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Abstract

This paper investigates multi-modal large language mod-
els (MLLMs) for predicting product features from images,
comparing fine-tuned versus proprietary models. We intro-
duce two domain-specific benchmarks: (1) Inductive Bias vs.
Image Evidence (IBIE) Benchmark, which evaluates MLLMs’
ability to distinguish between image-derived features and la-
tent knowledge, and (2) Catalog-bench, which assesses fea-
ture prediction using Catalog terminology. Our fine-tuned
model outperforms proprietary models like Gemini by 9.4%
and 29.13% on these benchmarks respectively. We address
the crucial aspect of computational efficiency, exploring cost
effective deployment solutions under limited hardware re-
sources. The significance of this work extends beyond e- com-
merce to physical retail, where efficient MLLMs are essential
for real-time processing of visual data from store cameras
and shelf sensors. These models enable automated inventory
management, produce quality monitoring, and planogram
compliance while operating within in-store computing con-
straints. This capability is particularly valuable for physi-
cal retail environments where immediate decisions about re-
stocking and quality control are critical, while also enabling
real-time assistance to customers seeking information about
product details, ingredients, and nutritional content.

1. Introduction

Vision Language Models (VLMs) or Multimodal Large

Language Models (MLLMs), designed to bridge the gap be-

tween visual and textual understanding, can analyze im-

ages and videos in conjunction with text, enabling a wide

range of applications. For example, MLLMs can generate

descriptive captions for images, answer questions about vi-

sual content, and even follow complex instructions involv-

ing both visual and textual cues. However, the question

remains how well these general MLLMs perform in spe-

cialized domains, in other words: Are proprietary models
the right choice for domain specific applications? Recent ad-
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vancements in generative AI and specifically LLMs, have

paved the way for innovative approaches to transform va-

riety of industrial applications. Specialized LLMs are de-

veloped to safely answer medical question (e.g., Med-PaLM

2 [10]), generate code (e.g., GitHub Copilot [28]), personal-

ize tutoring, automate speech recognition and translation

and much more. Retail product analysis, an inherently mul-

timodal domain, offers an exciting playground for testing

and utilizing MLLMs capabilities.

In this paper, we investigate the key design choices

in developing efficient multi-modal large language mod-

els (MLLMs) for product image analysis. To explore this,

we focus on the generation of product attributes from a

single image. We first investigate whether existing pro-

prietary models, like Google Gemini and ChatGPT, suffi-

ciently address this task. To guide our analysis, we evaluate

both open-source and proprietary models using domain-

specific benchmarks that necessitate specialized product

knowledge and nuanced understanding. We further delve

into techniques for fine-tuning MLLMs that preserve their

general capabilities, thereby mitigating the risk of overfit-

ting. Our findings reveal that fine-tuning a model, even

when compared to state-of-the-art proprietary models, can

lead to significant performance improvements in product-

specific domain. While the authors of [43] introduced a

novel training methodology, optimizing nuanced attribute

extraction from product images [42], our work takes a

broader perspective. Inspired by [15], who explored effi-

cient ways to leverage smaller language models for domain-

specific applications, we examine the development and de-

ployment of MLLMs tailored for attribute extraction from

product images. The contributions of this paper are:

• We introduce two benchmarks, Inductive Bias vs. Im-

age Evidence (IBIE) Benchmark and Catalog-bench,

carefully curated from product pages with high-

quality labels.

• We affirm that fine-tuning open-source models on

domain-specific datasets can surpass the performance

of proprietary models on domain-specific tasks.



• We emphasize the importance of combination of in-

domain dataset, reasoning-based training and generic

data to preserve the model’s general capabilities.

• We investigate cost-effective deployment and analyze

the trade-offs between cost and performance, essen-

tial for successfully deploying MLLMs in physical re-

tail applications due to the strict computational re-

quirements of industrial production settings.

2. Related Literature

2.1. Multimodal Large Language Models (MLLMs)
While Vision Language Models have a rich history,

Flamingo [3] and BLIP-2 [16] have laid the foundation for

the recent surge in MLLMs development. These works pi-

oneered the bridging of the representational gap between

visual encoders (such as OpenAIClip [34] or SigLip [40])

and LLMs. This was achieved through an adapter mecha-

nism that transforms visual features into visual tokens, sub-

sequently processed autoregressively by the LLM to gen-

erate the desired textual output. Specifically, Flamingo in-

troduced gated cross-attention layers that were interleaved

with frozen language layers, enabling selective integration

of visual information into text generation. BLIP-2 further

simplified Vision-Language alignment by introducing a Q-

former, the only trainable part of its architecture, based on

a lightweight, 12-layer transformer encoder. Q-former that

sits between the image encoder and the language model

undergoes a two-stage training. In the first stage, the Q-

former learns (using trainable queries) to extract image fea-

tures most relevant to corresponding text, connecting to

a frozen image encoder. In the second stage, it is trained

to generate output features that can be interpreted by the

LLM to produce corresponding text. BLIP- 2 achieved su-

perior performance while using 54 times fewer trainable

parameters than Flamingo-80B.

The adapter paradigm has since become the cornerstone

for many subsequent MLLMs, with LLaVA [24, 25] taking

an architectural efficiency one step further, introducing a

lightweight, 2-layer MLP adapter for mapping visual em-

beddings to language model token embeddings. This ef-

ficient approach required only 595K image-text pairs for

initial alignment, compared to the substantially larger 100

million samples needed in BLIP-2 pretraining. Subsequent

works like MM1 [27] and Idefics2 [14] further explored

the optimal adaptation approach, each reaching a differ-

ent conclusion, nevertheless emphasizing the trade-off be-

tween the number of visual tokens and final performance.

Beyond architectural choices for the adapter, these and

other works have emphasized the critical role of well-

curated datasets. Flamingo pioneered a web-driven, in-

terleaved dataset that combined multiple images and text

within each sample. BLIP-2 leveraged caption bootstrap-

ping, a technique whose effectiveness was demonstrated

by its predecessor [17]. LLaVA incorporated academic

task-oriented data and improved visual instruction tuning

[24, 26]. VILA [19] adopted a similar approach to LLaVA

for visual-language alignment but further expanded its in-

context learning capabilities by utilizing an interleaved

dataset [41] during pretraining. MM1 paper further ana-

lyzed the ideal ratios of interleaved, image-caption and text

datasets for different stages of MLLM training.

Models like Idefics2 and Kosmos2 [33] explored the

need for large-scale datasets and bounding boxes to en-

hance grounding abilities. Recently, Cambrian-1 [38] man-

aged to significantly reduce the number of visual tokens

while maintaining competitive performance. This was ac-

complished through a novel dynamic and spatially-aware

connector integrating visual features from multiple mod-

els, as well as Cambrian-7M, a large-scale, high-quality vi-

sual instruction-tuning dataset. Cambrian-7M was curated

from the larger Cambrian-10M dataset and outperformed it

on a variety of benchmarks after instruction tuning, high-

lighting the importance of well curated datasets. Our work

further highlights the importance of a well-curate dataset,

especially ensuring training data closely matches the target

task for optimal model performance.

While the open-source landscape of MLLMs is flourish-

ing, the state-of-the-art performance is mostly governed

by numerous proprietary models, such as Google’s Gemini,

Open-AI GPT-4o, Anthropic Claude. While these models

might be extremely appealing due to their overall strong

performance and ease of usage, the closed nature of these

models limits the ability to adapt those models to specific

domains, which require more specialization.

2.2. MLLMs for Retail Applications

There are multiple applications of AI and LLMs in retail.

LLMs, acting as chatbots, automate customer service and

shopping assistance [5], providing faster responses and

personalized product recommendations. This not only im-

proves the customer experience but also accelerates sales

and frees up human resources. Recent MLLMs that include

visual signals (images or videos) can be utilized in domains

in which visual features enhance the quality of the AI gen-

erated result, such as search based on visual features and

generative listings from product images [4].

While previous studies [7,8,32] focused on text-based at-

tribute extraction, our approach uniquely uses image data

to generate visual attributes (such as brand, color, style,

shape, and specific product features, as illustrated in Ta-

ble 1 and Fig. 1 a). While earlier work [20] also recognized

the importance of using visual cues for product attribute

generation, their reliance on OCR and object detectors sets

them apart. In contrast, we propose a streamlined MLLM

solution for this task.

Recent academic work [43] tackled the problem of at-

tribute extraction from a product image with a learning



Example 1:
Question: Concentrating on the prod-

uct in the image, determine if you can

infer the following “Resealable bag”

from the image?

Human answer: Yes

Answer with reasoning: Yes, the image

clearly shows a resealable plastic bag

containing sliced almonds.

Example 2:
Question: Concentrating on the

product in the image, determine

if you can infer the following

“Good source of fiber” from the

image?

Human answer: No

Answer with reasoning: Yes, al-

monds are a good source of di-

etary fiber, so the image of sliced

almonds from Fisher’s Chef’s

Naturals indicates that this prod-

uct would be a good source of

fiber.

Example 3:
Question: Concentrating on the prod-

uct in the image, determine if you can

infer the following “Good source of

fiber” from the information physically
present in the image?

Human answer: No

Answer with reasoning: No, the pack-

age does not make any claims about

the almonds being a good source of

fiber or provide nutrition facts showing

the fiber content. While almonds are

known to contain fiber, this specific fact

cannot be confirmed from the informa-

tion given on the package in the image

alone.

Table 1 Model Inference from Latent Knowledge vs. Information in the Image: In Example 1 proprietary model is reasoning
based on the information it can recognize it in the image. However, in Example 2 the model relies on its latent knowledge. Adding
“physically present in” to the prompt of Example 2 helped the model to reason based on the image information (Example 3).

by comparison strategy, utilizing a model’s judgment to

compare two sample products and predict the correct at-

tribute values given the provided images. Authors of [39]

proposed a general multiple instance visual component to

bridge the gap between various image inputs with off-the-

shelf MLLMs and demonstrated its effectiveness on prod-

uct attribute prediction from multiple images. Differently

from these works, we focus on an efficient approach for at-

tribute generation that optimizes inference latency by us-

ing a single sample product to infer attribute value.

3. Domain–Specific Benchmarks for Model
Choice

When deciding whether to utilize a proprietary model

or fine-tune an open-source model, the development of

domain-specific benchmarks is crucial. These benchmarks

should focus on tasks unique to product understanding,

complementing existing generic benchmarks, and serving

as key indicators of model effectiveness within the spe-

cific domain. For instance, while text understanding from

product images is important, creating an OCR question-

answering benchmark for product images is unnecessary,

as existing benchmarks like TextVQA and MMMU already

cover OCR and chart understanding. Instead, the focus

should be on creating product-understanding benchmarks

that assess an MLLM’s ability to interpret relevant informa-

tion from product images. To address this, we develop two

novel benchmarks: the Inductive Bias vs. Image Evidence

(IBIE) Benchmark, which evaluates the MLLM’s ability to

reliably reason about product information from images,

and Catalog-Bench that assesses model understanding of

domain-specific terminology. These benchmarks provide

a more comprehensive and targeted evaluation framework

for MLLMs in the context of product image analysis.

3.1. Inductive Bias vs. Image Evidence (IBIE)
Benchmark

The development of specialized MLLMs often uses web

data, including product pages with images and text descrip-

tions. However, product images and text may not perfectly

align, as text often mentions features not visible in images.

This misalignment can cause MLLMs to ”hallucinate” or

generate incorrect information, as noted in [6]. To eval-

uate MLLMs’ ability to distinguish between visible image

features versus learned knowledge, researchers created the

IBIE benchmark. This benchmark was developed by hav-

ing data associates verify if specific features mentioned in

product descriptions could be directly inferred from prod-

uct images. The final IBIE benchmark contains 1,214 ques-

tions based on 209 images covering 101 product types.

Table 1 illustrates how IBIE benchmark works. The first

example illustrates a case where the feature <Resealable

bag> can be inferred directly from the visual content (the

blue arrow at the top of the bag shows that the bag can

be resealed). The second example shows that sometimes

the model will rely on inductive bias and conclude that al-

monds are <Good source of fiber>, despite that this feature



is not mentioned directly on the package. While generally

it makes sense to conclude that the almonds are a good

source of fiber, this information cannot be directly inferred

from the image, thus it is a form of hallucination. In or-

der to avoid such hallucinations, our benchmark can guide

prompt optimization. For example, we can further modify

the prompt to guide the model to rely on the information
physically present in the image, as shown in the third ex-

ample. Using this prompt helps the proprietary model to

correctly identify that <Good source of fiber> feature can-

not be inferred from the image.

Several recent works suggested that Chain-of-Thought

reasoning can help improve model performance and avoid

hallucinations, we therefore evaluate MLLM accuracy on

IBIE benchmark with and without reasoning. In the first

case we ask the model to provide first the reason for the

answer and then Yes / No response. In the second case,

only Yes/ No response is required.

3.2. Catalog-Bench

To ensure the model’s ability to extract attributes us-

ing standardized terminology for downstream applications

like search and visual question answering, we have devel-

oped a comprehensive benchmark of multiple-choice ques-

tions
1
. This benchmark with a total of 440K questions

encompasses 53 different tasks related to 44 unique prod-

uct attributes and 66 product types. The number of labels

varies across tasks, as shown in Fig. 1 a., with some tasks

like item shape and pattern having over 30 labels. Figure 1b.

illustrates several test images for an example task of pre-

dicting dress occasion type, demonstrating the challenge

of this task for models without the specialized knowledge.

4. Design Choices for Domain-Specific MLLM

In this section we address two topics. First, we assess

the performance of proprietary models on the task of prod-

uct feature prediction from product images. We benchmark

Gemini and GPT4 on the two product-specific benchmarks

we described in Sec. 3 and compare those to our in-house

fine-tuned LLaVA model. Second, we describe our design

choices of the in-house fine-tuned LLaVA.

4.1. Proprietary vs. Fine-tuned Models

While proprietary models, like Gemini and GPT4, excel

in general multi-modal tasks, their effectiveness may vary

for specific applications. Our domain-specific benchmark

comparisons between proprietary and fine-tuned open-

source models, presented in Table 2, demonstrate that task-

specific fine-tuning on well-curated datasets can achieve

superior performance
2
.

1
We thank Suren Kumar and Sayantan Marik for their support with

Catalog-bench

2
Due to legal constrains, the performance numbers are reported rela-

tively to a random number we chose as a baseline.

Results on IBIE Benchmark: As expected, Gemini per-

forms better than open-source LLaVA, but it performs

worse than fine-tuned LLaVA (+20.02% vs. +29.4%). In-

terestingly, IBIE with reasoning yields consistently worse

performance compared to simple Yes/ No answers for all

MLLMs we evaluated (+16.72% vs. +21.09% for Gemini).

This is expected for models that were finetuned on related

tasks, however it is surprising in the zero-shot performance

and should be further investigated. To conclude, the IBIE
benchmark highlights that even powerful MLLMs show
limited proficiency in leveraging visual evidence to as-
sess image-text alignment. However, this ability can be
significantly enhanced through targeted fine-tuning.

Results on Catalog-bench: The MLLMs performance on

this benchmark correlate with their general abilities, specif-

ically GPT4 Turbo leads on Google Gemini on average

performance by 6.38%. Finetuning a relatively small (see

Sec. 4.2) open-source model yields much better perfor-

mance, especially for domain specific attributes. Specifi-

cally color, which is inherent to image understanding, ben-

efits less from finetuning (+32.66% for GPT4 vs. +39.95% for

finetuned LLaVA) compared to dress style ( -5.48% for GPT4

vs. +20.38% for finetuned LLaVA). Furthermore, we see that

for attributes with more possible label options, like dress

style with 23 labels, the performance of proprietary mod-

els degrade (with -14.58% and -5.48% for Gemini and GPT4

respectively), compared to dress occasion attribute with

6 labels only (+6% and +27.33% for Gemini and GPT4 re-

spectively). To conclude, zero-shot performance of propri-
etary models on retail-specific terminology is promising,
but further fine-tuning can considerably boost perfor-
mance. In-context learning based on few-shot prompting

can boost the performance of proprietary models. Our ex-

periments with 4-shot inference using Gemini showed an

improvement of +12% in the average performance across

all tasks of the Catalog-bench, however this still does not

close the gap to the fine-tuned model.

4.2. In-house Fine-tuned Model Details
Our fine-tuned model (the winning model from Table 2)

follows LLaVA model architecture [24]. Next we elaborate

on the choice of vision encoder and LLM. When selecting

an LLM, while larger models generally perform better for

both language and multimodal tasks, practical considera-

tions must be balanced. Although 80B parameter models

may offer superior performance, they present challenges

in terms of: higher computational costs, slower iteration

cycles, greater environmental impact and increased infer-

ence latency. For specific applications, medium-sized mod-

els can be more practical, offering better efficiency and cost-

effectiveness while maintaining adequate performance.

Apple’s MM1 [27] and HuggingFace’s Idefics2 [14] has

recently affirmed that smaller (7-8B parameter) models can

achieve competitive performance compared to much larger



(a) Distribution of number of labels per task

(b) Example of test images for Dress Occasion task “By examining the dress pictured, categorize which occasion is the dress
designed for based on styling cues? Labels: A.Casual B. Club C. Cocktail D. Evening Gown E. Wedding F. Work “

Figure 1 Catalog-Bench Benchmark

Benchmark Details Baseline Gemini Pro GPT4 Turbo Open-source LLaVA Our Fine-Tuned LLaVA

IBIE

with reason +0% +16.72% - + 8.3% +21.09%
no reason +0% +20.02% - +12.29% +29.4%

Catalog-bench

Average over 53 tasks +0% +5.09% +11.47% -5.47% +34.22%
Color Task (17 labels) +0% +35.62% +32.66% +30.82% +39.95%

Dress Occasion Task (6 labels) +0% +6% +27.33% +12.76% +37.58%
Dress Style Task (23 labels) +0% -14.58% -5.48% -29.22% +20.38%

Table 2 Proprietary vs. Fine-tuned Open-Source MLLMs performance on product domain-specific benchmarks. For pro-
prietary models, prompts were optimized to produce the best results. For both benchmarks, performance is reported as a differences
with respect to a random baseline (a randomly chosen number), due to a restriction on publishing in-house absolute performance.

models. Phi3-vision-instruct model [1], took it one step fur-

ther demonstrating state-of-the-art results on a broad set of

vision benchmarks (including MMMU and Text-VQA), sur-

passing bigger models such Llama3-Llava-Next-8B. While

the smaller size of Phi3 (less than 4B parameters) is appeal-

ing, our experiments with this model showed its tendency

to hallucinations, which also aligns with the inferior POPE

metrics (average F1 score of 85.8% as reported in [29] vs.

average scores of 86.17% and above for different variants

of LLaVA1.5-Mistral7B [30] in Table 3). We hypothesize

that one possible reason is the scale of the dataset (500B

vision and text tokens) that instruct-Phi3 used to become

competitive with bigger models. Big datasets might pose a

quality problem (poor alignment of text and images), and

might encourage the model to hallucinate. Therefore, we
utilize Mistral 7B as the base model for our experiments.

Regarding vision encoder selection, while OpenAI

CLIP was traditionally preferred, recent models like

TinyLLaVA, Instruct-Phi3, and Cambrian have adopted

SigLIP-SO400M [40]. This 400M-parameter Shape Opti-

mized encoder offers higher-resolution image features (729

vs. CLIP’s 576) and was trained on the more extensive We-



TextVQA GQA MMMU POPE (hallucination benchmark)

LLaVA Version Visual Encoder val Random Popular Adversarial Average

1.5 Frozen SigLip 60.92% 63.48% 36.6% 88.25% 87.04% 85.38% 86.89%
1.5 Frozen OpenAI Clip 57.39% 62.25% 36.3% 88.62% 86.65% 84.24% 86.50%

Next Finetuned SigLip 69.12% 63.79% 40.3% 87.38% 86.23% 84.92% 86.17%

Next Finetuned OpenAI Clip 69% 63.76% 36.3% 88.25% 86.64% 85.1% 86.66%

Table 3 Choosing Vision Encoder: SigLip vs. OpenAI Clip within LLaVA framework. See Sec. 4.2 text for details.

bLi dataset (10B images) compared to CLIP’s 400M dataset.

In Table 3, we present a comparison of SigLip and Ope-

nAI Clip, considering both frozen and finetuned vision en-

coder (LLaVA1.5 [24] and LLaVA-Next [26] respectively).

LLaVA1.5 embeds a resized input image with frozen vision

encoder, while LLaVA-Next accommodates images of var-

ious resolutions by breaking the image into grids, which

are embedded and concatenated to get a richer represen-

tation. To optimize the multi-patch feature embedding,

LLaVA-Next finetunes the vision encoder during the fine-

tuning stage with a bigger corpus of an improved visual

instruction tuning data mixture for OCR and Chart under-

standing tasks [13,24]. While SigLip generally outperforms

OpenAI Clip on most metrics without finetuning, we find

that finetuned OpenAI Clip achieves comparable perfor-

mance to SigLip, with the TextVQA difference narrowing

significantly from 3.53% to 0.12%, and a superior Pope score.

These results suggest that finetuning vision encoder can

effectively minimize performance gaps between vision en-

coders. However, it is crucial to recognize that the original

benefits of the vision encoder remain significant in the ab-

sence of finetuning. Although the increased number of im-

age tokens in LLaVA-Next leads to improved performance

on OCR tasks, it also results in a slower inference speed of

2.3 images/sec compared to 6.5 images/sec, thus requiring

more computations resources to process the same number

of images. In our experiments, we prioritized efficient in-
ference and therefore opted to utilize the frozen SigLip
encoder within the LLaVA1.5 framework.

Finally, we trained LLaVA1.5 [24] with Mistral7B and

SigLip using the original 2-stage approach. The pretraining

stage utilized the data from [21], including Google’s Con-

ceptual Captions Dataset [31, 35]. The fine-tuning stage

dataset is detailed in Section 4.3. We followed the training

parameters recommended in the code repository [23] with

a few adjustments. First, a slower learning rate of 5𝑒−6 pro-

duced smoother training loss during Mistral7B fine-tuning.

Second, despite using 80GB GPUs (A100 or H100), we had

to reduce the batch size to 8 samples and increased accumu-

lation steps to 2 to maintain the overall sample count. The

pretraining took up to 10 hours (on 8 40GB A100 GPUs).

The finetuning on our biggest data corpus took up to 24

hours (depending on the GPU type) with 8 GPUs.

Data Percentage

General VQA (Similar to LLaVA) 40%

Multiple-Choice Questions (Catalog-bench) 20%

Binary Questions (IBIE) 20%

Open-Generation Questions 20%

Table 4 In-house Fine-tuning Dataset Composition

4.3. Task-Specific Training Data Ablation Study

While proprietary models are often considered capable

of complex reasoning due to their ability to handle task-

related instructions [2, 37], we investigate whether fine-

tuning compromises this general reasoning ability. We con-

duct an ablation study on the composition of the training

dataset used for product feature value prediction to assess

the impact of fine-tuning on a model’s broader capabilities.

Table 4 summarizes our finetuning data, which includes:

General VQA: We utilize the finetuning data of

LLaVA [22], except for the GPT assisted visual instruction

data. Instead, we follow similar generation strategy and

prompt an in house LLM to curate instruction following

data involving visual content covering three main tasks:

multi turn conversations, complex reasoning and detailed

image captioning. We use images and image labels (cap-

tions and objects bounding boxes) from the Coco dataset.

Multiple Choice Questions for Attribute Prediction:
Given a product image, select the correct label from a set of

options of the task (the training split of the Catalog-bench).

Binary Questions: Given a product image and a feature,

determine if the feature can be inferred from the informa-

tion evident in the image (the training split of the IBIE

benchmark).

Open-Generation Questions: Given a product image

generate a value of the given attribute. We used cu-

rated image-attribute pairs from high-quality datasets like

Catalog-bench training split, and additional catalog data,

which was manually curated to have high alignment be-

tween visual and textual information. We augment some of

the training samples to follow the chain-of-thought (CoT)

reasoning where the target prediction follows a CoT rea-

soning about the answer. The goal is to avoid overfitting

to the task by inciting the model to maintain its reasoning

capabilities while learning the task at hand. In addition,



Training Data TextVQA GQA Catalog-bench IBIE

General VQA (baseline) +0% +0% +0% +0%

Multi.-Choice + Binary-Quest. + Open-Gen. -28.98% -36.13% +39.16% +18.71%

General VQA + Multi.-Choice -1.32% +1.33% +39.72% +3.3%

General VQA + Multi.-Choice + Open-Gen. -0.09% +1.78% +39.57% +4.18%

General VQA + Multi.-Choice + Binary-Quest. + Open-Gen. -0.39% +1.98% +39.65% +19.53%

General VQA + Multi.-Choice + Binary-Quest. + Open-Gen. + Spatial Grounding -0.01% +2.26% +39.69% +20.41%

Table 5 Finetuned models performance on public benchmarks as well as Catalog-bench and IBIE benchmarks.

Rattan mesh drawer
Solid wood legs

Stainless steel lid
Wide mouth

QHD IPS LCD display
Backlit keyboard

Figure 2 Samples from the Spatial Grounding Dataset

similarly to [32], we add negative training samples where

the feature in the input query cannot be found in the image

and annotate these samples with the label “Not Obtainable”.

This data helps to reduce hallucinations by falling to “Not

Obtainable” when the model is not confident.

Spatial Grounding Questions: We further developed

a specialized spatial grounding dataset to enhance the

model’s localization capabilities in product understanding.

The dataset consists of 25,000 products across 26 categories,

where each product image is paired with attribute descrip-

tions and their precise spatial coordinates, as illustrated

in Fig. 2. Human annotators manually identified specific

pixel coordinates (x, y) corresponding to each attribute de-

scription. This dataset serves two key purposes: 1) im-

proves the model’s visual grounding ability (as illustrated

in the Supplementary material); and 2) enhances attribute

prediction accuracy while reducing hallucination artifacts.

To enhance the model’s ability to associate textual de-

scriptions with specific locations in images and vice versa.,

we designed two types of conversational training tasks:

1. Coordinate Identification: Given an image of size

384×384 pixels, locate the pixel coordinates corresponding

to the feature described as “{attribute description}”. An-
swer: (𝑥, 𝑦)

2. Feature Recognition: In a 384×384 pixel image, iden-

tify the product feature located near coordinate (𝑥, 𝑦). Pro-

vide only the feature name. Answer: {attribute descrip-

tion}
In Table 5, we assess the generic capability using two

public benchmarks TextVQA [36] and GQA [11]. We also

assess the performance of the model on the target tasks us-

ing our evaluation datasets (Catalog-bench and IBIE). First,

we compare the baseline model trained only on General

VQA against the finetuned model on product feature pre-

diction where only task specific dataset are used (no Gen-

eral VQA). We notice that while the target task metrics

improve considerably (+39.16% and +18.71% on Catalog-

bench and IBIE respectively), both TextVQA and GQA

considerably degrade when removing the General VQA

dataset. This shows that unless the training dataset in-

cludes General VQA, the finetuned model will degrade in

performance in public General QA benchmarks. Further-

more, we experiment with combining the General VQA and

the task specific datasets. We experiment by adding the

Multiple-Choice dataset in one experiment, both Multiple-

Choice and Open-Generation datasets in another, and all

three task specific datasets in a third experiment. We recall

that Open-Generation is augmented with CoT reasoning.

First, we notice that the performance on the public bench-

mark has been mostly recovered compared to the previous

finetuned model with TextVQA increase from -28.98% to

-1.32% and GQA from -36.13% to -1.33% when adding the

General VQA compared to baseline. Second, we see that

the addition of Multiple-Choice and Open-Generation have

slightly improved the performance on IBIE (3.3% and 4.18%

respectively). However, we see the most boost (+19.53%)

after including training data, which tackles the same task

being evaluated in IBIE (aka Binary Questions). This shows

that while training on similar tasks (like multiple choice

feature value prediction or open generation feature value

prediction) helps improve the performance on the IBIE

benchmark, finetuning on the specific task is still necessary

to achieve the best performance. Furthermore, it is worth

highlighting that adding Open-Generation dataset in the

training only helped slightly the General benchmarks. This

shows that adding CoT reasoning in training dataset has

only minimal improvement on the generic aspect of the

finetuned model. Finally, we see that further challeng-
ing the model with spatial grounding task, improves
the model across both generic and domain-specific tasks,
yielding the best performance on GQA (+2.26%) and IBIE

(+20.41%) benchmark. This illustrates that spatial ground-
ing training task helps the model to reason better and
hallucinate less.

In conclusion, this experiment demonstrates that



Method IBIE Catalog-bench

Full Precision (baseline) +0% +0%

Gemini -8.93% -29.58%

4bit Precision -11.76% -21.54%

GPTQ -8.32% -16.88%

AWQ -8.17% -16.01%
SqueezeLLM -9.28% -17.98%

Table 6 Comparison of the performance of Post Train-
ingQuantization Approaches vs. Full Precision Model and
Google Gemini on IBIE and Catalog-bench. AWQ shows the
least performance decrease compared to its counterpart. 4bit pre-
cision model has lower performance compared to post training
quantization. All quantized models still outperform Gemini on
IBIE and Catalog-bench.

achieving diversified model fine-tuning is possible when

the tasks complement each other. However, for the model
to perform well on the actual inference task, including
General QA, it is crucial to include relevant training data
that closely resembles the task’s requirements. Simply

diversifying the fine-tuning tasks without aligning them

with the target inference task may not guarantee optimal

performance.

5. Cost-Effective Deployment Trade-Offs

Deploying MLLMs in real applications is still challeng-

ing due to the strict computational requirements of the in-

dustrial production settings. For instance, achieving real

time inference of LLaVA models on restricted GPU mem-

ory would require applying optimization techniques like

GPTQ [9], SqueezeLLM [12], or Activation-aware Weight

Quantization (AWQ) [18]. In this section, we look into the

effect of model optimization techniques on the model per-

formance for the case of product feature prediction. More

specifically, we look into 4 bit quantization. We compare

the performance gap between loading the model with 4 bit

precision and post-training quantization techniques. These

experiments focus on quantized 7B Mistral based LLaVA-

like models with single patch as they can be deployed with

consumer-grade GPUs (e.g., 24GB memory).

In Table 6, we report the performance of the quantized

variants of the finetuned model, and compare it to the

full precision model as well as Google Gemini. First, all

quantized variants downperform the full precision model

in both datasets. On the binary classification task (IBIE),

GPTQ reduces the accuracy by 8.32%, while AWQ reduces

it by 8.17%. Furthermore, we see a clear advantage of using

post training quantization compared to directly using 4bit

precision. Quantization methods like AWQ helped reduce

the performance drop from -11.76% to -8.17% on IBIE. In

both datasets, the AWQ outperformed its counterpart, fol-

lowed by GPTQ and SqueezeLLM. It is also worth noting

that though the studied optimization reduces the perfor-

mance on both tasks, they perform on par with zero-shot

Gemini on IBIE. Such a solution could prove beneficial for

companies constrained by the use of open-source models

and limited hardware resources. In future work, we will ex-

plore other optimization techniques like continuous batch-

ing and batch-specific memory optimizations which have

less effect on model performance during inference.

6. Discussion and Future Work

In this paper, we investigate key factors that influ-

ence the development of effective task-specific Multimodal

Large Language Models (MLLMs) for specialized applica-

tions, focusing particularly on product attribute extraction

from images. Our research demonstrates that open-source

models, when finetuned on carefully curated domain-

specific datasets, can surpass the performance of propri-

etary state-of-the-art models such as Google Gemini and

GPT-4 Turbo in specialized tasks.

To rigorously evaluate model performance, we devel-

oped two comprehensive benchmarks: 1) The Inductive

Bias vs. Image Evidence (IBIE) benchmark, which assesses

a model’s capability to accurately infer product features

from visual information; and 2) Catalog-Bench, a multiple-

choice question benchmark that evaluates a model’s abil-

ity to extract product attributes from predefined value sets

given an input image. Through comprehensive ablation

studies, we demonstrate that dataset quality and composi-

tion are critical for model performance. Our findings reveal

that successful model deployment requires training data

that closely aligns with the target task requirements, in-

cluding general question-answering capabilities. Further-

more, our preliminary experiments suggests that for com-

plex tasks, few-shot learning approaches yield suboptimal

results compared to proper fine-tuning. Finally, we tackle

the resource limitations in real applications by assessing

the performance gap when using optimization techniques

to reduce the models inference computational cost. We re-

port a gap of at least 8.17% on IBIE and 16.01% on Catalog-

bench when using AWQ 4bit Post Training Quantization.

While Table 5 shows our fine-tuned model substantially

outperforms proprietary models on domain-specific tasks,

we acknowledge performance gaps in generic capabilities,

particularly in OCR understanding. For instance, our pre-

liminary analysis on the TextVQA benchmark revealed

that ChatGPT achieves 28% improvement over the baseline,

significantly outperforming our fine-tuned LLaVA model,

which showed only an 11% improvement. Improvement of

OCR capabilities is the focus of our curent work.

While we experimented with attribute extraction from

product images, we believe that our findings are relevant

for any retail application that requires domain-specific

knowledge.
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