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Abstract

Mercari is an online two-sided marketplace that allows users to both sell and purchase
items. To create the most efficient item listing process for the sellers and bring
the most relevant items to the buyers, Mercari utilizes a pre-trained model called
Contrastive Language-Image Pre-training (CLIP), famed for its exceptional zero-shot
performances, to support the auto-filling feature for item listing and similar items
recommendation. As this model is pre-trained on a general dataset gathered from
the Internet, which likely does not have the same data distribution as Mercari’s
data and results in non-optimal performance, we would like to explore the possibility
of pre-training or fine-tuning CLIP with Mercari’s data to improve its performance
within Mercari’s data domain. We explore various training strategies to understand
the effects of each and determine the most effective strategy. Our best-performing
and most space-efficient model achieves a brand prediction top-1 accuracy of 89.34%
with 49.89% coverage and a category prediction accuracy of 78.02% with 69.62%
coverage, significantly outperforming the current zero-shot CLIP in brand prediction
and marginally in category prediction. Moreover, it achieves this with an embedding
size that is half of that of the original CLIP.
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Chapter 1

Introduction

Mercari is a modern online two-sided marketplace platform where users can sell or

purchase items. The platform helps sellers sell items that are no longer in need with

some money in return and attracts buyers looking for items of all kinds, such as

clothing, electronics, collectibles, handicrafts, and so on. It celebrates the “recycled

economy” and promotes exchanges of pre-owned goods to discourage societal waste.

Amongst its numerous features and selling points, the platform offers an accelerated

listing process for sellers, a highly optimized search system with precise outputs, and

a series of recommender systems for a wide array of use cases, all with the aim of

delivering an efficient, simple, and fluid user experience to both, sellers and buyers.

At Mercari, there is a plethora of machine learning projects and system compo-

nents powering numerous external user-facing features and internal automation. For

example, one machine learning system allows end users to discover similar alternative

items when viewing a specific item’s detail page. Another machine learning system

powers the intelligent auto-filling for the listing forms used by the seller. Yet an-

other system powers the personalized item recommendation on the home page for

buyers to browse. These systems aim to reduce user input chores, promote awareness

and discovery, reduce cognitive stress over decision-making, and invite the users to

enjoy the experience. These systems often involve a complex mix of microservices,

productionalized machine learning model serving endpoints, retrieval indices, model

training and prediction pipelines, data pre-processing and post-processing procedures,
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deployment and monitoring infrastructure, inter-component communication, internal

visualization and analysis, etc.

1.1 Motivation

There are many immediate or intermediate benefits that a competent machine learn-

ing model, such as those studied in this thesis, can bring to the business of Mercari.

For instance:

• Improved efficiency in the search system and listing process can help buyers

and sellers save time and improve the experience, which ultimately can improve

user conversion rates.

• More accurate machine learning models may lead to increased exposure of rel-

evant items to buyers who are interested.

• Models with stronger understanding of the platform users and associated items

can provide better understanding and representation for potential downstream

use cases, whether to directly provide better service or for internal business

understanding.

• The points above can help drive better sell-through-rates and strengthen the

customers’ trust and confidence in Mercari’s platform and its brand value.

For the reasons above, Mercari’s machine learning team is interested in looking

to construct a better item representation machine learning model that offers a rich

understanding of the listings in their active inventory. There are several important

technical considerations.

1.1.1 Embeddings

First, the new model needs to be able to provide representation embedding vectors.

One of the common industry solutions to product retrieval and recommendations is

to rely first on a model that can take a product’s features as input, to then output a

numerical vector that represents it. Subsequently, the embeddings are then inserted
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into an optimized approximate-nearest-neighbor (ANN) retrieval index (e.g. [19, 11,

33, 15, 16, 49, 25, 47]) to allow for similar items retrieval using a query vector.

Some examples of high level overview of this strategy applied to recommendation and

ranking use cases in the industry can be found at [52, 14].

1.1.2 Multimodality

Second, the new model needs to be multi-modal in text and image. Mercari’s item

data consists of both text and image information, and missing out either can be

insufficient or suboptimal. Text-only models rely relatively more on users to provide

higher quality, non-adversarial and explicit inputs, where the structured data fields

such as brand, category, color, size, and tags, can be inaccurate simply due to user

input errors, while the unstructured fields such as title and description can have noisy,

incoherent, incomplete or irrelevant information in practice. These can range from a

series of reasons. For instance, users might have forgotten the details of a product

after the original packaging or instruction manual is lost; it could be an input for the

wrong item due to managing multiple similar but different listings; or the user simply

fills in a guessed or random answer due to the difficulty of describing certain visual

aspects of a product (e.g. a specific printed design pattern on a handbag or shirt).

The presence of the product photograph, which the model could take advantage

of, offers a second source of information to not only act as a complement to existing

information in the text but also as a place for cross-checking the coherency between

these sources. A similar issue can happen in the reverse - an image-only model.

Often, a conventional image-only model is trained in a supervised task recipe in which

the text labels (e.g. category) are treated as numerical labels where the semantic

information of the labels is completely lost in the translation. For instance, if we have

labels "keyboard" and "mouse," they are typically converted to numbers such as "38"

and "126" for an image-only model. In this case, while an image-text bi-modal model

can learn to both distinguish them and capture the connection between these two

items, an image-only model can only learn to recognize them as two different objects,

without any knowledge of their relevance to each other. In addition, some types of

17



information are either too difficult or impossible to reliably infer from a photograph

alone, such as the size of a shoe, storage disk size of a laptop or smartphone, etc.

Using a bi-modal representation encourages a more holistic, more noise-tolerant view

of the items. Furthermore, a multi-modal model offers the possibility to perform

cross-modality semantic retrieval. This is not only helpful for denoising and coherency

between modality information as stated above, but also opens new doors to additional

use cases, where we might have partial information from the user and perform ANN

search on the other modality.

1.1.3 Mercari Data Adaptation & Control

The model must show sufficient potential to adapt to Mercari’s own data. Item text

data at Mercari are often not syntactically correct English sentences, and are usually

different from items on other marketplaces. This is in part due to what the platform

permits or encourages, but also partly due to what style or intention the sellers adopt

to emphasize or promote in their listings. Additionally, it is also important that

the model is readily accessible to Mercari at all times (e.g. it cannot be behind an

external API with limited access to its internals) to prevent unintended upstream

changes that may cause unpleasant user experience downstream and permit flexible

modifications in its implementation and future re-training or fine-tuning.

1.1.4 Zero-Shot, Pre-Training and Fine-Tuning

In recent literature, we observed three popular paradigms of seeking a practically

competitive multi-modal model in an array of industrial applications, namely,

1. zero-shot prediction using a third-party pre-trained publicly available model

[27, 28, 42, 43], or

2. prediction using an Mercari pre-trained model, or

3. prediction using a third-party pre-trained publicly available model, after it is

fine-tuned using Mercari data [22, 35, 39].
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Apriori it is not thoroughly clear which one among these three options would

necessarily yield the best results, nor is it easy to guess how large the performance

gap between them may be, as it depends on many factors, including:

• the model architecture design,

• the selection and quality of the pre-training data,

• the quality of the pre-training procedure and execution,

• the relationship and difference between the pre-training and fine-tuning data,

• the quality of the fine-tuning procedure and execution,

• the selection and design for test data, and

• the choice and design of the evaluation criteria and metrics.

Hence it is important to systematically explore these options and see which one would

ultimately yield the most satisfactory results.

1.1.5 CLIP

For consistency and direct comparison, we will primarily focus on using a single model

architecture design to experiment under the three training paradigms mentioned.

There are numerous multi-modal model recipes available in the literature (e.g.

[1, 37, 28, 17, 53]) which can be repurposed for the current task. Among them, CLIP

stands out to us for a number of reasons. Firstly, it is commercially licensed and

open sourced, meaning it is accessible to us for direct usage or for further implemen-

tation or training. Secondly, it provides a simple contrastive training recipe that is

not time-consuming to set up, and its simple dual encoder structure allows multi-

ple immediately valuable downstream use cases. Most importantly, while having a

relatively simple structure and not overly large in terms of parameter size compared

to more recent image-text models, it is also reasonably close to the current state-

of-the-art on general zero-shot prediction performance [42, 30, 29, 18]. Furthermore,

there is abundant evidence that it can achieve promising fine-tuning performance (e.g.

[6, 44, 32, 36, 50]). We will discuss more about CLIP in detail in section 1.3.
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1.2 Downstream Use Case

There are numerous immediate use cases that can benefit from this study. We high-

light a few here.

1.2.1 Retrieving Similar Items

Figure 1-1: An example of user viewing a specific item and getting recommended
other similar items when scrolling down the page.

When a potential buyer is viewing an item or listing 𝑥, this buyer may be inter-

ested in knowing if there are close alternatives that are more appealing, for example,

lower priced, better conditions, comes in original product packaging, comes with free

attachments, manufactured by a different brand, etc. In this case we can encourage

inventory discovery by recommending items similar to 𝑥.

Given a machine learning model that can take features of a Mercari item 𝑥 as

input and an embedding vector 𝑧 as an output, we can insert such embeddings into

an Approximate Nearest Neighbor (ANN) vector index (e.g. [19, 11, 33, 15, 16, 49,
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25, 47]) and retrieve a set of similar items 𝑥′. The overall flow can be described as

follows:

1. Obtain the raw input features of the input query item 𝑥.

2. Create the embedding vector based on the model 𝑧 = 𝑓𝑚𝑜𝑑𝑒𝑙(𝑥).

3. Use an ANN algorithm to find the 𝐾 nearest neighbors 𝑧′.

4. With the returned items 𝑧′, represented by their ids, retrieve desired information

from another database in which their data are stored.

To clarify, the ANN algorithm looks for the K nearest neighbors {𝑧′}1:𝐾 which have

the shortest distances away from the query item embedding vector 𝑧. Figure 1-2

provides an illustration of the process.

Model

Query
Item

image or text
feature

Query
Embedding

Embedding SpaceEmbeddings Generation

Index
Item

image or text
feature

Index
Embedding

nearest 
neighbors

Figure 1-2: An illustration of ANN.

With this formulation, we can retrieve 𝐾 items similar to 𝑥. In practice, if we

already observe that a buyer is interested in 𝑥, then this mechanism can help the

buyer discover more alternatives, some possibly more interesting than 𝑥 while being

context-relevant. This has many potential benefits, for instance:

1. increase the chance that the buyer can see a more “optimal” item that leads to

a purchase,

2. accelerate the speed (and possibly volume) at which the items are sold due to

the increased exposure,

3. increase the satisfaction rate of the buyers as the system promotes more desir-

able and "optimal" items to them, and
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4. increase the chance for buyers to discover expanding interests when the retrieval

is more variable (yet still contextually relatable).

1.2.2 Retrieval-Based Form Auto-Fill

Figure 1-3: An example of the auto-filling feature in Mercari’s item listing page.

When a seller creates a listing on the Mercari platform, a form appears for the

seller to fill in order to provide details about their item. The form generally asks for

photographs and a mix of structured and unstructured text data fields. To provide

convenience to the seller via automation, we can produce information auto-filling after

they provide partial information.

Let us define the set S of F information fields any single Mercari item can max-

imally have, {𝑥1, 𝑥2, · · · , 𝑥𝐹}, including multiple photographs or text fields as some

of them. As the user input partial information by filling some of the F fields, we can

split the set S into two sets: A set 𝑆𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 = {𝑥1, 𝑥2, · · · } of available inputs already

provided by the user, and another set 𝑆𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 = {· · · , 𝑥𝐹−1, 𝑥𝐹} currently remain-

ing empty until the user explicitly fills them later. In this case we can build a system

that takes 𝑆𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 = {𝑥1, 𝑥2, · · · } as input and generate predictions for fields within

𝑆𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 = {· · · , 𝑥𝐹−1, 𝑥𝐹} as output, so that we can generate predicted answers
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that the users may potentially intend to input.

Following a similar recipe as the similar item use case above, we can construct

such a system that generates predictions based on its closest neighbors by using

the embedding and ANN steps in the same way as above, and then generate the

𝑆𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 = {· · · , 𝑥𝐹−1, 𝑥𝐹} responses by deriving from the neighboring items close

in distance away from x.

A system like this can bring many business benefits, such as:

1. reduce the explicit effort and time in inputting information from the seller,

2. reduce the cognitive stress and learning curve for the seller (e.g. from reading

and choosing the right category),

3. reduce the chance of seller giving up on filling the item details,

4. improve the chance of correctness, completeness and higher quality in the item

information when facing some of the user input noise,

5. improve sellers’ operating efficiency as small or individual businesses, and

6. improve Mercari’s brand image and trust.

1.2.3 Personalized Item Recommendation

In many scenarios, Mercari offers personalized item recommendations for buyers to

discover, explore and consider buying. While such machine learning systems rely

on the knowledge of user’s past and recent activities, it is generally expected to be

beneficial if this system can be built on high-quality item representations, by which

the system can better learn the nuance of users’ interests.

By using an accurate, powerful foundational item representation model for em-

bedding generation, we can create composite machine learning models where the

high-quality item embeddings are inputs to other models to then learn in conjunction

with user activities. This may increase the precision and recall of the personalized

recommender systems.
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1.2.4 Ranking

Given a list of Mercari items to show the potential buyer, we can also determine the

expected optimal order or ranking to display in a way such that the user is more

likely to engage with some of the items. In this case, a high-quality item embedding

model can provide better signals for a ranking model to learn from.

1.2.5 Model Interpretability Feedback

Internally, Mercari frequently conducts studies and investigations to constantly im-

prove its platform. One way a high-quality embedding model can be useful is to utilize

interpretability methods (e.g. saliency [26], SHAP [31]) to help understand what por-

tions within text or image of the items contribute useful information of defining a

listing and leading to its long term outcome. These can be internally used as feed-

back signals for Mercari developers to improve systems, platform user interface, user

guidance, and more.

1.2.6 Other Integration Opportunities

There are many more user interfaces of different functionality on the Mercari platform

where recommendations of all kinds may seek usage of a solid item embedding model

from this study, such as shopping cart recommendations, post-sales events, anti-fraud

detection, and so on. Certain use cases may demand minor tweaks or modifications

to the outputs of the model (e.g. applying filters on the resulting items), or join with

other specialized machine learning models for other uses. We will omit the details

here.

1.3 Problem Statement

This research aims to investigate the effects of pre-training and fine-tuning CLIP with

Mercari’s data, and explore the possibility of improving CLIP’s performance within

Mercari’s data domain through pre-training and fine-tuning. Specifically, we would
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like to conduct a series of CLIP pre-training and fine-tuning experiments with vari-

ous settings in hyper-parameters and configurations to attempt to maximally adapt

CLIP to Mercari’s context. From these experiments, we seek to both understand

the effects brought by these settings and determine the best strategy as well as the

best performed pre-trained or fine-tuned model that can potentially be employed by

Mercari for various applications.

To realize these experiments, we first gather and pre-process an appropriate train-

ing and test set for the experiments and other necessary datasets for model evalu-

ation. Then, we construct the complete training pipeline through the use of the

publicly available open_clip1 library and necessary implementations. Finally, we set

up virtual machines and environments to run the experiments. Upon completion of

the experiments, we compute appropriate evaluation metrics for each of the models

for model comparison and results analysis. Additionally, we evaluate the best models

from the experiment against the CLIP model currently employed by Mercari in actual

applications to determine if they can truly bring improved performances to Mercari’s

current prediction system.

1.3.1 Milestones

The main responsibilities of this project are as follows:

• Extract and pre-process a training set and a test set for training and evaluation

use during the experiments and two other sets for top-50 brands prediction

evaluation and top-100 categories prediction evaluation respectively.

• Adapt the available training pipeline from the open_clip library by implement-

ing new classes and methods or modifying existing codes.

• Determine the appropriate hardware configurations and environment setup for

the experiment, and set up the virtual machines and virtual environments ac-

cordingly to enable the experiments to be performed.

• Determine the set of hyper-parameters and training configurations to explore,

1https://github.com/mlfoundations/open_clip
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and conduct and monitor the experiments.

• Compute the necessary evaluation metrics to compare the resulting models

among themselves and with the zero-shot CLIP.

• Evaluate the best models from the experiments against Mercari’s current predic-

tion system, which involves constructing searchers for the models, embeddings

retrieval, and implementation of the ANN majority-vote approach for predic-

tion.

1.4 Related Work

The research concerns two main aspects, with the first being the practice of model

fine-tuning. Fine-tuning of a pre-trained model is the continuation of training of a

previously trained model with a new set of data that might or might not have the same

distribution as that the model was pre-trained on, and there might be modifications or

additions to the model’s architecture depending on the targeted task of the resulting

model. It has long been practiced for model adaptation to a different data distribution

or task, and it is a prevalent technique in the machine learning field, especially with

the rise of NLP in which many language models are pre-trained first with general

language data and then fine-tuned to specific downstream tasks, like ELMo[41] and

GPT-2[43]. Model fine-tuning can be as simple as loading the pre-trained weights to

the model before training it with the new data set when the targeted task does not

require much modifications or additions to the model, such as this CLIP fine-tuning

experiment for satellite images and captions matching by Arto et. al.[2]. Some fine-

tuning strategies employ a more deliberate approach of freezing certain layers of the

model to prevent unwanted knowledge loss while learning new knowledge in targeted

areas [23]. Many other complex and advanced approaches seek to either maximally

preserve the model’s robustness after fine-tuning [51] or optimize the efficiency aspect

of fine-tuning [13, 5].

The other aspect is the history and studies of CLIP[42] usage and performance

optimization. The creation of CLIP was inspired by the work of Li et. al. [24], which
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Figure 1-4: An illustration of CLIP’s architecture from CLIP’s paper.

showed the outstanding zero-shot transfer ability of a model when it was learning

using natural language supervision. Based on this work, CLIP followed a similar ap-

proach by using captions as labels and learning to match the images to the captions.

The architecture of CLIP is shown in fig. 1-4. It takes in a set of image and caption

pairs, encodes them with the image and text encoder respectively, and then attempts

to correctly match the pairs by computing the pair-wise cosine similarity scores of

their embeddings. Trained on a 400M image-caption dataset collected from the Inter-

net and using natural language supervision, CLIP demonstrated excellent zero-shot

performance and was the state-of-the-art for zero-shot image classification and image-

caption matching at the time. With the ability to directly compare images and texts,

it allows for a wide range of applications like image search by text or image and

image classification tasks. Given its well-known superb zero-shot performance, much

of the subsequent research on CLIP focused on implementing additional procedures

or modules to work directly with pre-trained CLIP, without additional training on it

[45, 7, 12, 8, 9, 38, 8]. Studies regarding fine-tuning of CLIP came later, adapting

CLIP to data within a specific domain [2, 40] or further enhancing CLIP’s perfor-

mance on a specific task [44, 10, 36, 50, 32]. For instance, Dong et. al. [6] found

performance improvements by fine-tuning the CLIP’s vision encoder with the Ima-

geNet dataset for image classification, proving the potential behind fine-tuning CLIP

despite prior research at the time showed uncleared or mixed results regarding the
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performance of fine-tuned CLIP. There are also fine-tuning optimization approaches

for large models like CLIP, such as WiSE-FT [51], which aims to fine-tune large mod-

els like CLIP while preserving the overall robustness through ensembling the weights

of the zero-shot and the fine-tuned model.

1.5 Thesis Organization

Firstly, the thesis provides details regarding the preparations and setup for the ex-

periments. After this, for both pre-training and fine-tuning experiments, we present

the configurations of the experiments and then the evaluation and comparison of the

resulting models. We will discuss the potential implications of the results as well as

possible future work as extensions to this research.

Chapter 2 presents a complete picture of the setup and the procedures of the fine-

tuning and training experiments. These include data extraction and pre-processing,

experiment environment, hardware usage, libraries and necessary modifications to

build a complete pipeline, checkpoints and embeddings storage, and evaluation meth-

ods.

Chapter 3 describes in detail the different experiments conducted for pre-training

and fine-tuning CLIP, and delivers the complete performance results from the experi-

ments. The effects of different investigated hyper-parameters or configurations on the

model training will be discussed, along with uncertainties that are potentially worth

investigating in future work.

Chapter 4 concludes the major findings and the best performance achieved from

the experiments. In addition, we will elaborate on the limitations in the current

research and propose potential future study.
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Chapter 2

Setup and Pipeline

There are four major steps in preparing for and conducting CLIP training and fine-

tuning experiments: data extraction and preparation, training experiment pipeline,

model and embeddings storage, and models evaluation and comparison. Details for

each step are provided in the remainder of this chapter.

2.1 Data

As the goal of the research is to obtain better representations for items to improve

search and prediction accuracy, user data are not of our concern and we will be

extracting data concerning only the listed items. Mercari stores a number of pieces

of text information for each item ever listed on the platform as well as its available

images uploaded by the seller, all also retrievable through crawling an item’s webpage.

An example record of an item is shown in Fig. 2-1, with selected relevant fields

displayed. Some of the fields can be empty for some items, either because they are

not applicable to the items or the information was not filled in by their sellers. The

image shown is the original picture of the item uploaded by the seller, retrieved

through the “image_url” field.

For training and fine-tuning the model, we utilized a set of approximately 7.3

million items created between 2021/09/30 and 2022/09/29, whose images had been

readily proportionally resized to a smaller dimension of 299 by a larger dimension
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Field Value

name Adidas Track Jacket
in Yellow

brand name Adidas
L0 category Men
L1 category Athletic apparel
L2 category Jackets
category id 000
brand id 00

color yellow
size XL (46-48)

condition Good

image url
https://mercari-images.
global.ssl.fastly.net/photos/
m37610026924_1.jpg

Figure 2-1: An example entry of an item with selected fields shown.

for other previous training tasks. They were first chosen due to the fact that their

images are smaller than the original images, and thus more efficient to work with.

Secondly, this set of items consisted of items from the top (most common) 3000

item brand-category combinations, with approximately even distribution across these

combinations. Using the data of the most frequent items to train and fine-tune the

model can potentially improve the model’s performance on the largest set of items

across the platform. This set is then split into a train test and a test set in a 99:1

ratio by taking 1% of items from each brand-category combination to build the test

set. At the end of the data cleaning process, there are a total of 7,282,074 items and

72,810 items in the training and test set respectively.

Aside from the test set described above, two other datasets with different item

distributions are also used for comparison of the performances of the trained and

fine-tuned models. One of them is a set of items from the top-50 brands and the

other from the top-100 categories. They are to gauge the prediction ability of the

models on item brands and categories respectively. These datasets are exclusive to

the test set to avoid bias.

Finally, to compare the best performed fine-tuned or pre-trained model from ex-

periments with the model and the matching engine currently used by Mercari, we
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retrieve a set of approximately 60 million items, created between 2022/10/01 and

2023/05/01, to be put into the index of a searcher we build using my best performed

model and a publicly available library called ScaNN [11], which will be elaborated

in Section 2.4. Then, another set of 10,000 items created between 2023/05/10 and

2023/05/11 is used for evaluation of brand and category prediction using the searcher.

These two sets are mutually exclusive to avoid bias caused by predicting the brand

and category of an item which is already in the index of the search engine.

2.1.1 Text Data

There are many pieces of text data for an item, and which ones to be used or included

as part of the captions for the images can likely affect the performance of the resulting

model, provided that the CLIP’s text tower actually learns semantic information from

the captions. While the first thought could be that including more information in

the captions can help the model learn richer and more detailed features, these text

data can be noisy as they are raw user inputs, thus concatenating many fields could

potentially introduce more noise to the captions. Therefore, we would like to consider

constructing the captions using just one or some of the following 5 fields:

• name

• brand_name

• L0_category

• L1_category

• L2_category

where name is the title of an item, brand_name is the name of the item’s brand, and the

three levels of category names are the categories of the item with increasing specificity.

They are chosen because they contain the most basic but indicative information of an

item and they are non-empty for all of the items. Furthermore, brand and category

predictions are two of the main tasks we want the model to perform, so it is important

for the model to learn from data including these pieces of information.

To keep the data format consistent, all text fields will be turned into lower case
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and special or multi-space characters will be replaced with a single space. Commas

and semicolons are also replaced by a single space. When constructing a caption from

several fields, they will be concatenated with a single space separating each field.

2.1.2 Image Data

We first filtered the train and test datasets for corrupted images. Given part of the ex-

periments involves exploring which image transformations yield the best performance,

images are first resized to 224x224 in two ways:

• proportional resizing and then center-cropping

• plain resizing, disregarding original proportion

The reason behind cropping the images before training instead of on the fly is that

loading larger images on the GPU takes up more space, resulting in a smaller max-

imum batch size allowed. After this pre-processing, to understand how additional

transformations affect the results, some experiments will perform an extra random

crop and resizing during each epoch.

Images for the train and test sets were initially stored on a cloud database called

Filestore1 and they were retrieved during training by mounting the database to the

Google Vertex AI notebook where the experiments were run. However, this turned

out to be a serious bottleneck for batch loading due to the network limit, resulting in

significant training inefficiency. We managed to drastically speed up this process for

the experiments by transferring all the images first to Google Cloud Storage and then

to a local directory in the notebook using multiprocessing. The time consumption

improved from more than 5 days per epoch to approximately 2 hours per epoch with

our hardware specifications.

1https://cloud.google.com/filestore
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2.2 Training Experiment Pipeline

A complete and flexible implementation for the training experiment pipeline enables

training CLIP with different configurations and the continuation of fine-tuning ex-

periments in the future. The setup includes the CLIP model and dataset loading,

training loop, and evaluation loop. Aside from that, configurations for the models are

different depending on the desired embedding layer size and the version of the CLIP

model.

2.2.1 Model Loading

Challenges

There are a number of publicly available libraries or open source Github repositories

for CLIP fine-tuning that can potentially be used as a starting point for the pipeline

setup, since setting up the entire pipeline from scratch is a relatively time-consuming

process, especially when we would be using multiple GPUs which involves the use of

Distributed Data Parallel (DDP). We have reviewed and attempted to adapt from a

number of currently available works, such as the transformers library of the Hugging-

Face platform and the source code from Dong et. al. [6]. However, these attempts

were unsuccessful for the following reasons.

The HuggingFace transformers library was one of the first resources we looked at

due to the fact that it provides classes and methods that automate many processes

in the training pipeline, and it supported the use of multiple GPUs. Specifically,

the VisionTextDualEncoder class from the transformers library is a model class

that highly resembles the architecture of CLIP, with a vision encoder and a text

encoder, and a contrastive objective. Another class Trainer essentially takes in a

model under the transformers class and provides a train() method that automates

the entire training process. Unfortunately, we were not able to utilize this library for

two issues. Firstly, while it conveniently automated most of the steps in a complete

training pipeline, there was a challenge in injecting custom behavior when the change

needed involved overriding a series of methods in the Trainer class and the Datasets
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class. Secondly, it was difficult to set up CLIP with the exact same vision and

text encoder as the original paper using VisionTextDualEncoder and the available

models. Although it offers many different vision and text encoder models, it would

be best to keep the architecture of the CLIP consistent for meaningful comparisons

with the original or a specific version of pre-trained CLIP.

Another pipeline set up by Dong et. al. [6] was able to load the original vision

encoder of CLIP for training, but due to the objective of their research, which is fine-

tuning solely for image classification tasks, the text encoder was not used and thus

not loaded. As setting up the text encoder from scratch could be time-consuming

and given the time available for the research, we decided to look further into other

accessible implementations that have the objective of fine-tuning or pre-training the

complete CLIP model.

Solution

Adapting from an open-source implementation of CLIP called open_clip led to the

final success. It is a library that allows the loading of numerous versions of CLIP

models and provides an implementation for pre-training experiments. Despite not

being mentioned in its documentation, fine-tuning experiments are also possible given

that it allows for loading the pre-trained weights to the model. In addition, new CLIP

configuration files can be added to create a CLIP model with a customized embedding

size, providing the ability to pre-train a CLIP with smaller embeddings. Lastly, it

works flexibly with single and multiple GPUs which allows faster training. With this

library, the basic model loading and training step and the use of DDP is automatically

set up and only modifications in other steps and some additions are necessary.

2.2.2 Modifications

Modifications are made to inject custom behavior into data loading and the evaluation

loop to best suit our data and hardware specifications. Additional statistics logging

and checkpoint saving every n steps are also implemented to enable an easier recap
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of the model’s performance history and access to particular checkpoints. A new

CustomCLIP class is created to enable a modified version of CLIP to be trained and

loaded.

Dataset

For the Dataset class, images are loaded in two ways depending on the content of

the CSV data files. Images for the train and test sets are stored locally and the path

is constructed using the item_id field in the set. For all other datasets, images are

retrieved through Fastly urls. Considering the size of our dataset, it is crucial to have a

mechanism to handle corrupted images during the training in order to prevent abrupt

discontinuation. While direct deletion of a corrupted sample is possible for single-

GPU training, an error from the gather function for the distributed process would

be raised as it expects the exact same number of items as the batch size for multi-

GPU training. Our approach is to randomly retrieve another item from the entire

set to replace the corrupted item. This indicates that the same item can potentially

appear more than once per epoch, but such probability is low given the pre-filtering

for corrupted images, and most experiments perform a random-crop transformation

on the images each time they are retrieved, which makes the images vary each time.

Lastly, for identification of the items when retrieving embeddings, item_id is also

returned when an item is retrieved instead of just the text and image data.

Evaluation Loop

The performance metrics were originally computed after all the embeddings had been

retrieved to obtain the global image-text pairs matching accuracy, which quickly led

to out-of-memory error when the test set was not small enough, due to CLIP’s large

embedding size (512). To prevent this error, this accuracy is changed to be computed

locally among 𝑛 items in which 𝑛 is small enough to prevent the memory error. A

threshold argument is added to indicate the minimum number of items to compute

the matching accuracy, and the metrics are computed for the accumulated chunk of

items once the threshold is passed. At the end of the evaluation loop, a weighted
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average of these chunk accuracies based on the number of items in each chunk will

be computed and recorded. Details regarding evaluation metrics are discussed in

section 2.4.

CustomCLIP

CLIP
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CLIP
Text

Encoder
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Linear
Layer
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Linear Layer
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Figure 2-2: Architecture of the CustomCLIP class.

One of the fine-tuning experiments investigates the possibility of reducing the

embedding size through adding a smaller layer to the original embedding layer of the

image and text model. To enable the loading, training, and potential future usage

of such a model, a new model class CustomCLIP is created with the architecture as

shown in Fig. 2-2. The class takes in a CLIP model and has one additional linear

layer to each of the encoders. For the convenience of fine-tuning solely on the last

linear layers of the encoders when a fine-tuned CLIP checkpoint is already available,

it has the option of locking the image and the text encoders of CLIP.

2.2.3 CLIP Training Flow

As shown and described in section 1.4, CLIP has an image-text dual encoder ar-

chitecture with a contrastive objective. For all our experiments, the CLIP model
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Model Loading
- Create a CLIP model instance
- Create image processor functions and tokenizer
- Load checkpoint/pre-trained weights into the model if 

necessary
- Create optimizer, scaler, and lr_scheduler

Complete Pipeline

Data Loading
- Load the train and test datasets from GCS
- Create data loaders

Setup
- Loggers setup
- DDP setup

Training
- Train the model
- Save checkpoints at a given frequency
- Evaluation after each epoch

Embeddings Retrieval (Optional)
- Save the embeddings for all items in the datasets to GBQ 

or locally as csv and numpy files

Figure 2-3: Overview of the complete training pipeline.

architecture is precisely as follows:

Dimensions: 𝐷 = 224, 𝑁 ∈ {128, 256, 512}, 𝐵 ∈ Z, 𝑇 = 77

𝑥images ∈ [0, 1]𝐵×3×𝐷×𝐷, 𝑥tokenized captions ∈ Z𝐵×𝑇

Items: 𝑥 = {𝑥images, 𝑥tokenized captions}

Image Encoder: 𝑓Image Encoder : [0, 1]
𝐵×3×𝐷×𝐷 ↦→ [0, 1]𝐵×𝑁

Text Encoder: 𝑓Text Encoder : Z𝐵×𝑇 ↦→ [0, 1]𝐵×𝑁

Optimization Target: ℒInfoNCE(𝑓Image Encoder, 𝑓Text Encoder)

(2.1)

in which 𝐷 is the dimension size of an image, 𝐵 is any arbitrary number of items

(such as batch size), and 𝑇 is the maximum number of words or tokens in a caption.

The 3 in the dimensions of the images is the number of color channels for the images.

2.2.4 Complete Pipeline

Fig. 2-3 captures the complete process of a training experiment. An experiment be-

gins with the setup of loggers to provide both clear progress logging in the terminal

during training and performance metrics records that are updated and saved to GCS
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along with model checkpoints. DDP is initiated to enable multi-GPU training. After

the setup, a CLIP or CustomCLIP instance is created with the proper train and test

image processor functions and the tokenizer. The train and test sets have different

image processors because images need to undergo an extra random crop transforma-

tion for most of the experiments during training, whereas images in the test set are

fed into the model without such transformation. Pre-trained or checkpoint weights

are then loaded into the model if the experiment is a fine-tuning or continued exper-

iment. To conclude this step, an optimizer, a scaler, and an lr_scheduler are created

for updating model weights and the learning rate. With the model and necessary

components placed, we load the train and test datasets from the csv files stored in

a GCS bucket, and create the train and test dataloaders with the tokenizer and the

corresponding image processor functions. The training finally begins at this point,

with model weights updated at each step and an evaluation done after each epoch.

Checkpoints and relevant performance statistics are also saved to GCS at a defined

frequency during the training. Once the training complete, it can optionally save the

text and image embeddings retrieved from the last checkpoint of the model, either to

a given Google BigQuery (GBQ) table or locally as CSV and NumPy files.

2.2.5 Hardware Specifications

We need to consider the type and number of GPUs to use and where to set up an

appropriate environment to run the experiments.

GPUs

We have experimented with several GPUs types on a Google Vertex AI workbench

instance2, including the Nvidia Tesla T4 16GB, Nvidia Tesla V100 16GB, and Nvidia

A100 40GB. We decided to use the A100s due to its much higher memory than the

priors, which allows for a larger batch size of 234 compared to a batch size of 70 for T4

and V100. A larger batch size is strongly preferred because of the learning objective of

2https://cloud.google.com/vertex-ai-workbench
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CLIP. Intuitively, having to match a larger number of image-caption pairs motivates

the model to learn more meaningful features, whereas matching a smaller number

of image-caption pairs reduces the difficulty and inherently has a higher chance of

getting a correct match. As such, the A100 has an absolute advantage over the other

choices.

The number of GPUs can affect both the batch size and the training speed. As

explained above, the batch size is equivalent to the number of image-caption pairs to

match each step during training. In an all-gather scenario, in which outputs of the

model from each GPU are first gathered and then used for computing training loss

and model update, using 𝑛 GPUs with a per-GPU batch size of 𝑏 results in an 𝑛× 𝑏

effective batch size. On the other hand, we can only consider a local loss, in which

case the effective batch is equivalent to the per-GPU batch size, but two batches will

be computed and update the model weights at a time, still speeding up the training.

Provided the differences, we would like to compare which of the setting would lead to

better results by using 2 A100 GPUs, with which we can also cut the training time

by half.

Virtual Environment

We have come up with two options for creating a virtual environment to run the

experiments: Google Vertex AI Workbench and Polyaxon3. Each of them has its

advantages and disadvantages in the aspects of setup procedure, experiment manage-

ment, and hardware resources.

Google Vertex AI workbench is a Jupyter notebook-based environment for run-

ning any data-oriented workflow. It offers a variety of machine and hardware types

with intuitive configuration setup procedures, making it relatively time-efficient when

we want to set up a new environment for an experiment. Aside from that, it has a

simple integration with any Google services like Google Cloud Storage4 (GCS) and

Google BigQuery5 (GBQ), both needed for retrieval or saving of data, model, and em-

3https://polyaxon.com/
4https://cloud.google.com/storage
5https://cloud.google.com/bigquery
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beddings. In particular, a GCS bucket can be conveniently mounted to a workbench

instance’s notebook imitating a local file system to save files to or access files in the

GCS bucket using GCS FUSE6. The only disadvantage is that we would need to set

up multiple of the same instances in order to be able to run multiple experiments at

the same time, provided that the hardware resources and the network bandwidth are

fixed for each instance, making it impossible to run more than one experiment at a

time given the resource requirements of our experiments. It is also more organized to

limit to one experiment per instance as it is easier to track the CPU and GPU status

and identify irregularities when only one experiment is involved. In sum, a Google

workbench instance is time-efficient to set up and has seamless integration with many

Google services, though instances need to be set up individually and experiments need

to be more manually managed.

On the other hand, Polyaxon is a platform dedicated to machine learning work-

flows and model deployment. Its major benefit is that once the project and the

environment file are set up, experiments, which are regarded as jobs, are automat-

ically queued for execution upon creation. A job is created simply by a command

with the necessary arguments in the command line after connecting to Polyaxon,

without the need to repeatedly set up the environments to run multiple experiments.

The libraries, connections, hardware specifications, and configurations specified in

the environment file of the project would be automatically arranged by Polyaxon.

Unfortunately, we decided not to employ Polyaxon for the scope and purpose of this

research. Although it only requires a one-time setup, writing the environment files

and verifying the setup is a non-trivial process. Considering the time available and

the focus of the research, which does not involve model deployment, having a simpler

setup and leaving more time to run the experiments would be preferable.

For the reasons above, we decided to utilize Google Workbench instances to con-

duct the experiments. All the instances have the same configurations as in Table 2.1

below and have the same environment setup.

6https://cloud.google.com/storage/docs/gcs-fuse
7https://cloud.google.com/compute/docs/gpus#a100-40gb
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Machine Type GPU vCPUs RAM Data Disk
a2-highgpu-2g7 2 × NVIDIA A100s 24 170 GB 170 GB

Table 2.1: Workbench instances configurations.

2.3 Storage

Images of the train and test set, model checkpoints, and image embeddings of Mer-

cari’s items need to be kept in a way that is organized and easily accessible.

2.3.1 Image Data

As mentioned in Section 2.1.2, the network between the mounted Filestore database

with images of the train and test set and the Google Workbench instance was a

significant bottleneck during training, thus these images must be transferred to a

local directory inside the notebooks to avoid the limited network bandwidth. We

transferred them from the Filestore database to GCS so that we could utilize the

multi-process feature provided by the gsutil tool8 to more efficiently copy these

images to all the created instances.

2.3.2 Checkpoints and Metrics

Likewise, model checkpoints and metrics logs are sent to the GCS bucket of the model

by using the GCS python library. This makes the checkpoints and the statistics easy

to be accessed from any Workbench instances for usage or examination and available

to our team.

2.3.3 Embeddings

We can choose to save the embeddings to a provided GBQ table or locally in csv and

numpy files for the list of item ids and their corresponding image features respectively.

These options were provided because while GBQ allows a cleaner view of the data

and supports direct SQL data manipulations, local csv and numpy files are more
8https://cloud.google.com/storage/docs/gsutil
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efficient to work with for the tasks of this research, which includes constructing a

searcher locally for performance comparison with Mercari’s current system for brand

and category prediction, to be elaborated in Section 2.4.2.

Vector Database

Item Embeddings can also be stored as the index of a searcher or a matching engine. A

searcher or a matching engine is essentially a vector database with two major features:

vector storage and nearest neighbor search, which offers a variety of applications.

Furthermore, with optimized methods like ScaNN[11], embeddings are quantized into

smaller sizes, making them more space-efficient.

We have considered two options for building such a vector database for evalua-

tion and use case demonstration purposes, which are the publicly available ScaNN9

python library and the Google Vertex AI Matching Engine10. Mercari has been using

the Matching Engine in a number of applications due to the number of functionali-

ties provided, including real-time index updates, filtered retrieval and index storage

on the cloud, and its auto-deployment and auto-scaling ability for production use.

However, we decide to employ the ScaNN library instead to construct the searchers

locally given the scope of the research. The setup of a matching engine can be a

time-consuming process because it involves setting up a VPC private network and

has a large IP address pool requirement. As deploying and putting the fine-tuned

or pre-trained model into production use is considered to be a future work to this

research, the cloud-based model and index management features are not necessary.

In addition, the ScaNN library already covers all functionalities needed for our pur-

pose. In fact, the Matching Engine is built on top of the ScaNN library, which means

they are essentially equivalent aside from the extra functionalities that Matching En-

gine supports. Therefore, similar to the training experiments, we can perform the

evaluation by building and using the ScaNN searcher locally in a Google Workbench

instance. With the setup of the notebook being trivial, merely ensuring sufficient

9https://github.com/google-research/google-research/tree/master/scann
10https://cloud.google.com/vertex-ai/docs/matching-engine/overview
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space in data disk and RAM in the vCPUs, using ScaNN can greatly reduce the time

needed to evaluate several models.

2.4 Evaluation

We evaluate the models in three different methods to better gauge their performance

in both CLIP’s original objective and classification tasks that are applicable to some

of our use cases. For comparison among the base-line CLIP and the pre-trained or

fine-tuned models, we evaluate on the image-caption matching tasks as well as a

simple brand and category classification task. Upon selecting the best fine-tuned or

pre-trained models, we compare the selected models with Mercari’s current matching

engine through brand and category prediction tasks using the ANN approach.

2.4.1 Model Comparison

During training, the models are evaluated with the test set on the image-caption

matching task after each epoch. We compute the top-1, top-5, and top-10 accuracy

of both image-to-text and text-to-image matching on each chunk of item images and

captions, in which an image-to-text top-k accuracy means the percentage of items

having their actual captions being predicted within the top-k predicted matching

captions for their images. In mathematical representation:

𝑓Image Encoder : [0, 1]
𝐵×𝐷×𝐷 ↦→ 𝑐image, 𝑐image ∈ [0, 1]𝐵×𝑁

𝑓Text Encoder : Z𝐵×𝑇 ↦→ 𝑐caption, 𝑐caption ∈ [0, 1]𝐵×𝑁

𝑙𝑜𝑔𝑖𝑡𝑠image = 𝑐image · 𝑐𝑇caption, 𝑝𝑟𝑒𝑑𝑠image = 𝑎𝑟𝑔 𝑠𝑜𝑟𝑡(𝑙𝑜𝑔𝑖𝑡𝑠image)

𝑙𝑜𝑔𝑖𝑡𝑠caption = 𝑐caption · 𝑐𝑇image, 𝑝𝑟𝑒𝑑𝑠caption = 𝑎𝑟𝑔 𝑠𝑜𝑟𝑡(𝑙𝑜𝑔𝑖𝑡𝑠caption)

Top-k-Accr: top-k𝑖𝑚𝑎𝑔𝑒 =
𝐶𝑜𝑢𝑛𝑡(𝑎𝑐𝑡𝑢𝑎𝑙𝑖𝑚𝑎𝑔𝑒 ∈ 𝑝𝑟𝑒𝑑𝑠image[: 𝑘])

𝐵

Likewise for caption-to-image top-k accuracy computation.

(2.2)
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in which 𝑎𝑐𝑡𝑢𝑎𝑙𝑖𝑚𝑎𝑔𝑒 are indices of the actual captions for the images, and 𝑎𝑟𝑔 𝑠𝑜𝑟𝑡

is sorting in decreasing order. Additionally, we compute the mean and median ranks

of the actual matching image or caption to measure how close the actual image and

caption is toward being matched correctly. As described in Section 2.2.2, the chunk

size is determined by a threshold passed in as the minimum number of items to

compute the metrics over. We set this threshold to be 10,000 for all the experiments

for not only consistency, but also the reason that 10,000 is large enough to prevent

inflation in the accuracies and this number of image and caption embeddings could be

accumulated for calculation without exceeding the memory limit based on preliminary

training trials. After the training is complete, we determine the best epoch-checkpoint

from the experiment by the highest top-1 image-to-text accuracy achieved since the

most immediate use case of the model is brand and category prediction for the item

by image. We will then compare the performances of the models’ best checkpoints

along with further evaluations. For this step of evaluation, we are using the test set

with 72,810 items detailed in Section 2.1.

Following the selection of the models’ best checkpoints, we perform an evaluation

on both a top-50 brands and a top-100 categories classification task. Specifically, we

gathered a data set of 14,086 items with the top-50 brands and a set of 30,442 items

in the top-100 categories, with a category defined as the concatenation of the L0,

L1, and L2 categories of the items with spaces in between. We first load the model’s

best checkpoint and create the same image processor and caption tokenizer as the

ones used for the test set during training. The brands or categories are tokenized

and encoded into embeddings. After that, we encode the images and compute their

similarity scores with the embeddings of the brands or the categories. Similar to the

prior evaluation, we calculate the top-1, 5, 10 accuracies and the mean and median

ranks based on the computed similarity scores. This procedure is mostly identical

to eq. (2.2), except that the number of captions are restricted to 50 and 100 for

brands and categories respectively, and all images are computing the similarity scores

𝑙𝑜𝑔𝑖𝑡𝑠𝑖𝑚𝑎𝑔𝑒 with these same captions. At this point, we will select several models

with the best performances in brand and category predictions to be evaluated against
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Mercari’s current system, explained below.

2.4.2 Comparison with Current System

Mercari’s brand and category auto-fill feature, or brand and category prediction by

image, is powered by a matching engine as described in Section 2.3.3, with index

built from the items’ image embeddings retrieved from a pre-trained CLIP model. In

order to truly understand how well the selected best models from the experiments

perform in actual applications and how they compare with the current prediction

system, we would like to build a ScaNN searcher for each of the best models to

maximally replicate the approach used by the matching engine for prediction tasks.

The complete operation can be defined as:

Items: 𝑥 = {𝑥item id, 𝑥c, 𝑥brand, 𝑥category}

ScaNN: 𝑓ScaNN(𝑞,𝐾) = {𝑥𝑖 : ⟨𝑥𝑖𝑐, 𝑞⟩ ≤ ⟨𝑥𝑖+1𝑐, 𝑞⟩}𝑖=1:𝐾

𝑞 ∈ [0, 1]𝐵×𝑁 , 𝑥𝑖𝑐 ∈ Sindex, 𝐾,𝐵 ∈ Z, 𝐾 ≪ 𝐵

Voting: 𝑃𝑟𝑒𝑑𝑠 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐶𝑜𝑢𝑛𝑡(𝑥𝑏𝑟𝑎𝑛𝑑,𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦))

𝑓voting = 𝑎𝑟𝑔 𝑚𝑎𝑥(𝑃𝑟𝑒𝑑𝑠), top-k = (𝑎𝑟𝑔 𝑠𝑜𝑟𝑡(𝑃𝑟𝑒𝑑𝑠))[0 : 𝑘]

(2.3)

Precisely, for each query image 𝑞𝑗 in the form of embeddings, we obtain its 𝐾 nearest

neighbors 𝑥𝑗,{1:𝐾}, or most similar items, from the searcher, which we then use for a

majority vote on the brand and category of the item in the input image. We first

compute the top-1,5,10 accuracy like the previous evaluations. Aside from that, to

enable comparison with the current system, we also compute a top-1 accuracy given a

certain coverage. The matching engine only returns a prediction when the confidence

of the prediction is beyond a certain threshold, thus for a given set of items to be

predicted, the coverage is defined as the percentage of items that have received a
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prediction result. Here is the illustration of this mechanism:

𝑓matching engine(𝑞𝑗) =

⎧⎪⎨⎪⎩𝑎𝑟𝑔 𝑚𝑎𝑥(𝑃𝑟𝑒𝑑𝑠𝑗) if 𝑚𝑎𝑥(𝑃𝑟𝑒𝑑𝑠𝑗) ≥ 𝜃

∅ 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

∀ 𝑗 ∈ 𝐵

𝐶𝑜𝑣 =
𝐶𝑜𝑢𝑛𝑡(𝑓matching engine(𝑞) ̸= ∅)

𝐵

(2.4)

To simulate this process, after we obtain the votes for the query images, we apply

the softmax function to the vote counts and set a threshold 𝜃 of minimum softmax

value to be considered a confident prediction. By tuning this threshold, we can

maximally match the coverage to that of the results returned by the current system,

and compare their top-1 accuracies while with similar coverage. For evaluation, we are

using a 100,000 query set. In the aspect of searcher building, we are putting nearly 60

million items into the index of the searcher to match the minimum estimated number

of items in the matching engine’s index, as the process of embeddings retrieval from

the model is a relatively slow process.
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Chapter 3

Results and Discussion

This chapter details the configurations and evaluation of the trained models in this

research. The first two sections talk about the pre-training and fine-tuning experi-

ments respectively. Within each section, we provide the necessary hyper-parameters

and data setup for the models, present their performance statistics, and discuss the

possible implications behind these results. The last section presents the performance

comparison of our two best models from the experiments with the currently used

CLIP in brand and category predictions using the KNN majority-vote approach.

3.1 Pre-Training

We have completed 3 pre-training experiments in total, with the hyper-parameters

and configurations shown below in table 3.1.

Experiment pt_vitb16_5e-6 pt_embed128_5e-6 pt_vitb16_bc_only
CLIP Version ViT-B/16 ViT-B/16-emb128 ViT-B/16

LR 5 × 10−6 5 × 10−6 5 × 10−6

WD 0.1 0.1 0.1
Embed Size 512 128 512
Batch Size 234 234 234

Caption

brand_name
name

L2 category
L1 category

brand_name
name

L2 category
L1 category

brand_name
L0 category
L1 category
L2 category

Table 3.1: Configurations overview for pre-training experiments.

We started with pre-training the original Open-AI ViT-B/16 CLIP (pt_vitb16_5e-6)

as a baseline. Beyond that, the experiment pt_emb128_5e-6 involved changing the
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last layer of CLIP from a size of 512 to 128 to explore how much the performance

would be compromised for smaller embedding size. Finally, we tuned on the caption’s

components by constructing the captions only with the brand and the category names,

instead of including the 𝑛𝑎𝑚𝑒 field, which was a user-filled title for the item. We hy-

pothesized that with the caption focusing solely on the brand and category names,

the resulting model would have a higher accuracy in specifically brand and category

prediction tasks. We did not emphasize on tuning other numerical hyper-parameters

because we believed that the data used for training would have a stronger impact

on the learning results, whereas numerical hyper-parameters would more likely result

in marginal improvement. The learning rate and weight decay values were chosen

through preliminary experiments, through which we found that a smaller learning

rate than that of the original pre-trained CLIP (5× 10−4) [42] was needed to prevent

quick over-fitting due to our smaller dataset size.

3.1.1 Results

Figures 3-1 to 3-4 present the image-to-text and text-to-image top-{1,5,10} accura-

cies and mean and median ranks by epochs. The plots for the different models can

have different lengths due to early stopping of the training once the plot appears to

be converging. For the top-k accuracies plots, the solid, dashed, and dotted lines

represent the top-1, 5, 10 accuracies correspondingly. In the mean and median ranks

plots, the solid and dashed lines represent the mean and median ranks respectively.

At first glance, the first two models with captions including the item’s 𝑛𝑎𝑚𝑒 field

are able to achieve better performances on the image-caption matching task than

the model pre-trained on captions consisting solely of the brand and category names.

Their top-k accuracies are around 5 to 10 percentage points higher and the mean

and median ranks for the correct match are also higher by about 3 to 6. This lower

accuracy for the matching task was expected for pt_vitb16_bc_only, since the task

became more difficult as a result of the lack of variations in the captions for the same

type of items. Suppose items A and B are the same objects, for pt_vitb16_5e-6

and pt_emb128_5e-6, they can still have different captions as users most likely fill
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Figure 3-1: Image-to-text top-{1, 5, 10}-accuracies of the pre-trained experiments by
epoch, represented by solid lines, dashed lines, and dotted lines respectively.

in 𝑛𝑎𝑚𝑒 differently and potentially with some specific information unique to the

items. However, A and B would have the same captions for pt_vitb16_bc_only

since brands and category names are not text inputs but drop-down selections. For

this reason, the task is more challenging when there are multiple same captions but

the model must match the images to the exact captions assigned to them, in which

𝑖𝑚𝑎𝑔𝑒𝐴 must match to 𝑐𝑎𝑝𝑡𝑖𝑜𝑛𝐴 but not 𝑐𝑎𝑝𝑡𝑖𝑜𝑛𝐵 although 𝑐𝑎𝑝𝑡𝑖𝑜𝑛𝐴 is equivalent to

𝑐𝑎𝑝𝑡𝑖𝑜𝑛𝐵. Therefore, models’ performances on classification tasks might better help

us understand their abilities in recognizing and analyzing items from images, which

we will provide later.

Comparing pt_vitb16_5e-6 and pt_emb128_5e-6, the results were somewhat

surprising. Although with the embedding size reduced to 1
4

of the original size,

pt_emb128_5e-6 only suffered a decrease of no more than 3 percentage points in

performance.

Table 3.2 shows the performance statistics for the best epoch of the models on

the test dataset, along with the zero-shot of Open-AI ViT-B/16 as a baseline. For

the matching task, both pt_vitb16_5e-6 and pt_emb128_5e-6 were able to out-
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Figure 3-2: Text-to-image top-{1, 5, 10}-accuracies of the pre-trained experiments by
epoch, represented by solid lines, dashed lines, and dotted lines respectively.

perform the zero-shot metrics, achieving 45.91%/44.29% and 44.36%/42.89% top-

1 accuracy respectively compared to 37.75%/36.70% from zero-shot. The model

pt_vitb16_5e-6_bc_only, however, was not able to reach the zero-shot performance,

getting only 34.30%/34.93% top-1 accuracy at maximum. For brand and category

classification, however, the performance of pt_vitb16_5e-6_bc_only becomes much

more comparable to the other two pre-trained models, especially for category classi-

Task Metrics ViT-B/16
Zero-Shot pt_vitb16_5e-6 pt_embed128_5e-6 pt_vitb16_bc_only

Image
to

Text

top-1 37.75% 45.91% 44.36% 34.30%
top-5 60.02% 72.98% 70.71% 64.06%
top-10 69.57% 82.11% 80.39% 75.08%
mean 22.26 17.47 19.10 22.4

median 3 2 2 3

Text
to

Image

top-1 36.70% 45.29% 42.89% 34.93%
top-5 59.93% 72.90% 70.29% 65.19%
top-10 69.74% 82.03% 79.71% 74.03%
mean 23.02 12.94 15.29 18.21

median 3 2 2 3

Top-50
Brands

Classification

top-1 40.28% 25.45% 25.88% 23.56%
top-5 67.61% 52.88% 51.95% 47.34%
top-10 78.40% 68.17% 67.24% 62.50%
mean 6.79 9.48 9.70 11.08

median 4.58 5.74 5.93 7.29

Top-100
Categories

Classification

top-1 47.54% 36.27% 32.66% 45.16%
top-5 84.37% 71.19% 67.63% 80.52%
top-10 93.71% 82.09% 79.03% 89.72%
mean 3.902 8.01 8.57 4.74

median 2.338 2.99 4.09 1.92

Table 3.2: Pre-Trained Models Best Epoch Performance Comparison
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Figure 3-3: Image-to-text mean and median rank of the pre-trained experiments by
epoch in solid lines and dashed lines respectively.

fication, in which it has its top-k accuracies almost 10 percentage points above the

prior two. Although it still underperforms in brand prediction, the difference is much

smaller than in the matching task.

Overall, two of the models pre-trained by Mercari’s data were able to beat the

zero-shot ViT-B/16 on the image-caption matching task, but the zero-shot CLIP still

has the best performance in the classification tasks.

3.1.2 Discussion

The performance statistics of the pre-trained models have some potential implications

on the effects of captions composition, embedding size, and dataset size.

In view of how the models pre-trained with captions consisting of different in-

formation perform differently in the tasks, the components of the captions definitely

play a role in what features the model learns to seek and utilize from images. As we

observed, models pre-trained on captions including free text inputs performed much

better on the matching tasks whereas the model pre-trained on captions with strict
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Figure 3-4: Text-to-image mean and median rank of the pre-trained experiments by
epoch in solid lines and dashed lines respectively.

drop-down selection inputs could have better performance in the classification tasks.

We do recognize that the latter still has a lower brand prediction performance, but

this could be due to the fact that brands are inherently more difficult to be observed

than categories, especially when there is nothing indicative on an item about the

item’s brand. In this case, the 𝑛𝑎𝑚𝑒 field might offer more information that serves

as extra guidance for brand prediction, enabling higher brand prediction accuracy

for pt_vitb16_5e-6 and pt_emb128_5e-6. In sum, the learning results from these

pre-trained models suggest that while including natural language inputs as part of

the captions allows the model to better examine pictures, identifying uniqueness and

more subtle characteristics, using label-like captions helps the model improve in clas-

sification tasks due to the more focused learning of the possible labels.

Having tried different output-layer sizes for the pre-trained models, the relatively

small performance difference between pt_vitb16_5e-6 and pt_emb128_5e-6 can

have two interpretations. On one hand, the similar performances can be because

of the insufficient data size, provided that CLIP is a relatively large model. The

original CLIP model was trained on a 400M dataset, which is much bigger than our
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dataset of size 7.3M. With this in mind, it is possible that our dataset is not large

enough to drive the models to reach higher performance, regardless of the embed-

ding size, and consequently the similar performances we obtained for the two models

with the large embedding size difference. On the other hand, this might signify the

potential of reducing the embedding dimensions without sacrificing significantly in

performance, which means improved space-efficiency with little costs.

Finally, the failure of the pre-trained models to outperform the zero-shot CLIP

in both the matching and the classification tasks is possibly because of the small

dataset size compared to, as explained above. A larger dataset offers more variations

in both images and captions, potentially allowing the model to become more robust

even against image or captions patterns unseen before.

3.2 Fine-Tuning

We have conducted a total of 9 fine-tuning experiments, with configurations displayed

in table 3.3. The experiments explored a number of factors that could perhaps af-

fect the resulting performance, such as learning rate, caption composition, and image

transformation. Considering the diverse setups of the experiments, here are the de-

scriptions of each experiment for clarity:

• vitb16_5e-6: Fine-tuning the Open-AI ViT-B/16 CLIP with a learning rate

of 5× 10−6 and other configurations stated in table 3.3. The images used were

pre-processed by resizing and center-cropping before training, and underwent

a random-crop transformation and resizing during each epoch. The weights

were updated with local loss described in section 2.2.5. This is the most basic

setup and all the following experiments have the same setups except the parts

specified in the descriptions.

• vitb16_5e-5: Fine-tuning with a learning rate of 5× 10−5.

• vitb16_5e-6_n_b_f2: Fine-tuning with captions constructed with a slightly

different combination and order of the items’ information.
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• vitb16_5e-6_resized_only: Fine-tuning with images that were directly re-

sized to 224× 224, disregarding the original proportions, during pre-processing.

• vitb16_laion2b: Fine-tuning the laion2B-s34B-b88K version of ViT-B/16 CLIP.

• vitb16_5e-6_add256: Adding an additional layer to both encoders of CLIP and

fine-tuning the customized CLIP. We loaded weights from the best checkpoint

of vitb16_5e-6 to the CLIP model, locked the image encoder weights, and

then fine-tuned this custom CLIP model with captions comprised of brand

and category names only. This design aims to preserve the model’s knowledge

regarding image feature extraction while letting the model learn deliberately on

brand and category information extraction to potentially maximally preserve

its performance in brand and category identification even with reduction in

embedding size.

• vitb16_5e-6_add256_name: Having the same setup as vitb16_5e-6_add256

except including the 𝑛𝑎𝑚𝑒 field of the items in the captions.

• vitb16_5e-6_norandcrop: Fine-tuning without the random-cropping transfor-

mation during each epoch.

• vitb16_5e-6_global_loss: Fine-tuning with the same setup as vitb16_5e-6,

but updating weights using global loss instead of local loss, described in sec-

tion 2.2.5.

Similar to pre-training experiments, we focused more on tuning non-numerical

components of the configurations as data-related modifications might produce a greater

effect on the models’ learning.

3.2.1 Results

The two-way matching top-{1,5,10} accuracies as well as the mean and median ranks

by epoch for the image-caption matching task are plotted in figs. 3-5 to 3-8 for the

models above. Like before, the plots for the model varied in lengths due to early

stopping when convergence was observed. Almost all models followed similar learning

trends, with relatively quick convergence even with a small learning rate. In summary,
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Figure 3-5: Image-to-Text Top-{1, 5, 10}-accuracies of the fine-tuning experiments
by epoch, represented by solid lines, dashed lines, and dotted lines respectively.

most models are able to obtain a top-1, 5, 10 accuracy of around 75%, 94%, and 97%

respectively, with a few exceptions. The mean rank lies between 2 and 3 for the

majority, and the median rank is predominantly 1 except for one model.

The most noticeable difference among the models are the performances of the two

models with a 256 embedding size compared to others, with much lower accuracies

and higher mean and median ranks for the actual matches. The lowered performances

are expected given a reduced embedding size implies less space for different features

from the images or texts to be learned or represented. Another observation is that of

the two models, the one learning from captions including the 𝑛𝑎𝑚𝑒 field has better

performance in the matching tasks than the one with captions consisting of brand

and category names only, consistent to the discovery in the pre-training experiments.

For clearer comparisons, table 3.4 displays the performance statistics for the best

epoch-checkpoint of each fine-tuned model, with the zero-shot CLIP performance as

a baseline reference. The top-2 best values are bolded for most of the fields. Sim-

ilar to the pre-training experiments, models who performed well in the matching

tasks do not necessarily maintain the same performance during classification tasks.
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Figure 3-6: Text-to-Image Top-{1, 5, 10}-accuracies of the fine-tuning experiments
by epoch, represented by solid lines, dashed lines, and dotted lines respectively.

For the image-caption matching tasks, vitb16_laion2b has the best overall per-

formance, attaining 79.80%/77.06%, 94.91%/95.08%, and 97.43%/97.52% for top-

1,5,10 both-way matching accuracies, to be compared with the zero-shot accuracies

of 37.75%/36.70%, 60.02%/59.93%, and 69.57%/69.74%. The second best model ap-

pears to be vitb16_5e-6 as it has the second most number of top values among the

models, and it has its mean and median ranks closest to 1, which indicates that on

average it has the best ability to bring the matching images and captions together. Its

accuracies are 76.85%/75.93%, 94.36%/94.78%, and 97.39%/97.18%, not much lower

than the prior one and still significantly outperforming the zero-shot CLIP.

Examining the classification performances, surprisingly, vitb16_laion2b was not

able to maintain its best performances but in fact outperformed by a number of other

fine-tuned models, whereas vitb16_5e-6 was still able to reach a second-to-best per-

formance with top-{1,5,10} accuracies of 67.14%/86.63%/92.90% and 57.17%/89.44%/94.71%

for top-50 brands and top-100 categories prediction correspondingly. The best per-

forming model, however, is interestingly vitb16_5e-6_add256, with brand and cat-

egory prediction accuracies of 72.31%/91.03%/95.84% and 65.18%/93.53%/97.38%.
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Figure 3-7: Image-to-Text mean and median rank of the fine-tuned experiments by
epoch in solid lines and dashed lines respectively.
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Figure 3-8: Text-to-Image mean and median rank of the fine-tuned experiments by
epoch in solid lines and dashed lines respectively.

This is rather surprising at first glance, provided that its embedding is half the original

size yet it is able to outshine the other model by approximately 5 percentage points

on the top-1 accuracy. In view of the findings from the pre-training experiments,

however, the performances of this model seem comparable to pt_vitb16_bc_only, to

be elaborated in the discussion below.

57



Ta
bl

e
3.

3:
C

on
fig

ur
at

io
ns

ov
er

vi
ew

fo
r

fin
e-

tu
ni

ng
ex

pe
ri

m
en

ts
.

E
x
p
er

im
en

t
Vi

T-
B/

16
Z
er

o-
S
h
ot

vi
tb

16
_5

e-
6

vi
tb

16
_5

e-
5

vi
tb

16
_5

e-
6

_n
_b

_f
2

vi
tb

16
_5

e-
6

_r
es

iz
ed

_o
nl

y
vi

tb
16

_l
ai

on
2b

vi
tb

16
_5

e-
6_

ad
d2

56
vi

tb
16

_5
e-

6
_a

dd
25

6_
na

me
vi

tb
16

_5
e-

6
_n

or
an

dc
ro

p
vi

tb
16

_5
e-

6
_g

lo
ba

l_
lo

ss

C
L
IP

M
o
d
el

V
iT

-B
/1

6
V

iT
-B

/1
6

V
iT

-B
/1

6
V

iT
-B

/1
6

V
iT

-B
/1

6
V

iT
-B

/1
6

V
iT

-B
/1

6
V

iT
-B

/1
6

V
iT

-B
/1

6
V

iT
-B

/1
6

C
L
IP

V
er

si
on

op
en

ai
op

en
ai

op
en

ai
op

en
ai

op
en

ai
la

io
n
2b

_
s3

4b
_

b
88

k
ft

_
v
it

b
16

_
ep

17
ft

_
v
it

b
16

_
ep

17
op

en
ai

op
en

ai

L
R

N
/A

5
×

1
0
−

6
5
×

1
0
−

5
5
×

1
0
−

6
5
×

1
0
−

6
5
×

1
0
−

6
5
×

1
0
−

6
5
×

1
0
−

6
5
×

1
0
−

6
5
×

1
0
−

6

E
m

b
ed

S
iz

e
51

2
51

2
51

2
51

2
51

2
51

2
25

6
25

6
51

2
51

2
P
er

-G
P
U

B
at

ch
S
iz

e
N

/A
23

4
23

4
23

4
23

4
23

4
23

4
23

4
23

4
23

4

C
ap

ti
on

N
/A

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

na
me

br
an

d_
na

me
L2

ca
te

go
ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

br
an

d_
na

me
L0

ca
te

go
ry

L1
ca

te
go

ry
L2

ca
te

go
ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

br
an

d_
na

me
na

me
L2

ca
te

go
ry

L1
ca

te
go

ry

Ta
bl

e
3.

4:
F
in

e-
Tu

ne
d

M
od

el
s

B
es

t
E

po
ch

P
er

fo
rm

an
ce

C
om

pa
ri

so
n

T
as

k
M

et
ri

cs
Vi

T-
B/

16
Z
er

o-
S
h
ot

vi
tb

16
_5

e-
6

vi
tb

16
_5

e-
5

vi
tb

16
_5

e-
6

_n
_b

_f
2

vi
tb

16
_5

e-
6

_r
es

iz
ed

_o
nl

y
vi

tb
16

_l
ai

on
2b

vi
tb

16
_5

e-
6_

ad
d2

56
vi

tb
16

_5
e-

6
_a

dd
25

6_
na

me
vi

tb
16

_5
e-

6
_n

or
an

dc
ro

p
vi

tb
16

_5
e-

6
_g

lo
ba

l_
lo

ss

Im
ag

e
to

T
ex

t

to
p
-1

37
.7

5%
76

.8
5%

7
7
.9

9
%

76
.8

1%
77

.5
7%

7
9
.8

0
%

50
.5

5%
60

.2
3%

75
.0

8%
77

.8
6%

to
p
-5

60
.0

2%
9
4
.3

6
%

9
4
.3

6
%

94
.1

9%
94

.1
9%

9
4
.9

1
%

83
.5

4%
83

.5
4%

93
.3

1%
94

.7
4%

to
p
-1

0
69

.5
7%

9
7
.3

9
%

96
.5

9%
96

.8
0%

97
.1

4%
9
7
.4

3
%

90
.6

1%
89

.9
0%

96
.6

3%
97

.3
1%

m
ea

n
22

.3
2
.1

7
2.

73
2.

64
2
.4

5
2.

57
5.

59
6.

62
3.

17
2.

41

m
ed

ia
n

3
1

1
1

1
1

1
1

1
1

T
ex

t
to

Im
ag

e

to
p
-1

36
.7

0%
75

.9
3%

76
.5

6%
74

.8
3%

74
.8

3%
7
7
.0

6
%

50
.0

0%
56

.1
0%

74
.9

2%
7
6
.9

8
%

to
p
-5

59
.9

3%
9
4
.7

8
%

94
.1

9%
93

.9
0%

94
.4

0%
9
5
.0

8
%

83
.7

5%
83

.0
4%

93
.7

7%
94

.7
0%

to
p
-1

0
69

.7
4%

97
.1

8%
97

.2
2%

97
.1

0%
9
7
.2

6
%

9
7
.5

2
%

90
.9

5%
89

.0
2%

96
.5

9%
96

.8
4%

m
ea

n
23

.0
2
.3

2
2.

89
2.

72
2.

46
2
.2

7
5.

40
6.

76
2.

99
2.

44

m
ed

ia
n

3
1

1
1

1
1

1
1

1
1

T
op

-5
0

B
ra

n
d
s

C
la

ss
ifi

ca
ti

on

to
p
-1

40
.2

8%
67

.1
4%

6
7
.2

9
%

66
.9

7%
66

.3
1%

63
.0

3%
7
2
.3

1
%

51
.9

9%
65

.8
1%

64
.4

2%

to
p
-5

67
.6

1%
8
6
.6

3
%

85
.0

2%
86

.3
0%

84
.9

8%
84

.6
3%

9
1
.0

3
%

75
.5

7%
83

.9
4%

84
.8

5%

to
p
-1

0
78

.4
0%

9
2
.9

0
%

90
.9

3%
92

.0
8%

91
.5

5%
91

.0
0%

9
5
.8

4
%

85
.2

3%
90

.3
5%

91
.1

0%

m
ea

n
6.

79
3
.0

8
3.

72
3.

28
3.

49
3.

64
2
.3

9
5.

07
3.

79
3.

63

m
ed

ia
n

4.
58

1
.1

5
1.

18
1.

22
1.

82
1.

25
1
.0

4
2.

2
1.

22
1.

36

T
op

-1
00

C
at

eg
or

ie
s

C
la

ss
ifi

ca
ti

on

to
p
-1

47
.5

4%
5
7
.1

7
%

55
.3

5%
50

.2
6%

51
.7

8%
48

.2
2%

6
5
.1

8
%

46
.3

5%
55

.4
0%

49
.0

9%

to
p
-5

84
.3

7%
8
9
.4

4
%

84
.8

3%
84

.3
8%

84
.5

0%
82

.2
9%

9
3
.5

3
%

83
.4

5%
86

.6
1%

83
.6

2%

to
p
-1

0
93

.7
1%

9
4
.7

1
%

91
.0

7%
91

.8
7%

92
.0

0%
92

.2
6%

9
7
.3

8
%

92
.0

0%
93

.1
0%

91
.4

0%

m
ea

n
3.

90
3
.2

1
4.

33
4.

20
4.

05
3.

97
2
.3

1
4.

29
5

3.
70

4.
27

m
ed

ia
n

2.
34

1.
69

1.
93

1.
96

1.
85

2.
09

1
.1

9
1.

94
1
.4

5
1.

78

58



3.2.2 Discussion

We will examine how each model performs compared to vitb16_5e-6 to determine

the possible effects the models’ configurations bring.

vitb16_5e-5

This model has a fairly similar performance to vitb16_5e-6. One interesting obser-

vation is that it tends to have a better top-1 accuracy but worse top-5 and top-10

accuracy in most of the tasks compared to vitb16_5e-6. Also, it always has a larger

mean rank compared to vitb16_5e-6, which possibly indicates that it is slightly less

robust and on average has weaker ability to correctly match a pair than vitb16_5e-6.

From these results, we infer that a smaller rate for a smaller dataset enables the model

to attain a more stable or good average performance.

vitb16_5e-6_n_b_f2

We aimed to investigate whether the specificity of the components in the captions

makes a difference in the training results with this fine-tuned model, for which we

removed the L1 category name (L2 category is the most specific) from the caption

components. In particular, we wondered if including less specific information in the

caption would actually distract the learning due to their vagueness. The results do not

diverge substantially from those of vitb16_5e-6 for most of the tasks, but it does

seem to consistently have lower performance than vitb16_5e-6. The difference is

especially obvious for category classification, with accuracies about 3 to 7 percentage

points below those of vitb16_5e-6, likely because of the lack of exposure to both the

L0 and L1 category names during training. Therefore, these results possibly indicate

that relevant information, although not necessarily precise enough, are safe and in

fact necessary to be included into the data.
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vitb16_5e-6_resized_only

Like the previous model, this model has comparable results for all but the last category

prediction task to vitb16_5e-6. In addition, it has greater mean ranks for all the

tasks, meaning it has a worse average performance. The results might suggest that

preserving the items’ proportion in the images are preferable to the model in order

to learn better features of the items.

vitb16_laion2b

For the reason that the laion2b_s34b_b88k CLIP has a better overall performance

than the Open-AI version, we tried to fine-tune this model to see if this superior

performance could be retained. The results show that it is able to keep its perfor-

mance in the matching tasks, having the highest top-k accuracies among the models.

However, the performance dropped in the classification tasks, in which it is outper-

formed by a number of other models with lower image-caption matching accuracies.

One possible reason might be that it becomes over-fitting to the caption compositions

in the training and test set, which have the same format. Consequently, when it is

given solely the brand or the category names as the captions, as in the prediction

tasks, the difference in the captions limits its performance. Potential future study

could be using an even smaller learning rate that can prevent over-fitting to see if the

prediction performance can be improved.

vitb16_5e-6_add256 and vitb16_5e-6_add256_name

While the two models have the same fine-tuning configurations except for caption

compositions, the resulting performance seem to be quite different. In particular,

vitb16_5e-6_add256 exhibits identical behavior to pt_vitb16_bc_only, which suf-

fers lower performance in the matching tasks due to the increased difficulty in the

tasks explained in section 3.1.2, but excels in classification tasks because the captions

it was fine-tuned with are more similar to the labels in these tasks. In contrast,

vitb16_5e-6_add256_name has performance loss in all the tasks in response to the
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reduced embedding size. These observations demonstrate that with embedding com-

pressed to a smaller size, a more deliberate learning strategy is needed to retain the

model’s performance in the targeted tasks. Particularly, vitb16_5e-6_add256 seems

to have a good balance between general features learning and targeted learning. It

first learned to adapt from general-context data (pre-trained ViT-B/16 CLIP) to

Mercari data (vitb16_5e-6), after which the image encoder was locked to keep the

learned knowledge for images and the model was further fine-tuned on the added

linear layers as well as the text encoder to both compress the embedding size and

learn to work with the new set of captions that are more similar to the labels of the

prediction tasks.

vitb16_5e-6_norandcrop

This model consistently has a marginally lower performance than vitb16_5e-6, which

signifies that the random crop operation to the images during each epoch is beneficial

to the model’s learning. This extra transformation allows the model to see slightly

different images of the items each time, which possibly prevents over-fitting and makes

it more robust against variations of the items’ images.

vitb16_5e-6_global_loss

Having a doubled effective batch size for training, this model seems to be able to gain

around 1 percentage point in the top-1 accuracy for the matching tasks compared

to vitb16_5e-6. However, just as vitb16_5e-5, other performance statistics are

mostly lowered. We suspect that same as how the learning rate affected the training

of vitb16_5e-5, a larger batch size, while enabling faster features learning of the

model, might lead to over-fitting and reduced robustness. With the quicker learning

resulting from the batch size, it might have a better learning result if we employ a

smaller learning rate to complement the larger steps in model weights updates during

training.
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3.3 Comparison with the ANN Approach

Viewing all the evaluation results in both the pre-training and fine-tuning experi-

ments, we have chosen two models which we believe to have the best performances

or most suitable for production use to be evaluated against the current CLIP model

employed by Mercari’s matching engine. We compare their performances in brand

and category predictions with the ANN majority-vote approach for a set of 100K

arbitrary items (query set) listed between 2023/05/10 and 2023/05/11. To construct

a searcher for each of the models similar to the matching engine, we retrieved the

image embeddings of a set of approximately 59.9M items to be put into the index

of the searcher, and utilized the ScaNN python library to build the searcher as well

as obtaining nearest neighbors for the query set. After that, we implemented the

majority-vote classification approach to obtain the final predicted brands and cate-

gories for the items, which we used to compute the top-{1,5,10} accuracies and an

additional top-1 accuracy taking into account the coverage factor explained in sec-

tion 2.4.2.

We have selected vitb16_5e-6 and vitb16_5e-6_add256 based on the overall

performances in the previous evaluation. The model vitb16_5e-6 has one of the top

performances and its performance is relatively consistent across all the tasks, which

implies its strong adaptability to the different tasks. As for vitb16_5e-6_add256,

although it seems to have a weaker ability for image-caption matching, it shows

a outstanding performance in the prediction ability. More importantly, it has an

embedding size that is half of the original CLIP and most other fine-tuned models,

which makes it more space-efficient for embedding storage compared to other models,

more suitable for production use. For these reasons, we would like to compare them

with the current prediction system and investigate the possibility of adapting one of

them for production use.
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Task Metrics Current System vitb16_5e-6 vitb16_5e-6_add256
ANN
Brand

top-1 73.47% 89.43% 89.34%
cov 47.92% 49.93% 49.89%

ANN
Category

top-1 77.95% 78.12% 78.02%
cov 64.66% 69.54% 69.62%

ANN
Brand

100% Cov

top-1 N/A 63.26% 63.14%
top-5 N/A 83.57% 83.19%
top-10 N/A 88.10% 87.83%

ANN
Category
100% Cov

top-1 N/A 66.58% 66.43%
top-5 N/A 90.76% 90.64%
top-10 N/A 93.45% 93.35%

Table 3.5: Brand and category prediction performance comparison with Mercari’s
current model and search system using the ANN majority-vote approach, maximally
duplicating the system’s prediction process.

3.3.1 Results

We have a total of 59,900,973 arbitrary items retrieved between 2022/10/01 and

2023/05/01 as the index set, which covers 19,845 brands and 3,343 categories. The

calculated performance statistics are shown in table 3.5. To begin, the two se-

lected models are equally competitive and have very similar performances, with

vitb16_5e-6_add256 no more than 1 percentage point lower than vitb16_5e-6 for

the accuracy values. They both out-shined the current system substantially for brand

prediction, reaching 89.43% and 89.34% top-1 accuracy compared to the current sys-

tem’s 73.47%, all the while with higher coverage, meaning having more items receiving

a prediction. The performances for category prediction are also marginally better,

with slightly higher accuracies and an increase of about 5 percentage points in cover-

age.

When ignoring the coverage factor, which means counting all predictions regardless

of the confidence of the predictions, vitb16_5e-6 always has higher accuracy values

compared to vitb16_5e-6_add256, but the differences are extremely minor, all within

0.5 percentage points.
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3.3.2 Discussion

The results of the two models are promising that they show clear improvements in

the prediction tasks when they are used with the same ANN majority-vote approach

as the matching engine does with the current model. Aside from that, the fact that

we cut the embedding size by half while still strongly retaining the performances is

encouraging in that it leads us to the possibility of further reducing the embedding

size for even better space-efficiency in the future.
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Chapter 4

Conclusion & Future Work

4.1 Conclusion

In conclusion, we explored a variety of data modification, training setting, and hyper-

parameters tuning strategies for pre-training and fine-tuning CLIP to improve CLIP’s

performance within Mercari’s data domain. Through the experiments, we found that

a small learning rate is preferable for small datasets to ensure robustness and prevent

over-fitting. Similarly, larger batch size tends to cause over-fitting and other hyper-

parameters need to be adjusted accordingly to limit the update step size. In terms

of data pre-processing, better performances are obtained when the proportions of the

items in the images are preserved and a random-cropping transformation is applied

during each epoch. For caption composition, captions comprise of solely label-like

selection inputs tend to more effectively improve the model’s performance in classifi-

cation tasks, whereas captions including free text inputs enable the model to capture

more subtle characteristics of items in the images, better adapting to Mercari’s data

distribution reflected by the higher image-caption matching performance.

Overall, we managed to improve CLIP’s performance in actual use cases. The pre-

trained models were unfortunately unable to surpass the zero-shot CLIP likely because

of the much smaller dataset size compared to that the original CLIP was pre-trained

on. On the other hand, the best fine-tuned model achieved an 89.43% top-1 accuracy

in brand prediction and a 78.12% top-1 accuracy in category prediction, compared to
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73.47% (brand) and 77.95% (category) of the currently used CLIP model, all the while

with higher prediction coverage. Additionally, we were able to reduce the embedding

size of the best performing model from 512 to 256 while still firmly retaining its

performance, attaining 89.34% and 78.02% for brand and category prediction with

nearly identical coverage as the best model, which demonstrates the effectiveness of

the fine-tuning strategy employed for this model.

4.2 Limitation and Future Work

Given the time restriction, not all aspects and possibilities concerning CLIP fine-

tuning were examined or fully explored. We highlight some of the potential future

work for this research below that either pushes for further optimization in the per-

formance of the model or completes the model deployment and testing pipeline to

enable production use of the best model obtained from this research.

4.2.1 Larger Dataset & Coverage

One direction to explore further is to pre-train and fine-tune CLIP with a much larger

dataset. Pre-trained models from this research appears to suffer from the incapability

of handling variations to the captions or unseen examples in general possibly because

of over-fitting to the small training set. It would be interesting to see if a much larger

dataset including more item variations allows for greater robustness against unseen

items for both pre-training and fine-tuning cases, and the extent of such improvement.

4.2.2 Further Embedding Size Compression

It may be possible to further reduce the encoder embedding vector sizes to lower

than 256 in view of the strongly preserved performance of the model after the embed-

ding size was cut by half. This will further optimize storage efficiency and improve

downstream task efficiency.
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4.2.3 Production Conversion & Online Test

In this limited study, we have not truly executed all the intermediate steps to a com-

mercialized production standard. Observing the results from this study, we can engi-

neer the data processing and model training into an automated framework of choice,

attaching with a periodic re-training schedule to produce updated model copies at fre-

quent intervals. In addition, we can perform continuous deployment with automated

online AB test experiments to track the performance differences at scale over the

marketplace, where we can use additional online metrics to further verify the claims

from the offline study here on a different perspective. This would also require us to

further investigation optimizations needed for a deployed copy and how to efficiently

serve the model on an endpoint, and use a production-ready ANN index to store and

retrieve items, such as Google Vertex AI Matching Engine.

4.2.4 Comprehensive Hyper-Parameters Tuning

Due to time constraints we have under-explored the hyper-parameter space in this

study. We can simply apply techniques such as Bayesian optimization [34, 21, 48, 20,

46, 3] here to obtain a more optimal model.

4.2.5 Comprehensive Image Pre-processing Techniques

In addition to resizing and cropping, we can also experiment with other image pre-

processing tools1, such as flipping, rotation, translation, contrast and more.

4.2.6 Additional Text Data Inclusion

In this study we have omitted a few available text data fields such as item description

and other metadata. A potential improvement would be to investigate necessary

cleaning and pre-processing steps to efficiently utilize them and include them in the

text features.
1Many examples can be found at: https://pytorch.org/vision/stable/transforms.html
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4.2.7 Parameter-Efficient Fine-tuning

While not explored in this study, there are a few more efficient ways to perform fine

tuning on large neural network models. One of them is by using parameter efficient

methods such as learning low rank adapter weight matrix updates like LoRA [13] in

conjunction with lower floating point precision and quantization like QLoRA [4].
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