital

designs. While its applications span from prototyping to production, one particularly in-

triguing facet is its capability for appearance reproduction. In this context, 3D printing

serves as a powerful tool for replicating not just the geometric form of an object, but also

its surface texture, color, and finish. Whether recreating historical artifacts, architectural

models, or intricate works of art, the ability of 3D printing to faithfully reproduce appear-

ance opens up new avenues for preservation, replication, and customization. In Chapter 8,

we present a novel 3D printing system that fabricates the spectral color of painting facsim-
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iles faithfully to the original. In the following, we briefly review the state-of-the-art color

3D printing for appearance reproduction.

Color 3D Printing While the use of multiple, custom inks is prevalent in 2D printing,

3D printing has recently begun to accommodate color printing. Although the effort to

introduce multiple colors in 3D printing has been started with the fused deposition mod-

eling (FDM) technology [207, 104], the best quality for fine art reproduction is currently

achieved by resin-based inkjet 3D printers. Brunton et al. [32] introduced an error diffu-

sion algorithm for the surfaces of 3D printed geometry. In order to eliminate the halftoning

artifacts, Babaei et al. [14] proposed a contoning scheme in which different inks are lay-

ered to form the print; our printing workflow builds on this idea. Recently, Elek et al.

[69] proposed a color reproduction workflow that preserves the texture by simulating the

crosstalk between neighboring voxels using Monte Carlo path tracing. It is also possible

to incorporate translucency in color printing pipelines, owing to clear resins, and thereby

creating spatially-varying translucency and color using a 3D printer [31]. Yet another ap-

proach to decorating a surface is to transfer a previously printed texture to the 3D object,

using methods such as hydrographic printing [278, 201] and thermoforming [218, 277]. All

these methods, however, focus on colorimetric reproduction using CMYK inks. Compared

to them, our work in Chapter 8 aims at spectral reproduction and uses a significantly larger

number of inks to achieve a larger color gamut.
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Chapter 3

Light Field-based Holographic Displays

A light field (LF) is a vector field that describes the intensity and direction of light rays

flowing through every point in space. When the wavelength of light is very small com-

pared to the objects which light is passing, a LF can accurately represent the underlying

scene appearance, enabling the rendering of arbitrary viewpoint with control of focus and

depth of field. In computer graphics, LFs are critical tools for making static 3D prints and

dynamic 3D displays. To date, great success has been achieved in demonstrating decent

image qualities and portability of such displays for AR and VR applications as discussed

in Chapter 2, yet their spatio-angular resolution is fundamentally limited in current two

implementations. Specifically, microlens-based design that operates on integral imaging

principle necessitate a direct trade-off between spatial and angular resolution. Multilayer-

LCD-based design suffers a fundamental upperbound on the spatial and angular resolution

as LF’s ray-based modeling deviates from reality due to diffraction when the pixel pitch

becomes comparable to the wavelength of light. The limitation of both designs prevents

creation of an ideal light field display with high angular and spatial resolution.

Holography offers a solution to this challenge by elevating the ray model to the wave

model and directly utilizing diffraction to form 3D images. As straightforward as it may

sound, conversion from a light field to a hologram indeed requires careful deliberation to

achieve optimal image quality. In this chapter, we first review the background and connec-

tion of light field and holography. We then propose a method to efficiently convert light

field to holograms that avoids aliasing in both over-sampling, under-sampling and geom-
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etry clipping found in previous work. We analyze theoretical limits on sampling, spatial

resolution, and discuss the trade-off space for designing light field near-eye displays with

significantly higher resolution using CGH. Finally, we build a complex-modulation see-

through color display prototype supporting continuous focus cues and an expanded field of

view to verify our rendering and calculation results.

3.1 Preliminary

3.1.1 Light Field

A light field models the discrete ray space-angle distribution in geometric optics and can

be efficiently rendered using graphics pipelines. Mathematically, a 4D light field L can

be represented as a function of two spatial dimensions (x,y) and two angular dimensions

(q ,f), as well as wavelength l . It can be denoted as L(x,y,q ,f ,l ), where the function

specifies the radiance of light passing through a point (x,y) from direction (q ,f) and at

wavelength l , In practice, l is often interpreted in terms of RGB color channels. The light

field can be captured by a camera array, a microlens array, or a plenoptic camera, and can

be rendered to generate images with arbitrary viewpoint, focus, and depth of field.

3.1.2 Computer Generated Holography (CGH)

CGH simulates the physical processes of an optical hologram recording, and reconstruc-

tion, using numerical methods. The goal is turn an illumination wave Eref into a desired

object wave Eobj. Here, we review the method to compute a hologram for scenes modeled

as point light emitters, which is the most commonly used. Given a scene modeled as 3D

point cloud, the object wave at the hologram plane can be modeled as a superposition of

spherical waves from point emitters at the location of object points and propagating towards

the hologram plane where the SLM is located. Let o 2 R3 be (the location of) an object

point, So be the set of SLM pixels within the extent of o’s sub-hologram, p 2 R3 be (the
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location of) an SLM pixel within So, the wavefront contributed from o to p is given by

ho(p) =
ao
wo

ei
⇣

fo+
2p||p�o||2

l

⌘

(3.1)

where ao is the amplitude associated with o, wo =
q

a2
o/
P

j2Sslm
[j 2 So] is an amplitude

attenuation factor for energy conversation ([·] denotes Iverson bracket), and fo is the initial

phase associated with o. The existance of So arises from that fact that the spatial frequency

of the object wave casted on the SLM plane increases from the normal incident angle to the

oblique angles, due to increasing variation phase variation as a consequence of optical path

difference change. Due to the finite spaital frequency of the SLM, phase alteration beyond

the maximum spatial frequency of the SLM cannot be reproduced and is thus clipped.

The object wave is then calculated by summing sub-holograms contributed from all object

points within the scene:

Eobj(p) =
X

j2Sp

hj(p) (3.2)

Note that the resulting object wave is complex-valued.

A CGH changes the wavefront multiplicatively. For CGH illuminated by a plane wave

(collimated beam) with a unit constant amplitude, the CGH to display is exactly Eobj. For

more general illumination pattern, the CGH to display is given by EobjE⇤ref, where * de-

note complex conjugate. In such case, the maximum half-cone diffraction angle between

the incident angle qin of light and the outgoing angle qout is characterized by the grating

equation:
l

2Dp
= |sinqin� sinqout | , (3.3)

where Dp is the SLM pixel pitch size. A typical 8µm pitch SLM only maximally de-

flects 3.81� on a 532nm green light, whereas a traditional optically-recorded hologram

with nanometer-scale diffracting pattern can achieve a maximum angle greater than 100�.

The small diffraction angle of the SLM impacts the practical application to near eye dis-

plays under collimated plane wave illumination commonly used for holograms, as shown

in Fig. 3-1. To observe the full extent of a SLM of diameter ws, the minimal distance dmin
e

from the eye to the SLM, called eye relief, is determined by the marginal rays deflected
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Eye

Hologram
Target scene

Figure 3-1: Plane wave illuminated holographic display. Each display pixel diffracts wave-
front into a spatially-uniform light cone. Rays are back-traced for each point emitter within
the diffraction cone. The viewer can only observe the full extent of display behind the in-
tersection of two marginal cones diffracted from the edge of the display.

from the edges of the SLM, and is given by:

dmin
e =

ws

2tan
⇣

sin�1
⇣

l
2Dp

⌘⌘ . (3.4)

The maximum angle amax subtended by the visible SLM gives the maximum field of

view(FoV):

amax = 2tan�1
✓

ws

2dmin
e

◆
= 2sin�1

✓
l

2Dp

◆
. (3.5)

The red region allowing the eye to move freely and still be able to see the entire hologram

is called the eye box. With eye relief de > dmin
e , the eye box can be obtained as

we =
de�dmin

e
dmin

e
ws, (3.6)

The prescribed 8µm pitch SLM with 1080p resolution requires a minimum 265mm eye

relief and allows only 3.81� field of view. Further, Equation (3.5) shows that the FoV

does not scale with the SLM diameter. This suggests that CGH under plane wave is not

a good candidate for a near-eye display. In Sec. 3.2.2 we will show that using a spherical
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illumination beam overcomes these difficulties.

3.1.3 Connecting Light Field and CGH with Wigner Distribution Func-

tions

Considering a 2D light field L(x,q ,l ), the angle q corresponds to the normal direction of

the wavefront and under paraxial approximation, it can be related to the spatial-frequency

u = q/l of a Fourier transformed scalar wave function F(E(x)), also denoted as the an-

gular spectrum, where F denotes the Fourier transform operator. Similar to light field,

Wigner Distribution Function (WDF) [9, 20, 19] can jointly present both space and spatial-

frequency of the scalar function, and is obtained by Fourier transforming the mutual inten-

sity function of a scalar wave field E(x):

W (x,u) =
Z ⌧

E
✓

x+
fu

2

◆
E⇤
✓

x� fu

2

◆�
e�i2p fuud fu, (3.7)

where h·i is a time-averaging operator for incoherent illumination. Note that Wigner dis-

tribution is real but not necessarily positive due to destructive interference; however, pro-

jecting the Wigner distribution along either axis results in a non-negative function. In

particular, we obtain the intensity distribution by projecting along the spatial-frequency:

Z +•

�•
W (x,u)du = |E(x)|2. (3.8)

Finally, a real-valued WDF that matches the light field can be further obtained by convolv-

ing the WDF of E(x) with the inverted WDF of a finite aperture function [279].

The definition of Wigner distribution, unlike light field, reveals an important property of

hologram: the angular spectrum is inherently encoded into the spatial pattern of the scalar

function E(x), and no spatial resolution is scarified. Despite the similarity and relation,

reversing a light field to a scalar function E(x) is challenging: even though the inverse

Fourier transform of the Wigner distribution F�1(W (x/2,u)) gives the scalar function up

to a constant scalar E(x)E⇤(0) [52], obtaining the Wigner distribution by deconvolving

an arbitrary light field with the inverted WDF of a local aperture is impractical and does
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not always yield a valid Wigner distribution [128]. Even with valid WDFs, inverting high

resolution (i.e. 1080p) WDF requires storing and processing trillions of samples that are not

practically feasible. Ye et al. [263] approximate the nonnegative WDF via iterative global

optimization. However, they sacrifice the spatial and angular resolution by partitioning the

scalar field into independent segments.

3.2 Method

In the proposed CGH rendering pipeline, we start with polygon-based light field rendering

such that occlusion is handled through the graphics pipeline using z-buffer. The output is

a multiview holographic light field which contains color and position information intended

for CGH calculation, as shown in Fig. 3-2 (top). We describe an improved rendering setup

under plane wave illumination, which avoids aliasing and geometry clipping inherited in

the previously proposed rendering setup [273]. We then extend the proposed algorithm to

support spherical wave illumination, which enables near-eye CGHs. For both rendering

setups, the point based method with local partitioning is used for CGH calculation, which

allows for per-pixel depth reconstruction and parallel computation on GPU at interactive

speed in 1080p image quality for the first time.

3.2.1 Holographic Light Field Rendering under Plane Wave Illumina-

tion

Calculating a full parallax hologram demands a densely sampled 4D light field [121, 177],

where a local view (elemental image, see Fig. 3-2 (top red bounding box)), which records

depth-sorted visible scene points, is rendered for each SLM pixel from its spatial location

and based on the diffraction geometry. The same 4D light field can also be rendered through

a dense angular view sampling at the SLM resolution, an approach that is often more pre-

ferred due to fewer rendering passes. Nevertheless, even under the small diffraction angle

of existing SLMs, rendering a 1080p spatial resolution light field at an angular resolution

equivalent to human visual acuity is computationally impractical for real-time graphics.
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Figure 3-2: We render the holographic light field with both color (top-left) and position
(top-right) information. The per-SLM-pixel phase (bottom left) can be derived from the
position, and the amplitude is obtained from both inputs. Although the hogel-to-elemental
is a one-to-one mapping, but the mapping within block is a complete bipartite graph, re-
sulting in heavy computation.
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Assuming Lambertian surfaces, rendering a dense 4D light field generates highly sim-

ilar views for adjacent SLM pixels and results in large redundancies: a single recording of

each object point, regardless of the visibility to each SLM pixel, is sufficient to determine

the point’s wavefront over the entire SLM. Leveraging this observation, a hologram can be

spatially partitioned into abutting grids, called holographic elements (hogels), as shown in

Fig. 3-2 (bottom red bounding box), such that only a single representative view, an elemen-

tal image, is rendered and used in calculation for each hogel, assuming all captured points

are visible to all pixels in the hogel. The reduction in parallax introduces an error in occlu-

sion bounded by the hogel size wh (about 1mm in our prototype) within the eye box; this

approximation substantially reduces the number of rendering pass, and is widely adopted

in holographic stereogram calculations [261, 133]. Under plane wave illumination, the pre-

vious work renders a hogel’s view by setting a virtual camera directly on the SLM surface

and at the hogel’s center, as shown in Figure 5 (bottom). The view frustum, as shown by

the pink cone, has a field of view equaling the maximum diffraction angle defined by the

SLM pixel. However, this scheme cannot provide an accurate per-pixel wavefront accumu-

lation as it only renders the object points visible to the hogel’s center pixel and also extends

poorly to spherical wave illumination. Consider the hogel’s bottom SLM pixel, the ren-

dering of objects from the top red parallelogram is mistakenly incorporated, and that from

the bottom yellow parallelogram is incorrectly excluded. Meanwhile, to prevent geometry

clipping, the separation wh between adjacent view frustums sets an implicit depth limit

dmin =
wh

2tan
⇣

sin�1
⇣

l
2Dp

⌘⌘ , (3.9)

for which objects placed inside will be clipped and not presented in the final hologram;

artifacts of such are shown in Sec. 3.4.2. We propose a unified framework, holographic

light field rendering, in the following, to support accurate view estimation under various

illuminations.

To gather the part of 3D scene visible to the entire hogel, we shift the virtual camera

in the z direction, as shown in Figure 5 (top), to the intersection of the two marginal rays,

defined by the diffraction cone associated with the hogel’s top and bottom pixel. The lateral
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Side View
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Figure 3-3: Holographic light field rendering for plane wave illumination. The view frus-
tum setup (top) covers the entire space behind the SLM and avoids geometry clipping, as
opposed to convention frustum (bottom). The per-SLM-pixel perspective is obtained by
aligning the diffraction cone in the far-clipping plane with the sliding window w2. Pixels
rendered from the ambiguity region, as shown in the inset, needs a maximal diffraction
culling.
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offset to the SLM is given by dcz = dmin . The offset camera projects all the scene points,

visible to the pixels in the hogel, to the area w1 = 2sin�1(l/2Dp)(d1 + dcz) for further

processing. Again, for the hogel’s bottom pixel, we incorrectly incorporate the top portion

of the scene points when using the entire view w1.

To address this problem, a conservative sliding window considers only the valid frac-

tion in the rendered hogel view during the final wave calculation. This sliding window,

w3 =
⇣

1� dcz
d1+dcz

⌘
w1, on the front clipping plane is defined by projecting a cone of maxi-

mum diffraction angle from the SLM pixel under consideration (the bottom hogel pixel in

ig. 5 (top)) to the scene object. Since we approximate the projection geometry by replacing

the per-pixel rendering with the per-hogel rendering, the 3D projection to the offset virtual

camera also introduces ambiguity segments, as shown in the inset of Figure 5. For the

bottom hogel pixel, an example is shown in the blue segment, where both the valid yellow

triangle (should be considered) and the invalid red triangle (should be excluded) are pro-

jected to the same location. During the final wave calculation, we disambiguate this region

by testing whether or not the angle to the SLM pixel under consideration is smaller than

the maximum diffraction angle. To test the visibility, we include the ambiguity segment by

extending the sliding window to the following:

w2 =

✓
1�

dcz

d2 +dcz

◆
w1, (3.10)

Arranging a camera array under the proposed configuration allows for unrestricted disposi-

tion of scene objects. The lateral separation between camera and SLM ensures that adjacent

camera views overlap immediately in front of the SLM, and the tiled frustum array fully

covers the field of view of the entire hologram, allowing near clipping plane to be set at

arbitrary depth in front of SLM. The configuration works well for rendering under plane

wave diffraction geometry. For rendering under spherical wave illumination, the prior dis-

cussion still applies, but the camera geometry has to consider the limited eye box and the

expanded field of view as discussed in Sec. 3.2.2.
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Side View

Figure 3-4: Spherical wave driven holographic display. Each display pixel diffracts a light
cone toward the focus. The entire display is observable by placing pupil in the diamond-
shape viewing zone.

3.2.2 Spherical-Holographic Light Field Rendering

CGH using SLM with plane wave illumination gives narrow field of view and requires long

eye relief, as discussed in Sec. 3.2.1. Similar to Qu et al. [206] applying a diverging source

to expand the image field for projection, we use a converging beam to create a light field

near the pupil with a wider field of view and shorter eye relief, as shown in Fig. 3-4.

We denote the focus of converging wavefront F , and the distance from the focus to

SLM dF . Unlike in plane wave illumination, the eye box is confined in between the two

depths according to Eq. (3.3):

d{ f ar,near} =
ws

2tan
⇣

sin�1
⇣

sin
⇣

tan�1
⇣

ws
2dF

⌘⌘
± l

2Dp

⌘⌘ . (3.11)

When eye is located at focus (eye relief de = dF ), the resulted field of view adF and eye
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Figure 3-5: Holographic light field rendering for spherical wave illumination. The camera
view frustum is spatially non-uniform and steered off-axis to capture the hogel’s entire field
of view. Calculating per-SLM-pixel view is similar to that in plane wave setup. Points in
red triangle can be distinguished by examining the angle with respect to the central ray of
diffraction cone (dashed green line).

box we(dF ) follows

adF = 2tan�1
✓

ws

2de

◆
, we(dF ) = 2tan

✓
sin�1

✓
l

2Dp

◆◆
dF . (3.12)

Equation (3.12) shows the significance of using converged spherical wave illumination,

that (1) the eye relief is solely determined by the focal length of the converging wavefront,

(2) the field of view only depends on the spatial extent of the SLM ws and the eye relief de,

which is constrained by the demand for larger eye box, and (3) smaller pixel pitch results

in a larger eye box with fixed eye relief. These relations offer more flexibilities in designing

near-eye displays: using a shorter focal length wavefront allows for a wider field of view

but a smaller eye box [175]; in this paper, we require a minimal 10mm eye box coverage.
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Under spherical illumination, the viewing frustums undergo spatially-varying trans-

forms: the wavefront curvature introduces an off-axis rotation to the local incident ray

direction of the diffraction cone, as shown in Fig. 3-5 (top). The diverged viewing cones

collectively widen the field of view of hogel. In the conventional setup Fig. 3-5 (bottom),

the viewing frustums are completely disjoint to the diffraction cones and fail to provide a

properly generalized view.

Extending our proposed camera arrangement to spherical illumination sets the virtual

camera at the intersection of the marginal rays restricted by the eye box (Eq. (3.12)) and

skews the field of view. The separation between camera and SLM is given by

dcz =
dFwh

we(dF ) +wh
. (3.13)

The offset between camera and hogel center along x- and y-axis depends on each hogel’s

position to the eye box. Assuming 2M+1 by 2N +1 partitioning of the SLM along x and

y, the displacement from the (m,n)-th hogel center to its virtual camera is given by

dcx =
mwhdcz

dF
, dcy =

nwhdcz

dF
. (3.14)

In camera space, we can define the off-axis projection matrix as

P{m,n} =

2

6666664

2dcz
wh

0 2dcx
wh

0

0 2dcz
wh

2dcy
wh

0

0 0 �d2+d1
d2�d1

� 2d2d1
d2�d1

0 0 �1 0

3

7777775
. (3.15)

The sliding window w2 inside each elemental image to disambiguate the projected pixels is

w2 =

 
1�

dcz

�
d2 +dF �dcz

�

d2dF

!
w1, (3.16)
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and the fraction of error-free segment in the sliding view

w3

w2
= 1�

(d2�d1)dcz

d1(d2�dcz)
. (3.17)

is used to derive the hogel size required to obtain an acceptable sampling error, as will be

discussed in Sec. 3.3.3.

We emphasize two extreme choices for hogel size. If the hogel reduces to a single pixel,

the holographic light field rendering expands to full light field rendering [121]. On the other

hand, if the hogel extend to the entire SLM, holographic light field recedes to a single map

of points cloud rendered from the nearest distance where SLM is fully observable to the

viewer. For ultra-short focal length wavefront, this location is effectively at the focal point,

and Maimone et al. [175] also adopts similar setting.

3.2.3 Calculating Object Wave for Displaying on SLM

In holographic light field, the one-to-one mapping between SLM hogel and its visible el-

emental image, as shown in Fig. 3-2, facilitates parallel computation using point-based

method through Fresnel integral.

Let p 2R3 denotes a SLM pixel in the (m,n)-th hogel at a displacement (Dx,Dy) to the

hogel center. In its associated camera space under spherical illumination, p’s spatial coor-

dinate is given by (Dx+ dcx ,Dy+ dcy ,�dcz). Let p’s estimated view be a sliding window

of k⇥ k pixels and define o j be the j-th elemental pixel whose rendered point locates at

(xo j ,yo j ,zo j) with amplitude Ao j and initial phase fo j . The Euclidean distance between p

and o j is given by

r(p,o j) =
q

(xo j�Dx�dcy)
2 +(yo j�Dy�dcy)

2 +(zo j+dcz)
2. (3.18)

Since the CGH converts an illuminating reference wave Eref(x) to the object wave Eobj(x),

we need to interfere or pre-multiply the object wave with the conjugate reference wave—a

reference wave that reversely propagates to the SLM. Conjugate spherical wave also has to

be evaluated in a per-pixel basis that requires the distance from p to the focus of spherical
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Figure 3-6: Comparing performance under CPU and different GPU implementations, and
different illuminations. Under plane wave method, the elemental image size is 128⇥ 128
(2048⇥ 1152 overall points cloud), and 160⇥ 160 (2560⇥ 1440 overall) under spherical
wave method; both methods achieve 30 pixels per degree angular sampling on a 1920⇥
1080 resolution SLM.

wavefront F at the origin:

r(p,F ) =
q

d2
F +(mwh +Dx)2 +(nwh +Dy)2. (3.19)

As a result, the on-axis spherical illuminating wave establishes the fringe of the SLM at

location p:

E(p) =

 
k2

Â
j=1

Ao j

wo j

ei2p
r(p,o j)

l +fo j

!

| {z }
Object Wave Eobj(x)

✓
AF

wF
e�i2p r(p,F )

l

◆

| {z }
Conjugate Reference

Wave E⇤ref(x)

, (3.20)

where AF denotes the amplitude of conjugate spherical wave, wo j and wF are the normal-

izing factors for the object wave and the conjugate reference wave respectively. Note that

the CGH under plane wave illumination is simply the object wave Eobj(x) in the equation,

where r(p,o j) is reformulated according to plane wave rendering geometry. For paraxial

region, Eq. (3.20) can be simplified by Fresnel approximation to remove the square root

operation. In this work, we aim for an accurate quadruple sum.
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3.2.4 Software Implementation

We render the holographic light field on a PC with an Intel core i7 3.3GHz CPU and 16GB

of RAM, and a NVIDIA TitanX GPU. The multiview holographic light field is rendered

with Simultaneous Multi-projection to the geometry shader stage. The elemental image

resolution bounds the rendering cost. Unlike the full resolution light field [121], the view

size is bounded by the relatively small diffraction cone. For 4K SLM, the overall rendering

of resolution 5376⇥3024 (16⇥9 hogels) takes less than 20 ms.

We use CUDA-OpenGL Inter-Op to calculate the CGH, and the pseudo kernel code

at each SLM pixel is outlined in Algorithm 1, where Pws , Pwh , Pw1 , and Pw2 denote the

number of pixels in the SLM, the hogel, the elemental image, and the sliding window

respectively. The heavy computations in the loop (line 5-12) hides the latency of the re-

peated texture fetching (line 6 and line 9). The major performance bottleneck comes from

three parts: the exact distance from point to SLM pixel to obtain the phase (line 8), gen-

erating the complex number of the wave involving trigonometric operations (line 11), and

the conditional branching (line 10). We re-formulate the maximum diffraction comparison

to avoid division and minimize the branching code, and we have further parallelized the

compute-looping (line-5) using prefix-sum algorithm and using on-chip shared memory to

avoid the memory bank conflicts, and obtained additional 40% performance compared to

an un-optimized GPU CUDA code, 100⇥ to a GLSL shader implementation of the same

algorithm, and more than 13000⇥ to a C++ implementation on CPU [273]. Maimone et

al. [175] show similar performance to our GLSL code for offline computation of the point

based method. We profiled the code to be heavily compute-bounded (nearly 11 trillion

floating point operation).

Figure 3-6 evaluates the performance of the software implementations under different

illuminations. The runtime is obtained at 30 pixels per visual degree angular sampling rate,

similar to commercial VR/AR devices. Specifically, the CPU based plane wave method

by Zhang et al. [273] takes nearly an hour to compute a 3-color-channel 1080p hologram,

where an optimized CUDA implementation takes only 250ms, achieving more than 5 orders

of magnitude speed up. The performance is compute-bounded, thus a Pascal Titan X with
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Algorithm 1 Complex Field CGH Calculation with Spherical Wave Illumination
1: i pixel index in SLM
2: fE⇤ref(x)

 length
⇣n⇣

i� Pws
2

⌘
·Dp,DF

o⌘
/l ·2p

3: iHogel  mod(i,Pwh)
4: iElem bi/Pwhc ·Pw1 + iHogel/Pwh · (Pw1�Pw2)
5: for Pixel index in sliding window j = 0 to Pw2⇥Pw2 do
6: q LightFieldPositionTex[iElem + j]
7: Dq 

n⇣
i� Pwh

2

⌘
⇤Dp+dc{x,y} ,�dcz

o

8: f  Length(q�Dq)/l ·2p +fE⇤ref(x)
+fInit

9: A LightFieldColorTex[iElem + j] · (1/r)
10: if Angle < MaxDiffractionAngle then
11: E(i) E(i)+A · eif

11 TeraFLOPS nearly doubles the frame rate using a GeForce 980Ti with 5.63 TeraFLOPS.

3.3 Theoretical Analysis

In this section, we provide theoretical analysis on the sampling, resolution limits of light

field-based holographic display, and its design space trade-off.

3.3.1 Sampling Outside the Maximum Diffraction Cone

In Sec. 3.2.1, a sliding window w2 limits the wavefront sampling; we mathematically show

that sampling wavefront of any point outside the half maximum diffraction cone dictated

by highest spatial frequency umax = |1/2Dp| results in aliasing. Assuming paraxial region

where WDF description is accurate, we analyze a single spherical point emitter on a 1D

hologram. Consider the emitter at (x0,z0), its wavefront at z = 0 and WDF (Eq. (3.7)) are:

E(x) = eip (x�x0)
2

z0l , Wz=0(x,u) = d
✓

x� x0

z0l
�u
◆

. (3.21)

Sampling the wavefront at discrete interval Dp on the SLM generates infinite replicas

(Fig. 3-7 (left)) of doubly sampled WDF Wz=0(x,u) along u-axis at a displacement of
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(unobservable)
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space-bandwidth support

sheared SLM 
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Figure 3-7: WDF analysis of aliasing caused by sampling outside maximum diffraction
cone. (Left): The dashed lines denote replicas from discrete sampling. The display’s space-
bandwidth product in green rectangle is bounded by the spatial extent ws and maximum
spatial frequency ±1/2Dp. (Right): The visible field is the lateral extent of the sheared
space-bandwidth product. Each constructively interfered replica in red dash line projects
to a aliased point at displacement depicted the Nyquist sampling rate.

1/2Dp [237]:

Ŵz=0,Dp(x,u) =
1

2Dp

⇣
Â
k

Â
l

d (x� kDp)Wz=0(x,u� l/2Dp) (3.22)

+(�1)kd (x� (k+1/2)Dp)Wz=0(x,u� l/2Dp)
⌘
.

The space-bandwidth product of the SLM, shown as green rectangle in the Wigner distribu-

tion chart, bounds the reproducible wavefront. To observe the point emitter, we propagate

the wavefront back to z0; the WDF, similar to light field, is sheared along x-axis [93].

The intensity distribution at z0 is obtained by projecting along the u-axis (Eq. (3.8)) from

the visible WDF enclosed by the sheared space-bandwidth support, as shown in Fig. 3-7

(right). For odd k-th replicas, no spatial point is observed because alternating signs (dash

line interleaved with red and blue) destructively interfere; for even k-th replicas, aliased

points are generated within the field of view. Nyquist theorem depicts the displacement

between adjacent aliased emitters is jointly characterized by both the maximal spatial fre-

quency and the depth of the target emitter, and is given by Ds = z0l/Dp. To avoid aliasing,

the even k-th replicas should be outside the sheared space-bandwidth support. From the
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Simulated Response Photograph Response 

Figure 3-8: Photographed aliasing response (left) and simulated aliasing response (right)
due to sampling outside maximum diffraction cone as discussed in Sec. 3.3.1. Multiple
Fresnel zone plates are presented in the over-sampled diffraction pattern (red inset). At
non-paraxial region, the aliased points no longer preserve a circular shape.

analysis, if the point emitter is located within a minimal distance to the SLM

z0  zmin ⌘ (ws + |2x0|)Dp/l , (3.23)

we need to avoid sampling outside the maximum diffraction cone limit using a sliding

window w2; artifact due to oversampling is shown in the Fig. 3-8. Equation (3.23) also

characterizes the Depth of Field. In Sec. 3.3.2, we will discuss the limits of reconstructed

resolution inside and outside zmin.

3.3.2 Resolution Limits on the Depth of Field (DoF)

We show that, like light field displays, holographic displays also have limited spatial reso-

lution outside the depth of field, beyond which spatial resolution exhibits a depth-dependent

degradation. The effect is caused by the finite extent of the SLM under anti-aliased (Sec. 3.3.1)

discrete sampling of a continues wavefront. We distinguish two cases: spatially-limited

sampling when a point emitter is outside zmin (Eq. (3.23)) and frequency-limited if inside.

Spatially-limited Sampling When z0 � zmin, the SLM is smaller than the projected max-

imum diffraction cone, and all pixels sample the wavefront, the sampled wavefront is ex-

pressed as:

Ews(x,0) = eip (x�x0)
2

z0l u
✓

x
ws

◆
, (3.24)
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Figure 3-9: Spatial resolution limit. (First Row): spatially-limited sampling outside the
DoF. The red bounding box marks the width of the main lobe as resolution limit, and
the bounding box scales proportional to the distance from the point emitter to the display.
The observed resolution limits (Eq. (3.26)) is the same for display with the same spatial
extent but smaller pixel pitch (b,c); however, their DoF (Eq. (3.23)) are different. (Second
Row): frequency-limited sampling within the DoF. Spatial resolution in (e,f,h) remains
at Dp. However, when the display boundary crops the diffraction cone, reconstruction
degrades as shown in (g) due to under-sampling.
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where u(·) is a rectangular function modeling the spatial extent of the SLM. The corre-

sponding WDF can be derived as

W ws,z=0(x,u) = 2ws

✓
1� |2x|

ws

◆
Sinc

✓
ws

✓
1� |2x|

ws

◆✓
x� x0

z0l
�u
◆◆

= d
✓

x� x0

z0l
�u
◆
⌦u 2ws

✓
1� |2x|

ws

◆
Sinc

✓
2ws

✓
1� |2x|

ws

◆
u
◆

,

which is a convolution along u-axis between the WDF of the continuous wavefront and

the WDF of the rectangular function. The convolution dilates the frequency response from

a Dirac delta function to a spatially varying Sinc function, as shown in Fig. 3-10 (left).

Because Sinc degrades rapidly after its first zero-crossing, we characterize the frequency

dilation by the width of the main lobe:

Du =
1

ws

⇣
1� |2x|

ws

⌘ , x 2 (�ws/2,ws/2). (3.25)

At x = 0, the minimal frequency dilation Dumin = 1/ws is obtained and centers around

u = �x0
z0l . To observe the point emitter, we propagate the WDF back to z = z0 and the

frequency dilation shears to a spatial dilation. In Fig. 3-10 (middle), the yellow dash line

marks the sheared Wws,z=0(x = 0,u) and bounds the minimal spatial dilation

Dxmin = z0lDumin =
z0l
ws
⌘ z0l

(PwsDp)
. (3.26)

Calculating the exact intensity distribution at z = z0 requires integrating the shared spatially

varying Sinc along u-axis (Eq. (3.8)). However, we notice that for x 2 (x0� 1
2Dxmin,x0 +

1
2Dxmin), as shown in the region defined by two dash lines in Fig. 3-10 (right), the WDF is

always positive and every sheared main lobes from different spatial locations are at least

Dxmin wide. Thus, the spatial resolution of the point is upper-bounded by Dxmin; this width

agrees with the closed-form solution Sinc2
⇣
(x�x0)
Dxmin

⌘
obtained by Kizacki [145] and shows

a depth-dependent degradation.

To validate, we reconstruct a point emitter at distances 1m, 2m, 4m to a 1920⇥ 1080

SLM of 8um pixel pitch, as shown in Fig. 3-9 (a, b, and d), in simulation [184], and the
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propagation projection

Figure 3-10: WDF analysis of resolution limit outside the DoF. (Left): Frequency is min-
imally dilated to the main lobe of the Sinc function near the center, while the peripheral
dilation (orange Sinc) has wider spread and weaker peak amplitude. (Middle): The yellow
dash line marks the sheared minimally dilated frequency at the observed distance. (Right):
The dash lines bound the region where Sinc response is always positive, and the projected
circle bounds the resolution.

extent of reconstructed points scales proportionally to the distance. Doubling the SLM

resolution while halving the pitch results in the same degraded spatial dilation (Eq. (3.26))

but the DoF also reduces. A point reconstructed at 2m to a 3840⇥2160 SLM of 4um pixel

pitch SLM (c) has the same dilation as that from a 1920⇥ 1080 SLM of 8um pixel pitch

SLM (b). Increasing display size ws, e.g. by tiling, expand the DoF and avoid resolution

degradation.

Frequency-limited Sampling For object within the DoF of the the display z0 < zmin, the

SLM is wider than the maximum diffraction cone projection and the anti-aliased sampling

limits SLM active region inside the boundary of the projected maximum diffraction cone

and the SLM extent

xl = max
✓

x0�
z0l
2Dp

,�ws

2

◆
, xr = min

✓
x0 +

z0l
2Dp

,
ws

2

◆
, (3.27)

as shown in Fig. 3-11 (left). For simplicity, we denote xc = (xl + xr)/2 and w0s = (xr� xl).

The continuous wavefront can be subsequently modeled as

Ew0s(x,0) = eip (x�x0)
2

z0l u
✓

x� xc

w0s

◆
. (3.28)
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and the corresponding WDF can be derived as

Ww0s,z=0(x,u)

= 2w0s

✓
1� 2|x� xc|

w0s

◆
Sinc

✓
2w0s

✓
1� 2|x� xc|

w0s

◆✓
x� x0

z0l
�u
◆◆

= d
✓

x� x0

z0l
�u
◆
⌦u 2w0s

✓
1� 2|x� xc|

w0s

◆
Sinc

✓
2w0s

✓
1� 2|x� xc|

w0s

◆
u
◆

,

(3.29)

from which the frequency dilation is characterized as the width of main lobe

Du =
1

w0s
⇣

1� 2|x�xc|
w0s

⌘ , x 2 (xl,xr). (3.30)

We note that the minimal frequency dilation Dumin = 1/w0s is achieved at x = xc, which

depends on both (x0,z0) and ws(Fig. 3-11 left). The minimal spatial dilation is similarly

obtained through x-axis shearing

Dxmin = z0lDumin = z0l/w0s, (3.31)

and substituting the active sampling region w0s = z0
l

Dp in Eq. (3.31) gives

Dxmin = Dp. (3.32)

This reveals a key observation: the spatial resolution remains constant and equals to

the size of the pixel pitch when the distance is within the depth of field. Note that

this assumes the active region is solely limited by (x0,z0)(Eq. (3.27)), namely only by the

maximum diffraction cone. Additional cropping due to SLM extent reduces the spatial

resolution (Fig. 3-9 (g)).

To validate the analysis, we reconstruct a point emitter at distances 100mm, 75mm,

50mm to the SLM, all within the DoF of a 1920⇥ 1080 SLM of 8um pixel pitch, and

all points are of single pixel wide (Fig. 3-9 (e, f, and h)). When the point is laterally

offseted, the spatial extent of the SLM causes undersampling, and an under-resolved point
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propagation projection

Figure 3-11: WDF analysis of resolution limit under frequency-limited sampling inside the
DoF. (Left): Active sampling region is limited within the maximum diffraction cone projec-
tion. Frequency is minimally dilated to the main lobe of the Sinc function at x0. (Middle):
The yellow dash line marks the sheared minimally dilated frequency at the observed dis-
tance. Within the DoF, minimum spatial dilation remains at Dp. (Right): The dash lines
bound the region where Sinc response is always positive, and the projected WDF inside
this region only interferes constructively.

is reconstructed as a line in (g). To conclude, we show an overall resolution distribution as

a function of SLM width and pixel pitch in Fig. 3-12.

Resolution Limits under Spherical Illumination The above analysis assumes plane

wave illumination. Placing a lens of focal length dF behind the SLM magnifies the op-

tical setup and creates a converging spherical illumination. With the magnification, the

depth of field under spherical illumination is also magnified:

zmin =
dF

dF � zmin
zmin. (3.33)

We still distinguish two cases: when the depth of field under plane wave is outside the con-

verging focal length (zmin � dF), the CGH under spherical illumination has infinite depth

of field. On the other hand, the reconstructed point between the depth of field and the fo-

cal length (zmin  z0  dF) has a magnified point spread at the virtual image plane. We

conclude the reconstructed resolution as following:

Dx =

8
><

>:

dF
dF�z0

Dp, if z0 min(dF ,zmin)

dF
dF�z0

Dxmin, otherwise
(3.34)
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DoF

frequency-limited
spatially-limited

Figure 3-12: Illustration of spatial resolution as a function of SLM width and pixel pitch.
For (ws,Dp) SLM (yellow top), red and blue point inside DoF are reproduced at Dp reso-
lution. For (ws,Dp/2) SLM (dark blue top), resolution inside DoF is doubled(red point).
Sampling of blue point becomes spatially-limited as DoF span halves, however, spatial res-
olution is still higher than (ws,Dp) case since active sampling area is the entire SLM. For
both cases, the green point subtends to the entire SLM and are reproduced at same spatial
resolution. For (2ws,Dp) SLM (yellow top+bottom), the expanded DoF encapsulates larger
space with Dp resolution and produces higher resolution outside DoF, i.e. green point.
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Alternatively, spherical wave illuminated scene geometry can be viewed as miniaturized

setup under plane wave illumination. We consider a magnifying glass placed right after the

SLM with focal length dF and the pupil locates at the back focal plane. In specific, scene

reconstructed under spherical wave illumination can be considered as a miniature scene

lying in between SLM and front focal plane reconstructed under plane wave illumination.

Let Dxmin be the spatial resolution at z0 in front of SLM under plane wave illumination.

When z0  dF , a virtual image of spatial resolution dF
dF�z0

Dxmin is created at dF z0
dF�z0

, and

the angular resolution is obtained from the angle subtended by the spatial resolution of the

virtual image to the pupil:

Da =

✓
dF

dF � z0
Dxmin

◆
/

✓
dFz0

dF � z0
+dF

◆
= Dxmin/dF . (3.35)

When z0  zmin, we have Dxmin = Dp and the maximum angular resolution is obtained as

Damax = Dp/dF . If zmin > dF , all scene points will be reconstructed at highest angular

resolution Damax = Dp/dF , i.e., infinite depth of field.

3.3.3 Elemental Image Resolution & Hogel Partitioning

The elemental image resolution gives the angular sampling rate under spherical wave. We

derived the maximum angular resolution Damax = Dp/dF (Eq. (3.35)); human visual acuity

or the angular resolution determine the required upper bound on the angular sampling rate

b = max((1/60)�,Damax). For a hogel partition of width wh, the maximum hogel viewing

cone j is given by:

j = 2tan�1
✓

wh

2dcz

◆
= 2tan�1

✓we(dF ) +wh

2dF

◆
, (3.36)

and the maximum elemental image resolution is obtained as:

k = j/b . (3.37)

For a 10mm eye box, a 3840⇥ 2160 SLM of 4um pixel pitch achieves an angular sam-

pling 4⇥ the visual acuity, which is too expensive and impractical to render for interactive
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(a)

(c)

(b)

(d)

Figure 3-13: Comparisons of elemental image resolution w1 (blue inset). We simulate
focusing on the bunny on a 1080p 8µm CGH. The angular sampling rate is (a): 6, (b): 18,
(c): 30, and (d): 45 pixels per degree respectively. The reconstructions exhibit obvious
aliasing on the top row (red inset) but are smoothed out greatly above 30 pixels per degree
(c).
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applications. In Fig. 3-13, we find the threshold above 30 pixels per degree gives good

approximation without strong perceivable aliasing.

Hogel Partition Choosing a small hogel size and dense partitioning increases the number

of views need to be rendered, but reduces the ambiguity region (Eq. (3.17)) and produces

accurate perspectives for intra-ocular occlusion. To balance, we evaluate the hogel size wh

based on the ratio between the error-free segment w3 and the approximated view sliding

window w2. Choosing wh ⇡ 1mm in our prototypes reduces the ambiguity region to less

than 0.16% for a two-dimensional view and gives a 16⇥9 hogel partitioning. Larger pixel

pitch requires denser hogel partitioning.

3.3.4 Practical Design Trade-off

Using spherical illumination opens a design trade space not possible to plane wave illumi-

nated CGH: we decouple the requirement to increase the FoV with the same eye relief with-

out simultaneously increasing the display panel and decreasing the pixel pitch (Eq. (3.12)).

We show the design space in Fig. 3-14 for spherical wave illuminated holographic displays

according to Eq. (3.12), assuming a minimum eye box we = 10mm, wavelength l = 532nm,

and a f -number limited to one; the f -number characterizes the ratio of the converging focal

length of the lens to the SLM width
⇣

f # = dF
ws

⌘
. Small f -number or small eye box creates

even wider FoV as shown in [175]. We plot off-the-shelf SLMs in the figure; SLMs with

pitch  3um or 8K resolution exists [26].

For a given pixel pitch Dp and eye box we, we also derive the bound below which FoV

and eye relief are solely limited by maximum diffraction angle. The bound for the SLM

width is give by

ws =

0

@
tan
⇣

sin�1
⇣

sin
�
tan�1 ( f #/2)

�
+ l

2Dp

⌘⌘

tan
⇣

sin�1
⇣

l
2Dp

⌘⌘ �1

1

Awe. (3.38)

As shown in Fig. 3-14, the SLM width in white dash line separates the pitch-bounded case

from the the lens-bounded case (shaded region below dash line).
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Figure 3-14: Design trade space between the pixel pitch Dp and the SLM width ws assum-
ing eye box we = 10mm and f #= 1. (Left) Maximum FoV increases with smaller pitch and
wider SLM. The white dash line separates the above pitch bounded case from the lower lens
bounded case(shaded region). (Right): Minimum Eye relief(focal length) decreases with
pitch size (Eq. (3.12)) for a fixed eye box requirement, and the current off-the-shelf SLM
is quite far to the lens-bounded region.
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Figure 3-15: Illustration of (left): pitch-bounded and (right): lens-bounded display modes.
When the spherical illumination is constrained by the f # (right), the diffraction cones emit-
ted from the edges of the SLM shift away, and eye relief increases on a wider SLM.
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To understand the bounds, we distinguish the two different cases when the maximum

FoV and shortest eye relief are bounded by either the pitch pixel (maximum diffraction

angle, Fig. 3-15 (left)) or the lens ( f #, Fig. 3-15 (right)). Given a required eye box we, the

minimum eye relief dpitch
e enforced by the central cone is solely determined by the pixel

pitch:

dpitch
e =

we

2tan
⇣

sin�1
⇣

l
2Dp

⌘⌘ . (3.39)

On the other hand, the minimum lens-bounded eye relief dlens
e enforced by the periph-

eral cones is jointly determined by the SLM width ws, focal length dF and pixel pitch Dp

according to Eq. (3.3) and similar triangle relation:

dlens
e =

ws +we

2tan
⇣

sin�1
⇣

sin
⇣

tan�1
⇣

ws
2dF

⌘⌘
+ l

2Dp

⌘⌘ . (3.40)

Equation (3.40) makes two assumptions: the eye box we is bounded by the longitude

width of the rhombus bound of the two margin cones, and f -number is not limited to one.

It is easily shown that when dpitch
e = dF and the focal length dF is valid ( f # � 1), the eye

box we is always feasible and dlens
e  dpitch

e is always satisfied, and thus is pitch-bounded

(Fig. 3-15 (left)).

A wider SLM (Fig. 3-15 (right)) with the same pixel pitch has the same pitch-bounded

eye relief dpitch
e , but the lens-bounded eye relief extends to dlens

e due to the f #� 1 limitation.

Substituting the f # in Eq. (3.40) and equating Eqs. (3.39) and (3.40) gives the maximum

pitch-bounded SLM width ws (Eq. (3.38)).

A compound microscopic pupil-forming design or a holographic optical element (HOE)

based design allows for a higher angular magnification in trade for a smaller eye box. With

such technique, tiling three GAEA SLMs allows for a 66.7� FoV and 35mm eye relief with

a 5mm eye box. In summary, smaller pitch or larger SLM improves the visual experience

under spherical illumination.
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Figure 3-16: Optical setup relaying amplitude modulation to phase modulation using field
sequential colors. The eye box also filters higher order diffractions.

3.4 Experiment

3.4.1 Experimental Setup

Our benchtop optical setup is shown in Fig. 3-16 with three incoming narrow band RGB

laser at wavelength 642nm, 515nm, and 442nm respectively. We modulate the RGB beams

in field-sequential color, and relay the amplitude SLM to the phase SLM via a 4F system.

The amplitude SLM has 1920⇥ 1080 transmissive 8.5µm pixel made by bbs bild und

lichtsysteme (part# LCD L3C07U-85G13). The phase SLM is 4094⇥ 2464 resolution

3.74µm pitch Liquid Crystal on Silicon (LCoS) by HoloEye (part# GAEA). The hologram

is computed at 4K resolution, but the amplitude is down-sample to 1080p using nearest

neighbor filtering for display. We capture the photograph with a Canon EOS 5D MIII

DSLR camera with a 100mm f/2.8 lens.

A Thorlab 75mm achromatic lens is placed at 50mm after the phase SLM and before

the eye box. The lens effectively converts the plane wave illumination to a converging illu-

mination focused at the back focal point centered at the eye box. Our rendering and calcu-

lation are adjusted with respect to the magnified virtual SLM and the converging spherical

illumination.
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(a) Reference 2D Image (b) Front Focus (c) Rear Focus

Figure 3-17: Optically captured hologram results at different focal distances. The color
artifacts is caused by the laser filtering, alignment, and inprecise beam stop, but does not
affect the correctness. We show the reference 2D image in (a). When the object is displayed
on a hologram, we can support accommodation (b and c).
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Figure 3-18: The proposed method (top row, photographed) provides an accurate rendering
setup (Sec. 3.2.1) such that no geometry is clipped near the SLM nor aliased reconstruction
shown in prior work (c and d). The captured results from a 1080p SLM closely resemble
the simulations (red insets).

3.4.2 Experimental Evaluation

We verify our rendering and CGH calculation using the abovementioned optical setup;

photographed results are shown in Fig. 3-17. Color artifacts are due to laser filtering, align-

ment, and imprecise beam stop, and do not affect the correctness. Our method reconstructs

per-pixel depth that allows for continuous focusing, as shown in the inset for the second

row example. High frequencies in geometry and texture are well preserved as shown in the

third and fourth row examples.

The proposed method avoids geometry clipping (Fig. 3-3, bottom) and aliasing due to

over- and under-sampling outside the central viewing frustum of the hogel in prior work.

We visualize the comparison in Fig. 3-18. Strong distortion occurs to the front of the spring

due to geometry clipping (c). While the rear geometry reconstructs well, over- and under-

sampling still introduce additional aliased points (d), as analyze in Sec. 3.3.1.

With diffuse object (i.i.d random phases), the resulted hologram amplitude becomes
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Figure 3-19: Comparisons of (a): the ideal amplitude and phase hologram with (b): phase-
only hologram, (c): lower phase bit rate, and (d): lower amplitude resolution. We compare
the simulated results (insets) using a 1080p SLM.

relatively uniform and most information is transferred to the phase [92]. Since most prior

work only use phase, we also reconstruct with a phase-only hologram, as shown in Fig. 3-

19 (b), and it closely resembles the reference result (a) with minor artifacts marked in blue,

orange and yellow. Adding a low-resolution amplitude mitigate these artifacts significantly

(d). The bit-level of phase precision can also be reduced [280] for other purposes, e.g.

faster refresh or more pixels, without noticeably sacrificing the image quality. The image

reconstructs well with a slight contrast loss even with 2-bit quantization (c).

3.5 Discussion

Plane wave-illuminated CGH encounters limitations when applied to near-eye displays;

we advocate using spherical wave to break many constraints. We show an accurate ren-
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dering algorithm by offsetting the camera and using a sliding window to provide a pixel-

accurate rendering perspective, and we extend the algorithm to spherical wave illuminated

rendering. Computing the Fresnel integral on GPU provides over five orders of magnitude

performance compared to previous work, making interactive CGH possible. We derive the-

oretical resolution limits and trade-off analysis for designing a light field-based holographic

near-eye display in-depth. In this work, we show the first practical near-eye CGH for high

resolution at interactive rates, modeling intra-pupil occlusion and providing continuous fo-

cus cue with per-pixel depth. Below we discuss limitations and future work.

Dense Angular Sampling Holograms are capable of showing highly view-dependent ef-

fects like occlusion, specular, or mirror surfaces; these are critical in VR or AR to perceive

distances and depths [268, 245]. Our rendering considers sparse views at hogel width in-

tervals, and is imprecise for highly specular material. Spectral analysis on material could

help determine the increased sampling needed and possibly support non-uniform sampling

density and hogel partitioning.

Simultaneous Amplitude-Phase Modeling In this work, we use both amplitude and

phase SLMs. Alternatively, the double phase or super pixel methods enable simultaneous

of amplitude and phase modulation by sacrificing spatial resolution. In Chapter 4, we

discuss the application of double phase method for high-quality hologram generation using

a single phase SLM.

Correcting Individual Aberrations Wearing a corrective lens inside the near-eye dis-

play is cumbersome. Light field displays can incorporate personalized inverse aberrations

[151, 123]. In Chapter 4, we discuss how to incorporate vision aberration correction into a

holographic display system.

Wavelength Mixing Most CGH use field sequential colors, but multiplexing multiple

wavelengths has been shown [90, 158]. Content-adaptive optimization for the entire holo-

gram can increase the frame rate two to three times. In Chapter 5, we devise such a
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framework for generating multi-wavelength holograms for high dynamic range and high

framerate holographic projection.
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Chapter 4

Deep Learning Holography

Creating photorealistic CGHs power-efficiently and in real time remains an unsolved chal-

lenge in computational graphics. The primary challenge is the tremendous computational

cost required to perform Fresnel diffraction simulation for every object point in a continu-

ous 3D space. Although the introduction of General-Purpose Graphical Processing Units

(GPGPUs) and Field Programmable Gate Arrays (FPGAs) has reduced computation time to

several seconds with parallel computing (as was discussed in the previous chapter), achiev-

ing real-time applications would still require more than an order of magnitude increase in

processing speed.

In this chapter, we discuss how deep learning, a technology that shares surprisingly

similar highs and lows, hopes and disappointments with holography, may help bridge this

performance gap when creating CGHs for virtual and augmented reality applications. In

particular, we make a key observation that if CGHs can be computed in real-time, at any

particular moment in time, the active CGH only needs to reflect the current point of view

accurately. As a result, scene representations that are significantly more data and rendering

efficient than conventional light fields as input for CGH computation. Based on that, we

investigate methods to enhance physically-based CGH simulation techniques and devise

large-scale datasets to expedite the training of neural network surrogate models, vastly ac-

celerating computation speeds. Additionally, we introduce strategies for efficiently convert-

ing complex holograms to phase-only holograms and correcting users’ vision aberrations,

empowering neural networks to perform these tasks effectively. Moreover, in Sec. 4.3, we
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present a novel neural compression algorithm tailored for hologram images and videos,

enabling efficient encoding and streaming capabilities.

4.1 Tensor Holography: Real-Time 3D Holography with

Deep Neural Networks

4.1.1 Motivation

Holograms are renowned for their high information capacity, making them highly versatile

for encoding data that ranges from simple 2D images to complex 3D images with full

parallax (i.e., both vertical and horizontal). In practice, the amount of data required to load

into a hologram depends on its intended use. For instance, when a non-refreshable (static)

hologram is used as a 3D visual artwork installation, it needs to support viewing from

various angles by multiple individuals, with each person perceiving the correct perspective.

Computing a CGH that fulfills this purpose would require explicitly modeling and ensuring

all possible perspectives match, which would incur extremely high rendering costs.

For near-eye display applications, the required information is considerably relaxed as

each user has a dedicated display for their virtual graphics, and multiview support can be

dropped. The headset enclosure/frame and the dimension of the microdisplay also limit the

users’ views, restricting them to see only a portion of the entire virtual environment. Thus,

existing stereoscopic near-eye displays use inertial measurement units (IMU) to track user

motion and only render virtual content within the users’ field of view in real-time.

To integrate CGH support, this pipeline would only require an additional step of con-

verting the instantaneous 3D view a user sees (e.g., represented by a single RGB+depth im-

age) into a CGH that encodes the same 3D view. If reducing the required information leads

to a significantly faster CGH calculation, the augmented rendering pipeline may still main-

tain real-time performance, holding the promise to be integrated into the next-generation

headsets. However, in practice, even with parallelization of CGH calculation on the state-

of-the-art GPU (as discussed in the previous chapter), the most efficient physically-based

algorithms is still more than an order away from achieving real-time results.
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The challenging task of efficient Fresnel diffraction simulation has been tackled by

explicitly trading physical accuracy for computational speed. Hand-crafted numerical ap-

proximations based on look-up tables of precomputed elemental fringes[173, 172, 171],

multi-layer depth discretization[44, 281, 178], holographic stereograms[261, 18, 272, 200],

wavefront recording plane (alternatively intermediate ray sampling planes)[229, 250] were

introduced at a cost of compromised image quality. As a result, finding ways to signifi-

cantly accelerate the calculation process without compromising the precision of CGH has

become one of the most sought-after challenges.

To tackle this challenge from an entirely new perspective, we make another crucial

observation that the 3D CGH calculation is essentially a spatially-varying large kernel con-

volution operation. This can be effectively approximated at a significantly reduced cost by

applying a series of small convolution kernels. This observation naturally leads to the appli-

cation of convolutional neural networks (CNN), which operate on a very similar principle.

To accurately reflect the reality, CGH calculation also needs to account for occlusions of

wavefronts by foreground objects. Physically-based methods implement this task by de-

tecting scene occlusions through ray tracing and checking for intersections during forward

propagation (see Sec. 4.1.2) or by dividing the scene into depth layers and performing

layer-by-layer spatial masking based on active pixel locations (see Sec. 4.2.2). However,

both approaches add substantial computation overhead. Fortunately, the non-linear activa-

tion layers included in CNNs can handle this task efficiently without incurring additional

computation burden.

The above analysis sketches the preliminary evidence that CNNs can replace physi-

cal simulations as surrogate models and provide savings on computation cost. However,

fulfilling this promise requires careful design of companion physically-based algorithms,

datasets, CNN architectures, and training procedures. In the following sections, we intro-

duce our deep-learning-based solution for CGH rendering for near-eye displays, dubbed

Tensor Holography. The project code can be found at:

https://github.com/liangs111/tensor_holography
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Figure 4-1: Tensor holography workflow for learning Fresnel holograms from RGB-D
images. a, A custom ray-tracer renders an RGB-D image of a random scene. The meshes
are distributed exponentially along the depth axis and the resulted pixel depth distribution is
statistically uniform. b, An occlusion-aware point-based method reconstructs a triangular
surface mesh from the point cloud defined by the RGB-D image. During Fresnel diffrac-
tion simulation, wavefronts carried by the occluded rays are excluded from the hologram
calculation. c, A fully convolutional residual network synthesizes a Fresnel hologram from
the same RGB-D image. The network is optimized against the target hologram using a data
fidelity loss and a focal stack loss.

4.1.2 Occlusion-Aware Point-Based Method (OA-PBM)

The performance of data-driven methods heavily relies on the quality of training data. Con-

sequently, we first devise an accurate physical simulation method to generate photorealistic

holograms. To calculate 3D (Fresnel) holograms, the vanilla point-based method (PBM)

treats each 3D point as an independent, self-emitting spherical source without considering

their occlusion relationships. In the prior chapter, this problem is largely resolved from the

scene representation step through light field rendering to capture the correct visibility of

the scene from different perspectives. In contrast, if PBM was directly applied to a point

cloud specified by a single RGB-D image, artifacts due to penetrating background points

would be visible in the reconstructed hologram. This is because the wavefront emitted by

distant point sources may be partially obstructed by nearer ones (see Fig. 4-2d top row),

but naive PBM does not account for this occlusion.
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We introduce occlusion-aware point-based method (OA-PBM) to handle occlusion at

the calculation step by augmenting the vanilla PBM with occlusion detection. Instead of

processing each 3D point independently, OA-PBM reconstructs a triangle surface mesh

from the RGB-D image and performs ray casting from each vertex (point) to the hologram

plane (see Fig. 4-1b). Wavefronts carried by the rays intersecting the surface mesh are

excluded from hologram computation to account for foreground occlusion. Consider the

same notation and definitions used in Eq. (3.1), OA-PBM models occlusion by multiplying

ho(p) with a binary visibility mask vo(p). The value of vo(p) is set to 0 if ray�!op intersects

the piece-wise linear surface (triangular surface mesh) built from the RGB-D image. In

practice, this ray-triangle intersection test can be accelerated with space tracing by only

testing the set of triangles Q�!op that may lie on the path of �!op. Let p�!
ol

be the SLM pixel

intersecting
�!
ol (pixel at o’s sub-hologram center), the set Q�!op only consists of triangles

whose vertices’ xy coordinate indices are on the path of line segment �!pp�!
ol

, and

vo(p) = ¬
"
_

q2Q�!op

�!op intersects q

#
(4.1)

Finally, the object wave at the hologram plane Htarget is obtained by summing sub-holograms

contributed from all object points

Eobj(p) =
X

j2Sp

vj(p)hj(p) (4.2)

where Sp is the set of object points whose sub-holograms are defined at p, and the final tar-

get hologram is given by Htarget = EobjE⇤ref. Figure 4-2b visualizes the masked Fresnel zone

plate computed for different depth landscapes. Comparing to PBM, OA-PBM significantly

reduces background leakage (see Fig. 4-2d). It is important to note that OA-PBM is still

a first-order approximation of the Fresnel diffraction, and the hologram quality could be

further improved by modeling wavefronts from secondary point sources stimulated at the

occlusion boundaries based on the Huygens-Fresnel principle. While theoretically possi-

ble, in practice the number of triggered rays grows exponentially with respect to the number

of occlusions, and both the computation and memory cost becomes intractable for complex
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scenes. In Sec. 4.2.2, we address this challenge with silhouette-mask layer-based method.
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Figure 4-2: Visualization of masked Fresnel zone plates computed by OA-PBM and
performance comparison of foreground occlusion. a, A depth image cropped from a
frame of Big Buck Bunny. Three regions with different depth landscapes are highlighted
in different colors. b, Masked Fresnel zone plates computed for the center pixel of each
highlighted region. Three pixels are propagated for the same distance for ease of compari-
son. The flat depth landscape around the green pixel results in a non-occluded Fresnel zone
plate. The masked Fresnel zone plates of red and blue pixels contain sharp cutoffs at their
long-distance separated occlusion boundaries, and freeform shapes at occlusion boundaries
with moderate distance separation and varying depth distribution. c, Comparison of fore-
ground reconstruction by PBM, OA-PBM, and Fresnel diffraction. The scene is a cropped
modulation transfer function bar target with a step depth profile. PBM leaks a considerable
portion of the background into the foreground due to a lack of occlusion handling. The ar-
tifacts are clearly visible in the original unmagnified view. OA-PBM removes a significant
portion of the artifacts and the remaining artifacts are visually insignificant in the unmag-
nified view.d, Comparison of focal stacks reconstructed by PBM and OA-PBM for the Big
Buck Bunny scene. The orange bounding boxes mark the background leakage in the PBM
reconstructions.
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4.1.3 MIT-CGH-4K: the First Large-Scale Hologram Dataset

To facilitate training CNNs as neural wave propagation surrogates, we introduce the first

large-scale 3D (Fresnel) hologram dataset, MIT-CGH-4K, consisting of 4000 pairs of RGB-

D images and corresponding 3D holograms. Our dataset is created with two important

features to enable CNNs to learn photorealistic 3D holograms. First, the 3D scenes used

for rendering the RGB-D images are constructed with high complexities and large vari-

ations in color, geometry, shading, texture, and occlusion to help the CNN generalize to

both computer-rendered and real-world captured RGB-D test inputs. This is achieved by a

custom random scene generator (see Fig. 4-1a), which assembles a scene by randomly sam-

pling 200-250 triangle meshes with repetition from a pool of over 50 meshes and assigning

each mesh a random texture from a pool of over 60000 textures from publicly available

texture synthesis datasets[51, 55] with augmentation. Second, the pixel depth distribution

of the resulted RGB-D images is statistically uniform across the entire view frustum. This

is crucial for preventing the learned CNN from biasing towards any frequently occurring

depths and producing poor results at those sparsely populated ones when a non-uniform

pixel depth distribution occurs. To ensure this property, we derived a closed-form proba-

bility density function (PDF) (Eq. (4.7)) for arranging triangle meshes along the depth axis

(z-axis). We provide the derivation below.

Starting from an elementary case where only a single pixel is to be rendered, let a series

of mutually independent and identically distributed random variables z1,z2, · · · ,zC0 denote

the depths of all C0 meshes in the camera’s line of sight. The measured depth of this pixel

zd is dictated by the closest mesh to the camera, namely zd = min{z1,z2, · · · ,zC0}. For any

z 2 [znear,zfar],

zd � z , min{z1,z2, · · · ,zC0} � z ,
C0^

i=1
zi � z (4.3)

From a probabilistic perspective,

Pr(zd � z) = Pr

 
C0^

i=1
zi � z

!
=

C0Y

i=1

Pr(zi � z) =
�

Pr(zi � z)
�C0 (4.4)

When zd obeys a uniform distribution over [znear,zfar], Pr(zd � z) = (zfar� z)/(zfar� znear).
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Meanwhile, Pr(zi � z) =
R zfar

z f (t)dt. Thus, Eq. (4.4) can be rewritten into the following

form for every z 2 [znear,zfar),

Z zfar

z
f (t)dt = [Pr(zd � z)]

1
C0 =

✓
zfar� z

zfar� znear

◆ 1
C0

(4.5)

Differentiating both the leftmost and the rightmost side with respect to z,

f (z) =
1

C0(zfar� znear)

✓
zfar� z

zfar� znear

◆ 1
C0 �1

(4.6)

gives a closed-form solution to the PDF associated to z1,z2, · · · ,zC0 .

Although it is required by definition that C0 2 Z+, Eq. (4.6) extrapolates to any positive

real number no less than 1 for C0. In practice, calculating an average C0 for the entire

frame is non-trivial since meshes of varying shapes and sizes are placed at random x-y

positions and scaled stochastically. Nevertheless, C0 is typically much smaller than the total

number of meshes C, and well modeled by using a scaling factor a such that C0 = C/a .

Eq. (4.7) is thus obtained by applying this equation to (4.6). Based on experimentation, we

find setting a = 50 results in a sufficiently statistically uniform pixel depth distribution for

200C 250. Fig. 4-3 shows a comparison of the resulted RGB-D images and histograms

of pixel depth between our dataset and the DeepFocus dataset. The depth distribution of the

DeepFocus dataset is unevenly biased to the front and rear end of the view frustum. This is

due to both unoptimized object depth distribution and sparse scene coverage that leads to

overly exposed backgrounds.

fa(z) =
a

C(zfar� znear)

✓
zfar� z

zfar� znear

◆a
C�1

(znear  z < zfar), (4.7)

where znear and zfar are the distances from the camera to the near and far plane of the view

frustum, C is the number of meshes in the scene, and a is a scaling factor calibrated via

experimentation. This PDF distributes meshes exponentially along the z-axis (see Fig. 4-1a

top plot) such that the pixel depth distribution in the resulted RGB-D images is statistically

uniform (see Fig. 4-1a bottom plot). Here, we set znear and zfar to 0.15 m and 10 m to
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Figure 4-3: Samples of MIT-CGH-4K and comparison with the DeepFocus dataset. a,
The RGB-D image, amplitude, and phase of two samples from MIT-CGH-4K. The RGB
image records the amplitude of the scene (directly visualized in sRGB space) and consists
of large variations in color, texture, shading, and occlusion. The pixel depth has a statisti-
cally uniform distribution throughout the view frustum. The phase presents high-frequency
features at both occlusion boundaries and texture edges to accommodate rapid depth and
color changes. b, A sample RGB-D image from the DeepFocus dataset[258]. c, Histograms
of pixel depth distribution computed for MIT-CGH-4K and the DeepFocus dataset.

accommodate a wide range of focal distances (approximately a 6.6 diopter range for the

depth of field).

The random scene generator is implemented using NVIDIA OptiX ray-tracing library

with NVIDIA AI-Accelerated denoiser turned on to maximize customizability and perfor-

mance. During the construction of scene, we limit the random scaling of mesh such that the

longest side of mesh’s bounding box fall within 0.1⇥– 0.35⇥ of the screen space height.

This prevents a single mesh to be negligibly small or overwhelmingly large. We generated

4000 random scenes using the random scene generator. To support application of important

image processing and rendering algorithms such as super-resolution and foveation-guided

rendering to holography, we rendered holograms for both 8 µm and 16 µm pixel pitch

SLMs. The image resolution was chosen to be 384⇥384 and 192⇥192 pixels respectively

to match the physical size of the resultant holograms and enable training on commonly

available GPUs. Note that since the CNN is fully convolutional, as long as the pixel pitch

remains the same, the trained model can be used to infer RGB-D inputs of an arbitrary

spatial resolution at test time.
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4.1.4 CNN Model Architecture, Training, Evaluation, and Compar-

isons

Our CNN model is similar to DeepFocus[258], a fully convolutional neural network de-

signed for synthesizing image content for varifocal, multifocal, and light field head-mounted

displays. It receives a 4-channel RGB-D image and predicts a color hologram as a 6-

channel image (RGB amplitude & RGB phase), which can be used to drive three optically

combined SLMs or one SLM in a time-multiplexed manner to achieve full color hologra-

phy. The network has a skip connection that creates a direct feed of the input RGB-D image

to the penultimate residual block and has no pooling layer for preserving high-frequency

details (see Fig. 4-1c for a scheme of the network architecture).

All convolution layers use 3⇥3 convolution filters. The number of minimally required

convolution layers depends on the maximal spatial extent of the sub-hologram W . Quanti-

tatively, successive application of x convolution layers results an effective 3+(x� 1)⇥ 2

convolution. Solving for the maximum sub-hologram width W = 3+ (x� 1)⇥ 2 yields

d(W � 3)e/2+ 1 minimally required convolution layers. Yet, W of the target hologram

varies according to the relative position between the hologram plane and the 3D volume,

and can often reach hundreds of pixels, resulting in too many convolution layers and slow-

ing down the inference speed. To address the issue, we apply a pre-processing step to

compute an intermediate representation (midpoint hologram), which reduces the effective

W and losslessly recovers the target hologram.

The midpoint hologram is an application of the wavefront recording plane [229]. It

propagates the target hologram to the center of the view frustum to optimally minimize the

distance to any scene point, thus reducing the effective W . The calculation follows the two

steps shown in Fig. 4-4. First, the diverging frustum V induced by the point light source is

mathematically converted to an analogous collimated frustum V 0 using the thin lens formula

describing the magnification of the laser beam. The change of representation simplifies the

simulation of depth-of-field images perceived in V into free-space propagation of the target

hologram to the remapped depth in V 0. Let Htarget 2 CM⇥N be the target hologram (color

channel is omitted here), and d0near, d0far be the distances from the target hologram to the near
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Figure 4-4: Schematic diagram of the midpoint hologram calculation. a, A holographic
display magnified through a diverging point light source. b, A holographic display unmag-
nified through the thin lens formula. c, The target hologram in this example is propagated to
the center of the unmagnified view frustum to produce the midpoint hologram. The width
of the maximum sub-hologram is significantly reduced.

and far clipping plane of V 0. Htarget is propagated for a distance of d0mid = (d0near + d0far)/2

to the center of V 0 to form the midpoint hologram Hmid 2 CM⇥N . The angular spectrum

method [185] (ASM) is employed to model the propagation of a wave field:

Hmid(m,n) = ASM(Htarget,d0mid) = F�1
n

F{Htarget}ei2pd0mid

p
l�2�(m/Lw)2�(n/Lh)2

o
. (4.8)

Here, F , F�1 are the Fourier and inverse Fourier transform operator; Lw, Lh are the phys-

ical width and height of the hologram; l is the wavelength; m = �M/2, ...,M/2� 1 and

n =�N/2, ...,N/2�1, where M and N are the number of pixels along the width and height

of the hologram. Replacing the target hologram with the midpoint hologram reduces W by

a factor of d0far/Dd0, where Dd0 = (d0far� d0near)/2. The reduction is a result of eliminating

the free-space propagation shared by all the points, and the target hologram can be exactly

recovered by propagating the midpoint hologram back for a distance �d0mid. In our render-

ing configuration, where the collimated frustum V 0 has a 6 mm optical path length, using

midpoint hologram as CNN’s learning objective minimizes the convolution layers to 30.

We introduce two wave-based loss functions to train CNN to accurately approximate the

midpoint hologram and learn Fresnel diffraction. The first loss function serves as a data fi-

delity measure and computes the phase-corrected `2 distance between the output hologram
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eHmid = eAmideiefmid 2 CM⇥N and the ground truth midpoint hologram Hmid = Amideifmid:

ldata =
���eAmid�Amidei

corrected phase differencez }| {�
d (efmid,fmid)�d (efmid,fmid)

����
2
, (4.9)

where d (efmid,fmid) = atan2(sin(efmid�fmid),cos(efmid�fmid)), · denotes the mean, and k·

kp denotes the `p vector norm applied on a vectorized matrix output. The phase correction

computes the signed shortest angular distance in the polar coordinates and subtracts the

global phase offset, which exerts no impact on the intensity of the reconstructed 3D image.

The second loss function measures the perceptual quality of the reconstructed 3D scene

observed by a viewer. Since ASM-based wave propagation is a differentiable operation, the

loss is modeled as a combination of the `1 distance and total variation of a dynamic focal

stack, reconstructed at two sets of focal distances that vary per training iteration,

lpcp(t) =

dynamic focal stackz }| {X

d0t2{Dfix
t [Dfloat

t }

���

attention maskz }| {
eb (2Dd0�(d0t�D0t))

⇣
image differencez }| {��ASM( eHmid,d0t)

��2�
��ASM(Hmid,d0t)

��2

+—
��ASM( eHmid,d0t)

��2�—
��ASM(Hmid,d0t)

��2
| {z }

total variation

⌘���
1
.

(4.10)

Here, | · |2 denotes element-wise squared absolute value; — denotes the total variation op-

erator; t is the training iteration; D0t 2 RM⇥N is the depth channel (remapped to V 0) of the

input RGB-D image; b is a user-defined attention scale; Dfix
t ,Dfloat

t are two sets of dynamic

focal distances calculated as follows: (i) V 0 is equally partitioned into T depth bins, (ii)

Dfix
t picks the top-kfix bins from D0t’s histogram and Dfloat

t randomly picks kfloat bins among

the rest, (iii) a depth is uniformly sampled from each selected bin. Here, Dfix
t guarantees

the dominant content locations in the current RGB-D image are always optimized, while

Dfloat
t ensures sparsely populated locations are randomly explored. The random sampling

within each bin prevents overfitting to stationary depths, enabling CNN to learn true 3D

holograms. The attention mask directs CNN to focus on reconstructing in-focus features

in each depth-of-field image. Figure 4-5f validates the effectiveness of each training loss

component through an ablation study.
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Figure 4-5: Performance evaluation of occlusion-aware point-based method and ten-
sor holography CNN. a, A simulated depth-of-field image refocused from a CNN pre-
dicted hologram. The bunny’s eye is in focus. The input RGB-D image is from the “Big
Buck Bunny” (© by Blender Foundation). The bottom right inset visualizes the depth
image. b, Comparison of focal stacks reconstructed at highlight regions in a. The CNN
prediction is visually similar to the OA-PBM ground truth. c, A simulated depth-of-field
image and focal stack (the magnified insets) reconstructed from the CNN predicted holo-
gram of a real-world captured RGB-D image [139]. d, Performance comparison of PBM,
OA-PBM, and CNNs with various model capacities. The default CNN model consists of
30 convolution layers / 24 filters per layer, the small and mini models has 15 and 8 con-
volution layers respectively. The reduction of convolution layers gracefully degrades the
reconstructed image quality. The mini model runs in real time (60Hz). e, A CNN predicted
hologram and reconstructed depth-of-field images (the magnified insets) of a star test pat-
tern. Line pairs of varying frequencies are sharply reconstructed at different depths, and
the wavelength-dependent light dispersion is accurately reproduced. f, Ablation study of
the full loss function (1st). The ablation of attention mask (2nd) dilutes CNN’s attention
to out-of-focus features and results in inferior performance. The ablation of data loss (3rd)
removes the regularization of phase information and leads to poor generalization to unseen
examples and large focal stack error. The ablation of perceptual loss (4th) removes the
guide of focal stacks and uniformly degrades the performance. g, Comparison of a ground
truth Fresnel zone plate and a CNN prediction (by a model with 30 layers / 120 filters per
layer) computed for a 6 mm distant point (propagated for another 20 mm for visualization).
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Our CNN is trained on 384⇥384 pixels RGB-D image and hologram pairs. We use a

batch size of 2, ReLu activation, attention scale b = 0.35, number of depth bins T = 200,

number of dynamic focal stack kfix = 15 and kfloat = 5 for the training. We train the CNN for

1000 epochs using Adam[142] optimizer at a constant learning rate of 1⇥10�4. The dataset

is partitioned into 3800, 100, and 100 samples for training, testing, and validation. Training

takes 84 hours on a single NVIDIA Tesla V100 GPU. Fig. 4-6 quantitatively compares the

performance of our CNN with U-Net[213] and Dilated-Net[266], both of which are popular

CNN architectures for image synthesis tasks. When the capacity of the other two models

is configured for the same inference time, our network achieves the highest performance.

The superiority comes from the more consistent and repetitive architecture of our CNN.

Specifically, it avoids the use of pooling and transposed convolution layers to contract and

expand the spatial dimension of intermediate tensors, thus the high-frequency features of

Fresnel zone kernels are more easily constructed and preserved during forward propagation.

Our model has an extremely low memory footprint of only 617 KB at Float32 precision

and 315 KB at Float16 precision. At Int8 precision, it runs at 2 Hz on a single Google

Edge TPU. All reported run time performance is evaluated on 1920⇥1080 pixels resolution

inputs.

The trained model generalizes well to computer-rendered (see Fig. 4-5a and Fig. 4-7),

real-world captured (see Fig. 4-5c and Fig. 4-8) RGB-D inputs, and standard test patterns

(see Fig. 4-5e and Fig. 4-6). Compared to the reference OA-PBM holograms, the CNN

predictions are both perceptually similar (see Fig. 4-5b) and numerically close (see Fig. 4-

5d/f). Evaluated on a single distance point target, the output from a CNN with sufficient

model capacity faithfully approximates a Fresnel zone plate (see Fig. 4-5g), under the low-

rank solution space restricted by a set of successively applied 3⇥3 convolution kernels.

When all algorithms are implemented on GPU with the CNN in NVIDIA TensorRT, and

OA-PBM and PBM in NVIDIA CUDA, the mini CNN achieves more than two orders of

magnitude speed-up (see Fig. 4-5d) over OA-PBM and runs in real time (60 Hz) on a single

NVIDIA Titan RTX GPU. Since our end-to-end learning pipeline completely avoids logi-

cally complex ray-triangle intersection operations, it runs efficiently on low-power ASICs

for accelerated CNN inference. For example, leveraging the neural engine of iPhone 11
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Figure 4-6: Evaluation of tensor holography CNN on model architecture and test pat-
terns. a, Performance comparison of different CNN architectures. b, Performance com-
parison of different CNN miniaturization methods. c, CNN prediction of two standard test
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Figure 4-7: Evaluation of tensor holography CNN on additional computer-rendered
scenes. CNN prediction of amplitude and phase along with focused reconstructions for
holograms of a, a living room scene from the DeepFocus dataset [258] and b, a night
landscape scene from the Stanford light field dataset [200].
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Figure 4-8: Evaluation of tensor holography CNN on real-world captured scenes. CNN
prediction of amplitude and phase along with focused reconstructions for holograms of a, a
statue scene and b, a mansion scene. Both scenes are from the ETH light field dataset [139].
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Pro’s A13 Bionic chip, the mobile inference runs at a speed of 1.3Hz.

In Fig. 4-6c, we evaluate our CNN on two additional standard patterns (USAF-1951

and RCA Indian-head). The CNN predicted holograms are able to reproduce a few pixel

wide textures inside the bottom-right magnified in-focus regions. In Fig. 4-7 and Fig. 4-8,

we show 4 additional complex scenes (2 computer-rendered and 2 real-world captured) and

the CNN predicted holograms.

4.1.5 Anti-Aliasing Double Phase Method (AA-DPM)

The proposed network predicts a complex-valued hologram, which requires a phase-only

conversion to be able to physically displayed by a phase-only SLM. Double phase method

encodes an amplitude-normalized complex hologram Aeif 2 CM⇥N (0  A  1) into sum

of two phase-only holograms at half of the normalized maximum amplitude:

Aeif = 0.5ei(f�cos�1 A) +0.5ei(f+cos�1 A) (4.11)

There are many different methods to merge decomposed two phase-only holograms into a

single phase-only hologram. The original double phase method [187] uses a checkerboard

mask to select interleaving phase values from the two phase-only holograms. Maimone et

al. [175] first discard every other pixel of the input complex hologram along one spatial

axis and then arrange the decomposed two phase values along the same axis in a checker-

board pattern. The latter method produces visually comparable results, but reduces the

complexity of the hologram calculation by half via avoiding calculation at unused loca-

tions. Nevertheless, for complex 3D scenes, they produce severe artifacts around high

frequency objects and occlusion boundaries (see Fig. 4-9 (left)). This is because the high

frequency phase alterations presented at these regions become under-sampled due to the

interleaving sampling pattern and disposal of every other pixel. Although these artifacts

can be partially suppressed by closing the aperture and cutting high frequency signal in the

Fourier domain, that leads to significant blurring. While sampling is inevitable, we borrow

techniques employed in traditional image sub-sampling to holographic content and intro-

duce an anti-aliasing double phase method. Specifically, we first convolve the complex
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hologram by a Gaussian kernel GWG(s) to obtain a low-pass filtered complex hologram

Aeif 2 CM⇥N :

Aeif = Aeif ⇤GWG(s) (4.12)

where * denotes 2D convolution operator, WG is the width of the 2D Gaussian kernel and

s is the standard deviation of the Gaussian distribution. In practice, we find setting WG no

greater than 5 and s in between 0.5 and 1 are generally sufficient for both rendered and

captured 3D scenes used in this paper, while the exact s can be fine-tuned based on the

image statistics of content. For flat 2D images, s can be further tuned down to achieve

sharper results. The slightly blurred Aeif avoids aliasing during sampling and allows the

Fourier filter (aperture) to be opened wide, thus resulting in a sharp and artifact-free 3D

image. We also add a global phase offset to Aeif to center the mean phase around half

of the full phase shift range of SLM (3p in our case). This avoids phase wrapping and

results in smooth phase distribution [175]. Finally, let P1 2 CM⇥N and P2 2 CM⇥N be the

two phase-only holograms decomposed from Aeif using Eq. (4.11), the final phase-only

hologram P 2 CM⇥N is calculated by arranging P1 and P2 in a checkerboard pattern

P(m,n) =

8
><

>:

P1(m,n) if m+n is odd

P2(m,n) if m+n is even
(�M/2 mM/2�1,�N/2 n N/2�1).

(4.13)

This alternating sampling pattern yields a high-frequency phase-only hologram, which can

diffract light as effectively as a random hologram, but without producing speckle noise.

Fig. 4-9 compares the depth-of-field images simulated for AA-DPM and DPM, where

AA-DPM produces artifacts-free images in regions with high spatial frequency details and

around occlusion boundaries. AA-DPM can be efficiently implemented on GPU as two

gather operations, which takes less than 1 ms to convert a 1920⇥1080 pixels complex

hologram on a single NVIDIA TITAN RTX GPU.
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Region with strong artifacts

Figure 4-9: Comparison of the original double phase method and anti-aliasing double
phase method. Reconstruction of two real-world scenes from the encoded phase-only
holograms. The couch scene is focused on the mouse toy and the statue scene is focused
on the black statue. Orange bounding boxes highlight regions with strong high-frequency
artifacts. (left) Double phase method. (right) anti-aliasing double phase method.

4.1.6 Experimental Setup

We designed a holographic display prototype to experimentally validate the proposed algo-

rithm. Our display prototype (see Fig. 4-10) uses a Fisba RGBeam fiber-coupled laser and

a single HOLOEYE PLUTO-2-VIS-014 liquid crystal on silicon (LCOS) reflective phase-

only SLM with a resolution of 1920⇥1080 pixels and 8 µm pitch. The laser consists of

three precisely aligned diodes operating at 450 nm, 520 nm, and 638 nm, and provides per-

diode power control. The prototype is constructed and aligned using Thorlabs 30 mm and

60 mm cage system and components. The fiber-coupled laser is mounted using an FC/PC

adaptor, placed at a distance that results in an ideal diverging beam (adjustable based on

the desired field of view), and linearly polarized to the x-axis (horizontal) to match the

incident polarization required by the SLM. A plate beamsplitter mounted on a 30 mm cage

cube platform splits the beam and directs it towards the SLM. After SLM modulation, the

reconstructed aerial 3D image is imaged by an achromatic doublet with a 60 mm focal
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Figure 4-10: Holographic display prototype used for the experimental results shown
in this Letter. The control box of the laser, Labjack DAQ, and camera are not visualized
in the figure.
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length. An aperture stop is placed about one focal length behind the doublet (the Fourier

plane) to block higher-order diffractions. The radius of its opening is set to match the extent

of the blue beam’s first-order diffraction. We emphasize that this should be the maximum

radius as opening it further includes second-order diffraction from the blue beam. A 30

mm to 60 mm cage plate adaptor is then used to widen the optical path and an eyepiece is

mounted to create the final retinal image. A Sony A7 Mark III mirrorless camera with a

resolution of 6000⇥ 4000 pixels and a Sony 16-35 mm f/2.8 GM lens is paired to photo-

graph and videograph the display. Color reconstruction is obtained field sequentially with

a maximum frame rate of 20 Hz that is limited by the SLM’s 60 Hz refresh rate. A Labjack

U3 USB DAQ is deployed to send field sequential signals and synchronize the display of

color-matched phase-only holograms. Each hologram is quantized to 8-bit to match the bit

depth of the SLM. For results shown in Fig. 4-11b, Fig. 4-12, and Fig. 4-13a, we used a

Meade Series 5000 21 mm MWA eyepiece. For results shown in Fig. 4-11c/d and Fig. 4-

13b, we used an Explore Scientific 32 mm eyepiece. The photograph was captured by

exposing each color channel for 1 s. The long exposure time improves the signal-to-noise

ratio and color accuracy. Video results showing real-time computation and continuous 3D

refocus can be found at: http://cgh.csail.mit.edu. No post sharpening, denoising, or de-

speckling was applied to the captured videos and photographs. Finally, our setup can be

further miniaturized to an eyeglass form factor as demonstrated by Maimone et al.[175].

4.1.7 Experimental Results

We experimentally validate both 2D and 3D holograms. In Fig. 4-11b, we demonstrate

speckle-free, high-resolution, and high-contrast 2D projection, where the fluff of the berries

can be found to be sharply reconstructed. In Fig. 4-11c/d, we show 3D holograms pho-

tographed for the couch scene and the Big Buck Bunny scene with focus set to the front

and rear objects. Additional photographs of real-world, computer-rendered, and test scenes

can be found in Fig. 4-12 and 4-13, where the image details closely match the simulation.
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Figure 4-11: Experimental demonstration of 2D and 3D holographic projection. a,
Scheme of our phase-only holographic display prototype. Only the green laser is visual-
ized. b, (left) A flat (2D) target image (by Ana Blazic Pavlovic/Shutterstock) for testing the
spatial resolution of our prototype. (right) A photograph of the CNN predicted hologram
(encoded with anti-aliasing double phase method) displayed on our prototype. The insets
on the top right show the magnified bounding boxes. c, Photographs of our prototype pre-
senting a real-world captured 3D couch scene in Fig. 4-5c. The left photograph is focused
on the mouse toy and the right photograph is focused on the perpetual desk calendar. d,
Photographs of our prototype presenting a computer-rendered 3D Big Buck Bunny scene
in Fig. 4-5a. The left photograph is focused on the bunny’s eye and the right photograph is
focused on the background tree leaves.

113



Front focus

Rear focus

Figure 4-12: Additional experimental demonstration of 3D holographic projection
(part 1). The RGB-D input can be found in Fig. 4-8.
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Figure 4-13: Additional experimental demonstration of 3D holographic projection
(part 2). The RGB-D inputs can be found in Fig. 4-8 for a, and Fig. 4-6 for b.
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4.1.8 Discussion

In this work, we present the first evidence of using convolutional neural networks for real-

time photorealistic 3D CGH synthesis from a single RGB-D image, a task of which was

traditionally considered to be beyond the capabilities of existing computational devices.

Our multi-resolution large-scale Fresnel hologram dataset, created by the tailored random

scene generator and OA-PBM, will enable a wide range of conventional image-related ap-

plications to be transferred to holography: examples include super-resolution, compression,

semantic editing of holograms, and foveation-guided holographic rendering. Ultimately,

it provides a testbed for both commercial and academic research fields that will bene-

fit from real-time, high-resolution CGH, e.g., consumer holographic displays for AR/VR,

hologram-based single-shot volumetric 3D printing, optical trapping with significantly in-

creased foci, and real-time simulation for holographic microscopy.

Tensor holography itself can be further improved by directly learning phase-only holo-

grams to discover an optimal encoding, avoiding explicit complex-to-phase-only conver-

sion. In addition, though the RGB-D input is cheap to compute and memory-efficient,

it only provides accurate 3D depiction from a single perspective. Thus, extending our

pipeline to support true volumetric 3D input (voxel grid, dense light fields, and general

point cloud) could expedite the synthesis of holograms that support view-dependent effects

and observation under large baseline movement. Finally, the rapid development of ASICs

will hopefully make high framerate tensor holography viable on mobile devices, enabling

untethered real 3D viewing experiences and significantly lowering the cost and barrier to

entry for holographic content creation.

4.2 Tensor Holography V2: End-to-end Learning of 3D

Phase-only Holograms
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4.2.1 Motivation

The method proposed in the earlier section suffers from a few key limitations. First, the

RGB-D scene representation has intrinsic limitations in depicting the complete scene ge-

ometry as it records the frontmost surface points. The lack of wavefront diffracted from the

occluded points causes visible dark seams or brightness attenuation at the background side

of the occlusion boundaries (see Fig. 4-2d bottom row). Second, the AA-DPM algorithm

for phase-only encoding requires manual tuning to find the optimal parameters. For video

or live streaming inputs where manual tuning is infeasible, highly conservative filtering is

required to keep the entire sequence artifacts free. Meanwhile, the spatially-invariant low-

pass filtering does not adapt to the content and may incur unnecessary blur. In addition, the

minimal filtering strength grows with the sub-hologram width, leading to degraded perfor-

mance when the 3D frustum is placed far against the hologram plane. In practice, this limits

the image quality when designing compact holographic near-eye displays, where it is ideal

for reducing the physical distance between the SLM and the eyepiece by computationally

shifting the 3D image tens of millimeters behind the hologram. Third, the generated holo-

gram does not account for the different users’ vision aberrations such that vision correction

glasses are still required for them to see the image clearly.

In this chapter, we present a series of techniques aimed at overcoming the aforemen-

tioned limitations. Our methods encompass several innovations, including the pioneering

use of a layered depth image [220] as a data-efficient 3D representation for hologram syn-

thesis. Additionally, we introduce a novel hologram dataset computed using the silhouette-

mask layer-based method [270] with ultra-dense layer partitioning (10000 layers), effec-

tively eliminating remaining occlusion artifacts. To enhance performance further, we pro-

pose a two-stage supervised+unsupervised training protocol, leveraging the advantages of

both simulation-based and optimization-based approaches. Moreover, we devise a method

to integrate aberration correction into the 3D hologram learning pipeline. The resulting sys-

tem, named Tensor Holography V2, is capable of synthesizing photorealistic 3D phase-only

holograms end-to-end without the need for manual parameter adjustment. It exhibits ro-

bustness to variations in image statistics, depth misalignment in real-world captured inputs,
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and variations in distance configurations between the hologram plane and the 3D volume.

Furthermore, we introduce a calibration process to tailor holograms for end-users with dif-

ferent vision aberrations, demonstrating the neural surrogate’s ability to adapt generation to

the statistics of customized holograms. Through experimental validation, we showcase the

high image quality of holographic 3D projection and the effectiveness of aberration cor-

rection. Lastly, we discuss the innovative SLM calibration procedures utilized to achieve

these demonstrated results.

4.2.2 Layered Depth Images and Silhouette-Mask Layer-Based Method

for Hologram Generation.

Occlusion modeling for 3D holograms is critical to perceived realism. This task has been

approached at the scene representation stage by rasterizing or ray-tracing an RGB-D image

(with a depth map) to only record the frontmost visible surface [106, 175]; rendering light

fields further accounts for view-dependent effects [200, 222]. It has also been approached

at the hologram computation stage via ray casting for point-based methods [125] and sil-

houettes for FFT-based methods [182, 183]. The combination of both approaches is used

to prune the computation of non-line-of-sight objects and remove the wavefront of visible

background objects occluded by the foreground [224].

Figure 4-14 examines the effectiveness of each approach using a simple test scene con-

sisting of two vertical bars with the front bar perfectly occluding the lower half of the rear

bar (see Fig. 4-14 Top). We assign different amplitudes to the front and rear bars and repeat

the bar pair horizontally for visualization. The complete scene is represented by an LDI

with two layers: the first layer for the front bar plus the top half of the rear bar and the

second layer for the bottom half of the rear bar. The rasterized scene is represented by the

LDI’s first layer. We tested 6 pairs of input and CGH algorithms:

1. No occlusion: apply the point-based method to the complete scene.

2. Occlusion only from input: apply the point-based method to the rasterized scene.

3. Geometric occlusion detection (input+computation): apply the occlusion-aware point-

based method to the rasterized scene.
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4. Geometric occlusion detection (computation): apply the occlusion-aware point-based

method to the complete scene.

5. Wave-based occlusion detection (input+computation): apply the silhouette-mask layer-

based method to the rasterized scene.

6. Wave-based occlusion detection (computation): apply the silhouette-mask layer-based

method to the complete scene.

Fig. 4-14 visualizes the result and we conclude 4 types of artifacts:

1. Leakage of the wavefront from occluded points.

2. Leakage of the wavefront from visible points.

3. Loss of wavefront from occluded points.

4. Inaccurate wavefront due to geometric optics modeling.

Modeling occlusion at the scene representation stage (setting 2) avoids type 1 artifacts and

reduces the input data size. Applying either type of occlusion detection at the computation

stage (setting 3 or 5) removes type 2 artifacts. If occlusion detection is wave-based (setting

5), type 4 artifacts are also removed, resulting in an artifact-free foreground reproduction.

However, type 3 artifacts persist (for setting 2,3,5) due to the loss of occluded points and

their wavefronts, causing loss of amplitude or attenuation at the background side of the

occlusion boundaries, which are the dominating artifacts in TensorHolo V1. Retaining the

complete scene and applying wave-based occlusion detection (setting 6) avoid all types of

artifacts with the defocus response of the background bars matching the ones in setting 1.

However, this mode incurs a higher data and computational cost.

Common representations that fully or largely serve this need include: 1) general point

clouds; 2) meshes; 3) voxel grids; 4) light fields. Among them, general point clouds and

meshes are CNN-unfriendly due to their scene-dependent feature lengths. Voxel grids oper-

ate in an explicit tradeoff: as the depth resolution increases, the memory cost also increases

linearly. Thus, it does not scale with high-resolution input, and the CNN’s first convolution

layer bottlenecks the performance due to a vast number of input channels. For light fields,
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Figure 4-14: Methods comparison for occlusion modeling. The top 4 images constitute
a 2-layer LDI that completely depicts the test scene. Different types of artifacts are only
marked for the front focus images.

if pixels are treated as points [222, 273], it is inefficient as one point can be recorded mul-

tiple times in different views, and avoiding double-counting requires duplication detection;

alternatively, if pixels are treated as rays [200], generating high-quality sub-holograms will

require an extremely dense angular sampling rate.

Here, we advocate a layered depth image (LDI) as an efficient 3D scene representa-

tion. LDI is a classical image-based rendering technique originally developed for novel

view synthesis [220]. Unlike an RGB-D image that stores a single pixel at each spatial

coordinate, it stores a sequence of RGB-D images along the line of sight originated from

each spatial coordinate. Its first pixel records the first front-facing surface intersecting with

the line of sight, and the second pixel records the second intersection assuming the line of

sight pierces through the scene, and so forth till a maximum hit (layer) count is met (see

Fig. 4-15a for an illustration). LDI has several unique advantages for holographic rendering

applications. First, it is highly configurable such that if only a single layer is rendered, an

LDI is equivalent to an RGB-D image; if all layers are exhaustively rendered, it losslessly

encodes the entire scene for computing a physically correct hologram. In either case or for

a limited number of layers, any point in the scene is only recorded once or discarded. Sec-
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Figure 4-15: Comparison of LDI and voxel grid as 3D scene representation. a Render-
ing of an LDI records the intersections between a penetrating ray (colored differently after
every new hit) and the scene objects (front-facing surfaces) at every spatial location. b First
three layers of the LDI rendered for the scene in (a). The number of valid pixels rapidly
decreases as the index of the layer increases. c Rendering of a voxel grid that partitions the
3D scene into equal-length slabs and generate one RGB image for each slab. The depth
resolution is proportional to the number of slabs.

ond, unlike a voxel grid, an LDI records the exact depth for every hit, decoupling the depth

resolution with the number of LDI layers. Third, the sequence of pixels is recorded in a

depth-sorted manner with wavefront from further layers providing a diminishing contribu-

tion to the hologram due to the occlusion of the frontal layers. Consequently, we find that

a few LDI layers (i.e., 5) are sufficient to produce a close-to-ground-truth hologram, and

thus it is highly data-efficient. Fourth, once the number of layers is set, its feature-length is

fixed and independent of scene complexity; thus, it is CNN-friendly. Finally, it can be effi-

ciently rendered by the existing real-time graphics pipeline via depth peeling (see Methods

for details).

To compute a 3D hologram from an LDI, ray casting can be performed from each

point’s belonging mesh at the recorded 3D location, yet using geometric occlusion for

diffraction calculation has been shown to cause minor artifacts. Because runtime is ul-
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timately unimportant for dataset synthesis, we propose using the silhouette-mask layer-

based method [270] (SM-LBM) with ultra-dense depth partition to avoid the mixed-use of

geometric and wave optics models. SM-LBM was originally proposed to receive a voxel

grid input generated by slab-based rendering (see Fig. 4-15b), which does not scale with

increasing depth resolution. Using SM-LBM with LDI is straightforward. Any non-zero

pixel in an LDI defines a valid 3D point before depth quantization. When the number of

depth layers N is determined, each point is projected to its nearest plane, and a silhouette

is set at the same spatial location. Denote the complex amplitude distribution of the N-th

layer LN 2 CRx⇥Ry as

LN = AN exp
✓

i
2pzN

l

◆
. (4.14)

Here, zN is the signed distance from the N-th layer to the hologram plane, where a negative

distance denotes a layer behind the hologram plane and vice versa, AN 2 RRx⇥Ry is the

amplitude of the layer, Rx, and Ry are the spatial resolution along the x and y axis. The

exponential term defines the layer’s initial phase following Maimone et al.’s formula to

induce a smooth and roughly zero-mean phase profile at the hologram plane [175]. We use

the angular spectrum method to propagate LN to the location of N-1-th layer

CN�1 = ASM(LN ,dl)

= F�1
✓

F(LN)� exp
✓

i2pdl

q
l�2�µ2�u2

◆◆
, (4.15)

where µ 2 RRx⇥Ry and u 2 RRx⇥Ry are the spatial frequencies along the x and y directions,

dl is the layer thickness (positive), � denotes Hadamard element-wise product, F and F�1

are the 2D Fourier transform and inverse Fourier transform operator. CN�1 is multiplied by

the binary silhouette mask at the N-1 layer

MN�1(x,y) =

8
<

:
0, AN�1(x,y) > 0

1, AN�1(x,y) = 0
, (4.16)
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and the complex amplitude at the N-1 layer is updated by adding the masked complex field

LN�1 =CN�1MN�1 +LN�1, (4.17)

By iterating this process until reaching the first layer, the final complex hologram is ob-

tained by propagating the updated first layer to the hologram plane.

We further augment SM-LBM with aberration correction at the cost of computational

efficiency. Reconsidering the forward propagation of N-th layer LN , we only process the

occlusion of frontal layer without adding their content, namely removing the second addi-

tion term in Eq. (4.17). After processing the occlusion of all frontal layers, we propagate

the resulted wavefront back to the starting location of LN to obtain an occlusion-processed

L0N . We then perform aberration correction in the frequency domain

L0NC
= F�1 �F(L0N)�FzN

�
, (4.18)

where FzN 2 CRx⇥Ry is a depth-dependent global aberration correction kernel in the

Fourier domain. We detail the process to obtain FzN and an extension to model depth-

dependent spatially-varying aberration correction in Methods. Finally, L0NC
is propagated

to the target hologram plane. This procedure is repeated independently for the content at

every discretized depth (i.e., from layer 1 to N) and integrating the results of all proce-

dures at the target plane forms the final hologram. Note that the required total number of

propagation operations increases to N2/2 compared with N in the standard SM-LBM. This

prevents N from being extremely high if aberration correction is needed, but the computa-

tional resource is limited.

4.2.3 MIT-CGH-4K-V2

SM-LBM and its aberration-correction variant are slow due to sequential occlusion pro-

cessing. To improve the performance, we generate a new dataset with LDIs and SM-LBM

holograms and train a CNN to accelerate inference. Generating this dataset requires setting

three critical parameters: the depth of the 3D volume, the number of layers used by LDIs,
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Figure 4-16: SM-LBM hologram quality as a function of LDI layers and depth dis-
cretization. a The addition of more LDI layers provides diminishing returns on the holo-
gram fidelity and the improvement plateaus after 5 layers. b A depth resolution over 11
bits (2048) results in negligible difference to the image quality.

and the number of layers (depth resolution) used by SM-LBM.

We set the 3D volume depth to be 6 mm under collimated illumination to facilitate

quantitative comparison with the publicly available TensorHolo V1 network [224], and

similarly for the random scene configuration. To determine the number of layers for LDIs,

we compute the mean peak signal to noise ratio (PSNR) and the mean structure similar-

ity index [253] (SSIM) for the amplitude maps of the holograms computed from LDIs

with N = 1,2, · · · ,9 layers against the ones computed from LDIs with N = 10 layers (after

which we observe few valid pixels) over 10 random scenes. The mean SSIM plateaus af-

ter N = 5 (see Fig. 4-16a), reflecting a diminishing improvement with more layers. Thus,

we choose N = 5 for this work, but more layers can be used for higher accuracy. Simi-

larly, to determine the number of layers for SM-LBM, we compute the holograms using

2Nd layers for Nd = 5,7,9,11 and compare the mean PSNR and the mean SSIM of these

holograms against the ones computed from Nd = 13 over 10 random scenes. The mean

SSIM plateaus after Nd = 11 (see Figure 4-16b), indicating negligible improvement for the

3D image quality. Nevertheless, we use a partition of 10000 layers (13.28-bit depth) as a

showcase, which has not been demonstrated previously. We rendered MIT-CGH-4K-V2, a

new hologram dataset with 4000 pairs of LDIs and holograms with 3800 for training, 100

for validation, and 100 for testing at 384⇥384 pixels similar to TensorHolo V1.
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4.2.4 End-to-end Learning of 3D Phase-only Hologram

In TensorHolo V1, the CNN directly maps the input RGB-D image to the midpoint holo-

gram, a wavefront recording plane set to the center of the 3D volume that minimizes the

sub-hologram width, and phase-only encoding is performed separately using anti-aliasing

double phase encoding (AA-DPM). However, both AA-DPM and an analogous band-

limiting double phase method (BL-DPM) [240] require manual tuning to find the optimal

low-pass filtering parameters that produce an artifacts-free image with the minimal arti-

ficial blur. For video or live streaming inputs where manual tuning is infeasible, highly

conservative filtering is required to keep the entire sequence artifacts-free. Meanwhile, the

low-pass filtering in both methods are either spatially-invariant or frequency-invariant; thus

they do not adapt to the content and may incur unnecessary filtering. In addition, we ob-

serve the minimal filtering strength of both methods grows with the sub-hologram width,

leading to degraded performance when the 3D frustum is placed far against the hologram

plane. In practice, this limits the image quality when designing compact holographic near-

eye displays, where it is ideal for reducing the physical distance between the SLM and the

eyepiece by computationally shifting the 3D image tens of millimeters behind the holo-

gram.

Although a CNN can be trained to directly predict an unconstrained 3D phase-only

hologram using unsupervised learning by only forcing the focal stack to match the one pro-

duced by the target complex hologram [73], ablation studies have shown that removing the

supervision of ground truth complex hologram noticeably degrades the image quality [224]

and enforcing the phase-only constraint can only worsen the performance. Moreover, di-

rect synthesis of phase-only holograms prevents using midpoint holograms to reduce com-

putational costs since learning an unconstrained midpoint phase-only hologram does not

guarantee a uniform amplitude at the target hologram plane.

We propose a two-stage supervised+unsupervised training to overcome these chal-

lenges (see Fig. 4-17 for visualization). The key insight is to keep using the double

phase principle to perform phase-only encoding for retaining the advantage of learning

the midpoint hologram, while embedding the encoding process into the end-to-end training
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Figure 4-17: Overview of training procedure. In the first stage, the CNN is trained to
reproduce the ground truth midpoint hologram with direct supervision and a dynamic focal
stack loss. In the second stage, the CNN prediction is propagated to the target hologram
plane, filtered by a second CNN, double phase encoded, Fourier filtered, and back propa-
gated to the center of the 3D volume to obtain the post-encoding midpoint hologram. No
ground truth phase-only hologram is provided, and the CNN is trained to discover an opti-
mal solution with the dynamic focal stack loss between the post-encoding focal stack and
the target focal stack and a regularization loss (see Equation (4.24)). The Fourier space
amplitude is visualized in the logarithmic scale.
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pipeline and relegating the CNNs to discover the optimal pre-encoding complex hologram

through unsupervised training. We detail the training process below and refer to this neural

phase-only conversion method as the deep double phase method (DDPM).

The first stage supervised training is identical to TensorHolo V1 despite that we train

two versions of CNNs in V2. Both are trained to predict the target midpoint hologram

computed from the LDI input, but one receives the full LDI, and the other receives only

the first layer of the LDI, the same RGB-D input as the V1 network receives. The latter

CNN has an additional job of inferring the occluded points close to the depth boundaries

and filling in their missing wavefront. It is particularly useful for reducing the rendering

overhead and reproducing real-world scenes captured as RGB-D images, where physically

capturing a pixel-aligned LDI is nearly impossible.

Once the CNN excels at this task, we initialize the second stage unsupervised training

by applying a chain of operations to the network-predicted midpoint hologram eHmid =

eAmideiefmid . First, it is propagated to the target hologram plane and pre-processed by a

second CNN to yield the pre-encoding target hologram prediction

eHtgt-pre = eatgt-preeAtgt-preeieftgt-pre

= CNNfilter

✓
ASM( eHmid,doffset)exp

✓
i
2pdoffset

l

◆◆ (4.19)

where doffset is the signed distance from the midpoint hologram to the target hologram

plane, eAtgt-pre is the normalized amplitude, and eatgt-pre is the scale multiplier. The second

CNN serves as a content-adaptive filter to replace the Gaussian blur in AA-DPM. The

exponential phase correction term ensures that the phase after propagation is still roughly

centered at 0 for all color channels. It is also critical to the success of AA-DPM, which

minimizes phase wrapping. Next, the standard double phase encoding is applied to obtain

a phase-only hologram

P(x,y) =

8
<

:
0.5eatgt-preei(eftgt-pre(x,y)�cos�1 eAtgt-pre(x,y)), x+ y is odd

0.5eatgt-preei(eftgt-pre(x,y)+cos�1 eAtgt-pre(x,y)), x+ y is even
, (4.20)

and no pre-blurring is applied in contrast to AA-DPM. Third, the phase-only hologram

is filtered in the Fourier space to obtain the post-encoding target hologram prediction

127



eHtgt-post = F�1(F(P)�MFourier), (4.21)

where MFourier models a circular aperture in the Fourier plane

MFourier(x,y) =

8
<

:
1, x2 + y2 <= r2

0, x2 + y2 > r2
, (4.22)

Here, r is the radius of the aperture in the pixel space. We set it to half of the image res-

olution, letting the entire first-order diffraction pass through the physical aperture. Finally,

the post-encoding target hologram prediction is propagated back to yield the post-encoding

midpoint hologram

eHmid-post = ASM( eHtgt-post,�doffset). (4.23)

By appending these operations, the second stage unsupervised training fine-tunes the

CNN prediction using the dynamic focal stack loss calculated between the post-encoding

midpoint hologram and the ground truth midpoint hologram, plus a regularization loss on

the pre-encoding target hologram phase

ltgt-pre =

vuutÂ
⇣
eftgt-pre� eftgt-pre

⌘2

RxRy
+ eftgt-pre, (4.24)

where · denotes the mean operation. The regularization loss encourages the pre-encoding

target hologram phase to be zero mean and to exhibit a small standard deviation. This term

minimizes phase wrapping during the double phase encoding, which may not affect the

simulated image quality but degrade the experimental result. Without this loss, the unregu-

lated phase exhibits a large standard deviation and shifts away from zero mean, leading to

non-negligible phase wrapping, especially when the maximum phase modulation is limited

to 2p (see Fig. 4-21c).

In the second training stage, direct supervision from the ground truth midpoint holo-

gram is intentionally ablated. This expands the solution space by allowing the CNNs to

freely explore the neural filtering to optimally match the ground truth focal stack, which a

user ultimately sees. It also facilitates regularization on the pre-encoding target hologram
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phase to better handle hardware limitations (i.e., limited range of phase modulation). In

practice, the resulting prediction of the post-midpoint hologram phase visually differs from

the ground truth as high-frequency details are attenuated or altered in a spatially-varying

and content-adaptive manner to avoid speckle noise. With direct supervision that encour-

ages retention of high-frequency details, we find it negatively impacts speckle elimination.

Collectively, the proposed two-stage training first excels at reproducing the ground truth

complex 3D holograms at all levels of detail, then fine-tunes a display-specific CNN for

fully automatic speckle-free 3D phase-only hologram synthesis. The second training stage

takes fewer iterations to converge; therefore, upon the completion of the first training stage,

it is efficient to optimize multiple CNNs for different display configurations. The training

process is detailed in Methods.

4.2.5 Compensating Hardware Imperfection

Hardware imperfection can cause experimental results to deviate from the idealized simu-

lations [204, 39]. Here we discuss methods to compensate for three sources of error: laser

source intensity variation as a Gaussian beam, SLM’s non-linear voltage-to-phase response,

and optical aberrations.

To calibrate the laser source intensity variation, we substitute the SLM with a diffuser

and capture the reflected beam as a scaling map for adjusting the target amplitude. A 5⇥5

median filter is applied to the measurements to avoid pepper noise caused by dust on the

optical elements. A Gaussian mixture model can be used to fit an analytical model of the

resulting scaling map if needed [204].

For an imprecisely calibrated SLM, the non-linear voltage-to-phase response can severely

reduce display contrast, especially for double-phase encoded hologram, since achieving

deep black requires offsetting the checkerboard grating accurately by 1p . In many cases,

the pixel response is also spatially non-uniform; thus, using a global look-up table is often

inadequate (see Fig. 4-18). Existing calibration methods operate on the change of interfer-

ence fringe offset (interferometry-based) or the change of near/far-field diffraction pattern
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(diffraction-based), but they cannot produce a per-pixel look-up table (LUT) [160]. We

propose a simple calibration procedure that uses double phase encoding to accomplish this

goal. Specifically, for every 2-by-2 pixels, we keep the top right and bottom left pixels

at 0 as a reference and increase the top left and bottom right pixels jointly from 0 to 255.

Without modifying the display layout, we set the camera focus on the SLM and captured

the intensity change for the entire frame. If the phase modulation range for the operating

wavelength is greater equal than 2p , the intensity of the captured image will decrease to

the minimum at 1p offset, return to the maximum at 2p offset, and repeat this pattern for

every 2p cycle. Denote the k-th captured image Ik, the absolute angular difference in the

polar coordinate between a reference pixel and an active pixel set to k is

qk(x,y) = 2cos�1
✓ p

Ik(x,y)�
p

Imin(x,y)p
Imax(x,y)�

p
Imin(x,y)

◆
, (4.25)

Factory-provided global lookup table Calibrated per-pixel lookup table

Color mapped Color mapped

Figure 4-18: Black modulation test using
the double phase encoding. Using the per-
pixel lookup table calibrated via the pro-
posed approach produces a more uniform
image with a deeper black level over the
one achieved by the factory-provided global
lookup table.

where Imin(x,y) and Imax(x,y) are the min-

imal and maximal intensities measured at

location (x,y) when sweeping from 0 to

255. Let kmin(x,y) be the frame id as-

sociated with the minimal measurement at

(x,y), the phase difference is given by

fk(x,y)=

8
<

:
qk(x,y), k <= kmin(x,y)

2p�qk(x,y), k > kmin(x,y)
.

(4.26)

Experimentally, we take high-resolution

measurements (24 megapixels) of the SLM

response, downsample to the SLM resolu-

tion, perform the aforementioned calcula-

tions, and fit a linear generalized additive

model (GAM) with monotonic increasing

constraint to obtain a smoothed phase curve for producing a per-pixel LUT. For simplicity,

the LUT is directly loaded into the GPU memory for fast inference. To reduce memory con-
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sumption, a multi-layer perceptron can be learned and applied as a 1⇥1 convolution [204].

This in-situ calibration procedure eliminates potential model mismatch between a separate

calibration setup and the display setup. The ability to accurately address phase differences

results in more accurate color reproduction, i.e., producing deep black by accurately ad-

dressing 1p phase offset (see Fig. 4-18)

The optical aberrations are corrected using a variant of Maimone et al. [175]. Let

f 0d 2 CRx⇥Ry (zero-padded to the frame resolution) be an ideal sub-hologram that focus

plane wave to a signed distance d, we similarly use 5 Zernike polynomials:

Z3(r,q) = a3d(2r2�1) focus (4.27)

Z4(r,q) = a4d(r
2 cos2q) vertical astigmatism (4.28)

Z5(r,q) = a5d(r
2 sin2q) oblique astigmatism (4.29)

Z6(r,q) = a6d((3r2�2)r cosq) horizontal coma (4.30)

Z7(r,q) = a7d((3r2�2)r sinq) vertical coma (4.31)

fd(r,q) = f 0d(r,q)eiÂ j(Z j(r,q)) corrected sub-hologram (4.32)

to model system aberrations, where a jd are Zernike coefficients, r is the normalized

polar radius, and q is the azimuthal angle. We perform a user calibration to adjust co-

efficients a jd until the camera images a tightly focused spot at d from the corrected sub-

hologram fd . Once the calibration completes, we propagate fd to its focal plane to obtain

the point spread function and compute the corrected amplitude transfer function as Fd =

ATFd = F(PSFd) = F(ASM(fd,d)), which we use in Eq. (4.18) to perform frequency-

domain aberration correction for the occlusion-processed layer. Note that this calibration

procedure can be performed for different focal distances, and parameters can be piecewise

linearly interpolated [175].

For compact eyeglass-like setups (i.e., Maimone et al.’s compact AR prototype), the

same procedure can be followed by determining the unmagnified image location and the

optical power of the diffractive lens while calibrating the kernel parameters to correct the

system and eye aberrations jointly. Using a diffractive lens can yet cause strong aberra-

tions that require spatially-varying aberration correction. In this case, we can calibrate the
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display at multiple points (i.e., 15 points) and update the above procedure by convolving

a spatially varying PSFd(x,y) calculated by interpolating the nearest measured parameters.

Note that this operation can only be performed in the spatial domain but not in the Fourier

domain. However, GPUs can accelerate this process, and speed is ultimately not critical

for dataset generation. On the learning side, the CNN needs to receive an additional two-

channel image that records the normalized xy coordinates to learn aberration correction in

a spatially-varying manner. While this advanced task is exciting with a clear solution path,

we defer it to future work.

4.2.6 Software Implementation

Algorithm 2 Depth peeling for LDI rendering
N: the number of layers in the output LDI
X ,Y : spatial resolution of the output LDI
C: an RGB image buffer
D0,D1: two depth buffers
Fxy: the set of all fragments defined at location (x,y)

1: D1 0
2: for i 0 to N�1 do
3: CLEAR(C)
4: Di%2 •
5: parfor x 0 to X�1, y 0 to Y �1 do . shader
6: for f in Fxy do
7: if f .frontfacing and f .depth > D(i+1)%2(x,y) and f .depth <

Di%2(x,y) then
8: C(x,y) = f .color
9: Di%2(x,y) = f .depth

10: SAVE(C, Di%2) . save i-th layer of LDI

We efficiently render LDI using depth peeling [72]. It is a rendering method originally

developed for order-independent transparency, and an LDI is an intermediate product of the

algorithm. To generate a N-layer LDI, depth peeling runs the rendering pipeline N times

and simultaneously maintains two depth (Z) buffers. One works conventionally, while the

other remains a constant at each rendering pass and sets the minimum distance at which a

fragment can be drawn without being discarded. For each pass, the previous pass’s conven-
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Table 4.1: Runtime performance of TensorHolo V2 RGB-D CNNs on GPU and iPhone 13
Pro. The numbers are reported for the CGH synthesis networks with a different number of
convolution layers. When the target hologram plane offsets from the midpoint hologram,
the addition of the pre-filtering CNN adds 4.8 ms for an TITAN RTX, and 60 ms for an
iPhone 13 Pro.

30 layers 15 layers 8 layers

NVIDIA TITAN RTX 40ms 25ms 17ms
iPhone 13 Pro 478ms 297ms 209ms

tional Z-buffer is used as the current minimal Z-buffer so that the content right behind the

previous pass is rendered. The pseudocode of depth peeling is outlined in Algorithm 2.

The CNNs are implemented and trained using TensorFlow 1.15 on an NVIDIA RTX

8000 GPU with Adam optimizer. The hologram synthesis CNN uses the same residual

network architecture as the V1 CNN, which consists of 30 convolution layers with 24 3⇥3

kernels per layer (see [224] for the discussion of design choice). The pre-filtering CNN

uses the same architecture, but with only 8 convolution layers and 8 3⇥3 kernels per layer.

When the target hologram coincides with the midpoint hologram, the pre-filtering CNN

can be omitted. The learning rate is 0.0001 with an exponential decay rate of b1 = 0.9 for

the first moment and b1 = 0.99 for the second moment. The first stage training runs for

3000 epochs. The second stage training first pre-trains the pre-filtering CNN 50 epochs

for identity mapping and then 1000 epochs jointly with the hologram synthesis CNN. The

pre-training accelerates the convergence and yields better results. Both versions of CNN

use a batch size of 2, wdata = 1.0, wpcp = 1.0, wtgt-pre = 0.07, where wdata,wpcp,wtgt-pre are

the weights for the data fidelity loss, the dynamic focal stack loss, and the regularization

loss. Other parameters remain the same as TensorHolo V1. Table 4.1 lists the runtime

performance of TensorHolo V2 RGB-D CNNs on an NVIDIA TITAN RTX GPU and an

iPhone 13 Pro. In particular, the speed improvement on the mobile device is following

Moore’s law (1.1 Hz to 5 Hz from iPhone 11 Pro to 13 Pro), which could promise real-time

performance in a horizon of 5 years if this trend continues. Other dedicated ASICs for

CNN, such as Graphcore IPU, Google TPU, and Groq TSP, may also enable efficient edge

and cloud hologram computation and streaming for personal entertainment and enterprise
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Table 4.2: Methods comparison on the validation set. The unbracketed result is calcu-
lated for the amplitude map of the predicted hologram, the bracketed result is calculated by
averaging the results of a focal stack with 15 most frequent depths and 5 random depths for
each image.

Methods PSNR (dB) SSIM

Maimone et al. [175] 21.6 (21.3) 0.816 (0.808)
Shi et al. [224] 23.6 (23.2) 0.830 (0.821)
Ours (RGB-D) 29.4 (28.9) 0.945 (0.942)

Ours (LDI) 29.6 (29.1) 0.947 (0.944)

devices.

4.2.7 Simulation Assessment

We qualitatively and quantitatively evaluate TensorHolo V2 CNNs in simulation. Figure 4-

20 compares the depth-of-field images reconstructed by the complex hologram prediction

of the V1 CNN, the V2 CNNs Stage 1, and the ground truth. The rendered LDIs and real-

world captured RGB-D inputs can be found in Fig. 4-19. The V2 RGBD-CNN largely

removes the artifacts at the occlusion boundaries, compensates the missing wavefront with

a plausible estimation of the occluded pixels, and is robust to depth misalignment in the

real-world captured inputs (see Fig. 4-20b). When the foreground of the depth boundary

has extraordinary pixels, such as the specular white dot in the yellow inset of the frog scene

(see Fig. 4-20a Row 2 Column 3), the V2 RGBD-CNN can mis-extrapolate the occlusion

and produce an inaccurately defocused background. The V2 LDI-CNN eliminates this error

with the LDI input (see Fig. 4-20a Row 2 Column 4). On the challenging validation set,

V2 RGBD-CNN and V2 LDI-CNN perform similarly, both outperforming the V1 CNN and

Maimone et al. by a large margin (see Table 4.2). DDPM robustly performs the phase-

only conversion at detail-rich, high-frequency, high-contrast, and low-amplitude regions

with full automation (see Fig. 4-21a and video results at http://cgh-v2.csail.mit.edu). In all

examples, DDPM simultaneously achieves high resolution and speckle-free reconstruction.

In contrast, AA-DPM and BL-DPM have to trade between resolution and speckle noise via

different filter strengths. Benefiting from the display-specific training, DDPM maintains
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Figure 4-19: RGB-D and LDI inputs used in this paper. From top to bottom and left
to right: ’Couch’ and ’Mansion’ from Kim et al.[139], a living room scene from Xiao et
al.[258], a forest scene from Padmanaban et al.[200], ’Wanderer’ and ’Tree Creature’ by
Daniel Bystedt, ’PartyTug 6:00AM’ by Ian Hubert, ’Flower’ from Mildenhall et al.[190],
’Big Buck Bunny’ by (© 2008, Blender Foundation), and ’MIT-EECS-Logo’ by the au-
thors. ’Couch’, ’Mansion’, and ’Flower’ are real-world captured, and the rest are rendered.
’Wanderer’ and ’Tree Creature’ are LDIs and the subsequent layers are visualized at the
top corners. The yellow boxes mark the regions with obvious depth misalignment or in-
consistency, the soft leave edges in the depth map of ’Flower’ are not marked.
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Figure 4-20: Performance evaluation of TensorHolo v1, TensorHolo v2-RGB-D, and
TensorHolo v2-LDIs. a Comparison of 3D holograms for computer-rendered scenes. The
yellow inset marks the region of interest. b Comparison of 3D holograms for real-world
captured scenes.
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Figure 4-21: Performance evaluation of DDPM. a, Comparison of simulated reconstruc-
tion using DDPM, AA-DPM, and BL-DPM for midpoint hologram. For AA-DPM and
BL-DPM, two filter strengths are applied: the weaker one results in similar sharpness to
DDPM; the stronger one results in an artifact-free image. b, Comparison of simulated re-
construction using DDPM, DDPM (without the pre-filtering CNN), and AA-DPM for target
holograms with 6mm, 12mm, and 24mm offset to midpoint hologram. The filter strengths
used for the boat and the couch scene are (s = 1.0,w = 5) and (s = 0.8,w = 3) respec-
tively. They are the minimal strengths that result in artifact-free images for the midpoint
hologram. c, Comparison of pre-encoding target hologram phase and its double-phase en-
coded phase-only hologram predicted by CNNs trained with and without the regularization
loss. The hologram plane is offset by 6mm.
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the image resolution when hologram planes are offset against the 3D volume (see Fig. 4-21b

Bottom), the addition of the pre-filtering CNN preserves the image contrast (see the human

limbs and perpetual calendar in Fig. 4-21b Middle). In opposite, using AA-DPM with filter

strength optimized for the midpoint hologram is inadequate and produces ringing artifacts

at distant hologram planes (see Fig. 4-21b Top). Successful DDPM training benefits from

the regularization loss to minimize phase wrapping (see Fig. 4-21c).

4.2.8 Experimental Setup

A benchtop holographic display is constructed and calibrated for experimental verification

(see Fig. 4-22). The setup uses a HOLOEYE PLUTO (VIS-014) phase-only LCoS with

a resolution of 1920 ⇥ 1080 pixels and a pixel pitch of 8 um. This SLM provides a re-

fresh rate of 60 Hz (monochrome) with a bit depth of 8 bits. The laser is a FISBA RGBeam

single-mode fiber-coupled module with three optically aligned laser diodes at 638, 520, and

450 nm wavelengths. The diverging beam emitted by the laser is collimated by a 300mm

achromatic doublet (Thorlabs AC254-300-A-ML) and polarized (Thorlabs LPVISE100-A)

to match the SLM’s function polarization direction. The beam is directed to the SLM by

a beamsplitter (Thorlabs BSW10R), and the SLM is mounted on a linear translation stage

(Thorlabs XRN25P/M). When displaying holograms with different relative positions to the

3D volumes, we adjust the linear translation stage to keep the position of 3D volumes sta-

tionary and thus avoid modifying the following imaging optics. The modulated wavefront

is imaged by a 125 mm achromat (Thorlabs AC254-125-A-ML) and magnified by a Meade

Series 5000 21 mm MWA eyepiece. An aperture is placed at the Fourier plane to block

excessive light diffracted by the grating structure and higher-order diffractions. A SONY

A7M3 mirrorless full-frame camera paired with a 16-35mm f/2.8 GM lens is used to pho-

tograph the results. A Labjack U3 USB DAQ is used to send field sequential signals and

synchronize the display of color-matched phase-only holograms.
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Figure 4-22: Schematic of the experimental holographic display prototype. The cylin-
drical lens is used for the aberration-correction experiment (see Fig. 4-24). The control box
of the laser and Labjack DAQ are not visualized.

4.2.9 Experimental Results

We photographed 3D holograms of both rendered and real-world scenes generated by the

V2 RGBD-CNN (see Fig. 4-23). The hologram planes are offset differently from the 3D

scenes to evaluate the DDPM performance.

Compared to the video result of TensorHolo V1, the Big Buck Bunny result (see Fig. 4-

23 top and video result at http://cgh-v2.csail.mit.edu for continuous 3D refocusing) no

longer present visible dark seams around foreground objects such as the bunny body and

tree vines. The mansion result (Fig. 4-23 middle) validates TensorHolo V2’s robustness

to depth misalignment. Unlike Fig. 9 of TensorHolo V1, artifacts on the blue window,

fence, and shrubs are eliminated, and the resulting 3D image is more naturally defocused.

Reconstructed at a further distance, the boat result (Fig. 4-23 bottom) reproduces smooth

color gradients of the wall and the water surface owing to accurate phase control from a

per-pixel voltage-to-phase look-up table (see Methods for details). The human and dog in

the foreground are absent from speckle noise that would otherwise appear if AA-DPM was

used (see Fig. 4-21b). In all results, the V2 RGBD-CNN consistently produces realistic

depth boundaries using a single RGB-D input. Video results at http://cgh-v2.csail.mit.edu

further demonstrate real-time computation and playback of 3D holograms calculated for
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Figure 4-23: Experimental demonstration of holographic 3D projections. Two
computer-rendered (Top/Bottom) and one real-world captured (Middle) scenes are dis-
played and photographed for target holograms located at three different distances (marked
on the left) to the midpoint hologram. The yellow box marks the foreground object of in-
terest, and the blue box marks the background object of interest. Readers are encouraged
to zoom in to examine the image details.
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cellphone-captured RGB-D videos, where the V2 RGBD-CNN robustly handles depth mis-

alignment. To demonstrate aberration correction, we place a cylindrical lens with a focal

length of 200 mm in front of the eyepiece to cause astigmatism (see Fig. 4-22). The cylin-

der axis is placed vertically, causing the originally in-focus object to primarily exhibiting

horizontal blurs. We performed system identification (see Methods for details) and gen-

erated an aberration-corrected dataset with 256 (8-bit) depth levels. The trained network

predicts holograms that compensate for aberration for both the random scene in the vali-

dation set (see Fig. 4-24a), natural scenes, and test patterns (see Fig. 4-24b). The captured

front focus image in the tree frog scene closely resembles the simulation of an unaberrated

system in Fig. 4-21a.

4.2.10 Discussion

TensorHolo V2 makes a step towards the end-to-end synthesis of 3D phase-only holograms.

It is fully automatic, robust to rendered and misaligned real-world inputs, produces real-

istic depth boundaries, and corrects vision aberrations. By reusing the minimalistic CNN

architecture in TensorHolo V1, it runs in real-time on a consumer-grade GPU and 5 FPS

on an iPhone 13 Pro (see Methods for runtime performance details), promising real-time

mobile performance in future-generation AR/VR headsets and glasses.

To further produce a more visually engaging 3D experience and reduce the computa-

tional complexity, many extensions to the current method are worth investigating. One is

foveation-guided holographic rendering [42, 36, 40, 251]. For stereoscopic and light-field

AR/VR displays, foveated rendering lowers the image quality at the peripheral vision to re-

duce rendering cost [96, 202, 241]. In the context of holographic rendering, a 2D hologram

with synthetic blur can be used for peripheral vision instead of a true 3D hologram. As eye

trackers become widely available in next-generation head-mounted displays, this can be a

powerful computation-only approach to improve the rendering performance.

Another direction to be reiterated here is to support view-dependent effects. Although

an LDI provides sufficient scene information from one perspective, view-dependent effects

are not explicitly modeled since disoccluded regions or out-of-view objects will become
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Figure 4-24: Performance evaluation of vision aberration correction. a Top: A holo-
gram calculated for normal vision. Middle: A hologram calculated using the proposed
variant of SM-LBM that corrects a synthetic astigmatic vision induced by a 200mm cylin-
drical lens. The calibration method is detailed in Methods. Bottom: The CNN trained
on the astigmatism-corrected dataset jointly performs diffraction simulation and aberration
correction. The PSNR and SSIM of the predicted hologram are marked on the top right
corner. b Experimentally captured CNN-predicted holograms of a natural scene and a test
scene without (Left) and with (Right) astigmatism correction. The yellow and the blue box
marks the foreground and the background object of interest, respectively. The in-focus ob-
ject in the corrected hologram exhibits horizontal blurs in the uncorrected hologram (i.e.,
treefrog’s tentacles, eye reflections, tree leaves, and test patterns).
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visible from other views, as well as occlusion of currently visible points. However, such

localized 3D experience may be sufficient for head-mounted displays since holograms can

be dynamically updated to reflect the changed user’s viewpoint as the rendering of LDI is

efficient. Yet, a hologram that supports a view-dependent effect is beneficial when fabri-

cating ultra-high-resolution static copies. To design a scene representation sufficient for

modeling view-dependent effect, one could render multiple LDIs from evenly sampled

viewpoints within an arc or a line of view space, and compact LDIs into a master LDI plus

side information of disocclusion, new occlusion, and out of view scene through point cloud

duplication detection. One could also replace LDI with recently emerged neural scene rep-

resentation (i.e., NeRF [191]), which uses a coordinate-based neural network to compactly

memorize the entire 3D volume. For hologram rendering, Zhang et al. [271] showed that

Fourier domain segmentation and stitching of multiple holograms rendered from different

viewports could provide a continuous view-dependent effect for large baseline movement.

Co-designing a learning-based system to incorporate both new input representations and

new rendering schemes can further unleash the power of holograms when higher resolu-

tion SLMs become available.

The current system also requires a Fourier filter to shield higher-order diffractions for

producing a clean image. Changing the image formation model to model higher-order

diffractions explicitly can potentially remove the need for optical filtering [94] and increase

the method compatibility to enable more flexible display designs. Meanwhile, the current

ground truth focal stack is rendered under the assumption of a coherent imaging model,

the real-world depth of field yet follows the incoherent imaging model. This can create a

mismatch of defocus blur when overlaying virtual objects with real-world scenes. Using

an incoherent rendering model to generate the target focal stack while matching it under

the constraint of the coherent propagation model may offer a more realistic 3D perception

without breaking holography’s principle of operation. This can be further combined with

temporal time-multiplexing to improve the image quality [153]. We discuss these improve-

ment in Chapter 6.

The current system uses Maimone et al.’s phase initialization to suppress speckle noise;

however, the artificially-enforced smooth phase distribution could computationally con-
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strain the angular spectrum and lead to reduced eyebox. A potential way to maximize

the eyebox is to add pupil modeling in the Fourier plane during the unsupervised training

stage. Because the pre-encoding phase is not forced to match the target hologram, the fil-

tering of eccentric pupils can encourage a broad angular spectrum bandwidth to maintain

image quality for different pupil locations while keeping the speckle low.

When miniaturizing a holographic display into an eyeglass-like form factor, one must

deal with spatially-varying optical aberrations[175] inevitably. A successful demonstra-

tion of a learning system that produces aberration-corrected content for an eyeglass-like

prototype will be necessary for industry adoption of holography.

Finally, the proposed system provides a limited immersive 3D experience due to the

SLM’s low space-bandwidth product. Consequently, the development of SLMs with higher

pixel density, faster refresh rate, higher bit depths, and possibly joint amplitude and phase

modulation are imperative. Designing compact combining optics (i.e., holographic opti-

cal element (HoE) lens, geometric phase lens, and waveguides) with less aberration/more

substantial optical power and novel optical path folding structures are also critical to the

success of miniaturizing the display form factor [176, 216].

4.3 Neural Compression for Hologram Images and Videos

As of the 2020s, over 80% of internet traffic is dedicated to transmitting images, videos,

and live streams, reflecting a shift in user preferences from text-based to visual content.

Should the promises of holography be fulfilled in the near future, we anticipate a further

shift from pixels that simply depict the 2D slice of 3D space to pixels that record intangible

wavefronts that directly encoding the underlying 3D environment. While the formality of

the content remains as 2D images, the existing data compression algorithms may no longer

be suitable for CGHs, as they possess distinct characteristics from natural images. Naively

applying these algorithms may lead to low compression rates and large compressed files,

resulting in significantly increased ingress and egress costs, especially for high-resolution

content (e.g., 4K and 8K) tailored for virtual and augmented reality applications.

In the meantime, designing new compression schemes for CGHs by following the ex-
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isting compression routines of block-based segmentation, frequency space encoding, and

dropping high-frequency components can be sub-optimal, as high-frequency interference

fringes in CGHs could be even more critical than other components for the presentation

of 3D images. Since CGHs encode the underlying 3D images in a non-WYSIWYG man-

ner, hand-crafting compression algorithms becomes challenging due to the difficulty of

inferring the function of seemingly random interference patterns. With the rise of cloud-

based streaming as the new standard for content consumption, this chapter devises a neural

network-based framework for hologram encoding and decoding that yields higher com-

pression efficiency. This framework also distributes computation between the cloud server

and the edge, with the goal of reducing both data transmission and computation on both

ends.

4.3.1 Motivation

As shown in previous sections, a CGH represents a 2D slice of the optical wavefront as

a complex-valued image, which differs from the domain where the conventional image

and video lie. A CGH also necessitates high-frequency interference fringes to produce a

realistic depth of field effect. In contrast, conventional image and video codecs discard

visually insignificant high-frequency details to achieve a higher compression rate. These

unmatched design choices lead to suboptimal compression performance when applying ex-

isting codecs to CGHs. For practical virtual and augmented reality applications, the ultra-

high-resolution CGH (16K+) needed to simultaneously support a wide field of view, and a

large eye box could further magnify codec inefficiency and impose a significant challenge.

There have been many efforts to tackle CGH compression. Quantization and transform

coding are the two main compression techniques. Quantization schemes employ reduction

of bit level [247], non-uniform coding [231], and vector quantization [246, 260], while

transform coding uses Discrete Cosine Transform (DCT) [219, 209], Discrete Wavelet

Transform (DWT) [232, 46], and their variants [25, 68] to find compact basis. Dispos-

ing of the hologram amplitude further produces a phase-only hologram. Alternative phase

representation [269], phase difference representation, and neural networks [143] can en-
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Image mode Video mode

Figure 4-25: HiFiHC pipeline for hologram image and video compression. For image
compression, the encoder E encodes one latent code for the hologram’s real and imaginary
components. The latent code is quantized by Q, entropy coded with side information gen-
erated through P, decoded by G, and classified by D. For video compression, E takes an
H.265 compressed frame with its associated residual and encodes a latent code only for
reconstructing the residual. The reconstructed residual is added back to the H.265 frame.

code such holograms more efficiently. JPEG Pleno Holography provides a uniform com-

pression standard for digital holography, including common test conditions for proponent

methods [194]. A majority of these works are designed for random phase holograms with

noise-like statistics that enables a wide field of view, while recent works [175, 224] suggest

that smooth phase holograms with natural-image-like portfolios may induce less severe

speckle and facilitate rapid phase-only encoding [175, 224, 111, 10]. Despite the pros and

cons when applying either type of hologram to different applications, compression algo-

rithms specialized for smooth-phase holograms are not well exploited.

Inspired by recent advances in deep optics [235], neural compression for conventional

image/video [16, 192, 188], and large-scale hologram datasets [224], we propose High Fi-

delity Hologram Compression (HiFiHC), a learning-based end-to-end compression method

for smooth-phase complex hologram images and videos targeted for near-eye displays with

eye-piece, where hologram has limited depth range. For hologram images, an encoder

network is learned to compress the hologram into a low-dimensional latent code, and a

decoder network reconstructs the hologram. For hologram videos, High Efficiency Video

Coding (HEVC, a.k.a. H.265) with a high constant rate factor compresses the low and

mid-frequency content, while an encoder-decoder network compresses the high-frequency

residual critical for the 3D image formation with assistance of motion vectors in the H.265
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video.

4.3.2 High Fidelity Hologram Compression (HiFiHC)

Figure 4-25 shows the pipeline of HiFiHC. The architecture of HiFiHC repurposes High

Fidelity Compression (HiFiC) [188], a network designed for conventional image compres-

sion, adjusted for hologram input, dataset, and to incorporate domain-specific loss. Specif-

ically, it consists of an encoder E, a generator G, and a discriminator D. HiFiHC takes a

6-channel tensor input x 2 R6⇥Rx⇥Ry created by concatenating the real and imaginary part

of the complex hologram, where Rx and Ry are the spatial resolution of the hologram. The

encoder produces a quantized latent y = E(x), which is further decoded by the generator

G to obtain a lossy reconstruction x0 = G(y). Using a probability model Pr and an entropy

coding algorithm (e.g. arithmetic coding [179]), the latent y can be stored losslessly using

bitrate r(y) =� log(Pr(y)). The discriminator produces a scalar value D(y,x) and D(y,x0),

indicating the probabilities that x and x0 are real or fake (synthetic), respectively.

We train HiFiHC as a conditional generative adversarial network (GAN), where the the

(E, G) tries to “fool” D into believing its lossy reconstructions are real, while D aims to

classify the lossy reconstructions as fake and the uncompressed inputs as true. The loss

function for training (E, G) is given by

L(E,G) =wrr(y)+wholo||x� x0||1 +w f sd f s(x,x0)

�wD log(D(x0,y)).
(4.33)

Here wr,wholo,w f s, and wD are the hyper-parameters controlling the trade-off between the

terms, d f s defines a dynamic focal stack loss following Shi et al. [224] that encourages

the focal stack reconstructed from the compressed hologram to match the one from the

uncompressed input.

The loss function for training D is

LD =� log(1�D(x0,y))� log(D(x,y)), (4.34)
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which encourages the uncompressed hologram to be classified as 1 (True) and the com-

pressed hologram as 0 (Fake).

For hologram video compression, compressing each frame to an individual latent pre-

vents exploitation of temporary redundancy. Instead, we compress amplitude and phase

into two regular videos using H.265 with a constant rate factor (CRF) of 23, which is insuf-

ficient for preserving fine interference fringe to recover the 3D scene details. Nevertheless,

Predicted frames (P-frames) and Bidirectional predicted frames (B-frames) in each video

encode the motion vectors, which can be leveraged during the residual learning. Denote the

H.265 compressed frame x265 (converted to real+imaginary representation) and the residual

Dx = x�x265. We train a HiFiHC network to predict Dx with a 12-channel tensor input cre-

ated by concatenating Dx and x265 along the channel dimension. Let Dx0 be the compressed

residual, Dy be the latent of Dx, we train HiFiHC using an updated loss for (E,G)

LD(E,G) =wDrr(Dy)+wDholo||Dx�Dx0||1

+wD f sdD f s(Dx+ x265,Dx0+ x265)

�wDD log(D(Dx0+ x265,Dy))

(4.35)

and an updated loss for D

LD =� log(1�D(Dx0+ x265,Dy))� log(D(Dx+ x265,Dy)). (4.36)

When encoding the residual frames, we consider one group of pictures (GOP) as a batch

of frames. The residual of the GOP’s Intra-coded frame (I-frame) is first compressed and

denoted as Dx0I. Let xP be the anchored P-frame, and x265_P be the H.265 compressed frame.

We compute the motion-compensated P-frame residual as

DxP = xP� (x265_P +warp(Dx0I,MI!P)), (4.37)

where MI!P is the motion vector from the I-frame to the P-frame. Let Dx0P be the com-

pressed residual and DxP = Dx0P +warp(Dx0I,MI!P), the motion-compensated residual of

148



an anchored B-frame is given by

DxB = xB� (x265_B +warp(Dx0I,MI!B)+warp(DxP,MP!B)), (4.38)

where MI!B, MP!B are the motion vector from the I-frame to the B-frame and the P-frame

to the B-frame, respectively.

We train both versions of HiFiHC on the MIT-CGH-4K V2 dataset [226]. For the video

version, we fine-tune the model using holograms rendered from the video sequence used

in Xiao et al. [257]. To be used with a practical holographic near-eye display, we configure

holograms in the dataset to have a 15mm propagation distance from the hologram to the

3D content. Still, we also evaluate HiFiHC performance at other propagation distances .

Following HiFiC, we use the hyper-prior model [16] for Pr, and we pretrain (E, G) for 1

million iterations using L(E,G) (without the last term) before training the full conditional

GAN for another 1 million iterations. At evaluation, we use mv-extractor [27] to extract

the motion vector.

4.3.3 Assessment

For hologram images, we evaluate HiFiHC against High Efficient Image File Format (HEIC) [2]

and Better Portable Graphics (BPG) [1]. We omit JPG since it showed far worse perfor-

mance. Figure 4-26 shows a comparison of a rendered boat scene and a real-world mansion

scene evaluated by a model trained to yield results at a compression rate of ⇠0.3 bit per

pixel (bpp). In the less cluttered boat scene, ripple-like interference fringes surrounding

the subjects (i.e., rope, boatman, dog) are visible and relatively isolated. HiFiHC faith-

fully preserves mid and high-frequency fringe details amid smeared subject content due to

defocusing. In contrast, the mid-frequency fringes (i.e., around the dog and dock man) are

largely obviated in HEIC and BPG results. The structure of high-frequency fringes is bro-

ken due to the block-based compression pattern, and the contrast of rainbow-like intensity

alternation is reduced. Consequently, the refocused depth of field images exhibits reduced

sharpness and increased ringing artifacts. The highlighted mansion fence inset possesses

heavily intermingled features due to interlaced depths. The interaction between randomly-
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HiFiHC (0.37 bpp)
26.67 db | 26.15 db

0.878 | 0.905

BPG (0.37 bpp)
23.16 db | 21.32 db

0.706 | 0.708

HEIC (0.37 bpp)
22.70 db | 21.30 db

0.715 | 0.706

Uncompressed
(16.6 bpp) 

HiFiHC (0.28 bpp)
32.69 db | 31.74 db

0.929 | 0.955

BPG (0.28 bpp)
29.14 db | 27.30 db

0.851 | 0.872

HEIC (0.28 bpp)
28.88 db | 27.26 db

0.852 | 0.854

Uncompressed
(13.5 bpp) 

HiFiHC Phase

HiFiHC Amplitude

HiFiHC Phase

HiFiHC Amplitude

refocused depth of field magehologram in-focus content

Figure 4-26: Comparison of HiFiHC, HEIC, and BPG performance on hologram images.
Readers are encouraged to zoom in and examine details. The second and the third row in
each label mark the peak signal to noise ratio (PSNR) and structure similarity index (SSIM)
for the hologram amplitude (first number) and the refocused DoF image (second number).
Source images: PartyTug 6:00AM (left) by Ian Hubert, and Mansion (right) from Kim et
al. [139]. More discussion to be added.
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Frame 0
(I, 0.200 bpp)

Frame 1
(B, 0.123 bpp)

Frame 2
(B, 0.123 bpp)

Frame 3
(B, 0.122 bpp)

Frame 4
(P, 0.147 bpp)

Frame 0
(I, 0.166 bpp)

Frame 5
(B, 0.143 bpp)

Frame 12
(P, 0.156 bpp)

Frame 17
(B, 0.142 bpp)

Frame 24
(P, 0.156 bpp)

30.75 dB 30.13 dB 30.32 dB 30.11 dB 30.38 dB

0.925 0.913 0.916 0.911 0.914

0.910 0.895 0.900 0.888 0.897

29.73 dB 28.63 dB 29.18 dB 28.32 dB 29.00 dB

32.33 dB 31.12 dB 29.57 dB 29.24 dB 29.39 dB

0.946 0.930 0.919 0.903 0.911
31.62 dB 30.03 dB 28.62 dB 28.18 dB 28.29 dB

0.936 0.919 0.910 0.889 0.893

in-focus content

Figure 4-27: Comparison of HiFiHC and H.265 (at lower CRF) performance on hologram
videos. Readers are encouraged to zoom in and examine details. In each inset, the top
right and bottom left numbers mark the PSNR and SSIM for the refocused DoF image.
The second row in the frame label marks the frame type and the bpp of the HiFiHC latent
code. Source images: Big Buck Bunny (top) by Blender Foundation, and Horns (bottom)
from Mildenhall et al. [190]. The H265 (lower CRF) results use CRF of 15 and 18 for Big
Buck Bunny and Horns respectively, both of which yield a similar amount of additional
bpp compared to HiFiHC.

oriented shrub leaves makes the aggregated fringes away from contouring shapes. Despite

challenging, HiFiHC reasons such interaction through the dynamic focal stack loss and re-

tains the dominating features for producing a sharp foreground after refocusing. Instead,

BPG and HEIC significantly underperform, especially when evaluated in the image domain

and the refocused results appear nearly uniformly blurred. Evaluation of additional image

scenes, offset distances, and rate-distortion curves are visualized in Fig. 4-28/4-31/4-32).

For hologram videos, we evaluate HiFiHC against H.265 videos encoded at a lower

CRF that incurs the same amount of additional per-frame bpp. Figure 4-27 shows a com-

parison of sequences of a rendered bunny scene and a real-world fossil scene evaluated by

a model trained to yield results at a +⇠0.15 bpp per hologram. In the selected frames of

the bunny scene, the bunny takes a fast motion with non-rigid deformation, whereas the

background stays relatively stationary. HiFiHC reduces 27%/39% of bpp for P/B-frames

151



with motion compensation, and the eyes of the bunny remain sharply focused across the

GOP regardless of the frame type. In contrast, the eye sharpness noticeably degrades in the

P/B-frames of the lower CRF video. In the selected frames of the fossil scene, the camera

undergoes a revolving motion, and all pixels translate with a scaled inverse proportional

to the distance to the camera. For this challenging case, HiFiHC still gains a 6%/14% re-

duction of bpp through motion compensation. Although HiFiHC is trained solely on the

residual of a synthetic dataset, it well handles real-world scenes with sharper DoF images

across all frame types, relatively. Evaluation of additional video scenes, offset distances,

and rate-distortion curves are visualized in Fig. 4-29/4-30/4-31/4-32.

When constructing practical holographic head-mounted displays (HMDs), the 3D im-

age formed by the hologram locates approximately one focal length behind the eyepiece,

whereas the SLM is typically placed closer to reduce the display form factor. This induces

a propagation distance from the hologram on the SLM to the volume of the 3D image, and

this distance can vary based on different design choices and targeted applications of the

HMDs. Here, We evaluate HiFiHC performance at various propagation distances. Specif-

ically, we train HiFiHC models at 5mm, 10mm, 15mm, and 20mm propagation distances

from the hologram to the 3D image. Figure 4-31 illustrates the compression performance

of HiFiHC versus the conventional codecs. For both image and video compression, Hi-

FiHC maintains the performance gain across all the tested propagation distances. In image

compression, HiFiHC shows a slower performance drop when the propagation distance is

prolonged. This is because conventional codecs are only optimized for images with nat-

ural statistics, and the hologram statistics differ more from it as the propagation distance

prolongs. In contrast, the independently-trained HiFiHC model is less sensitive to the holo-

gram statistics changes. For video compression, our hybrid approach of using HiFiHC to

compute residual for a high CRF video has to suffer the performance drop of conventional

codec. However, it still consistently outperforms a lower CRF video by 1dB or more.

Figure 4-32 visualizes the rate-distortion(RD) curve for both image and video compression

evaluated at the hologram plane and a stack of object planes, for later of which five layers

are evenly sampled through the object space, and the mean PSNR is reported. The image

RD curves exhibit very different statistics from the video RD curves. For the image RD
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HiFiHC (0.20 bpp)
36.49 db | 35.49 db

0.964 | 0.976

BPG (0.20 bpp)
33.16 db | 31.21 db

0.924 | 0.938

HEIC (0.20 bpp)
32.27 db | 30.63 db

0.915 | 0.925

Uncompressed
(11.0 bpp) 

HiFiHC (0.28 bpp)
36.10 db | 34.68 db

0.965 | 0.969

BPG (0.28 bpp)
32.71 db | 28.84 db

0.920 | 0.880

HEIC (0.28 bpp)
31.69 db | 28.54 db

0.905 | 0.870

Uncompressed
(12.2 bpp) 

HiFiHC (0.20 bpp)
36.54 db | 34.03 db

0.958 | 0.958

BPG (0.20 bpp)
33.49 db | 31.62 db

0.918 | 0.924

HEIC (0.20 bpp)
32.95 db | 31.30 db

0.913 | 0.913

Uncompressed
(11.8 bpp) 

HiFiHC (0.26 bpp)
36.73 db | 35.47 db

0.971 | 0.969

BPG (0.26 bpp)
31.75 db | 30.61 db

0.909 | 0.910

HEIC (0.26 bpp)
31.38 db | 30.31 db

0.905 | 0.904

Uncompressed
(12.7 bpp) 

refocused depth of field magehologram in-focus content

HiFiHC Amplitude

HiFiHC Phase

HiFiHC Phase

HiFiHC Amplitude

HiFiHC Amplitude HiFiHC Phase HiFiHC Amplitude HiFiHC Phase

Figure 4-28: Additional comparison of HiFiHC, HEIC, and BPG performance on hologram
images. Readers are encouraged to zoom in and examine details. The second and the third
row in each label mark the peak signal to noise ratio (PSNR) and structure similarity index
(SSIM) for the hologram amplitude (first number) and the refocused DoF image (second
number). Source images: Couch (top left) from Kim et al. [139], Mr. Elephant by Glenn
Melenhorst, Robot (bottom left), and Home (bottom right) scene from Xiao et al. [257]
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Frame 0
(I, 0.154 bpp)

Frame 1
(P, 0.152 bpp)

Frame 2
(P, 0.154 bpp)

Frame 3
(P, 0.153 bpp)

Frame 4
(P, 0.150 bpp)

Frame 0
(I, 0.184 bpp)

Frame 7
(B, 0.165 bpp)

Frame 14
(P, 0.173 bpp)

Frame 21
(B, 0.161 bpp)

Frame 28
(P, 0.170 bpp)

30.54 dB 28.53 dB 28.88 dB 28.64 dB 28.63 dB

29.28 dB 26.51 dB 27.04 dB26.87 dB 27.23 dB
0.914

0.905 0.890 0.896 0.900 0.901

0.920 0.904 0.909 0.907

34.12 dB 34.12 dB 34.80 dB 34.84 dB 34.50 dB

32.61 dB 32.22 dB 32.76 dB32.92 dB 32.32 dB

0.944

0.923

0.941

0.911

0.948

0.926

0.952

0.929

0.950

0.925

in-focus content

Figure 4-29: Additional comparison of HiFiHC and H.265 (at lower CRF) performance
on hologram videos. Readers are encouraged to zoom in and examine details. The top
and bottom numbers in each inset mark the PSNR and SSIM for the refocused DoF image.
The second row in the frame label marks the frame type and the bpp of the HiFiHC latent
code. Source images: Orchids (top) from [190], and Market_5 (bottom) from MPI Sintel
dataset [34]. The H265 (lower CRF) results in the use CRF of 18 and 19 for Orchids and
Market_5, respectively, both of which yield a similar amount of additional bpp compared
to the HiFiHC.
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(P, 0.164 bpp)

Frame 3
(P, 0.172 bpp)

Frame 4
(P, 0.170 bpp)

Frame 5
(P, 0.174 bpp)

Frame 6
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Frame 18
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Frame 19
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Figure 4-30: Additional comparison of HiFiHC and H.265 (at lower CRF) performance on
hologram videos. Readers are encouraged to zoom in and examine details. Each inset’s top
and bottom numbers mark the PSNR and SSIM for the refocused DoF image. The second
row in the frame label marks the frame type and the bpp of the HiFiHC latent code. Source
images: Market_6 (top) and Cave_4 (bottom) from MPI Sintel dataset [34]. The H265
(lower CRF) results use CRF of 20 and 20 for Market_6 and Cave_4, respectively, both of
which yield a similar amount of additional bpp compared to the HiFiHC.
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Offset (mm) Offset (mm)

Image compression performance at different hologram offsets Video compression performance at different hologram offsets

Figure 4-31: Performance comparison of hologram image compression (left) and video
compression (right) under different offsets between the 3D volume and the hologram. The
PSNRs are calculated for the refocused insets in Fig. 2, Fig. 4-28 (for image compression);
Fig. 3, Fig. 4-29, Fig. 4-30 (for video compression). For both hologram image and video,
the PSNR decreases as the offset increases.

bpp

bpp

bpp

bpp

bpp

Figure 4-32: Rate-distortion curves for image and video compression evaluated at the holo-
gram plane and a stack of object planes. For object planes, five layers are evenly sampled
through the object space and the mean PSNR is reported. The PSNRs are calculated for
the scenes in Fig. 2, Fig. 4-28 (for image compression); Fig. 3, Fig. 4-29, Fig. 4-30, and
additional test scenes from Xiao et al. [257] (for video compression).
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curves, HiFiHC achieves a ⇠3dB improvement over BPG and HEIC at the hologram plane

and a +4dB improvement at the object plane. The relative improvement difference at the

hologram plane and the object planes is minor. In contrast, video-version HiFiHC only

achieves a ⇠0.2dB improvement at the hologram plane but a +1.4dB improvement at the

object plane, resulting in a big relative improvement difference. This is caused by the fact

that, in video compression, the CNN is only responsible for reconstructing the residual,

which contributes little to the overall intensity of the image. However, the residual often

presents the high-frequency information critical to the refocusing power of the hologram.

The focal stack loss encourages the reconstructed residual to preserve the most essential

details for refocusing, leading to a significant performance gap at the object planes that

requires more than a 0.3bpp increase to match. We note that the PSNRs reported for im-

ages and videos are not directly comparable as the test scenes have no overlap, and readers

should solely focus on the performance difference within each task category. The image

compression method may be adopted in extreme cases where directly encoding each frame

as an image outperforms video-based HiFiHC.

4.3.4 Discussion

In summary, these results demonstrate that HiFiHC can achieve superior image quality over

the conventional image and video codecs on compressing complex holograms for diverse

scenes of arbitrary resolution. Several challenges still need to be overcome for the practical

deployment of such a learning-based system. Currently, HiFiHC has a considerable model

size (2.2G) and runs at an interactive decoding speed (5 FPS for 1080P on an NVIDIA Tesla

V100 GPU, without TensorRT optimization). Nevertheless, further performance engineer-

ing such as CNN model compression and TensorRT optimization can reduce the model size

and improve runtime. With advances in low-power ASICS for accelerated CNN inference

and the rapid development of memory-efficient CNN architectures, we envision proposed

method to be available for the consumer holographic displays.
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Chapter 5

Multi Color Holography

In recent years, the quest for high dynamic range (HDR) has revolutionized the way we

view content on both TVs and monitors, offering a more lifelike and immersive experi-

ence. HDR TVs and monitors have the ability to display a wider range of colors, contrast,

and brightness levels than traditional displays, resulting in more vivid and visually appeal-

ing images. Holographic displays, like other types of field sequential color displays, create

full-color images by sequentially displaying single-color holograms, with each one ded-

icated to a specific wavelength of illumination (color channel). To display HDR content

with this color driving scheme, one must increase the peak brightness of the illumination

laser diode. However, doing so can give rise to various problems, such as the require-

ment for higher-grade (e.g., Class 3R: 1-5mw, Class 3B: 5-500mw) lasers that could pose

a risk to eye safety, increased component cost (e.g., Thorlabs 635nm 5mw laser diode:

$27.13, Thorlabs 635nm 15mw laser diode: $77.45), decreased power efficiency with un-

desired heat dissipation, and a greater likelihood of perceiving color break (also known as

the "rainbow effect"). Without using more powerful laser diodes, this chapter explores an

alternative approach for achieving HDR holography by optimizing multi-color holograms

that can be illuminated simultaneously by multiple color primaries with co-optimized in-

tensities. This method, termed HoloMultiColor, allows for higher utilization of each color

primary for brighter projection by dedicating additional "on" time in every subframe to

enhance the perceived brightness.
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5.1 Motivation

Color perception is an essential aspect of human experience. It enables us to distinguish

objects, interpret our surroundings, and influences our mood and emotions. Colors also

convey information in many contexts, such as traffic lights, advertising, and branding, and

can affect our behavior, including appetite, attention span, and purchasing decisions. For

these reasons, accurate color reproduction is critical for display and projection systems

since it directly impacts the quality of the delivered visual experience.

To display conventional 2D color images, three physical pixel pitches are required to

represent three scalar values in a trichromatic color, as the images are produced in a "what

you see is what you get" manner. In the case of LCD/OLED TVs and monitors, color array

filters (CFAs) are used to create sub-pixel structures for color reproduction (e.g., often in

the fashion of BGR, RGB, and RGBW). Projectors, on the other hand, use either 3 LCDs

with R,G,B color filters or high-refresh DMD with spinning color wheels to produce color.

In all cases, color reproduction necessitates 3x more pixels than grayscale reproduction,

and is explicitly realized in either the spatial or the temporal domain.

In contrast, holograms differ significantly in how they create images. They function as

a diffraction grating that directs light of different wavelengths in varying directions, but the

grating’s orientation and frequency vary across the hologram’s plane to create the intended

pattern in either the near or far field. Consequently, the appearance of each image pixel

is a collaborative outcome of light deflected by numerous hologram pixels. This opens up

the opportunity to engineer these locally-varying diffraction patterns to operate directly on

polychromatic illumination, creating desired color responses at the image plane without

dedicating a hologram pixel to a specific color primary. With improved pixel efficiency on

color reproduction, we may co-optimize color driving schemes and hardware to achieve

higher brightness or faster refresh rates.

Indeed, multicolor reflection and transmission holograms have been optically recorded

for decades. In reflection, a thick hologram is highly selective in wavelength but insen-

sitive to incident angles. Thus, we can jointly record three interference fringes inside the

same recording material using aligned red, green, and blue lasers, and reconstruct the color
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hologram with a single polychromatic light source as the hologram only reflects the wave-

length it has been recorded with. In transmission, a thick hologram is angularly selective

but wavelength tolerant. Thus, different angles shall be used for the three reference beams

during recording, and reading beams shall match the reference beams in both angle and

wavelength to yield position-aligned color images.

When a CGH is displayed on a spatial light modulator, it acts like a thin hologram

with lower diffraction efficiency (i.e., multiple diffraction orders) and fewer modulation

capacities compared to thick holograms, yet their operating principles are fundamentally

identical. To date, however, no multicolor CGH algorithms have been developed nor

accompanied hardware designs. This prevents utilizing the full modulation capacity of

CGHs and hinders the potential improvement in image brightness and frame rate. In this

work, we unlock this potential with HoloMultiColor, a CGH rendering framework that co-

optimizes multicolor holograms with corresponding RGB laser intensities via a gradient

descent-based optimizer with a combination of application-specific losses. By allowing

polychromatic illumination of CGH, we explore two use cases of HoloMultiColor for pro-

jection systems: 1) enhancing image brightness through temporal multiplexing of three

subframes as conventional field sequential color projection; 2) improving framerate using

fewer than three subframes. We experimentally verify our findings using a holographic

display prototype and show color-accurate results. The project codebase can be found at:

https://github.com/complight/holohdr.

5.2 Method

To obtain multi-color holograms that simultaneously operate on three wavelengths of il-

lumination, we depart from direct simulation methods (e.g., point-source or layered-based

methods used in prior sections), and formulate the task as an iterative phase retrieval prob-

lem. Without loss of generality, we consider a normal incident plane wave as the illu-

mination beam. To begin, optimizing conventional monochromatic holograms with field-

161



sequential color reproduction subjects to solving the following objective:

ûp, l̂p argmin
up,lp

3

Â
p=1

L (|lpeiup ⇤hp|
2
,sIp), (5.1)

where p denotes the index of a color primary, up is the SLM phase (for the active primary,

abbreviated thereafter), ûp is the optimized SLM phase, hp is the wavelength-dependent

light transport kernel for a chosen propagation distance of interest (i.e., the Fourier-space

kernel can be found in Eq. 4.15) [184], lp 2 [0.0,1.0] is the laser amplitude, l̂p is the op-

timized laser amplitude, Ip is the target image intensity, s is a global (across-primary) in-

tensity scaling factor for creating a brighter or dimmer target (set by default to 1.0), ⇤

denotes the convolution operation, and L denotes any valid loss function that measures

the difference between the reconstruction and target.

To support multicolor holograms, we extend the modeling of subframes’ responses to

polychromatic illumination. Let T be the total subframes for reproducing one color image

(i.e., 3 in the case of conventional holograms). Note that this is not to be confused with

the repetition of subframes in time-multiplexing holography, which aims to reduce speckle

noise [153, 48]. HoloMultiColor formulates the optimization problem as

ût , l̂(p,t) argmin
ut ,l(p,t)
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where p denotes the index of a color primary, l(t,p) 2 [0,1] represents the laser amplitude

for the p-th primary at the t-th subframe, lp denotes the wavelength of the active primary,

lpanchor represents the wavelength of the anchor primary, which is used to calibrate the

nominal value of the SLM phase (lpanchor is set to 515 nm in our hardware prototype), ut

is the SLM phase for the t-th subframe, l̂(p,t) is the optimized laser amplitude, ût is the

optimized SLM phase. In this formula, we uses a `2 loss to measure the difference between

the reconstruction and target. With T = 3, HoloMultiColor operates at the same refresh

rate as conventional full-color holographic displays. Depending on the scene, a theoretical

maximum intensity throughput of s = 3 is possible for every color primary since the human
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visual system integrates subframes over time. When T = 2 or T = 1, HoloMultiColor can

operate at a high refresh rate at the expense of color fidelity. To accelerate convergence

and improve experimental results, we employ two additional losses in practice to ensure a

robust HoloMultiColor hologram generation,

Ltotal = w1Limage +w2Llaser +w3Lvariation. (5.3)

where Limage equals the one defined in Eq. 5.2, w1,w2,w3 are weights of each loss (w1 =

3.0,w2 = 0.05,w3 = 0.1 in our implementation). The lavser loss Llaser is given by

Llaser =
3

Â
p=1

  
T

Â
t=1

l2
(p,t)

!
�max(Ip)s

!2

. (5.4)

For every color primary, Llaser encourages the sum of laser intensities across the subframes

to match the scaled maximum intensity of the target image. It accelerates the convergence

of Limage and consistently produces more accurate color in complex scenes (see Sec. 5.4

for an ablation study). The variation loss Lvariation is given by

Lvariation =
T

Â
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where — denotes the total variation operator, s(·) denotes the standard deviation operator,

ut(x,y) =

8
<

:
umean

t (x,y)+uoffset
t (x,y), x+ y is odd

umean
t (x,y)�uoffset

t (x,y), x+ y is even
. (5.6)

In our implementations, we use the total variation loss over an image pyramid of the recon-

structed images. Here, we use a variant of the traditional double-phase formula to obtain

the solution. Specifically, we add or subtract an offset phase uoffset
t from a mean phase

umean
t to obtain a low phase and a high phase for double phase interlacing (Eq. 5.6). The

variation loss discourages rapid change and large standard deviation for the low and high
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Figure 5-1: Holographic display prototype used in assessing HoloMultiColor holograms.

phase maps. It reduces the speckle artifacts commonly appearing in the experiments and

accelerates the convergence of Limage. When manually setting s close to its theoretical limit

(3 in case of T =3), a high-quality reproduction is not always guaranteed. Instead of finding

the highest s through trials or always using a low s attainable for almost all scenes, we

can jointly optimize s to be as high as possible under a user-specified image loss threshold

eimage,

ût , l̂(p,t), ŝ argmin
ut ,l(p,t),s

Ltotal�w4s , if Limage < eimage (5.7)

ût , l̂(p,t) argmin
ut ,l(p,t)

Ltotal , if Limage � eimage, (5.8)

where w4 is the weight hyperparameter for the scale. In Sec. 5.4, we show this conditional

update strategy helps discover a content-dependent maximum scale.

5.3 Experimental Setup

We construct a benchtop holographic display prototype for experimental evaluation (see

Fig. 5-1). Our prototype employs a fiber-coupled multi-wavelength laser light source, LA-
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SOS MCS4, combining three laser light sources with wavelengths of 473nm, 515nm, and

639nm. Two ESP32 boards are used to control our polychromatic laser light source, with

Digital-to-Analog Converters (DAC) available on the boards for precise power control.

To limit the diverging beams from our fiber, we included a pinhole aperture (Thorlabs

SM1D12) some distance from the fiber tip. After this pinhole aperture, we added a lin-

ear polarizer (Thorlabs LPVISE100-A) to align the polarization state with the fast axis

of the phase-only Spatial Light Modulator (Holoeye Pluto-VIS) for the light beams. The

phase-modulated beam is directed at a 4f imaging system consisting of two 50 mm focal

length achromatic doublet lenses (Thorlabs AC254-050-A) and a pinhole aperture (Thor-

labs SM1D12) to remove unmodulated and undiffracted light. In our experiments, we cap-

tured image reconstructions using a Ximea MC245CG-SY camera. We placed the camera

on an X-stage (Thorlabs PT1/M travel range: 0-25 mm, precision: 0.01 mm) and moved it

back and forth to take photographs from various depths.

5.4 Simulation & Experimental Assessment

Figure 5-2: ⇥1.63 brightness opti-
mized with dynamic scaling (100 ms
exposure, source image: Midjour-
ney).

We assess HoloMultiColor in terms of brightness,

frame rate, image quality, and color production

through simulation and experimentation.

Brightness Figure 5-3 shows photographs from

our holographic display for conventional and Holo-

MultiColor schemes (more sample results can be

found later). For such a scene in Fig. 5-3, HoloMul-

tiColor can safely support up to ⇥1.8 peak bright-

ness without causing significant image distortions or

artifacts. On the other hand, the conventional holo-

gram fails to support peak brightness higher than

⇥1.0 as in Fig. 5-3 and leads to distortions. Beyond ⇥1.8 peak brightness levels, images

are typically heavily dominated by noise in the conventional case. In contrast, HoloMul-
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Figure 5-3: Increasing peak brightness levels with HoloMultiColor. Photographs show that
HoloMultiColor can enhance the peak brightness levels of the captures up to ⇥1.8 without
noticeable artifacts or distortions. In contrast, the conventional hologram fails to support
beyond ⇥1.0 (Source: MidJourney, Inc., 140 ms exposure).

Figure 5-4: Photographs showing HoloMultiColor generating higher brightness beyond
⇥2.0 (source image: Midjourney, 50 ms exposure).
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Figure 5-5: Increasing peak brightness levels with our multi-color holograms. All pho-
tographs are captured at a 140 ms exposure. Our multi-color holograms can enhance the
peak brightness levels of the captures up to ⇥1.8 without artifacts or distortions, whereas
conventional holograms fail to support beyond⇥1.0 (140 ms exposure, source image: Mid-
journey).
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tiColor loses color integrity slightly or generates noises similar to the conventional case’s

⇥1.2 peak brightness case (see Fig. 5-4).

Supporting an artifact and distortion-free solution strictly at ⇥1.8 peak brightness lev-

els is not always guaranteed with HoloMultiColor, as each target scene’s content heavily

influences the results. Therefore, we also offer a dynamic scale option for HoloMultiColor

as introduced in Sec. 5.2. Figure 5-2 shows a sample result from this dynamic intensity

scale approach when enforcing the image loss to be below 0.01. In this sample result, the

dynamic intensity scale for HoloMultiColor automatically chooses the intensity level of a

targeted scene as ⇥1.63 rather than hardcoding as any other value (e.g. ⇥1.8). Thus, the

dynamic intensity scale for HoloMultiColor offers a content-adaptive solution for choosing

peak brightness levels.

Color production. Accurately reproducing colors for a scene can be complex since it

also involves identifying the relationship between laser control and image intensity. As

illustrated in previous figures, there is already a visible increase in intensity in multi-color

holograms. We must, however, assess whether these results are faithful reproductions of

the target scene’s color. To improve color reproduction, we built a multi-layer percep-

tron (MLP) model to control the colors generated by our method. Specifically, this MLP

with four hidden layers identifies the relationship between the laser powers suggested by

the optimization, l̂(p,t), and values provided to the laser driver. We evaluate the color re-

production of our results in Fig. 5-6 by comparing the color histogram of a target scene,

the conventional hologram reconstruction, and the multi-color hologram reconstruction for

each color primary. Our method’s histogram approximates the target, whereas the conven-

tional hologram fails to follow the trend beyond⇥1.0 peak intensity. We underline that our

method does not aim for color gamut enhancement. In addition, for curious readers, we

provide a theoretical analysis in the supplementary on addressable color gamut generated

by conventional and multi-color holograms.

Number of Subframes and color primaries In our evaluations, we use three subframes,

T = 3. However, as discussed in Sec. 5.2, our method could also use a lower number of
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Figure 5-6: Comparing red, green, and blue histograms of a target image with conventional
and multi-color schemes for varying intensity levels (Same target as Fig. 5-5, ⇥1�⇥1.8
intensity, 140 ms - 240 ms exposure).
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Figure 5-7: Using fewer subframes with HoloMultiColor. The first row shows photographs
of HoloMultiColor results with a peak brightness increase for a grayscale content (50 ms
exposure). The second row demonstrates the color reproduction quality increase for a full-
color scene with the increasing number of subframes (200 ms exposure, source image:
Midjourney.)
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frames, T 2 {1,2} (see Fig. 5-7). Fewer subframes can increase the refresh rate when

monochrome and lower intensity target images are used (see Fig. 5-7 top row). Similar

to the work by Huang et al. [122], using two subframes can also help display less col-

orful target images. In addition, inspired by conventional displays with multiple color

primaries [135], there could be a variant of our method with more color primaries or spa-

tially structured illumination [122], but holographic. In this way, our multi-color hologram

optimization could benefit from identifying the right set of color primaries or spatial distri-

bution of the illumination source [131].

Long Propagation Distances We report our results with images generated at the plane

of SLM for conventional and multi-color schemes. When generating images away from an

SLM, the behavior of color reproduction can change noticeably due to the complex point

spread functions induced at various propagation distances and wavelengths. Figure 5-8

reveals such a case with simulated results generated at various distances from 0 cm to

15 cm for our hardware’s color primaries. An important observation from Fig. 5-8 is longer

propagation distances may help with accurate color reproduction using fewer subframes, as

each pixel’s color is now controlled by a larger subhologram, which endows more degree

of design freedom. This freedom stems from the varying size of diffracted light spread with

the changing wavelength and distances. At the extreme, T = 1, a long propagation distance

of 15 cm could roughly match the color, promising the possibility of using our multi-color

holograms to improve the frame rate. However, the frame rate reduction process could also

largely depend on targeted color content.

Image Quality We compile Table 5.1 to provide an image quality comparison of Holo-

MultiColor against the conventional scheme for increasing brightness levels. In our assess-

ments, we use commonly accepted image quality metrics of PSNR, SSIM, and LPIPS [275].

Note that PSNR, SSIM, and LPIPS traditionally do not necessarily account for noise or

distortions in the images. Thus, they are not an indicator of true image quality. We in-

vite readers to observe the raw captures in result figures. The reported numbers suggest

that HoloMultiColor consistently yields a higher quality reconstruction with an increasing
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Figure 5-8: Given a target image (right) with ⇥1.0 brightness and varying projection dis-
tances (from left to right), simulations of our multi-color holograms suggest an improve-
ment in color reproduction capabilities when the projection distance prolongs, and may
mean using fewer subframes to achieve the same image quality (source image: Midjour-
ney).
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Table 5.1: Image quality evaluation of conventional and HoloMultiColor schemes for vari-
ous levels of peak brightness. Blue color indicates values for HoloMultiColor.

Peak Brightness
Scene Metrics ⇥1.0 ⇥1.5 ⇥2.0 ⇥2.5 ⇥3.0

AR
Glasses

(Fig. 5-3)

PSNR (db) 30.3/29.9 23.8/24.8 16.2/22.4 12.2/18.0 9.7/15.1
SSIM 0.9/0.9 0.9/0.9 0.6/0.8 0.4/0.3 0.2/0.7
LPIPS 0.3/0.3 0.4/0.3 0.5/0.4 0.6/0.4 0.7/0.5

Fruit
lady

(Fig. 5-4)

PSNR (dB) 30.1/29.7 22.2/25.4 13.8/22.3 9.4/19.5 6.8/15.6
SSIM 0.9/0.9 0.8/0.9 0.5/0.8 0.3/0.8 0.2/0.7
LPIPS 0.4/0.4 0.5/0.4 0.6/0.4 0.7/0.5 0.7/0.5

Dog
(Fig. 5-2)

PSNR (dB) 33.2/31.0 23.9/29.3 18.2/26.7 15.2/24.4 13.2/21.2
SSIM 0.9/0.8 0.8/0.8 0.7/0.8 0.5/0.8 0.4/0.8
LPIPS 0.3/0.3 0.4/0.3 0.5/0.4 0.5/0.4 0.6/0.4

brightness level, but a slightly inferior reconstruction at 1.0⇥ due to the contrast loss when

optimizing holograms for multiple wavelengths (see Sec. 5.5 for detailed discussion).

Ablation Study We conduct an ablation study on our optimization model to identify the

contribution of several components in our loss function and problem formulation. Note that

we conduct our study using actual results from our display hardware, but not simulations,

as simulation models do not account for hardware imperfections, leading to perfect results

in simulation but not in actual display hardware. We provide the results from this study in

Table 5.2, where we use the PSNR, SSIM, and LPIPS image quality metrics. In our abla-

tion study, we remove one and only one component at each time. There are four studies,

and these studies involve removing double phase constrain (Eq. 5.6), total variation loss

(Eq. 5.5), laser loss (Eq. 5.4), and running the complete optimization pipeline without re-

moving any components. We conduct this study by targeting⇥1.8 brightness values, using

1000 iteration steps and a 0.015 learning rate (Adam Optimizer [141]). Our study suggests

that each component plays a crucial role in the success of HoloMultiColor optimization

routine.

Three-dimensional Images To enable three-dimensional support, Limage has to be re-

placed with a loss term supporting multiplanes (we use work the loss from work by Kavakli

et al. [136]). In addition, the optimization formulated in Eq. 5.2 shall be applied to each
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Table 5.2: Ablation Study for HoloMultiColor. We remove only one component (not mul-
tiple) from the HoloMultiColor pipeline at each study and report image quality metrics.
Without the “-” component refers to the complete model.

Scene Without PSNR (dB) SSIM LPIPS
AR

Glasses
(Fig. 5-3)

Phase Constrain 11.5 0.3 0.7
TV Loss 13.7 0.6 0.6
Laser Loss 19.0 0.8 0.4
- 19.2 0.8 0.4

AR
Glasses

(Fig. 5-3)

Phase Constrain 12.3 0.4 0.6
TV Loss 18.2 0.8 0.4
Laser Loss 23.8 0.8 0.4
- 26.3 0.6 0.4

AR
Glasses

(Fig. 5-3)

Phase Constrain 8.4 0.1 1.0
TV Loss 12.4 0.4 0.7
Laser Loss 18.9 0.8 0.5
- 18.8 0.8 0.5

plane, and the losses must be accumulated. The results in Fig. 5-9 show that high-quality

three-dimensional images are possible with our multi-color holograms.

5.5 Discussion

The proposed multi-color holograms holds the potential to improve realism in the next-

generation holographic displays. However, it still suffers from several limitations, which

we will discuss in the following as well as potential means to improve.

Contrast and Dynamic Range Despite that our multi-color holograms achieve a peak

brightness increase, it does not increase and could slightly decrease the contrast (i.e. dy-

namic range). The reason is mainly two-fold. Firstly, a phase modulation is typically tuned

to a specific wavelength. Thus, when operating with three colors, the SLM performs with

a full phase modulation range for one color while having limited phase modulations for the

other two. This loss of modulation accuracy leads to reduced diffraction efficiency and,

consequently, lower contrast. Secondly, unlike conventional models focusing on achiev-

ing optimal response for a single color, each sub-frame in multi-color holograms needs to
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Figure 5-9: 3D scenes using our multi-color holograms. Each row shows a multiplane scene
generated by our multi-color scheme with three focus planes. The targeted brightness level
is ⇥1.8 (140 ms exposure, source image: DIV2K [4], Midjourney)
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balance and ensure that the intensities for all three color channels approximate the desired

scaled target image. Thus, our method may choose intensities that could lead to slight

deviations in color production. We measure the Michelson contrast, Imax�Imin
Imax+Imin

to have a pre-

liminary assessment of the situation. We measure for the highest and lowest brightness

regions achieved in the top row example of Fig. 5-5. We report the Michelson contrast

as 0.94 for our method versus 0.99 for conventional in ⇥1.0 brightness. But we also ob-

serve a trend with the increasing brightness scale. For example, in ⇥1.8 brightness case,

the Michelson contrast is measured as 0.99 for multi-color and conventional cases. We

speculate the loss of contrast issue may be mitigated by using loss functions dedicated to

preserving contrast in the future.

Calculation Speed Convergence in our multi-color optimizations typically requires many

steps (e.g. 1000) and a small learning rate (e.g. 0.015), leading to slow calculations (not in-

teractive rate). Specifically, a three plane multi-color hologram takes about ten minutes of

optimization time with thousands steps on a NVIDIA RTX 3090. However, a conventional

hologram could calculate each subframe independently and concurrently with fewer steps

(e.g. 60) and memory demand. Our multi-color optimizations could be formulated like a

conventional hologram if required laser powers and targets for each subframe are known

for a given content at the start of an optimization. Our current multi-color optimizations

could help generate a dataset where holograms with their corresponding laser powers and

targets are provided. Training a model with this dataset helps estimate the required laser

powers at each subframe for a given target image before the optimizations.
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Chapter 6

Ergonomic-Centric Holography

The preceding chapters primarily focused on enhancing the practicality of CGH by improv-

ing image quality, reducing computational cost, improving brightness, energy efficiency,

and optimizing data transmission. However, an equally crucial design factor, ergonomics,

has been largely ignored. Ergonomics involves achieving realism, comfort, and immersion,

where enhancements in each of these areas shall be seamlessly integrated to create a gen-

uine metaverse experience that bridges the gap between the virtual and real worlds, as well

as ensuring comfort during an extended period of use. This chapter presents computational

solutions for each of the aforementioned axes and carefully interweaves them to overcome

otherwise difficult obstacles. In particular, we examine the achievement of speckle sup-

pression and realistic defocus blur via temporal time-multiplexing and incoherent wave

propagation simulation, the enhancement of comfort by modeling higher-order diffractions

to minimize the display form factor, and the improvement of immersion through pupil op-

timization to expand the effective eyebox.

6.1 Motivation

This chapter is motivated by some of the key challenges unique to holographic displays in

the context of building ergonomic-centric near-eye displays.
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High-order Diffractions Grating structures cause monochromatic light to diffract and

constructively interfere at locations where the optical path length difference is a multi-

ple of the wavelength. This multiple is referred to as the order of diffraction. An SLM-

generated CGH can be considered a general grating, with orders of diffractions manifesting

as displaced replicas of the reconstructed 3D images. To only observe the principal replica

(center copy), optical filtering has to be carried out in the Fourier space to remove the

higher-order diffractions. This is typically accomplished using a 4-f system and an iris in

the Fourier plane, however, the extra physical space required to accommodate the addi-

tional optics, optomechanics, and distance of propagation makes it difficult to design small

form factor headsets. Gopakumar et al. [94] recently introduced high-order gradient de-

scent (HOGD), an optimization algorithm for CGH that takes into account the effects of

high-order diffractions. However, the successful demonstration of HOGD has only been

presented for 2D content.

Realistic Incoherent Defocus Blur & Speckle Noise Tradeoff Our daily environment

is illuminated by incoherent light sources, which emit waves that are not in phase with each

other and that do not oscillate at the same frequency. When imaging a natural 3D scene with

a lens (e.g., the cornea of an eye), the pixel readout of a sensor is the accumulated intensity

(i.e., linear in intensity) of overlapping rays incidents from different angles. Without the

wave nature of light manifesting itself, out-of-focus regions recorded in such images appear

near uniformly blurred within the circle of confusion and free from ringings and wiggles.

In contrast, holographic displays necessitate coherent light to create 3D images, and when

imaged, the pixel readout is the intensity of the accumulated complex amplitude (i.e., linear

in complex amplitude). Consequently, if CGH is calculated without associating random

phases to target objects or optimized without regularizing defocus responses, the out-of-

focus regions will present fringes and wiggles due to structured interference arising from

spatial coherence, and the extent of the blur will be comparably smaller as interference

distributes energy non-uniformly in the space. In such cases, the discrepancy in defocus

patterns between the hologram and the real world destroys the sense of the relationship

between depth and blur, which is crucial in the context of depth perception and perceived
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realism.

This mismatch can be mitigated by associating random phases to target objects in

diffraction simulation or forcing the defocus response to match the blur under incoher-

ent illumination. The CGH calculated in this manner breaks the spatial coherence of the

incident illumination, causing random constructive and destructive interference between

adjacent hologram pixels at the image plane. The random interference produces a uniform-

like defocus response, yet the persistence of temporal coherence introduces speckle noise,

a granular noise texture superimposed on the produced 3D image. As a result, there is a

direct trade-off between the realism of the defocus response and the level of speckle noise.

We note that speckle noise can be reduced by using light sources with low temporal co-

herence, such as superluminescent light-emitting diodes (sLEDs), but this comes with an

alternative cost of reduced image sharpness and a shortened depth range [203]. To reduce

speckle noise without compromising image quality, temporal multiplexing has been shown

to be highly effective by averaging out the speckle patterns over the persistence of the

eye perception [48]. However, little research has been conducted in conjunction with the

modeling of higher-order diffractions and the explicit supervision of incoherent defocus

response.

Field of View & Eyebox Tradeoff For all displays, including holographic displays, the

product of the field of view and the eyebox is known as the space-bandwidth product or

etendue. This value is a constant for a given display system and defines the maximum

amount of light or information it can potentially carry with. Therefore, display designers

must balance the FOV and eyebox to optimize the user experience for a given hardware.

For holographic displays, this task can be more complex since the effective etendue

depends not only on the SLM but also on the characteristics of the CGH. For example,

initializing the object point phase with the position-dependent formula introduced in Chap-

ter 4 preserves spatial coherence and results in smooth phase holograms. Such holograms

are in favor of image quality by computationally limiting the frequency of the phase image

to reduce random speckles. However, this also leads to the underutilization of etendue since

only the low-frequency components of the spectrum are used to carry the information, lead-
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Figure 6-1: Comparison of the incoherent depth of field rendering. Lee et al. [153] apply
binary masking and blending on an RGB-D input to process occlusion and accumulate in-
coherent wavefronts. Their method fails to conserve total energy (the forefront image is
noticeably brighter than the eye/leaf focus), produces an attenuated background at occlu-
sion boundaries due to the loss of background content information, and allows background
light to pass through. The proposed method eliminates these artifacts using ray tracing
and LDI representation. Source image: “Tree Creatures”, reproduced under terms of the
CC-BY-NC-SA license, Copyright 2018, by Daniel Bysted, published with the author’s
permission.

ing to an effective eybox much smaller than the theoretical limit. Lately, Chakravarthula

et al. [37] introduced pupil-aware optimization as a technique to enhance the effective

etendue. This approach samples the potential pupil locations across the theoretical eye-

box, maximizing the information entropy over all frequency bands. However, the study

primarily focused on 2D targets and did not consider the realism of 3D defocus or higher-

order diffraction.

In conclusion, research on CGH has increasingly focused on enhancing system er-

gonomics, but previous efforts have primarily focused on individual aspects without taking

them into unified consideration. This motivates the development of the work presented

in this chapter, which integrates the benefits of the aforementioned works and makes fur-

ther improvements by leveraging the increased degree of design freedom from modeling

higher-order diffractions.
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6.2 Method

6.2.1 Simulation of Incoherent Depth of Field Targets for 3D CGH

EC-H begins by rendering a focal stack that matches real-world defocus response using

incoherent wave propagation. Consider a 3D scene with a thickness of V and N evenly

spaced (for convenience) recording planes (32 in our case), the space-domain incoherent

wave propagation kernel hi for propagating a scene point at depth d to the n-th recording

plane is given by:

hi(x,y) = F{Hc}F⇤{Hc}Mhi (6.1)

Hc ( fx, fy) =

8
><

>:

ei 2p
l

q
1�(l fx)2�(l fy)

2
(d� nV

N ), if
q

f 2
x + f 2

y < 1
l

0 otherwise
, (6.2)

where l is the wavelength, Hc is the frequency-domain band-limited coherent propagation

kernel, and Mhi is an optional binary mask for space-domain filtering (e.g., conforming

the kernel to produce a circular-shaped out-of-focus response, or forcing a deep depth of

field). To efficiently and completely model a 3D scene, we use LDI, an advanced multi-

layer RGB-depth image representation, to record both foreground and background points.

For each point, we perform ray tracing with occlusion processing to integrate its incoherent

sub-hologram kernel (Eq. 6.1) at each recording plane and render the target focal stack

with unquantized per-pixel depth defocus. We show superior image quality over the simple

blending and masking method proposed by Lee et al. [153] in Fig. 6-1. In practice, we set

Mhi as a circular binary mask to induce a more common circular blur spot.

6.2.2 Optimization of Time-multiplexed 3D CGH with High-order Diffrac-

tions

EC-H enhances the HOGD algorithm with temporal multiplexing and dynamic pupil mod-

eling. Denote the pixel pitch as Dp, the number of orders to model as a , the total num-

ber of frames to time multiplex as T , the total number of circularly-shaped pupils to si-
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Figure 6-2: Visualization of fixed pupils and random pupils used in pupil optimization. The
fixed pupils are underlaid in faint orange in the visualization of random pupils.

multaneously optimize as P, the radius of a pupil as r, the support of the eye box as

{x 2 R : xmin + r � x  xmax� r; y 2 R : ymin + r � y  ymax� r}, where (x,y) is the

center of the pupil, and xmin,xmax,ymin,ymax are the min and max limit along x and y-axis

that defines the boundary of the eye box. Throughout optimization, we maintain a set of PF

fixed pupils that form a uniform pupil sampling grid over the eye box, forcing the energy

frequency to be structurally distributed across the whole eye box. At each iteration, we also

generate PR = P�PF random pupils to account for pupil variations within the lattice of the

fixed pupils (see Fig. 6-2 for a visualization). For the t-th SLM pattern ft and p-th pupil

mask Mp, the camera sensor captured field ûp(f ;z) (at the same resolution of the SLM) at

a distance of z is given by:

ûp(f ;z)[x,y] =

vuut
a

Â
i=1

a

Â
j=1

1
a2

��up(f ;z)[ax+ i,ay+ j]
��2 (downsampling to SLM resolution)

up(ft ;z) =
ZZ

U ( fx, fy;ft)Ap ( fx, fy;z)ei2p( fxx+ fyy)d fxd fy, (propagated hologram with high orders)

U ( fx, fy;ft) = Â
j,k2a

F
n

eift
o✓

fx +
j

Dp
, fy +

k
Dp

◆
(hologram spectrum with high orders),

Ap ( fx, fy;z) = Hc ( fx, fy;z)Sinc(p fxDp)Sinc(p fyDp)Mp, (high-order propagation kernel)

Mp
�

fx, fy;cpx ,cpy ,rp
�
=

8
><

>:

1, if ( fx� cpx)
2 +( fy� cpy)

2 < r2
p

0 otherwise
, (pupil mask)

(6.3)

182



Given a target incoherent focal stack {an|n= 1, . . . ,N}, we use gradient descent to optimize

the batch of time-multiplexed holograms with objective

argmin
{ft |t=1,...,T}

N

Â
n=1

P

Â
p=1

������

q
1
T ÂT

t=1
��ûp(sgslft ;zn)

��2

sp
�an

������
, (6.4)

where sp is an optional non-optimizable normalization scale that accounts for the pupil

size variation, sl is a non-optimizable per-pixel scale that compensates the non-uniformity

of the incident illumination [224, 204], and sg is an optimizable global scale to match the

total field intensity with the targets. We initialize it as

si=0
g =

vuut
1
N ÂN

n=1 a2
n

1
N ÂN

n=1 |u(f ;zn)|2
, (6.5)

where · is the mean operator.

During optimization, we consider the central 3⇥3 orders (a = 3). Orders higher than

3 are omitted as they contribute negligibly. For each scene, we optimize for 6 focal planes,

typically chosen to have objects of interest in focus. For unfiltered results and pupil-

mimicking results, we use 5 and 3 sub-frames for time-multiplexing, respectively. Each

phase sub-frame is initialized randomly over 2p . The pupil-mimicking results use a fewer

number of sub-frames to balance the increased cost in computation and time for modeling

pupils. For all experiments, the propagation distance from the SLM to the center of the

3D volume is set to 60 mm and the thickness of the 3D volume is 6 mm. In Sec. 6.4, we

evaluate how propagation distance influences the performance of the proposed algorithm.

6.2.3 Software Implementation

We implement ray-tracing for incoherent focal stack rendering in the Taichi programming

language (version 1.4), which offers Python-style syntax for parallel computing. For a full

HD resolution LDI with 5 layers, it takes 2.2 seconds to render one depth of field image

on an NVIDIA RTX A6000 GPU. EC-H optimization is implemented in PyTorch 1.13.

For CGH optimization, we use a propagation distance of 60mm for both unfiltered and
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pupil-mimicking results with a 6mm wide 3D volume. To handle the large memory cost

of optimizing at 3⇥ spatial resolution (5760⇥3240 px) for multiple holograms at multiple

focal planes and pupils (e.g., naive implementation takes 100+GB memory for 3 holograms

at 6 depths planes and 9 pupils), we implement gradient accumulation 1 to split optimization

into mini-batches such that the forward/backward evaluation of each batch fits in the GPU

memory. For optimizing RGB hologram with 6 depth planes, one iteration takes ⇠1.5

seconds on an NVIDIA A6000 GPU. For all presented results, we run 8000 iterations for

unfiltered results and 2000 iterations for pupil-optimization results, after which the losses

typically plateau.

For experimental results, we captured R, G, and B sub-frame holograms separately. The

intensity scaling is achieved optically by adjusting laser power according to the optimized

global scale. We use an aperture size of f2.8 and a shutter speed of 1/100 of a second for

all captures. For all optimizations, we use sRGB images of the focal stack as the target

amplitudes.

Because pupil size variation causes a difference in the amount of energy inlet in the

Fourier domain, we add an optional amplitude normalization factor to account for the po-

tential large variations in the resulting image. Specifically, we let the base pupil radius as

the reference pupil radius rref, for which we assume the reconstruction amplitude should

absolutely match the target amplitude. We then normalize the amplitude obtained from

other pupil sizes by sp = rp/rref, assuming the image intensity is ideally proportional to

the area of the pupil (amplitude proportional to the radius). In practice, this ideal scale

is impossible to achieve since it’s impossible to distribute the energy evenly in the Fourier

domain; therefore, its usage is rather optional, but we find it helps stabilize the convergence.
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Motorized stage

SLM

Fiber-coupled laser

Pupil on 
manual stage

Camera w/o lens

4f-system (2.5x magnification)

Figure 6-3: Schematic rendering of the experimental setup. Only green laser is visualized.
The control boxes of the SLM and laser are omitted.

6.3 Experiment & Assessment

6.3.1 Experimental Setup

Our experimental setup uses a Holoeye Pluto SLM with a resolution of 1,080 ⇥ 1,920 and

8-bit phase control across visible wavelengths (see Fig. 6-3 for a schematic rendering).

The SLM is mounted on a motorized translation stage (Thorlabs Z825B) to programmably

shift position for focus control. Coherent illumination is provided by a FISBA RGBeam

fiber-coupled laser with central wavelengths at 632 nm (red), 520 nm (green), and 450

nm (blue). The laser light is collimated by a lens, linearly polarized, and directed to the

SLM by a beamsplitter. A 4f system with lenses of 80 mm (first) and 200 mm (second)

is used to relay and magnify the image to fulfill a full-frame camera sensor (Sony A7III).

An optional iris (Thorlabs ID12), mounted on a manual xz-stage (Thorlabs XRN25P/M,

XRN-XZ/M), is placed at the Fourier plane to mimic an eye pupil. When the first lens of

the 4f system acts as an eyepiece, the central order of the red light diffraction creates an eye

box of approximately 6.4mm⇥6.4mm at the Fourier plane. In unfiltered mode, the iris is
1https://pytorch-lightning.readthedocs.io/en/stable/advanced/training_tricks.html
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HOGD [Gopakumar et al. 2021/Kim et al. 2022] TM-Neural Holography [Choi et al. 2022] Ours
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Figure 6-4: Comparison of 3D CGH algorithms on experimental results captured under
unfiltered mode. The camera focuses are marked by white rectangles (plane 4, 16, 28), and
the numbers indicate the PSNR with respect to the target image. Source image: “PartyTug
6:00AM”, reproduced under terms of the CC-BY-SA license, Copyright 2020, by Ian Hu-
bert, published with the author’s permission.

absent. In pupil-mimicking mode, the iris is inserted and positioned at different locations.

Miniaturization of such a setup (the parts before the pupil on the manual stage) has been

demonstrated by Kim et al. [140] in a compact eyeglass form factor.

6.3.2 Unfiltered Mode Evaluation

Figure 6-4 compares experimentally captured holograms using EC-H, time-multiplexed

neural holography (TM-NH) [48], and HOGD [94, 140] in the unfiltered mode. We use our

LDI-computed focal stacks to supervise the optimization of TM-NH, as the code to gener-

ate their focal stack is not yet publicly available. EC-H outperforms TM-NH by effectively

reducing replicas and rainbow-like artifacts caused by wavelength-dispersed high-order

diffractions. This leads to tangibly improved image contrast while preserving the depth-

dependent incoherent defocus throughout the 3D volume. Unlike TM-NH, HOGD does

not suffer from high-order diffractions. However, it produces coherent defocus responses

due to a lack of supervision for out-of-focus regions. For all methods, time multiplexing
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TM-Neural Holography
[Choi et al. 2022]

OursHOGD
[Gopakumar et al. 2021/Kim et al. 2022]

22.85dB 23.40dB 24.51dB

23.39dB 25.64dB24.48dB

22.81dB 26.04dB24.51dB

18.71dB 19.31dB 22.28dB

19.25dB 23.27dB19.76dB

19.18dB 23.91dB20.15dB

Figure 6-5: Additional experimental results captured in the unfiltered mode. The captured
results are presented in 900 DPI resolution for close-up examination. The “Tree Creature”
shows recording planes 9, 17, 28, the “Racing Car” shows recording planes 5, 15, 27.

187



Fr
on

t f
oc

us
M

id
 fo

cu
s

R
ea

r f
oc

us
Fr

on
t f

oc
us

M
id

 fo
cu

s
R

ea
r f

oc
us

TM-Neural Holography
[Choi et al. 2022]

OursHOGD
[Gopakumar et al. 2021/Kim et al. 2022]

23.25dB 23.15dB 26.09dB

23.29dB 26.14dB23.13dB

23.35dB 27.16dB23.69dB

23.03dB 22.37dB 25.74dB

23.16dB 26.06dB22.59dB

23.71dB 26.60dB22.09dB

Figure 6-6: Additional experimental results captured in the unfiltered mode. The captured
results are presented in 900 DPI resolution for close-up examination. Source image (bot-
tom): “Wanderer”, reproduced under terms of the CC-BY-SA license, Copyright 2018, by
Daniel Bystedt, published with the author’s permission. The “Mr. Elephant” shows record-
ing planes 4, 15, 29, the “Wanderer” shows recording planes 4, 10, 15.
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Pupil-HOGD [Kim et al. 2022]Pupil-aware Holography
[Chakravarthula et al. 2022]

Ours
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18.19dB 15.96dB 19.27dB

Figure 6-7: Comparison of 3D CGH algorithms on experimental results captured at various
pupil locations and sizes. The bottom right corners in column 1 images mark the pupil
position and size used to capture the results in the respective row. The numbers indicate the
PSNR with respect to the target image. Source image: “Mr. Elephant”, reproduced under
terms of the CC-BY-ND license, Copyright 2017, by Glenn Melenhorst, published with the
author’s permission.

effectively reduces the speckle noise. Results of four additional examples can be found in

Figs. 6-5 and 6-6.

6.3.3 Pupil-Mimicking Mode Evaluation

To optimize for image quality across the eye box, EC-H consider an 8⇥ 8 mm eye box

defined by (xmin,ymin,xmax,ymax) = (�4,�4,4,4)mm, a size bigger than the theoretical

maximum as we show modeling high-order diffractions effectively extends the eye box

formed by the central diffraction order. We use P = 25,PF = 9 (a 3⇥ 3 grid), PR = 16.

We set r = 2mm as the base pupil size to form the uniform sampling grid for the fixed
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Pupil-HOGD [Kim et al. 2022]Pupil-aware Holography
[Chakravarthulaet al. 2022]
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Figure 6-8: Additional experimental results captured in the pupil-mimicking mode. The
captured results are presented in 900 DPI resolution for close-up examination. Source
image (top): “The Junk Shop”, reproduced under terms of the CC-BY license, Copyright
2019, by Alex Treviño/ original concept by Anaïs Maamar.
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Figure 6-9: Additional experimental results captured in the pupil-mimicking mode. The
captured results are presented in 900 DPI resolution for close-up examination.
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pupils. For the random pupils, their locations are randomly selected within the eye box, and

their sizes are scaled between half and twice the base size to account for pupil variations

within the lattice of the fixed pupil grid. We note that because different wavelengths of light

create different eye box sizes, a fixed physical pupil size induces different pixelated aperture

openings at the Fourier plane. Figure 6-7 compares experimentally captured holograms

obtained from EC-H, pupil-aware holography (PW-H) [37], and Pupil-HOGD [140]. Note

that the original paper of PW-H optimizes coherent defocus for two-plane results. As Pupil-

HOGD covers reproducing coherent defocus, we augment PW-H to reproduce incoherent

defocus to emphasize other improvements made by EC-H.

At eccentric pupils, the Pupil-HOGD method suffers from a significant loss of intensity

when the pupil is shifted and reduced to the extent when it fails to fully encompass the DC

term. This is evident in the transition from a 6mm pupil in row 2 to a 4mm pupil in row

3, both shifted to the center top of the eye box. Alternatively, PA-H exhibits pronounced

rainbow-like artifacts with reduced contrast, a faster decay in image brightness (see row 3),

and a stronger reduction in the extent of reproduced defocus blur compared to EC-H (see

the orange box in column 1, row 3 versus the green box above, with the same regions in col-

umn 3). They are caused by PA-H’s vulnerability to high-order diffractions and the absence

of fixed pupils during optimization, which further push the energy spectrum structurally to

the mid/high frequencies (see row 1 bottom right for phase-only holograms). EC-H better

maintains the image intensity and quality as the pupil moves away and reduces. It also

produces artifact-free images outside the central-order-created eye box. The extended eye

box allows the perception of noticeable motion parallax which is critical for depth percep-

tion without significant artifacts or intensity loss (see Sec. 6.3.7 for detailed discussion).

Results of four additional examples can be found in Figs. 6-8 and 6-9.

6.3.4 Ablation Study of Pupil Optimization Scheme

We conduct an ablation study by comparing 25 random pupils and 25 fixed pupils in Fig. 6-

10 to more systematically analyze the benefit of using mixed pupils. It is evident that

the utilization of fully randomized pupils, coupled with high-diffraction modeling, sig-
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Figure 6-10: Ablation study of pupil-mimicking optimization. Here, we compare mixed
pupil optimization with using only random pupils or fixed pupils at the same number of
total pupils.
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nificantly mitigates the rainbow-like artifacts commonly seen in pupil-aware holography.

Nonetheless, image intensity at peripheral pupils still suffers from a faster decay of inten-

sity as well as a non-uniform decay, particularly in this example. On the other hand, when

25 fixed pupils are employed, the image intensity is more consistently maintained across

the pupils, as more energies are pushed to the mid and high frequencies (i.e., center low-

frequency “+” reduces from fully random to mixed to fully fixed.). However, this approach

generates more noticeable rainbow-like artifacts, serving as a trade-off. Ultimately, deter-

mining the optimal configuration for pupils remains an open question and is user-dependent

based on their eye sensitivity to different artifacts. Thus, we advocate for more extensive

and rigorous exploration in constructing optimal pupil batches for future research.

As shown in Fig. 6-15, EC-H holograms optimized for pupil-mimicking mode possess

similar statistics across different examples and differ visually from ones optimized by prior

state-of-the-art methods. In Fig. 6-10, we compare the Fourier spectrum of holograms

optimized for Fig. 6-8 top example. For pupil-HOGD (column 1), a significantly greater

portion of the energy is concentrated in the low-frequency band near the DC, forming an

extended bright “+” shape. By modeling a dynamic pupil (column 2), the concentrated

energy is noticeably disseminated toward the mid-frequency, forming a bright oval around

the center. Pupil-shaped patterns can also be vaguely seen, which match the spectrum visu-

alization in the [37]. However, because of the absence of high-order diffraction modeling,

bright spots and contour lines are formed at the intersection and borders between different

orders. They contribute to the rainbow-like artifacts observed in the reconstructed images

and prevent the extended use of the eye box. When changing to the proposed mixed pupil

optimization with high-order diffraction modeling, the bright spots and contour lines dis-

appear, and the energy in the low-frequency “+” further reduces. The extra energy, instead

of uniformly disseminated to the mid-frequency, is more structurally distributed to both the

mid and high-frequency regions, preventing significant intensity drop at the periphery of

the eye box.
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Figure 6-11: Comparison of simulation and experimental results obtained using coherent
integration and incoherent integration.

6.3.5 Evaluation of Downsampling Operation in High-Order Diffrac-

tion Propagation

When numerically implementing Eq.(3), the Fourier domain replication U ( fx, fy;ft) changes

the output field resolution from [H,W ] to [aH,aW ], where H and W are the width and

height (spatial resolution) of the input field. However, the spatial resolution of amplitude

images in the target focal stack an in Eq.(4) remains at [H,W ], demanding a dimension re-

duction in Eq.(3) (i.e., the equation in its first line) to [H,W ] to evaluate the objective func-

tion (loss). According to Fourier optics, increasing the Fourier domain resolution doesn’t

change the support of the field in the space domain, but increases the spatial resolution

within the support; thus, the dimension reduction is implemented as downsampling instead

of cropping.

In practice, the downsampling is implemented as a strided convolution operation with a

stride a and a uniform kernel of size [a,a] and value 1
a2 (a normalization factor that eases

sg initialization). Physically, this mimics the process of virtually placing an imaging sensor

with resolution [H,W ] at the output plane and integrating the electric field stimulated by
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the photons arriving at each sensor pixel. This integration shall be implemented over the

intensity (incoherently) instead of the complex amplitude (coherently) of the output field

since every group of [a,a] pixels arrive at different areas of their corresponding virtual

sensor pixel and trigger photoelectric effect independently. Mathematically, denote the

complex amplitude of the digitized output field u(�;z) 2 CaH⇥aW , the amplitude of the

virtual sensor captured field û(�;z) 2 RH⇥W , their relation is given by

û(�;z)[x,y] =

vuut
a

Â
i=1

a

Â
j=1

1
a2 |u(�;z)[ax+ i,ay+ j]|2 (incoherently, correct) (6.6)

instead of

û(�;z)[x,y] =
a

Â
i=1

a

Â
j=1

1
a2u(�;z)[ax+ i,ay+ j] (coherently, wrong) (6.7)

Figure 6-11 displays a significant difference in results derived from Eq.(6.6) and Eq.(6.7)

for the "PartyTug 6:00AM" scene. The term "coherent integration" here refers to scenarios

where the hologram is optimized using coherent integration, while the simulated recon-

struction employs incoherent integration to accurately and physically mirror experimental

behavior. Due to the mismatch between the simulation model and the physical process,

the results of coherent integration exhibit pronounced high-order artifacts and diminished

contrast. For both results, when the simulation utilizes incoherent integration, a precise

correspondence between the simulation and experiment is observed, which validates the

accuracy of Eq. 6.6.

6.3.6 Evaluation of Number of Time-multiplexed Frames for Speckle

Reduction and Incoherent Defocus Reproduction

Figure 6-12 demonstrates the influence of the number of time-multiplexed frames on speckle

reduction and incoherent defocus reproduction. We refer readers to Lee et al. [153] for a

detailed speckle analysis. In brief, the speckle contrast is inversely proportional to the

square root of the number of time-multiplexed frames. In this example, the gain visually
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Figure 6-12: Comparison of experimentally captured EC-H holograms using different num-
bers of time-multiplexed frames.

diminishes after adding more than 5 subframes. The number also dictates the quality of

incoherent defocus reproduction since the image formation for every subframe is yet gov-

erned by the coherent imaging model, and the model mismatch has to be bridged by the

incoherent accumulation across subframes. Note that we use 8-bit phase SLM compared to

the 4-bit phase SLM used in Choi et al. [48], potentially reducing the number of subframes

needed to achieve the same noise level and increasing the contrast of the experimental

results due to better reproduction of dark pixels.

6.3.7 Reproduction of Intra-pupil Motion Parallax

Fig. 6-14, we horizontally shift the pupil center from -2mm to 2mm and capture the 3D

holograms. The right bounding boxes show how the rear racing track is progressively oc-

cluded by the foreground tree. A unique advantage of the extended eye box enabled by the

EC-H is the ability to achieve noticeable intra-pupil depth-dependent motion parallax. In

Figure 4 and Figure 6-13, we present horizontal and vertical motion parallax visualizations

based on the experimentally captured results.
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Vertical motion parallex

y=+2mm y=0mm y=-2mm

Figure 6-13: Experimentally captured vertical motion parallax for the “Racing Car”. The
horizontal white line and small white bars help perceive the motion parallax.
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Camera focus

Figure 6-14: Experimentally captured horizontal motion parallax. The bounding box on
the right side of the image shows the occlusion of the racing track by the foreground free
as the viewpoint moves. The left label marks the pupil offset along the x-axis. Source
image: “Racing Car”, reproduced under terms of the CC-BY-SA license, Copyright 2016,
by Pokedstudio, published with the author’s permission.
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We would like to emphasize that for the most accurate representation of motion par-

allax, the depth of field images used to supervise the optimization process should ideally

undergo a depth-dependent shift. This shift is necessary to reflect the observed motion

parallax at a non-center pupil location, which occurs due to changes in the observation po-

sition. To achieve this, one can shift the camera position and perspective during the LDI

rendering process, generating a grid of LDIs across the full eye box to create position-

dependent focal stacks.

However, due to the current SLM specification, the motion parallax induced by the

extended eye box is still tiny. Therefore, we decided to omit this additional step, while ac-

knowledging that it deviates from the most physically accurate implementation. Nonethe-

less, we discovered that even when using the same focal stack to supervise the optimiza-

tion at different pupil positions, the motion parallax effect can still be induced. This effect

arises from the fundamental modeling of holographic image formation with pupil masking,

which has been the standard technique to simulate the large motion parallax effect induced

by fabricated ultra-high resolution hologram (see Zhang et al. [270] Fig.7/8). In our case,

the optimizer attempts to extrapolate the content accordingly. As a result, artifacts in the

upward, downward, leftward, and rightward edges can be observed due to the extrapola-

tion process. It will be really interesting to see if image quality and realism can be further

improved after closing this gap. We defer this fine-grained optimization to future work.

6.3.8 Additional Phase Patterns & Focal Stacks

Figure 6-15 shows additional phase-only holograms optimized under unfiltered and pupil-

mimicking modes. Due to statistical similarity, only one subframe from all time-multiplexed

frames is visualized for each scene. The visual appearance of the produced holograms

undergoes significant changes when incorporating pupil optimization, as analyzed in the

previous section. When optimized under the unfiltered mode, the holograms present low-

frequency patterns that vaguely outline the shape of a dilated target image. This becomes

invisible in holograms optimized under the pupil-mimicking mode as the design of the pupil

batch structurally distributes the energy distribution towards the mid and high-frequency
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Figure 6-15: Visualization of exemplary focal stack images and holograms optimized for
unfiltered and pupil-mimicking modes for scenes used in this paper.
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regions.

6.4 Limitations & Discussions

With the proposed improvements, the EC-H still shares two limitations with HOGD [94].

First, we find that time multiplexing and better global scale initialization cannot effectively

address the challenge of reproducing sparse targets. Figure 6-16 illustrates an example of

the USAF resolution target with three depth planes. In such cases, concealing the high-

order diffractions within the rest of the scene is difficult, as a significant portion of the

scene remains black. Time multiplexing, which integrates sub-frames incoherently rather

than coherently, does not provide additional freedom to mitigate high-order diffractions as

the frame increases (see row 2). One potential solution is to incorporate a second spatial

light modulator, enabling the coherent addition of the complex amplitudes of the two SLMs

to cancel out the remaining high-order diffractions [50]. We also note that when optimizing

under pupil-mimicking mode (see row 3), the artifacts can be largely hidden at the center

pupil location since it effectively performs a low-pass filter; however, when shifted toward

the periphery of the eye box, localized high-order diffractions can still be observed.
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Figure 6-16: Simulated reconstruction of the USAF-1951 target under unfiltered and pupil-
mimicking modes.

20 mm 40 mm 60 mm

27.90dB 31.54dB 32.42dB

Figure 6-17: Simulated reconstruction at different propagation distances with numbers in-
dicating PSNR with respect to the target image.

Another limitation is the sensitivity of image quality to the propagation distance. In the

absence of filtering and with the SLM plane having a unit amplitude, a certain propaga-

tion distance is necessary to diffract the field into the desired target amplitude distribution

(e.g., 60mm for the results in this paper). As the propagation distance increases, high-order

copies separate further away from the central order, reducing the overhead and difficulty

of concealing them within the central diffraction. Figure 6-17 compares the “PartyTug

6:00AM” image (focused on the man) reconstructed with propagation distances of 20mm,
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40mm, and 60mm. The high-order copies of the man are distinctly visible with a 20mm

propagation distance, gradually diminishing as the distance extends. This limitation will

naturally be resolved as the pixel pitch of the SLM becomes smaller, since a wider diffrac-

tion angle will lead to a greater separation of the high-order diffractions from the central

order under the same propagation distance.

(x,y,r)=(-2,2,2)mm (x,y,r)=(2,2,2)mm

(x,y,r)=(2,-2,2)mm(x,y,r)=(-2,-2,2)mm

Figure 6-18: Simulated reconstructions at pupils shifted far away from the eye box center.

For the pupil-mimicking mode, we find that achieving results with consistent minor

artifacts becomes extremely challenging when further pushing the pupil away from the eye

box center (e.g., (x,y,r =±2,±2,2)mm, even when including them in the fixed pupil grid

as visualized in Fig. 6-18, where we show the reconstructions at extreme corners of the four

quadrants. Note that while one of the results only has minor artifacts, artifacts in the other

three results have become prominently noticeable. We note that the maximum expansion

of the eye box is roughly 2x of the original eye box created by the shortest wavelength.

This is caused by the fact that regardless of the optimization strategy (see Fig. 6-10), the

energy distribution has a zero crossing at 1/6 and 5/6 of the expanded spectrum due to the

Sinc modulation, making it impossible to maintain the level of brightness at these locations.

This presents a limit on how much we can extend the eye box formed by the central order

203



diffraction using high-order diffractions. As discussed in the main paper, including higher-

resolution phase masks during joint optimization may ideally improve the display etendue.

Finally, we want to highlight that the utilization of the camera (hardware)-in-the-loop

(CILT) technique has gained popularity in enhancing the quality of experimental results [204].

The proposed mixed-batch pupil optimization method remains compatible with such opti-

mization approaches, as users can leverage a motorized translation stage and a motorized

iris to simultaneously control the position and size of the pupil. By accumulating and aver-

aging the gradients computed for each pupil setting, CILT can encompass the contribution

of image discrepancy across all pupil positions and sizes.
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Chapter 7

Differentiable Procedural Material

Modeling and Capture

In virtual and augmented reality, advancing display technologies to visually render content

in 3D is just one aspect; equally crucial is the quality of appearance modeling for digital

content, which profoundly impacts perceived realism. A pivotal aspect of this modeling

is estimating material appearance, which involves capturing the spatially-varying bidirec-

tional reflectance functions (SVBRDF), which dictates how light rays interact with a mate-

rial, considering both incoming and outgoing directions at a specific position.

In the realm of computer graphics, SVBRDF is typically represented via a collection of

material maps (such as albedo, normal, roughness, and metallic properties in Disney’s prin-

cipled BRDF model [33]), conventionally stored as image-based textures. These textures

are often derived from scanned real-world objects or directly crafted using image process-

ing tools like Adobe Photoshop. However, this authoring workflow presents challenges. It

can be difficult to create meaningful appearance variations, manage changing resolutions,

ensure seamless tiling, and maintain low memory usage.

More recently, modern material authoring tools like substance 3D designer and Blender

address these challenges by offering procedural material modeling capabilities. Procedu-

ral material represents materials constructively using a program, which overcomes many

limitations associated with image-based materials. Typically modeled as a directed acyclic

node graph, a procedural material uses a sequence of filters with user-tunable parameters
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to progressively modify input patterns/noises to collectively control the output material

appearance. By crafting diverse graph structures and optimizing associated parameters,

procedural material graphs serve as powerful mathematical abstractions, capable of cre-

ating high-quality materials that are resolution-independent, tileable, and easily editable.

However, procedural material authoring requires substantial domain expertise and time ef-

fort. These limitations not only impede experienced artists from efficiently producing high-

quality materials for professional applications with escalating demands for realism but also

hinder ordinary users with limited expertise from crafting realistic virtual environments and

digital twins for emerging AR/VR applications.

This chapter copes with these limitations with a machine-learning-assisted procedural

material capture system to recover SVBRDF of a near-planar surface from a single flash im-

age without leveraging user expertise. This involves the development of a domain-specific

differentiable procedural material modeling library, coupled with a pipeline to identify an

appropriate procedural model from a model library, and estimating the node parameters

of that model to best match the target appearance using gradient-based iterative optimiza-

tion. We demonstrate that our approach can recover high-quality procedural materials from

real-world photographs, outperforming prior procedural material capture method that don’t

have access to the differentiability of the graph.

7.1 Preliminaries

7.1.1 Rendering Equation & Material Modeling

The rendering equation describes the process of generating realistic images by simulating

the behavior of light. It expresses the total amount of light leaving a particular point in a

scene, known as the outgoing radiance, as the sum of emitted light and the reflected light

from all other points in the scene [132]. Mathematically, it can be expressed as follows:

Lo(p,!o) = Le(p,!o)+
Z

W
fr(p,!i,!o)Li(p,!i)(!i ·n)d!i (7.1)

Where:
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1. Lo(p,!o) is the outgoing radiance from point p in the direction !o.

2. Le(p,!o) is the emitted radiance at point p in the direction !o.

3. fr(p,!i,!o) is the bidirectional reflectance distribution function (BRDF), which de-

scribes how light is reflected from a surface at point p with incident direction !i and

outgoing direction !o.

4. Li(p,!i) is the incoming radiance from the direction !i.

5. (!i ·n) represents the cosine factor that accounts for the angle of incidence with the

surface normal n.

6. W represents the hemisphere of possible incoming light directions.

This equation forms the basis for many rendering algorithms, including ray tracing and

path tracing, which simulate the propagation of light through a scene to generate realistic

images.

Material modeling concerns about modeling fr(p,!i,!o), a 6-dimensional SVBRDF

function where p describes a 2D location over an object’s surface, !i = (ai,fi), and

!o = (ao,fo) are the incident and outgoing directions parameterized in the spherical coor-

dinate. One can create a tabulated SVBRDF by densely sampling every lighting and view

direction over the hemisphere [186], however, the effort of measurement and the amount of

data easily becomes prohibitive. In practice, the angular distribution of real-world BRDFs

typically lies on a low-dimensional manifold that can be well-approximated by parameter-

ized functions with significantly fewer parameters.

A common-used physically-based BRDF model is microfacet model [205]. It assumes

that a surface consists of countless small, flat microfacets that are oriented randomly. Each

microfacet behaves like a perfect mirror, reflecting light according to the laws of geometric

optics, such as Snell’s law and the law of reflection. However, due to surface roughness,

the microfacets are not perfectly aligned, resulting in a spread of reflected light directions.

The microfacet SVBRDF is typically defined using the following equation:

fr(!i,!o,p) =
sp
p

+
F(!i,h,F0)D(h,ap)G(!i,!o,ap)

4(n ·!i)(n ·!o)
(7.2)
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Here, sp is the material’s diffuse color at p, ap is the material’s roughness at p, n is the

surface normal, F0 is the reflectance of a surface when light is perpendicular (normal) to the

surface, h is the halfway vector between !i and !o, defined as h = (!i +!o)/||!i +!o||,

F(!i,h) is the Fresnel reflection term, which describes the amount of light reflected at

the interface between the surface and the surrounding medium, D(h,ap) is the microfacet

distribution function, which characterizes the distribution of microfacet normals around

the halfway vector h, G(!i,!o,ap) is the geometric attenuation factor, which accounts

for shadowing and masking effects due to the surface microstructure. We refer readers to

[205] for the details of the Fresnel reflection term, microfacet distribution function, and

geometric attenuation factor.

The microfacet SVBRDF model allows for realistic rendering of a wide range of sur-

faces, from glossy to rough, and from conductors to dielectric. The thesis adopts the Disney

principled BRDF that encodes microfacet SVBRDF parameters as four maps: albedo, nor-

mal, roughness, and metallic. The normal and roughness maps are directly mapped to n

and ap in Eq. 7.2, while sp = (1.0 - metallic) * albedo and F0 = 0.04 * (1.0 - metallic) +

albedo * metallic.

7.1.2 Procedural Materials

Procedural material is a set of mathematical functions, often represented as nodes in a

graph-based system, that describe the visual properties of the material. The node graph

largely consists of two types of nodes: generators and filters. Generator nodes create spatial

textures from scratch based on user-specific parameters, and include both noise generators

(like Perlin noise) and structured pattern generators. Filter nodes manipulate input textures

using operations ranging from pixel value manipulations (like color or contrast edits) to

image processing (like filtering, warping, blending, etc.); these nodes are parameterized by

the control parameters of the functions they implement (for example, kernel size for a box

filter or opacity for a blending node). The connectivity of the graph defines a sequence of

operations that start with 2D scalar or vector maps (usually created by generator or data

store nodes) and manipulate them (usually operations defined by the filter nodes) to finally
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Figure 7-1: An exemplar leather material graph created using substance 3D designer. The
graph starts with several generator nodes that provide initial patterns for subsequent filter
nodes to manipulate. The graph is internally partitioned into subgraphs that create different
visual attributes of the leather pattern. It outputs four material maps that define the param-
eters of an SVBRDF.

output a set of materials maps. Figure 7-1 shows an example leather procedural material

graph. This graph has 43 filter nodes and 127 node parameters with complex connectivity

that allows it to produce a wide range of photorealistic leather material appearances. Typ-

ical production procedural materials are more complex than this example. Compared to

image-based materials, procedural materials possess several advantageous characteristics.

One of the key advantages is their scalability. Because they are generated algorithmi-

cally, procedural textures can be rendered at any resolution without loss of detail, making

them ideal for high-resolution rendering and real-time applications such as video games

and virtual reality. Additionally, procedural materials are often tileable, meaning they can

seamlessly repeat across surfaces without visible seams or artifacts.

Another benefit is their flexibility and efficiency. Since they are generated program-

matically, procedural textures can be easily modified and adjusted in real time by changing

node parameters, allowing for rapid iteration and experimentation during the creative pro-

cess. Artists can also design high-level semantic parameters, often referred to as exposed

parameters, by grouping several node parameters within a functional graph. This facil-

itates more advanced appearance controls, greatly simplifying the reuse of materials by

others. Furthermore, procedural materials can be stored and manipulated using relatively

small amounts of data (i.e., only programs and parameters but not the final material maps),

making them well-suited for applications with limited storage or bandwidth constraints.
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7.2 Motivation

Capturing the parameters of SVBRDF is a classic problem in computer graphics; please

see Guarnera et al. [95] for a recent survey of this body of work. While one could scan

the entire 6-dimensional SVBRDF using a spherical gantry, this is expensive and rarely

necessary. The goal of many previous methods is to reduce the measurement effort and

output parameter maps for diffuse color, normal, specular roughness/glossiness, and spec-

ular albedo. Among the first solutions that scanned such maps using a linear light was

Gardner et al. [81]. Recently, Aittala et al. [6] used Fourier patterns projected onto an

LCD screen in combination with a general optimization algorithm to recover image-based

SVBRDF, but their number of measurements was still quite high (hundreds).

The work of Li et al. [163] and Deschaintre et al. [60] introduced a direct end-to-end

prediction approach using convolutional neural networks, mapping single-image measure-

ments to material parameter maps. These approaches have also been extended to handle

multiple input images, either via pooling of features [61] or inverse rendering-based op-

timization in an auto-encoder latent space [80]. For large-scale materials, Deschaintre et

al. [62] fine-tuned the network on close-up flash photographs of the test sample to achieve

better generalization for the entire material. While these results can be impressive and ob-

tained with significantly reduced time and domain knowledge, the reconstruction quality

of obtained image-based SVBRDF varies with the input, often showing blurring or loss of

quality for novel views or light positions. Moreover, the resulting maps have a low resolu-

tion (typically 256⇥256), are not tile-able nor easily editable afterwards. This is not only

because single-image SVBRDF estimation is an ill-posed (under-constrained) problem, but

also because image-based method lacks prior knowledge of the underlying materials.

Hu et al. [113] recently introduced a single-image procedural material capture method

to overcome disadvantages inherited in image-based methods, where the procedural graph

can serve as a material prior to regularize the output. Given an input image, their method

selects a procedural material graph from a library, and uses a neural network to directly

estimate graph parameters to best match the given image. However, they constrain them-

selves to a Lambertian BRDF model (predicting only diffuse albedo and surface normals)
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and predict only a subset of the graph parameters (the most high-level semantic parame-

ters). Moreover, these network predictions can be coarse, leading to apparent differences

between the input image and the predicted graph result. Finally, their work requires a sep-

arate deep parameter prediction network for every single graph in their library, leading to a

substantial memory footprint.

In contrast to such a feed-forward prediction approach, we propose an optimization-

based method, where we treat the procedural material graph as analogous to a neural net-

work whose parameters can be estimated; in our case, the parameters are not network

weights, but the various node parameters in the graph. This approach requires a key el-

ement: a differentiable version of a given material graph that can be evaluated forward

and backward (for gradient computation). We accomplish this by introducing a proce-

dural material modeling library DiffMat to translate procedural material node graphs into

differentiable programs. We demonstrate that DiffMat can handle production-grade proce-

dural material graphs (with hundreds of nodes and thousands of parameters) representing

complex SVBRDFs. We combine the translated differentiable material graphs with a dif-

ferentiable rendering layer to create an end-to-end differentiable graph parameter-to-image

pipeline that enables parameter estimation through gradient descent. It is worth note Guo

et al. [100] also address parameter estimation for procedural material models. Their focus

is more on a Hamiltonian Monte Carlo sampling approach in a Bayesian framework. How-

ever, their procedural materials are small hand-written pieces of code and don’t scale to

production-grade materials or materials created by industry-standard software.

We evaluate the proposed framework using both synthetic and real-world material pho-

tos. Our optimization-based approach achieves a closer match to the input photo compared

to other procedural-material-based methods. Additionally, it also avoid blurriness, loss of

detail, and low-resolution problems associated with image-based material capture methods

from a single image.
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7.3 DiffMat: A Differentiable Procedural Material Mod-

eling Library

Recent work on learning-based inverse graphics has found that combining neural networks

with graphics models can lead to more interpretable, and in many cases, more accurate

results [118, 163, 60, 243]. However, this requires that the graphics model itself be differ-

entiable to allow for training via back-propagation. This has prompted the development of

differentiable libraries for computer vision [210], rendering [105, 161, 197, 168], geometry

processing [74] and spatially sparse computing [117]. Similarly, we wish to explicitly use

procedural node graphs as the output of material capture as they provide a compact and

interpretable material representation. This is currently not possible because there exist no

tools to efficiently evaluate procedural materials (forward and especially backward) in an

optimization framework.

To this end, we develop DiffMat, a PyTorch-based differentiable library that supports

the functionality and expressiveness of production-grade procedural modeling tools while

allowing for easy integration with deep learning tools. We use substance 3D designer2 as an

industry-standard reference software and build DiffMat to provide differentiable node rou-

tines that can match it with per-pixel accuracy. We do this for two reasons: first, by match-

ing its functionality, our framework can be integrated into real-world procedural material

design workflows. Second, there exist large public libraries of high-quality artist-designed

substance 3D designer material graphs, that we leverage in our material capture framework.

That said, our implementation is independent of substance 3D designer, and can be adapted

to match the capabilities of other node graph authoring applications. DiffMat is publicly

released at: https://github.com/mit-gfx/diffmat.

7.3.1 Design Overview

Given the similarity between a material node graph—that sequentially processes inputs

using filter nodes—and a neural network, we follow the general design of PyTorch in Diff-
2https://www.substance3d.com/products/substance-designer/
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Figure 7-2: The code structure of DiffMat
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Mat’s API design. Specifically, DiffMat defines function routines (similar to torch.nn.functional)

for stateless evaluation of node operations (defined in core/material/functional.py), and

wrapper classes as their optimizable equivalent (similar to torch.nn), whose internal at-

tributes represent node parameters that can be optimized (defined in core/material/node.py).

The input noise and pattern created by the generators are largely based on a differentiable

implementation of the FX-Map (defined in core/fxmap), a generalized noise generation

procedure that recursively subdivides the texture canvas into smaller regions and renders

local texture patterns in these regions. A translator module (defined in translator/) decodes

material graph structures defined in XML format, sourced from substance 3D designer. It

automatically translates these structures into a material graph class within our library and

facilitates exportation once material optimization is complete.

7.3.2 Generator Nodes

Generator nodes generate two types of inputs for the procedural graph: noise and patterns.

These nodes often come with parameters that can be adjusted to control properties like

scale, intensity, and randomness, allowing for extensive customization of the generated

textures.

The core functionality to create many generator nodes is the FX-Map node, a general-

ized noise generation procedure that recursively subdivides the texture canvas into smaller

regions and renders atomic texture patterns in these regions. Functionally, FX-Map rep-

resents a generalized noise generation procedure that recursively subdivides the texture

canvas into smaller regions and renders atomic texture patterns in these regions. The sub-

division follows a quadtree structure with a canvas area evenly split into four squares in the

next quadtree layer. The 22d squares at the d-th quadtree layer constitute an octave of depth

d. The rendering step draws one or multiple atomic patterns at the center of each square

(d, i, j) (i, j 2 {0,1, . . . ,2d � 1}). Each atomic pattern Fd,i, j,k(x,y) (k is the pattern index;

x,y are pixel coordinates) undergoes a user-defined spatial transformation xd,i, j,k[·] that can

be either deterministic or random. Deguy and Benassi [58] showed that the FX-Map proce-

dure achieves a close approximation of intermittent locally self-similar Gaussian processes
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(ILSSGP), of which fractional Brownian motion (fBM) is a special case.

7.3.3 Filter Nodes

Filter nodes consist of image processing operations that are closely analogous to operations

common in convolutional neural networks (CNNs). With very few exceptions, filter nodes

either act as convolutions (blurs, edge detectors, etc.) or as per-pixel operations (curves,

blends, thresholds) to each pixel of the input map(s) separately. This is closely related to the

typical components of CNNs: convolutions and point-wise operations (activation functions

such as ReLU, sigmoids, etc.).

In practice, filter nodes are divided into atomic filers and non-atomic filters. Atomic

filter nodes are the basic building blocks, namely any graph when decomposed into its core

operations, will consist of only these nodes. These include basic operators such as blur,

warp, blend, distance, gradient map, and color adjustments, but also procedural modeling-

specific operations like FX-Map and Pixel/Value-Processor. DiffMat provides implementa-

tions of all 21 atomic filter nodes in substance 3D designer and accurately reproduces their

behavior.

Non-atomic filter nodes are pre-made graph instances (compound nodes) that are con-

structed using atomic filter nodes and are designed to reproduce specific visual effects (e.g.,

edge detector) and enable high-level artistic control over material appearance. substance

3D designer has more than 150 non-atomic filter nodes. DiffMat implements the 110 most

frequently used non-atomic filter nodes in the Substance Source dataset and is thus able

to represent a significant portion of these graphs. We fuse inefficient calls of atomic fil-

ter nodes in these pre-made graphs to improve their computational efficiency in DiffMat’s

implementation.

We consider continuous parameters (e.g., opacity in the blend node) as optimizable pa-

rameters and discrete parameters (e.g., number of tiles along the row in the tile generator

node) as non-optimizable parameters. The wrapper class holds a trainable parameter list

and initial values for continuous parameters. Calling the wrapper class with required input

images and discrete parameters will evaluate its functional counterpart. Because different
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continuous parameters have different ranges, we store them in the wrapper class as trainable

parameters with a range of [0,1] along with non-trainable, node-specific minimum/maxi-

mum parameters that are used to map the parameters to their final values. To prevent the

optimization from driving a trainable parameter out of its domain, the wrapper class ap-

plies clamping internally before calling the forward function. Implementing the nodes in

PyTorch gives us the gradient computation for free by using PyTorch’s auto-differentiation.

7.3.4 Automatic Graph Translator

A substance 3D designer document encodes the procedural material graph and its associ-

ated exposed parameters in XML. The DiffMat translator parses and analyzes this XML

document and generates Python programs that replicate the functionality of the graph. This

translation is performed as follows:

1. Graph replication. The translator first detects and stores the default values of all

exposed parameters of the input graph. It then replicates the whole graph in DiffMat

by using the corresponding PyTorch operations with the same connectivity. Graph

nodes without input connections are regarded as generators and those without Diff-

Mat implementation are converted to precomputed input bitmaps using the Substance

Automation Toolkit and serve as non-optimizable patterns.

2. Node parameter conversion. For every filter node, the translator interprets and

converts its parameters according to a series of node type-specific rules. If a node

parameter is defined as a dynamic function of one or more exposed parameters, its

initial value is set by constructing and evaluating its value-processor using the pre-

stored exposed parameters. For node graphs that use unimplemented filter nodes, the

translator automatically replaces them with passthrough nodes.

3. Data flow analysis. After constructing the graph structure, the translator examines

node contributions to the graph outputs to eliminate redundancy. While a graph may

produce many material maps, we only consider four (albedo, normals, roughness,

and metallicity). Therefore, the translator runs a backward breadth-first search (BFS)
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and a forward BFS to identify the largest subgraph that is accessible from these four

output nodes and trims all unused nodes.

4. Program generation. Finally, the translator performs topological sorting on the

final graph and generates a node sequence consistent with data dependency. Based

on this sequence, the translator organizes the results from previous steps and outputs

a complete Python program.

To enable effortless high-level post-editing, we offer the option to retain the exposed

parameters during graph translation. In the subsequent optimization, users can choose

to optimize either exposed parameters alone or exposed parameters plus the rest of node

parameters not directly tied to the exposed parameters. If users wish to explore a larger

design space, they can further choose to remove the value-processors prescribed by the

exposed parameters and optimize all node parameters freely. This is often useful if users

wish to create their custom exposed parameters after the optimization.

7.4 End-to-end Procedural Material Capture

Given a library of differentiable graphs, we follow a two-step process to recover a proce-

dural material from a target photograph. First, we identify the most relevant graphs for

the input photograph. We train networks to, given an image, directly predict the node pa-

rameters of each graph. We process the input photograph with these parameter prediction

networks, evaluate the error between images rendered with these predictions and the input

image, and pick the top-3 graphs with the lowest errors. Second, we use an optimization-

based method to fit the parameters of each of these graphs to the target image. Our entire

pipeline is illustrated in Figure 7-3.

7.4.1 Image-based Parameter Optimization

Given a specific translated graph G, our goal is to estimate node parameters that will pro-

duce a SVBRDF whose rendered appearance will reproduce a target image, I⇤. In particu-
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Figure 7-3: Overview of MATch’s fully differentiable procedural material design pipeline.
Given an input target image (potentially a flash photograph captured using a cellphone),
we compute an input texture descriptor (flattened Gram matrix) using a pre-trained VGG
network. For each procedural material in our library, we train a parameter prediction net-
work by appending fully connected layers to this texture descriptor. We use these models
to predict node parameters of the target image for every material graph, and generate the
corresponding SVBRDFs using the differentiable material graphs translated by DiffMat.
We render images from these SVBRDFs, compute their corresponding texture descriptors
and select the top-3 material graphs with the lowest `1 texture descriptor difference with
respect to the input. Finally, we refine the previously predicted node parameters using a
gradient-based optimization with our differential node graphs to improve the match with
the target image. The material graph (along with the refined node parameters) that produces
the closest matched result is output as the final result. Here, we visualize this pipeline with
a real, captured wood material sample.

lar, we are interested in the material parameter vector ✓ of length k, a concatenation of all k

continuous parameters of the node graph G, which can be optimized via backpropagation.

We define the parameter map evaluation operator M that encompasses the evaluation of

G. Given ✓ as input, it produces parameter maps of a microfacet BRDF (see 7.1.1): albedo

a, normal vector n, roughness r and metallicity m. Therefore,

(a,n,r,m) = M(✓). (7.3)

The rendering operator R takes the generated maps and computes a rendered image

under known illumination using the rendering equation. We assume a single target image

captured by centered co-located point light and camera (simulating a cellphone camera
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with flash), though extensions to other configurations, including multiple lights or views,

is straightforward. The predicted synthetic image can be written as:

I = R(M(✓)) = R(a,n,r,m). (7.4)

Note that both operators M and R are differentiable; this allows for gradient computation by

backpropagating through the entire expression R(M(✓)). Differentiable rendering opera-

tors have also been previously used for material capture, albeit with image-based SVBRDF

representations [163, 60].

Optimizing for ✓ requires us to define a loss function between the rendered image, I

and target image, I⇤. Such a loss cannot rely on pixel-perfect alignment of texture features

because the spatial patterns between the two images are unlikely to match exactly. We use

the popular style loss function that was proposed by Gatys et al. [83, 82] for image style

transfer, and has been used by many previous methods, including material capture [5, 100].

This loss function can be written as:

LG = kTG(I)�TG(I⇤)k1, (7.5)

where TG is a Gatys texture descriptor defined by the concatenation of the Gram matrices

of the five feature maps before each pooling layer of the VGG [233] network.

We compute the Gram matrix using the VGG-19 network without batch normalization,

provided by the torchvision library. We also replace the max-pooling by the average pool-

ing, as suggested by Gatys et al. We normalize images by the mean/variance for ImageNet

data before feeding them to the VGG network. We compute the Gram matrix descrip-

tors for images at multiple resolutions (specifically resolutions of 512, 256, and 128); this

improves the perceptual match over multiple scales.

We use Adam optimizer [141] with a learning rate of 5e-4 to optimize the Gram matrix

loss. Because Eq. 7.4 is fully differentiable, we can backpropagate through the rendering

and the whole material graph to update the values of ✓ directly. This is in contrast to

previous work that used the style transfer loss to optimize for material maps/images [5].
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7.4.2 Network-based Graph Selection and Initialization

The choice of the graph used to match a target image affects the quality of reproduction.

Yet, when a large set of material graphs is given, manually choosing the appropriate graph

is non-trivial; this is especially so, because as shown in Fig. 7-5, production-grade pro-

cedural graphs are often “over-parameterized” and can represent a wide range of material

appearance beyond their semantic class. Therefore, we propose an automatic graph selec-

tion method. This method first directly predicts the parameters of each graph for the target

image and uses this prediction to select candidate graphs. These predictions can also be

used as initializations to the optimization, accelerating convergence, and leading to a better

solution for difficult input targets.

Similar to Hu et al. [113], we predict the material parameter vector using a neural

network that takes the target image I⇤ and returns an estimate of ✓. Hu et al. train a

parameter prediction network, based on the AlexNet [147] backbone, for every procedural

graph in their dataset. This incurs a significant effort to train models for each material

completely from scratch and has a large storage footprint.

Instead of training individual deep networks end-to-end, we extract image features us-

ing a pretrained VGG network and only train multi-layer perceptrons with three fully con-

nected layers for each procedural material. As shown in Figure 7-3, we construct the same

Gram matrix descriptor TG as above, which (when flattened) produces a vector of length l.

We pass this feature through three fully connected layers of size l⇥3k, 3k⇥3k and 3k⇥k,

with a ReLU unit in between the layers, where k is the number of graph parameters.

A final sigmoid produces estimates in the range [0,1], which are then remapped to

each parameter’s actual range. Note that because the length of TG is invariant to the input

image resolution, the same architecture can be applied to varying input resolutions. This

approach combines the advantages of a powerful feature extractor with the small compute

and memory requirements of training small per-graph networks.

We train the fully connected layer weights with synthetic data generated at training

time; thus no dataset storage nor I/O cost is incurred. For each iteration, we randomly gen-

erate a ground truth material vector ✓⇤ and evaluate the corresponding maps a⇤,n⇤,r⇤,m⇤
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(Eq. 7.3) and the ground truth synthetic image I⇤ (Eq. 7.4). We then pass I⇤ through

the (fixed) Gram matrix descriptor TG and the (trainable) fully connected layers, result-

ing in an estimated parameter vector ✓. Because of our fully differentiable pipeline, we

can generate the material maps and rendered images for this parameter vector, resulting in

predicted maps a,n,r,m and image I .

We train the weights of the fully connected layers with a weighted combination of a

parameter loss and style transfer loss (Eq. 7.5):

Lnet = l✓L✓+lgLG. (7.6)

The parameter loss L✓ is defined as the `1 difference between material parameter vectors:

L✓ = k✓�✓⇤k1. (7.7)

The style transfer loss serves as an image-based regularizer and teaches the network how

the predicted parameters influence the visual appearance of the output material. We note

that this term is not available to Hu et al. [113] due to their non-differentiable material

graph. We have also experimented with a per-pixel `2 loss on the images and maps, but

found the predicted parameters tend to produce blurrier maps.

We use Adam optimizer with a learning rate of 1e-4 and a time-based learning decay

rate of 0.97 to train the network. We set l✓ = 1.0 and lg = 0.0 for the first 1000 iterations,

and then update lg = 0.05 for the rest of training. We adopt this approach as we find

the regularization of the style transfer loss is more effective when the estimated material

appearance becomes reasonably close to the target. The number of required iterations varies

depending on the complexity of the material graph, but we found 10000 iterations with a

batch size of 5 is generally sufficient for most of the material graphs we tried. As we show

in Figure 7-4, combining a shared high-quality VGG feature extractor with a small number

of per-material layers yields high accuracy prediction at lower training footprints.

Given a user-input image, we extract its texture descriptor feature and feed it to the

parameter prediction networks for every graph. The predicted parameters are then fed to

their material graphs and rendered as images. We select the top-3 graphs whose renderings
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have the lowest error in the Gatys texture descriptors with respect to the input image. Fi-

nally, we optimize all these graphs (Sec. 7.4.1) to match the target image—starting from

the predicted parameter as initialization—and keep the result with the lowest error.

While our graph selection and initialization approach has similarities to Hu et al. [113],

it also has several advantages. First, our graph selection and parameter prediction reuse

the same network, whereas Hu et al. uses pre-trained VGG-19 and clustering for graph

selection, and individual deep networks for parameter prediction. Second, when a new

material graph is added to the material graph set, Hu et al. would require re-running the

clustering with all existing material graphs; our approach only operates on the new material

and does not require re-computing any existing networks. Finally, we select the material

graph from the entire pool of materials, while Hu et al. only select from the graphs made

for the matched materials. As we show later, selecting from all materials is beneficial,

allowing us to use graphs intended for very different materials to successfully reproduce

the input image.

7.5 Results

We evaluate the performance of MATch over both synthetic images and captured real-world

photographs. All results are computed from a single 512⇥512 input photograph captured

(or rendered) under flash illumination. We use “Default” to denote rendering of materials

that created by the out-of-the-box, originally-designed node parameters of a graph, and

“Target” to denote the target image whose appearance we would like to reproduce. Unless

otherwise specified, all results are predicted/optimized against all the filter node parameters

of the graph.

7.5.1 Material Capture from Synthetic Images

We begin by testing MATch using synthetic photographs. In our experiment, we manually

set the parameters of a graph to generate new materials. We then render these materials

and use the resulting images to evaluate both MATch’s direct prediction networks and the

optimization. Figure 7-4 displays the results for 5 different material graphs, comparing
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Target Our
Prediction

Default Optimiza-
tion from
default

Optimiza-
tion from
prediction

Hu et al.
2019

Figure 7-4: Prediction and optimization results for synthetic materials. For a majority
of synthetic examples, optimization alone is sufficient to reproduce the target materials.
Compared to Hu et al. [113] (our reimplementation on our data and SVBRDF model), our
network prediction produces more accurate color, fine features, and glossiness with the
help of rendering loss. The prediction result is further improved by the optimization step
to precisely match the target material.

optimization only, prediction only, and prediction plus optimization. For most cases, op-

timization alone (starting from default parameters) closely matches the target appearance.

Direct prediction generally provides a rough match but often misses details that optimiza-

tion can recover. However, for challenging examples like the black bricks, optimization

from predicted parameters improves reproduction quality compared to starting from default

parameters. It’s worth noting that during both optimization and prediction, we intention-

ally use different noise patterns in the rendered images, which can be seen in the details.

Nevertheless, our style-based loss effectively handles this discrepancy in basic structures

to accurately reproduce the overall material appearance.
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7.5.2 Material Capture from Real Data

Optimization for Real-world Materials In Figure 7-5, we evaluate MATch on 30 real

photographs with 27 images captured by us and 3 images from the dataset of Aittala et

al. [5]. In the supplementary material, we visualize additional real-world examples (44 in

total) and the optimized SVBRDF maps.

We use the prediction network to pick the material graphs , but use the default param-

eters as initialization to demonstrate the capability of optimization. We note that being

able to reproduce high-quality materials using just optimization allows users to quickly try

out manually picked material graphs and skip the time-consuming network training step.

Figure 7-5 (top) shows that we are able to reproduce a wide variety of materials starting

from the same graph and initialization. This indicates the diversity of materials that can be

generated by manipulating all the parameters in large-scale graphs, as well as the ability of

our optimization-based approach to converge to a good solution.

In Figure 7-5 (middle), we show that when the chosen graphs are designed for a material

type quite different from the targets, they are often expressive enough to represent the target

materials (and the ability of the optimization to robustly discover these matches).

Prediction plus Optimization for Real-world Materials While we find that optimiza-

tion alone is sufficient for many examples, the prediction network generally provides a

better initial guess of the node parameters, which accelerates the convergence of optimiza-

tion and improves the final results. We demonstrate both cases in Figure 7-6 on real-world

materials. On average, the predicted parameters reduce the required iterations for conver-

gence by more than half.

7.5.3 Comparisons with Previous Work

Comparison to Hu et al. In Figure 7-4 and Figure 7-7, we compare our results to the

state-of-the-art procedural material capture method of Hu et al. [113]. Their original work

uses a different set of material graphs, assumes Lambertian BRDFs captured under natural

illumination, and only predicts the exposed parameters of the graph. For fair comparison,
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Suit fabric 
vintage

Office chair 
fabric

Jeans Blue blanket

Cow leather 
rough

Lab couch Amber leather Red wall*

Granite beige

Silver fabric* Brushed fabric*

Travertine wall

Granite table

Stone colorado Sand paper*

Wood cedar Wood table Wood door

Marble brick Red wall rough Red wall flat Grey wall 
painted

Blue tiles Cutting mat*  Cork Plastic desk* Wood beech Hydrant paint*

Ferrofluid Metal gritty* Travertine 
persian

Wood garnet* Marble Painting*

Cow leather 
rough

Leather red Galvanized 
metal

Galvanized 
metal

Wood cherry Lab wood desk

Concrete dirty White stone 
wall

Rust Very rough
aluminum

Wood beech Wood dark 
grey

 Left: Default material         Middle: Optimized material        Right: Target photograph * : Unmatched material types

Granite floor Stone pillar

Figure 7-5: Optimization results for real-world materials. Top: At each row, we show mul-
tiple real-world materials matched by one single procedural material graph using the same
default initial parameters. The * symbol marks the examples that are optimized against a
target material of a different material type. Middle: Additional examples on unmatched
material and graphs. Bottom: Additional examples on matched material and graphs.
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(a) Default
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Figure 7-6: Prediction plus optimization results for real-world materials. Left: Speed
of convergence comparison between optimizing default and predicted node parameters.
Right: Comparison of optimization results on challenging target materials. Optimizing
from the default parameters stuck in the local minimum, while optimizing from the pre-
dicted parameters produces a significantly closer reproduction.

Rendered
(All node

parameters)

Rendered
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Albedo Normal
Rough-
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Metallic
Default Target Rendered
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parameters

only)
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ness
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Ours Hu et al. 2019

Rendered
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parameters
preserved)

Rendered
(Exposed 

parameters
only)

Prediction by Hu et al.’s network when the graph consists of highly-correlated exposed parameters (color here).  

Figure 7-7: Comparison of our method to Hu et al. [113] network prediction (without
non-differentiable style transfer step) for real-world captured materials. For our results,
we show optimization over exposed parameter only, exposed parameters with the rest of
independent node parameters, and all node parameters. Our method overall produces a
better match through optimizing a significantly larger design space and iteratively update
the appearance to match the target. In contrast, the prediction by Hu et al. network is one-
shot and can’t not be iterative refined through back-propagation.
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we re-trained their AlexNet-based models on our data (graphs, material model, and illumi-

nation). Following their paper, we restrict their prediction to the exposed graph parameters

(and all parameters if no exposed parameters are defined). As can be seen on the synthetic

tests in Figure 7-4, our direct prediction is more accurate than the result from Hu et al.,

despite that our parameter prediction networks are more compact than theirs. We attribute

these improvements to the use of the image-space perceptual loss in training the prediction

networks, which is possible only because of our differentiable material graphs. Moreover,

our optimization-based approach further improves over our direct prediction results.

These results are also consistent with the real-world captures shown in Figure 7-7.

Here, we demonstrate that different variants of our optimization scheme, where we opti-

mize different combinations of full or exposed parameters all outperform Hu et al. During

experimentation, we also find their network has a hard time disambiguating correlations

between parameters due to the lack of knowledge of the material graph. For example, a

graph consists of two exposed parameters both control the color of the diffuse albedo (one

exposed parameter for RGB manipulation, the other for HSV manipulation), their network

can get conflated, resulting in poor color reproduction (see Figure 7-7 red insets). This

forces users to manually clean up the exposed parameters and prevents expanding their

network to full parameter prediction for a majority of the procedural graphs.

Comparison with Single-image Per-pixel Capture In Figure 7-8 compares MATch to

the state-of-the-art deep learning-based single-image SVBRDF capture methods of De-

schaintre et al. [60] (based on direct SVBRDF prediction) and Gao et al. [80] (based on

optimization in an autoencoder latent space). These methods predict the image-based ma-

terial maps that are well aligned to the target photo. However, because of the unconstrained

nature of the problem, they suffer from noticeable artifacts such as blurring, color fringing,

and degraded fidelity for novel light positions. These methods are also limited to the reso-

lution and appearance of these results. By capturing into a procedural model, our method

produces higher-quality materials that can be edited, tiled, and synthesized at arbitrary res-

olutions. This does come at the cost of not matching the target texture patterns exactly,

but this is often not important in many material capture scenarios where users would want
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Figure 7-8: Comparison of our method to single-image per-pixel SVBRDF capture meth-
ods of Deschaintre et al. [60] and Gao et al. [80] illustrate the key difference to our method.
While the per-pixel methods are able to produce texture patterns more closely aligned to
the exact target photo, they suffer from various artifacts such as blurring and color fring-
ing. Our method, predicting node graph parameters instead of pixels directly, is much more
robust to these problems, though of course at the cost of not matching the target texture pat-
terns exactly.
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OptimizedTarget Edited

Figure 7-9: Material editing. In each row, we show an optimized real-world material and
variants generated by manually adjusting the optimized node parameters. Note that all the
variants are generated from the same group of noise patterns, yet display a wide range of
appearances.

to capture the general appearance of the material, but not the exact structure of the input

image.

7.5.4 Applications

Material Editing A key advantage of procedural materials is their editability. Starting

with the optimized results, artists can manually fine-tune the parameters to reproduce the

exact material appearance they would like or sample around the optimized parameters to

generate a family of similar textures. We demonstrate this application in Figure 7-9, where

we adjusted the node parameters of the optimized materials to create four material variants

for each example.

High-resolution Material Synthesis Procedural materials are independent of resolution:

once the parameters are optimized at a base resolution (512 ⇥ 512 in our results), we

can synthesize high-resolution material maps using the same set of node parameters. In

Figure 7-10, we picked 4 optimized, detail-rich materials and rendered their appearance at a

resolution of 2048⇥2048 pixel (figures are cropped to fit the space). At higher resolutions,

fine-grain details are revealed without loss of image sharpness. Such super-sampling would

be very difficult to achieve with per-pixel material capture methods.

229



JeansLab wood desk

Red wall flat Granite table

Low resolution target

Figure 7-10: High resolution procedural materials optimized for real-world photograph
inputs. Readers are encouraged to zoom in and examine details.

Exposed Parameter Translation Procedural materials are not always created with la-

beled subgraphs and exposed high-level parameters. These graphs are challenging to reuse

because artists have to deduce the purpose of low-level nodes and manually modify their

parameters. However, many other graphs within the same material category may have

well-defined exposed parameters. We can use a straightforward yet effective method for

distilling and translating continuous exposed parameters from a reference graph to a tar-

get graph. Our method stems from a fundamental insight—the semantics of an exposed

parameter are characterized by its impact on material appearance. Therefore, an exposed

parameter eR in a reference graph GR should induce the same perceptual change in the

output texture after being migrated to a target graph GT 6= GR. This premise enables us

to pinpoint the node parameters in GT that correlate the most with eR by matching texture

descriptor changes.

Let ✓R(eR) denote the vector of continuous node parameters in the reference graph con-

trolled by eR. We first grid-sample eR in GR to compute a set of Gatys texture descriptors

(the texture rendering function is denoted by RGR(·)). Assuming that all continuous param-

eters have a normalized domain [0,1], we use a step size of Ds = 1/N and compute the i-th

texture descriptor T (i)
GR

using

T (i)
GR

= TG
�
RGR(✓R(eR = iDs))

�
(i = 0,1, . . . ,N) (7.8)
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Figure 7-11: Results of exposed parameter transfer between material graphs. The labeled
arrow between each image pair indicates the name of the exposed parameter. We direct
readers to the Supplementary Videos for transition animations when varying exposed pa-
rameters from 0 to 1.

The appearance change in the reference graph from eR = 0 to eR = iDs is then derived by

DT (i)
GR

= T (i)
GR
�T (0)

GR
(7.9)

Our method transfers these texture descriptor changes to GT through node parameter opti-

mization. Here, we reuse the notations above to define ✓G and RGT (·) for GT . Additionally,

✓⇤G denotes GT ’s default parameter values. The following problems are solved to match the

impact of eR in GR at each sampled value (i = 0,1, . . . ,N):

✓̂G
(i) = argmin

✓G

⇣���TG(RGT (✓G))�TG(RGT (✓
⇤
G))� sDT (i)

GR

���+L
(i)

reg

⌘
(7.10)

where s is a hyperparameter amplifying (or attenuating) the transferred texture descriptor

difference. L
(i)

reg is a regularization term that compares ✓G against the previous best solution
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✓̂G
(i�1) to encourage a smooth transition in material appearance

L
(i)

reg(✓G) = 0 (i = 0)

L
(i)

reg(✓G) = b
���RGT (✓G)�RGT

⇣
✓̂G

(i�1)
⌘���

+ g
���TG(RGT (✓G))�TG

⇣
RGT

⇣
✓̂G

(i�1)
⌘⌘��� (i > 0)

(7.11)

where b and g are the weights for texture image and texture descriptor losses, respectively.

Finally, we select the top K node parameters in GT based on the magnitude of texture

descriptor difference (between ✓̂G
(N) and ✓⇤G) contributed by each node parameter. This

step discerns the essential node parameters underlying the transferred exposed parameter

eT . For each selected parameter k, we extract its optimized value sequence from ✓̂G
(i)

(i = 0,1, . . . ,N) and fit an M-th degree polynomial function Pk(eT ) = ÂM
m=0 bk,mem

T from

eT using least squares, where �k = {bk,0, . . . ,bk,M} is the set of polynomial coefficients for

the k-th selected parameter. These polynomial functions can be easily constructed using

S3D’s function graphs.

Fig. 7-11 illustrates the translation of various exposed parameters from a reference ma-

terial graph to a target material graph. These exposed parameters alter details in albedo

(R1), normal (R2), color tone (R3), and material structure (R4), showing case the robust-

ness of the proposed scheme in transferring different types of exposed parameters.

7.5.5 Limitations & Discussion

MATch does not optimize the graph structure, thus its success ultimately relies on the ex-

pressiveness of the chosen graph. Consequently, it performs poorly or fails when unmod-

elled patterns are present in the input or the complexity of the input pattern exceeds the

granularity of the deployed filters. For example, the optimized wood example in Figure 7-5

does not precisely reproduce the dot-like grooves in the normal map because the normal

sub-graph cannot achieve this granularity, instead a similar visual effect is approximated

through a noisy roughness map. A very similar example can also be found in Figure 7-12

second row. Figure 7-12 first row visualizes a more exaggerated example, where the sub-

strate behind the input metal grate is completely unmodelled, and the optimization fails.
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Target Optimized Albedo Normal
RoughnessMetallic

Default

Figure 7-12: Failure cases due to unmodeled objects (substrate behind the metal grate),
limited expressiveness of overly simple graph structures (subgraphs that produce metallic
of the metal grate, normal of the scratched metal, and the bed sheet example), and inability
to optimize the generator nodes to match the input pattern (albedo of the scratched metal,
the bed sheet example).
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MATch currently does not optimize the generator nodes, thus unmatched input noise

patterns result in poor reproduction. The optimized “Metal gritty” in Figure 7-5 is an exam-

ple of this, where the ferrofluid pattern persists after the optimization despite the doughnut-

like color gradient gets removed. More subtle examples can be found in “Amber leather”

and “Red wall” of Figure 7-5. Figure 7-12 (third row) demonstrates a more exaggerated

example, where a tile graph is used to reproduce a bed sheet with scattered square patterns.

Because the tile pattern is an input of the generator node, MATch can’t relocate individual

tiles, which remain visible in the final result.

Finally, MATch currently does not support full-fledged Fx-map Substance node and

derived nodes such as tile generator and splatter. Thus, it is not able to convert graphs

that use these nodes as intermediate nodes (only as generators). This makes conversion

of certain types of materials such as grass difficult. This is a limitation of our current

implementation, which does not occur in black-box approaches (e.g. Hu et al. [113]) since

differentiability is not a requirement.

In a work led by my co-author, we have developed an improved version of MATch

and Diffmat v2that addresses many of discussed limitations [159]. In particular, this new

pipeline is able to translate generator nodes, including full-fledged Fx-map Substance node,

and co-optimize discrete parameters to capture a considerably broader array of materials,

encompassing those with highly regular or stochastic geometries. We refer readers to the

paper for more details.
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Chapter 8

3D Printing for Multispectral Fine Art

Reproduction

In preceding chapters, our main emphasis has been on addressing the visual Turing test

within the domain of virtual and augmented reality. Nonetheless, the scope of the visual

Turing test can expand to encompass the physical realm. This entails questioning whether

we can replicate a physical object in a manner that is indistinguishable from the original.

This chapter delves into this inquiry with a particular focus on a captivating subject: fine

arts. Fine art is a crucial element of human culture, but our reliance on museums to exhibit

original paintings and sculpture inherently limits access and leaves those precious originals

vulnerable to deterioration and damage. The availability of high-quality facsimiles has the

potential to not only broaden exposure but also leave the originals unharmed, in such sce-

narios as restoration practice, conservatory studies and education in museums [71]. Paint-

ings are brilliant examples of fine art artifacts and natural first candidates for an appearance

reproduction effort.

In this chapter, we present a novel workflow for reproducing paintings with accurate

spectral reflectance utilizing a multi-material 3D printer. Leveraging the unique capabili-

ties of 3D printers to vertically combine highly concentrated inks across numerous layers,

we show the spectral gamut of a designated set of inks can be greatly expanded. Our ap-

proach employs a data-driven methodology to predict the spectrum of a printed ink stack

and optimize the layout of these stacks to best match a target spectrum. Additionally, we

235



introduce a spectral vector error diffusion algorithm, which combines color contoning [14]

and halftoning techniques to address layout discretization and color quantization challenges

simultaneously, with precision and efficiency. The proposed method surpasses existing

models for spectral prediction and layout optimization. We showcase the successful repro-

duction of several real paintings and historically significant pigments using our prototype

implementation, which employs 10 custom inks with varying spectra and a resin-based 3D

printer.

8.1 Motivation

Traditional color reproduction of paintings is carried out using 2D printers. However, they

have severe shortcomings for high-fidelity color reproduction as a consequence of two in-

terrelated problems. First, their color gamut is limited because of their fixed set of inks,

which usually includes only cyan, magenta, yellow, and black (CMYK). Although the lim-

ited gamut can be overcome with a larger number and a wider variety of inks, only a

limited amount of ink can be deposited within a given region. Exceeding the so-called total

ink limit results in deteriorated image quality, ink blotting, or mechanical malfunction of

the printer [13]. Second, 2D printers predominantly use colorimetric color reproduction,

in which the color matching is carried out under a reference illuminant and assumes a set

of standard observers. This can lead to metamerism, a well-known problem in color re-

production wherein a good reproduction is obtained under one light source, but not under

another [256].

The recent breakthrough in high-resolution, multi-material 3D printing carries the po-

tential for groundbreaking advances in fine art reproduction. While 3D printers are power-

ful devices for fabricating objects with custom and complex geometry, they can also create

multi-material composites that result in new appearance properties. Among them, the spec-

tral color is often considered as the most important appearance attribute for most forms of

paintings. The spectral reflectance of a surface encodes the complete information about its

color. Therefore, the spectral color reproduction is invariant to the color of the light source

under which the reproduction is observed.
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Good spectral reproduction requires a large spectral gamut. We, therefore, equip our

3D printer with 10 inks and take advantage of its ability to combine highly concentrated

inks with a large number of thin layers, inspired by the recently proposed color contoning

technique [14]. In doing so, we expand the gamut realized by our set of inks signifi-

cantly. The use of high-concentration inks in contoning, however, comes at the cost of

color quantization artifacts. Therefore, we introduce a novel spectral vector error diffu-

sion halftoning [138] that uses the ink stacks of all possible layer combinations as halftone

primaries with an unprecedented efficiency. This turns the spectral vector error diffusion

of potentially billions of primaries into a viable approach, with significantly alleviated ar-

tifacts (due to an insufficient number of primaries). Furthermore, the halftoning resolves

the problems associated with the discrete nature of ink layers, making even a simple layer

rounding reliable in practice.

Accurate modeling of the complex light transport across ink layers, in the presence

of printing inaccuracies, is a challenging task if pursued using physical modeling meth-

ods. We instead take a data-driven approach, modeling the bidirectional mapping between

the spectral reflectance and the ink stack layout using artificial neural networks, which

are learned from the actual printed ink stacks. We produce superior performance in both

reproduction quality and run-time, compared to previous physically-based or data-driven

approaches. We validate and evaluate our approach using historically important pigments

in painting and a number of real paintings.

Our main contributions are:

• A complete physical reproduction framework, comprising both acquisition and fab-

rication, tailored for the re-creation of paintings;

• A data-driven spectral color prediction model based on neural networks that outper-

forms existing methods for both predicting the spectrum of a stack of ink layers and

finding an optimal ink stack for a target spectrum;

• A highly efficient spectral vector error diffusion method that combines ideas from

contoning (combining thin layers of inks) and halftoning (employing spatial modu-

lation) to achieve smooth yet accurate color reproduction;
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Figure 8-1: Left: A photograph of one of our printed sample patches. Each color square is
1 mm⇥ 1 mm. Right: Our spectral acquisition setup.

• A dataset, which we will make it publicly available, of 20,878 contone ink stack

spectra and layouts, spectrally captured oil paintings, together with their optimized

layouts using our ink library, and photographs of our printed reproductions under

multiple illuminations.

8.2 System Overview

Our workflow for multi-spectral color reproduction of painting consists of two major com-

ponents. First, a multi-spectral acquisition setup is constructed to accurately capture high-

dynamic-range scanning of fine art paintings. We use MultiFab [234], a laboratory-scale,

multi-material inkjet 3D printer with a photopolymer printing process similar to commer-

cial printers developed by Stratasys [238] and 3D Systems [242]. Our printer provides

greater flexibility on the selection of printing materials.

8.3 Hardware & Fabrication & Ink Set

We use a spectral imaging setup as shown in Fig 8-1 to capture both calibration samples

and paintings to reproduce. At top, the Nuance FX multispectral imaging system is coupled

with a Coastal Optical 60 mm 1:4 UV-VIS-IR APO macro lens for multispectral image
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capture. Within the camera, a tunable liquid crystal filter can be dynamically adjusted to

transmit one narrow range of wavelengths at a time, while the sensor captures a 1392⇥

1040-pixel monochromatic image of that spectral band. We perform high-dynamic-range

(HDR) multi-spectral capture [89] within the spectral range of 420–720 nm, at 10 nm steps,

yielding a 31-dimensional spectrum per pixel. Note that an alternative to the tuned LCD

filter would be to use advanced hyperspectral recovery algorithms that can reconstruct the

spectra using wide-band RGB channels [15, 47].

At the bottom of the setup, we illuminate the sample with two 12-watt ROSCO Daylight

(5800 K) 12⇥ 12 inch (30⇥ 30 cm) LED LitePads at 45 degrees to horizontal, centered

symmetrically around the multi-spectral camera. The light emitted by each panel is diffused

by a ROSCO #3029 diffusing sheet to maximize the lighting uniformity over the camera’s

field of view. A black acrylic slab under the camera serves as a backing board to minimize

reflection and indirect illumination. The entire setup is fully sealed in an enclosure to

eliminate environmental illumination.

We correct radial distortion by photographing checkerboards and solving for radial dis-

tortion parameters using the MATLAB Camera Calibration Toolbox [29]. We image X-Rite

white balance reference and color-checkers to calibrate and compensate the light fall-off

(vignetting), lighting non-uniformity, and spatial non-uniformity of pixel gain [24]. We

normalize the spectrum of the illumination by dividing every multi-spectral measurement

by the multi-spectral measurement of a calibrated X-Rite white reference target and multi-

plying by the reference’s spectrum.

We use MultiFab [234], a laboratory-scale, multi-material inkjet 3D printer with a pho-

topolymer printing process similar to commercial printers developed by Stratasys [238] and

3D Systems [242]. Our printer provides greater flexibility on the selection of printing ma-

terials. Its spatial resolution (xy-resolution) and vertical resolution (z-resolution) are 35µm

and 11.25µm respectively. Our printer has five channels, enabling us to print with up to 15

inks using three passes of the printer. Our inks comprise a UV curable clear photopolymer

carrier mixed with commercially available color pigments. We prepare the inks by first

mixing the carrier and pigment and then milling the inks using a bead mill.

We have developed a set of 11 inks, including 9 color inks, a low-concentration white
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ink, and a high-concentration white ink (Figure 8-2). The color inks include the standard

cyan, magenta, yellow, and black (CMYK) inks. Following the n-ink 2D printers, we

also add red, green, blue, orange, and violet inks to our printer’s palette. We emphasize

that, though the orange at our disposal shares a similar response with the red, it is more

reflective in long wavelengths and has a narrower (~30–40 nm) absorption band at short

wavelengths. Given the importance and dominant use of orange pigment in art history and

its reputation as difficult to be reproduced [198], we decided to include it. Inspired by the

veiling technique used by painters, we add a low-concentration white ink, which we call

transparent white, on top of the ink stack. The transparent white “veils” the highly saturated

color inks beneath it and enables low-saturation colors. The high-concentration white ink,

which we call opaque white, is the background of our prints and plays the same role as the

paper in 2D printing. The transparent and opaque white use different concentrations of the

same pigment.

The color ink concentrations are optimized for saturation, and are bounded by the hard-

ware constraints of the printing process. In principle, we desire highly saturated colors

with minimal ink-stack thickness. We start by finding, for each individual ink, the max-

imum concentration that the printer can properly print. Exceeding these concentrations,

causes unstable jetting, printhead clogging and incomplete UV curing. Then, we experi-

mentally determine the maximum number of layers required to obtain saturated colors at

their highest concentration. This number depends on the inks and for a majority of the

more transparent inks is around 30 layers. We adjust the concentration of the remaining

inks such that they all saturate at 30 layers. For example, for some inks, such as violet and

black, the color of the resulting stack saturates more quickly. Therefore, we decrease the

concentration such that they saturate at 30 layers.

We opt for the highest concentration because when ink concentration increases, the

number of layers required to obtain saturated colors decreases. A lower number of layers is

preferred because the mechanical and optical dot gain, and therefore blurring, increase with

the number of layers [14]. On the other hand, highly concentrated inks cause pronounced

quantization artifacts. We partially address this challenge by incorporating veiling top lay-

ers using the transparent white, and therefore the concentration of that ink is tuned to allow
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Color Ink product %

Transparent White Penncolor 1
Cyan RJA 1
Magenta RJA 1
Green Lansco 3136 1
Blue Keytstone 3R 0.5
Orange BASF D2905 1
Yellow BASF D1155 1
Red Lansco 1722 1
Violet Lansco 1233 0.15
Black RJA 0.4
Opaque White Penncolor 5
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Figure 8-2: Our ink library. Left: The pigments and concentrations used in our inks, ar-
ranged in the order from top layer to bottom. Right: The spectra of saturated color of our
inks printed with 30 layers. The color of each line corresponds to the color of an ink. The
higher white line represents the Transparent White and the lower represents the Opaque
White.

the colors beneath to remain visible, although it is handled in a more principled way by

spectral vector error diffusion (§ 8.4.3). Finally, we set the concentration of the opaque

white to be as high as possible. This prevents subsurface scattering and results in a brighter

white substrate.

We prepare a dataset of contone ink-stacks to train our model. Throughout this work,

the order of inks in each stack is fixed: a section of 30 layers consisting of any inks,

arranged from the most transparent to the least transparent starting from the top (in the

order shown in the table of Figure 8-2), followed by additional 20 opaque white layers at

the bottom. Although we fix the order of inks in the ink stacks, the number of layers and

that of inks lead to about 0.8 billion possible layer layouts. To efficiently sample from all

layer-layouts to build our training dataset, we introduce the following heuristic sampling

rules to maximize the coverage of the spectral gamut while keeping the number of samples

manageable. In the following, the “color” inks include the transparent white as well, i.e.,

denote the first ten inks in the table of Figure 8-2, while still excluding the opaque white

ink.

• Due to the smooth change of spectral properties of traditional inks, combinations of

a large number of different inks does not result in large spectral variety [214]. We
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thus limit the maximum number of different color inks in a stack to 5.

• We limit the number of color ink layers depending on the number of different inks

used in the stack. Specifically, when using 3, 4, or 5 color inks, we set the maxi-

mum number of color layers to 10, 15, or 20, respectively. The remaining layers are

complemented with additional opaque white layers at the bottom.

• If an ink stack contains 2 or 3 “dark” colors, we further limit the number of color

layers to 8 or 4, respectively. Dark colors are the colors that have high absorption

and/or scattering, which in our case are blue, violet, and black inks.

• For any layer-layout consisting of more than 2 color inks, we enforce the layer incre-

ment step of an ink to be 2.

We obtain 20,878 valid layer layouts following these rules. Each ink stack occupies

a 1 mm⇥1 mm square in the calibration print. We aggregate 13⇥16 ink stacks into one

calibration patch, resulting in the total of 101 patches (Figure 8-1, left). Within each patch,

the neighboring ink stacks are separated by a 0.3 mm wall made of transparent material

to prevent pixel cross-talk. We favor transparent wall over black pigment wall for both

better curability and free of color contamination, with the black backing further minimizes

reflection, resulting negligible sub-surface scattering. To ensure measurement accuracy, the

spectral reflectance of each ink stack is calculated by averaging the measurement over the

0.5 mm⇥ 0.5 mm central region of each square.

Based on the maximum operation area of our printer, we print 4⇥ 4 patches at each

printing iteration. Printing proceeds in 3 passes, and is done upside down—i.e., the topmost

layers are printed first, in order to achieve a diffuse surface finish. In the first pass, the top

white layers and the transparent wall are printed and cured. In the next two passes, the first

5 color layers and the next 5 color layers are sequentially printed. Completion of all three

passes takes approximately 3.5 hours. The HDR multi-spectral acquisition takes 5 minutes

to complete measurement for one calibration patch.
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8.4 Data-driven Spectral Prediction & Layout Planning

8.4.1 Spectral Prediction Model

Spectral reflectance is represented as a 31-dimensional real vector, each element denoting

the reflectance at a discretized wavelength. A layout is represented as a 11-dimensional

non-negative integer vector, encoding the numbers of layers used for each ink. We learn the

spectral prediction function F : Z11
+ !R31

+ , which maps a layout ⇠ to its spectral reflectance

 , from our ink-stack dataset. Given the low dimensionality of our problem, we model the

function using a straightforward fully-connected feed-forward neural network (also known

as a multi-layer perceptron) [54]. Our model includes 4 hidden layers, each with 300

neurons (hidden units), forming a network that is wider than it is deep. Both the hidden

layers and the final output layer use the rectified linear unit (ReLU) as a nonlinear activation

function.

Spectral Loss

We optimize the network for the minimal spectral error, which is defined as a Euclidean dis-

tance between the prediction and the measurement (scaled by the square root of the number

of wavelength bands, in accordance with the practice in colorimetry literature [126]):

Espec(⇠, 
⇤) =

1p
31
kF(⇠)� ⇤ k2 . (8.1)

In our implementation, we normalized the input ink layout vector by the total number of

layers (i.e., 30) such that each layout sums to one.

8.4.2 Layout Prediction Model

Ultimately, we are interested in the inverse function of F, through which we retrieve the

optimal layout for a given spectral reflectance. Given that F is a differentiable function

that maps layouts to spectra, a straightforward approach for the inverse problem would be

fixing F’s parameters and running gradient descent on layouts by minimizing the spectral

error. However, the distribution of spectra over layouts will likely be highly non-uniform
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Figure 8-3: Illustration of our network structure. F denotes our spectral prediction model
(§ 8.4.1), which is used to estimate the spectrum of the predicted layout by our layout pre-
diction model B (§ 8.4.2) and provides the means to measure the quality of it. Q represents
our soft quantization layer (§ 8.4.3).  denotes the spectrum and ⇠ the layer-layout vector.
Both F and B are implemented as fully-connected feed-forward neural networks.

and multi-modal. Further, as the layout is inherently discrete, its relationship with the

spectrum forms a non-convex space. In practice, we find that running gradient descent

directly on a randomly initialized layout usually leads to a local minimum and results in a

poor prediction.

To pick a good initial guess, reducing the risk of being trapped in a local minimum,

we could train a separate network that would learn the inverse mapping of F and provide

a reasonable initial layout estimate from a target spectrum, from which we could initiate

the gradient descent through F. However, it is difficult to measure how good one predicted

layout is compared to another, since the L2 difference between layouts does not translate

directly to the spectral difference, in particular when different layouts could lead to an

identical spectrum. A better alternative is to construct an encoder-decoder model that uses

F to “decode” the predicted layout to the spectrum and evaluate the error with respect to

the target input spectrum; i.e., to use the forward network F (decoder) to set up the loss and

train the reverse mapping (encoder) through back-propagation directly [244] (Figure 8-3).

We define a layout prediction function B : R31
+ ! Z11

+ that predicts an optimal layout

given a spectrum and is implemented by another fully-connected neural network. B consists
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of 8 hidden layers, deeper than F, as it attempts to learn a more complicated distribution.

Each hidden layer consists of 160 neurons with the ReLU activation function. As for F, the

layout vector is normalized. A softmax layer is applied to the output layer to guarantee the

validity of the layout estimate—nonnegative and summing to one.

Perceptual Color Loss

We first experimented with training B with the spectral loss (8.1) only. However, we ob-

served that the reproduced spectral reflectance (from the predicted layout) of an out-of-

gamut target spectrum varied noticeably across trained models, although all shared a sim-

ilar L2 error. Since we do not explicitly perform spectral gamut mapping nor apply any

gamut constraints, the trained model was allowed to freely select any in-gamut spectrum

minimizing the L2 error. We, however, wish the network to predict the one among all

solutions that also minimizes the perceptual color difference under a variety of standard

illuminants and common light sources [193]. To implement this, we define a perceptual

color loss over chosen illuminants:

ELAB(⇠, 
⇤) = Â

i
DE⇤ab (LABIi(F(⇠)),LABIi( 

⇤)) , (8.2)

where LABIi(·) represents a series of transformations from a spectrum to CIEXYZ co-

ordinates under the illuminant Ii with the CIE 1931 2° standard observer, and further to

CIELAB color. Each Ii denotes the spectrum of a particular illuminant, and for DE⇤ab we

use the CIE 1976 color difference (DE76) in CIELAB space [256]. For this perceptual loss,

we used 8 different light sources: halogen, incandescent, fluorescent (2700 K), Philips Hue

LED (5000 K), ROSCO Daylight LED (5800 K) as well as the CIE standard illuminants

D65, D50 and A. The DE76 is chosen for simplicity; DE94, also differentiable, could as

well be an accurate perceptual loss metric [135]. Although more accurate, DE00 is not

differentiable.

We observe more stable and consistent training and preferred results with the addition

of the perceptual loss (8.2). We emphasize that, for in-gamut input spectra, adding the per-

ceptual loss will not misguide the network to learn metameric pairs since only the desired

245



spectra drive both the spectral loss and perceptual loss to zero. However, training with only

the perceptual loss also yields suboptimal results, since the mapping from a low dimen-

sional CIELAB space to a high dimensional spectral space is multi-modal. Without the

measurement of spectral fidelity and under a set of limited illuminants only, the network

can easily converge to a metameric spectrum that gives an equivalently low perceptual dif-

ference.

Layer Thickness Loss

In addition to minimizing the perceptual difference, we also minimize the number of color

layers (color inks plus transparent white) in a layout estimate (excluding the twenty or

more opaque bottom white layers). Babaei et al. [14] show that fewer color layers result in

smaller minimum feature size and reduced optical and physical dot gain in color contoning.

In both 2D- and contoning-based colorimetric reproduction, the mapping from a CIELAB

color to CMYK ink intensity is multi-modal, which is a result of the trade-off between the

black ink (K) and three chromatic inks (CMY). Our ink set also shares this problem, and

the layout with the thickest black layer often results in the minimal total layer thickness

(i.e., the number of color layers). In addition, given the significantly increased number

of primaries, a target spectrum may also be reproduced by combination of different inks.

Therefore, to encourage the use of a minimal number of color inks, we define the layer

thickness loss:

Ethick(⇠) =
10

Â
i=1

|xi|= k⇠k1�|x11| , (8.3)

where x11 is the number of opaque white ink layers in the predicted layout.

The backward function B is trained to minimize the following loss over our training

dataset:

E = Espec +aELAB + gEthick , (8.4)

with a = 10�3 and g = 10�3.
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8.4.3 Spectral Vector Error Diffusion

When using the backward model in order to print an ink layout best reproducing a given

spectrum, we witness two problems which, at first glance, seem independent. First, a

denormalized layout prediction of B has continuous values and thus has to be discretized

to integer layers for actual printing. Second, because of the high concentration of our inks,

a mere contone-based model would suffer from color quantization [14]. Although the use

of transparent white mitigates this problem, quantization artifacts are still visible at regions

with smooth color gradients. This is in essence a halftoning problem: we have a spatially-

varying continuous input (from B) that needs to be represented with a discrete ink layout

at each location. Halftoning techniques simulate continuous tone images through spatial

modulation of a limited number of primaries [17].

Layer Layout Discretization

A straightforward approach would be to round the continuous output to the nearest integer.

Alternatively, we can enumerate all possible combinations of rounding up and down for

the prediction on the thickness of each ink, which would amount to 211 possibilities, and

search for the best combination, in terms of spectral accuracy, in a brute-force manner.

Since the complexity of enumeration grows exponentially, it would be preferable if the

network could directly generate integer-valued layouts. However, rounding is not differen-

tiable, and thus cannot be directly used during training. latercheck the equation :

To address that, we apply a soft quantization layer to encourage the network to predict

close-to-integer layouts, mitigating the influence of a posterior rounding operation on the

prediction. Our soft quantization layer is placed between the spectrum prediction network

F and the layout prediction network B, such that the loss is calculated on (soft) rounded

layout predictions. The soft quantization layer is constructed as a sum of cascaded soft

unit-step functions:

Q(xi) =
1
Ns

Ns

Â
k=1

s(Ns ·xi� (k�1)) , (8.5)

where the number of steps equals to the number layers Ns = 30, and the unit-step func-

tion s(·) could be any sigmoid function that has a steep transition around a half and has
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vanishing gradients outside the unit interval. We use a shifted logistic function:

s(x ) = s(k · (x �0.5)) , (8.6)

where s(x) = (1+ exp�x)�1 and k controls the steepness of the transition, which we set

k = 15 for training our network.

Error Diffusion

Since in contoning, the only way of modulating color is to add or remove a layer, when

highly-concentrated inks are used, the color space is not covered as densely as required,

especially at low-saturation areas of the gamut. Our solution to the color quantization

problem is to perform an error diffusion with contone stacks as primaries. This bears re-

semblance to spectral vector error diffusion (sVED) algorithms. However, our proposed

method is significantly more efficient. Unlike sVED algorithms that for each pixel look

for the nearest neighbor among all primaries, which in our case spans 0.8 billion 31-

dimensional points, we simply round the continuous layout predicted by B and feed the

rounded layout to F. The resulting spectrum is subtracted from the target spectrum to obtain

the spectral error vector. The spectral error is then carried over to the neighborhood pixels,

wavelength by wavelength, according to the weights specified by the Floyd-Steinberg [77]

error diffusion kernel. The subsequent prediction for the neighborhood pixels then takes

into account the carried-over spectral error. To further improve the computational effi-

ciency, we parallelized the error diffusion following the optimal scheduling proposed by

Metaxas [189].

The advantage of this approach is twofold. First, the discretization of the continuous

layout from the backward model can be a simple rounding, which is orders of magni-

tude faster than a search among the huge space of possible ink stacks. More importantly,

the color quantization artifacts are removed through spatial mixing of a large number of

contone-stack primaries. Unlike with RGB or CMYK dithering, the extremely large pool

of primaries makes halftoning artifacts virtually invisible, since for any input spectrum

there exists a very similar “primary.”
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8.4.4 Training Protocol

We randomly split (and fixed) our spectral ink-stack dataset into a training set of 18,878

samples and a test set of 2,000 samples. We verified that the number of layers for each

color ink in the test set follows the distribution in the entire dataset.

We train our spectral prediction network F using the spectral loss (8.1) only. After

the training of F is finished, we train the layout prediction network B using the combined

loss (8.4), with the weights of the trained F fixed. During the reproduction, a target multi-

spectral image is fed to B to yield an optimal layout prediction, which subsequently is

quantized by the spectral error diffusion. The resulting (denormalized) layout map consists

of 11-dimensional vectors, each of which dictates how many layers of each ink have to be

deposited in order.

Both networks are trained using Adam [141], a stochastic optimization algorithm. We

use an initial learning rate of 10�3 for F and 10�4 for B, with b1 = 0.9 and b2 = 0.999

for both models. Training samples are drawn randomly from the training dataset. Both

models are trained for 500,000 iterations with batch size of 64. A learning rate decay of 0.1

is employed every 50,000 iterations. Weights are regularized by penalizing their L2 norm

weighted by 10�5.

8.5 Experiments & Results

We evaluate the performance of our method both quantitatively and qualitatively. In ad-

dition to individual spectra that have been historically considered important to reproduce,

we validate our full reproduction pipeline with a number of real paintings, which are in-

tentionally painted to maximize the diversity in color, and include challenging textures and

smooth gradients.

8.5.1 Model Evaluation

In this section, we evaluate our spectral and layout prediction models, and spectral vector

error diffusion. We also provide the reproduction quality of our model tested on historically
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Espec DE00 (D65) DE00 (TL84) DE00 (A)

Mean SD Mean SD Mean SD Mean SDModels
Median Max Median Max Median Max Median Max

6.91 2.82 9.08 5.67 9.13 5.53 9.11 5.20Contoning 5.48 61.73 8.56 41.49 8.56 41.73 8.65 40.77
4.90 2.82 9.89 5.67 9.02 5.53 8.26 5.201C-KM 4.22 25.73 9.12 43.37 8.14 34.37 7.31 35.33
3.83 3.09 6.64 4.03 6.13 3.96 5.72 3.932C-KM 2.99 34.29 5.85 39.79 5.24 40.10 4.80 40.80
1.99 1.60 3.57 2.84 3.70 2.85 3.54 2.704-Flux 1.60 27.40 2.92 30.45 3.03 30.87 2.93 27.46
1.44 1.06 2.50 1.58 2.38 1.58 2.20 1.69Ours 1.16 10.95 2.19 11.79 1.97 11.36 1.72 12.24

Table 8.1: The accuracy of different spectral reflectance prediction models, in terms of the
spectral error Espec (Eq. 8.1) and the CIEDE2000 (DE00) [174] under three illuminants. We
report the mean, standard deviation, median, and maximum. The lowest errors are denoted
in boldface.

important colors.

Spectral Reflectance Prediction Model

We compare our spectral reflectance prediction model with several physically-based and

data-driven models: the one-constant Kubelka–Munk [148] and two-constant Kubelka–

Munk models [57] (1C-KM and 2C-KM, respectively); the four-flux model [217]; and

the color contoning model [14]. We follow different strategies for building these models.

For 1C-KM model, where the model parameters (absorption to scattering ratio at each

wavelength) are straightforward to compute, we use measurements. For more advanced

models, i.e., 2C-KM and four-flux, since measuring their parameters is prone to error, we

fit their parameters using our training set and evaluate the model accuracy on the test set.

The fitting procedure ensures the maximum capacity of these models as it does not rely

on physical measurements. For training data-driven models (all except 1C-KM), including

ours, we use the training samples of our dataset.

In Table 8.1, we show the spectral and colorimetric accuracies of all models. We report

the statistics of the spectral error and DE00 under three illuminants, D65, TL84, and A. Un-

der all metrics, our model achieves a significantly lower prediction error, and is on average

close to the measurement noise (1%), which was measured through repeated scanning. In

Figure 8-4(a), we show the quality of spectral prediction with a number of randomly-drawn
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Figure 8-4: (a) Comparison of test spectra from our contoning ink stack dataset predicted
by our spectral prediction model F and by the 4-flux method. (b) Projection of predicted
spectra onto CIELAB space (under D65) with the dot volume proportional to the spectral
error Espec.
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test samples of varying spectra, where our prediction closely follows the measured spectra.

In Figure 8-4(b), we plot the predicted test set spectra (2000 samples) in CIELAB space

with dot volume proportional to the spectral error. In the supplementary material, we pro-

vide additional visualization of equivalent 2D plots with 9 different luminance bins. The

standard deviation of mean spectral error at each quadrants is 0.10%, showing no obvi-

ous bias towards towards a particular tone. The samples at high luminance region are more

sparsely populated, likely due to the use of high concentration inks. Using more layers with

lower concentration shall provide denser coverage at the cost of more severe blurriness.

The merit of physically-based models is that they rely on only a limited physical mea-

surements. Therefore, they are scalable to a large number of inks and do not require a large

dataset and lengthy training process required by data-driven models. While they usually

work well within a limited operational range, these models have difficulties to incorpo-

rate the added complexity of the printing process. The contoning model, which is also a

data-driven method, assumes only absorbing materials and is unable to predict the spectral

properties of our complex stack that includes different inks with a wide range of absorption

and scattering.

Layer Prediction Model

In order to evaluate our layout prediction model, we compare the performance of the model

trained with varying losses (Table 8.2). We report the errors using the same metrics as in

the spectral prediction model, measured from the undiscretized network output and the

discretized output, which has been rounded to the nearest integer.

With a negligible difference on the achieved spectral error, adding perceptual loss and

layer thickness loss results in roughly 30% reduction on the perceptual difference, and one

layer reduction on the total color layers. However, we choose to apply small weights to

the perceptual loss and layer thickness loss, since a high perceptual loss weight results in a

metameric reproduction. A high weight for layer-thickness loss induces high quantization

errors. Depending on the application and number of inks, weights for perceptual loss and

ink thickness loss may be further tuned.

The layer prediction model could be directly trained without the pre-trained spectral
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Espec DE00 (D65) DE00 (TL84) DE00 (A) thickness
Losses

Mean SD Mean SD Mean SD Mean SD Mean SD

(a) Espec
– 0.81 0.49 1.71 1.28 1.84 1.54 1.52 1.53 16.20 3.32
rounded 2.28 2.39 3.75 2.41 3.64 2.59 3.17 2.39 15.73 3.36

(b) Espec +ELAB
– 0.81 0.50 1.20 0.93 1.37 1.17 1.17 1.18 16.57 3.16
rounded 2.32 2.31 3.44 2.32 3.25 2.24 2.94 2.10 16.13 3.28

(c) Espec +ELAB +Ethick
– 0.82 0.49 1.34 0.91 1.50 1.15 1.31 1.20 14.43 3.17
rounded 2.52 2.38 3.71 2.38 3.57 2.34 3.13 2.07 14.03 3.26

(d) Espec +ELAB +Ethick w/ soft quantization layer
– 1.20 0.71 2.02 1.27 2.16 1.44 1.82 1.36 14.72 3.20
rounded 1.60 1.09 2.70 1.62 2.65 1.61 2.31 1.53 14.80 3.23

Table 8.2: The accuracy of our layer prediction model trained with different objectives,
measured in the spectrum error Espec (Eq. 8.1) and the CIEDE2000 DE00 under three illu-
minants. We report the mean and standard deviation. The lowest errors are shown boldface
and the second lowest underlined.

sRGB
Ours
Contoning
[Babaei et. al 2017]

2D Printer

-100 1000
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L* = 35 L* = 50 L* = 80L* = 65
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100
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-100 1000-100 1000 -100 1000

Figure 8-5: Comparison of our 10-ink gamut with two other printing methods and sRGB
(under D65). The figure shows a⇤b⇤ slices at different L⇤ values.

prediction model as a loss, where the loss itself would also be learned through, e.g., a con-

ditional generative adversarial network [127]. We experimented with a model consisting of

our B as a generator and a fully-connected feedforward network with a 2-way softmax at

the end, resembling our F but performing binary classification, as a discriminator, trained

with our loss terms. We found, however, that a such-trained model was prone to overfitting

with poor generalization.

Spectral Vector Error Diffusion

We evaluate the performance of our proposed soft quantization layer and sVED. Figure 8-6

presents the simulated reproduction of a painting under D65 illuminant using varying con-

figurations. Our soft quantization layer helps reduce the errors introduced by rounding (e
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(f )  R (w/o SR)    (e) R(d) BF(b) SVED+BF(a) GT (c) SVED+R

Figure 8-6: Comparisons of different quantization methods. (a) ground truth; (b) spec-
tral vector error diffusion with brute-force enumeration; (c) spectral vector error diffusion
with nearest-integer rounding; (d) per-pixel brute-force enumeration; (e) per-pixel nearest-
integer rounding; (f) per-pixel nearest-integer rounding without using our soft quantization
layer. The results in (b–e) were created using the network with the soft quantization layer.
Each row at bottom corresponds to a rectangular region in the painting at top. Paintings
©Azadeh Asadi. 254



vs. f). While the local (per-pixel) brute-force enumeration (d) helps alleviate artifacts, the

use of our spectral error diffusion greatly improves overall reproduction quality (c). Com-

bined with the brute-force search (b), the sVED shows the best results, with less noticeable

graininess, which can be best seen in the electronic version of the paper when zoomed

in. Yet the sVED on both the brute-force enumeration (b) and nearest-integer rounding (c)

exhibit comparable quality, but with rounding exhibiting better run-time performance (see

§ 8.5.3). We note that, at high luminance and region with smooth gradient (last row), the

halftone pattern becomes more visible, likely due to the relatively sparse coverage over the

particular gamut area and the high color contrast.

The effectiveness of the soft quantization layer is validated quantitatively in Table 8.2.

The reproduction error of soft-quantized results before rounding (d; first row) is slightly

higher than that of the results without the soft quantization layer (a–c; first rows each).

However, while the error increases sharply after rounding without the soft quantization

layer (a–c; second rows), there is a much smaller increase for the soft-quantized results (d;

second row).

Color Gamut Evaluation

We compute the color gamut volume of our proposed 10-ink setup in CIELAB color space

under D65 illumination. We densely sample 16.8 million layouts, including all possible

layouts for stacks with up to 5 inks as well as layouts for stacks with more than 5 inks at a

minimal increment step of 2. The layouts are fed to the our spectral prediction model F to

obtain the resulting spectra. We reconstruct the non-convex gamut surface of our CIELAB

point cloud using the ball-pivoting algorithm [23]. We then compute the volume enclosed

by this surface, which for our 10-ink setup is 79% of the sRGB gamut volume. This may

be compared to 42% for a standard CMYK 2D printer based on halftoning, 45% for a

typical CMYK contoning system, and 65% for a fluorescent-ink printer (CMYK plus two

fluorescent inks). We observe that our gamut is significantly larger than the fluorescent-

ink gamut, the state-of-the-art method for wide-gamut printing [215]. In Figure 8-5, we

visualize the color gamut comparisons over several iso-L⇤ slices in CIELAB. As shown in

the figure, our 10-ink setup provides additional gamut coverage over color contoning most
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Figure 8-7: Comparison of historical pigment spectra reproduced by the proposed neural
network and the nearest neighbor search. The white dots mark the challenging spectra that
are difficult for our ink set.

prominently at green, red, orange and pink tone regions, particularly when the luminance

is high. To account for the sRGB gamut, further incorporation of blue and purple tone

primaries would be necessary.

Reproducing Historical Pigments

We evaluate the ability of our proposed model to reproduce real pigments that have been

widely used for artwork. We use the FORS spectral database, which contains 54 pigments

of historical interest [53]. This dataset contains the spectra of the pigments in pure powder

form, as well as mixed with different binders (6 sets in total). Among these, we reproduce
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the measured spectra of pigments mixed with gum arabic, which gives the most saturated

colors.

In Figure 8-7, we compare the spectra and the resulting color under the D65 illumi-

nant predicted by color contoning [14] and our model (with rounding enumeration), to the

exhaustive search over 16.8 millions of densely sampled spectra which we used to com-

pute the contone color gamut (§ 8.5.1). The color contoning achieves Espec = 4.02% and

DE00(D65)= 5.64 on average, while our network achieves Espec = 2.60% and DE00(D65)=

4.77, compared to Espec = 2.31% and DE00(D65) = 2.39 of the exhaustive search. The

spectral error and LAB error of individual pigments are reported in the supplementary ma-

terial Table 1. For most in-gamut spectra, our network prediction yields results very close

to (or indeed identical to) exhaustive search over 16.8 million samples.

We identify 12 challenging (out-of-gamut) spectra that are not well reproduced by our

ink set (Espec > 5% or DE00(D65) > 7 when predicted by our model). For example, the

cobalt blue (row 4 at column 8 in Figure 8-7; R4C8 hereafter) and smalt (R5C4) share

a steep tail after 700 nm, and similarly, the cobalt violet (R5C8) possesses a steep head

before 450 nm, all of which cannot be reproduced by our violet without causing a fat tail

from 630-700 nm or a fat head from 450-500 nm. The fat head also appears in the carmine

lake (R2C3), whose ramp starts from 600 nm and is 50 nm behind the spectra of our red,

orange and magenta. The cadmium yellow (R3C7) starts the ramp at 450 nm, which is

30 nm earlier than our saturated yellow in and causing a lifted yellow spectra (with white

layers) to match the curve. The downhill of lithopone (R6C9), which starts at 630 nm, also

cannot be reproduced, given that none of our inks’ spectra has a descending trend after

600 nm. Overall, our current ink set has difficulties in reproducing yellow- and gray-tone

pigments. Ultimately, we believe a further expanded and more carefully selected ink set is

necessary to reproduce all pigments’ spectra well.

8.5.2 Painting Reproduction Evaluation

We scanned small oil paintings with varying scales, color and texture characteristics, using

the same spectral acquisition setup we used for measuring our dataset. During capture,

257



the distance between the camera and painting is adjusted to match the measurement res-

olution to the printer’s spatial resolution (35µm). For paintings larger than the camera’s

field of view, we scan them part-by-part and stitch the measurements into a single spectral

image [30].

We captured the photographs of all results reported in the paper using a Canon 5D

Mark-III DSLR camera with a Canon 100 mm f/2.8 macro lens. The photos of the paintings

and their reproductions were taken simultaneously in a single shot under the same light

source, then cropped appropriately. We used a fluorescent light and a halogen light to

represent cold and warm color temperatures. Additionally, we used a Philips Hue light,

which includes different colors of LEDs inside to simulate different lighting.

We include the high-resolution images of both simulations and physical printings in

our paper, and refer the readers to the electronic version of it, where more details of our

reproduction can be seen and examined when zoomed in.

In Figure 8-8, we show the side-by-side comparisons of the selected paintings patches

and our printed reproductions under different physical light sources. The physical dimen-

sion of each painting patch is 3.2cm⇥ 2.4cm. Our results faithfully reproduce a variety

of color used in real paintings under a wide range of color. In particular, the paintings

exhibits different characteristics: the “water lily” is characterized by its desaturated colors

and smooth gradients, while the others use more saturated colors.

We compare our reproduction with the color contoning method [14] in Figure 8-9, using

simulation. Our sVED based on 10-ink stacks outperforms the CMYK contoning method

with more faithful reproduction of various colors. This is expected as our gamut volume is

significantly larger than the color contoning gamut. In contoning, the ink concentrations are

kept low to prevent color quantization. Our use of more saturated inks help achieve a larger

gamut at the cost of more prominent color quantization, which is handled by our spectral

vector error diffusion method (the halftoning pattern can be examined in the electronic

version when zoomed in).

In Figure 8-10 we show the printed reproductions of two paintings generated using our

10-ink pipeline, and the same pipeline but with our CMYK inks only. Thanks to our sVED

method, which allows for high-concentration inks, we can achieve a significantly large
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Figure 8-8: Reproduced paintings using our method. We show 4x2 sets of our printed
reproductions. For each set, we show our printed reproduction with CMYK inks (top row),
the original painting (middle row), and our printed reproductions with 10 inks (bottom
row). Each painting is lit by four different light sources (halogen (2750K), Phillips Hue
LED (Warm), fluorescent (5000K), and Phillips Hue LED (Cool)), which are shown so
ordered. The spectrum of each light is illustrated in the supplementary material Figure A.1.
Paintings ©Azadeh Asadi.
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(a) Ours (b) Original (c) Contoning

Figure 8-9: Simulated comparisons under D65 illumination of our method to the CMYK
contoning. Our reproduction (a) of three paintings are compared against the original paint-
ing (b) and the CMYK contining method (c) of [14]. Our method provides consistently
more faithful reproductions to the original. Paintings ©Azadeh Asadi.

color gamut even with CMYK. However, although our highly-concentrated CMYK inks

yield a large gamut close to a fluorescent-ink printer (65% of sRGB), the 10-ink method

shows consistently better reproduction quality under different lights. This justifies the use

of a larger number of inks for high-fidelity spectral reproduction. For a quantitative eval-

uation, we also show the spectra of some sampled points from the original painting, the

reproduction by our 10-ink method, and the reproduction by our CMYK inks, along with

spectral and colorimetric errors. In general, the CMYK set, even though at high concen-

tration, is not able to reproduce some of spectra faithfully (on average Espec = 6.22% and

D00 = 7.97). Our 10-ink printer, on the other hand, gives excellent spectral match between

the paintings and prints (on average Espec = 2.78% and D00 = 3.80). Note the spectral

difference in the inset of Figure 8-10, where the 10-ink set consistently gives less spectral

error. Concerning colorimetric reproduction, the 10-ink set outperforms or does equally

well compared to the CMYK. There are a few exceptions, especially out-of-gamut spectra,

such as spectrum number 3 in the second painting, a brilliant red color. Although the color

reproduction accuracy of the CMYK set is relatively good, it has unacceptable spectral

accuracy, indicating the risk of a metameric reproduction. On the other hand, the 10-ink

reproduction has much better spectral reproduction accuracy, while the colorimetric error
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is high, typical for out-of-gamut colors.

The reproduced paintings have to undergo a series of color transformations (e.g., by

the camera, publishing software, and the printer or display) to be presented in this paper,

whether it is printed or viewed electronically. Thus, the difference between our reproduc-

tions and those by other methods may have been washed out or become subtle. To further

provide evidence of the significant differences between them when seen in person, we car-

ried out a small perceptual study, in which we compared our 10-ink with our CMYK prints.

We asked participants to evaluate the color fidelity of the two candidate methods as com-

pared to the original, under three different lighting conditions (fluorescent at 3500 K, LED

at 5800 K, and cloudy daylight).

We asked participants to evaluate printed patches on a scale between �3, indicating a

strong preference against ours, and +3, for ours, with 0 being indifferent. Based on a study

involving 8 participants, the mean preference score was +1.69 with standard deviation of

1.14, which shows a consistent and statistically significant (p < 0.001) preference for our

reproduction.

8.5.3 Run-time Performance

Our model is implemented using TensorFlow [3], and trained and tested on an NVIDIA

Titan X (Pascal) GPU. It takes about 15 minutes to train the spectral prediction network F

and about 45 minutes for the layout generation network B. Note that these are one-time

computations and once the model is built, it can be used for different input paintings. To

predict the layout of a painting consisting of one million spectral pixels, it takes on average

0.3 seconds.

Our spectral vector error diffusion is implemented in Python (with NumPy) and Ten-

sorFlow. We follow the optimal scheduling pattern proposed by Metaxas [189] to batch the

evaluations of uncorrelated pixels at each time step, which significantly reduces the num-

ber of network inference calls. During error propagation, a damping factor between 1 and

0.6 (for highly saturated paintings) is applied to the error diffusion kernel to prevent the

algorithm from diverging. Error diffusion on a painting of one million spectral pixels takes
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Figure 8-10: Comparisons of the printed results and measured spectral reflectance between
our CMYK reproduction, 10-ink reproduction and the original painting. In the lily example
(top), the reconstruction of green and purple hues are extensively examined, which are
known to be difficult for CMYK. In the bottom example, we examine a wide varity of both
saturated and desaturated colors. In both results, 10 inks result consistently outperforms
the CMYK both perceptually and in terms of spectral RMSE. Paintings ©Azadeh Asadi.
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on average 23 seconds using simple rounding and 590 seconds using brute-force rounding

enumeration.

For physical spectral prediction models, although the forward model can be very effi-

cient, the backward model needs a model inversion with iterative optimization algorithms,

which renders the print-data generation into a slow process. We tested the color contoning

run-time performance using our training dataset. The forward model takes more than 40

hours in MATLAB on a MacBook Pro with a 2.8 GHz i7 processor and 16 GB of RAM.

This is because the model inverts a large weight matrix (n⇥ n , n being the number of

training data samples) for predicting every layout. We did not test the contoning backward

model, as a nearest neighbor search among 0.8 billion points in a 31-dimensional spectral

space is intractable.

8.6 Discussion & Limitation

In this chapter, we propose a complete pipeline capable of reproducing spectral reflectance

using a 3D printer. To this end, we present a data-driven approach for predicting the optimal

stack of different inks. Our framework provides accurate and efficient forward and back-

ward predictions. Our proposed spectral model outperforms state-of-the-art physical and

data-driven prediction models, mostly by large margins. We demonstrate the effectiveness

of our workflow by reproducing a number of challenging oil paintings, painted by our artist

collaborator [11]. We further propose a novel spectral vector error diffusion that combines

both halftoning and contoning techniques in a complementary manner to leverage the po-

tential of both methods. Our sVED algorithm uses error diffusion on a very large number of

potential contone stacks, very efficiently, thereby resolving both layout discretization and

color quantization problems. Our framework takes the first step in the exciting direction

of fine art reproduction, and we hope it triggers more works, leading to the exploitation

of rapid advances in fabrication technologies and computational techniques to protect our

cultural heritage. Below, we discuss the limitation of our current work and propose future

research directions.

Our experiment with the historical pigments revealed that our ink library is suboptimal,
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unable to faithfully reproduce certain spectral curve shapes, such as cobalt blue. An ex-

citing extension of our system is to further expand the ink library. With an extended ink

library, an efficient painting-specific ink selection algorithm would be required to allocate

inks from the library to the limited number of printer channels.

A data-driven model fits well with our current problem size. However, for maximum

scalability, striving for more advanced physical prediction models is an important research

direction for the future. For this, one can take inspiration from physically-based models

for rendering of layered materials [129]. Another appealing direction is to construct a

physically-aware neural network that, instead of working with ink labels, is built on proper

spectral measurements. By learning from the physics of the problem, we expect the result-

ing network to be generalizable to arbitrary inks not present in the training set. However,

we expect a significant larger training set to be necessary given the increase in the number

of degrees of freedom.

Compared to the previous contoning method [14], the dot gain in our approach is sig-

nificantly lower due to the thin (high-concentration) ink stacks. Consequently, the blur is

much less significant without any preprocessing [14] or optimizing the material arrange-

ment for the least crosstalk [69]. Having said that, we believe that improving the blur prob-

lem through careful tuning of material thickness and concentration, optimizing halftoning

and contoning parameters, and finding optimal material arrangements [69] is necessary for

high-quality reproduction.

Finally, a painting reproduction without considering the rich spatially-varying gloss

and translucency found in many paintings as well as the 3D trail of the brush-stroke is

far from complete. Incorporating gloss and microgeometry will also improve the spectral

reproduction by recognizing the unavoidable highlights measured during the capture, and

compensating for them by surface reflection (and not by diffuse color). Although there

have been recent efforts in combined fabrication of these appearance attributes [70], there

is still a long way to go for archival-quality fabricated fine art.
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Chapter 9

Conclusion & Future Work

In order for virtual and augmented reality to become widely embraced as a personal and

social computing platform, the displays of tomorrow need to deliver 3D imagery with wide

field of view, high resolution, high brightness, and comfort all packaged into a compact

form resembling everyday eyeglasses for extended period of wear. Previous techniques

like parallax barrier, integral imaging, or multi-layer light field displays have intrinsic lim-

itations in realizing all these aspects. On the other hand, there’s a pressing need to de-

velop lightweight appearance modeling and authoring methods for both expert and non-

expert users to efficiently create realistic appearance in a virtual environment. Classi-

cal measurement-based appearance acquisition methods require expansive and carefully-

calibrated setups, as well as exhaustive measurement. Forward material design using au-

thoring tools like Blender and Substance 3D Designer demands specialized expertise plus

a laborious and time-consuming design process. In a separate thread, we investigate the

extension of the visual Turing test into the physical domain, with a specific emphasis on

replicating fine arts, notably paintings. This endeavor presents significant challenges, par-

ticularly in accurately reproducing the spectral reflectance of the original artwork.

This dissertation has presented a series of computational methods towards tackling

above challenges, in particular: 1) algorithms to efficiently generate high-quality 3D holo-

grams for near-eye displays; 2) inverse material modeling algorithms that procedurally cap-

ture the appearance from a user-input example (i.e., a single flash image of the material) abd

enable efficiently material authoring. 3) a novel workflow for reproducing physical appear-
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ance of paintings with accurate spectral reflectance utilizing a multi-material 3D printer. In

the following, we briefly summarize the key contributions of this dissertation and discuss

potential future research directions.

9.1 Discussion

Computer Generated Holography Numerous algorithms have been devised to address

persistent and critical challenges in computer-generated holography. In Chapter 3, we intro-

duced a novel light field display system based on CGH. Our approach includes a specialized

light field rendering geometry tailored for hologram calculation, meticulously designed

to eliminate aliasing in both oversampling, undersampling, and avoid geometry clipping.

Through rigorous theoretical analysis, we established the limitations regarding aliasing,

sampling, spatial resolution, and design parameters critical for utilizing holograms to faith-

fully reproduce light fields. Additionally, we showcased a GPU implementation based on

the Fresnel diffraction integral, which achieved a remarkable speed enhancement of five

orders of magnitude compared to prior methodologies, enabling interactive performance at

1080P resolution with per-pixel depth calculation for the first time. To validate our render-

ing and calculation techniques, we constructed a see-through color display prototype with

complex modulation capabilities, supporting continuous focus cues and intra-pupil occlu-

sion. Fully color 3D scenes captured at different focal distances with properly reconstructed

defocus blur were verified on the prototype.

In Chapter 4, we presented pioneering deep learning-based techniques for 3D hologram

generation, achieving real-time computational speeds (i.e., 60Hz for 1080p content) crucial

for future AR/VR applications while preserving image quality without perceptual loss. This

advancement stems from several pivotal findings and contributions. We first observe that

for AR/VR application where the viewer’s head is tracked, the hologram can be computed

on-demand based on the current viewpoint, allowing us to simplify the input to an RGB-D.

Meanwhile, we recognize that hologram computation is fundamentally a spatially-varying

large kernel convolution, and we show it can be efficiently approximated by a convolu-

tional neural network. To successfully train the CNN, a carefully designed large-scale 3D
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hologram dataset is introduced with proper scene complexity and distribution, as well as, a

novel physics-informed loss function that explicitly infuses the knowledge of optical prop-

agation. Finally, a fast variant of double-phase method allows for reduction of speckle

noises commonly presented during complex to phase-only conversion, allowing physical

instantiation of the hologram with high-quality and low noise. The proposed system is vali-

dated on a full-color phase-only holographic display prototype and full-color 3D hologram

video playback system at 1080p resolution was first demonstrated. In a second iteration of

the system, we further integrated phase-only encoding into an end-to-end training pipeline,

eliminating the need for manual tuning as previously required by the double-phase method.

Layered depth images replace RGB-D inputs to accurately capture wavefronts from back-

ground objects, thereby enhancing the quality of generated holograms. Additionally, we in-

troduce a Zernike-polynomial-based computational vision aberration correction technique

to customize holograms for individual users, resulting in improved visual comfort and re-

duced system complexity for holographic near-eye displays.

Furthermore, we introduced a neural compression system tailored for hologram images

and videos, recognizing the limitations of conventional compression algorithms for CGHs

due to their distinct characteristics. For hologram images, an end-to-end trained encoder

network compresses the hologram into a low-dimensional latent code, outperforming state-

of-the-art formats like HEIC or BPG in compression rate. For hologram videos, we achieve

superior compression rates by leveraging motion vectors in the H.265 video codec to assist

the encoder-decoder network in compressing the high-frequency residual essential for 3D

image formation, while using H.265 with a high constant rate factor compresses the low

and mid-frequency content. This comprehensive approach ensures efficient compression

while preserving the fidelity necessary for immersive holographic experiences.

In Chapter 5, we introduced the first optimization-based approach for generating multi-

color holograms capable of simultaneous illumination by multiple color primaries with co-

optimized intensities. This method, without requiring alterations to display hardware, en-

ables a more efficient utilization of each color primary, enhancing brightness by dedicating

additional "on" time in every subframe. To ensure high-quality multi-color holograms, we

proposed a suite of application-specific losses aimed at regularizing laser intensity, phase
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smoothness, and color uniformity during gradient-based optimization. Our experimental

results demonstrate a consistent enhancement in perceived brightness by 1.8x for natural

image targets, without inducing significant distortion or color artifacts. Additionally, we

observed an average quantitative improvement of PSNR by 8dB. In simulation, we also

illustrated the method’s potential in increasing display framerate by reducing the number

of subframes required to achieve the same level of color reproduction.

In Chapter 6, we introduced the first ergonomic-centric optimization-based method

aimed at systematically enhancing the realism, comfort, and immersion of holographic dis-

plays—areas that were only addressed individually in previous works. To achieve greater

realism, we demonstrated the efficacy of temporal time-multiplexing and incoherent wave

propagation simulation in reducing speckle noise and generating realistic defocus blur. In

the realm of comfort, we incorporated higher-order diffractions into the image formation

process, eliminating the necessity for optical filtering and enabling the miniaturization of

display form factors. Lastly, to augment immersion, we conducted explicit optimization of

perceived 3D images across various pupil sizes and positions, thereby expanding the effec-

tive eyebox. Our experimental results validate the effectiveness of the proposed method,

showcasing a simultaneous improvement in perceived experimental image quality by a

factor of 3dB in PSNR, alongside a 2x expansion in eyebox size without necessitating a

Fourier filter.

Appearance Modeling In Chapter 7, a by-example inverse procedural material model-

ing system is introduced to recover SVBRDF of a near-planar surface from a single flash

image without leveraging user expertise. The system comprises the first differentiable pro-

cedural material modeling library, designed to translate Adobe Substance 3D materials into

differentiable computational graphs; a hybrid workflow that trains a CNN model to predict

graph parameters that initially match a target image, followed by a refinement step based

on gradient-based optimization to further close the perceptual appearance gap. The system

is validated on a diverse set of synthetic and real-world captured material photos, demon-

strating successful recovery of SVBRDFs with high visual similarity and computational

efficiency (e.g., the total inference and optimization time reduces manual forward design
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from hours or days to a few minutes). Subsequent enhancements to the system include

the integration of discrete and continuous optimization techniques, broadening its capac-

ity to capture a wider range of materials, match highly regular and stochastic patterns,

and decrease the need for post-manual fine-tuning. Additionally, it introduces an efficient

method for translating high-level semantic appearance control from one exemplar graph to

a target graph, empowering users to parametrically edit the output material appearance in

a controlled manner, thereby enhancing usability and flexibility. The proposed system is

commercially licensed to Adobe and under integration into Substance 3D Designer.

In Chapter 8, we introduced an innovative data-driven workflow for accurate physical

reproduction of painting appearances, capturing their spectral reflectance with precision

through the utilization of a multi-material 3D printer. Traditional 2D printers, limited

by a fixed set of four inks and reliant on half-toning techniques, inherently suffer from

a restricted color gamut and loss of details/sharpness, impeding faithful reproduction of

references and appearance matching under varying lighting conditions. By harnessing the

capabilities of a 3D printer equipped with ten distinct transparent inks, our proposed system

combines halftoning with contoning—a method involving the vertical stacking of thin ink

layers to achieve continuous tones. We employ a pair of multi-layer perceptrons trained to

predict both the spectral reflectance of a given ink stack and the optimal ink stack required

to reproduce a given spectral reflectance. Leveraging insights from these models, we de-

velop a spectral vector error diffusion algorithm that seamlessly integrates halftoning with

contoning, effectively addressing challenges related to layout discretization, color quantiza-

tion, and screen door effect associated with half-toning alone. We showcase the successful

reproduction of several real paintings and historically significant pigments using our proto-

type implementation. The availability of high-quality painting facsimiles holds significant

potential, not only for expanding exposure but also for preserving the integrity of the orig-

inals. This is particularly valuable in contexts such as restoration practices, conservatory

studies, and educational initiatives within museums.
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9.2 Future Work

One of the central themes in recent CGH research revolves around the co-design of soft-

ware and hardware, offering promising avenues to unlock various captivating aspects of

the visual experience in the future. This synergy is especially potent when delving into

the spatio-temporal intricacies of human perception. An example of potential future work

aligning with this theme is computational pixel super-resolution, a technique aimed at aug-

menting the perceived resolution of holographic displays. This concept has been imple-

mented by hardware in existing consumer projector systems, where an actuator shifts the

digital micro-mirror device (DMD) by sub-pixel distances to create multiple sub-frames

that are optically time-multiplexed to form a higher-resolution image. While this approach

is effective in the context of projectors, hardware-based implementation for wearable holo-

graphic display is challenging due to the inherent complexity of the optical system. By

computationally modeling sub-pixel shift in optical propagation to create multiple percep-

tually overlapped shifted-view holograms and time-multiplexing them using high refresh

rate piston-based phase-only spatial light modulators (e.g., TI DLP6750Q1EVM), we could

potentially achieve software-based pixel super-resolution in a compact holographic dis-

plays. Similar approach could be applied to improve other critical design parameters of

holographic displays, such as field of view through time-multiplexing different off-axis il-

luminations, and compactness through co-design generation algorithms with waveguide.

It is also exciting to explore the latest advancement in machine learning such as diffusion

models and large language models to further enhance the quality of conditional hologram

image/video generation or form direct bridge from other modalities to holograms, such as

text. These applications have been extensively explored in the context of 2D image gener-

ation, but their potential in holographic displays remains largely untapped.

Meanwhile, existing spatial light modulators still lack the ideal property for holographic

displays, such as ultra high resolution, complex modulation, and high refresh rate cou-

pled with high bit depth and dynamic range of modulation. For example, when complex

modulation is available on a single SLM, the time-consuming phase retrieval optimization

may be omitted and complex hologram obtained from single-step forward propagation or
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few-step optimization could be displayed directly, significantly reducing the computational

overhead, while not compromising the system complexity and compactness. Thus, further

development of SLM technology is another key area for future research.

Besides algorithmic and hardware advances, perceptual quality of projected 3D im-

agery ultimately matters in a near-eye displays. Exploring the perceptual implications of

various CGH algorithms and target content types represents a promising avenue for future

research. In recent years, a diverse array of target content, including 2.5D RGB-depth

maps, 3D focal stacks, and 4D light fields, has emerged to guide CGH generation. How-

ever, the perceptual consequences stemming from the selection of algorithm and target

content type remain unclear. Establishing a perceptual testbed to assess the realism of

holographic displays across different CGH supervision formats is a crucial step toward un-

raveling the perceptual implications inherent in diverse CGH algorithms and target content

types.

For inverse appearance modeling, there are many exciting directions to further explore.

First, leveraging recent advancements in large language models and language-vision mod-

els opens up the possibility of integrating multi-modal inputs into the material authoring

pipeline. While Chapter 7 primarily utilizes images as inputs, recent work by Hu et al. [115]

has begun exploring the integration of text prompts. However, the text prompts utilized in

their study tend to focus predominantly on macro-scale descriptions, overlooking the nu-

anced aspects of micro-scale material appearance. Conversely, examples or targets for

inverse modeling could encompass a wide array of forms, including audio, sketches, and

drawings, each catering to different user preferences. Moreover, inputs may stem from

non-traditional environments such as augmented reality/virtual reality (AR/VR). Offering

solutions that accommodate diverse inputs across varying environments can significantly

enhance the appeal and versatility of material authoring tools.

Development of public large scale material dataset is contingent with the rise of large

language models. The success of large language models in natural language processing can

be attributed to the availability of vast amounts of text data. Similar success is observed for

3D generation with the rise of Objaverse and Objaverse-XL [59] with 10M+ 3D objects.

In contrast, the scarcity of large-scale material datasets poses a significant challenge to the
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training of large models for material authoring. The success of Hu et al. [115] for gener-

ating procedural graphs from text prompt and Vecchione et al. [249] for training diffusion

models to map flash photo to SVBRDFs is largely attributed to the company-owned large

material libraries, which are not publicly available. Having a public large-scale material

dataset would greatly facilitate material authoring and understanding.

Scaling the capabilities of inverse material modeling systems to handle large-scale

scenes featuring multiple objects and complex lighting conditions is still in its nascent

stages. While recent advancements in neural rendering have propelled the development

of neural scene representations capable of recovering the shape and spatially-varying re-

flectance of single or few objects under unknown lighting conditions [276, 28, 167], ex-

tending these methods to encompass room-scale or outdoor scenes with intricate environ-

mental lighting remains computationally intensive and challenging. Additionally, efforts

have been made to employ explicit optimization-based methods, leveraging differentiable

rendering for shape and material reconstruction. Notably, inverse procedural material op-

timization, utilizing the pipeline and library proposed in Chapter 7, has been combined

with differentiable rendering to extend material modeling to room-scale scenes by Yeh et

al.[265] and Yan et al.[262].

Finally, for physical appearance reproduction of paintings using 3D printing, our work

only tapped upon more accurate color reproduction, yet there exist numerous other facets

of appearance that warrant further exploration. These include considerations such as sur-

face roughness, brush stroke and reliefs, aging effects, cracks, glossiness, translucency, and

subsurface scattering. Reproducing these nuanced aspects necessitates more sophisticated

printing and modeling systems. For instance, achieving glossiness could involve print-

ing with varnish layers and employing different curing processes, while capturing brush

strokes and reliefs might require printing with varying layer heights. Additionally, data-

driven approaches could enhance Monte Carlo light transport simulations for more efficient

modeling of translucency and subsurface scattering given a print material distribution. We

anticipate that future research will delve into these areas to achieve more precise and faith-

ful reproduction of paintings.
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