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Fig. 1. Top: We present a reinforcement learning (RL) framework to improve the prediction accuracy of a parameter generator for procedural material graphs.
We pre-train the parameter generator with synthetic data and fine-tune it on both synthetic and real images using a reward function based on appearance
similarity. Bottom: We show rendered material appearances using parameters predicted by our RL-fine-tuned model and the supervised-learning-only model
[Hu et al. 2023] without post-optimization (left: synthetic data; right: real data). Our model yields significantly better matches with the target images.

Modern 3D content creation heavily relies on procedural assets. In particular,
procedural materials are ubiquitous in the industry, but their manipulation
remains challenging. Previous work [Hu et al. 2023] conditionally generates
procedural graphs that match a given input image. However, the param-
eter generation step limits how accurately the generated graph matches
the input image, due to a reliance on supervision with scarcely available
procedural data. We propose to improve parameter prediction accuracy for
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image-conditioned procedural material generation by leveraging reinforce-
ment learning (RL) and present the first RL approach for procedural materials.
RL circumvents the limited availability of procedural data, the domain gap
between real and synthetic materials, and the need for end-to-end differen-
tiable loss functions. Given a target image, we retrieve a procedural material
and use an RL-trained transformer model to predict a set of parameters that
reconstruct the target image as closely as possible. We show that using RL
significantly improves parameter prediction to match a given target image
compared to supervised methods on both synthetic and real target images.

CCS Concepts: « Computing methodologies — Rendering.

Additional Key Words and Phrases: Procedural materials, generative models,
reinforcement learning

ACM Reference Format:

Beichen Li, Yiwei Hu, Paul Guerrero, Milo§ Ha$an, Liang Shi, Valentin De-
schaintre, and Wojciech Matusik. 2024. Procedural Material Generation
with Reinforcement Learning. ACM Trans. Graph. 43, 6, Article 280 (Decem-
ber 2024), 14 pages. https://doi.org/10.1145/3687979

1 Introduction

Materials play an important role in virtual environment design.
Modern 3D content creation workflows rely heavily on procedural
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materials that define materials as outputs of procedures with large
numbers of parameters and operations. Procedural material graphs
provide particularly valuable advantages such as editability and
unlimited resolution, but rely on significant expertise for creation
and manipulation. Obtaining a desired material appearance may
require careful adjustment of potentially hundreds of parameters.

As a result, some research has focused on automatically gen-
erating procedural materials. The problem of procedural material
generation is a special case of program synthesis [Hu et al. 2023] as
procedural materials are effectively functional programs. Given the
extreme complexity of such programs, different approaches were
proposed in recent years to either regress or optimize for the param-
eters of a given graph [Hu et al. 2019, 2022c; Li et al. 2023; Shi et al.
2020] or generate the graph alongside the parameters [Guerrero
et al. 2022; Hu et al. 2023]. Nonetheless, regardless of how the graph
structure is obtained, the estimated parameters play a key role in
controlling the procedural graph’s output texture, such as structure,
color, etc. Existing parameter estimation methods, however, either
rely on CNNs that need to be re-trained for each graph, or on a
lengthy optimization requiring a few minutes for parameter fitting.
On the other hand, graph generation approaches leverage trans-
former models [Vaswani et al. 2017] and a linearized representation
of material graphs to generate sets of nodes, edges, and parameters,
both in a conditional and unconditional setting [Guerrero et al. 2022;
Hu et al. 2023]. However, to reach a given target appearance, these
methods still rely on extensive random sampling and a costly post-
optimization step as their parameter estimations are not accurate
or robust enough. This amounts to several minutes of inference
time, precluding their practical usage in responsive generative Al
applications. We find the limitations of parameter generation in
these methods partly due to the architecture used for conditioning,
but mostly due to their supervised training approach. Supervised
training is limited by the scarce availability of procedural material
data and biases presented in the synthetic data. Only small sets of
procedural materials are available for training, and there is a notice-
able domain gap between these procedural material datasets and
real materials. Additionally, supervised methods are trained with a
parameter-space loss that does not necessarily correspond well to
visual differences in material appearance.

To address these problems, we propose to leverage reinforcement
learning (RL), presenting the first RL-based method to generate pa-
rameters for procedural materials that match the appearance given
in a target image. Our use of RL is key to enabling two desirable
properties: we can (1) directly maximize a reward function repre-
senting the visual similarity of procedural materials rather than
their parameters, and (2) train on real material images, avoiding
the scarcity and biases of procedural material datasets. Specifically,
we follow a strategy inspired by RL from human feedback: first
pre-train a parameter generator using supervised training, and then
fine-tune it with RL. During RL training, we use the appearance
similarity between the target image and the procedural material as
the reward, allowing us to train on images of real materials directly.

Compared to the supervised-learning method [Hu et al. 2023]
which relies on picking the best of 150 samples and a time-consuming
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post-optimization [Shi et al. 2020] to achieve a reasonable appear-
ance match, we show that our RL-based training framework sig-
nificantly improves the prediction accuracy of the parameter gen-
erator. Our method reaches a close appearance to the target im-
age with much fewer samples and can even avoid the expensive
post-optimization. We conduct several comparative evaluations to
motivate the design choices in our two-stage (supervised and RL-
fine-tuning) training pipeline. In summary, we enable faster, more
accurate procedural material graph parameter generation through
the following contributions:

e We propose the first RL training approach for procedural gen-
erative models, bridging the gap between generated tokens
and image-space errors.

e Our setup is the first to introduce real material photographs
as training data for procedural material generation.

o We show significantly better matching quality with substan-
tially reduced inference time, unlocking the practical use-case
of generative Al in procedural material modeling.

To facilitate reproducibility, we release the training and inference
code on GitHub together with a parameter generator model pre-
trained and fine-tuned on publicly available procedural materials.

2 Related Work
2.1 Material Generation and Acquisition

Related to our goal of conditional parameter generation for pro-
cedural material graphs are material generation and acquisition
with analytical map representations. This has been a longstanding
problem [Guarnera et al. 2016], which saw significant improve-
ment leveraging CNNs for image to material acquisition with either
flash [Deschaintre et al. 2018, 2019; Gao et al. 2019; Guo et al. 2021;
Henzler et al. 2021; Vecchio et al. 2021; Ye et al. 2021; Zhou and
Kalantari 2021] or environment-lit [Li et al. 2017; Martin et al. 2022]
captured image(s). To compensate for the ill-posedness of material
acquisition from few inputs, generative models were proposed for
material generation and optimization for latent space control [Guo
et al. 2020; Hu et al. 2022b; Vecchio et al. 2023a,b; Zhou et al. 2022,
2023]. While these approaches show impressive results, they target
the creation of bitmap-based materials, which are memory-heavy
and challenging to edit [Hu et al. 2022b].

In contrast, we target the generation of parameters for procedural
materials, matching the overall desired appearance by leveraging
recent progress in graph structure estimation and significantly im-
proving parameters inference.

2.2 Procedural Material Generation and Optimization

Given how ubiquitous procedural materials are in the industry, their
design has received significant interest in recent years. Various
methods were proposed for material graph parameter estimation. In
2019, Hu et al. [2019] proposed to train a CNN per material graph,
learning to regress the best parameters to match a photograph. As
an alternative, Shi et al. [2020] made the graph execution partially
differentiable, enabling gradient descent for parameter search. The
set of differentiable nodes was later extended to pattern generators
through differentiable proxies [Hu et al. 2022a], and later to support
most operations typically used in material graphs [Li et al. 2023].


https://github.com/adobe-research/ProcMatRL

These methods, however, require ground-truth material graphs to
be provided for training/optimization. Alternatively, different meth-
ods were proposed to create variations of a flexible graph [Hu et al.
2022c] using scribble-driven material segmentation and mask syn-
thesis [Baldi et al. 2023; Guehl et al. 2020]. We take inspiration
from MatFormer [Guerrero et al. 2022], and more specifically, its
conditional version [Hu et al. 2023]. MatFormer proposed to lin-
earize material graphs and leverage three transformers to generate
graph nodes, edges, and parameters given text or image prompts.
We inherit a similar transformer framework, but improve the condi-
tioning approach and, more importantly, the training framework,
introducing Reinforcement learning (RL) to the field of procedural
material generation. In particular, RL enables the training to take
appearance-space loss, leading to significant improvement in pa-
rameter estimation.

2.3 Fine-Tuning with Reinforcement Learning

RL has been used in various applications to fine-tune models that
were initially trained with supervision. Unlike supervised training
that requires ground truth targets, RL only needs a score (reward),
which does not have to be differentiable, to evaluate the quality of
outputs. As a consequence, RL-based fine-tuning is less limited by
the amount of data available or by a need for technically conve-
nient loss functions. This was demonstrated famously with RL from
human feedback in InstructGPT [Ouyang et al. 2022], the paper
that laid the foundation for ChatGPT [OpenAI 2022]. Other large
language models (LLMs) have followed a similar approach [Lee et al.
2023b; Touvron et al. 2023]. RL fine-tuning has also been applied
to code generation [Duan et al. 2023; Le et al. 2022; Shojaee et al.
2023] using various scores based on the presence of compile errors
or results from runtime tests.

RL fine-tuning in vision and graphics. Several tasks in vision and
graphics have been shown to benefit from dropping the need for
ground truth data or differentiable score functions. Early work used
RL to train a simple network that can retouch a photo in a sequence
of interpretable steps [Hu et al. 2018] using an adversarial loss as
a score function. Multiple vision tasks have been shown to benefit
from RL fine-tuning [Pinto et al. 2023] using quality metrics that
are typically used for evaluation but not for supervised training due
to their non-differentiability. Recently, there has been an interest
in the RL fine-tuning of text-to-image diffusion models [Black et al.
2023; Fan et al. 2023; Lee et al. 2023a] using human feedback and
other non-differentiable scores. In the 3D generation domain, this
can be used to improve multi-view consistency [Xie et al. 2023].

RL for procedural content generation. Procedural content can bene-
fit significantly from RL due to the limited availability of procedural
data. Several RL-based methods have been proposed to train pro-
cedural generators for virtual environments targeted at education
or games [Gisslén et al. 2021; Khalifa et al. 2020; Lopez et al. 2020;
Mohaghegh et al. 2023]. A different set of methods tackle the more
challenging task of generating procedures for 2D or 3D shapes
that reconstruct given target outputs [Laidlaw et al. 1986; Sharma
et al. 2018] using RL, or propose alternatives to RL [Jones et al.
2022], but operate on relatively simplistic domains. We focus on
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industrial-grade procedural materials, which have a significantly
more complex representation compared to the above works. Materi-
als are represented as functional programs with a large number of
operations, complex parameters, and strong dependencies between
operations. This requires careful dataset construction to make the
most of limited data, a good reward definition, a more advanced RL
approach [Ramamurthy et al. 2022] that uses a value network for
increased robustness, and capable generators specialized to proce-
dural materials [Hu et al. 2023] for both the policy network and the
value network.

3 Background

A procedural material is a functional program that takes a set of
heterogeneous parameters as input and outputs SVBRDF material
maps like albedo, normal, roughness, and metallicity. The program is
represented as an acyclic computation graph g = (N, &) with nodes
N = (ny,nz...) and edges & = (ey, ez, ... ). Each node n; is either
a noise/pattern generator or an image processing function, and
edges describe the dataflow of intermediate texture maps between
these generators and functions. Each node implements an image
processing function f; that takes as input zero or more images
I? and processes them_int_o one or more output images I;rut =
fi (I;‘n, P;), where P; = (pi, pé, ...) are the function parameters. Each
edge e; connects an output of a node to an input of another node.
To generate complex material graphs, prior work [Guerrero et al.
2022; Hu et al. 2023] leverages transformers [Vaswani et al. 2017] to
generate a linearized version of the graph. Specifically, the graph is
produced in three sequences Sy, Se, and Sy, representing respectively
nodes, edges, and parameters. These sequences are generated using
three separate transformers pg, py and py, either unconditionally
from a distribution p(g) [Guerrero et al. 2022] or conditioned on a
text or image y, p(gly) [Hu et al. 2023]. For conditional generation,
each transformer is conditioned as follows:

p(9ly) = po(Snly) py(SelSn. y) py (SplSes Sn, y), (1)

where 0, ¢ and ¢ are the trainable parameters of each transformer.

In this work, we focus on the parameter generator py. As a trans-
former network, py, models the joint probability of the parameter
sequence S, as product of conditional probability for each token s;
of the sequence, conditioned on all previously generated tokens s<;:

Py (SplSe, Sny) = [ | py (sils<is Se. Sn.v). 2)
i

In each step, the parameter estimator py outputs the probability
distribution for the token s; given the previous tokens, the graph
structure, and the prompt. This probability distribution can be sam-
pled to obtain the next token s;.

To train the parameter generator, previous work relies on super-
vised training, where the ground truth token of each parameter is
used to compute a parameter error. This approach has two main
shortcomings: high-quality ground-truth data is scarce and expen-
sive to create, and the parameter error does not always correlate
well with the perceptual error of the resulting material. This fre-
quently results in color or structural mismatch when trying to match
a given target appearance. To mitigate the impact of this limitation.
Hu et al. [2023] rely on an additional post-processing optimization

ACM Trans. Graph., Vol. 43, No. 6, Article 280. Publication date: December 2024.



280:4 .+ Lietal

step [Shi et al. 2020], which further optimizes the continuous func-
tion parameters of the material for a better perceptual match. The
optimization step is applied to the top 5 samples among 150 random
graph samples to select the best result. However, each optimization
process typically takes up to several minutes per graph sample,
making it impractically expensive compared with the cost of trans-
former predictions. In our work, we aim to lift this fundamental
efficiency bottleneck by improving the quality of the generated
material graphs. Specifically, we focus on improving parameter
generation py (Sp|Se, Sn, y) assuming node sequences Sy, and edge
sequences S, are known.

4 Method

Our goal is to train a parameter generator py to predict a param-
eter sequence Sp, that better matches a target appearance, given
as a target image I, than previous approaches. As we identify the
parameter-space loss as a main bottleneck in current methods, we
use an appearance-space loss (reward) instead to measure the per-
ceptual match of the resulting image to a target. Producing tokens
representing a program using a transformer-based model, then ex-
ecuting the program and producing an image, is a fundamentally
non-differentiable sequence of operations. Thus, our key motivation
for using Reinforcement Learning (RL) is that it can handle any
non-differentiable reward function.

Our training approach therefore breaks into two steps as shown
in Fig. 1: (1) We first pre-train the parameter generator with super-
vised learning (Sec. 4.2) using augmented synthetic data (Sec.5.1)
for which ground-truth is available. (2) We then leverage RL to fur-
ther fine-tune the parameter generator using appearance similarity
as the reward function (Sec. 4.3). The implementation details are
provided in Sec. 4.4 and the supplementary material.

4.1 Parameter Generator

For the parameter generator py,, we use the same transformer ar-
chitecture as in previous work [Hu et al. 2023], but change the
conditioning mechanism and reduce the network capacity. More
specifically, py uses the CLIP embedding y of the target image I
for conditioning. In previous work, the embedding y is added to
the latent state vector. Instead, we leverage cross-attention from
the latent state vector to the CLIP embedding as the conditioning
mechanism. This allows the parameter generator to obtain more
detailed information about the target image. Additionally, we reduce
the number of parameters by setting the hidden state dimension,
the number of layers, and the number of attention heads to 48/4/4
for the node encoder and 96/4/4 for the parameter decoder as we
found that it helps prevent overfitting.

4.2 Supervised Pre-Training

While RL does not necessarily require supervised pre-training, our
parameter prediction setting is complex with potentially over 1,000
steps and a large pool of possible parameter values to choose from
in each step. Exploring this space from scratch with only the appear-
ance as guidance would be challenging. Thus, we found it beneficial
to pre-train our parameter generator using augmented synthetic
material graph data (Sec. 5.1). We pre-train the parameter generator
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through teacher forcing using an Adam optimizer and a le-4 learn-
ing rate. We apply gradient norm clipping (1.0) and a cosine learning
rate schedule with linear warm-up and train on 8 NVIDIA A10g
GPUs for 10 epochs. Combining the architecture and conditioning
modifications, we observe a small improvement in the validation
loss for supervised training compared to previous work [Hu et al.
2023], where the average cross-entropy loss per token declines from
0.803 to 0.770. For a fair comparison, we evaluate [Hu et al. 2023]
using the updated architecture and training method.

4.3 Reinforcement Learning by Program Execution

After pre-training, we fine-tune the parameter estimator py using
RL based on an appearance-space reward. Inspired by the recent suc-
cess of LLM fine-tuning from human feedback [Ouyang et al. 2022],
we use Proximal Policy Optimization (PPO) [Schulman et al. 2017],
where a policy network is trained to perform actions that maximize
an accumulated per-action reward. In our setting the policy network
is the parameter generator py (si|s<i, Se, Sn, y) and an action is an
evaluation of the generator, which predicts the probability distribu-
tion for the next token in the parameter sequence given all previous
tokens. To simplify notations, we use "-" in short for (s<;, Se, Sn, y)
in subsequent equations.

The goal of PPO is to find the network parameters ¢ that maximize
the expected accumulated reward J(py,):

N .
Z V'R(si, ->] , 3)

i=1

J(py) =Es,~p,

where Sp = (s1,...,sn) is the parameter sequence and y € (0,1)
is a discount factor that emphasizes earlier parameter tokens. The
step-wise reward R(s;, -) is computed for each token prediction s;
and is based on the appearance similarity between the target image I
and the material resulting from the predicted parameters. We define
the reward in detail further below. It can be shown [Schulman et al.
2017] that the gradient of J(py) w.r.t the generator parameters
(also known as the policy gradient) is:

N
VyJ(py) =Es,p, | D VR )Vylogpy(sil)| . (@)
i=1

The expected value is approximated by averaging over parameter
sequences randomly sampled from our generator and the resulting
gradient is used to update our parameter generator.

Reward function. Our reward encourages similar appearances be-
tween the target image I and the material resulting from a parameter
sequence Sp:

RApp(Sp, Se;Sn,I) =1 —d(h(Sp, Se, Sn), D), (5

where h is a non-differentiable executer of the graph defined by
h(Sp,Se, Sn), and I is the target image. The function d defines an

appearance difference between two images:
d(Ix, Iy) = 20l IGM(Lx) = GM(Iy) |l + Ml = Iglh
+ A2 - 1P,

(6)

where I and I, are images and GM is an operator that computes
the Gram matrices of extracted VGG features [Gatys et al. 2015]. IX



and I?° are the L* channel and a*b* channels of the image in the
L*a*b* color space. A; (i =0, 1,2) are adjustable weights to balance
the contribution from color and texture statistics.

The appearance reward Rapp, is sparse in the sense that it is only
available at the last step once the entire parameter sequence is
generated. For all the steps, we follow [Wu et al. 2021] and impose
a negative regularization reward Rgp(s;, -) so that our generator py,
doesn’t deviate excessively from the pre-trained generator pl’;/:

R (51:7) 2= =PKL (py il 1| 9 (51l ™

where KL denotes the KL-divergence between parameter token
probability distributions. The final step-wise reward is given by:

i=N;

R(Si, ) — {RAPP(sb ) + RKL(S[, ')’ N (8)

Ry (si, *),

Note that this reward only uses the appearance reward for the last
token. Next, we describe how we propagate the reward of the last
token to previous tokens to update py, at earlier steps.

Advantage and value network. Previous work has shown [Schul-
man et al. 2016] that using the advantage of each step, i.e. how much
better a given token is compared to alternatives that could have been
taken in the same step, is preferable to the reward. In our case, the
advantage also effectively propagates the appearance-based reward
of the last token to all other tokens in the sequence. The advantage
is derived as

AP (i) = R(si ) + yVl VY, )

where Vip ¥ is the value of the partial parameter sequence s;, defined
as the expected accumulated reward (or the expected return) when
completing the partial sequence s<; with our generator:

N
» .
V! Vo= Es,i~py Zy(t I)R(St,')}; (10)
t=i
where s>; denotes the sequence (s;, . .., sn). The advantage A‘f’/j (sis+)

from Eq. 9 then replaces the reward R(s;, -) in policy gradient cal-
culation (Eq. 4). Note how the advantage at a token s; is based on
estimated rewards for all future tokens, including the last token sy
which has our appearance-based reward.

Approximating the expectation in Eq. 10 with multiple samples
is expensive since it is used in the inner loop of Eq. 4. Instead, the
value is typically approximated with a value network v, trained
simultaneously with py. We follow standard practice and employ
generalized advantage estimation (GAE) [Schulman et al. 2015] to
approximate advantage scores, which provides a more effective
trade-off between bias and variance than directly using Eq. 9.

PPO objective. The PPO algorithm maximizes an objective func-
tion to jointly train the policy network py, and the value network v),.
The core intuition is to perform iterative policy updates in smaller
steps so that the training process more likely converges to an op-
timal solution. We follow the canonical PPO objective function in
[Schulman et al. 2017]:

L, p) = Bi | LT () - ei LT () + c2Si(p) | (1)
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The first component is the clipped surrogate objective function,
LR () = min (1i (V) Ay, clip(ri(9), 1 - e 1+ i), (12)

py (sil)
ri(y) = ——, (13)

l Pya il
which constrains policy changes by clipping the probability ratio
ri(i) between the current policy py, and the previous policy py, ;-

Aj is short for the empirical estimate of Af%ld (si, ) from GAE. Then,
the second loss component supervises value predictions using ex-
pected returns.

LYF(p) _ (vp(-) _ Vitarget)z . (14)

With GAE, the target value combines advantage and value estimates
from the previous policy and value networks.

t t A
VE = A+ 0pg (). (15)

Finally, the third loss component S; (1) is the entropy of the token
prediction at s;, which serves as a bonus to encourage sufficient
exploration.

4.4 RL Implementation

We base our RL framework on the Reinforcement Learning for Lan-
guage Models (RL4LMs) library [Ramamurthy et al. 2022] and adjust
it to our application. We inherit the value network architecture from
the parameter generator py, and initialize it with the pre-trained pa-
rameters pl’/"/ except for the classification head, which is replaced by
a randomly initialized linear regression layer. Each training epoch
comprises the following steps:

e Sample batches of entire parameter token sequences, i.e., tra-
Jectories, using the current policy py, and fill a replay buffer
collecting all state-action transitions in the trajectories.

e Train the policy network py and the value network v, by
sampling mini-batches of trajectories from the replay buffer,
computing PPO’s objective function, and updating network
weights via gradient backpropagation.

e Clear the replay buffer and continue.

This workflow is illustrated in Fig. 2. Additional implementation
details, including hyperparameter values, are available in the sup-
plementary document.

5 Dataset

We train our model with two datasets, a synthetic dataset (Sec. 5.1)
used entirely for pre-training and partially for the RL fine-tuning
step, and a real photograph dataset (Sec. 5.2) used only for the RL
fine-tuning step.

5.1 Synthetic Dataset

We generate our synthetic dataset using the same 4,667 ground-
truth procedural material graphs as previous work [Guerrero et al.
2022; Hu et al. 2023], but augment it to guarantee that our initial
parameter generator has completely converged and cannot benefit
from additional synthetic data in a supervised setting. In particular,
we extensively sample parameter combinations for each graph, en-
couraging graphs with rare nodes to be sampled more in an attempt
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Fig. 2. Workflow of our RL implementation. Each epoch begins with the previous model randomly sampling parameter token sequences (trajectories) and
refilling a trajectory buffer. We then extract mini-batches of trajectories from the buffer and replay them to obtain the latest next-token probability and value
predictions. The predictions are used to compute the PPO objective and update the current model through gradient backpropagation. The current model

replaces the previous model at the end of each epoch.

to better balance the dataset. With exhaustive sampling, we create
10 million image-to-graph pairs, maximizing the usage of the orig-
inal procedural materials. We use 90% of this dataset for training
and a 5%/5% split for validation and testing. The split is done at the
graph structure level and ensures graphs seen during training can-
not arise in the validation/test set. This dataset is principally used
in the supervised pre-training of our policy network. We combine
this synthetic dataset with a dataset of real photographs described
below for RL fine-tuning. We found training with this mixed dataset
performs well on both real and synthetic test images.

5.2 Real Photograph Dataset

As our RL approach uses an image-space reward function, which is
estimated from the sampled trajectories yielded by the parameter
generator, it does not require paired image-to-graph ground-truth
data for training. We can therefore train our model using real pho-
tographs as image prompts. The real photograph dataset, PhotoMat,
contains over 10, 000 fronto-parallel flash-lit material surface images
captured by smartphones [Zhou et al. 2023]. We divide this dataset
into 90%/5%/5% splits for training, evaluation, and testing. Since we
assume known node and edge sequences in our experiments, given
a photograph, we retrieve the K-nearest-neighbor graphs from the
rendered images in the synthetic dataset [Hu et al. 2023; Yan et al.
2023] using CLIP [Radford et al. 2021] embeddings. During training,
we retrieve K = 5 graphs and randomly use one as S, and S, to
sample the parameter sequence S,. We create a combined dataset in
which we draw samples with a chance of 50% from either synthetic
dataset or real photograph dataset.

We fine-tune the parameter generator with RL using 8 GPUs for
policy sampling and 96 CPU cores to evaluate the reward model.
On an NVIDIA A100 40GB node, RL fine-tuning lasts for 800 epochs
and finishes in one day.

6 Evaluation

We evaluate the RL-trained parameter transformer model py, in
terms of appearance similarity to a given target image after parame-
ter prediction and program execution. We demonstrate performance
improvement on both synthetic and real images (photographs) over
the state-of-the-art method [Hu et al. 2023] on direct parameter
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prediction (Sec. 6.1, 6.2), with or without a state-of-the-art post-
optimization method, MATch v2 [Li et al. 2023]. The graph struc-
tures (i.e., Sp and S,) are assumed to be known for synthetic data
and retrieved from our graph dataset for real data. To ensure a
fair comparison, we retrain the [Hu et al. 2023] model using our
augmented synthetic dataset, then evaluate both methods on the
same ground-truth or retrieved graph structures. We further test RL
fine-tuning using generated graph structures from [Hu et al. 2023]
to evaluate the impact of graph structure retrieval (Sec. 6.3).

For the remaining subsections, we validate a few design choices
of RL through ablation studies (Sec. 6.4), where we show evaluation
results using only synthetic or real data for fine-tuning, without
pre-training, or without the L*a*b* loss term. We also compare our
method against alternative RL settings that use rewards instead
of advantages or involve different reward combinations (Sec. 6.5).
Finally, we analyze the trade-off between matching quality and time
consumption for our method and discuss the implications for its
deployment in real-time gen-Al applications (Sec. 6.6).

6.1 Qualitative Results

We qualitatively compare our method with [Hu et al. 2023] on both
synthetic and real images, demonstrating a significant improvement
in appearance matching. Each result figure comprises input images
alongside material renderings using the predicted parameters from
different methods.

Fig. 3 shows the performance of our model on the synthetic
test set (Sec. 5.1). Given a synthetic image and its ground-truth
graph structure, we sample 5 parameter sequences and take the best
result in terms of appearance similarity. The rendered procedural
graphs with sampled parameters from our RL-fine-tuned model
match the target image better than [Hu et al. 2023] even without
post-optimization or extensive sampling.

We further evaluate our approach to match real material pho-
tographs. This is particularly challenging for procedural material
modeling as (1) the appearance distribution of real photos is more
diverse than synthetic material renderings and (2) we do not have
the ground-truth graph structure. Our RL training using real data
partially resolves the first challenge and we find reasonably match-
ing graph structures via retrieval from our material graph database.
More specifically, we retrieve 5 graphs from the database based
on the cosine similarity of CLIP image embeddings and sample 5
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[Hu et al. 2023] [Hu et al. 2023] [Hu et al. 2023]
Target Ours [Hu et al. 2023] w/ MATch Target Ours [Hu et al. 2023] w/ MATch Target Ours [Hu et al. 2023] w/ MATch

s

Fig. 3. Qualitative evaluation on the synthetic dataset. We evaluate the appearance similarity between the target images and the generated graphs. Our
RL-fine-tuned model predicts more accurate parameters, resulting in better structure and color/roughness matching compared to [Hu et al. 2023]. Even with
MATch post-optimization, the structure mismatching from [Hu et al. 2023]’s predictions cannot be fixed due to the non-differentiability of relevant parameters.

Ours [Hu et al. 2023] Ours [Hu et al. 2023]
Target Ours w/ MATch [Hu et al. 2023] w/ MATch Target Ours w/ MATch  [Huetal. 2023] w/ MATch

Fig. 4. Qualitative evaluation on the real photograph dataset (top-1 results). RL fine-tuning with real photographs reduces the domain gap between synthetic
and real images. Thus, our predictions are much closer to the targets than [Hu et al. 2023] which is only pre-trained on synthetic data. Our model achieves
decent appearance similarity even without MATch post-optimization, while [Hu et al. 2023] depends on MATch to improve matching quality.
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reasonably with the target photographs and are noticeably better than [Hu et al. 2023] on average. For the supervised-only model, the match quality decreases

dramatically for lower-ranking samples.

Table 1. Quantitative evaluation on the synthetic test set. For Reward,
higher is better; for LPIPS, lower is better. Notice that our method, even
without post-optimization, already outperforms previous work with MATch
optimization, which verifies the high accuracy of our generated parameters.

w/o MATch w/ MATch
Reward] LPIPS| | Reward] LPIPS]
[Hu et al. 2023] 0.649 0.503 0.895 0.490
Ours 0.904 0.242 0.928 0.347

Method

parameter sequences for each graph. We apply the same sampling
strategy for Hu et al. [2023] against which we compare. For quali-
tative comparison, we report the top-1 generated results in Fig. 4
and provide the top-5 generated results in Fig. 5. The results from
our RL-trained model (both top-1 and top-5) show a substantial
improvement in appearance matching quality thanks to the reduced
domain gap between training and testing images. Without post-
optimization, previous work performs poorly on a limited sample
budget (5 samples only) and non-top-ranked graph structures.

Despite predicting parameters for the same set of graph structures,
our RL model predicts more accurate parameters for the essential
noise/pattern generator nodes in these graphs, resulting in better
structure matching for both synthetic and real images. While post-
optimization can improve color or roughness matching for [Hu et al.
2023], mismatches in the material structure are much harder to reme-
diate as most noise/pattern generator nodes are non-differentiable.

More visual comparisons can be found in the supplementary
document.

6.2 Quantitative Evaluation

To showcase that the RL model performs constantly well on a wide
range of image inputs, we report two metrics that measure the
appearance similarity: 1) Reward as defined in Eq. 5, representing
both texture statistics and color match; (2) LPIPS [Zhang et al. 2018],
typically used as a perceptual distance metric for generic images.
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Table 2. Quantitative evaluation on the test set of real photographs. Our
results are constantly superior to previous work. For the LPIPS metric, our
results without optimization yield better performance than previous work
with optimization.

w/o MATch w/ MATch
Reward] LPIPS| | Reward] LPIPS]
[Hu et al. 2023] 0.827 0.620 0.901 0.574
Ours 0.847 0.571 0.912 0.555

Method

Synthetic Data. We report the comparison on synthetic data in
Table 1. The metrics are computed over 2,330 images from our syn-
thetic test set, where we choose 10 random appearance variations for
each graph structure. All results are generated from top-1 samples
out of 5 sampled parameter sequences (same as Sec. 6.1). We note
that the LPIPS score of our method becomes worse after MATch
optimization as the reward function has a different landscape from
LPIPS despite both being derived from VGG features. Still, our scores
are constantly better than [Hu et al. 2023].

Real Data. We report the comparison on real data in Table 2. In
this case, we use the entire test set of PhotoMat including 582 real
images. We apply the same sampling strategy described in Sec. 6.1,
i.e.,, 5 random parameter samples per graph, to 5 nearest neighbor
graphs. The quality is measured using top-1 samples as in Fig. 4.

For both synthetic and real data, our RL-trained model outper-
forms [Hu et al. 2023] in both reward and LPIPS scores, although
the advantage is more evident on synthetic data. Indeed, real mate-
rial photos are significantly harder to match as they cover a wider
appearance distribution than our synthetic material dataset. To a
lesser extent, they exhibit rich variation in lighting and camera ef-
fects whereas our procedural material renderer adopts a fixed setup.
Nonetheless, our results without optimization show similar or even
better quality than [Hu et al. 2023] with optimization. This allows
our approach to rely less on time-consuming post-optimization as
the parameter predictions are more accurate.
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Ours
Ours Ours graph gen.
Target Ours w/ MATch w/ MATch

graph gen.

Fig. 6. Parameter prediction for the real photograph test set after fine-tuning the parameter generator using retrieved (ours) or predicted graph structures

(ours graph gen.), with and without MATch post-optimization. In many cases (Row 1, Row 2 Column 2, and Row 4), the results from generated graphs show

worse matching in material structure, especially after MATch optimization.

Table 3. Quantitative comparison between RL fine-tuning using graph struc-
tures retrieved from the synthetic dataset (ours) or predicted by the node
and edge generators in [Hu et al. 2023] (ours w/ graph gen.). The metrics
are computed for the real photograph test set.

w/o MATch w/ MATch
Reward] LPIPS| | Reward] LPIPS]
Ours w/ graph gen. 0.852 0.601 0.893 0.578
Ours 0.847 0.571 0.912 0.555

Method

6.3 Graph Retrieval vs. Generation

We investigate whether incorporating more diverse graph structures
during fine-tuning improves generalization to unseen real images.
To test this idea, we pre-train the node and edge generators (pg, py)
in [Hu et al. 2023] with our augmented synthetic dataset and ran-
domly sample S, and S, for real images during RL fine-tuning. pgy
and py remain fixed in the process and only serve as sources of
domain randomization for the parameter generator py,. Thus, they
do not contribute to the discounted reward in Eq. 3.

We compare our model with its variant trained on generated
graph structures qualitatively and quantitatively. For each real im-
age, we apply our model using the sampling method described in
Sec. 6.1 and perform MATch optimization on the highest-ranked
generated result. In contrast, we randomly generate both graph
structures and parameters for the variant model under an identical
budget of 25 samples. We report reward and LPIPS scores over the
real photograph test set with and without MATch optimization in
Table 3. Visual comparison results are included in Fig. 6.

We notice that domain randomization with pre-trained node and
edge generators does not consistently improve the matching quality.

The variant model shows worse metrics than our model except for
a marginal lead in reward without MATch optimization. As also
illustrated in Fig. 6, the generated graph structures are occasionally
preferable to retrieved ones (e.g., more accurate beam patterns in
Row 3) but inferior in other cases (e.g., Row 1 and Row 4). The subop-
timal graph structure quality becomes more prominent after MATch
optimization as it is non-trivial to correct structural mismatches
with differentiable parameter optimization (see the discussion in
Sec. 6.1). This contributes to a lower reward score with MATch
than our model. Therefore, empirically, our graph retrieval strat-
egy demonstrates comparable expressiveness to the state-of-the-art
graph generation model without imposing additional restrictions.

6.4 Ablation Study

We conduct ablation studies to verify our choice of hybrid dataset
composition, two-step training strategy, and L*a*b* color regular-
ization in the reward function.

Choice of dataset. To validate the choice of a 50-50 mixed training
dataset, we show the prediction accuracy on synthetic and real pho-
tograph test sets using RL-fine-tuned models trained on different
dataset compositions (synthetic data only, real data only, mixed
dataset) in Table 4. A visual comparison is provided in Fig. 7. We
found that training with only synthetic data does not generalize
well to real data (bottom table), highlighting the importance of intro-
ducing real data in the training through RL. Further, incorporating
real data in training also helps improve parameter estimation for
synthetic data (top table). We select the mixed dataset as our default
option as it demonstrates better generalization across both synthetic
and real test datasets.

ACM Trans. Graph., Vol. 43, No. 6, Article 280. Publication date: December 2024.
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Target Ours Real only Syn.only [Hu et al. 2023] Target Ours Real only Syn.only  [Hu et al. 2023]

.

¥

Fig. 7. Ablation study: choice of dataset. We experimented with RL fine-tuning on different dataset compositions including a mixed dataset (Ours), real
photographs only (Real only), and synthetic data only (Syn. only). The examples in the left column are from the synthetic test set, while the ones in the right
column are from the real photograph test set. The results from [Hu et al. 2023] (without post-optimization) are provided for reference. We notice that training
only with synthetic data fails to produce good matching for real photographs, while interestingly, the model trained only on real data shows reasonable
generalization to synthetic data. Our choice of hybrid dataset composition performs best on both test sets.

Target Ours No pre-train. No L*a*b* loss [Hu et al. 2023] Target Ours No pre-train. No L*a*b* loss [Hu et al. 2023]

2l

Fig. 8. Ablation study: pre-training and loss function. The appearance matching quality degrades without pre-training or the L*a*b” loss term, causing color
or pattern mismatching. All input images are real photographs. The results from [Hu et al. 2023] (without post-optimization) are provided as a reference.

Table 4. Ablation study: choice of dataset. We test the prediction quality on Table 5. Ablation study: pre-training and loss function. The metrics are col-
the synthetic test set (top) and the real photograph test set (bottom) using lected from the real photograph test dataset. The matching quality worsens
RL models trained on different dataset compositions (synthetic data only, without pre-training or the L*a*b* component in the reward function.
real data only, and our mixed dataset). Method Reward] LPIPS|

Synthetic test set Reward] LPIPS] [Hu et al. 2023] 0.827 0.620

[Hu et al. 2023] 0.649 0.503 Ours w/o pre-training 0.828 0.580

Ours w/ synthetic data only 0.897 0.249 Ours w/o L*a*b* loss 0.837 0.581

Ours w/ real data only 0.854 0.311 Ours 0.847 0.571

Ours 0.904 0.242

Real photograph test set | Reward] LPIPS|

[Hu et al. 2023] 0.827 0.620

Ours w/ synthetic data only 0.819 0.581

Ours w/ real data only 0.850 0.574 Pre-training and loss function. We evaluate how the pre-training

Ours 0.847 0.571 step and the L*a*b* color term in the loss function affect RL perfor-

mance. Table 5 and Fig. 8 show that removing these two components
results in worse appearance matches with input images.
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Fig. 9. We compare our method with several alternative RL settings includ-
ing estimating returns using rewards instead of advantages (advantages
-> rewards), replacing the VGG loss term with sliced Wasserstein distance
(VGG -> SWD), or making the VGG or a*b* color term dominant in the
reward function. All evaluation uses real test images. The other approaches
are more prone to color and structure mismatches.

6.5 Alternative RL Settings

We inspect several technical details of the RL algorithm by validating
our model against the following alternative RL settings:

e Replacing advantages with rewards. Estimate the expected
return for each prediction step only using discounted rewards
from the sampled trajectory instead of the advantage score
(Eq. 9). The observed rewards also provide direct supervision
for the value network.

o Replacing VGG loss. Measure differences in texture statistics
using sliced Wasserstein distance (SWD) [Heitz et al. 2021]
instead of the Gram matrices of VGG features.

e Dominant VGG loss, where we set Ao = 20, A; = 0.002, and
A2 = 0.01 in the reward function to enforce better matches of
VGG features.

e Dominant a*b* color loss, which uses A9 = 0.5, A; = 0.006, and
Az = 0.06 to strengthen color regularization.

Qualitative comparison results are shown in Fig. 9. Our method
demonstrates a more robust matching quality on unseen real images
than the alternative RL settings. Specifically, we find that overempha-
sizing the VGG reward term may lead to severe color mismatches,
while excessively weighting the a*b* reward term may compromise
the generated material structure.

6.6 Matching Quality and Time Cost

Our RL fine-tuning approach enables fast and accurate parameter
prediction, promoting the practical use of generative Al for proce-
dural material modeling. [Hu et al. 2023] achieves high-quality pro-
cedural material generation with 150 samples plus several minutes
of post-optimization. This is typically too long for the deployment
of state-of-the-art generative Al models [Sauer et al. 2023; Yin et al.
2024]. In contrast, we show in Fig. 10 that our method can generate
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materials of similar or superior quality to the previous work using
significantly fewer samples. We also demonstrate superior gener-
ation quality under identical sampling budgets thanks to the high
accuracy and low variance of the RL fine-tuned model. The sampling
budget refers to the number of parameter sequences we sample. We
provide additional examples in the supplementary material.

We analyze the trade-off between generation quality (reward)
and time consumption over synthetic and real photograph datasets
in Fig. 11. In both test cases, our model achieves a considerably
higher reward within 1 second. The user may then opt to run post-
optimization to further improve the quality. On the other hand, the
supervised method requires more than 20X longer time or minute-
long MATch optimization to reach the same reward level, making
it less practical for interactive generative Al applications where
faster response and higher throughput are generally preferred. Our
model’s faster inference is discussed in more detail in the supple-
mentary material.

7 Limitations and Future Work

In Sec. 6.3, we conclude that our assumption of known or retrieved
graph structures yields comparable expressiveness to those pre-
dicted using the state-of-the-art generative model [Hu et al. 2023].
However, mismatches may still occur if a material graph can not suf-
ficiently represent the input texture. Fig. 12 shows instances where
neither our approach nor [Hu et al. 2023] could match the target
appearance with retrieved or generated graphs. Addressing these
limitations requires improvements in material graph structure pre-
diction techniques as the foundation for more effective parameter
generator fine-tuning.

An attractive future work is to improve node and edge generation
with RL. This is however more challenging than it may first ap-
pear [Black et al. 2023]. Indeed, the sample space of plausible graph
structures is much broader, resulting in many possible local min-
ima. A strong regularization metric is thus necessary to guide the
generation of graph structures and ensure that the generated graph
structures represent semantically meaningful material appearances.

Additionally, our RL-based approach opens up the possibility to
apply advanced test-time search techniques guided by the learned
value network [Silver et al. 2017], which is not possible for su-
pervised training approaches. This may yield better parameter se-
quences than greedy search or stochastic sampling. Finally, sup-
porting text prompts in addition to image conditioning would be
valuable and likely straightforward using the text-to-image prior
approach from Hu et al. [2023].

8 Conclusion

In summary, we have introduced RL to improve the generation of
high-quality procedural material graphs conditioned on images. Our
approach leverages an image-space reward function to bridge the do-
main gap between parameter tokens and appearance similarity. This
allows us to integrate real photographs into fine-tuning, enhancing
generalization to unseen real images. We demonstrate substantial
improvements in image matching quality compared to conventional
supervised training methods, without relying on expensive post-
optimization. Our RL fine-tuning workflow shows promise for a
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Fig. 10. Qualitative evaluation on synthetic (left column) and real photograph datasets (right column) with increasing random sampling budgets. Since RL
fine-tuning effectively reduces the variance during inference, our model does not require extensive sampling to produce high-quality materials. Previous work
usually needs to sample more graphs (150 samples in [Hu et al. 2023]) to refine the quality.
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—e— Ours —eo— [Hu et al. 2023]

--&-- Ours w/ MATch  --%-- [Hu et al. 2023] w/ MATch
Fig. 11. We analyze the trade-off between matching quality (reward) and
time consumption for both RL-trained and supervised models. We collect the
total evaluation time, including parameter generation and post-optimization,
at four sampling budgets: 5, 20, 50, and 150 samples (black text above
line markers). The top-ranked samples used for post-optimization at these
budgets are 1, 3, 5, and 5, respectively. Time consumption is measured on
an NVIDIA RTX 3090 GPU at peak throughput. A longer evaluation time
typically leads to better matching quality. Our model (solid orange lines)
achieves higher reward at a much lower time cost. Conversely, the supervised
model (solid blue lines) has to draw more samples or rely on expensive post-
optimization to reach comparable quality, which is detrimental to evaluation
time. The results illustrate that our model is fast and accurate, unlocking
opportunities for practical deployment in generative Al applications.

wide range of generative models in procedural graphics, particularly
in scenarios where (1) the parameter space has a weak correlation
with the image space, or (2) the availability of ground-truth data is
limited.
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Ours [Hu et al. 2023]
Target Ours [Hu et al. 2023]  graph gen. graph gen.

A

Fig. 12. In a few cases, both our RL-fine-tuned model and previous work
struggle to match the input target closely due to imperfect retrieved graph
structures (2nd and 3rd column). As in Sec. 6.3, we also experimented with
generated graph structures (graph gen.) using node/edge generators trained
from supervised learning [Hu et al. 2023] (4th and 5th column). They may
provide slightly better matching results in some cases, but still fail to model
important structural features in the input appearance.
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