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Abstract

The ability to interpret images in conjunction with language is central to how humans un-
derstand the world. Vision-Language Models (VLMs) aim to replicate this capability, and recent
advances have enabled impressive performance on many vision and language tasks, including
text-to-image retrieval, visual question answering, and image captioning. However, real-world
scenarios often demand a deeper level of understanding, where interpreting an image also re-
quires access to background knowledge, associated long-tail facts, or domain-specific context.
For instance, answering a question about a brand, a historical landmark, or a fashion product ap-
pearing in a natural scene often goes beyond what is directly visible, requiring models to connect
visual content with external knowledge sources. Such knowledge-intensive visual tasks remain
a significant challenge, highlighting the limitations of current VLMs, which primarily rely on
parametric knowledge acquired during pretraining. This thesis addresses this gap through two
core research directions: enhancing the effectiveness of vision-language models through retrieval-
based grounding and improving efficiency through scalable learning techniques.

On the effectiveness front, we develop retrieval-augmented frameworks that enable VLMs
to incorporate factual, structured, or cross-modal knowledge at inference time. We begin with
Knowledge Retrieval-Augmented Multimodal Transformer (KRAMT), a model for knowledge-
aware image retrieval that links visual entities to Wikipedia using a basic similarity-based visual
entity linker. We then extend this vanilla visual entity linker into VisTEL, a VLM-based mod-
ule that uses visual cues and surrounding text to disambiguate scene-text entities. We demon-
strate the utility of VisTEL in improving knowledge-aware text-based visual question answering
when integrated within Knowledge-aware Large Multimodal Assistant (KaLMA). While these
methods are effective for single-image understanding, they are limited when a question requires
knowledge mining across multiple images. To address this limitation, we introduce Retrieval-
augmented Visual Question Answering (RetVQA), a benchmark and method that retrieve rel-
evant visual evidence across multiple images to answer questions and thereby support knowl-
edge mining. Finally, for image captioning in specialized domains such as fashion, we propose
Retrieval-augmented Chain of Attributes (RA-CoA), a training-free framework that grounds de-
scriptions in retrieved attribute-value pairs from exemplar images, ensuring detail and consis-
tency. We perform extensive evaluations on public benchmarks and show consistent superiority
over competitive baselines and state-of-the-art approaches.

On the efficiency front, we focus on improving the performance of smaller Vision-Language
Models without incurring the heavy computational and data costs of large-scale training. To
achieve this, we introduce the Model Parity Aligner (MPA), a simple yet powerful training frame-
work designed to transfer knowledge from large, high-performing VLMs to their smaller coun-
terparts. Rather than relying on expensive human annotations, MPA identifies knowledge gaps
between model pairs and generates targeted, high-quality pseudo-labels that specifically address
these gaps. This selective guidance enables small models to better mimic the reasoning pat-
terns and factual grounding of larger models. In doing so, MPA not only improves the accuracy
and robustness of compact VLMs but also makes them better suited for deployment in resource-
constrained and low-supervision environments.

In summary, this thesis contributes both methodological and infrastructural advances to the
development of knowledge-aware, scalable VLMs. Our proposed approaches significantly ad-
vance the state of the art. Together, these contributions aim to push the frontier of vision-language
understanding toward systems that are not only more capable but also more practical to deploy
in real-world, knowledge-intensive environments. All resources developed in this thesis are pub-
licly open-sourced to support reproducibility and future research.
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1
Introduction

“Vision modules interacting with other modules (like a knowledge graph in your case, or a memory
module) will be one of the more important next steps for the field.”

— Prof. Andrew Zisserman, in an email communication with my supervisor on KVQA [186],
(an insight that became the starting point of this thesis).

A key emerging paradigm in artificial intelligence is to integrate perception systems with ex-
ternal modules, such as knowledge graphs, retrieval systems, or structured memory. Human be-
havior reflects this paradigm. With over 13.7 billion queries submitted daily, search engines have
become our default mechanism for bridging knowledge gaps [43]. Rather than relying solely on
memory, people increasingly depend on the ability to search, recognizing what they do not know,
and knowing how to find it. For intelligent systems to reason similarly, they require to retrieve
missing context before attempting to interpret or act.

Vision-Language Models (VLMs) [122,[133, 138, 271] have made significant strides in aligning
visual and textual modalities over the past decade. Yet, most contemporary VLMs, particularly
generative ones, are not inherently retrieval-aware. They rely primarily on parametric knowledge
encoded during training and lack mechanisms for dynamic access to external context. As a re-
sult, they often struggle to generalize in knowledge-intensive visual tasks that require reasoning
over unseen or context-specific information. This disconnect between what current VLMSEI offer
and what knowledge-intensive tasks demand reveals a critical gap: while many models excel at
perception, they lack the ability to retrieve and integrate external knowledge as part of their core
reasoning process. Beyond improving the effectiveness of VLMs, a growing concern is also the
need to boost their efficiency. Scaling VLMs to billions of parameters has improved capabilities,
however, at the cost of significant computational and memory demands, making deployment ex-
pensive and often impractical. Addressing this requires methods that retain the reasoning ability
of the VLMs while reducing inference cost and resource footprint.

This thesis addresses these two challenges: effectiveness and efficiency of VLMs, by devel-
oping a suite of retrieval-augmented vision-language models that (i) explicitly integrate external

1Exis’cing VLMs at the start of this thesis.
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Figure 1.1: (a) In Text-KVQA [195], the goal is to answer questions grounded in named entities appearing
as scene text, such as “Domino’s.” This requires linking the text to external knowledge. (b) Modern large
vision-language models attempt such tasks without explicit grounding, often hallucinating answers based
on superficial visual cues rather than the actual scene text.

knowledge for improved reasoning for knowledge-intensive visual tasks, and (ii) leverage small
VLMs and knowledge distillation techniques to enable efficient deployment without sacrificing
performance.

1.1 KNOWLEDGE-INTENSIVE VISUAL TASKS

Vision-language tasks empower artificial intelligence systems to jointly perceive, understand,
and reason over visual and textual information. Core tasks such as image captioning
255, text-to-image retrieval [129, 255], and visual question answering (VQA)[Z, [62] primarily
align perception with language, relying on directly visible content. However, real-world appli-
cations demand more than object recognition; they require linking what is seen to background
knowledge, associated facts, or broader context. This has given rise to a growing class of knowledge-
intensive visual tasks, where the challenge shifts from “what do you see?” to “what do you
know about what you see?” Examples include extending VQA to incorporate external knowl-
edge[30, 223], reasoning jointly across multiple images [15, 24} 164], and generating
knowledge-grounded captions through retrieval [79] 164]. These tasks require models not only
to recognize visual content but also to retrieve, integrate, and reason over external information.
Much like humans connecting sparse visual cues to rich prior knowledge, intelligent systems must
bridge perception with external knowledge to reason effectively. Building on this understanding,
we next highlight four representative knowledge-intensive visual tasks that form the focus of this
thesis:
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Figure 1.2: An illustrative example of a knowledge-intensive visual task: Consider the question “How many
pizza restaurants are crowded?” over the pool of images, the system must first retrieve relevant images
(images shown in green) based on both factual cues (e.g., identifying “Domino’s” and “Pizza Hut” as pizza
outlets) and commonsense cues (e.g., judging visual crowd density). The orange box highlights a partially
relevant case: a pizza store that is not crowded. Solving this task requires knowledge-aware retrieval
followed by multi-image reasoning and evidence aggregation.

1. Knowledge-aware VQA: This task [30, involves answering questions
about an image that cannot be resolved from the visual content alone, but requires external
factual information associated with the visual entities. The model has to first recognize key
visual entities, then link them to relevant background knowledge, and finally reason over this
knowledge to produce the answer. For example, to answer the question “Where can I place
an order online from this store?” (Figure[L.1(a)), the model needs to identify the store name
(Domino’s) and use prior knowledge to associate it with the correct website.

2. Knowledge-aware Image Retrieval: This task [58] requires retrieving images by grounding visual
cues, such as scene text or layout, in external knowledge about the entities depicted. Unlike
conventional text-to-image retrieval that rely purely on visio-lingual similarity, knowledge-
aware retrieval demands representations that integrate both factual and commonsense ground-
ing. For instance, in the query “crowded pizza store” (see Figure[1.2), the model is required to
recognize that storefront names like “Domino’s” or “Pizza Hut” refer to pizza outlets, which
requires factual knowledge. At the same time, it needs to assess whether the scene appears
crowded, which involves commonsense visual interpretation.

3
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A person wearing a white graphic tee paired with blue jeans and beige shoes.
Zero-shot VLMs

Mid-rise straight-fit blue denim jeans with a concealed zip fly and raw hemline.

Expected Caption

- -

Product: Black Jeans

Figure 1.3: Illustration of domain-specific knowledge limitation in zero-shot VLMs. Given a fashion image
and product tag (“Black Jeans”), the model generates a generic description that overlooks fine-grained,
expert-level attributes; Whereas, the expected caption reflects domain-specific terminology and structured
knowledge.

3. Multi-image Reasoning: This task [15, 24, 164] involves answering questions that require rea-
soning over a set of images rather than a single input. As discussed in the previous task, the
system must first retrieve relevant visual contexts based on both factual and commonsense
cues. It must then aggregate information across the retrieved images to produce a coherent
answer. Continuing with the example in Figure[I.2} to answer the question “How many pizza
restaurants are crowded?”, the model must count only those images that satisfy both condi-
tions. A key challenge arises when some images only partially match the query, such as a
Domino’s outlet that is not crowded (orange box). The model must filter such cases and com-
bine evidence from multiple sources to arrive at the correct answer. This setting requires not
only accurate retrieval but also robust multi-step reasoning over visual inputs, which most
vision-language models are not equipped to perform natively.

4. Knowledge-aware Image Captioning: This task focuses on generating captions enriched with
fine-grained and domain-specific knowledge, which is especially important in specialized fields
like fashion. For example, captioning a fashion image (Figure[I.3) requires recognizing specific
types and attributes of garments. Although conventional models produce generic outputs like
“A person wearing a white graphic tee paired with blue jeans and beige shoes”, knowledge-aware cap-
tioning aims for more precise and interpretable descriptions that reflect expert understanding.

1.2 CURRENT APPROACHES AND THEIR LIMITATIONS

Today, most knowledge-intensive visual tasks are approached using large, pretrained vision-
language models (VLMs) [31) 35, 140, 122} 126} 133} 137, 138, 158, 169, 227, 252} 269, 271]. These
models are trained on massive image-text datasets to align visual and textual modalities, and they
attempt to answer questions or generate captions directly from the input image and text prompt.
Crucially, they operate in a parametric-only manner, relying solely on the knowledge encoded in
their model parameters during pretraining, without dynamically retrieving or integrating exter-



nal information at inference time. While this approach has driven much of the recent progress in
VLM research, it leaves models unable to adapt to unseen or context-specific knowledge, limiting
their applicability in many real-world, knowledge-intensive scenarios. We now outline the key
challenges underlying these limitations.

1. Insufficient Knowledge Grounding from Large-Scale Pretraining. Although large-scale pretrain-
ing captures broad visual-textual correlations and improves general perception, it often fails
to encode structured, long-tail, or factual knowledge linked to visual entities. For example,
the learned representation for a storefront with the word “Nike” may not reflect its identity
as a sportswear brand, nor capture facts like its founding year (1964), origin (USA), or head-
quarters (Beaverton, Oregon). This lack of explicit grounding restricts VLM performance
on tasks that require reasoning over latent facts beyond what is visible in the image.

2. Hallucinations from Shallow Correlations. Despite architectural advances from CNN-RNN
pipelines [62, 66| [139] to transformer-based VLMs [31}135]/40, 180,122, 133,137,138}, 269, 271],
models often rely on superficial patterns memorized during pretraining. When confronted
with unseen or ambiguous cases, they generate brittle or fabricated outputs. For instance,
as illustrated in Figure [1.T(b), a model misidentifies a Domino’s storefront as “Pizza Hut,”
relying on weak visual cues (depiction of pizza in the image) and memorized brand associ-
ations rather than grounding its prediction in the actual visual entity. Such hallucinations
arise not from perception errors alone but from the absence of external factual grounding.

3. Lack of Domain-Specific Expertise. Most VLMs, though pretrained on broad web corpora,
lack grounding in specialized domains such as fashion or scientific imaging. As a result,
their outputs are often generic or inaccurate when fine-grained, expert-level reasoning is
required. For instance, instead of describing “mid-rise straight-fit denim jeans with a raw
hemline,” they may produce a vague caption like “a person wearing jeans and a T-shirt.”
Even advanced prompting techniques such as in-context learning [47,[72] or chain-of-thought
reasoning [228) 235], struggle to compensate for this gap, as the missing knowledge is not
parametric but domain-specific.

4. Trade-Offs Between Scale and Efficiency. While large VLMs deliver strong performance, they
are computationally expensive and memory-intensive, making them impractical for deploy-
ment in real-world or resource-constrained environments. Smaller VLMs offer a practical al-
ternative but suffer from limited capacity and weaker generalization on reasoning-intensive
tasks. Current methods to improve them, such as distillation from large models using mas-
sive pseudo-labeled datasets [22,[192, 264], are inefficient and often overwhelm small mod-
els with trivial or noisy examples, rather than focusing on their true weaknesses. Without
targeted supervision, small VLMs remain suboptimal learners, unable to efficiently close
the performance gap with their larger counterparts.

Together, these challenges expose two key limitations in current vision-language models.
First, existing VLMs fall short in handling knowledge-intensive visual tasks. They lack grounding
in external or domain-specific knowledge (Challenges: 1-3), struggle to reason beyond what is



visible, and often produce hallucinated or generic outputs. Second, even when high-performing
models are available, their scale and training requirements make VLMs inefficient and impractical
for real-world deployment (Challenge: 4). Improving effectiveness requires methods that augment
VLMs with rich, external knowledge, tailored to the knowledge requirements of the task. Improv-
ing efficiency, in contrast, requires developing smaller, more cost-effective alternatives that can
perform competitively on knowledge-intensive tasks. These two directions form the core research
objectives of this thesis.

1.3 OBJECTIVES OF THIS THESIS

This thesis is centered around two key objectives: (1) Making vision-language models (VLMs)
more effective by enabling them to reason with external knowledge, and (2) Making VLMs more
efficient by reducing their reliance on expensive supervision and large-scale training. We discuss
these objectives in detail as follows:

1.3.1 OBJECTIVE 1: MAKING VLMS EFFECTIVE THROUGH KNOWLEDGE AUGMENTATION

This objective focuses on improving the factual reasoning capabilities of vision-language mod-
els in knowledge-intensive settings. The aim is to develop modular knowledge augmentation
strategies that inject external knowledge, either textual, visual, or multimodal, based on task re-
quirements. These strategies should enhance factual grounding and reasoning ability without
extensive re-training. To address this objective, we explore the following research questions.

RQ1. How can textual knowledge be effectively augmented into vision-language models to improve
retrieval performance in knowledge-intensive scendrios?

To address this question, we introduce the COFAR dataset, a benchmark designed for the image
retrieval tasks that require commonsense and factual reasoning. COFAR focuses on real-world
visual entities such as brands, public figures, and landmarks, where retrieval depends not just on
visual-text similarity, but on background factual knowledge associated with the entities. We pro-
pose KRAMT (Knowledge Retrieval-Augmented Multimodal Transformer), a unified framework
that enhances query-image retrieval by integrating external textual knowledge. KRAMT operates
in three stages: (i) visual entity linking, where scene text (e.g., store-front names) is matched to
Wikipedia entities using a weighted combination of textual and visual similarity, and the top-
ranked entity is selected; (ii) knowledge retrieval, where factual descriptions and structured in-
formation associated with the linked entity are extracted from Wikipedia; and (iii) Multimodal fu-
sion, where the image, query, and retrieved knowledge are encoded together using a multimodal
transformer to compute the query-image relevance, grounded in the retrieved knowledge. This
design enables the model to move beyond shallow visual matching and reason over factual as-
sociations grounded in external knowledge. Extensive experiments on COFAR demonstrate that
KRAMT consistently outperforms competitive retrieval baselines [52,[122}138, 145, 261] including
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Figure 1.4: An illustration of a challenge associated with visual entity linking: “HP” text could refer to (a)
Hewlett-Packard or (b) Hindustan Petroleum, requiring both textual and visual context for disambigua-
tion.

models trained on 10x larger data [138,169], validating that factual knowledge, when effectively
retrieved and augmented, significantly improves retrieval in knowledge-intensive scenarios.

We published this work in the following proceedings: Prajwal Gatti, Abhirama Subramanyam
Penamakuri, Revant Teotia, Anand Mishra, Shubhashis Sengupta, Roshni Ramnani. “COFAR: Com-
monsense and Factual Reasoning in Image Search”, Asia-Pacific Chapter of the Association for Compu-
tational Linguistics- International Joint Conference on Natural Language Processing (AACL-IJCNLP),
2022. We describe this work in Chapter 3|

RQ2. How can textual knowledge be effectively incorporated into vision-language models to improve
accuracy in knowledge-intensive visual question answering?

To investigate this question, we design a two-stage framework that first links visual text to ex-
ternal entities and then integrates the factual knowledge associated with those entities into the
VQA pipeline. We propose VisTEL (Visual Text Entity Linker), a module that jointly leverages
OCR-extracted scene text and visual context to identify the most plausible entity from a candidate
set. For instance, as illustrated in Figure when presented with the text “HP” in a storefront
image, VisTEL effectively distinguishes between entities like Hindustan Petroleum and Hewlett-
Packard by leveraging both textual and visual cues. Once the top-ranked entity is identified by
VisTEL, we retrieve its corresponding factual knowledge and feed it into KaLMA (Knowledge-
aware Language Model Adapter). KaLMA incorporates this external knowledge alongside the
image-question pair, enabling factually grounded answer generation. Importantly, KaLMA also
outputs the supporting fact alongside the answer, enabling more interpretable and faithful rea-
soning. Through extensive experiments, we show that the VisTEL-KaLMA pipeline consistently
outperforms prior knowledge-aware VQA methods [195, 229] as well as leading state-of-the-art
large vision-language models [40,[133} 252, 271], demonstrating the effectiveness of factual knowl-
edge augmentation in improving answer accuracy for knowledge-intensive VQA.



We published this work in the following proceedings: Abhirama Subramanyam Penamakuri,
Anand Mishra. “Visual Text Matters: Improving Text-KVQA with Visual Text Entity Knowledge-aware
Large Multimodal Assistant”, Empirical Methods on Natural Language Processing (EMNLP), 2024. We
describe this work in Chapter

RQ3. How can visual knowledge, in the form of retrieved supporting images, be incorporated into vision-
language models to improve reasoning in multi-image visual question answering?

To explore this question, we introduce the RetVQA task, where each question is accompanied by
a pool of candidate images, and answering requires retrieving and reasoning over a subset that
provides the necessary visual evidence. The core challenge lies in identifying the relevant im-
ages among many distractors and aggregating their content meaningfully to generate an answer.
We curate the RetVQA dataset using images from Visual Genome [110], formulating multi-image
questions where supporting information is distributed across multiple images, making retrieval a
prerequisite for accurate reasoning. To address this challenge, we develop a retrieval-augmented
framework built on MI-BART (Multi-Image BART). Given a question and a pool of images, the
system first retrieves a small set of relevant images using a dense retriever trained for semantic
alignment on MS-COCO [129]. These retrieved images are then jointly encoded with the ques-
tion using the MI-BART encoder-decoder architecture, allowing the model to attend across mul-
tiple images and reason over the aggregated visual context. Through extensive experiments on
the RetVQA benchmark, we show that our retrieval-augmented setup significantly outperforms
both competitive single-image VQA baselines [269] and retrieval-free multi-image variants such
as image-stitching MI-BART. These results demonstrate that retrieving relevant visual evidence
(visual knowledge) provides effective context, enabling more accurate reasoning in multi-image,
knowledge-intensive VQA tasks.

We published this work in the following proceedings: Abhirama Subramanyam Penamakuri,
Manish Gupta, Mithun Das Gupta, Anand Mishra. “Answer Mining from a Pool of Images: Towards
Retrieval-Based Visual Question Answering”, International Joint Conference on Artificial Intelligence (I]-
CAI), 2023. We describe this work in Chapter

RQ4. How can multimodal knowledge be effectively incorporated into vision-language models to gen-
erate faithful and interpretable captions in domain-specific (fashion) image captioning?

Fashion image captioning requires accurate identification of fine-grained attributes (e.g., sleeve
style, fabric type, neckline) and the use of domain-specific terminology. However, the dynamic
nature of fashion inventories makes supervised approaches impractical due to their reliance on
curated annotations and frequent model retraining. We investigate whether providing effective
context, retrieved from visually similar product exemplars, can compensate for the lack of training
in frozen vision-language models and enable them to generate accurate, interpretable captions.
To this end, we propose RA-CoA (Retrieval-Augmented Chain of Attributes), a training-free and
model-agnostic framework tailored for fashion image captioning. RA-CoA decomposes the cap-
tioning task into a structured reasoning pipeline: (i) retrieval of visually similar fashion items from
a curated knowledge base (ProductKB) to extract relevant attribute types; (ii) prompting frozen
vision-language models to infer attribute values independently; and (iii) generating a final cap-



tion conditioned on these attribute-value pairs and the retrieved exemplars. This modular, inter-
pretable, chain-of-attribute reasoning improves faithfulness by grounding generation in both vi-
sual cues and retrieved multimodal knowledge (images and structured attributes), while enhanc-
ing interpretability through explicit intermediate steps. Extensive experiments on the FashionGen
dataset [180] with both open [12, 32} 268] and closed-source VLMs [156] show that RA-CoA sig-
nificantly outperforms prior training-free paradigms, including in-context learning (ICL) [47, [72],
implicit chain-of-thought (CoT-i) [228], and explicit chain-of-thought (CoT-e) [235] prompting,
across both automatic and LLM-as-judge metrics, while maintaining zero-shot adaptability for
real-world deployment.

This work is under review: Abhirama Subramanyam Penamakuri*, Shreya Shukla*, Anand
Mishra. “RA-CoA: Training-free Fashion Image Captioning via Retrieval-Augmented Chain-of-Attributes”,
[Under review at Transactions of Machine Learning Research] (*: equal contribution). We describe this
work in Chapter|[6]

1.3.2 OBJECTIVE 2: MAKING VLMS EFFICIENT THROUGH TARGETED SUPERVISION

This objective addresses the scalability and deployability of vision-language models by reducing
their dependence on large-scale labeled datasets and compute-heavy training. The aim is to en-
able small VLMs to perform competitively on knowledge-intensive tasks without full supervision
or fine-tuning. To address this objective, we explore the following research question.

RQ1. How can supervision guided by knowledge disparities enable efficient training of small vision-
language models without human-labeled data?

To address this question, we propose Model Parity Aligner (MPA), alabel-free pseudo-supervision
framework that leverages knowledge disparities between large and small models to drive effi-
cient small model training. MPA operates by first generating pseudo-annotations for a given task
using a frozen L-VLM over unlabeled images. It then filters these using a Parity-Identifier (PI)
module, which retains only those samples where (i) the L-VLM’s answer is correct but the S-VLM
fails, or (ii) both models produce different, incorrect outputs. These Pl-filtered samples expose
the knowledge gaps in the S-VLM and form a focused training subset. This targeted filtering
discards trivial or hallucinated cases, ensuring supervision is both efficient and impactful. We
evaluate MPA across four diverse VQA benchmarks over ten S-VLM-L-VLM pairs, demonstrat-
ing that parity filtering enables effective and scalable knowledge transfer tailored to the unique
limitations of small models.

We published this work in the following proceedings: Abhirama Subramanyam Penamakuri*,
Navlika Singh*, Piyush Arora*, Anand Mishra. “When Big Models Train Small Ones: Label-Free Model
Parity Alignment for Efficient Visual Question Answering using Small VLMs”, Empirical Methods on
Natural Language Processing (EMINLP), 2025. (*: equal contribution). We describe this work in Chap-
ter[71



1.4 ORGANIZATION OF THIS THESIS

With the above objectives and research questions discussed, the remainder of this thesis is orga-
nized as follows. Chapter[Jreviews related work on vision-language models and provides essen-
tial background on transformer architectures, the adaptation of large language models to vision-
language models, and common training paradigms such as pre-training and supervised fine-
tuning. Chapter {3 presents the COFAR benchmark and the KRAMT framework for knowledge-
aware image retrieval. Chapter[dpresents VisTEL and KaLMA for knowledge-aware visual ques-
tion answering. Chapter 5 describes the RetVQA benchmark and the proposed multi-image rea-
soning framework. Chapter [f] introduces RA-CoA for domain-specific image captioning. Chap-
ter 7| details the Model Parity Aligner for efficient small vision-language models. Finally, Chap-
ter 8 concludes the thesis and outlines future research directions.



2

Vision-Language Models: Background
and Overview

In this chapter, we provide a detailed overview of the evolution of vision-and-language (V-L)
research over the past decade. We begin by revisiting traditional V-L models, with particular
emphasis on two-stream architectures, and then move to state-of-the-art transformer-based ap-
proaches for joint visual-textual learning. Specifically, the chapter covers: (i) a survey of visual
and textual encoding techniques from the pre-transformer era, (ii) the theoretical foundations of
multi-head attention in neural networks, i.e., transformers, and (iii) an in-depth review of mod-
ern transformer-based V-L models, including recent advances in large vision-language models.
Readers already well-versed in these concepts may skip this chapter without loss of continuity.

2.1 INTRODUCTION

Humans interpretation and interception of the world is multi-modal in nature, i.e., we perceive
the world through vision and communicate heavily through natural language. Towards this end,
the larger goal of the community is to able an Al system to perceive things and communicate as
humans do. To this end, a variety of multimodal tasks have been proposed (key VL tasks are
illustrated in Figure[2.I), particularly at the intersection of vision and language, such as:

1. Image captioning: The task is to generate a natural language caption that describes the given
image [129, 168].

2. Cross-modal retrieval: The task is to retrieve relevant images given a text query (text-to-
image retrieval), or retrieve the corresponding caption given an image (image-to-text re-
trieval) [129, [168].

3. Visual grounding: The task is to localize a textual expression or phrase within an image by
grounding it to the corresponding region [100].
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Text to image retrieval [Johnson et al., ICCV 2015] . Image Captioning, [Vinyals et al., CVPR 2015]

Figure 2.1: Vision-Language Tasks: (i) Visual question answering [7]: given an image and a question, task is to
generate the answer, (ii) Visual grounding [51]]: Given a referring phrase and an image, ground (locate) the
phrase in the image, Text-to-image retrieval [129][168]: Given a text query retrieve relevant images, Image
captioning [129,[168]: Given an image, task is to generate a caption that describes the image.

4. Visual question answering: The task is to answer a question about an image based on its visual

content [7,162].

5. Visual dialog: The task is to engage in a multi-turn, free-form natural language conversation
about an image, resembling human-like dialog [42]].

6. Visual entailment: The task is to determine whether a given statement about an image is
entailed by, contradicts, or is neutral with respect to the visual content [240].

7. Vision-and-Language Navigation (VLN): The task is to enable an Al agent to navigate through
an environment by following natural language instructions [237].

Representation alignment between visual and textual entities is the key to solving downstream
vision-language tasks, e.g., representation for ‘image of cat’ and the representation for the word
‘cat’ should be closer in the semantic shared space. This brings us to understand how the in-
formation from these two different modalities is encoded into vectors. Starting from non-neural
network-based techniques to neural network-based methods there has been growing interest in
embedding images [39, 41} 71| 111} 136} 194] and text [17, 94] 14T, 149, 181), 204] into vec-
tors. The advent of the transformer architecture [213] demonstrated its ability to model complex
dependencies among its inputs. Language models such as BERT [46] and GPT-1 [170] showed
that large-scale pretraining of transformers, followed by task-specific fine-tuning, yields state-of-
the-art performance on a variety of downstream tasks, even when the supervised datasets are

12



relatively small. Subsequent works [38, 112, 115, 134, 171} 173] have refined the pretraining ob-
jectives to learn more generalizable representations, further strengthening the paradigm. Mo-
tivated by these advances, the majority of the prior state-of-the-art methods in vision-language
space that use a two-stream network [5} 7, 51} 99, 216, 216} 251] to solve these tasks (CNN-based
backbone [71}[179] variants as visual encoder, RNN [18]/LSTM [75] variants as text encoder) have
started to leverage transformer architectures by proposing various self-supervised objectives over
the large-scale image-caption data.

This chapter is organized as follows: Section [2.2discusses V-L research prior to transformers,
Section [2.3| provides a quick background on transformers, Section [2.4] discusses transformers in
vision and language, and finally, Section 2.5 discusses large vision-language models.

2.2 VISION LANGUAGE RESEARCH PRIOR TO TRANSFORMERS

Solving tasks in vision-language space needs one to jointly align representations of both visual
and textual inputs. Most of the prior works, have a separate encoder for vision inputs and text
inputs, and then learn the alighment using distance-based metrics. To this end, we briefly discuss
the progress in visual encoding methods and textual encoding methods, with their limitations.

2.2.1 VISUAL ENCODING

Visual encoding is the task of obtaining a feature vector/embedding for an image, that can be
further used to train models for downstream tasks like classification [44]. Prior to deep learn-
ing, many vision tasks relied on hand-crafted features such as SIFT [136], SURF, HOG [41], and
BoVW [39]. The rise of deep learning, coupled with increased computational capabilities, en-
abled the training of larger and deeper neural networks. In particular, models pre-trained on
ImageNet [44] for image classification [71, 185 111, 194] have proven highly transferable and
are widely adopted for a variety of smaller-scale vision tasks. Following this trend, ImageNet-
pretrained convolutional neural networks have become the de facto choice of visual encoders in
vision-language applications [7,129].

2.2.2 TEXTUAL ENCODING

Early approaches to textual encoding treated words as atomic units from a fixed vocabulary. Un-
der this assumption, representations were constructed using one-hot vectors, bag-of-words mod-
els, and frequency- or count-based statistics [141], including inverse document frequency [94]
and term frequency-inverse document frequency (TF-IDF) [181]. The first neural method for
learning word representations in a continuous space was the Neural Network Language Model
(NNLM) [17], which learned embeddings through the statistical language modeling objective.
Building on this idea, subsequent methods such as GloVe [167], which derives embeddings from

13
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Figure 2.2: An example of two stream network. Image taken from [219]

co-occurrence statistics, and Word2Vec [149], which learns embeddings by predicting words from
their surrounding context, became widely adopted for generating distributed word representa-
tions.

In the wake of deep learning breakthroughs, particularly following the success of AlexNet [111]],
Authors in [204] proposed sequence-to-sequence (seq2seq) models based on recurrent architec-
tures such as RNNs [18] and LSTMs [75] for natural language modeling. Although originally
introduced for machine translation, seq2seq models soon became widely adopted for encoding
textual inputs. LSTMs, in particular, were preferred over vanilla RNNs due to their ability to (i)
capture long-range dependencies more effectively, (ii) mitigate the vanishing gradient problem,
and (iii) regulate the flow of relevant and irrelevant information through gating mechanisms.

Despite these advantages, recurrent sequence models suffer from notable drawbacks. They
are computationally expensive and inherently sequential, making them difficult to parallelize.
Furthermore, representing an entire input sequence as a single fixed-length vector often leads

to information loss, especially for long sequences where earlier inputs may be inadequately pre-
served.

2.2.3 ATTENTION

To address these limitations, Bahdanau et al. [10] introduced the attention mechanism, which
allows models to dynamically focus on different parts of the input sequence when generating
outputs. Unlike fixed-length representations, attention enables the modeling of relationships
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among tokens irrespective of their distance in the sequence. Although originally proposed for
machine translation, attention has since been widely adopted across NLP and vision-language
tasks [54, 105, 244, 251]].

2.2.4 TWO-STREAM NETWORKS

A model’s performance on vision-language tasks depends on the alignment learned between vi-
sual and linguistic entities. To this end, many popular approaches for tasks such as caption-
to-image retrieval, image-to-caption retrieval, visual grounding, and visual question answering
adopt a two-stream architecture, where one branch encodes the visual input and the other en-
codes the text. Their interaction is typically realized through similarity measures, embedding
alignment, or attention-based mechanisms. In early formulations, the visual stream is often imple-
mented using CNN-based encoders, while the linguistic stream relies on RNN/LSTM encoders
to capture sequential dependencies in language [5, 7,151,199, 216, 251]. An example of two-stream
network [219] is shown in Figure

2.3 BACKGROUND ON TRANSFORMER

The transformer [213] was proposed to overcome the limitations of recurrent sequence mod-
els [18, [75] by entirely replacing recurrence with self-attention mechanisms [33]. Unlike RNNs
and LSTMs, the transformer architecture enables full parallelization during training and captures
long-range dependencies without the constraint of fixed-length representation. It follows an en-
coder-decoder design, where both components are built from stacked layers of self-attention and
feed-forward networks. In the following sections, we provide an overview of the key compo-
nents of the transformer, namely, encoder, decoder, self-attention, multi-head self-attention, and
encoder-decoder attention modules. Illustrated in Figure. [2.3| (image taken from [213]).

2.3.1 TRANSFORMER ENCODER

A transformer encoder consists of a stack of identical encoder layers, with the original imple-
mentation employing six layers [213]. Each encoder layer is composed of two key sub-modules:
(i) a multi-head self-attention (MHSA) mechanism (discussed in Section[2.3.1), and (ii) a position-
wise feed-forward network (FFN), which is a simple multilayer perceptron (MLP) with two linear
layers separated by a ReLU activation.

The encoder module operates on a sequence of input token embeddings X = {x;,x2,...,%,},
where X € R™ 4, n is the sequence length, and d is the embedding dimension of each token x;.
Each sub-module is wrapped with a residual connection followed by layer normalization (LN) [8],
as illustrated below:
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Figure 2.3: An overview of transformer architecture. Image from [213]]

Z = MHSA(X),

h 2.1)
Z=LN(X+2Z),

The FEN is then applied independently to each position, with weights shared across all posi-
tions:

Z = FFN(Z) = ReLU(ZW, + b,)W,, + by, (2.2)

Finally, a second residual connection and layer normalization are applied to incorporate the
FFN output:
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Z=LN(Z+2Z), 2.3)

where W,, W, and b,, b, denote trainable parameters. The output Z € R"™*4 constitutes the
updated representation of the input sequence produced by one encoder layer.

SELF-ATTENTION

Self-attention is at the core of the transformer architecture. The objective of the self-attention
mechanism is to model dependencies among all tokens in the input sequence. In particular, it
computes a context-aware representation of each token by incorporating information from all
other tokens in the sequence. Unlike additive attention [10], the transformer employs scaled dot-
product attention, which is both conceptually simpler and computationally more efficient.

In each encoder layer, self-attention is parameterized by three learnable projection matrices:
Wg € Rixdout, Wy € R?¥dout, and Wy, € R9*dout, Given input token embeddings X, the queries
(Q), keys (K), and values (V) are obtained as:

Q=XWgp, K=XWg, V=XWy. (2.4)

For each token, the attention mechanism computes similarity scores between its query vector
and the key vectors of all tokens in the sequence. These raw dot-product scores are then scaled by a
factor of \/dj,, where dj, is the key dimension. This scaling prevents the dot products from growing
too large in magnitude, which could otherwise push the softmax function into regions with very
small gradients and hinder training stability. The scaled scores are normalized with a softmax
operation to produce attention weights. Finally, the representation of each token is computed
as a weighted sum of the value vectors of all tokens, where the attention weights determine the
relative contribution of each token:

-
Z= softmax(%%) V. (2.5)

MULTI-HEAD SELF-ATTENTION

Multi-head self-attention (MHSA) extends the basic self-attention mechanism by running multi-
ple attention operations, referred to as attention heads, in parallel. Each head attends to the input
sequence independently, enabling the model to capture token interactions in different represen-
tation subspaces. In the original transformer, h = 8 attention heads were used [213].

Formally, each head i € {1,2,...,h} is parameterized by its own set of projection matri-
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ces {W,,, Wi, Wi }, and produces an output Z' ¢ R™9ou_ The outputs from all heads are
concatenated and linearly projected back to the model dimension d using a projection matrix
Wo € RMoutxd a5 shown in Eq.

Z=Wo[Z"| 2% ---||2"], (2.6)

where || denotes concatenation along the feature dimension. The combined output Z is then
passed through the residual connection and layer normalization, as described in Eq.

POSITIONAL ENCODING

Since the self-attention mechanism does not rely on recurrence or convolution, it is inherently
permutation-invariant; that is, it computes attention scores among tokens without considering
their order in the sequence. To incorporate positional information, each input token embedding
is augmented with a positional encoding. In the original transformer [213], sinusoidal position
encodings were employed to provide absolute positional information.

The sinusoidal formulation defines the encoding for a token at position pos and dimension :
as:

) pos
PE(pOS,Qi) = Sln(m> 5 (2.7)
pos
PE(pos2it1) = COS(m) ) (2.8)

where d;;, is the input embedding dimension. These encodings inject position-dependent vari-
ations into the embeddings and allow the model to generalize to longer sequences by enabling
the representation of relative positions through linear combinations of sinusoidal functions.

2.3.2 TRANSFORMER DECODER

Similar to the transformer encoder, the transformer decoder is composed of a stack of identical
layers, with the original implementation employing six layers [213]. Each decoder layer con-
tains three sub-modules, as opposed to two in the encoder: (i) multi-head masked self-attention
(MHMSA), (ii) encoder-decoder attention, and (iii) a position-wise feed-forward network (FFN).

The key distinction between the encoder and the decoder lies in the self-attention mechanism.
While the encoder computes attention over the entire input sequence, the decoder is restricted to
attending only to preceding positions. This masking enforces causality, ensuring that predictions
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at a given position cannot incorporate information from future tokens, consistent with the next-
word prediction training objective.

MASKED SELF-ATTENTION

Masked self-attention modifies the standard self-attention mechanism by preventing tokens from
attending to future positions. This is achieved by assigning —oo to the attention logits correspond-
ing to future positions prior to the softmax operation, thereby forcing their attention weights to
zero.

ENCODER-DECODER ATTENTION

The encoder-decoder attention module is structurally similar to multi-head self-attention, with
the difference that the queries are computed from the decoder’s previous layer, while the keys
and values are derived from the encoder outputs. This allows the decoder to incorporate context
from the source sequence (encoder) while generating target sequence representations.

The transformer architecture was originally proposed for machine translation, where the en-
coder processes the source sequence and the decoder generates the target sequence. However,
owing to its ability to learn powerful contextualized representations through self-attention, the
transformer framework has since been widely adopted in multimodal learning. In particular, our
discussion in the following sections focuses on two major directions: (a) vision-language trans-
formers, which aim to learn effective cross-modal alignment between visual and textual entities,
and (b) large vision-language models (LVLMs), which extend this paradigm to large-scale pre-
training for unified multimodal reasoning.

2.4 TRANSFORMERS IN VISION-LANGUAGE

Building on the success of transformers in natural language processing, where large-scale pre-
training followed by supervised fine-tuning [46, 134, 171] has become the dominant paradigm,
researchers have extended this approach to the multimodal setting. In particular, Vision-Lan-
guage Pretraining (VLP) refers to training transformer-based models on large-scale multimodal
datasets with the objective of learning joint representations of images and text. The central goal of
VLP is to encode effective cross-modal alignment between visual and textual modalities, enabling
transfer to downstream vision-language applications (as discussed in Section and yielding
state-of-the-art performance. A summary of representative VLP methods is provided in Table[2.1]

In the remainder of this section, we first review the pretraining objectives commonly em-
ployed in VLP, followed by an overview of the datasets that enable large-scale vision-language
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Table 2.1: An Overview of key works in Vision-Language Pretraining

Study

Architecture type

Data

Key pretraining objectives

Visual Backbone: VG pre-trained Faster R-CNN

ViLBERT [137]

Two-stream

Conceptual Captions

Masked multi-modal modeling
Multi-modal alignment

VisualBERT [127]

Single Stream

MS-COCO

Masked language modeling with image
Image-text matching

B2T2 [4]

Single stream

Conceptual Captions

Masked language modelling
Imposter identification (similar to ITM)

Unicoder-VL [118]

Single Stream

Conceptual Captions

Masked language modeling
Masked object classification

SBU Captions Visual-linguistic matching
Masked cross-modal LM
Rol Feature Regression
LXMERT [206] Two-stream \I\//[ii;ilogiome Masked Object Detection
Cross Modality Matching
Image Question Answering
. . Masked language modeling with visual cues
VL-BERT [199] Single Stream Conceptual Captions Masked Rol classification with linguistic cues
. . Masked language modeling
VLP [269] Single Stream Conceptual Captions Seq2seq objective
Masked language modeling
MS-COCO Image-text matching
. Conceptual Captions Word region alignment
UNITER [31] Single Stream SBU Captions Masked region feature regression
Visual Genome Masked region classification
Masked region classification with KL Divergence
MS-COCO
Conceptual captions Masked token loss
OSCAR [126] Single stream Flickr30k

SBU captions
GQA

Contrastive Loss

Visual backbone - ImageNet [44] pre-trained CNN [71]

. . MS-COCO Masked language modeling
PixelBERT [So] Single stream Visual Genome Image-Text matching
CLIP [169] Two stream LAION-400M Image-Text contrastive learning
No convolution
MS-COCO
. . Visual Genome Image-Text matching
ViLT [106] Single stream SBU Captions Masked language modeling (whole word masking)
Conceptual Captions
Two stream IC\ZA()Sr;cCeOElOal Captions Masked language modeling
ALBEF [121] (followed by single stream) SBU CI; tions p Image-text matching
(momentum-based model) - P Image-Text contrastive learning
Visual Genome
SimVLM [226] Single stream ALIGN Prefix language modeling (PLM)
. MS-COCo . Masked language modeling
VLMo [225] Single stream Conceptual Captions Tmage-Text matching
(different FEN for each modality) SBU Captions Image-Text contrastive learning
Visual Genome
MS-COCO Cross modal ahgnme.:nt
Two stream Conceptual Captions Intra modal contrastive
TCL [248] (followed by single stream) SBU CI; tions P Local mutual information maximization
momentum-based model - P Image text matchin
Visual Genome 8 5
Masked language modeling
pretraining.
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2.4.1 COMMON PRETRAINING OBJECTIVES IN VLP

1. Masked Language Modeling with Vision (MLM): Analogous to the MLM objective in BERT [46],
a fixed proportion of tokens (typically 15%) in the text input are masked, and the model is
trained to predict them using both the surrounding text and the associated image context.

2. Image-Text Matching (ITM): Inspired by the next sentence prediction task in BERT [46], the
model is presented with both aligned (image-caption) and misaligned pairs, and is trained
to distinguish between the two [122]. This objective is also referred to as multi-modal align-
ment, visual-linguistic matching, or cross-modal matching.

3. Masked Object Classification: Region-of-interest (Rol) tokens are randomly masked, and the
model is trained to predict the corresponding object labels, typically obtained from a detec-
tor such as Faster R-CNN [179]. This objective is also called masked region classification or
masked Rol classification.

4. Masked Rol Feature Regression: Instead of predicting discrete labels, the model reconstructs
the continuous feature vectors of masked Rols, encouraging richer visual representation
learning [31].

5. Masked Object Classification with KL Divergence: The distribution of predicted object classes
from the VLP model is aligned with the distribution produced by a Faster R-CNN detector
using KL divergence as the training signal [206].

6. Image-Text Contrastive Learning: For each aligned image-caption pair, all other image-cap-
tion combinations in the batch are treated as negatives. The objective is to maximize simi-
larity for positive pairs while minimizing it for negatives [121} 169].

7. Masked Token Loss with Object Tags: OSCAR [126] introduces object tags obtained from Faster
R-CNN as additional text tokens. The objective extends MLM to these object tokens, strength-
ening visio-linguistic alighment.

8. Prefix Language Modeling: Given the image context and the prefix of a sentence, the model
is trained to autoregressively generate the remaining part of the caption [226].

9. Intra-Modal Alignment: The model maximizes agreement between two different augmented
views of the same input (either image or text), often within momentum-based contrastive
frameworks [121) [248].

10. Local Mutual Information (MI) Maximization: The model encourages local region representa-
tions from one view of an image to align closely with the global representation (e.g., [CLS]
token) of another view, facilitating fine-grained alignment [121} 248].

2.4.2 DATASETS

The majority of vision-language models (VLMs) are pretrained on large-scale image-caption pairs,
which are cheaply available (over the web) with minimum human annotation efforts. Some of the
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Table 2.2: Selected Vision Language Pretraining Datasets (not exhaustive)

Dataset Number of Image-caption pairs
MS-COCO [129] 1.2M

Visual Genome [110] 5M

Conceptual Captions [188] 3.3M/12M

SBU [157] M

Flickr30k [168] 0.1M

GQA [87] 113K

ALIGN [91] 1.8B

LAION [184] 400M/5B

widely used datasets in this context are summarized in Table

2.5 LARGE VISION-LANGUAGE MODELS

2.5.1 FROM LLMS TO GENERATIVE L-VLMS

The emergence of large language models (LLMs) such as GPT-3 [21], PaLM [36], LLaMa [211],
Vicuna [34] and QwenLM [11] has demonstrated that scaling in terms of data, model parameters,
and compute unlocks emergent abilities such as in-context learning, zero-shot generalization, and
instruction following. Motivated by these advances, the multimodal community has investigated
whether similar scaling laws can yield models that see and talk. To this end, Large Vision-Lan-
guage Models (L-VLMs) integrate pretrained LLMs with visual encoders, enabling open-ended
multimodal generation and dialogue. In this thesis, we focus on generative L-VLMs, which ex-
tend LLM backbones to reason jointly over visual and textual inputs.

2.5.2 ARCHITECTURAL EXTENSIONS OF LLMS

Generative L-VLMs extend pretrained LLMs into multimodal settings through three key com-
ponents: a visual encoder, an adapter or projection module, and the LLM backbone. Although
this decomposition is common across L-VLMs, different models vary significantly in how each
component is designed and integrated, reflecting trade-offs between accuracy, efficiency, and ex-
tensibility. An overview of a standard L-VLM architecture is shown in Figure

Visual encoders. Most generative L-VLMs employ Vision Transformers (ViTs) [48] as image en-
coders, owing to their strong representational capacity and architectural compatibility with transformer-
based LLMs. Typically, these encoders are initialized from large-scale pretrained checkpoints
such as CLIP ViT-L/14 [169], ensuring robust visual features without requiring task-specific su-
pervision. Extending the scaling laws of LLMs, several works have scaled up the vision back-
bone to enhance perceptual ability. For example, InternVL [32] employs InternViT encoders with
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Figure 2.4: Overview of a standard generative L-VLM architecture.

billions of parameters (e.g., InternViT-6B) to align with large LLM backbones. Similarly, EVA-
CLIP [202] provides ViT-L and ViT-G checkpoints that improve upon CLIP in recognition and re-
trieval performance, and has been adopted in models such as MiniGPT-4 v2 [26]. Such large-scale
designs aim to capture fine-grained visual details and support complex multimodal reasoning.

In parallel, a complementary trend emphasizes lightweight encoders for efficiency. SigLIP [259]
offers compact ViT-B/16 style models trained with a sigmoid-based contrastive loss, providing
strong generalization while reducing compute requirements. Lightweight VLMs like SmolVLM-
500M [144] and TinyLLaVA [268] pair the SigLIP vision encoder with compact language back-
bones such as Phi-2 [1], Gemma [209], and Qwen-0.5B [11]], enabling instruction-following under
resource constraints. Small-scale variants of Qwen-VL and InternVL also rely on reduced ViT
backbones for deployment on mobile or edge devices. Together, these two design philosophies:
(i) scaling up for perception quality and (ii) scaling down for efficiency, highlight the flexibility
of ViTs and their derivatives as the default choice for L-VLM vision encoders.

Adapters and projection layers. Since LLMs operate over text embeddings, visual features must
be mapped into a compatible latent space. Two common approaches are (i) direct projection and
(ii) query-based adaptation. The simplest method is a linear or MLP projection, as in LLaV A [133],
which directly aligns vision embeddings with the LLM token space and enables efficient train-
ing. Alternatively, BLIP-2 [120] introduced the Querying Transformer (Q-Former), which learns a
fixed set of query tokens to selectively attend to dense vision features and pass compact represen-
tations to the LLM. MiniGPT-4 [271] adopts the same Q-Former strategy, combining it with CLIP
encoders and Vicuna for instruction following. mPLUG-Owl [252] also leverages a query-based
adapter, whereas its successor mPLUG-Ow12 [253] introduces a modality-adaptive module that
dynamically modulates interactions across modalities. A different line of work is represented by
Flamingo [3], which interleaves gated cross-attention layers throughout the LLM, allowing visual
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tokens to influence generation at multiple depths. Overall, these adapter designs reflect distinct
philosophies: lightweight direct projection for efficiency, query-based adaptation for structured
feature extraction, modality-adaptive layers for flexible fusion, and interleaved cross-attention
for deep integration.

LLM backbone integration. L-VLMs differ in how they incorporate the LLM backbone. BLIP-
2 [120] kept the LLM entirely frozen and trained only lightweight adapters (the Q-Former and
projection layers), enabling faster adaptation. LLaVA-1.0 [133], by contrast, froze the LLM dur-
ing the vision-language alignment stage but later performed supervised fine-tuning with the LLM
unfrozen, allowing deeper adaptation to multimodal data. More recent open-source VLMs, such
as Qwen-VL [11] and InternVL [32] support partial or complete fine-tuning of the LLM backbone,
achieving stronger integration at the cost of substantially higher compute requirements. Overall,
these strategies span a spectrum from frozen backbones with lightweight adapters to full back-
bone fine-tuning, reflecting trade-offs between efficiency and multimodal performance.

Training stages. The development of generative L-VLMs typically follows a three-stage pipeline:

* Stage: Visual feature alignment. The vision encoder is first aligned with the LLM embedding
space, typically using large-scale web-scraped image-text pairs (e.g. CC [188], LAION-
5B [183]). Pretraining objectives at this stage include contrastive alignment, image-text
matching, or lightweight projection learning through image-conditioned generation. This
stage equips the model with a basic ability to ground visual tokens in the LLM space.

* Stage lI: Generic instruction tuning. The aligned model is then fine-tuned on curated mul-
timodal instruction datasets (e.g., LLaVA-Instruct [133], ShareGPT4V [27]), which com-
bine human-annotated and GPT-generated conversations. Different L-VLM families (e.g.,
Qwen2-VL, InternVL2/3) adopt their own mixtures of such resources to endow models with
broad, general-purpose instruction-following capabilities.

* Stage llI: Task-specific instruction fine-tuning. Finally, the model is adapted to specialized ap-
plication domains such as visual question answering, document understanding, or medi-
cal imaging using smaller but higher-quality datasets. This stage refines task performance
while leveraging the broad generalization abilities acquired in earlier stages.

Parameter-efficient fine-tuning. Given the scale of modern LLM backbones, full fine-tuning is of-
ten computationally expensive. To address this, many L-VLMs adopt parameter-efficient fine-
tuning (PEFT) techniques. The most widely used is Low-Rank Adaptation (LoRA) [81], which
inserts low-rank trainable matrices into frozen weight matrices. LoRA and its variants make it
feasible to adapt billion-parameter LLMs for multimodal instruction following at manageable
cost, and have consequently become the de facto standard in recent L-VLM development.
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Table 2.3: Overview of generative L-VLMs commonly referenced in this thesis, arranged chronologically.

Model Adapter / Fusion Vision Encoder LLM Backbone Scale
InstructBLIP (2023) [40] Q-Former BLIP-2 ViT-G/14 Flant5-XL (3B) / XXL (11B), Vicuna-7B/13B 7B-13B
MiniGPT-4 v1 (2023) [271] Q-Former CLIP ViT-L/14 LLama-7B 7B
MiniGPT-4 v2 (2023) [26] Q-Former EVA-CLIP ViT-L/14 LLama2-7B/13B 7B-13B
LLaVA-1.5 (2023) [133] Linear projection CLIP ViT-L/14 Vicuna-7B/13B, LLaMa-7B 7B-13B
mPLUG-Owl (2023) [252] Query-based adapter CLIP ViT-L/14 LLaMA-7B 7B
mPLUG-OwI2 (2023) [253] Modality-adaptive module CLIP ViT-L/14 LLaMA-7B/13B 7B-13B
Qwen-VL (2023) [11] Q-Former variant OpenCLIP ViT-G Qwen-7B 7B
InternVL v1.0 (2023) [32] Query-based adapter InternViT-6B InternLM-7B 13B
LLaVA-Next (2024) [132] Linear projection CLIP ViT-L/14 Vicuna / Qwen / Mistral 7B-34B
InternVL v2.0 (2024) [32] = Modality-adaptive module  InternViT-300M-6B InternLM2 (1B-20B), LLaMA3-70B 1B-76B
Qwen2-VL (2024) [221] Linear projection ViT-675M Qwen?2 (1.5B / 7.6B / 72B) 2B/ 7B/ 72B
TinyLLaVA (2024) [268] Linear projection SigLIP Phi-2 / Gemma / OpenELM / Qwen?2 (0.5B-3B) 0.9B-3.1B
SmolVLM-2 (2024) [144] Linear projection SigLIP SmolLM2 0.5-3B

2.5.3 GENERATIVE L-VLMS RELEVANT TO THIS THESIS

The landscape of generative L-VLMs has expanded rapidly, with a diverse set of models explor-
ing different design choices for visual encoders, adapters, and LLM backbones. Tableprovides
a chronological overview of representative L-VLMs that are most relevant to this thesis. The ta-
ble highlights their adapter or fusion strategy, vision backbone, language backbone, and released
model scales. While not exhaustive, these models illustrate the main trajectories of L-VLM de-
velopment —ranging from early Q-Former based systems such as InstructBLIP and MiniGPT-4,
to projection-based approaches like LLaVA and Qwen2-VL, to more advanced designs such as
InternVL with modality-adaptive fusion. Together, they demonstrate how scaling and design
innovations have shaped both the capabilities and limitations of current L-VLMs.

The progression from early vision-language pretraining models to modern L-VLMs under-
scores the remarkable advances enabled by large-scale data and transformer scaling. These mod-
els exhibit impressive general-purpose multimodal abilities such as zero-shot reasoning, open-
ended generation, and multimodal dialogue. However, as outlined in Chapter[l} they also inherit
significant limitations: a tendency to hallucinate, over-reliance on parametric memory, limited
grounding in domain-specific knowledge, and inefficiencies in training and inference pipelines,
particularly for knowledge-intensive tasks. This thesis positions itself within this landscape by ad-
dressing two central objectives. First, we explore how L-VLMs can be made more effective through
external knowledge augmentation, improving factuality and grounding. Second, we investigate
how they can be made more scalable and efficient, reducing compute overheads while retaining per-
formance. The subsequent chapters build on this background to develop methods that advance
L-VLMs toward more reliable, knowledge-aware, and practical multimodal reasoning.
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Augmenting VLMs with Textual
Knowledge for Image Retrieval

In this chapter, we present a unified framework, namely Knowledge Retrieval-Augmented
Multimodal Transformer (KRAMT), that treats named visual entities in an image as gateway to
encyclopedic knowledge and leverages them, together with the natural language query, to ground
relevant external knowledge. KRAMT seamlessly integrates visual content and grounded knowl-
edge within a multimodal transformer to learn robust alignment between images and queries.
This unified design enables image retrieval that requires both commonsense reasoning and factual
grounding. We evaluate the retrieval performance of KRAMT against competitive baselines on
the COFAR benchmark and show that it consistently improves retrieval accuracy in knowledge-
intensive scenarios.

3.1 INTRODUCTION

Retrieving relevant images for a natural language query has been an exciting field of research
in the vision-and-language community [93, 220| 224]. Most of the available literature focuses on
querying visually-evident aspects in the images, such as searching for objects or their interactions
in natural scenes. However, as illustrated in Figure[3.1} users often require an image search engine
that can perform commonsense reasoning and leverage facts (world knowledge) about the image
content. To fill this gap, we propose a novel image search task requiring commonsense and factual
reasoning associated with named visual entities.

To study this problem, a suitable dataset is required. While many text-to-image search datasets
are publicly available [129} 193} 255], they have not been explicitly created to study our proposed
task. Few of the recently introduced knowledge-enabled VQA datasets such as OK-VQA [146],
KVQA [186], Text-KVQA [195], FVQA [222] require either factual or commonsense or a combina-
tion of both. However, they may not be well-suited for studying the “image search” task we are
interested in. Note that in the conventional VQA task, a query (question) is evaluated against a
single image which is often directly relevant to the query; whereas, in image search, a query needs
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Figure 3.1: Consider the two natural language queries shown in (a). Retrieving images relevant to these
queries (shown using a green bounding box) requires a model that has the ability to interpret images be-
yond just what is visually apparent, such as interpreting - who are customers vs. who are tourists? Who
are waiting to buy vs. who are going to see? in other words, visual commonsense. Additionally, the model
would need to interpret facts of world knowledge, such as Hiagen-Dazs is an ice cream brand and the Taj
Mabhal in India is an example of Mughal architecture. This can be enabled by linking visual entities in the
image to an encyclopedic knowledge source such as Wikipedia. Our work presents such a model, namely
KRAMT. [Best viewed in color]

to be evaluated against several thousands of images, including distractors and then needs to rank
the relevant image as the top result. Moreover, to our knowledge, there is no dataset available that
includes natural scene images containing a diverse set of visual named entities (such as business
brands, celebrities, and world landmarks), visual details of the natural scene along with anno-
tations that demands commonsense and factual reasoning associated with the images. To meet
these requirements, we present COFAR, which contains manually annotated English language
queries for natural scenes containing named visual entities. (A selection of samples in COFAR

dataset are shown in Figures and [B.4).

A plausible approach to addressing our image search problem on COFAR is large-scale vision-
language pretraining and learning the associations between commonsense-factual con-
cepts and images. This can be successful in learning popular associations, e.g., Starbucks to Cof-
fee, Eiffel tower to Paris if it has seen such samples during training. However, such methods
often require large data and generalize poorly to unseen or rare entities. In contrast, we take
a distinct path in this work and ground external knowledge associated with entities in the im-
ages to perform commonsense and factual reasoning. To this end, we present a unified model,
namely Knowledge Retrieval-Augmented Multimodal Transformer (KRAMT), that retrieves rele-
vant knowledge from Wikipedia by performing query-knowledge similarity-guided visual entity
linking. It then encodes the retrieved knowledge, query and visual features, and learns image-
query alignment using a multimodal transformer to perform knowledge-aware image search.

The contributions of this work are twofold. The first contribution is the design of a knowledge
retrieval-augmented multimodal transformer (KRAMT), a unified framework that aligns queries
with the relevant images by performing visual entity linking, retrieving relevant knowledge, and
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( a) Query: Two people getting married in front of a
tower in Paris.

Commonsense: Two people in white gown and suit
holding hands leads to the commonsense that they
are getting married.

Visual named entity: The Eiffel Tower

Fact: The landmark is Eiffel Tower, which is located

( b) Query: The captain of the Argentina national
football team celebrating after scoring a goal.
Commonsense: The person is running cheerfully next
to a goalpost leads to commonsense that they are cel-
ebrating after scoring a goal.

Visual named entity: Lionel Messi

( C) Query: Two people showing an interest to pur-
chase a watch.

Commonsense: People looking into the display of a
watch store implies they could be interested to pur-
chase a watch there.

Visual named entity: Rolex

Fact: The store Rolex sells watches.

Fact: Lionel Messi is the captain of the Argentina na-

in Paris, France. tional football team.

Figure 3.2: A selection of examples from COFAR showing query, relevant image, associated visual named
entity, commonsense and fact.

Query: Visitors standing in rain admiring a temple dedicated to the Greece goddess Athena
Visual Named Entity: Parthenon

Knowledge Text: The Parthenon is a former temple on the Athenian Acropolis, Greece, dedicated to the goddess Athena,
whom the people of Athens considered their patroness.

Query: A young fan asking the author of the Harry Potter series for an autograph
Visual Named Entity: J. K. Rowling

Knowledge Text: Joanne Rowling (born 31 July 1965), also known by her pen name J. K. Rowling, is a British author and
philanthropist. She wrote a seven-volume children's fantasy series, Harry Potter, published from 1997 to 2007.

Query: A white truck parked outside a grocery store waiting to pick up orders
Visual Named Entity: Walmart
Knowledge Text: Walmart Inc. is an American multinational retail corporation that operates a chain of hypermarkets (also

called supercenters), discount department stores, and grocery stores from the United States, headquartered in Bentonville,
Arkansas.

Figure 3.3: A selection of examples from COFAR along with the ground truth visual named entities present in
the images and the associated knowledge texts extracted from their respective Wikipedia articles.

seamlessly integrating it with visual content. The second contribution is a comprehensive evalua-
tion demonstrating that KRAMT, in addition to visual reasoning, is capable of commonsense and
factual reasoning, and achieves state-of-the-art performance on the COFAR benchmark against
competitive baselines.

The remainder of this chapter is organized as follows. In Section[3.2, we review the related lit-
erature on image retrieval, commonsense reasoning, and knowledge-grounded vision-language
methods. Section[3.3]introduces our proposed framework, namely KRAMT, and explains its ma-
jor components. The experimental setup, evaluation protocols, and results are presented in Sec-
tion along with comparisons to strong baselines and ablation studies. Finally, Section
concludes the chapter with key takeaways, and Section 3.6 discusses ethical considerations.
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Query: A person taking home groceries Query: A grey car waiting to refuel at a
after shopping at a supermarket gas station

Query: Celebration at a prehistoric Query: A crowd of people posing for
monument known for a ring of standing pictures near a tower famously known
stones for its unstable foundation

Query: The 44th President of the United Query: Kids learning to play the game of
States of America celebrating his chess from a former World Champion
birthday

Figure 3.4: Additional selection of examples from COFAR
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3.2 RELATED WORK

3.2.1 IMAGE SEARCH BY VISIO-LINGUAL ALIGNMENT

The performance of image search using natural language query has been significantly improved
in the last few years. Typically, the methods in this space learn the semantic visio-lingual (V-L)
alignment; during retrieval, rank the images according to the learned similarity function. Early
works [52, 220] learn to project image representations and text embeddings into a joint space.
Recently, multimodal transformers have become a de facto model for V-L tasks. Their different
avatars [137,261] tackle multiple V-L tasks jointly by using multi-headed self-attention to encode
word tokens and visual objects and are the current state of the art for text-to-image retrieval.
However, these methods focus only on the visual cues to represent images and do not encode any
external knowledge in their framework. Consequently, any explicit crucial information associated
with the image is also ignored.

3.2.2 COMMONSENSE AND FACTUAL REASONING

Bringing commonsense in vision and language tasks is one of the exciting areas of research. The
works in this area primarily address: (i) tasks where commonsense reasoning is purely visio-
lingual data-driven [160,242,254,257] and (ii) tasks where commonsense is enabled by associating
the images with external knowledge [146, (185} 186, 195, 222, 234]. Our proposed task falls in the
latter category. However, it is distinctly different from others as none of these works address image
search requiring detailed visual, commonsense as well as factual reasoning associated to a diverse
set of named entities appearing in the image including business brands, celebrities, and landmarks.
Concerning using named visual entities and associated factual reasoning, the only works closest to
ours are [186,[195]. However, compared to ours, these works restrict themselves to only celebrities
or business brands and have weaker annotations for visual and commonsense reasoning. Despite
its importance and many real-world applications on the Web such as news-search, named visual
entity linking and its utility towards downstream tasks have been under-explored in the literature.
We aim to fill this gap.

3.3 KNOWLEDGE RETRIEVAL-AUGMENTED MULTIMODAL TRANSFORMER (KRAMT)

Given a natural language query and a large gallery of images each containing a visual named en-
tity, our goal is to retrieve relevant images. To this end, we present Knowledge Retrieval-Augmented
Multimodal Transformer (KRAMT) - an unified framework that contains two major modules: (i)
visual entity and query-aware knowledge retrieval and (ii) knowledge-infused multimodal trans-
former as illustrated in Figure
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Figure 3.5: Overview of proposed Knowledge Retrieval Augmented Multimodal Transformer (KRAMT): Given a
query and a ranked list of visual entities identified in the image, KRAMT grounds the relevant knowledge.
This grounded knowledge, along with visual objects and natural query, is fed to a multimodal transformer
that learns to align query and relevant image. Please refer Section [3.3| for more details. [Best viewed in
color].

3.3.1 VISUAL ENTITY AND QUERY-AWARE KNOWLEDGE RETRIEVAL:

We posit that visual entities appearing in the image act as a gateway to the encyclopedic knowl-
edge, and its integration to an image retrieval system has the potential to bring commonsense
and factual reasoning ability. Therefore, to associate visual entities appearing in the given im-
age to their corresponding Wikipedia page, we perform visual entity linking or Image Wikifica-
tion which is an analogous task to Wikification [191] of text corpora, i.e. linking entity men-
tions in text documents to their corresponding Wikipedia page. More formally, given an im-
age, a set of m candidate entities £ = {ej,e2,- -+ , ey} containing business brands, celebrities,
and world landmarks, and associated knowledge text (obtained from Wikipedia articles of these
entities) K = {ki, kg, -, ky}; Image Wikification aims to rank these entities with respect to
their image wikification likelihood (s;,,). Here, for an image, s}, denotes likelihood of uth en-
tity in that image. We obtain these likelihood scores by using off-the-shelf approaches such as
CRAFT+CRNN [9,189] for detecting and recognizing business brand mentions in the image, VGG
face [161] for comparing celebrity faces appearing in the images against a set of reference faces,
and landmark recognition [230] for recognizing world landmarks. The image wikification process
is illustrated in Figure

If we link images to only that entity which corresponds to the highest likelihood score, link-
ing may be incorrect (especially due to look-alike faces or similar world landmarks or noisy text
recognition). This is also evident from the experiment, which clearly shows the gap between top-1
and top-K performance of visual entity linking (Refer to Table[3.T). To resolve any error in visual
entity linking and subsequently retrieving relevant knowledge, we further leverage the natural
language query. To this end, we compute the similarity between query and knowledge text as-
sociated with top-K entities using a trainable BERT model f and denote these similarity scores
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Candidate Entities (N = 16,060)

Subway Safeway Inc Lionel Messi Adam Young Taj Mahal Colosseum
“Subway" “Safeway” . i d
Scene-Text Scene-Text ' 3
Subway 0.0 Subway 0.45
_ Safeway 0.0 Safeway 0.98

CRAFT + CRNN

th:___. CRAFT + CRNN I
2 ] Lionel Messi | 0.92
e

ArcFace

SAREWAY O

LionelMessi | 0.0

Landmark Adam Young | 0.0

ArcFace

Image (A) e Image (B)

Taj Mahal 0.0 Taj Mahal 0.0001

Colosseum | 0.0001 Colosseum | 0.0003

Figure 3.6: Overview of Image Wikification (visual entity linking) method in KRAMT. To recognize named visual
entities in images, we use available methods such as CRAFT+CRNN, VGG-Face, and Landmark ArcFace
for brands, celebrities, and landmarks respectively. Using these experts, we measure similarity against
several thousands of reference entities to obtain a set of high ranking candidates. This open-set recognition
approaches allow for addition or removal of any number of reference entities without a need to re-train.

COFAR Category Top1 (%) Top5 (%)

Brand 60.8 79.6
Landmark 63.5 70.2
Celeb 80.1 83.0

Table 3.1: Results of Image Wikification (visual entity linking) on different categories of COFAR test data.

as sqi where s, denotes the similarity between query and knowledge text corresponding to uth
entity. Further, relevance of each entity with respect to image and given query is computed as
follows: s = W(as; + Bsqr), here ¥ is argmax. The choice of argmax over softmax is intuitive as
only one knowledge text is relevant for a given query and image in our task. Once we obtain s,
we perform element-wise multiplication to K = {k1, k2 - - - ki } and feed this knowledge to a mul-
timodal transfer as described next. This query-aware knowledge retrieval process is illustrated

in Figure[3.7]

3.3.2 KNOWLEDGE-INFUSED MULTIMODAL TRANSFORMER:

Once we obtain relevant knowledge from our knowledge retrieval module, we use Knowledge-
infused Multimodal Transformer - a simple and effective architecture to learn alignment be-
tween natural language search queries and images along with their associated external knowl-
edge. KRAMT seamlessly integrates these three input modalities in a unified end-to-end trainable
architecture. To achieve this, we first encode the query text, knowledge text, and visual regions
as three sequences of features. We then project these features to a shared embedding space before
using them as input to the KRAMT. These features then attend to each other through multiple
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Wikified Entities Knowledge

“Honeywell International Inc. is
an American publicly traded,

Honeywell  [—— 1 inational conglomerate
International corporation..”
0.85/

“Honey Dew Associates, Inc., is a
0.81 Honey Dew | | Massachusetts-based

Donuts coffeehouse chain selling donuts
and other breakfast foods.."

Query-Knowledge
Sentence-Similarity

Honey Dew
Donuts

Query:
“A donut shop employee
waiting to take an order”

“A donut shop employee waiting to take
an order”

Figure 3.7: Using query-based guidance in knowledge-retrieval for KRAMT. Taking the set of top-ranked candi-
date entities, we use the search query to select the most appropriate entity by measuring sentence-similarity
between the query and entity’s knowledge text.

self-attention layers [213]]. The output of a special class token from the final layer’s output is then
used to predict the alignment between the query and image along with its knowledge text.

3.3.3 PRETRAINING:

We learn a strong vision-language grounding capability in KRAMT through pretraining on MS-
COCO [129] with the objective tasks of masked language modelling (MLM) and image text match-
ing (ITM).

3.3.4 QUERY AND KNOWLEDGE ENCODER:

We fine-tune pretrained BERT [46] to encode the text of the query and external knowledge. For
a given search query () containing L words and a given knowledge k; containing M words, we
embed them into sequences of d-dimensional BERT feature vectors {¢;}% , and {k;; }]Ail respec-
tively.

3.3.5 IMAGE ENCODER:

Given an image, we detect a fixed set of N visual objects using Faster R-CNN [179] pretrained
on Visual Genome [110]. Each image I is represented as an unordered sequence of the N object
proposals {R;}Y, where each R; is represented as (R$"", R¥°*), which denote 2048-dimensional
region feature and 4-dimensional spatial feature, respectively.

We project regional feature RS and spatial feature RY°* into the same d-dimensional space
as the search query and the knowledge text using two different learnable transformation matrices
Wenpn and Wy,,.. We apply layer normalization L(-) [8] to each transformed feature, and add them
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to get the final visual object feature F,.

Fr, = L(Wen RS™) + L(Wipop R2%). (3.1)

3.3.6 QUERY-IMAGE ALIGNMENT LEARNING:

Besides learning d-dimensional embeddings for the three inputs, we also learn it for three special
tokens, namely [SEP] to separate the input modalities, [C'LS] to calculate the final alignment
score and [M AS K] to replace the text tokens during MLM. We then allow all the L + M + N + 3
input token features to attend to each other through 7" transformer encoder layers to obtain a joint
representation.

As the final step, a multi-layer perceptron that takes d-dimensional [C'LS] output feature and
produces an alignment score Out!C -]
with associated knowledge are aligned or not, is used. During training, we create positive pairs
by selecting images and their corresponding queries from the dataset and negative pairs by ran-
domly changing either the image or the query of the selected pair with another random choice
in the dataset. We train the model using binary classification loss. Further, to make the image-
query alignment robust, we also train the model with the MLM objective wherein each iteration
of training, we replace text input tokens at random with a special token [M AS K] with a probabil-
ity of 0.15 and predict the masked tokens based on the context of image, query, and knowledge.
During retrieval, for a given query, we rank all the images in the gallery based on the predicted
alignment scores. Further implementation details of KRAMT are provided in the Appendix.

indicating if the given pair of a search query and the image

3.4 EXPERIMENTS AND RESULTS

3.4.1 KRAMT PRE-TRAINING

To train our full KRAMT model, we initially pretrain on the COCO captions dataset [129] for
the objective task of image-caption alignment and masked language modelling. COCO presents

a huge diversity of visual content and serves as a good dataset for improving visual reasoning
abilities in KRAMT. Further, the model is finetuned on the trainset of COFAR.

We group image retrieval baseline approaches into three categories: (i) Knowledge-only, (ii)
Vision-only, and (iii) Knowledge-aware vision and language (V-L) models to investigate the fol-
lowing questions respectively:

* How much impact does external knowledge have? Can it alone drive performance in CO-
FAR without any visual cues?

* Is there a need for integrating external knowledge in COFAR?

* How do other knowledge-aware baselines perform on COFAR?
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Under Knowledge-only, we utilize BERT [46] to perform query-knowledge sentence-matching.
In VL models, we use modern text-to-image retrieval methods, namely VSE++ [52], and competi-
tive vision-and-language transformers such as Visual BERT [122], VILBERT [137], and VinVL [261].

Knowledge-aware VL models: As there are no directly comparable knowledge-aware image-
retrieval methods in current literature, we implement a few knowledge-aware visual question
answering-based models with appropriate modifications to make them compatible for our task:
(i) Modified Memory Network: Memory networks, and their variations have shown to yield state-of-
the-art performance on knowledge-aware VQA benchmarks [186, 200]. We implement this base-
line by using top-K knowledge texts. These texts are scored with a query, and the weighted sum
of this representation, CNN features of the image, and query representation are passed to a binary
classifier that classifies if the image is relevant to the query. (ii) KRISP-inspired model: KRISP [145]
addresses open knowledge-based VQA using implicit and symbolic knowledge stored in a graph
data structure. In our setting, we use unstructured knowledge text in place of symbolic knowl-
edge. We model implicit knowledge using MM-BERT, similar to KRISP, and for unstructured
text, we use BERT embedding of the knowledge text. The output of these representations along
with BERT-based query representation is fed to an MLP for learning alignment. (iii) KQIA: Here,
knowledge text, along with queries and images, are encoded using gated recurrent units and
CNN, respectively, and are then projected into a common space to learn alignment. All baselines
are pretrained on the COCO dataset unless mentioned otherwise.

3.4.2 ABLATIONS:

To evaluate the effect of different components of KRAMT, we present the following ablations:
KRAMT (w/o Knowledge): where knowledge text is omitted, KRAMT (w/o vision): where only query
and retrieved knowledge is used, and KRAMT (Oracle) that assumes ground-truth knowledge is
available to the model.

3.4.3 RESULTS AND DISCUSSIONS

We quantitatively evaluate KRAMT on COFAR and compare it against related approaches in
Table We report recall (R1, R5 and, R10) and median rank (MdR) averaged over all the test
queries. Note that higher values for recall and lower values for median rank are desired. The poor
performance of knowledge-only models confirms that image search in COFAR is non-trivial and
external knowledge about the entities in images alone is insufficient. Further, we observe that the
vision-only models such as VisualBERT, VILBERT, and VinVL, without access to external knowl-
edge, do reasonably well solely through visual reasoning. However, it falls short to KRAMT. By
virtue of its seamless integration of search query, visual content, and unstructured knowledge,
KRAMT clearly outperforms other baselines, including other Knowledge-aware V-L baselines.
These results show the effectiveness of transformer-based methods in COFAR task. The results
of ablations are also reported in Table[3.2] Here, we observe that KRAMT that leverages harvested
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COFAR (Unified) COFAR (Brand) COFAR (Celeb) COFAR (Landmark)

Method Rl R5 RI0 MdAR Rl R5 RI0 MdR R1 R5 RI0 MdR Rl R5 RI10 MdR
1K Gallery
Knowledge-only
Sentence similarity 31 87 190 84 24 93 188 68 30 82 169 143 42 91 193 97
Vision-only
VSE++ [52] 74 192 238 68 69 195 276 60 6.0 251 385 27 218 48.0 59.0 9
Visual BERT [122] 22,7 50.0 625 5 240 509 633 5 80 293 373 22 324 o645 700 4
ViLBERT [137] 298 579 71.0 5 281 554 68.6 4 165 344 420 15 36.0 669 74.0 4
VinVL [261] 305 621 743 4 312 648 757 4 183 389 465 10 387 68.0 76.3 3
Knowledge-aware V-L Models
Modified Memory Network 152 35.0 50.3 5 144 349 486 18 61 268 394 23 245 511 603 5
KQIA 220 524 645 5 199 482 575 9 101 292 405 19 319 578 67.0 5
KRISP-inspired model 281 538 69.0 4 268 515 67.6 5 13.6 325 398 17 343 659 742 3
Ours
KRAMT (w/o Vision) 19 66 126 57 11 74 124 35 26 66 171 164 27 109 145 100
KRAMT (w/o Knowledge) 19.8 391 498 14 194 383 49 15 118 263 355 25 355 673 745 2
KRAMT 31.6 64.4 76.2 3 32.9 66.5 78.6 3 19.7 44.7 51.3 8 40.0 69.1 80.0 2
KRAMT (Oracle) 40.0 732 845 2 385 720 833 2 263 487 618 6 427 764 873 2
5K Gallery
Vision-only
VSE++ [52] 47 112 180 119 39 92 174 128 29 91 125 274 88 204 336 49
Visual BERT [122] 114 286 400 19 111 28.0 388 20 6.7 133 200 95 136 31.0 401 18
ViLBERT [137] 13.6 317 435 12 130 308 415 10 91 158 250 67 122 436 54.0 8
VinVL [261] 159 356 492 10 149 33.6 445 9 112 177 304 31 142 449 58.0 6

Knowledge-aware V-L Models
Modified Memory Network 7.3 218 346 40 68 199 301 46 38 101 146 143 93 268 379 38

KQIA 98 253 362 21 9.1 249 354 24 7.7 149 208 79 10.8 281 374 28
KRISP-inspired model 141 36.6 459 10 133 324 437 10 88 141 239 61 12.0 414 537 7
Ours
KRAMT 171 42.9 57.2 8 16.7 42.2 56.5 8 1.8 18.4 34.2 28 12.7 45.5 58.2 6
KRAMT (Oracle) 189 458 599 8 185 45.0 589 7 158 25 382 18 182 527 655 5

Table 3.2: Comparison of retrieval performance on COFAR (with 1K and 5K gallery each) with baselines
and ablations. We report mean recall (R) at top 1, 5, and, 10 retrievals and median rank (MdR) over all the
test queries.

knowledge for enabling commonsense and factual reasoning is significantly superior to KRAMT
(w/o knowledge).

3.4.4 MODELS PRETRAINED ON LARGE-SCALE DATASETS

We note it may not be fair to compare our model with those which use very-large-scale datasets
for pretraining due to significant differences in size of training data. Moreover, there is possibility
of overlap of images in their train sets and COFAR-test set; for the sake of a comprehensive com-
parison, we compare KRAMT with two modern transformer-based models namely CLIP [169]
and 12-in-1 [138] in Table Please note that they use 400M and 6.3M images, respectively, for
pretraining as compared to 125K images (COCO) in our model. We see KRAMT surpasses CLIP
and 12-in-1 despite being a smaller model.

We show a selection of visual results for top-3 retrievals for two queries in Figure The
retrieved images by KRAMT (w/o knowledge) may contain the relevant image, but often ranked
lower due to their inability to recognize the entities and perform factual reasoning. On the con-
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# of COFAR-1K

Method Pre-trainImages R1 ~R5 R10 MdR
CLIP [169] 400M 264 581 728 6
12-in-1 [138] 6.3M 302 599 743 4
KRAMT 125K 31.6 64.4 76.2 3

Table 3.3: Results using external knowledge over very large-scale pretraining on COFAR 1K.

(a) “Lady handling a financial transaction inside a bank” (b): “People protesting outside the world’s most visited museum”

KRAMT

KRAMT
(w/o knowledge)

Figure 3.8: Top-3 retrieved images using proposed KRAMT(w/o Knowledge) and KRAMT on COFAR-1K
for two queries. We see that models without access to external knowledge often fail to interpret common-
sense such as a financial transaction or protest, and factual information, such as the world’s most visited
museum, present in the query. On the contrary, KRAMT retrieves semantically more coherent images.
Here green colored bounding box indicates the ground truth image.

trary, the proposed KRAMT consistently retrieves relevant images, confirming our hypothesis.

3.4.5 KRAMT IMPLEMENTATION DETAILS

We implement the code in PyTorch [162]. The transformer layers of KRAMT are implemented
using Hugging Face’s transformers library [231]. We use three transformer encoder layers, with
8 attention heads. The hidden dimension of each block of the transformer layer, as well as the
input token feature dimension, is the same as the standard BERT [46] model’s hidden dimension
of 768.

To encode the query, we use pretrained BERT (‘bert-base-uncased’) provided by Hugging
Face. We keep the sequence length of query text to 40, by truncating the longer sequences and
padding the shorter ones. To encode knowledge text, we use the same pretrained BERT, however,
this time we keep the sequence length to 80 to accommodate the Wikipedia summary of a page
(typically at most 70 words long). This BERT is further fine-tuned during the training of KRAMT
with 0.1 times smaller learning rate than that of the KRAMT layers.

To encode images, we extract visual objects using Faster R-CNN [179] pretrained on Visual
Genome [110]. We use top-50 most confident visual object proposals for each image, and represent
the visual object’s appearance features using Faster R-CNN’s ‘fc6” features of 2048 dimensions.
For spatial features, we use 4-dimensional normalized bounding box representation as mentioned
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Type Number of Avg. Length of Avg. Lengthof Number of Number of
Named Entities Knowledge (words) Queries (words) Countries Entity types

Brand 1060 442 11.7 79 39
Celeb 2000 39.0 14.0 92 150
Landmark 2000 41.7 13.6 40 463

Table 3.4: Statistics about the three categories of data in COFAR.

COFAR-1K (Unseen entities) COFAR-1K (Seen entities)
Method R1 R5 R10 MdR Rl R5 R10 MdR
KRAMT 316 644 76.2 3 35.1 72.6 88.6 3

Table 3.5: Performance of KRAMT on two COFAR-1K versions comprising of entities previously unseen
during training and entities seen during training. We observe that performance of KRAMT is higher for
already-seen entities.

in our approach To represent special tokens [CLS] and [SEP] we learn 768-dimensional
embedding for each of them during training.

To get alignment scores from the output embedding of the [C'LS] token, we learn a multi-
layer-perceptron (MLP) with one hidden layer of size 512 and a ReLU activation. For pretraining
on COCO, the knowledge text input is masked and trained for 42 epochs using Adam [107] opti-
mizer, with a constant learning rate of 1e-4. Before we finetune KRAMT on COFAR for the task of
query-image alignment, we finetune KRAMT on text of COFAR with just masked language mod-
elling objective for 10 epochs using Adam [107] optimizer, with a constant learning rate of 5e-5.
Finally, we finetune KRAMT on COFAR with the task of query-image alignment for 15 epochs
using Adam [107] optimizer, with a constant learning rate of 0.00002. The model is trained with
the binary cross-entropy loss for query-image alignment task, and cross-entropy loss over vocab-
ulary for masked language modelling task. The model was trained using two Nvidia RTX 5000
GPUs (each having 16GB of GPU memory) with a batch size of 64 while training and 128 while
testing. KRAMT pretraining takes approximately four days on the two GPUs, whereas KRAMT
finetuning on COFAR takes lesser time. Further details of the implementation can be found in
the code which we provide in the project page.

3.4.6 LIMITATIONS AND FUTURE SCOPE

We observe the following limitations of our work: (i) for the introduction of COFAR, we have
chosen natural scenes that contain only one visual named entity. This may not be the case in
a real-world setting, (ii) restricted by the budget, current version of COFAR contains only 25K
images of 5K named entities in all. However, in an open-set scenario, a much larger and diverse
set of visual named entities can be considered, and Image Wikification can be a promising research
challenge. In fact a contemporary work [267] poses this as a stand-alone task, and (iii) explicit
external knowledge associated with common objects has not been leveraged. We leave addressing

39



these limitations as a future work of this work.

3.5 CONCLUSION

In Information Retrieval and NLP community, knowledge bases are instrumental in enabling
commonsense and semantic search. However, their utility in semantic image search has not been
extensively explored in the literature. We have drawn the attention of the vision and language
community towards this issue through our work and presented a novel multimodal transformer
namely KRAMT which seamlessly combines image, query, and knowledge encoding to learn
alignment between the image with associated knowledge and query. We firmly believe that im-
age search requiring commonsense and factual reasoning and the new dataset viz. COFAR intro-
duced in this work will open up several future research avenues.

3.6 ETHICAL CONSIDERATIONS

One caveat of COFAR is that the images have been collected from various publicly available
sources that may contain geographical bias inherently present in them that were undetected in
this work. This problem is common with many public vision benchmarks. A more rigorous in-
spection is indeed required before deploying the proposed model for real-world applications.



4

Augmenting VLMs with Textual
Knowledge for Visual Question
Answering

In this chapter, we focus on augmenting vision-language models with textual knowledge for vi-
sual question answering, with an emphasis on the Text-KVQA task. Building on Chapter 3, where
we introduced a vanilla visual entity linker, we extend this idea to jointly exploit both textual and
visual cues for more accurate disambiguation. Specifically, we propose VisTEL (Visual Text En-
tity Linker), which leverages OCR-extracted scene text together with surrounding visual context
to link entities to the correct knowledge base entries. Further, we propose KaLMA (Knowledge-
aware Large Multimodal Assistant), which integrates the retrieved factual knowledge into large
multimodal models to generate answers that are both accurate and interpretable. A key strength
of KaLMA is its ability to output supporting facts alongside answers, making the reasoning pro-
cess more transparent. Through extensive experiments on Text-KVQA, we show that the VisTEL-
KaLMA pipeline achieves a new state-of-the-art, surpassing prior knowledge-aware approaches
and competitive large vision-language models by an absolute margin of 23.3%.

4.1 INTRODUCTION

In the past few years, the research community has shown significant interest in visual question
answering based on text appearing in images, as evidenced by the emergence of OCR-VQA [150],
ST-VQA [20] and TextVQA [196]. Giving another aspect to these problems by leveraging exter-
nal knowledge for text-based visual question answering, [195] introduced a task called Text-
KVQA. The Text-KVQA presents a unique challenge: given an image containing textual entities
like business brands, book titles, or movie titles, the task is to answer questions that require ex-
ternal knowledge about these entities. Addressing Text-KVQA involves detecting text in images,
recognizing it, linking it to a knowledge base, and employing visual context and knowledge base
for reasoning to provide an answer. Since the introduction of this problem, several advancements
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Figure 4.1: (a) Text-KVQA [195]: Given an image containing a named entity as visual text, e.g., “Domino’s”
in this illustration, the aim is to answer the question by leveraging explicit knowledge about the visual text
entity. (b) Large Multimodal Models are one obvious choice for solving such tasks today. However, they
alone are insufficient as they hallucinate on visual objects. (c) We propose a novel approach - KaLMA that
augments an LMM with specialized visual text recognition and retrieved relevant knowledge obtained
using visual text entity linking by proposed VisTEL. Our approach establishes a new state-of-the-art for
this task.

have happened in visual text understanding as well as vision and language models. In this work,
we revisit Text-KVQA by leveraging these modern advancements and propose a framework that
judiciously integrates various components of contemporary architecture.

The emergence of large multimodal models (LMMSE represents a significant trend in the lit-
erature on vision and language [37, 211} 252, 271]]. Over the past few years,
many large-scale language and vision models have been developed, demonstrating exceptional
performance across various tasks including, but not limited to, image captioning, visual ques-
tion answering, multimodal reasoning, and visual grounding. We believe that pretrained LMMs
hold great potential for addressing Text-KVQA. These models are rich in the implicit knowledge
learned by large-scale pretraining. However, despite their numerous advantages, they are not
without drawbacks, notably hallucinations. This challenge becomes particularly apparent in Text-
KVQA, where precise reasoning about entities depicted in images and associated knowledge is
required. Consider the following scenario where a customer, after finishing their meal at a restau-
rant store, takes a picture of the store signboard and enquires about a possible future online de-
livery, asking, “Where can I place an online order from this store?’ (Figure[.1(a)). Existing LMMs
often hallucinate over the pizza present in the image and points to the website of ‘Pizza Hut'
instead of “Domino’s’ (Figure [4.1[b)); whereas complementing the LMM with an explicit visual
text entity linking followed by knowledge-retrieval helps overcome hallucination (Figure 4.1(c)),
thereby generating an accurate answer to the given question. Our model is developed on this

We refer to both large multimodal model and large vision and language models as LMM in this work.
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hypothesis.

We address Text-KVQA by introducing an architecture, namely KaLMA - knowledge-aware
large multimodal assistant that first invokes our proposed visual text entity linker or VisTEL - an
LMM-architecture that links visual text entities to the associated knowledge base (Illustrated in
Figure4.1] (c)). Once the entities are linked to the knowledge base, the associated knowledge is
retrieved and augmented to a large multimodal model to answer visual questions.

The first contribution of this work is a revisit of Text-KVQA [195] in the light of recent advance-
ments in large multimodal models (LMMs). To this end, we benchmark state-of-the-art LMMs on
Text-KVQA and show that, although powerful, these models often ignore visual text present in
the images, resulting in hallucinations. The second contribution is a principled approach, VisTEL,
for linking visual text entities in images to a knowledge base. VisTEL is an LMM-based architec-
ture that leverages the surrounding OCR-extracted texts obtained using a specialized recognition
module along with the visual context within the image to perform highly accurate entity linking
for visual text entities. The third contribution is KaLMA, a Knowledge-aware Large Multimodal
Assistant, which enhances an existing LMM, specifically LLaVA [133], by integrating retrieved
knowledge from our proposed VisTEL. This augmentation facilitates robust vision and language
reasoning, thereby enabling superior knowledge-aware text-based visual question answering.
The fourth contribution is extensive experimentation and ablation to demonstrate the superior
performance of our proposed framework over competitive approaches and state of the art. We
also provide insights into the design choices, the attribution ability of KaLMA, and its effective-
ness in addressing hallucination issues of LMMSs. Our framework advances state of the art on
Text-KVQA by 18.2% on scene images, 19.6% on book covers, and 32.2% on movie poster splits
of the dataset on an absolute scale.

The remainder of this chapter is organized as follows. In Section we review related lit-
erature on knowledge-aware VQA tasks, large multimodal models, and visual entity linking.
In Section we present our methodology in detail: we first introduce VisTEL, a visual text
entity linker (Section[4.3.1), and then describe KaLMA, our knowledge-aware large multimodal
assistant (Section . The experimental setup, datasets, evaluation protocols, and results are
discussed in Section along with comparisons, ablations, and qualitative analyses. We con-
clude our study in Section[4.5} followed by a discussion of limitations in Section 4.6} and ethical
considerations and broader impact in Section[4.7]

4.2 RELATED WORK

KVQA Tasks: Visual Question Answering is a well-studied task [Z, 162]. This task has been ex-
tended to scenarios that require the ability to read text within images, leading to the develop-
ment benchmarks such as st-vqa [19, 20], textvqa [196], docvqa [148]], and ocr-vqa [150]. While
these benchmarks were successful in their intent of integrating reading and reasoning abilities
in VQA, they are often restricted to reasoning around what is visually apparent. To address this
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gap and encourage models to perform reasoning beyond visually apparent facts, [195] introduced
knowledge-aware Text-based VQA task. Distinctively different from other knowledge-aware vi-
sual question answering tasks such as kb-vqa [223], fvqa [222], kvqa [186], ok-vqa [146], and In-
foseek [30], Text-KVQA deals with reasoning over visual text entities and associated knowledge
to arrive at answer.

Methods Prior to Large Multimodal Models: Early methods to solve knowledge-aware VQA tasks fo-
cus on leveraging knowledge in the form of triplets [152,153,234], or sub-knowledge-graph [195,
265] or memory facts [229]. Later, transformer architectures [213] owing to their ability to encode
intrinsic knowledge using large-scale pretraining, have become defacto for addressing kvqa.

Inspired by the hybrid models, e.g. [67, 116] where intrinsic knowledge of transformer archi-
tectures is complemented with explicit external knowledge; researchers proposed hybrid meth-
ods such as conceptbert [57], krisp [145], and reveal [84] which augment the multimodal trans-
formers with explicitly retrieved external knowledge.

Emergence of Large Multimodal Models: The early success of large-scale pretraining on the down-
stream tasks demonstrated by the foundation models, e.g., bert [46] and gpt [171] paved the
way for the researchers to scale the model and the data used for pretraining. gpt-3 [21] is an
early large language model (Ilm) demonstrating reliable performance on many downstream tasks.
Following this, several llm variants [37, 166, 211, 232, 263] have been introduced. Researchers
adopted these llms to vision-language research, with the key idea being aligning the visual in-
formation with the linguistic information of the llms to come up with large multimodal models
(LMMs) [120,133, 166, 212,252, 271]]. Recently, LMMs have become first-hand solutions for many
downstream vision-language tasks, making them an obvious choice to solve Text-KVQA. Authors
in [102,250] prompt the llms with visual information via dense captions, object tags, object-level
bounding box coordinates, and OCR tags. These methods rely heavily on the implicit knowledge
learned by these llms. Further, kat [65] improves upon such methods by augmenting external
knowledge via retriever before prompting the llm. However, it ignores the explicit visual infor-
mation, which revive [130] aims to fix. Although these methods show significant success, they
have limitations such as hallucination and ignoring visual texts for reasoning. We aim to fill these
gaps by proposing a novel solution for Text-KVQA.

Visual Entity Linking: Entity linking has traditionally been a well-established focus area within the
NLP community [95]. In contrast, the problem of visual entity linking has only garnered attention
in the last decade [82, 186, 203]. [203] have proposed a novel dataset and benchmark for visual
named entity linking. [186] drew attention to the need for visual entity linking for addressing
knowledge-based visual question answering. Open-domain Visual Entity Recognition has also
been studied in the literature [23}82,239]. However, most of these works have focused on linking
entities such as persons, landmarks, and other named entities, while neglecting visual text such as
business brand names and movie or book titles. In this work, we address this gap by proposing
a principled solution for visual text entity linking and demonstrate its utility as a precursor to
Text-KVQA.
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Figure 4.2: Overview of our proposed framework KaLMA. We first link the visual text in the image I to the entity
Er using VisTEL (Section and its associated knowledge K7 is fetched. Then, we frame an instruction
prompt with the question @) and the knowledge K7, and encode it using the LM M cpedding module f to
obtain textual features X7, . We encode the image I using a vision encoder to obtain visual features X;.
Then, we concatenate X; and Xr,,, and feed them to the LMM to generate an accurate answer A to the
question (). Instruction prompt templates used in our ablation study are shown in the bottom right box,
where 77" is the visual text of the image I.

4.3 METHODOLOGY

Problem Statement: Text-KVQA [195] is a knowledge-intensive visual question-answering task
that requires a system to read and interpret the visual text in an image and leverage it as a gateway
to access and reason over external knowledge to answer the question. The external knowledge
base K consists of a set of n entities £ = { £, Eo, ..., E,, } and their corresponding knowledge K =
{K1, K, ..., K,,}, where each K; is a set of facts. For example, Domino’s Pizza is an entity whose
associated knowledge facts, obtained in the form of triplets from Wikidata, are concatenated to
form simple sentences such as “Domino’s Pizza is a restaurant”, “Its headquarters are in Ann Arbor
Charter Township”, “It belongs to the fast food industry”, and so on. In this section, we describe our
approach, whose overall architecture is illustrated in Figure Our approach first links visual
text entities using the proposed VisTEL module and retrieves relevant knowledge to the entity
(Section[4.3.T), it then reasons over the image and the retrieved knowledge to answer the question

(Section 4.3.2).
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Figure 4.3: Challenges associated with Visual Text Entity Linking: (a) Visual text entity may appear as abbrevia-
tion instead of the entity name directly, e.g. “RBS” instead of “The Royal Bank of Scotland”, (b) Visual text
with varying font and stylized orientation pose a challenge to the recognizer, (c) Example of homonyms
where visual text HP may refer to ‘Hewlett Packard’ (left) or ‘Hindustan Petroleum’ (right).

4.3.1 VISTEL: VISUAL TEXT ENTITY LINKER

Entity linking is a well-studied task [95], where given a sentence, the named entities need to be
identified and linked with their corresponding entities in a knowledge base. In this work, we
study an analogous task, where the input is no longer a sentence, but instead an image containing
visual text entities and the task is to link them to a corresponding external knowledge base.

One plausible solution, as shown in [195], is to extract the visual text in these images using
visual text recognition engines and then leverage distance-based text similarity methods between
the recognized text and the candidate entities for the entity linking task. However, such methods
are highly sensitive to the following challenges: (i) Noisy or imperfect OCR may lead to wrong
entity linking, and (ii) visual text might contain abbreviations instead of the entity names, e.g.
“RBS” for the entity “The Royal Bank of Scotland”, (iii) The problem of homonymy, e.g. visual
text HP may refer to ‘Hindustan Petroleum’ or ‘Hewlett Packard’. Furthermore, unlike entity linking
which often benefits from larger textual contexts; visual text entity linking has limited textual con-
text, e.g., surrounding visual texts, and often must infer correct entities based on visual context.
Please refer to Figure 4.3/ for a selection of challenges associated with visual text entity linking.
The other plausible solution is to use large multimodal models (LMMs). By virtue of large-scale
pretraining, they have strong abilities to reason and infer correct entities based on visual cues.
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Figure 4.4: lllustration of VisTEL. We extract visual text from the given image using visual text recognition
engine and, based on textual similarity, obtain k candidate entities from the knowledge base. We fit OCRed
text and the candidate entities into an instruction prompt template and encode the image using a visual
encoder and the text prompt using an LMM embedding module to obtain X; and Xr, respectively. Once
encoded, LMM generates the entity associated with the visual text in the image. Please refer to the Sec-

tion @

However, we observe that feeding only the image without the surrounding OCRed text often
results in hallucinations. To address these shortcomings, we propose Visual Text Entity Linker
(VisTEL) that links the visual text present in an input image to its corresponding entity by jointly
reasoning on textual context obtained using an explicit specialized visual text recognition engine
and visual context obtained using a vision encoder of a large multimodal model. The architecture
for VisTEL is illustrated in Figure

Visual Text Recognition Engine: Given an image I, we extract text 77" = {t{“", t37", ..., t2“" } ; using
specialized visual text detection and recognition methods. We, then find a set of k£ candidate
entities £; based on the normalized edit-distance (NED) score between the entity name in the
knowledge base with 77°". We use state-of-the-art text detection and text recognition approaches,
namely dbnet [127] and ParSeq [16], respectively.

Vision encoder: We use the output of the last transformer layer of a pretrained CLIP visual encoder
ViT-L/14 [169] as our patched image features X; € RP*%, where p and d, are the number of
patches and encoding dimension of ViT, respectively. Further, these image features are projected
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to djpmm dimension using a linear layer g to obtain the final sequence of image features X; €
RdeLMM, ie, X7 = g(X]).

Large Multimodal Model: Once we obtain the OCR-ed text 77" and candidate entities £7, we frame
the following instruction prompt:

Instruction prompt template for VisTEL

<image>

USER:Given an image. The task is to link the visual text {T7“"} to one of the following
entities: {&}

ASSISTANT:{E,}

Then, we feed the prompt to the embedding module h of the LMM to obtain text tokens
Xroer.g, € RIxdoamnm je Xroer.g, = h(prompt(T7<" : &£r)), where | and dj;y,,,, are the number of
text tokens and input embedding dimension for the LMM, respectively. We, then concatenate im-
age features X and text features X Toer .15 and feed it as an input to the large multimodal model.
VisTEL auto-regressively predicts the probability of the next token Ej, in the target entity E; by
attending to the input prompt tokens and the previously generated entity tokens E;.;. We train
VisTEL by optimizing the language modeling loss for generating the target entity conditioned on
the inputs X7 and Xroer.g; .

4.3.2 KALMA: KNOWLEDGE-AWARE LARGE MULTIMODAL ASSISTANT

We present Knowledge-aware Large Multimodal Assistant (KaLMA) for addressing Text-KVQA.
The KaLMA is an effective architecture that seamlessly integrates questions and images in the
context of external knowledge in a trainable architecture to generate accurate answers.

We use visual features X7 from the vision encoder. Further, we concatenate question () and the
knowledge K via instruction prompt template (as shown in the Figure[4.2) and feed to the embed-
ding module f of the LMM to obtain text tokens X, K, € R™*dimm j e, Xrg.x, = f(prompt(Q :
K7)), where m is the number of text tokens. Then, we concatenate image features X, and text fea-
tures X7, and feed to the large multimodal model to generate the accurate answer A. Further,
to bring attribution ability, we model KaLMA to generate the supporting fact S that contributed to
the answer along with answer generation. From here onwards, we will refer answer and support-
ing fact together as A. KaLMA predicts the probability of the next token A4,, in the answer A4, in
an auto-regressive manner. It does so by attending to the prompt inputs and the previously gen-
erated tokens A,;. We train by minimizing the generative language modeling loss Lans_gen(6),
which aims to generate the target tokens based on the inputs X; and X7, . (Eq. . Note that
target tokens comprise both the answer and the supporting fact. During training, we leverage
the ground truth entity and its corresponding knowledge K7, while during inference, we obtain
it using our VisTEL module. We reuse the weights of VisTEL to initialise KaLMA.
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|A]

Eansgen<9) - - Z log(PQ(Aat ’A(l<ta X], XTQ;KI )) ) (41)
t=1

where 6 are the trainable parameters, A,«; represents the answer tokens already generated
before predicting the token A,, at the current time step t.

4.4 EXPERIMENTS AND RESULTS

4.4.1 DATASET, METRICS AND COMPARISONS

We conduct our experiments on Text-KVQA [195] dataseﬂ The questions in this dataset span
across three splits, namely, scene, book, and movie containing natural scene images, book covers,
and movie posters, respectively. These splits have (50K questions, 10K images, 500 entities), (1M
questions, 207K images, 207K entities), (222K questions, 34K images, 34K entities), respectively.
Further, each of these splits comes with its own knowledge base, namely KB-business contain-
ing knowledge facts about business brand entities harvested from Wikidata, KB-book containing
knowledge facts about books harvested from a book catalog, and KB-movie containing knowledge
facts about movies harvested from IMDB, respectively. For each split, we follow the similar train-
test division as [195] where entities in train and test sets are disjoint. We evaluate the methods
using an accuracy metric.

Along with traditional VQA baselines, we compare the question answering performance of
our proposed approach KaLMA with methods from the following three major categories: (i) Pre-
LMM Approaches: here, we choose classical transformer-based baselines, namely, GPT-2 [171]
(text-only), GPT-2 (with BLIP-2 [120]-extracted captions as visual context), ViLT [106] and VL-
Bart [35]. For an encoder-only model like ViLT, we treat Text-KVQA as a classification-style vi-
sual question answering where the task is to predict the answer from a set of all possible answers.
(ii) LMM-based Approaches: restricting ourselves to open-source models, we choose four popular
LMMs, namely, mPlug-Owl [252], MiniGPT4v2 [271], LLaVA-1.5 (7B) [133] and InstructBLIP [40]
for comparison. Prompts used and other fine-tuning details for these LMMs are discussed in the
Appendix. (iii) SOTA approaches: we also compare against memory network [229] and graph neu-
ral network-based approach [195] which are the current state of the art. In addition to these com-
parisons, we compare the visual text entity linking performance of our proposed VisTEL against
recent multimodal retrievers from UnilR [227], specifically CLIP-SF and BLIP-SF, where we use
image and visual text to retrieve entities from the knowledge base.

2Available at: https://textkvqa.github.io
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Accuracy on Text-KVQA

Method scene book movie
Traditional VQA Baselines
BiLSTM 17.0 124 11.3
BoW+CNN 11.5 8.7 7.0
BLSTM+CNN [7] 19.8 17.3 15.7
HiCoAttenVQA [139] 22.2 20.4 18.4
BAN [105] 235 22.3 20.3
Pre-LLM Approaches
GPT-2 [171] 22.8 223 31.8
GPT-2 (w/ Visual Context) 254 43.2 38.5
ViLT [106] 38.2 31.1 40.1
VLBart [35] 35.1 38.6 41.5
Previous SOTA
Memory Network [229] 49.0 57.2 42.0
Singh et al. [195] 54.5 62.7 45.2
LLM-based Approaches
mPlug-Owl [252] 21.3 26.7 8.2
LLaVA-1.5 [133] 39.2 37.0 46.1
MiniGPT4v2 [271] 48.2 47.7 47.6
InstructBLIP [40] 31.5 30.3 299
Ours (KaLMA)
w/ NED retrieval 54.9 63.4 70.8
w/ VisTEL 72.7 (118.2%) 82.3 (119.6%) 77.4 (132.2%)
~ Oracle 93 928 ¢ 94

Table 4.1: Results on Text-KVQA: Various methods on the three data categories of Text-KVQA dataset,
namely, scene, book and movie.

4.4.2 IMPLEMENTATION DETAILS

We implemented our method using PyTorch and the Huggingface Transformers library [231].
We used LLaVA-1.5 as our foundation model for both VisTEL and KaLMA models. Note that,
LLaVA-1.5 is trained on CC3M [188] and MS-COCO [129]. We have carefully examined these
datasets for duplicates and found no overlap with the evaluation set of Text-KVQA. Further,
dbnet [127] and ParSeq [16] are used as visual-text detection and visual-text recognition modules
in the visual text recognition engine, respectively. We fine-tuned VisTEL with LoRA for 10 epochs
with a learning rate of 1e-5 with a batch size of 128. Similarly, we fine-tuned KaLMA with LoRA
for 6 epochs with a learning rate of 2e-5 with a batch size of 64. LoRA details are as follows: rank:
16, alpha: 32, dropout: 0.05, for both the models. Our experiments are conducted on a machine
with three A6000 GPUs (48 GB each). We make our implementation publicly available at our
project websiteﬂ

3https ://v12g.github.io/projects/LMM4Text-KVQA/
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Method Visual Context  Textual Context scene book movie

Text-only
Direct match X v 54.8 63.6 58.1
NED X v 57.1 66.5 60.1

Multimodal retrievers
UnilR (CLIP-SF) v v 64.5 78.8 45.2
UnilR (BLIP-SF) v v 60.6 78.5 50.1

B o 1 35—

VisTEL 73.2 76.9 66.6

v X
VisTEL X v 31.5 9.8 11.6
VisTEL v v

Table 4.2: Visual Text Entity Linking Results. We report Recall@1. Text-only retrievers: direct match and nor-
malized edit distance-based methods and Multimodal retrievers: CLIP-SF and BLIP-SF from UnilR [227]
fall short. On the contrary, the proposed VisTEL, which leverages both visual and textual context (sur-
rounding OCRed text) in an LMM framework, shows impressive visual text entity linking performance
over both text-only as well as multimodal retrievers.

4.4.3 RESULTS ON TEXT-KVQA

We quantitatively evaluate our proposed framework KaLMA on Text-KVQA and compare against
relevant methods in Table[d. T, We report accuracy averaged over the entire test set for all the three
splits of Text-KVQA. It is no surprise that traditional VQA baselines perform poorly as they do
not have the ability to read and reason over visual text. Pre-LMM language models (GPT-2) and
vision-language models (GPT-2 w/ visual context, ViLT, VisualBert) along with LMM baselines
(mPlug-Owl, LLaVA-1.5, MiniGPT4v2, InstructBLIP) outperform traditional methods, but fail to
outperform knowledge-aware methods including the state-of-the-art method [195]. We observe
that on knowledge-intensive tasks like Text-KVQA, the OCR-free capabilities acquired by LMMs
are due to heavily correlated hallucinations of visual objects, thereby fall short to our proposed
approach by a significant margin. Our proposed framework seamlessly integrates knowledge as-
sociated with visual text entity (extracted using our proposed VisTEL) and significantly enhances
the performance on Text-KVQA. To be specific, we advance the state-of-the-art by 18.2%, 19.6%,
and 32.2% on scene, book, and movie splits of Text-KVQA on an absolute scale. This superi-
ority of our approach demonstrates its efficacy in knowledge-aware text-based visual question
answering.

4.4.4 VISUAL TEXT ENTITY LINKING RESULTS

We report them in Table[#.2] Here, we observe that the proposed VisTEL clearly outperforms both
(i) Text-only retrievers, such as a direct match or normalized edit distance-based match of OCRed
text and entity name, and (ii) Multimodal retrievers, CLIP-SF and BLIP-SF from UnilR [227]. By
virtue of LMM and joint reasoning of visual and textual (OCR) context for linking visual text, Vis-
TEL yields reasonably advanced performance. Nevertheless, there is still scope of improvement
which we believe can be achieved by further improving visual text recognition, and performing
detailed visual reasoning such as logo recognition. We leave these extensions as future work.
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METEORITES

Input Image

el BTN | -
Question Which retail store is this? Which year this was founded? Who is the director of this movie? What is the title of this book?
Ground Truth T.J. Maxx 1927 Danny Boyle Meteorites
LLaVA-1.5 Target Corporation »{ 1976 X James Franco The Geology of Meteorites X
MiniGPT4v2 Target X 1995 X James Cameron X Metamorphic Rocks >
InstructBLIP Retail Store X 1991 X James Cameron { Meteors X

The history and mystery of the most important natural
mPLUG-OwI 99p Stores X 1971 X 1X phenomenon of the last 1000 years meteorites asteroids
and comets 5

Danny Boyle [7] [AND]
KaLMA (Ours) T.J. Maxx [7 [AND] the supporting fact is 1927 [7 [AND] the supporting fact is the supporting fact is Meteorites [74 [AND] the supporting
‘This retail store is T.J. Maxx” ‘7-Eleven was established in 1927 < ie is di ‘This is ‘Meteorites’ book .”

(a) (b) by Danncxl Boyle.’ (d)
(h)

Input Image
Question Which bank is this? Which retail store is this? Where is it headquartered?
Ground Truth
B&Q Jyske Bank Franprix Dallas
LLaVA-1.5 Tesco PLC X Svenska handelsbanken > Carrefour X New York >
MiniGPT4v2 B&Q [ Bnp paribas X Carrefour X Chicago X
InstructBLIP Five Below »{ Bank of sweden X Retail store Thermal City X
mPLUG-Owl 99p Stores X Orsted X 7-eleven X 100 west Madison Street, Chicago X
7, . . ¥, . Franprix [ [AND] Dallas [74 [AND] the supporting fact
KaLMA (Ours) B&Q l,fh!AN?],:hf sup'poBr;mg, factis Jyske Bi:‘r.l‘.:i:g*iﬁ?}'z::;zﬁﬁ?mg fact the supporting fact is is “Tuesday Morning has headquarters
Ia reta) sfore is This retail store is franprix. in Dallas.

Figure 4.5: A selection of our results as compared to implicit knowledge-based LMM approaches. Please refer
Qualitative Results in Sectionfor observations. More results in Section

4.4.5 QUALITATIVE RESULTS

We show a selection of results for text-based knowledge-aware visual question answering and
visual text entity linking in Figure 4.5 and Figure [4.6] respectively.

In Figure LMM models exhibit hallucination over visually apparent objects. In (a), all
LMMs incorrectly identify T.]. Maxx as popular retail stores Target and 99p Stores. In (b), they
provide a random year. In (c), these models are confused over the keyword James, mixing up
the director and actor names on the poster. In (d), LMMs hallucinate and suggest non-existent
book titles. Similar hallucinations can be seen in the other examples (e-h). Our proposed method
owing to visual-text entity linking capabilities and reasoning over explicit knowledge, provides
accurate answers. In Figure[4.6] we observe that our proposed model accurately links visual text
in the images to the correct entity despite noisy OCR in (a), abbreviations in (b), and ambiguous
visual text in (c).
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NED based  VisTEL (Ours)

Retrieval ~ w/o Visual-text VisTEL (Ours)

Input Image

-

State bank of

India Skoda auto Chang Hwa Bank

OCR: [chaghw, '644##', 'bank',
'athlon’, 'chb', 'amd', '119385']

The North The Royal Bank
TJ. Masx Face, Inc. of Scotland
OCR: ['shillin’, 'the', 'gx-18-54',
‘chiliii’, iiiiii', 'rbs', 'mmm’, 'mill' ]
Burlington Burlington
Coat Factory Coat Factory Coach

7 OCR: ['factory', 'coach' ]

Figure 4.6: Comparison of visual text entity linking results. The VisTEL infers the correct entity based on visual
context as well as textual context in the form of surrounding text in the image. Please refer to Qualitative
Results in Section for more details.

Model Visual text EL Knowledge scene book movie
X X 392 370 461
X OCR only 522 498 517
KaLMA v Entity nameonly 532 591 592

v/(w/o VisTEL) Knowledge facts 549 634  70.8
oo YW/ ViSTEL)  Knowledgefacts 727 823 _ 774

MiniGPT4v2
(best LMM method)

Table 4.3: Ablations for showing the importance of visual text entity linking, explicit knowledge facts and
VisTEL. Also, note that the first-row result corresponds to LLaVA-1.5 result from Table as KaLMA
without VisTEL and knowledge is equivalent to LLaVA-1.5. Please refer to Sectionfor more details.

4.4.6 ABLATIONS AND ANALYSIS

We conduct the following ablations and analysis of the proposed work:

(i) What is the need for VisTEL?: To study the performance of our model in the absence of the pro-
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Detection Recognition scene book movie

EAST CRNN 672 813 66.4
CRAFT CRNN 67.7 819 75.1
DBNet ParSeq 72.7 82.3 77-4

Table 4.4: Effect of Different Text Detection and Recognition Approaches in our approach.

posed VisTEL module, we replace it with traditional edit-distance-based entity linking where
entities are sorted based on the normalized edit-distance between extracted OCRs and the entity
name. The results of this ablation, as shown in Table |4.3| further support our claim that the su-
perior visual text entity linking capabilities of the proposed VisTEL, enhances the downstream
performance of KaLMA.

(ii) What is the need for visual text entity linking and explicit knowledge in Text-KVQA?: We show
these ablation results in Table We, first, skip visual entity linking in the KaLMA, and feed
only the extracted OCRed text to KaLMA. The drop in performance shows the utility of visual
text entity linking. Second, we perform visual entity linking, but, we feed the visual text linked
entity name from the VisTEL as input to KaLMA. Our observations indicate that although entity
names give some hints about the associated knowledge and reduce hallucination to some extent,
it is not as useful as using explicit knowledge in our full model.

(iii) How much does choice of visual text recognition engine matter?: In this ablation, we replace db-
net [127] and parseq [16] used in KaLMA with craft [9], east [270] and crnn [189], and report the
results of KaLMA on Text-KVQA in Table Although effective visual text recognition is crit-
ical to the performance, our model that jointly reasons on visual and textual context, performs
reasonably well even with sub-par visual text recognition.

(iv) Attribution ability of KaLMA: To study the impact of support fact generation (SFG) along with
the answer generation on the performance of KaLMA, we train KaLMA without support fact
generation, and report the results in Table We observe that KaLMA’s performance drops
slightly, further supporting our claim that support fact generation elicits chain-of-thought rea-
soning, thereby improving the performance of answer generation along with adding attribution
abilities to the model.

(iv) Cost analysis: We provide a comparison of KaLMA with a traditional non-LLM-based ap-
proach (ViLT). Our approach takes on average 5.6s per sample, which includes 4s for visual text
recognition, 0.8s for entity linking using VisTEL and 0.8s for VQA using KaLMA as compared
to ViLT which takes on average 0.2s per sample during inference. The training time (finetun-
ing) of both these models are 36 and 8 hrs, respectively. Furthermore, the trainable parameters
for both these models are 20M (Total size: 14B) and 114M (Total size: 114M), respectively. We
achieved speed-up in our LMM components through parameter-efficient fine-tuning (LoRA) with
16-bit precision and 8-bit quantization during inference. As anticipated, traditional models have
anotable advantage in terms of computational efficiency compared to our LMM-based approach.
Nonetheless, we substantially surpass them in Text-KVQA accuracy.
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SFG scene book movie

v 72.7 82.3 77-4
X 714  83.5 76.9

Table 4.5: Performance of KaLMA w/ and w/o supporting fact generation (SFG).

Text-KVQA (scene) Text-KVQA (book) Text-KVQA (movie)
Method B D P L OE B D P G OE B D P G L OE
Pre-LLM Methods
GPT-2 548 02 0.0 137 154 545 438 0.1 43 06 745 21 00 152 637 00
GPT-2 (w/ Visual Context) 57.1 0.3 00 161 170 801 638 52 451 75 754 32 00 243 668 293
ViLT 759 0.0 00 339 287 68 633 0 21.3 09 85 44 02 421 767 00
VLBart 789 02 00 188 274 792 620 17 349 09 8.4 63 00 437 767 0.0
LLM Methods
mPlug-Owl 22 8.9 0.0 45 98 195 69.7 387 438 12 78 175 07 9.7 6.2 55
LLaVA-1.5 811 0.0 20 387 234 79 706 193 573 27 848 135 03 1.6 727 99
MiniGPT4v2 817 27 13 499 417 801 719 182 542 66 799 136 12 537 784 304
InstructBLIP 50.0 0.1 66 297 328 498 703 22 152 128 500 6.6 03 14 76,5 395
Ours
KaLMA 772 69.0 76.8 678 69.9 885 729 80.0 80.2 79.6 842 69.6 74.8 70.6 91.5  69.1
KaLMA (Oracle) 839 958 954 919 918 980 964 982 999 982 999 998 959 100.0 100.0 99.7

Table 4.6: QA accuracy performance breakdown for various methods by question categories on Text-
KVQA. Categories are B: binary, D: date, P: people, L: location, G: genre and OE: open-ended.

4.4.7 RESULTS WITH QUESTION CATEGORISATION

We show the visual question-answering results over concretized sub-categories under each of the
scenes, book and movie split in Table[.6] We observe that our proposed model shows remarkable
performance across diverse question categories, particularly in the challenging categories such as
date, people, and open-ended question categories.

4.4.8 FINETUNING DETAILS OF LMMS

In this section, we explain the hyperparameters and prompts used to finetune the LMMs. Note
that we conduct all our experiments on a machine with 3 48GB A6000 GPUs. For mPlug-Owl and
MiniGPT4v2, we have used hyperparameters as per the original papers.

mPlug-Owl: We finetuned mPlug-Owl with LoRA for 6 epochs with a learning rate of 2e-5 with a
batch size of 256. LoRA details: rank: 8, alpha: 32, dropout: 0.05.

Instruction prompt template for mPlug-Owl

The following is a conversation between a curious human and an Al assistant. The assistant
gives accurate and crisp answers to the user’s questions.

Human: <image>

Human: {Q}

AL {A}.

\.

MiniGPTv4v2: We finetuned MiniGPTV4v2 with LoRA for 6 epochs with a learning rate of 3e-5
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with a batch size of 128. LoRA details: rank: 16, alpha: 64, dropout: 0.05.

Instruction prompt template for MiniGPT4v2

<image>
{vqa} Based on the image, respond to this question with a short answer: {Q}, ASSISTANT:
{A}

InstructBLIP: We finetuned InstructBLIP for 3 epochs with a learning rate of 1e-5 with a batch size
of 128.

Instruction prompt template for InstructBLIP

<image>
USER: {Q}. ASSISTANT: {A}

LLaVA-1.5: We finetune LLaVA with LORA for 6 epochs with a learning rate of 5e-5 with a batch
size of 64. LoRA details: rank: 16, alpha: 32, dropout: 0.05.

Instruction prompt template for LLaVA-1.5

<image>
USER: {Q}. ASSISTANT: {A}

4.4.9 ADDITIONAL SPLIT-WISE QUALITATIVE RESULTS

More qualitative results on movie and book splits of Text-KVQA are shown in Figure .7/ and
Figure 4.8} respectively.

4.5 CONCLUSION

We have revisited the Text-KVQA and significantly advanced state of the art on this task. Our
findings suggest that visual text entity linking, combined with seamless reasoning using both
visual and textual cues, as well as explicit external knowledge via LMV, is key to our success.
We performed extensive ablation studies and analyses to support our claims. The future scope
of this work is to expand the dataset with more visual-intensive queries and address Text-KVQA
for multilingual societies.
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Input Image
ePlasticFaople
Sl
DS iy — _ e

T e e 1 T 7
Question Who is the director of the movie? In which year this movie was released? Is this a biography? What is the release year of this movie?
Ground Truth Michele Lupo 2015 No 2014
LLaVA-1.5 John Huston »{ 1975 X Yes X 2007 X
MiniGPT4v2 John Cleese X 2014 X Yes X 2008 X
InstructBLIP Shin'ichird Sawazaki ) 2013 X No [ 2013 X
mPLUG-OwI! Nigoi > 2010 X Yes X 2020 X

Michele Lupo [ [AND] y . . No [ [AND] 2014 [ [AND] the supporting fact is
KaLMA (Ours) the supporting fact is igllci':‘f '?re?ﬂh'aeozurzf;::;gi:‘°;(;1';. the supporting fact is “Exle nation: the plastic people was
‘Sette volte sette is directed by michele lupo.” Hecome o Lel Was TEEQSEEIN 2253 “The sound and the shadow is a comedy movie! i »
(@ (b) © (d)

Figure 4.7: A few more selection of our results as compared to implicit knowledge-based LMM approaches
on the movie subset of Text-KVQA.

Input Image
Ch&lesterol
e
Question Who wrote this book? Is this a games related book? Is this a pharmaceutical book? What type of this book is this?
Ground Truth Polybius No Yes Travel
LLaVA-1.5 Anonymous X Yes X No X Literature Fiction »¢
MiniGPT4v2 Pylos X Yes X No X Literature Fiction »{
InstructBLIP Sophus Clausius > No %4 No X Reference X
mPLUG-Owl Strabo X Yes X Yes 74 Fiction
Polybius [ [AND] No [74 [AND] the supporting fact is No [ [AND] Travel [ [AND]
KaLMA (Ours) the supporting fact is T t terol con. the truf o the supporting fact is the supportin f::ct is “Finding the
‘The rise of the roman empire (penquin classics) is  really causes heart disease and how to avoid it  ‘The mad dogs and englishmen genre is medical PP 9 cinding The
written by polybius.” book’s genre is health, fitness and dieting.” books.” center book's genre s travel-
@ (b) © ()

Figure 4.8: A few more selection of our results as compared to implicit knowledge-based LMM approaches
on the book subset of Text-KVQA.

4.6 LIMITATIONS

We observe the following limitations in our work: (i) Existing visual text recognition pipelines suf-
fer on low-resolution images where it is challenging to extract visual text, which further impacts
the performance of our VisTEL (ii) In the dataset we use, it was assumed that each image contains
only one visual text entity which may not be always true in a real-world scenario. (iii) Current
state-of-the-art visual text recognition engines are not effective enough over multi-lingual text in
the wild; Hence, in this work, we further assume the visual-text is English which again might
not hold in a realistic setting. (iv) The temporal nature of knowledge, such as the entity “Statoil”
being renamed “Equinor” over time, is not handled by our current models. We leave addressing
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these limitations as a future work.

4.7 ETHICAL CONSIDERATIONS AND BROADER IMPACT

This work is based on the publicly available Text-KVQA dataset, which predominantly contains
English visual text, and the associated knowledge base, questions, and answer pairs are also in
English. The dataset may have some geographic bias that went undetected in this work, a com-
mon issue with many public computer vision and NLP benchmarks. Additionally, our work
uses large multimodal models (LMMs), which can inherit and potentially amplify biases from
the large-scale pretraining data used.

We are mindful of the environmental impact of using LMMs due to their heavy computational
requirements. To mitigate this, we judiciously used LMMs by reusing pre-existing checkpoints
wherever appropriate.

We open-source our implementation to facilitate reproduction and further study. Neverthe-
less, a more rigorous inspection is indeed required before deploying the proposed model in real-
world applications to ensure ethical considerations are comprehensively addressed.

Broader Impact: The proposed work has the following broader impact: (i) The ability to link visual
text entities to knowledge bases and leverage this linked knowledge for answering questions can
improve the accuracy and relevance of information retrieval systems. Although not studied in
this work, this may be particularly valuable in content recommendation systems and search en-
gines. (ii) This research contributes to advancing the capabilities of Al systems to understand and
interact with multimodal information (text and images), which can benefit applications in fields
such as virtual assistants, content understanding, and automated decision-making. (iii) Method-
ologically, contributions such as VisTEL provide new frameworks and techniques for visual text
entity linking, which can inspire further innovations in Visual NLP.



5

Augmenting VLMs with Visual
Knowledge for Retrieval-based Visual
Question Answering

In this chapter, we augment vision-language models with visual knowledge for retrieval-based
visual question answering. While the previous chapters addressed knowledge integration in
single-image settings using textual knowledge, many real-world scenarios require aggregating
evidence from multiple images. To address this challenge, we introduce the task of Retrieval-
based Visual Question Answering (RetVQA), where each question is paired with a pool of candi-
date images containing both relevant and irrelevant content. Solving this task requires identify-
ing the supporting images and reasoning over them collectively. To benchmark progress on this
setting, we curate the RetVQA dataset and highlight its distinct characteristics, including multi-
image reasoning, retrieval dependence, and the need for both classification-style and open-ended
answers. To solve the task, we propose MI-BART (Multi-Image BART), a retrieval-augmented
encoder-decoder framework that first selects relevant images using a dense retriever and then
attends across the retrieved set to generate fluent and accurate answers. Extensive experiments
show that our framework achieves state-of-the-art performance on RetVQA and delivers strong
gains on the image subset of the WebQA dataset, demonstrating the effectiveness of visual knowl-
edge retrieval in improving reasoning for multi-image VQA.

5.1 INTRODUCTION

Question Answering (QA) over textual as well as visual data has been an active area of research [66,
79)]. In text-based QA, the research focus has recently shifted from highly-explored QA on a single
paragraph such as SQuAD [174] to a setting where mining answers from a huge corpus of doc-
uments is a requirement [2,[79]. On the contrary, visual question answering (VQA) [7] literature
has so far largely restricted itself to answering questions about a given relevant visual context
(often a single image). However, this does not necessarily suffice to satisfy our information needs
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[ Q: “Do the rose and sunflower share the same color?” ]

~ Multilmage Context

[ A: “No, the rose and sunflower do not share the same color.” ]

Figure 5.1: Given a question and a pool of images (multi-image context), RetVQA task involves two stages:
(i) retrieve the relevant images from the pool, and (ii) generate a free-form natural language answer by
reasoning over the retrieved relevant images as context.

since the information may be spread across multiple images and may not be present in some im-
ages. For example, consider a natural language question ‘Do the rose and sunflower share the same
color?’, answering such a question from a pool of images as visual context (refer Figure 5.1, re-
quires a model to first retrieve relevant images and then perform visio-lingual reasoning on the
retrieved images to arrive at a fluent free-form natural language answer. We refer to this prob-
lem as RetVQA or retrieval-based visual question answering. The RetVQA setting has potential
applications in question answering on web images, e-commerce, environmental monitoring, and
health care, among others, e.g., multiple images of a particular area can be analyzed to moni-
tor environmental changes over time; multiple MRI or CT scans of a patient’s brain need to be
analyzed to detect abnormalities, such as tumors.

For RetVQA, the input is a pool of images with only a few images being relevant to the ques-
tion. Close to our setting, there is some exciting progress in the recent literature [15] 24, 197, 205].
However, these works assume one or more of the following constraints: “without requiring ex-

s

plicit retrieval”, “having classification-type fixed-vocabulary answers”, “assuming the availabil-
ity of meta-data like WikiEntities, captions”, “having a homogeneous yet limited number of im-
ages in the pool”, and “having only a small set of questions that need multiple images”. Such
constraints in the existing datasets point towards a need for a large-scale benchmark to study
RetVQA. To this end, we present a derived dataset prepared from Visual Genome [110], leverag-

ing its questions and annotations of images. We curate questions under different categories: (i)
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Measurement Value

#Distinct questions 418K
#Distinct precise answers 16,205
Train set questions 334K (80%)
Val set questions 41K (10%)
Test set questions 41K (10%)
Avg question length (words) 8.7

Avg answer length (words) 8.5
#Distinct words in questions 10,868
#Distinct words in answers 9,278

#Avg relevant images per question 2
#Avg irrelevant images per question 24.5

Table 5.1: Key statistics for RetVQA dataset.

common attributes such as color, shape, and count, (ii) other object-attributes that include non-
common attributes, e.g. length, material, and (iii) subject-object relationships, e.g., ‘eats’, ‘left of .
Further, to facilitate benchmarking capabilities of the VQA models over open-ended answers,
we curate questions under binary (yes/no) and open-ended answer categories. Note that the an-
swers are free-form fluent in both the answer categories, e.g. “No, rose and sunflower do not share the
same color’ (a binary answer); “The color of rose and sunflower is red and yellow, respectively’ (an open-
ended generative answer). RetVQA dataset statistics and distribution across the question-answer
categories are shown in Table 5.1|and Table respectively.

Further, to solve the RetVQA task, a model must first retrieve the relevant images for the ques-
tion and then consume the retrieved images as the context to answer the question. Towards this
end, we present a unified Multi Image BART that takes in the question along with the multi-image
context retrieved using a relevance encoder to generate the free-form fluent natural-language an-
swer. Our proposed framework, MI-BART, allows joint reasoning over multiple retrieved images
along with the question to capture better semantics.

The first contribution of this work is the introduction of RetVQA, a dataset that is 20x larger
than the closest existing dataset [24] in this setting. RetVQA is constructed by leveraging questions
and image annotations from Visual Genome, with a particular focus on multi-image, metadata-
independent questions over a heterogeneous pool of images. The dataset is designed to encourage
both classification-oriented and generative answers, thereby promoting deeper reasoning capa-
bilities. We believe that the proposed task, dataset, and benchmarks will serve as a strong founda-
tion for future research in this direction. The second contribution is MI-BART, a unified method
that jointly reasons over the retrieved multi-image context and the question in order to generate
a fluent, free-form answer. Unlike single-image or metadata-driven approaches, MI-BART ex-
plicitly integrates signals from multiple retrieved images, enabling robust reasoning across het-
erogeneous visual content. The third contribution is extensive experimentation to evaluate the
effectiveness of our proposed framework on both RetVQA and the image segment of WebQA.
Our approach significantly outperforms baseline methods on RetVQA and achieves state-of-the-
art results on the WebQA image benchmark.
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Question Category Binary Open-ended | Total
Color 50K 50K 100K
Shape 49K 50K 99K
Count 50K 50K 100K
Object-attributes 80K - 80K
Relation-based - 38K 38K
Total 229K 188K 418K

Table 5.2: Distribution of questions by various categories in RetVQA dataset. The answers are of two types:
binary-generative and open-ended generative.

The remainder of this chapter is organized as follows. In Section 5.2 we review related liter-
ature on visual and multi-modal QA, as well as multimodal models. Section [5.3|introduces our
newly curated RetVQA dataset and analyzes its key properties. Section[5.4presents our retrieval-
based QA methodology, including the problem formulation, multimodal relevance encoder, and
the proposed MI-BART framework. Experimental setup, results, and ablation studies are dis-
cussed in Section 5.5 followed by qualitative analysis. Finally, Section[5.6/concludes the chapter
with key takeaways and future research directions.

5.2 RELATED WORK

Visual and Multi-modal QA. Visual Question Answering (VQA) aims at answering a natural lan-
guage question in the context of a relevantimage [7]. This area has seen significant progress partly
due to the introduction of several challenging datasets [7,162,192,[110,142,178,272]. Most methods
for VQA either use a multimodal fusion of language and image embeddings [56| 101 154, [178],
attention-based multimodal fusion [54}[139] 190, 243] 251]] or neural module networks [6}/83]. More
recently, knowledge-based VQA [146]186] has gained attention where external knowledge is used
for answering visual questions. Contrary to these exciting works in VQA literature, our problem
setting is distinctively different as we need to mine the answer from a collection of relevant as
well as irrelevant images.

Sharing a similar motivation as ours, the following tasks and accompanying datasets have
been recently introduced in the literature: (i) MultimodalQA [205], (ii) ISVQA [15], and (iii) We-
bQA [24]. In MultimodalQA [205], only a small part of the dataset (ImageListQ) is relevant to
our setting; however, even on this subset, MultimodalQA assumes the availability of extra image
metadata, i.e., table or WikiEntity linkage. Similarly, in ISVQA [15]], every question has a small set
of homogeneous images as context. Since images are homogeneous, there is no need for explicit
retrieval. Recently, WebQA [24] dataset has been proposed to target such practical QA scenarios,
where a question has to be answered in the context of multimodal sources; however, the im-
ages in the dataset have associated captions. All of these settings have differences from RetVQA
in either usage of additional context, constraints on images in the collection, answer schema, or
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Retrieval Heterogeneous Multi-image  No Meta-data % of questions that

Dataset #Questions . , . . Answer type .,
required images reasoning assumption need multiple images
MultimodalQA [205] 2K X X 4 X (WikiEntities) ~Classification 6.1%
ISVQA [15] 141K X X 4 v Classification 33%
WebQA [24] 18K 4 v v X (Captions) Open-ended 44%
RetVQA (Ours) 327K v v v v Open-ended 100%

Table 5.3: Comparison of our curated dataset RetVQA with other relevant QA datasets. For Multimodal
QA and WebQA datasets, we have considered their image-only modality questions subset.

classification instead of generation. In another recent work MIMOQA [197], only extractive ques-
tion answering is performed. In terms of reasoning on more than one image, another related
work is NLVR [201]. However, it does not involve any retrieval and open-ended answer gener-
ation. Further, in terms of QA over multiple document images or video frames, related works
are DocVQA [148] and VideoQA [113} 114} 207]. DocVQA focuses on text-heavy document im-
ages, limiting visual reasoning, whereas the VideoQA task does not involve explicit retrieval and
open-ended answer generation. Contrary to these works, our newly curated dataset is signifi-
cantly larger, has no assumption of meta-data availability, and requires retrieval and reasoning
over multiple images to arrive at an answer. A comparison of RetVQA with the relevant datasets
is shown in Table[5.3]

Multi-modal modeling. Recently, multi-modal transformers such as Visual BERT [122], ViIBERT [138],
VILT [106], LXMERT [206], OSCAR [126], UNITER [31] have shown strong results on the down-
stream vision and language tasks. However, these encoder-based models are more suited for
classification-style VQA settings. Multimodal transformers like VLP [269] and VLBart [35] are
pre-trained with sequence-to-sequence objectives and hence are more suitable for the current set-
ting that requires the model to generate free-form natural language answers. We follow a similar
approach by devising an encoder-decoder framework to jointly reason over multiple images along
with the question.

5.3 RETVQA DATASET

Traditionally, VQA datasets [Z, 162,196, 205] assume that the context provided is always relevant
to the question. Recently, [24] proposed a benchmark where given a question and a pool of mul-
timodal sources (containing both image and text snippets as context), only a few of these sources
are relevant to the question. Similar to our problem setup, it requires first retrieving the relevant
context and then using it to answer the question. However, after carefully observing the WebQA
dataset, we found that most questions include rare entities like ‘Maracana Stadium’, ‘Minnetonka
Rhododendron’, etc. Such questions make the retrieval task of the problem non-trivial without
auxiliary information about these images. Methods proposed in [24] leverage metadata like image
captions, which contain information like the name of the entity in the image. Further, a rule-based
retrieval using word overlap of the question with the image caption for the retrieval task has an
F1 score of 37, asserting our claim that retrieval is over-dependent on image metadata and not sig-
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Figure 5.3: Word cloud of Top-80 frequent answers.

nificantly on visual data. Further, the image-based subset of WebQA has a majority of samples
(55.6%) with one relevant image per question, thereby, a single image VQA method may perform
equally well given the relevant image is retrieved.

To overcome such limitations, we curate a dataset RetVQA from Visual Genome, where we
emphasize multi-image, metadata-independent questions over a pool of heterogeneous images,
expecting a mix of classification-oriented and open-ended generative answers. We leverage question-
answer and object annotations of Visual Genome to curate the dataset. We curate truly multi-
image questions spanning over five different categories, namely, color, shape, count, object-attributes,
and relation-based. For each question category, we curate binary-generative and open-ended gen-
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Figure 5.4: Word cloud for color, shape, count type question categories respectively (left to right) in the
RetVQA dataset.

erative answers. Dataset statistics are shown in Tables5.1land

The questions in RetVQA are curated as follows. We start by extracting subjects and rela-
tions of the existing question-answer pairs from Visual Genome; for example, consider these two
question-answer pairs: ¢; (over image I1): “What is the cow eating in the image?” where the
answer is a;: “grass”; and, g2 (over image I2): “what is the sheep eating?” where the answer is as:
“grass”. Given ¢; and ¢, we extract subjects (“cow” and “sheep”), relations (“eating (eat/eats)”),
and then we frame combined questions using templates (over images I and I5) as follows. g3:
“what else eats the same thing as cow does?” with answer a3: “sheep eats the same thing as cow”.
Another question could be g4: “Does cow and sheep eat the same thing?” where the answer is a4:
“Yes, cow and sheep eat the same thing”. Thus, we curate binary-generative (like ¢4) and open-
ended generative (like g3) types of answers. We further associate negative images for each of the
curated questions using their object annotations as follows. A negative image is one where both
the subject and object (used to generate the question) do not exist together in the image. This en-
forces that the answer has to be inferred only when all the relevant images are correctly retrieved
and the negatives serve as sufficiently hard negatives.

We use a random 80%-10%-10% train-validation-test split. All the questions in our dataset
have at least two relevant images and 24.5 irrelevant images on average. Further, Figure[5.2jshows
the distribution of unique answers across question types and question length distribution.

5.3.1 WORD CLOUDS FOR RETVQA

Figure|5.3|shows the word cloud of top-80 frequent answers. We observe that most questions are
in the 5-10 words range, and there is no noticeable bias towards the majority of answers in the
dataset. Figure 5.4/ shows word clouds for popular short answers for the color, shape and count
question categories, respectively (left to right) in the RetVQA dataset. There is a large coverage
across different unique values showing that the dataset does not suffer from any majority bias
across various question categories.
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5.4 RETRIEVAL QA METHODOLOGY

5.4.1 RETVQA PROBLEM FORMULATION

The RetVQA problem is defined as follows. Given a natural language question (@), a set of N
heterogeneous images Z = {I, I2, ..., In}, the task is to generate an answer (A) for the question
@ based on Z where only a few images are relevant for the question. To answer the question
Q using Z, we need a method that retrieves the relevant images 7" C 7 and then leverages the
retrieved context Z". Accordingly, our labelled dataset consists of quadruplets (Q,Z,Z", A).

5.4.2 RETVQA FRAMEWORK

The proposed framework solution: (i) multi-modal relevance encoder for retrieval of relevant
sources Z" from 7 for the given question ) and (ii) a unified Multi Image BART (MI-BART) to
generate fluent free-form natural language answer for the question ) using the retrieved images
1" as context.

Image representation. Inspired by recent vision-language pretraining literature [31,122,126], for
every image /; in 7 where i € {1,2,..., N}, we first detect a fixed set of P objects using Faster
R-CNN [179] pretrained on Visual Genome [110]. For every object p, where p € {1,2,...,P},
we obtain 2048-dimensional regional feature 0,” and 4-dimensional bounding box co-ordinates
o’ Thereby, each image I; is represented by a set of P object proposals {(0"¢, 0****),};. Fol-
lowing [122], for every region p we project both 2048-dimensional regional representation and
4-dimensional bounding box coordinates into the d-dimensional space using a linear projection
to obtain {0, }; and then concatenate across all regions within the image to obtain image embed-
ding o; as follows.

0, = {o,};, wherep € {1,2,...,P},i€1,2,...,N. (5.1)

Question representation. We encode the textual question () containing M words using a pre-
trained BERT [46]. This results into a sequence q of M d-dimensional vectors, q = {qm} where
m € {1,2,..., M}. Note that if any additional metadata is available (e.g. captions in WebQA
dataset), we augment it to the question.

q = {qm} = BERT(Q),where m € {1,2,..., M}. (5.2)

5.4.3 MULTIMODAL RELEVANCE ENCODER FOR IMAGE RETRIEVAL
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Pretraining. Our multi-modal Relevance Encoder (RE) consists of three transformer encoder lay-
ers followed by a multi-layered perceptron (MLP) with a sigmoid unit over the final representa-
tion of the [C'LS] token. We pretrain our relevance encoder on MS-COCO [129] using two unsu-
pervised objectives, Image Text Matching (ITM) and Masked Language Modelling (MLM) similar
to [122].

Question-Image relevance learning. Each sample in our dataset contains a question () and N im-
ages I, I, ..., I of which some have been labelled as positive and others negative. Further, for
each image, we have P regions. We use each question-image pair (Q, I;) to learn question-image
relevance using our multi-modal Relevance Encoder (RE). Our pretrained multi-modal relevance
encoder is fed with question-image pairs, along with two special tokens, [CLS] and [SEPJ; in
short, the input to our relevance encoder is [[CLS], {q1,q2,--.,qm}, [SEP], {015,002, ...,0p }].
Our encoder then allows the input M + P + 2 token sequence of question-image features to at-
tend to each other and produces a sequence of contextualized embeddings. The d-dimensional
contextualized embedding of [C'LS] token is further fed to an MLP with a sigmoid unit to pro-
duce a relevance score (3;) between 0 and 1 (Eq.[5.3), indicating whether the given question-image
pair (Q, I;) is relevant or not. We finetune our multi-modal relevance encoder parameters ¢ by
minimizing binary cross-entropy loss Lrrr(¢) (Eq.p.4).

8 = RE4(Q, ;). (5.3)

Lrer(9) = —E@.1,)~plsilog(s) + (1 — s;)log(1 — 5;)]. (54)

Given a question () and a set of [NV images 7 sampled from our dataset D, we obtain relevance
scores S = {3;}}¥, for each question-image pair (Q, {I;},) using our fine-tuned relevance en-
coder (Eq/5.5). To choose the final set of relevant images Z" from the pool of images Z, we rank all
the images in the pool using S and choose top-K images as our relevant context Z" for the given

question @ (Eq.[5.6).

S ={3;}, where $, = RE(Q, I;),i€1,...,N. (5.5)
I" = {Ii} where k € top-K (.5). (5.6)

5.4.4 MULTI IMAGE BART FOR QUESTION ANSWERING

Given the question and the retrieved images 7", the goal of MI-BART is to generate an accurate
yet fluent free-form natural language answer for the question. Towards this end, we propose an
encoder-decoder architecture similar to SimVLM [226]. MI-BART encoder is a stack of six trans-
former layers [213], where each transformer layer comprises a self-attention layer, followed by a
fully connected linear layer with a residual connection. Similarly, the MI-BART decoder is also a
stack of six transformer layers [213], with an additional cross-attention layer in each transformer
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Figure 5.5: An overview of our proposed framework for retrieval-based VQA. Given a question () and a
pool of images Z, we encode the question and each image using a pretrained BERT and a pretrained Faster
R-CNN, respectively. Once encoded, our multimodal relevance encoder (shown in the yellow box at the
top right) generates relevance scores S for all images in the set with the question. We choose top-K scoring
images as the retrieved relevantimages Z". We encode the images in Z” using Faster R-CNN and feed them
to our MI-BART encoder along with () to facilitate joint reasoning over the multi-image context with respect
to the question. Once the MI-BART encoder encodes the question in the context of retrieved images, the
MI-BART decoder generates the free-form natural language answer A to the question.

layer. We concatenate question embedding q with image embeddings of each image I, in Z" with
a special token [SEP] in between. Also, to distinguish the image features belonging to different
images in the retrieved image set Z”, we assign image order ids to image features from different
images. Note that image order ids are not meant for assigning a sequence number to images in the
retrieved set. Their sole purpose is to differentiate image features from different images. In short,
the input to our MI-BART encoder is [[CLS], {q1,92,---,qm}, [SEP], {01,02,...,0p}1, [SEP], ...,
{o1,02,...,0p}i], wherem € {1,2,..., M}, p e {1,2,...,P}and k € {1,2..., K}. These inputs
attend over each other through various self-attention layers of the MI-BART encoder and produce
a sequence of contextualized embeddings z = {z;}, where j € {1,2,..., M+ (P x k) +k} (Eq.@.

z = {z;} = MI-BARTEncoder(Q,Z"). (5.7)

MI-BART decoder auto-regressively predicts the probability of the next token A; in the an-
swer A by attending to these encoder outputs z and previously generated answer tokens a-;
through cross-attention and self-attention layers, respectively (Eq.[5.8). We train MI-BART de-
coder parameters § by minimizing the generative loss Lo n () for generating the target answer
token conditioned on the question @ and retrieved image context Z" (Eq.[5.9). During training, we
leverage the ground truth relevant images as retrieved image context Z”, while during inference,
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we obtain it from our relevance encoder.

Py(Ai]Act, Q,I") = MI-BARTDecoder(z, A<¢). (5.8)
|A]|
Lapn(0) = —Ezryep | Y log(Ps(Al A<, Q,T7))| . (5.9)

t=1

To summarize, our proposed framework works as follows, given a question () and a pool of
N images Z, we (i) obtain question-image relevance scores S for each question-image (Q, I;) pair
in (Q, Z) using our multimodal relevance encoder, (ii) rank all images in the pool based on S, and
choose top-K images as retrieved images context Z", and (iii) question ) along with the retrieved
image context Z" is fed to MI-BART which encodes the provided context and generates the free-
form natural language answer A to the question (). The proposed framework is illustrated in

Figure[5.5

5.4.5 IMAGE-STITCH MI-BART

Inspired by [15], we consider stitching the retrieved images along the width into a single joint
image and use single image VQA on this joint image. We use our proposed MI-BART for this
baseline; however, we feed the stitched joint image instead of feeding K images. While the MI-
BART combines information across images in the embedding space, the image-stitch MI-BART
combines information across images in the input space.

5.5 EXPERIMENTS AND RESULTS

We conduct our experiments on RetVQA as well as on WebQA. Since our task deals with the
image set as a given context, we consider the image-only subset of the WebQA dataset. Follow-
ing [24], we use accuracy (A), fluency (F), and F' x A, as metrics to evaluate the generated answers.
Accuracy validates whether the correct answer is present in the generated answer, whereas flu-
ency measures the quality of the answer paraphrase. Fluency is computed using a recently pro-
posed natural language generation metric called BARTScore [256]. Further, an F1 score is used
for retrieving relevant images from a pool of images.

5.5.1 BASELINES

We compare our proposed method (MI-BART) and its variant image-stitch MI-BART with the fol-
lowing baselines: (i) Popularity-based Baselines: To check for prior biases associated with frequent
answers globally or per question category, we use two popularity-based baselines. (a) Global
popularity: the most frequent answer in the training set is always considered as the answer by
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the model, and (b) Per-category popularity: the most frequent answer for each question category
is always considered the answer for questions in the corresponding question category. (ii) Ag-
gregate VQA: RetVQA task involves VQA over multiple images. In the Aggregate VQA baseline,
we use the traditional single-image VQA method [7] for each image and aggregate the results.
Given a question ) and its corresponding K retrieved images, Z" from our relevance encoder,
we feed each retrieved image along with the question (@ to a single image VQA model to get a
joint representation. We concatenate joint representations of all retrieved images into a single
representation F and feed to a linear layer (MLP) to predict the final answer, i.e., A = M LP(F).
Since traditional VQA methods follow a classification-style answer prediction approach, we use
the 1000 most frequent answers as classes in the softmax layer. To generate a fluent answer, we
prepend the predicted answer to the question after removing the first word from the question.
This baseline is not benchmarked on the WebQA dataset, as the dataset does not provide precise
answer annotations for the trainset questions. (iii) VLP: As the RetVQA task requires the model
to generate the text, encoder-only multimodal transformer models like ViLBERT [138], Visual-
BERT [122], OSCAR [126], ViLT [106] and UNITER [31] are not directly suitable. Hence, we use
VLP [269] which is a unified encoder-decoder multimodal transformer as our baseline. We fine-
tune a pretrained VLP on our datasets for evaluation.

5.5.2 ABLATIONS

We perform the following ablations to better understand the various components of our pro-
posed model. (i) Question-only: To study the role of the images in generating accurate and fluent
answers, we ignore the images and use questions only as input to our model. (ii) Single-image
retrieval: To study the importance of reasoning over multiple images to generate an answer to
the question, we use top-1 retrieved image as our only context instead of a multi-image context.
(iii) Missing captions: To study the role of image metadata in the relevant source image retrieval
and, thereby, the answer generation, we conduct experiments on WebQA without leveraging the
image metadata (captions). In this ablation, we augment captions (available in WebQA) as part
of the textual input in both the relevance encoder and MI-BART.

5.5.3 IMPLEMENTATION DETAILS

We have implemented our framework in PyTorch [162] and Hugging Face’s transformers [231]
library. Our relevance encoder has three transformer layers, each having eight attention heads.
We pretrain our relevance encoder on MS-COCO [129] with a constant learning rate of 1e-4 us-
ing Adam optimizer [107]. Using the same optimiser, we finetune the relevance encoder on both
datasets with a constant learning rate of 2e-5. Our MI-BART has six standard transformer en-
coder layers and six standard transformer decoder layers [213]; we initialize our MI-BART with
VLBart [35] pretrained weights to leverage the strong visual-textual learning of VLBart. We fur-
ther finetune MI-BART on a multi-image QA task with a learning rate of 5e-5 using Adam op-
timizer with a linear warm-up of 10% of the total steps. Our relevance encoder and MI-BART
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RetVQA WebQA

Oracle Images Retrieved Images Oracle Images Retrieved Images
Method Acc. F  FxA Acc. F FxA Acc. F FxA Acc. F FxA
Popularity-based Baselines
Global popularity 274 145 79 362 167 98 177 13 04 177 13 04

Per-category popularity 278 160 76 278 160 76 252 13 05 252 13 05
Other Baseline Approaches

Question only 624 153 104 624 153 104 222 349 134 222 349 222
Aggregate VQA 692 171 13 66.6 162 11.9 * * * * * *
VLP [269] 65.1 702 588 651 702 588 457 422 259 442 389 241

MI-BART (Ours)
Image stitch MI-BART 782 747 707 721 76.6 668 496 505 275 49.1 503 274
MI-BART 84.2 856 79.8 76,5 79.3 70.9 49.8 511 284 487 50.7 27.6

Table 5.4: Performance comparison of various methods on RetVQA and image segment of WebQA. * We-
bQA only provides full-sentence answers rather than answer category annotations. Therefore, classifica-
tion model like AggregateVQA cannot be trained for WebQA.

Color Shape Count Object-attributes Relation-based
Method Acc. F  FxA Acc. F FxA Acc. F FxA Acc. F FxA Acc. F FxA
Popularity-based Baselines
Global popularity 254 82 06 245 92 13 256 134 67 495 352 305 00 48 00

Per-category popularity 253 91 05 245 92 13 245 144 45 495 352 305 60 156 23
Other Baseline Approaches

Question-only 58.0 122 61 869 133 118 516 153 9.6 749 218 183 124 147 41
Aggregate VQA 601 124 67 913 144 135 546 156 103 754 219 186 322 208 119
VLP [269] 620 673 528 840 810 757 508 700 508 768 782 748 368 338 185

MI-BART (Ours)
Image stitch MI-BART 718 76.8 637 96.2 94.4 911 627 80.1 626 81.6 87 81.4 520 395 264
MI-BART 721 757 63.9 924 903 877 66.0 80.0 66.0 785 834 784 69.5 50.4 43.1

Table 5.5: Performance breakdown for various methods by question categories on RetVQA with the re-
trieved images.

were trained using 3 Nvidia RTX A6000 GPUs with a batch size of 96 and 256 while training and
a batch size of 360 and 480 during testing, respectively.

5.5.4 RESULTS ON RETVQA

We conduct our experiments in two settings, namely, (i) Oracle images: Here, we use ground-
truth relevant images for answer generation, and (ii) Retrieved images: Here, relevant images
are retrieved using our relevance encoder. We show the results under both these settings in Ta-
ble[5.4 We observe that the popularity-based methods perform poorly. This result is expected as
popularity-based methods do not use any question or image context. Methods that involve either
questions or images perform better than the popularity-based baselines. However, the question-
only baseline has a Fx A score of 10.4 on RetVQA, showing that image context is needed to gen-
erate accurate yet fluent answers. Transformer-based baseline VLP and image-stitch MI-BART
reach a Fx A score of 58.8 and 70.7 on our dataset, respectively, in the oracle setting, compared
to 79.8 of our proposed MI-BART framework. Image-stitch MI-BART outperforms transformer-
based VLP by 12% on our dataset and 1.5% on the WebQA dataset, which shows that having
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Binary Open-ended

Method Acc. F FxA Acc. F FxA
Popularity-based Baselines
Global popularity 499 173 143 00 111 0.0

Per-category popularity 495 171 133 12 146 05
Other Baseline Approaches

Question-only 742 115 92 48 20 12
Aggregate VQA 756 115 95 555 22 149
VLP [269] 732 80 725 551 582 42
MI-BART (Ours)

Image stitch MI-BART 80.4 88.3 80.3 694 702 57
MI-BART 787 85.6 787 73.7 717 615

Table 5.6: Performance breakdown by answer categories for various methods on RetVQA with the retrieved
images.

Retrieval Acc. F FxA
Top-1 retrieved image 59.8 61.1 488
All retrieved images 76.5 79.3 70.9

Table 5.7: MI-BART performance on RetVQA using different retrieval strategies.

a separate decoder in the proposed MI-BART baseline has better reasoning capabilities than a
unified encoder-decoder like VLP. We further present the QA results over the retrieved images
setting using our relevance encoder, which has an F1 score of 71 at the top-2. All the approaches
involving image context outperform question-only baseline, emphasizing that RetVQA has a rea-
sonable utility to develop and benchmark methods capable of jointly reasoning over multi-image
context and the question.

Further, in Table we show the QA results over various question categories, and in Ta-
ble[5.6] we show the results over answer categories under the retrieved images setting. Our frame-
work outperforms baselines, especially in questions with open-ended generative answers, which
constitute nearly half of our dataset. As expected, open-ended generative questions are more
challenging than binary ones. However, compared to the baselines, MI-BART provides better
improvement for open-ended questions than binary ones by jointly reasoning over multi-image
context. Results in Table 5.7| further emphasize our hypothesis of requiring multiple images to
answer the given question. We show the missing caption ablation results on the image-subset of
WebQA in Table this result further affirms our claims that the performance of methods on
the WebQA dataset depends on the image metadata like captions.

5.5.5 QUALITATIVE ANALYSIS

We illustrate a selection of results using our proposed approach and one of the most competitive
baselines viz. VLP in Figure[5.6] Inboth these results, our approach correctly answers the question
in a large heterogeneous visual context. Further, to understand the importance of the multimodal
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Retrieval QA

Captions P R F1 FxA
w/ captions 323 447 375 197
w/o captions 79.7 86.3 77.4 28.1

Table 5.8: Effect of w/ and w/o captions in WebQA: Performance of MI-BART on retrieval and QA (re-
trieved images setting).

Question:  What else eats same thing as brown horse ?

GT: Four birds are pictured. VLP Answer: Two birds are pictured. MI-BART Answer (Ours): Four birds are pictured.

Figure 5.6: A selection of QA using MI-BART (Ours) and VLP (best baseline) from RetVQA test dataset.
The images in the green and red bounding boxes show relevant and irrelevant images, respectively. Our
approach consistently performs better than the baseline on different types of questions requiring multiple
images to arrive at an accurate answer. (Best viewed in color).

input for question answering, we plot the multimodal attention map over the retrieved images
and the question during the answer generation in Figure[5.7} The figure shows that our proposed
MI-BART model attends to the relevant regions of both images while generating the main answer
word ‘sheep’. Further, we observe that it attends to brown horse regions of the first image along
with the corresponding question parts while generating ‘brown horse’. Thus, both images are
needed and paid attention to when generating the right answer. We further conducted a detailed
error analysis on 50 randomly chosen samples where our model failed to generate a correct an-
swer. We categorize the errors into four major categories: (i) partial retrieval: images retrieved
by relevance encoder are partially relevant (52%). (ii) Incorrect retrieval: images retrieved by
the relevance encoder are entirely irrelevant (26%). (iii) Incorrect reasoning: model generating a
partially incorrect answer despite all the retrieved images being relevant (40%).

5.5.6 VARYING IRRELEVANT IMAGES IN RETVQA EXPERIMENT

We evaluate the proposed framework MI-BART on RetVQA with the varying numbers of irrele-
vant images in the pool. We report F1 on the retrieval task, along with accuracy, fluency and F x
A metrics for question answering in Table

As expected, we observe that retrieval F1 drops as we increase the pool size. However, thanks
to the robustness of our proposed question answering approach, MI-BART, Fx A does not drop
by the same extent.

73



£ F &5 e & &
Question: What else eats same thing as brown horse? —
eats
Context: AR
o
-
GT Answer: sheep eats same thing as brown horse
brown
MI-BART:  sheep eats same thing as brown horse
horse
sheep eats same thing
- : E ( , . 5 7 f ¥ ® &

brown horse

E2Ed gEl E~ES

Figure 5.7: Multimodal attention map over the retrieved images and the question during the answer gen-
eration. We observe that our proposed MI-BART attends to the relevant regions of both images while
generating the main answer word ‘sheep’. Further, we see that it attends to brown horse regions of the
first image along with the corresponding question parts while generating ‘brown horse’. [Special tokens
are removed for visualization.] (Best viewed in color).

Retrieval QA
#Irrelevant images F1 Acc. F  FxA
25 71.0 765 793 709
50 60.3 733 769 675
100 48.4 698 742 635
200 36.3 669 718 60.2

Table 5.9: MI-BART performance on RetVQA with the varying number of irrelevant images in the pool.
5.5.7 RESULTS ON PARAPHRASED QUESTIONS

We wished to check if the high accuracies obtained by the proposed model is an outcome of
the limited encoding of question templates in our RetVQA dataset. Hence, we evaluate our pro-
posed framework (MI-BART) on 2K paraphrased questions in the test set with our strongest base-
line (VLP). A subset of test set questions is paraphrased using the BART [115] paraphrase model
(Largeﬂ We show the results in Table Our results show that our proposed framework
MI-BART is robust to the question templates used to create the data and performs fairly well on
the paraphrased questions when compared against another transformer-based baseline VLP. We
show a qualitative sample in Figure where our model still gives the correct answer to the
paraphrased question, whereas VLP entirely generates a wrong answer.

"https://huggingface.co/eugenesiow/bart-paraphrase
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Question: Do pizza and table share the same shape?

Paraphrased Question: Do table and pizza have the same shape?

Context:

Ground truth answer:  No, they do not share the same shape.

MI-BART Answers VLP Answers
On original question: No, they do not share the same shape. | No, they do not share the same shape.

On paraphrased question: No, they do not share the same shape.| Yes, they have same shape.

Figure 5.8: Paraphrased question answering using MI-BART (Ours) and VLP from RetVQA dataset.

VLP MI-BART
Question-type Acc. F  FxA | Acc. F FxA
Paraphrased 478 545 375 | 588 71 51.2
Non-paraphrased 60.9 65.6 52.7 | 76.4 75.4 67.4

Table 5.10: Performance on RetVQA with paraphrased questions with the retrieved images.

5.5.8 MORE QUALITATIVE EXAMPLES

We show some examples of predictions using MI-BART (ours) and VLP (best baseline) from
RetVQA dataset in Figure[5.9and Figure[5.10]

5.6 CONCLUSION AND FUTURE SCOPE

In this work, we introduced the RetVQA task. We proposed a unified Multi Image BART model
to answer the question from the retrieved images using our relevance encoder. Our proposed
framework shows promising improvements over the baselines. We have also performed several
ablations to further understand the importance of various modules in the proposed framework.
In the future, we would like to explore stronger retrieval models and QA on a large pool of images.
We firmly believe RetVQA will pave the way for further research avenues in a broader theme of
web image QA.



Question:  Does surfboard and train share the same color?

Context:

Ground truth answer: Yes, they share the same color. Answer by VLP: No, they do not share the same color. Answer by MI-BART (Ours): Yes, they share the same color.

Question:  How many hydrants are there?

Context:

Ground truth answer: Three hydrants are there in both the images. Answer by VLP: Two hydrants are there in both the images. Answer by MI-BART (Ours):
Three hydrants are there in both the images.

Question:  What are the shapes of computer monitor and blue sign?

Ground truth answer: The shapes of computer monitor and blue sign are rectangle and circle, respectively. Answer by VLP: Both computer monitor and blue
sign are rectangle. Answer by MI-BART (Ours): The shapes of computer monitor and blue sign are rectangle and circle, respectively.

Question: s the skier skiing in the images?

Context:

Ground truth answer: Yes, skier is skiing in the images. Answer by VLP: No , skier is not skiing in the images. Answer by MI-BART (Ours): Yes, skier is skiing in the
images.

Figure 5.9: Few more selected example predictions using MI-BART (ours) and VLP (best baseline) from
RetVQA dataset.
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Question:  Who eats grass?

Context:

Ground truth answer: Zebra and cow eats grass. Answer by VLP: Horse and cow eats grass. Answer by MI-BART (Ours): Zebra and cow eats grass.

Question: How many horses are in the photo?

Context:

Ground truth answer: Six horses are in the photo. Answer by VLP: Two horses are in the photo. Answer by MI-BART (Ours): Six horses are in the photo.

Question: Do the relevant images contain the same number of people are in the water?

Context:

Ground truth answer: Yes, the number of people are in the water in the relevant images is same. Answer by VLP: No , the number of people are in the water in
the relevant images are not same. Answer by MI-BART (Ours): Yes, the number of people are in the water in the relevant images is same.

Question: Do the following have same color; road on the cake and frisbee?

Context:

Ground truth answer: No, they do not have same color. Answer by VLP:Yes, they have same color. Answer by MI-BART (Ours): No, they do not have same color.

Question: Do middle of the donut and kite share the same shape?

Context:

Ground truth answer: No, they do not share the same shape. Answer by VLP: they they they they they they they they they they they they. Answer by MI-BART
(Ours): No, they do not share the same shape.

Figure 5.10: Few more selected example predictions using MI-BART (ours) and VLP (best baseline) from
RetVQA dataset.
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6

Augmenting VLMs with Multimodal
Knowledge for Image Captioning

In this chapter, we extend knowledge augmentation to the task of domain-specific image cap-
tioning, focusing on fashion. Unlike natural scene captioning, fashion image captioning requires
attribute-level precision and domain-specific terminology to describe subtle details such as fab-
ric type, neckline, and silhouette. Supervised solutions are impractical in this domain due to the
rapidly evolving nature of fashion inventories, motivating the need for training-free and adapt-
able approaches. To address this challenge, we propose RA-CoA (Retrieval-Augmented Chain of
Attributes), a novel, training-free framework that grounds caption generation in retrieved mul-
timodal knowledge. Specifically, RA-CoA first retrieves visually similar fashion exemplars from
a curated product knowledge base, extracts relevant attribute types, and then prompts frozen
vision-language models to infer attribute values independently. The final caption is generated
by conditioning on the structured attribute-value pairs, ensuring interpretability and faithfulness.
Extensive experiments on the FashionGen dataset with both open and closed-source models show
that RA-CoA significantly outperforms prior training-free paradigms such as in-context learning
and chain-of-thought prompting, while maintaining strong zero-shot adaptability for real-world
deployment.

6.1 INTRODUCTION

With the rise of Al-driven personalization in e-commerce, Fashion Image Captioning (FIC) has
emerged as a crucial task for enhancing user experience and improving product searchabilityﬂ
Unlike the well-established task of natural scene image captioning [76, 110, [129], fashion im-
age captioning (FIC) [180, 249] necessitates fine-grained visual reasoning to accurately capture nu-
anced product attributes such as stylistic patterns, closure mechanisms, collar and sleeve silhou-
ettes, etc. Furthermore, the rapidly evolving nature of fashion inventories demands comprehen-

! According to Google consumer research, approximately 85% of shoppers report that accurate product information
play an important role in deciding which brand or retailer to buy from, highlighting the need for accurate attribute-
level product descriptions in e-commerce [61].
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Hallucination Fine-grained  Coherence Interpretablit
= ; psly

Experience a bold fashion statement with our Black

Image: Drawstring Miniskirt, featuring a chic drawstring waist and .
stylish side slits for a modern, edgy look. Pair it with vibrant High x Low Low
yellow tights and high heels for a striking ensemble.
(a) Zero-shot
Black drawstring miniskirt with a drawstring closure. . .
Ribbed waistband. Asymmetrical hemline. ngh x ngh Low
:> (b) In-context Learning
Black drawstring miniskirt with a drawstring detail at the waist,
featuring a slightly flared silhouette and sleeveless design. Pair it o 9
with high yellow socks and yellow high heels for a bold fashion High o Low High
. statement.
Product: Black (c) Chain-of-Thought
Drawstring Miniskirt
Black drawstring mid-rise miniskirt above-knee length. . .
Adjustable drawstring at waistband with knotted ties. Low o ngh ngh

(d) RA-CoA (Ours)

Figure 6.1: Task Overview: Given a fashion image and the product name, existing training-free prompting
paradigms may fail to provide attribute-rich, coherent, hallucination-free captions. Captioning with (a)
Zero-shot: Produces only a generic description, missing key fine-grained attributes. (b) In-context learn-
ing [47]: Improves coherence via exemplars but tends to copy attributes. (c) Chain-of-Thought [235]: Per-
forms stepwise reasoning yet fails in capturing all fine-grained attributes correctly. (d) RA-CoA (Ours):
A retrieval-augmented chain-of-attributes framework that aggregates key attributes from similar catalog
items and sequentially predicts their values. The predicted attributes, combined with ICL exemplars, guide
caption generation toward coherent and attribute-faithful captions.

sive knowledge of domain-specific terminology, including emerging trends, seasonal styles, and an
ever-expanding attribute vocabulary. In this dynamic landscape, curating annotated datasets
and retraining domain-specific supervised captioning models from time-to-time becomes pro-
hibitively expensive and operationally impractical. This challenge highlights the critical need for
training-free frameworks that deliver adaptability, scalability, and efficiency while maintaining
high-quality product descriptions.

Instruction-tuned vision-language models (VLMs) [12, 32, 132, 133, [155] 252, 271]] present a
compelling solution. Their capacity to generate fluent, naturalistic descriptions without task-
specific training makes them attractive candidates for fashion image captioning. However, these
general-purpose models fundamentally lack the attribute-level precision required for fashion do-
mains, frequently hallucinating or misidentifying fine-grained attributes critical to product iden-
tity. Consequently, their zero-shot outputs remain inadequate for e-commerce applications that
demand accurate and faithful descriptions for automated product cataloging, fine-grained fash-
ion retrieval, and personalized recommendation systems.

Recent advances demonstrate that vision-language models can benefit substantially from struc-
tured prompting strategies such as in-context learning [47,72] and chain-of-thought reasoning [235].
These techniques have proven effective in eliciting more accurate and coherent responses from
VLMs across various tasks. However, in the fashion domain, even these advanced prompting
strategies struggle to ground fine-grained attributes reliably, as illustrated in Figure[6.1} In-context
learning, while effective at improving stylistic coherence through exemplar-based prompting, suf-
fers from attribute hallucination. Models tend to erroneously copy or interpolate attributes from
provided examples rather than faithfully grounding them in the target image. Chain-of-thought
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prompting, despite enabling stepwise reasoning, still struggles with comprehensive fine-grained
attribute identification, as VLMs lack the visual acuity to reliably distinguish subtle fashion-
specific details (e.g., differentiating between a mandarin collar and a band collar) when reasoning
from scratch. The core challenge lies in the fact that directly querying VLMs for fine-grained at-
tributes, often results in hallucinated or imprecise responses due to insufficient visual grounding
and the absence of domain-specific knowledge.

To address these limitations, we propose RA-CoA (Retrieval Augmented Chain of Attributes),
a training-free framework that synergistically combines the zero-shot reasoning capabilities of
VLMs with explicit retrieval-based grounding and structured attribute reasoning. Unlike direct
caption generation or conventional prompting approaches, RA-CoA decomposes the captioning
task into two interpretable and complementary stages: (i) Attribute Set Retrieval, where we lever-
age a product knowledge base (ProductKB) to retrieve product-aware visually similar examples
and extract candidate attributes; and (ii) Chain-of-Attribute Reasoning, where the model performs
attribute-by-attribute visual grounding, inferring the value of each candidate attribute from the
image, before synthesizing these verified attributes into a coherent, factually grounded caption.
By introducing retrieval-augmented attributes prior to reasoning, RA-CoA mitigates the halluci-
nation problems inherent in in-context learning (by providing explicit attribute candidates rather
than exemplar captions to copy from) and chain-of-thought (by constraining the reasoning space
to visually plausible attributes). This explicit decomposition makes fine-grained visual reasoning
interpretable and verifiable, enabling the model to focus its attention on relevant visual regions
for each attribute. Importantly, RA-CoA is modular, model-agnostic, and operates with frozen
VLMs, requiring no fine-tuning which enables seamless adaptation to evolving fashion invento-
ries and emerging attribute taxonomies. Through this structured retrieval-augmented approach,
RA-CoA achieves a balance between zero-shot flexibility and fine-grained precision, producing
accurate and interpretable captions with minimal hallucination.

The first contribution of this chapter is RA-CoA, a novel training-free and model-agnostic
framework for fashion image captioning that decomposes caption generation into retrieval-augmented
attribute identification followed by explicit chain-of-attribute reasoning. This design enhances
fine-grained visual grounding while remaining flexibly applicable across both open and closed-
source VLMs without any task-specific fine-tuning. The second contribution is a comprehen-
sive evaluation across a range of prompting paradigms, including vanilla zero-shot, in-context
learning, and implicit and explicit chain-of-thought prompting. Through automatic metrics and
user studies, we demonstrate that RA-CoA consistently improves attribute precision and seman-
tic coherence over all baselines. The third contribution is an assessment of the robustness and
real-world applicability of RA-CoA, benchmarked against a state-of-the-art supervised fashion
captioning model on held-out, web-curated data. Despite operating without any task-specific
training, RA-CoA achieves superior performance, highlighting its ability to generalize under dis-
tribution shift and its suitability for scalable deployment in dynamic e-commerce settings.

The remainder of this chapter is organized as follows. In Section[6.2} we review related work
on fashion image captioning and large vision-language models. Section [6.3| presents our pro-
posed framework Retrieval-Augmented Chain-of-Attributes (RA-CoA) (Section[6.3.2), including
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the construction of the ProductKB (Section[6.3.1). Experimental setup, dataset, evaluation metrics,
results, and ablation studies are reported in Section[6.4} followed by comparisons with prior state-
of-the-art methods. Finally, Section [6.5concludes the chapter, Section |6.6| discusses limitations,
and Section[6.7 outlines ethical considerations.

6.2 RELATED WORK

6.2.1 FASHION IMAGE CAPTIONING

Fashion image captioning has emerged as a specialized task within the broader field of vision-
and-language understanding, and presents unique challenges requiring models to generate accu-
rate, attribute-rich captions that capture both visual appearance and semantic fashion concepts.
Early work in this domain focused on fashion retrieval and attribute prediction with datasets such
as DeepFashion [135], Fashion200K [70] and FasionIQ [233]. These datasets provide rich anno-
tations for fashion-specific attributes including garment categories, colors, patterns, and styles.
However, these datasets are designed for retrieval-centric tasks with relative captions, making
them less suited for evaluating free-form captioning. More recent approaches have explored fash-
ion image captioning with FashionGen [180] dataset, which offers comprehensive, attribute-rich
product descriptions specifically designed for caption generation. Several models have been de-
veloped for this task. [125] pioneered the integration of explicit attribute detection with visual
attention mechanisms. The recent rise of large-scale vision-language pre-training has significantly
advanced the field with specialized fashion models. FashionBERT [55] adapts masked language
modeling for fashion attribute prediction. KaleidoBERT [273] introduces adaptive fashion-text
pre-training with dynamic masking strategies. Methods like FashionVLP [59] leverage vision-
language pre-training specifically adapted for fashion domains to improve attribute-aware de-
scription generation. FashionViL [68] proposes contrastive learning between fashion images and
text descriptions. FAME-ViL [69] incorporates multi-modal entity understanding for fashion, and
UniFashion [266] presents a unified framework for multiple fashion tasks including captioning
and retrieval. However, most existing approaches require substantial task-specific fine-tuning
on fashion datasets, creating significant computational overhead and limiting their adaptability
to the evolving vocabulary and products in the catalogs. In contrast to these training-intensive
paradigms, our proposed RA-CoA is a novel model-agnostic training-free approach that lever-
ages retrieval-augmented structured reasoning to generate attribute-grounded captions in a zero-
shot setting.

6.2.2 RETRIEVAL-AUGMENTED IMAGE CAPTIONING

Retrieval-Augmented Generation (RAG) was initially proposed to ground language generation
in external knowledge, reducing reliance on parametric memory and improving factuality [117].
This idea has since been adopted in image captioning through retrieval-augmented training, where
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models learn to condition caption generation on retrieved samples. Early retrieval-augmented
image captioning models such as EXTRA [175] jointly encode images and retrieved captions to
learn retrieval-conditioned generation. Subsequent analysis has shown that such models are sen-
sitive to retrieval noise and the ordering of retrieved samples [124]. SmallCap [176] explores a
lighter alternative by prompting a largely frozen language model with retrieved captions and
training only lightweight components to internalize retrieval signals. EVCap [119] further ex-
tends this training-based paradigm by introducing an external visual-name memory to support
open-world captioning. More recently, retrieval has also been explored for zero-shot captioning.
MeaCap [258] addresses open-domain zero-shot image captioning by retrieving textual mem-
ory and extracting salient concepts to guide generation. This formulation emphasizes concept
completion and semantic plausibility in natural scene images, rather than faithful prediction of
structured visual attributes, which is crucial for domains such as fashion. In contrast to these
works, RA-CoA targets attribute-faithful captioning in structured domains and is training-free by
design. It operates in a zero-shot setting using off-the-shelf vision-language models, without any
fine-tuning or task-specific supervision. Rather than conditioning generation on retrieved cap-
tions or attribute values, RA-CoA retrieves only attribute keys and infers attribute values directly
from the VLM’s internal knowledge through structured reasoning.

6.2.3 ZERO-SHOT PROMPTING STRATEGIES FOR VISION LANGUAGE MODELS

Large-scale vision-language models (VLMs) [12, 32, 40, 120, 133, 155, 252, 268, 271] have demon-
strated strong performance transfer across diverse tasks. Zero-shot learning paradigm with VLMs
leverages pre-trained knowledge without task-specific fine-tuning. Beyond basic zero-shot prompt-
ing, several advanced prompting paradigms have emerged to elicit optimal performance from
VLMs. In-context learning (ICL) [47, 72] extends zero-shot capabilities by providing few-shot ex-
amples as demonstrations, enabling models to adapt to new tasks without parameter updates.
Chain-of-thought (CoT) [228, 235] prompting decomposes complex reasoning into intermediate
steps, initially proposed for language models and later adapted to vision-language tasks. How-
ever, when applied to the task of fashion image captioning, current zero-shot prompting strate-
gies struggle with attribute-level precision, often generating generic descriptions that miss intri-
cate design elements of the fashion product. In-context learning frequently suffers from memo-
rization bias [60], where models reproduce content from reference samples rather than adapting
to the specific visual attributes of the target image. Chain-of-thought prompting shows limited
effectiveness in attribute-centric captioning scenarios where structured domain knowledge and
systematic visual analysis are required. These limitations underscore the need for more sophis-
ticated prompting paradigms that can effectively guide VLMs to generate detailed and accurate
captions for fashion products. Our work in this chapter addresses this gap by combining retrieval
with explicit attribute reasoning to guide zero-shot captioning in VLMs.
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6.3 METHODOLOGY

In this section, we present RA-CoA (Retrieval Augmented Chain of Attributes), a novel training-
free approach for fashion image captioning (FIC). RA-CoA works in a step-wise manner by first
identifying attributes, then assigning values, and finally composing a coherent description. This
stepwise attribute-centric reasoning enables fine-grained understanding prior to generating cap-
tions.

Problem Statement: We define fashion image captioning as an attribute-driven process. Given an
image of a fashion product I and its name N, the goal is to generate a caption C using a set of
attribute-value pairs A = {(a;,v;)}"; for the specific product, where a; denotes an attribute type,
e.g., sleeve type, neckline and v; its corresponding value, e.g., half-sleeve, v-neck. RA-CoA mod-
els this in three structured stages: (i) Identification of attributes: Determine the relevant attributes
{a1, a2, -+ ,a,} for the product image I, (ii) Assignment of values: For each attribute a;, reasoning
about its appropriate value v;, and (iii) Caption generation: Synthesizing caption C; by integrating
these attribute-value insights. This reasoning-based decomposition enables fine-grained visual
attribute reasoning for fashion image captioning.

6.3.1 PRODUCTKB CONSTRUCTION

We construct a structured Product Knowledge Base (ProductKB) of product images, their cap-
tions, and attribute-value tabular data to support retrieval-augmented generation. We leverage
the training dataset of FashionGen [180], D = {(;, N;, C;) }]L, of m triplets for this purpose. Each
triplet consists of a fashion product image (/;), product name (/N;) and its caption (C;). Next, we
extract structured attribute-value pairs from the captions using the Llama-3.2-3B-Instruct model
(M) [63]: Mrrm(Cj) = Aj = {(aj,v;)}i%,, guided by this prompt:

Prompt used for ProductKB construction

You are given features {C;} for an e-commerce product, identify the keys for these features
and output it in json format. Keys should be very short, precise and specific, such that
if given only the key and product image, its feature value can be predicted. Keys should
cover all the features of the product. Break down the features into multiple key-value pairs
where appropriate. Do not create sub-keys or sub-values. Both key and value should be
str datatype. Strictly output only the json.

Assistant: {A;}.

Popular fashion datasets such as FashionGen [180] often depict models wearing multiple
products within a single image, which introduces ambiguity when associating captions and at-
tributes with a specific product. To ensure that each entry in the ProductKB corresponds pre-
cisely to the intended product, we leverage the product name N; to isolate the target product
from I;. Specifically, we use the Florence-2 [238] model (f) to detect and crop the image region
corresponding to the product, resulting in a focused crop: I = f(I;, N;). This step ensures that
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the stored representation in ProductKB is accurately aligned with the product described in the
accompanying caption and attribute annotations.

Our final ProductKB (P) comprises of {(I{, N;,Cj, A;)}7",, where each entry includes the
cropped image focused on the target product 7, the product name N, the expert-written caption
C}, and the obtained structured attribute-value pairs .4;. This curated knowledge base supports
the efficient retrieval of visually similar products with shared attribute schemas, facilitating ac-
curate and attribute-based caption generation.

6.3.2 RA-COA: RETRIEVAL-AUGMENTED CHAIN-OF-ATTRIBUTES

RA-CoA integrates a retrieval mechanism with a structured reasoning chain for fashion image
captioning. The pipeline proceeds in multiple steps: retrieving visually similar products, identi-
fying relevant attribute keys, estimating their values, and finally composing a caption grounded
in these attributes. The following subsections elaborate on each stage of the pipeline.

IMAGE EMBEDDING AND RETRIEVAL

The first step involves retrieving relevant attribute knowledge from the ProductKB based on vi-
sual similarity. Given a query image I and its associated product name N, we use the Florence-
2 [238]] model (f) to isolate the target product and obtain the cropped image I = f(I,N). We
then compute its visual embedding e using a pre-trained CLIP [169] vision encoder (Ey), i.e.,
e = Ey(I°). In a similar manner, we encode all product images in the ProductKB using the same
encoder and retrieve the top-K most similar items based on cosine similarity. The resulting set is
denoted as P = {(If, N;, C;, A;) }£ . While attributes { A} X | are used to guide value prediction,
{(I¢, N;, C;)}£ | are used later in the pipeline as in-context exemplars during caption generation.

ATTRIBUTE EXTRACTION

Once top-K similar products are retrieved from the ProductKB, we extract and aggregate the
unique attributes (Eq.[6.1).

K=\ )a|(a,v) € A; (6.1)

>

=1

We extract only attribute keys (K), excluding their values, as similar products often share at-
tribute types (e.g., sleeve type, neckline) but differ in specifics. This avoids propagating incorrect
values while retaining guidance on which attributes to predict, ensuring value inference remains
grounded in the query image.
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CHAIN-OF-ATTRIBUTES (COA)

Once the relevant attributes ' = {a,aq, ..., a,} are identified through retrieval, we implement
a Chain-of-Attributes reasoning process. Analogous to chain-of-thought reasoning, CoA decom-
poses fashion understanding into attribute-wise focus steps. For each attribute a; € K, we query
the VLM to determine its corresponding value:

v; = My 1.3 (Poaiue(I N, a;)) (6.2)

where pyarue(.) is a prompt template for attribute value generation:

Prompt used for attribute value generation

<image (I) >

Given the image of a model wearing the e-commerce product - N, how/what is the a; of
the product? Strictly answer as single word or phrase.

Assistant: {v; }.

This process results in a structured attribute-value set A = {(a1,v1), (a2, v2), ..., (an, v, )} where
each attribute receives focused attention. By isolating individual attribute queries, CoA reduces
ambiguity and cognitive load, leading to more accurate and interpretable value predictions.

CAPTION GENERATION

Once we obtain the comprehensive set of attribute-value pairs A4, the final caption is generated
by conditioning the vision-language model on the original query image I, product name N, and
the top-K retrieved examples Px = {(I¢, N;, C;) }[,. These retrieved entries serve as in-context
exemplars to guide both the structure and style of the generated description. The caption is pro-
duced as:

é = MVLM (pcaption(L N7 -’Zlv PK)) (63)

where pegption(.) is a prompt template for caption generation as shown below:
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Figure 6.2: Overview of RA-CoA. @ Retrieval-augmented Chain-of-Attributes - For a query fashion image, we
crop the target product region using Florence-2, retrieve top-K similar products from ProductKB, and ag-
gregate unique attributes. Each attribute is paired with the image and product name and fed to VLM for
value prediction. B Caption Generation - The resulting attribute-value pairs and in-context exemplars (re-
trieved products) enable the VLM to generate fine-grained coherent captions. (© ProductKB Construction -

We construct our ProductKB by extracting structured attribute-value pairs from FashionGen captions us-
ing LLaMA-3.2-V-11B.

Prompt used for caption generation

<image (I) >

Given the image of a model wearing the e-commerce product N, and its attribute-value
pairs A, write a concise and fluent caption for the specific product, incorporating the given
attributes.

You may refer to the following in-context examples for style and structure:

Example captions:

<image (I{) > Product name: N;, Caption: C'; <image (I5) >Product name: N,, Caption:
(. Output only the final caption.

Assistant: C

This final synthesis step integrates the individually analyzed attributes into a holistic descrip-
tion of the fashion item. The complete RA-CoA pipeline is illustrated in Figure [p.2]and summa-
rized in Algorithm
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Algorithm 1 RA-CoA Pipeline

Input: Query image I, Query product name N, ProductKB: P and Vision-Language Model

My )
Output: Generated caption C

1. I° = f(I,N) > Get product-of-interest crop.
2: e + Ey(I9 > Generate query embedding.
3: Pk + Retrieve top-K similar products from P using sim(e, ;)7 ;.
4 Pr = {(I§,N;,Cj, A;) ]K:1 > Each retrieved product has image, name, caption and attributes.
5 K U(Ij,Nj,Cj,Aj)ePK{a | (a,v) € A;} > Extract unique keys
6: A > Initialize attribute set for query image.
7: for each a; € K do
8 vj My rm(Poatue(I, N, a;)) > Generate attribute value.
9 A+ AU{(aj,v))} > Add to attribute set.
10: end for
11: C+ My M (Peaption (I, N, A, Pg)) > Generate final caption.
12: return C

6.4 EXPERIMENTS AND RESULTS

6.4.1 DATASET

We conduct our experiments on the FashionGen [180] dataset, which contains roughly 300K high-
resolution (1360 x 1360) images of e-Commerce products in the fashion domain, each accompa-
nied by rich metadata and expert-written descriptions that capture fine-grained attributes of the
product. In our work, we leverage only three fields: product images, names/titles, and ground-
truth captions. FashionGen images often feature a model wearing multiple fashion product -
clothing accessorized with bags, shoes, or jewelry. Hence, the target product may not be imme-
diately obvious. Thus, we utilize product names as a guiding cue to focus the VLM’s attention
towards the intended item. The expert-written descriptions then serve as ground-truth captions
for evaluation. From the FashionGen training split, we sample 60K products to build our retrieval
knowledge base (KB), which the RA-CoA module uses exclusively for product name-aware im-
age retrieval; these KB samples are never used to train or validate the VLMs. We then assessed
the captioning performance on the 7K test samples, comparing the generated captions directly
against the FashionGen captions.

6.4.2 VLMS USED

We evaluate a diverse set of state-of-the-art vision-language models to benchmark the effective-
ness of our approach across varying model scales and capabilities. To ensure comprehensive
coverage, we include (a) Small VLMs (models with parameters <4B): (i) TinyLLaVA (3B) [268], and
(ii) Qwen-2.5VL (3B) [12] and (b) Large VLMs (models with parameters >4B): (i) Qwen-2.5VL (7B)
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and (ii) InternVL2 (8B) [32], and (c) Closed-source model: GPT-4o [155].

VLM PARADIGMS

We compare our proposed framework RA-CoA against standard VLM prompting techniques
such as (i) Direct prompting (Zero-shot): where VLM is prompted with an instruction to generate
the description directly given an image. (ii) Few-shot prompting (In-context Learning - ICL): Here,
we follow the standard few-shot in-context prompting technique, where we retrieve K random
product images along with their tabular information, and add them to the prompt as in-context
exemplars. (iii) Implicit Chain-of-thought (CoT-i) prompting: We prepend a generic “let’s think step
by step” cue to the zerolIshot prompt, encouraging the VLM to internally structure its reasoning
to identify fine-grained attribute-value pairs, without exposing intermediate steps in the output.,
(iv) Explicit Chain-of-Thought (CoT-e): Here, we explicitly ask the model to enumerate each rea-
soning step, itemizing attributes one by one before producing the final caption, thereby surfacing
its internal chain of thought. The detailed prompts used for each of these settings are provided
below.

6.4.3 PROMPTS USED FOR DIFFERENT PARADIGMS

In this section, we enlist the prompts used for various VLMs under different training-free paradigms
used as baselines. These prompts remain consistent across all VLMs including the closed-source
GPT-4o.

Prompt used under zero-shot paradigm

<image(I)>

Given the image of a model wearing the e-commerce product - N, write a concise caption
for the specific product, incorporating its fine-grained attributes.

Assistant: C

J

Prompt used under implicit CoT paradigm

<image(I)>

Given the image of a model wearing the e-commerce product - N, you have to write a
concise caption for the specific product. But think step by step. First, carefully observe
the N in the image and identify all the fine-grained visual attributes of the specific product.
Then, using the identified attributes, write a concise attribute-aware caption for the specific

product. Only output the final caption.
Assistant: C

89



Prompt used under explicit CoT paradigm

<image(I)>

Given the image of a model wearing the e-commerce product - N, you have to write a
concise caption for the specific product. But think step by step. First, carefully observe
the N in the image and list all the fine-grained visual attributes of the specific product.
Then, using the identified attributes, write a concise attribute-aware caption for the specific
product. Output both the attributes and the final caption strictly in json.

Assistant: C

Prompt used under the ICL paradigm

<image(I)>
Given the image of a model wearing the e-commerce product - N, write a concise caption
for the specific product, incorporating its fine-grained attributes. Take reference from the

provided examples.

Examplel: <image (I{)> Product name: N;, Caption: C
Example2: <image (I§)>Product name: N, Caption: C
Output only the final caption.

Assistant: C

Under the ICL paradigm, all baselines except TinyLLaVA-3B are fed with two in-context
samples, retrieved randomly from the training set. TinyLLaVA cannot accept multi-image in-
puts, hence we only feed the product name and captions of the retrieved in-context samples in
TinyLLaVA.

6.4.4 METRICS
TRADITIONAL METRICS

To measure the captioning performance of these VLMs, we utilize standard image-captioning
metrics such as BLEU , ROUGE and METEOR [14], where higher values for all the
scores are desired.

LLM-AS-JUDGE

While the above metrics provide a general sense of fluency and lexical overlap with references,
they often fail to capture whether the caption accurately describes the most relevant visual at-
tributes, particularly in the fashion domain where small attribute errors can significantly mislead.
To address this gap, we introduce a task-specific LLM-based evaluation protocol inspired by hu-
man verification, which measures how faithfully a caption covers gold-standard attribute-value
pairs of a fashion product. We use LLaMA-3.2-V-11B model as a judgment engine to determine
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Model (# params) Paradigm BLEU-1 Avg. BLEU Rouge-1 Rouge-2 Rouge-L METEOR LLM-Judge

Zero-shot 123 35 171 24 11.4 12.2 17.2
CoT-i 11.0 33 18.6 27 126 11.0 10.1
. CoT-e 78 23 12.8 18 8.7 8.6 8.1
TinyLLaVA (3B) | ) 13.1 48 245 49 187 13.7 36.5
RA-CoA 22.1 11.50 32.5 10.8 25.2 24.6 50.9
A +9.8 +8.0 +15.4 +8.4 +13.8 +12.4 +33.7
Zero-shot | 8.0 22 19.4 28 12.7 10.4 31.7
CoT-i 42 12 28 34 14.9 10.0 293
CoT-e 9.1 27 20.8 34 133 10.4 20.9
Qwen-2.5VL (3B) | o 26.2 135 29.7 9.7 233 265 49.8
RA-CoA 26.8 14.5 35.3 1.7 28.3 28.6 55.2
A +18.8 +12.3 +15.9 +8.9 +15.6 +18.2 +235
Zero-shot | 82 22 18.7 26 11.6 10.9 33.2
CoT-i 6.4 1.7 19.0 2.9 121 10.2 325
CoT-e 75 21 20.4 34 12.9 10.4 23.0
Qwen-2.5VL (7B) | 145 8.2 293 8.1 20.8 19.2 50.0
RA-CoA 314 17.7 39.2 14.2 32.3 32.4 57.7
A +23.2 +15.5 +205 +11.6 +20.7 +21.5 +24.5
Zero-shot | 113 32 16.2 23 11.0 13.8 25.9
CoT-i 13.7 40 16.6 3.0 122 15.7 38.4
CoT-e 13.9 42 20.8 31 13.9 135 26.1
InternVL2 (8B) ICL 30.2 175 35.2 13.4 28.7 318 58.9
RA-CoA 38.6 23.7 41.0 17.4 36.0 38.1 61.1
A +27.3 +20.5 +24.8 +15.1 +25.0 +24.3 +35.2
Zero-shot 10.6 29 17.7 2.6 11.4 12.6 34.2
CoT-e 228 143 30.2 12.8 23.9 254 375
GPT-40 ICL 46.6 321 53.8 286 46.3 50.3 60.7
RA-CoA 63.2 48.8 69.3 44.2 62.9 67.6 76.5
A +52.6 +45.9 +51.6 +41.6 +51.5 +55.0 +42.3

Table 6.1: Comparison of RA-CoA against different prompting paradigms across VLMs of varying scales.
A (gray rows) represents the gain of RA-CoA over Zero-shot.

whether each attribute-value pair of the oracle data (described in section [6.4.7) is correctly cap-
tured in the caption. Each evaluation is phrased as a binary Yes/No question. Below is the prompt
template used for this metric calculation:

Prompt used for LLM judge

Caption: {caption(C)}

Attribute: {attribute(a)}

USER: You are given a generated caption, and the ground-truth attributes of an e-commerce
fashion product. Does the caption correctly capture the value of the above attribute? An-
swer “Yes’ or "No’.

ASSISTANT: {Yes}.

We then count the occurence of “Yes” and get the average score for number of attributes cov-
ered per sample.
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6.4.5 IMPLEMENTATION DETAILS

We use PyTorch [162] and the HuggingFace Transformers library [231]] for majority of our imple-
mentation. For retrieval over the product knowledge base (ProductKB) (Section[6.3.2), we employ
FAISS [49] for efficient nearest-neighbor search. Visual embeddings for all ProductKB entries are
pre-computed using a CLIP vision encoder [169]. Unless otherwise specified, we use K=1 for
ablation studies in Section For the VLMs used in our experiments, we rely on the authors’
official code repositories or publicly available HuggingFace implementations, prioritizing repro-
ducibility. All VLMs are used in a frozen, inference-only setting without any fine-tuning. Unless
stated otherwise, all ablation studies are conducted using InternVL2-8B as the underlying VLM.
All experiments are conducted on a single machine equipped with three NVIDIA A6000 GPUs
(48GB memory each).

6.4.6 RESULTS AND DISCUSSION

Table[6.T|presents quantitative comparison of our method RA-CoA with other training-free paradigms
across varied-scale VLMs. RA-CoA consistently outperforms all baselines, including proprietary
GPT-4o0, validating its effectiveness and robustness for training-free fashion image captioning.
Zero-shot methods yield poor METEOR scores (10.4-13.8), often producing generic descriptions
that miss key fashion attributes (see Figure [6.1). Chain-of-Thought reasoning shows limited or
even degraded performance, likely due to models describing the entire image rather than the
product, leading to attribute omission or hallucination. In-Context Learning improves METEOR
by 1.5-18 points over zero-shot, yet still struggles with complete attribute coverage. In contrast,
RA-CoA achieves the highest performance across all models. For TinyLLaVA (3B), it doubles the
METEOR score (24.6 vs. 12.2), improving 79% over ICL. Gains scale with model size. RA-CoA
improves METEOR by 12.4 points for TinyLLaVA (3B) and 24.3 for InternVL2 (8B) over zero-
shot. Larger models perform better overall, with InternVL2 (8B) achieving the best open-source
results (METEOR: 38.1, LLM Judge: 61.1). GPT-40, when used with RA-CoA, achieves the highest
scores (METEOR: 67.6, LLM Judge: 63.5), though its zero-shot performance is on par with smaller
open-source models. These findings affirm that RA-CoA’s structured, attribute-focused approach
enables more accurate and interpretable captions, with gains increasing alongside model scale.

Qualitative examples in Figure[6.3|further illustrate RA-CoA’s superior caption fidelity across
diverse fashion categories. The generated descriptions consistently capture fine-grained product
attributes with high accuracy across different product categories.

6.4.7 ABLATIONS AND ANALYSIS

We conduct the following ablation studies to validate the design choices and quantify the impact
of different components of our method RA-CoA:
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Figure 6.3: A selection of RA-CoA’s results. Our proposed approach RA-CoA generates coherent captions
with minimal hallucinations that align well with the human-annotated ground truth descriptions.

Model (# params) Top-K BLEU-1 Avg. BLEU Rouge-1 Rouge-2 Rouge-L METEOR

1 2211 11.50 325 10.8 25.2 24.6
TinyLLaVA (3B) 2 20.0 9.8 30.5 94 23.2 221
3 18.7 8.9 29.2 8.6 219 21.0
1 26.8 14.5 35.3 11.7 28.3 28.6
Qwen-2.5VL (3B) 2 31.3 16.6 37.7 12.6 29.3 31.3
3 25.6 13.1 33.1 9.8 251 28.3
1 314 17.7 39.2 14.2 32.3 324
Qwen-2.5VL (7B) 2 31.3 16.6 37.7 12.6 294 31.3
3 29.8 154 36.6 11.7 27.7 30.8
1 38.6 23.7 41.0 174 36.0 38.1
InternVL2 (8B) 2 38.3 229 40.2 15.8 33.3 38.3
3 36.5 21.6 38.8 14.9 31.6 37.5

Table 6.2: Ablation study to quantify the impact of top-K retrievals for CoA in our proposed RA-CoA
method.

OPTIMAL TOP-K

In RA-CoA, attributes are inferred from retrieved products (Section[6.3.2) and subsequently used
to guide caption generation (Section[6.3.2). A key design choice in this process is the number of
retrieved samples (top-K) used for attribute aggregation (Eq.[6.I). While increasing K can poten-
tially improve attribute coverage by incorporating more diverse evidence, it may also introduce
weakly aligned or irrelevant attributes, particularly in fine-grained fashion domains.

To study this trade-off, we vary K in {1, 2, 3} and report the results in Table @ We observe
that captioning performance generally decreases as K increases. This trend is consistent with the
increased presence of noise and redundancy at higher K values, which can dilute the relevance
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of the aggregated attribute set. In addition, conditioning on larger attribute sets may increase
the tendency of VLMs to include unsupported details, affecting caption precision. Overall, these
results suggest that a compact set of high-confidence attributes obtained from the single closest
retrieved sample (K=1) provides a more favorable balance between attribute relevance and cap-
tioning accuracy for most models.

CONTRIBUTION OF ICL EXEMPLARS IN RA-COA

As elaborated in Section[6.3.2) RA-CoA leverages retrieved products as in-context exemplars dur-
ing caption generation, to guide the VLM for structure and style of the generated caption. In this
ablation, to understand the impact of in-context exemplars in the quality of caption generation,
we evaluate RA-CoA without exemplars during the caption generation. Table |6.3| presents the
quantitative results. Even without exemplars, RA-CoA consistently outperforms zero-shot, CoT-
i, and CoT-e approaches, indicating the effectiveness of RA-CoA’s attribute-centric reasoning. At
the same time, removing exemplars leads to a noticeable but expected performance drop com-
pared to the full RA-CoA. For example, METEOR decreases from 26.8 to 17.7 for Qwen2VL-3B
and from 38.1 to 19.8 for InternVL2-8B. This demonstrates the critical role of retrieved exemplars
in generating coherent, stylistically appropriate captions that effectively incorporate the identified
attributes.

COMPARISON WITH ORACLE VARIANTS

To further study the contribution of different components in RA-CoA, we implement two or-
acle variants. Since original ground-truth attribute-value pairs are not available in FashionGen
dataset, we obtain these pairs from expert-written captions similar to our ProductKB construction
(Section and consider these extracted pairs as ground truth for evaluation purposes.

Caption Generation with Oracle Attributes. Our RA-CoA method relies on retrieval to identify rel-
evant attributes for a fashion item. To understand how close our retrieval mechanism comes
to optimal attribute identification, we implement an Attribute-Oracle variant that directly uses
ground truth attribute keys. Table |6.3| reveals that while Attribute-Oracle consistently outper-
forms standard RA-CoA, the gains are relatively modest across most models. TinyLLaVA (3B)
improves by just 0.1 METEOR points (24.7 vs 24.6). The gap widens somewhat for larger models,
with InternVL2 (8B) showing a 4.4-point improvement (42.5 vs 38.1). These results are encour-
aging, suggesting our retrieval-based attribute identification approaches the theoretical ceiling,
particularly for smaller models. The increased gap for larger models indicates that as VLM capa-
bility grows, the limiting factor shifts more toward attribute identification quality rather than the
model’s ability to leverage those attributes.

Caption Generation with Oracle Attribute-Values. To establish the theoretical upper limit of our ap-
proach, we implement an Attribute-value-pair-Oracle variant that directly uses gold-standard
attribute-value pairs extracted from expert captions. Table 6.3/ shows dramatic performance im-

94



Model (# params) Method variant BLEU-1 AvgBLEU Rouge-1 Rouge-2 Rouge-L METEOR

. RA-CoA 21 11.50 325 10.8 25.2 246
TinyLLaVA BB) | Ra_CoA w/o ICL exemplars 16.8 53 19.8 25 12.8 17.9
RA-CoA with Oracle Attributes 29 11.2 34.1 105 26.4 24.7

RA-CoA with Oracle Attribute-Values 53.9 449 74.0 60.4 71.3 71.6

RA-CoA 26.8 145 35.3 11.7 283 28.6

Qwen-25VL (3B) | A CoA w/o ICL exemplars 17.7 57 26 238 142 19.8
RA-CoA with Oracle Attributes 30.6 16.4 402 12,6 318 31.8

RA-CoA with Oracle Attribute-Values 69.4 62.8 87.4 77.2 83.8 82.4

RA-CoA 314 17.7 39.2 14.2 323 324

Qwen-25VL (7B) | Ra_CoA w/o ICL exemplars 17.9 57 238 238 143 21.7
RA-CoA with Oracle Attributes 334 18.1 44.0 14.6 35.6 341

RA-CoA with Oracle Attribute-Values 86.5 83.3 94.6 91.0 93.4 91.7

RA-CoA 38.6 23.7 41.0 174 36.0 38.1

InternVL2 8B) | RA-CoA w/o ICL exemplars 12.8 41 27 2.8 14.6 19.8
RA-CoA with Oracle Attributes 451 27.0 472 18.7 408 425

RA-CoA with Oracle Attribute-Values 95.7 93.8 98.2 95.5 97.4 97.1

Table 6.3: Ablation study to (1) quantify the importance of retrieval-augmented ICL exemplars, and (2)
quantify the gap of RA-CoA with respect to oracle variants.

provements across all models. TinyLLaVA (3B) reaches 71.6 METEOR (vs 24.6 for standard RA-
CoA), while InternVL2 (8B) achieves 97.1 METEOR (vs 38.1). Unlike the modest gains from
Attribute-Oracle, these substantial improvements reveal that while RA-CoA effectively identi-
fies relevant attributes, the primary performance bottleneck lies in attribute value generation.
VLMs struggle significantly with accurately determining attribute values from visual input, de-
spite correctly identifying which attributes to consider. The widening gap with larger models
suggests that as VLM capability increases, the limiting factor becomes increasingly centered on
value prediction accuracy, pointing to a clear direction for future improvements in the CoA mech-
anism.

EFFECT OF PRODUCT-AWARE CROPPING ON RETRIEVAL AND CAPTIONING

To isolate the impact of our retrieval backbone and examine the role of product-aware cropping
in both retrieval and captioning, we perform a two-part analysis.

Retrieval. We compare two setups: (1) Global CLIP-only Retrieval [169], which retrieves similar
samples using embeddings of the full image instead of cropped ones, and (2) Florence-CLIP Re-
trieval, which first detects and crops the target product region using Florence-2 [238](as described
in Section before embedding it with CLIP. Figure [6.4]illustrates representative retrieval er-
rors from the CLIP-only approach, where visually unrelated items (e.g., “Green OG Authentic LX
Sneakers” retrieved for a “Grey Pocket Logo T-Shirt”) are selected due to background similarity. In
contrast, the Florence-CLIP variant consistently retrieves visually and semantically aligned prod-
ucts by focusing on the correct region of interest. This refinement substantially reduces noisy re-
trievals and establishes a cleaner foundation for downstream attribute aggregation and caption
generation.
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Figure 6.4: Comparison of CLIP-only and Florence-CLIP for retrieval in RA-CoA (Section|6.3.2).

Method BLEU-1 AvgBLEU Rouge-1 Rouge-2 Rouge-L METEOR
Full Image 38.6 23.7 41.0 17.4 36.0 38.1
Cropped Product | 39.4 243 41.8 18.0 36.7 38.8

Table 6.4: Comparison of using full image vs. Florence-2-cropped product region as VLM input within the
RA-CoA framework. Cropping offers a modest gain while the full image already yields strong results.

Captioning. While product-aware cropping is essential for retrieval, during caption generation we
input the full image to the Vision-Language Model (VLM). This choice is motivated by the fact that
modern instruction-tuned VLMs exhibit strong coarse-level grounding abilities and can attend to
the relevant product when guided by its name in the prompt. To further validate this design,
we conducted an experiment where the VLM (InternVL2-8B) received the Florence-2-cropped
product region instead of the full image. We observed a modest METEOR gain of +0.8 (38.9 vs.
38.1), suggesting that while explicit cropping can offer a small improvement, the model already
performs effectively with full images. Hence, cropping is necessary for retrieval but only optional for
caption generation, providing marginal benefit when used. Results are summarized in Table

EFFECT OF PRODUCTKB QUALITY AND SCALE

Since RA-CoA relies on a structured Product Knowledge Base (ProductKB) for retrieval-augmented
reasoning, its performance may depend on the quality, completeness, and scale of this knowledge
source. To examine this, we conduct a series of controlled experiments analyzing three aspects:
(i) varying KB size, (ii) introducing noise into KB entries (Noisy KB), and (iii) simulating sparsity
in attribute annotations (Sparse KB).

Varying Knowledge Base Size. We progressively subsample the ProductKB to contain 10K, 20K,
40K, and 60K entries, and evaluate RA-CoA using InternVL2-8B as the VLM. Table summa-
rizes the results. The corresponding METEOR scores are 36.9, 35.5, 37.1, 37.9, and 38.1, respec-
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ProductKBsize A BLEU-1 Avg.BLEU Rouge-1 Rouge-2 Rouge-L METEOR

10K 36.2 21.1 38.8 15.1 334 35.5
20K 37.6 22.7 40.3 16.6 35.2 37.1
40K 38.5 235 41.2 17.2 35.9 37.9
60K (Full) 38.1 23.7 41.0 17.4 36.0 38.1

Table 6.5: Effect of ProductKB size on captioning performance using InternVL2-8B within the RA-CoA
framework. Performance improves with KB size, but gains saturate beyond 20K entries, indicating that
RA-CoA remains data-efficient even with smaller knowledge bases.

% corrupted BLEU-1 Avg.BLEU Rouge-1 Rouge-2 Rouge-L METEOR

0% 38.1 23.7 41.0 17.4 36.0 38.1
25% 37.0 21.8 39.5 16.1 34.5 36.5
50% 36.9 21.3 39.2 15.3 33.9 35.9
75% 35.7 19.9 37.7 13.8 32.4 34.3

Table 6.6: Effect of noisy ProductKB entries on captioning performance using InternVL2-8B within the RA-
CoA framework. Performance decreases with increasing noise in attribute values, suggesting that RA-CoA
is relatively robust to corrupted ProductKB entries.

tively. While performance improves with KB size, gains beyond 20K are incremental. This sug-
gests that even moderately sized KBs capture sufficient diversity for most fashion products, and
larger KBs mainly help when new or niche SKUs are introduced.

Noisy Knowledge Base. To evaluate robustness to noisy entries in the ProductKB, we introduce
noise by shuffling attribute values in 25%, 50%, and 75% of the KB entries (e.g., replacing half-
sleeve with full-sleeve or velcro with zip). Table [6.6/summarizes the results. As the noise level
increases, METEOR scores decrease slightly from 38.1 (original KB) to 36.5, 35.9, and 34.3, re-
spectively. This limited degradation highlights the robustness of RA-CoA, which stems from a
key design choice: post retrieval during Chain-of-Attributes, we use only the attribute keys from
retrieved samples, not their values. This prevents noisy attribute values from being propagated
while still guiding the model on which attributes to predict.

Sparse Knowledge Base. To analyze the effect of incomplete attribute annotations, we simulate
a sparse ProductKB by randomly dropping 25%, 50%, and 75% of key-value pairs from each
KB entry. Results are summarized in Table As sparsity increases, METEOR scores decline
from 38.1 to 33.9, 29.7, and 25.5, respectively. While moderate sparsity (25%) has limited impact,
performance degrades substantially at higher sparsity levels (75%). This degradation can be at-
tributed to two factors. First, fewer available attribute keys reduce explicit guidance on which
visual properties the model should reason about. Second, and more critically, sparse KB entries
weaken retrieval quality, as retrieved products become less semantically aligned with the query.
Since these retrieved samples are also used as in-context exemplars during caption generation, re-
duced alignment corrupts exemplar quality and leads to weaker captions. Together, these effects
highlight the importance of sufficiently informative KB entries for both attribute-centric reasoning
and exemplar-guided caption synthesis in RA-CoA.
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% key-value pairs dropped | BLEU-1 Avg.BLEU Rouge-1 Rouge-2 Rouge-L METEOR

0% 38.1 23.7 41.0 17.4 36.0 38.1
25% 344 20.5 39.2 16.4 34.3 33.9
50% 28.4 17.1 37.6 16.4 33.1 29.7
75% 21.1 13.1 35.9 16.7 31.6 25.5

Table 6.7: Effect of sparse ProductKB entries on captioning performance using InternVL2-8B within the
RA-CoA framework. Performance degrades as sparsity in the ProductKB increases, as it affects retrieval
quality and attribute guidance.

Method Fine-tuning A BLEU-1 AvgBLEU Rouge-1 Rouge-2 ROUGE-L METEOR
UniFashion v/ 9.6 3.0 16.4 1.5 12.6 11.9
RA-CoA (Ours) X 17.2 6.1 22.9 35.6 16.4 19.2

Table 6.8: Quantitative comparison of RA-CoA with UniFashion [266] (prior SOTA supervised method)
showcasing real-world generalization of RA-CoA despite being completely training-free.

COMPARISON WITH PRIOR SOTA AND GENERALIZATION OF RA-COA BEYOND FASHIONGEN

Table [6.8| shows quantitative comparison of RA-CoA with prior state-of-the-art approach, Uni-
Fashion [266]. Notably, UniFashion is a fully supervised method, explicitly trained on large fash-
ion datasets including FashionGen. Thus, direct evaluation of UniFashion on the FashionGen test
set would be an unfair comparison with our training-free RA-CoA. To enable a fair and unbiased
evaluation, we curated 50 fashion product images with their corresponding captions from the
we and evaluated both approaches on this held-out real-world set. In this setting, our training-
free RA-CoA (with InternVL2-8B) consistently outperforms the supervised UniFashion (7B) base-
line across all evaluation metrics, achieving gains of 7.6 points in BLEU-1, 3.1 points in average
BLEU, 6.5 points in ROUGE-1, 34.1 points in ROUGE-2, 3.8 points in ROUGE-L, and 7.3 points in
METEOR. The overall low scores can be attributed to the difference in style of ground truth cap-
tions and the captions in ProductKB (derived from FashionGen dataset). This comparison high-
lights the performance gap that arises between training-intensive and training-free paradigms
under real-world distribution shift, demonstrating the robustness and scalability of RA-CoA in
practical deployment scenarios.

USER PREFERENCE STUDY

To complement automatic evaluation, we conducted a user preference study to assess the qual-
itative usefulness of captions generated by different paradigms. We recruited six human eval-
uators, each of whom rated 50 randomly sampled, disjoint test images, resulting in 300 unique
evaluation instances. For each image, users were shown anonymized captions generated by In-
ternVL2-8B under all evaluated VLM paradigms. The order of captions was randomized to miti-
gate positional bias. User preferences are summarized in Table[6.9] Zero-shot captions are rarely
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Method Preference (%)

Zero-shot 3.7
CoT-i (Implicit CoT) 6.7
CoT-e (Explicit CoT) 7.0
In-Context Learning (ICL) 14.0
RA-CoA (Ours) 68.6

Table 6.9: User preference study over 300 unique test images using InternVL2-8B as the backbone. RA-CoA
is preferred in 68.6% of cases, reflecting higher perceived coherence, completeness, and usefulness.

preferred, highlighting the challenge of generating complete and user-aligned descriptions with-
out additional guidance. Both implicit and explicit CoT variants provide only marginal gains
over Zero-shot, suggesting that reasoning traces alone, without explicit grounding in retrieved
attribute knowledge, do not substantially improve caption quality. Although ICL outperforms
Zero-shot and CoT-based methods, it remains considerably less preferred than RA-CoA, indi-
cating that exemplar-based prompting is insufficient for consistently high-quality caption gener-
ation. Overall, these results emphasize the importance of retrieval-augmented, attribute-aware
reasoning for producing captions that better align with human expectations of coherence, com-
pleteness, and usefulness.

ATTRIBUTE-WISE SENSITIVITY ANALYSIS

To better understand attribute-level behavior beyond holistic caption quality, we conduct an ex-
plicit attribute-wise sensitivity analysis that evaluates how accurately different attributes are cap-
tured in the generated captions. Specifically, we extract the attribute values from the generated
captions using LLaMA-3.2-8B-Instruct [63], and compare them against ground-truth attribute la-
bels. Exact string matching is insufficient in this setting due to frequent lexical variability among
semantically equivalent attributes (e.g., crew-neck vs. round-neck, zip vs. zipper, or slip-on vs.
no-closure). To address this, we adopt a hybrid evaluation protocol: attributes that exactly match
the labels are assigned a score of 5, while non-exact matches are evaluated using a LLaMA-based
semantic similarity score on a 0-5 scale [143].

From this experiment, we observe the following: (i) High-confidence or less sensitive attributes:
RA-CoA achieves higher accuracy (avg. score > 3.5) for the attributes that are visually prominent
such as color, closure, sleeve type, front print, and hood. (ii) Low-confidence or sensitive attributes:
RA-CoA achieves lower accuracy (average score < 2.5) for attributes that are often occluded, sub-
tle, or viewpoint-sensitive, such as, hemline, fly type, and pockets.

ERROR ANALYSIS

We conducted an error analysis of the captions generated by RA-CoA to understand their short-
comings. While RA-CoA produces coherent captions with reduced hallucination, some limita-
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Figure 6.5: Error analysis into RA-CoA’s generations. The text in red denotes incorrect/hallucinated fea-
tures. The text in blue in the GT caption indicates features missed in the generated caption.

Step Time (seconds)
ROI crop using Florence-2 0.30
CLIP embedding extraction for ROI 0.04
Retrieval from ProductKB (Section|6.3.2) 0.01
Chain-of-attributes (Section 6.3.2) 1.40
Attribute-value aware captioning (Section (6.3.2) 1.80
Average inference time per sample (Total) 3.5

Table 6.10: Computational latency analysis of RA-CoA’s components.

tions remain and can be broadly categorized into two types: (i) missing attributes and (ii) hallu-
cinated values. An illustration of these error types is shown in Figure These issues arise from
gaps in attribute coverage during retrieval and the VLM's limited grounding between visual cues
and attribute semantics. These challenges could be mitigated by (i) expanding the ProductKB to
include a more diverse and comprehensive set of product samples, and (ii) performing one-time
pretraining of VLMs on structured attribute-value annotations to improve semantic grounding
of product attributes, which we leave for future work.

LATENCY ANALYSIS

To assess the practical feasibility of RA-CoA for real-world e-commerce applications, we analyze
the per-sample inference time of our framework. Table[6.I0Jreports the computational breakdown
averaged across 1,000 samples on a single NVIDIA A6000 GPU. The total average inference time
per sample is approximately 3.5 seconds, with the primary computational bottleneck being the
two-stage VLM prompting: chain-of-attribute guided value generation (1.4s) and attribute-value
aware caption generation (1.8s). In contrast, the retrieval is highly efficient. ROI extraction using
Florence-2 takes 0.3s, CLIP embedding extraction requires only 0.04s, and retrieval from a Produc-
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tKB of 60K samples via Faiss indexing [49] completes in 0.01s. This latency profile demonstrates
that RA-CoA achieves practical inference speeds suitable for e-commerce applications.

6.5 CONCLUSION

In this chapter, we proposed RA-CoA, a training-free, model-agnostic framework for fashion im-
age captioning that enhances attribute-level precision and interpretability by disentangling cap-
tioning into chain-of-attribute reasoning followed by generation. Unlike supervised methods that
require frequent retraining to adapt to evolving fashion trends and vocabularies, RA-CoA lever-
ages a product knowledge base and prompts frozen VLMs to infer relevant attributes and syn-
thesize coherent captions. Extensive evaluations demonstrate that our approach reduces halluci-
nation, improves caption faithfulness, and supports scalable, real-world deployment in dynamic
fashion environments.

6.6 LIMITATIONS

Despite RA-CoA’s improvements in fashion image captioning, there are a few limitations: (i) per-
formance depends on the quality and diversity of the product knowledge base; biases or gaps in
the retrieval database may propagate to generated captions. (ii) as revealed by our oracle ex-
periments, there exists a substantial gap between attribute identification and accurate value pre-
diction, VLMs still struggle with inferring fine-grained attribute values from visual input, par-
ticularly for subtle characteristics like fabric composition. (iii) The current implementation also
focuses on Western fashion vocabularies and may inadequately capture cultural-specific fashion
elements.

6.7 ETHICAL CONSIDERATIONS

While RA-CoA offers accessibility benefits in fashion e-commerce, we acknowledge several eth-
ical considerations. FashionGen contains human models wearing fashion products, raising pri-
vacy concerns and potential demographic biases. We mitigate these by using the dataset un-
der its original license, and avoiding identity analysis. Our retrieval mechanism may still prop-
agate biases if the ProductKB lacks diversity in represented styles or cultural demographics.
The approach could theoretically be misused for misleading product descriptions, though our
attribute-grounded design provides inherent safeguards. Future work should explore dataset de-
identification, demographic fairness measures, and further reduction of computational require-
ments while improving attribute inference capabilities.
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Making VLMs Efficient

In this chapter, we address the second objective of this thesis: making vision-language mod-
els more efficient. While Large Vision-Language Models (L-VLMs) have demonstrated remark-
able performance across various vision and language tasks, including visual question answering
(VQA), their high computational cost renders them impractical for resource-constrained settings
and inference-heavy applications. In contrast, Small Vision-Language Models (S-VLMs) offer
computational efficiency but suffer from a significant performance gap compared to their larger
counterparts. To bridge this gap, we introduce the Model Parity Aligner (MPA), a novel frame-
work designed to systematically improve S-VLMs by leveraging unlabeled images and effective
knowledge transfer from L-VLMs. Unlike traditional knowledge distillation methods that rely
on labeled training data, MPA employs a strategic parity-based approach that precisely identifies
knowledge disparities between S-VLMs and L-VLMs, then optimizes training by targeting only
these specific disparities. We conduct extensive experiments on four diverse VQA benchmarks:
TextVQA, ST-VQA, ChartQA, and OKVQA. Each benchmark requires specialized reasoning ca-
pabilities, including text recognition, chart interpretation, and commonsense and factual under-
standing. Our results demonstrate that MPA consistently enhances S-VLM performance across
all benchmarks, significantly reducing the performance gap while maintaining computational ef-
ficiency.

7.1 INTRODUCTION

Large vision and language models (L-VLMSs) have recently made remarkable progress on vari-
ous vision and language tasks, including visual question answering (VQA) [32, 40, 120, 133} 221,
252, 271]]. This makes them a de facto first choice for the VQA task on a new data set that does
not have labeled training samples. However, L-VLMs may not be the most practical choice in
resource-constrained settings and especially for inference-heavy tasks such as VQA, due to their
high computational requirements and latency. In contrast, smaller vision and language models
(S-VLMs) are more efficient but fall significantly short in performance, as shown in Figure
This raises a critical question: Can we improve S-VLMs by a relevant and effective knowledge transfer
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VLM Comparison: Performance vs. Speed vs. Size
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Figure 7.1: Small models often struggle to match the performance of their larger counterparts. We show
model sizes using circle with radius proportional to the parameter count, and their respective inference
time and VQA accuracies in X and Y-axis, respectively on one of the datasets used in this work [196].
Proposed MPA significantly enhances VQA accuracy for five S-VLMs across four datasets. (Best viewed in
color).

from L-VLMs?

Several techniques have been explored to transfer knowledge from large neural models to
smaller ones such as: (i) knowledge distillation (KD) [22, 64} 74, 182,192, trains a small
model (student) to mimic a large model (teacher) by learning from its soft labels or intermediate
representations. However, KD typically relies on labeled training data, which may not always be
available, and effectively distilling multimodal knowledge remains a challenge due to the com-
plex interplay between vision and language features. (ii) Adapter-based methods [45, 77, 81,
introduce lightweight trainable layers into large models to enable efficient fine-tuning. Although
these methods reduce training costs, they still require access to large models during inference,
limiting their practical advantages in resource-constrained environments. (iii) Self-supervised
learning and pseudo-labeling [29, provide an alternative by leveraging unla-
beled data to generate training signals. However, naive pseudo-labeling often propagates noisy
predictions, reducing overall effectiveness. Moreover, the challenge of systematically transferring
knowledge from large to small vision-language models using pseudo-labeling remains largely
under explored. Addressing this gap is crucial for making smaller models more capable without
the high computational cost of large models for inference.
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To fill the aforementioned gaps, we introduce the Model Parity Aligner (MPA) - a frame-
work that enables effective knowledge transfer from L-VLM to S-VLM using only unlabeled im-
ages. Instead of relying on traditional knowledge distillation or fine-tuning, MPA utilizes large
model-guided pseudo-labeling with quality assessment. MPA accurately identifies and addresses
the knowledge gaps between S-VLM and L-VLM, ensuring that small models learn from high-
confidence predictions while minimizing error propagation. By leveraging the strong reasoning
capabilities of large VLMs to create high-quality supervision signals through systematic parity
assessment, MPA efficiently addresses performance gaps while maintaining computational effi-
ciency.

We conducted extensive experiments and ablation studies to evaluate the effectiveness of the
MPA. Specifically, we used four public datasets - TextVQA [196], ST-VQA [20], ChartQA [147]],
and OKVQA [146]. These datasets require additional capabilities such as visual text understand-
ing, chart interpretation, and world knowledge integration, making them well-suited to test the
robustness of MPA. We experimented with ten combinations of L-VLM and S-VLM pairs, demon-
strating that MPA consistently improves S-VLM performance across all benchmarks, highlighting
its effectiveness in knowledge transfer.

The first contribution of this work is the Model Parity Aligner (MPA), an effective approach
that empowers small VLMs and improves their visual question answering performance using
only unlabeled images, thereby eliminating the need for expensive labeled datasets. The second
contribution is a novel parity-based training paradigm employed by MPA. In this paradigm, the
L-VLM generates pseudo-labels for unlabeled images while also identifying and targeting specific
knowledge gaps between the S-VLM and the L-VLM. This strategy ensures reliable supervision,
minimizes noise, and maximizes relevant knowledge transfer. The third contribution is compre-
hensive experimental validation across four diverse VQA benchmarks. MPA achieves consistent
improvement over strong baselines, and our findings further show that it not only boosts VQA
performance but also enables the S-VLM to benefit from closed-source L-VLMs. In addition, MPA
enhances the core capabilities of S-VLMs beyond VQA, including text recognition and text-aware
captioning.

The remainder of this chapter is organized as follows. In Section we review related lit-
erature on small and large VLMs, knowledge distillation, and data augmentation for VQA. Sec-
tion [7.3| presents our proposed framework, the Model Parity Aligner (MPA), including its three
modules: Pseudo Annotator (Section [7.3.1), Parity Identifier (Section [7.3.2), and Parity Leveler
(Section[7.3.3). Experimental setup, datasets, evaluation protocols, and results are detailed in Sec-
tion[7.4} along with ablations and qualitative analyses. Finally, Section[7.5/concludes the chapter
with key findings and future work, followed by a discussion of limitations and ethical consider-
ations and broader impact.
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Figure 7.2: Overview of the proposed MPA framework. It consists of three modules, namely (a) Pseudo Anno-
tator (Section[7.3.1), (b) Parity Identifier (Section[7.3.2), and (c) Parity Leveler (Section[7.3.3). Given a set of
unlabeled images 7 and task 7, MPA begins with automatically annotating the unlabeled images, followed
by strategic data selection that targets knowledge gaps of S-VLM with the L-VLM, while accounting for
annotation quality. This selection process identifies parity, capturing instances where the L-VLM answers
correctly while the S-VLM fails. Finally, PL updates the S-VLM's parameters on the obtained parity subset.
(Best viewed in color).

7.2 RELATED WORK

Small and Large VLMs: Following the success of large language models (LLMs) [21} 146} 50, 211
2247)] across NLP tasks, vision and language models (VLMs) [144), 221] 271]
have been developed that process both visual and textual data. Although state-of-the-art VLMs
achieve impressive zero-shot performance, their growing parameter count impose significant
constraints on computational efficiency, accessibility, and deployment costs. This trade-off be-
tween efficiency and capacity requires the development of smaller VLMs [144] 268] that main-
tain competitive performance with reduced computational demands [140]. The key approach to
developing S-VLMs from L-VLMs involves substituting the internal LLM with lightweight alter-
natives [1 88| 260]. Inspired by the literature on LLM [140], we follow a parameter-based
taxonomy where VLMs with < 5B parameters are classified as S-VLMs, while those that exceed
this threshold are L-VLMs. For context, a small 4B-parameter VLM constitutes just 0.2% of the
estimated 1.8T parameters of GPT-4.

Knowledge Distillation: It transfers knowledge from large teacher models to smaller student mod-
els using KL-divergence over soft logits [74] or feature representations [182, 217, 245]. With
LLMs adhering to scaling laws, their distillation has gained significant interest. Recent meth-
ods for LLMs and L-VLMs [22, explore KL-Divergence variants, while oth-
ers [78,177, distill reasoning via LLM-generated Chain-of-Thought rationales. In contrast to
standard KD, which distills over the labeled dataset, our method identifies and supervises only
the samples that represent knowledge gaps between the student and teacher. This targeted strat-
egy enables efficient, model-agnostic training using only input-output access to the teacher —in-
cluding closed-source L-VLMs.
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Algorithm 2 Model Parity Aligner (MPA)

Input: Large Vision-Language Model (L-VLM) parameterized by ¢; Small Vision-Language
Model (S-VLM) parameterized by 6; unlabeled images: T = {I1, I>,--- , In}; task: T.
Output: Enhanced S-VLM with updated parameters (6).

1: D}, + PA(L-VLMy, Z,T) > , D}, : pseudo-annotated data
2. DL, + PI(L-VLM,, S-VLM,, D7} ,) > PI - Parity Identifier, D], : parity dataset
3: S-VLM; < PL(S-VLMy, D}, ) > PL: Parity Leveler
4: return S-VLM,

Data Augmentation for VQA: Vision and language tasks such as VQA have traditionally been bene-
tited by data augmentation, and visual question generation becomes a natural choice to generate
augmented data [53, [89] 90, 109, 151} 214, 218} 262]. Although few methods [28, 97, [103| 104]
augment the data-scarce VQA datasets to improve performance, other methods [13} 25] leverage
large-scale image-caption datasets to generate noisy VQA labels and use them as VQA founda-
tional data. Distinctively different from these lines of work, we employ L-VLMs to pseudo-label
unlabeled images with a quality check to discard noise, ensuring minimal yet effective annota-
tions for targeted improvements of S-VLMs.

7.3 MODEL PARITY ALIGNER (MPA)

Given a task 7 and a set of unlabeled images Z = {I;}¥,, our goal is to empower small vision-
language models (S-VLMs) with task-specific capabilities and improve their performance on the
task 7. In this work, we restrict ourselves to the VQA task and experiment with various vari-
ants of VQA that require interpretation of visual text, chart, and external knowledge. Inspired by
the standard machine learning lifecycle [198], our proposed Model Parity Aligner (MPA) frame-
work follows a systematic approach to achieve this goal. The process begins with automatically
annotating unlabeled images Z for task 7 using the Pseudo Annotator module discussed in Sec-
tion [7.3.1} followed by strategic data selection with automatic quality assessment of the annota-
tions using the Parity Identification module discussed in Section[7.3.2] This automatically curated
and cleaned data is then utilized to fine-tune the S-VLM model using the Parity Leveler module
discussed in Section The workflow of our proposed MPA framework, which includes its
three interconnected modules, is illustrated in Figure|/.2land described in Algorithm

The proposed Model Parity Aligner (MPA) consists of three main modules: (a) Pseudo An-
notator (PA), (b) Parity Identifier (PI), (c) Parity Leveler (PL). These modules work together to
systematically enrich S-VLMs. The MPA takes S-VLMy, L-VLM,, a set of unlabeled images Z and
the task 7" as inputs and returns an enhanced S-VLM,; where ¢, 0, 0 are the parameters of L-VLM,
S-VLM, updated S-VLM, respectively. It should be noted here that |#| = |0| < |¢| where | - |
denotes the size of the model. Next, we provide an in-depth overview of each module.
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Algorithm 3 Pseudo Annotator (PA)

Input: Large Vision-Language Model (L-VLM) parameterized by ¢; unlabeled images: 7 =
{I;}Y; task prompt: T,
Output: pseudo-annotated images for the task 7: D}, = {(I;, Q:, A;)}Y,.
: Dpy [ ]
for I, in 7 do
(Q, A)z < L—VLM¢(7;W, ]z)
DZ s-append((;, Qi, A;)) > Triplet: (I;, @i, A;) is considered as one pseudo-annotated
sample for task 7.
end for
6: return D},

LN

g

7.3.1 PSEUDO ANNOTATOR (PA)

This module which is described in Algorithm [3|is responsible for obtaining pseudo-annotation
for unlabeled images Z. We employ an L-VLM to generate annotations for the unlabeled images
for the task 7. In this work, we experimented with two L-VLMs. Since we have only access to
unlabeled images, we ask L-VLM to generate task-specific visual question and answer pairs. The
generation of visual questions (VQG) has been shown to improve the visio-lingual abilities of a
vision and language model [28,96]. In this work, we additionally ask L-VLM to generate the cor-
responding answer. To be precise, L-VLM is prompted with a task-specific prompt 7, to create
task-specific question-answer pairsﬂ (Q, A); for each image I; within Z, where i € {1,---,N}.
The module produces the pseudo-annotated dataset D}, , for task 7 : {(I;, Q;, A;)} Y., with each
triplet (I;, Q;, A;) representing an annotated sample for task 7. The L-VLM-driven automated
annotation presents challenges, e.g., (i) noisy annotations and (ii) hallucinated content necessitat-
ing careful quality validations. Our proposed PI module, described next, inherently accounts for
quality validations and minimizes such noisy annotations, while sampling for parity samples.

7.3.2 PARITY IDENTIFIER (PI)

This module capitalizes on the existing capabilities of S-VLM while isolating its knowledge gaps
relative to L-VLM. Rather than following conventional approaches [25}128,[103] of using all pseudo-
annotated data for training, we implement a more targeted methodology to identify specific
knowledge disparities between models. We evaluated both L-VLM and S-VLM in zero-shot set-
tings by presenting each model with image-question pairs (I;, Q;) from the PA-annotated dataset
DT, ,. The respective answers - A; from L-VLM and A; from S-VLM —are then compared against

For example, in the case of ChartQA, 7,, instructs the model to focus on reasoning over charts, including trend
analysis and numerical interpretation. Similarly, for TextVQA, the prompt emphasizes reading and comprehending
scene text to formulate relevant questions and answers. This ensures that the generated QA pairs align with the specific
reasoning challenges posed by each task.

108



Algorithm 4 Parity Identifier (PI)

Input: Large Vision-Language Model (L-VLM) parameterized by ¢; Small Vision-Language
Model (S-VLM) parameterized by 6; pseudo-annotated data: D7, ,
Output: Parity (Knowledge gap) between L-VLM and S-VLM: DPI ={(I;,Qi, A)}E |, K < N.

1 D =]
2 for (I;, Qi, A;) in D}, py do
3. A; «+ L-VLMy(I;, Q;)
4 A; + S-VLMy(I;, Q;)
5 if A —— A; and A; # A, then > Eq.[7.1) & Eq.
6: DL ,append((I;,Qi, A;)) > Satisfies Eq.[7.2 criteria
7. else
8:  continue
9: end if
10: end for
11: return D],

the pseudo annotation A; using the following expression.

1, if X = A,

for X € {A, A}. (7.1)
0, otherwise,

Further, we select samples that satisfy the following Boolean condition S.

S((I,Q,A)):{l’ if E(A) A —E(A), 72)

0, otherwise.

Here, Boolean condition S selects an annotated triplet (I;, Q;, A;) if A, correctly matches A; while
A; does not, thereby precisely identifying the knowledge gap between the models where S-VLM
requires improvement. In other words, S selects those samples where L-VLM answers correctly,
while S-VLM answer is incorrect, assuming the pseudo-annotated answer as ground truth. This
methodology inherently performs quality verification by leveraging L-VLM’s superior answering
capabilities, as these models are primarily instruction-tuned for answering rather than annotating.
By selecting only instances where L-VLM demonstrates consistency between its annotation and
answering phases, P module effectively filters out noisy or hallucinated annotations. The result-
ing parity subset D}, : {(I;, Q;, A;) } | with K < N, constitutes highly efficient samples focused
exclusively on the specific knowledge deficiencies of S-VLM. This targeted approach eliminates
the need to train on potentially problematic samples or the entire annotation set, optimizing both
training efficiency and model performance. This module is detailed in Algorithm[4]
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Algorithm 5 Parity Leveler (PL)

Input: Small Vision-Language Model (S-VLM) parameterized by ¢; parity set: D}, =
{(I;, Qi A M, )
Output: Enhanced S-VLM with updated parameters

1: foriter =1to L do > L: total no. of iterations
2 for {(I;,Qi, A;)}°_, in D}, do > b: batch size
3 {4}« SVLMy({(Li, Qi) }y)

4 Compute Lgen ({Ai, Ai}o_y) > Answer generation loss
5. Update 0 using Lge, > Gradient descent
6: end for

7: end for

8: return S-VLM;

7.3.3 PARITY LEVELER (PL)

This module fine-tunes S-VLM on the parity (knowledge gap) samples identified by the PImodule
for L number of iterations. We feed each sample {I, Q}; from D}, within an instruction prompt
template to S-VLM to generate the accurate answer A; to the visual question ); on the image I;.
S-VLM learns P(A;|Q;, I;) by modeling the task as a text generation problem, auto-regressively
generating the tokens in the answer.

b m

Lyen(8) = =5 3~ |- log PalAi [ Aice, 11, Q1)) 73)

=1 Lt=1

Once all answer tokens A;,, = are obtained, we optimize the model using the generation loss
Lgen, defined over the minibatches of size b samples (Eq[7.3) which is minimized via stochastic
gradient descent. Note that L-VLM parameters ¢ remain frozen throughout MPA. For an algo-
rithmic description of this module, refer to Algorithm[5]

7-4 EXPERIMENTS AND RESULTS

Datasets. We evaluate our approach on four widely-used public VQA benchmarks, namely,
TextVQA [196], ST-VQA [20], ChartQA [147], and OKVQA [146]. These datasets are relevant
to MPA because they introduce diverse reasoning challenges, such as text, chart, external world
understanding beyond traditional VQA [7], making them strong benchmarks for evaluating gains
in S-VLM. TextVQA consists of 28K images with 45K manually annotated question-answer pairs.
It is split into 21K images with 35K questions for training, 3K images with 3.7K questions for val-
idation, and a private test set. Since the testset is private, for this dataset, we report all the result
on validation set. ST-VQA contains 23K images and 31K questions, with 16K images and 22K
questions for training, and 2.8K images with 4K questions for testing. ChartQA includes 21.6K
charts with 32.3K question-answer pairs, split into 19K charts with 28K questions for training, 1K
charts with 1.8K questions for validation, and 1.6K charts with 2.5K questions for testing. OKVQA
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L-VLM Gains

Qwen2VL-7B [221] InternVL2-8B [32] Max  Average
S-VLM Method TextVQA ST-VQA  ChartQA OKVQA TextVQA ST-VQA ChartQA OKVQA
SmolVLM-500M Z5 55.3 78.5 56.5 38.2 55.3 78.5 56.5 38.2 34 n
MPA 57-6(+23) 80.3(118) 59:9(+3.4) 40.7(4+25) 57-7(+2.4) 80.7(122) 59:3(4+2.8) 39:9(+1.7)
TinyLLaVA-2B ZS 471 44.7 12.0 43.6 47.1 447 12.0 43.6 152 6.8
MPA 53.5(16.4) 48.7(+10) 24-0(4+120) 46-6(43.0) 51.9(448) 49-8(45.1) 27-2(1152) 47-2(13.6)
InternV1.2-2B ZS 68.0 63.0 63.2 42.7 68.0 63.0 63.2 42.7 51 30
MPA  70.3(423) 655(125 68.3(151) 456(129) 695415 657127 68.2(450) 44-6(+19)
InternVL2-4B V4] 69.1 63.2 73.1 50.5 69.1 63.2 73.1 50.5 47 21
MPA 714193 66.6(134) 73-8(107) 523(+18) 703(+12) 67-9(+47) 74-0(+0.9) 52-0(415)
VAs) 70.6 62.5 65.9 471 70.7 62.5 65.9 47.1

Qwen2VL-2B 2.6

MPA 751(145) 672(447) 67-6(117) 48.9(118) 723116 66.6(141) 66.9(110) 489118

Table 7.1: Comparison of our proposed MPA framework performance with the baselines on TextVQA, ST-
VQA, ChartQA and OKVQA. The parenthesis (+x) denotes the improvement of +x% over the zero-shot
S-VLM by our proposed MPA. The max and average columns show the overall performance gains across
all tests for each S-VLM.

consists of 14K images with 14K questions, divided into 9K questions for training, 5K for testing.
Further, as MPA is primarily designed for label-free training, we exclude all question-answer
annotations from the training splits of each dataset during evaluation.

S-VLMs and L-VLMs used. Following the parameter-based taxonomy defined for Vision-Language
Models (VLMs) in Section[7.2) where models with < 5B parameters are classified as small VLMs (S-
VLMs), while those exceeding 5B parameters are large VLMs (L-VLMs) [140], we chose five mod-
els that range from 500M to 4B parameters as S-VLM, namely SmolVLM-500M [144], TinyLLaVA-
2B [268], InternVL2-2B [32], Qwen2VL-2B [221], and InternVL2-4B [32]; and two open-source
models viz. Qwen2VL-7B [221] and InternVL2-8B [32] and one closed-source model, i.e., GPT-
4o [156] as L-VLM.

7-4.1 RESULTS AND DISCUSSION

We present the quantitative results of our MPA framework across four datasets evaluated in ten
combinations of two L-VLMs and five S-VLMs in Table The results show that MPA consis-
tently improves the performance of all S-VLMs in all datasets with 15.2% maximum and 3.4%
average gain in an absolute scale. Here, we analyze the results from the following three key per-
spectives.

(i) S-VLM family-specific analysis The most noticeable gains are as follows (refer Table[7.I): TinyLLaVA-
2B achieves 27.2% accuracy on ChartQA with our MPA framework, guided by InternVL2-8B,
marking an absolute improvement of +15.2% over its original zero-shot performance. Similarly,
Qwen2VL-2B, guided by Qwen2VL-7B and InternVL2-4B, guided by InternVL2-8B in our MPA
framework achieve +4.7% and +4.7% improvements, respectively, on ST-VQA. On ChartVQA,
SmolVLM-500M, guided by Qwen2VL-7B in our MPA framework, improves by +3.4%, while In-
ternVL2-2B, guided by Qwen2VL-7B, gains +5.1%. These results highlight effectiveness of MPA

in enhancing the performance of S-VLMs across diverse VQA tasks.
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S-VLM GPT-40 as L-VLM

TinyLLaVA-2B 471
TinyLLaVA-2B + MPA 55.4(18.3)
Qwen2VL-2B 70.6

Qwen2VL-2B + MPA 75.4(148)

Table 7.2: Comparison of MPA-aligned S-VLMs against baseline S-VLMs on TextVQA, with GPT-40 as L-
VLM.

(ii) VQA Task-specific analysis We observe that TinyLLaVA-2B+MPA aligned with InternVL2-8B
achieves a notable +15.2% gain on ChartQA, highlighting our MPA’s strength as a knowledge
alignment module. In this scenario, it effectively identifies and bridges the knowledge gap be-
tween L-VLM and S-VLM for ‘complex visual reasoning that involves interpreting charts and graphs.
Improvements on TextVQA (+6.4%) and ST-VQA (+5.1%) further demonstrate MPA’s ability to
transfer ‘visual text understanding’ from larger to smaller models. The modest gain on OKVQA
reflects its reliance on external knowledge, which S-VLM inherently lack. While MPA enhances
internal knowledge utilization, it cannot fully address such gaps without RAG or fine-tuning on
knowledge-rich data. The results validate the effectiveness of MPA within its scope, while high-
lighting the challenges of knowledge-intensive visual question answering.

(i) Model size-specific Analysis: MPA improves performance on all model scales, from SmolVLM-
500M to InternVL2-4B, demonstrating its versatility. In particular, TinyLLaVA-2B achieves the
highest average gain of +6.8 across all tasks, whereas InternVL2-4B shows a comparatively mod-
est improvement of +2.1. We attribute this contrast to two factors: (i) Pretraining data gaps:
smaller models like TinyLLaVA-2B benefit more from MPA as it effectively fills missing capa-
bilities through targeted alignment; (ii) Diminishing returns with scale: it is inherently harder to
align larger models (4B in this case) that already possess stronger capabilities, in line with scaling
laws.

(iv) L-VLM-Specific Analysis: We analyze the effectiveness of different guiding L-VLMs within MPA
by computing average gains across five S-VLMs and four VQA datasets. Qwen2VL-7B achieves
the highest average improvement of +3.5 points, followed closely by InternVL2-8B with +3.2
points. This suggests that while both models are effective guides, Qwen2VL-7B offers a slightly
stronger alignment signal, potentially due to differences in their pretraining objectives or repre-
sentations. These results highlight that MPA is robust to the choice of L-VLM, yet benefits from
stronger or more task-aligned guides.

ABLATIONS AND ANALYSIS

We conduct the following ablations and analysis:

(i) How effective is MPA in aligning S-VLMs with closed-source models?: MPA can also leverage
powerful closed-source L-VLMs to improve S-VLMs. To assess this, we performed experiments
using GPT-4o [156] as the guiding L-VLM. As shown in Table MPA consistently improves
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Task Dataset Metric S-VLM S-VLM+MPA

OCR ICDAR2015 [98] WRR 31.9 36.4(T 4.5)
BLEU-1 7.9 15.3(1 7.4)
TC TextCaps [193] ROUGE-L 174 20.6(1 3.2)
CIDEr 8.7 38.1(T 29.4)

Table 7.3: MPA transfers the fundamental capabilities beyond VQA. In our MPA framework, we use S-VLM:
TinyLLaVA-2B, L-VLM: Qwen2VL-7B. Here, OCR: visual-text recognition, TC: text-aware image captioning.
WRR: word recognition rate.

L-VIM Status AT ACT TRT HIST
Pre-PI 0.76 0.68 0.8 58
Qwen2VL-7B Post-PI 0.92 0.84 0.92 74
Pre-PI 074 065 0.78 56
Post-PI 0.87 0.78 0.88 73

InternVL2-8B

Table 7.4: User study on the pseudo-annotations quality: Pre-PI and Post-PI in MPA. A: answerability, AC:
answer correctness, TR: task relevancy, HLS: Human Likeness Score. Refer Section for more details.

performance across all aligned S-VLMs, despite having no access to the guiding model’s logits or
weights. This demonstrates MPA’s unique advantage over standard distillation methods, which
require full model access. With the expected rise in powerful closed-source models [156, 208],
such alignment strategies become increasingly valuable. In fact, our results show that integrating
powerful L-VLM, e.g. GPT-40 through MPA brings S-VLMs closer or even better in performance
to significantly larger models, e.g., MPA-aligned Qwen2VL-2B (75.4%) outperforms Qwen2VL-7B
(74.7%).

(ii) Does MPA transfers the fundamental capabilities beyond VQA?: MPA is designed to en-
hance the VQA performance of S-VLMs by aligning them with L-VLMs, and our results confirm
its effectiveness. To examine whether MPA also transfers broader fundamental capabilities such
as visual text understanding, we evaluate zero-shot TinyLLaVA-2B and its MPA-aligned coun-
terpart on two different tasks: visual text recognition on ICDAR 2015 [98] and text-aware image
captioning on TextCaps [193], using Qwen2VL-7B as the guiding L-VLM in MPA. As shown in Ta-
ble the MPA-aligned model improved text recognition accuracy by 4.5% on an absolute scale
and yields notable improvements in captioning metrics such as ROUGE-L and CIDEr. These re-
sults suggest that MPA transfers fundamental text understanding capabilities from L-VLMs to
S-VLMs beyond the VQA.

(iii)) How effective is the role of PI in pseudo-annotation quality correction?: Incorrect annota-
tions may cause models to learn spurious patterns, exhibit biased behavior, and suffer from de-
graded performance and reliability in downstream tasks. To assess the impact of the PI module
on generated annotation quality, we conducted a user study in which three annotators evaluated
500 randomly sampled pseudo-annotations prior and post PI processing. The evaluation used
the following metrics: (a) Answerability (A): 1 if the question is answerable from the image, 0 oth-
erwise; (b) Answer Correctness (AC): 1 if the answer is correct, assuming the question is valid; (c)
Task Relevance (TR): 1if the question aligns with the task, 0 otherwise; and (d) Human-Likeness Score
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Image

Q: How much did Amazon pay for Twitch in

Q: What is the name of the airline company
operating the aircraft in the image? A- Dallas, TX August 20142

Q: What is this dish called?
A: Ramen

Human Q: Where is this truck from?

Annotated

A: Biman

\ { Q: Which acquisition was the most expensive for | | Q: What is the significance of the chopsticksin |
| Amazon? i | the context of the image? 1
A: Whole Foods \_A: Cultural practice

MPA | Q: Whatairline does the plane belong to?
(Qwen2VL-7B) | A: Biman

white armored truck in the image?
A: Brinks

What type of dish is commonly served with |
chopsticks and ingredients like meat and noodle? |
' A:Ramen !

How much did Ring raise in their fundin
round?
' _A: 1800 million dollars

MPA | Q: What made this airplane?
(InternVL2-8B) : A: Biman

Figure 7.3: A selection of few pseudo annotations generated by our framework. We further show human
annotations from their respective original dataset train splits. (Best viewed in color).

Method TextVQA ST-VQA ChartQA OKVQA

LoRA SFT 719 63.4 66.1 47.9
Full SFT 71.8 61.7 65.7 47.7
MPA 75.1 67.2 67.6 48.9

Table 7.5: Comparison of few-shot methods vs MPA-aligned Qwen2VL-2B with Qwen2VL-7B as L-VLM.
Please note that MPA operates without any human-labeled samples, whereas the other two baselines each
use 100 human-labeled samples.

(HLS): percentage of PI-sampled annotations mistaken for human-annotated ones in a mixed set.
As shown in Table (7.4} post-PI annotations exhibited higher quality across all metrics, with more
being identified as human-annotated. Figure[7.3|provides visual evidence by illustrating the high
correlation between MPA-generated annotations and human annotated samples. These results
validate that PI effectively filters noise and corrects errors, enhancing the overall reliability of
MPA-generated annotations.

(iv) How does MPA compare to few-shot supervised baselines? While MPA is designed for a
setting where human-labeled training data is unavailable, obtaining a small labeled set (e.g., 100
samples) is often feasible. In such scenarios, commonly adopted few-shot supervised methods
like LoRA-based SFT and full SFT can be applied directly to the S-VLM. To benchmark MPA
against these methods, we fine-tune Qwen2VL-2B using both approaches and compare them with
MPA-aligned Qwen2VL-2B (using Qwen2VL-7B as L-VLM). As shown in Table[7.5, MPA consis-
tently outperforms both baselines without labeled supervision, demonstrating high-quality label
generation and effective knowledge transfer.

(v) Does Pl filtering improve over raw pseudo-labels or full human-labeled data? While our pri-
mary focus is on label-free training using MPA, we further investigate the quality of supervision
introduced by PI filtering. Specifically, we compare three settings for training Qwen2VL-2B: (i)
full human-labeled data (HL), (ii) pseudo-labeled data (PL) from MPA without PI filtering, and
(iii) high-quality subset selected by PI that targets the knowledge gap. As shown in Table /.6
the Pl-selected subset achieves the highest accuracy across all tasks-TextVQA (75.1%), ST-VQA
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TextVQA ST-VQA ChartQA

Data Labels

#Samples | Acc. T #Samples| Acc.T #Samples| Acc.
Original HL 35K 72.7 22K 65.5 28K 66.9
MPA (w/o PI)* PL 21K 73.3 15K 65.5 19K 67.4
MPA (w/o PI) PL 21K 73.6 15K 65.8 19K 67.4
MPA PL 2K 75.1 1.5K 67.2 1.6K 67.6

Table 7.6: Ablation result of using samples from MPA v/s MPA without PI filtering, with Qwen2VL-7B as
L-VLM and Qwen2VL-2B as S-VLM inside MPA. HL: Human Labeled. PL: Pseudo Labeled.

S-VLM Samples TextVQA ST-VQA ChartQA OKVQA
e U SR
T
InternVL2-2B MPAN(IVIZ,Q o PI) ?22 2;1::’ 22; ;1;12
InternVL24B ¥ AN([‘I“)’A o PI) g?j’ 25;-.1 Ziz 5;1;
e A A

Table 7.7: Additional results for MPA vs. MPA (w/o PI) across all S-VLMSs, using Qwen2VL-7B as the L-
VLM inside MPA.

(67.2%), and ChartQA (67.6%), despite using far fewer samples. Interestingly, the performance
gain from full human-labeled data over zero-shot baselines is relatively limited. Prior work [103]
suggests that excessive labeled data can introduce redundancy or noise, reducing the marginal
benefit of supervision. This highlights the value of PI filtering in identifying high-utility samples
that yield more efficient and effective learning.

(vi) Cross-Domain applicability (Medical VQA): To evaluate MPA’s utility beyond standard
VQA tasks, we assess its performance in the medical domain using the PathVQA dataset [73]. We
compare zero-shot TinyLLaVA-2B with its MPA-aligned counterpart, guided by Qwen2VL-7B.
We focus on the binary (yes/no) subset of PathVQA, as the open-ended questions often contain
highly specialized medical terminology that poses challenges even for large models and may not
reflect generalizable reasoning capabilities. As shown in Table MPA yields a gain of +2.4%,
demonstrating effective knowledge transfer even in diverse domain-specific settings. These re-
sults highlight MPA’s ability to generalize across domains without requiring task-specific data or
fine-tuning.
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Model Method  Acc. (%)

TinyLLaVA-2B  ZS 51.2
TinyLLaVA-2B MPA  53.6(,5.4)

Table 7.8: Performance on Medical VQA (PathVQA). MPA-aligned TinyLLaVA-2B (with Qwen2VL-7B as
L-VLM) shows improved cross-domain generalization.

Task Dataset Metric S-VLM (Zero-shot) S-VLM (HL) S-VLM (MPA)

OCR ICDAR2015 WRR 31.9 33.2 36.4 (1 4.5)
BLEU-1 7.9 13.4 15.3 (1 7.4)

TC  TextCaps ROUGE-L 17.4 18.3 20.6 (1 3.2)
CIDEr 8.7 34.6 38.1(1294)

Table 7.9: Comparison of OCR and text-aware captioning performance. Despite using no ground-truth
labels, MPA outperforms both the zero-shot baseline and models trained on human-labeled data (HL).

7-4.2 ADDITIONAL ANALYSIS

(i) Additional comparisons: utility of PI filtering over raw pseudo-labels. We extend the analysis
of PIfiltering by reporting the results of MPA (w/o PI) across all S-VLMs with Qwen2VL-7B as the
guiding L-VLM within MPA. As shown in Table MPA consistently outperforms MPA (w/o
PI) across all tasks and S-VLMSs, despite using far fewer training samples (for instance, ~2K vs.
~21K for TextVQA). These results reinforce the utility of PI filtering in isolating knowledge-gap
samples that provide more efficient and targeted supervision.

(ii) Expanded comparison on OCR and text-aware captioning tasks. In Table we examined
whether MPA-trained models can improve fundamental capabilities such as OCR and text-aware
image captioning, even without direct supervision. We further evaluate this setting by comparing
against models fine-tuned on the original human-labeled training splits of TextVQA; the results
are presented in Table As shown, MPA not only improves over the zero-shot baseline but
also surpasses models trained with human-labeled annotations. This highlights that the gains
stem from the effectiveness of the MPA pipeline, rather than from overlap between benchmarks,
and demonstrates that MPA successfully transfers core visual-linguistic capabilities in a label-free
manner.

(iii) Computational and API cost of PA and PI: MPA is a one-time pipeline where each im-
age is processed by the L-VLM during the PA phase, and each generated (image, question) pair
is passed once through the L-VLM and S-VLM during the PI phase. For open-source L-VLMs
like Qwen2VL-7B deployed locally, this is computationally lightweight: on a machine with 3
A6000 (48GB) GPUs, generating approximately 21K pseudo-annotations (e.g., for TextVQA) takes
around 4-6 hours end-to-end. Further, the PI step takes another 2-3 hours to identify the samples
that represent the knowledge gaps. Alternatively, while using GPT-40 via API, we estimate the
total cost of PA + PI for a single S-VLM-task pair to be around $11, making MPA a highly cost-
effective label-free alternative to supervised training.
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S-VLM Batch Size LR

Qwen2VL-2B 16 le-5
InternVL2-2B 16 4e-5
InternVL2-4B 6 4e-5
SmolVLM-500M 16 le-4
TinyLLaVA-2B 16 le-4

Table 7.10: Hyperparameters used in the parity leveler module (Section for each S-VLM.
7-4.3 IMPLEMENTATION DETAILS

We implement our method using PyTorch. Majority of the chosen S-VLMs and L-VLMs employed
in our proposed method MPA, we use their original code-base repositories and/or their Hug-
gingface implementations depending on the ease of reproducibility. Parity leveler (Section[7.3.3)
module trains the entire S-VLM on the samples obtained from the PI module (Section for
one epoch, for all the benchmark datasets. Hyperparameters used by the PL module for different
S-VLMs are summarized in Table All our experiments are conducted on a machine with
three Nvidia A6000 GPUs (48 GB each). For every L-VLM and S-VLM combination, it took ap-
proximately, 5-12 GPU hours for entire MPA, for one dataset. We use gpt-40-2024-11-20 [156]
for our closed-source L-VLM ablation.

7.4.4 PROMPTS USED

In this section, we provide the VLM prompts used in the PA module (Section|7.3.1) to generate
pseudo-annotations for all four datasets:

(i) Prompt for TextVQA [196] and STVQA [20]:

L-VLM prompt used in the PA module of MPA: TextVQA and ST-VQA

<image(I)>

The objective is to generate a question-answer pair for a Textual Visual Question Answering (Text-VQA) task.
Your task is to create a contextually relevant question that directly relates to the image’s content, incorporating
reasoning or direct references to the text, and its correct answer.

Output:

- Question: A natural language question grounded in the image’s content and text.

- Answer: A concise response (single word, phrase, or Yes/No) derived from the text or reasoning based on it.
Assistant: Question: Q, Answer: A

\.

(ii) ChartQA [147]:
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L-VLM prompt used in the PA module of MPA: ChartQA [147]

<chart image (I)>

The objective is to generate a question-answer pair for a Chart Visual Question Answering (ChartVQA) task.
Your task is to create a contextually relevant question that directly relates to the content of a given chart,
incorporating reasoning based on the visualized data.

Output Requirements:

- Question: A natural language question grounded in the chart’s content, requiring numerical reasoning, trend
analysis, or data lookup.

- Answer: A concise response (single word, number, phrase, or Yes/No) derived from the chart’s data.
Guidelines for Question Generation:

1. Direct Lookup Questions - extracting specific values from the chart.

2. Comparison Questions - comparing values between different categories.

3. Trend & Pattern Recognition - identifying increases, decreases, or correlations in the data.

4. Inference-Based Questions - requiring reasoning beyond direct value lookup.

Ensure the question is meaningful and the answer is accurate based on the chart data.

Assistant: Question: Q, Answer: A

(iii) OKVQA [146]:
L-VLM prompt used in the PA module of MPA: OKVQA [146]

<image(I)>

The objective is to generate a question-answer pair for a Knowledge-based Visual Question Answering (K-
VQA) task. Your task is to create a contextually relevant question that directly relates to the image’s content
while requiring external world knowledge to answer correctly, and its correct answer.

Output Requirements:

- Question: A natural language question grounded in the image’s content but requiring reasoning beyond
direct perception, incorporating real-world knowledge.

- Answer: A single-word response based on general world knowledge.

Guidelines for Question Generation:

1. Object & Scene Understanding - identifying objects or actions in the image and connecting them to broader
knowledge.

2. Commonsense Reasoning - requiring logical deductions about the scene.

3. Cultural & Historical Context - related to well-known historical events, traditions, or cultural references.
4. Scientific & Factual Knowledge - involving basic physics, biology, geography, or general knowledge.

5. Everyday Life & Social Understanding - questions about daily activities, professions, or human behaviors.
# Ensure that the generated question is meaningful and requires external knowledge beyond just the image’s
visual content.

Assistant: Question: Q, Answer: A

Note that, to ensure fair comparison, the pseudo-annotation prompts are same for all variants
of L-VLMs used. Further, the prompt we used for QA is ‘Answer the following question in
a single word or phrase’, which is common for all datasets across all S-VLMs.

7.4.5 QUALITATIVE RESULTS

Figure [7.4| presents a selection of examples where MPA alignment enables S-VLM to correct er-
rors made by the original zero-shot S-VLM. From a rigorous examination of the results, we find
that MPA significantly improves performance in visual text reasoning, plot interpretation, and
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() (b) (c) (d)

Image

What word is printed under interior Which year yielded the smallest difference What effect on the ocean does

i ?
Q design on the book in the middle? Where was this product made? between men and women students? this planetary body cause?
SVLM Para USA 2005 Moon
SVLM+MPA Inspirations UK 2000 Tide
(Ours)

Figure 7.4: A selection of results showing zero-shot S-VLM versus MPA-aligned S-VLM. MPA config: S-
VLM: Qwen2VL-2B, L-VLM: Qwen2VL-7B. Green and red text correspond to correct and incorrect answers,
respectively. (Best viewed in color)

(a) (b)

IRussian Views of Economy Souring

wid you describe the current economic situation

Image p
g / \/\’“ y/\
Q What is the registration number of the What percentage of Russians described
plane? their economy as bad in 20157
LVLM G-ATCO 73
SVLM G-ATCO 73

Figure 7.5: Pseudo-annotations discarded by PI module as they do not constitute knowledge-gap.

knowledge-based question answering. Further, we show additional qualitative samples for show-
ing zero-shot S-VLM versus MPA-aligned S-VLM across all four datasets: TextVQA in Figure[7.7,
ST-VQA in Figure[7.8] ChartQA in Figure[7.9and OKVQA in Figure

Further, we show a few selected examples of noisy annotations and another set of examples
which do not represent a disparity between S-VLM and L-VLM, that are discarded by the PI

module in Figure[7.6|and Figure[7.5|respectively.
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(d)

Chinese and Russian Views of Each
Other Diverge
100%

China favorabil

ability in Russia 79
QOO O=—0"F N

Image ‘
C How has the favorability of China in
?
Q What brand of the vehicle is Volvo* Russia changed from 2007 to 2015?
PA
Annotation Yes 79

(pseudo-ground truth)

Figure 7.6: Pseudo-annotations discarded by PI module as they are noisy annotations.

(b) (©) (d

Image

Q What brand is depicted above Which way to turn to porchester terrace? What is the first even number? What number and Ieﬁgr are
the beatles logo? found under the green icon?
SVLM Gibson Left 17 6
+
SV](gJ rls\;[PA Ludwig Right 18 F6
u

Figure 7.7: Few more results from TextVQA showing the efficiency of MPA-aligned S-VLM over baseline
S-VLM.

7.5 CONCLUSION AND FUTURE WORK

In this work, we introduced the Model Parity Aligner (MPA), a novel framework that enhances
small vision-language models (5-VLMs) by leveraging unlabeled images and effective knowledge
transfer from large vision-language models (L-VLMs). Unlike traditional knowledge distillation
techniques that rely on labeled data and access to large model logits, MPA employs pseudo-
labeling with quality assessment, ensuring that small models learn from high-confidence super-
vision while avoiding error propagation. Our experiments across four diverse VQA benchmarks,
viz. TextVQA, ST-VQA, ChartQA and OKVQA demonstrate that MPA consistently improves S-
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Image

. . . What letters come after the letters ATV/ What is printed on the right side of the What company’s logo is in the
2
Q Whatis the punishment for honking? on the same button? clock? black box in the upper left?
SVLM $150 penalty DVD Letters Burberry
SVI("g[ﬂ\;IPA $350 penalty DTV 1240 KC Gucci
urs,

Figure 7.8: Few more results from STVQA showing the efficiency of MPA-aligned S-VLM over baseline
S-VLM. Green and red text correspond to correct and incorrect answers, respectively. (Best viewed in color)
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Who was the leading goal

How many facebook fans did the Does the life expectancy decrease over How many places are mentioned in the N
Q simpsons have as of June 2011? the years? raph? scorer for Celtic FC as of
P ! years: graph September 20207
SVLM 26.1 million Yes 10 Scott Sinclair
SVLM+MPA 62 million No 5 Leigh Griffiths

(Ours)

Figure 7.9: Few more results from ChartQA showing the efficiency of MPA-aligned S-VLM over baseline
S-VLM. Green and red text correspond to correct and incorrect answers, respectively. (Best viewed in color)

(d)

Image
The chef is holding a pizza in the photo so Can
8 . . . you guess the model of tv
Q whattype of::;a;;'acr:)todk?:; ;T'I;S suggest he At what speed does this animal run? ~ What is the name of the floor pattern? shown in this picture?
SVLM Pizza 10 mph Diamond No
+
SVI(g/Lr:;IPA Italian 30 mph Checkered LG

Figure 7.10: Few more results from OKVQA showing the efficiency of MPA-aligned S-VLM over baseline
S-VLM. Green and red text correspond to correct and incorrect answers, respectively. (Best viewed in color)

VLM performance, making them more viable for real-world applications with limited resources.

Despite these improvements, there still remains a gap between S-VLMs and L-VLMs that
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highlights the need for further advancements. As future work, we aim to explore more robust
knowledge alignment strategies, including iterative refinement of pseudo-labels, leveraging di-
verse sources of unlabeled data, and integrating multi-step reasoning from L-VLMs into S-VLMs
training. Additionally, extending MPA to tasks beyond visual question answering, and explor-
ing teacher-student pairs at smaller scales, could further broaden its applicability across diverse
tasks and compute budgets. We view MPA as a first step toward achieving model parity in vision
and language models via targeted knowledge alignment, and firmly believe that it shall open up
future research avenues for more efficient and capable small models for vision-language tasks.

7.6 LIMITATIONS

Our proposed MPA framework depends on access to a large vision-language model (L-VLM) for
generating and validating pseudo-annotations. In even stricter resource-constrained settings, this
may limit applicability of MPA. Further, when leveraging proprietary closed-source models via
commercial APIs, reproducibility and transparency may be compromised due to limited insight
into model behavior and potential changes in API responses over time. Our experiments also
focus primarily on English-language datasets and VQA-related tasks; generalization to multilin-
gual, or more complex reasoning tasks remains an open direction.

7.7 ETHICAL CONSIDERATIONS AND BROADER IMPACT

In this work, we used open-source datasets which may contain social or cultural biases. The pro-
posed framework also depends on outputs from large-scale vision-language models (L-VLMs),
which are known to occasionally generate hallucinated or biased content. Although the Parity
Identifier (PI) module is designed to filter out low-quality or incorrect annotations, it cannot en-
tirely eliminate inherited biases from the underlying L-VLM. Further, this work involves a hu-
man evaluation study in which three annotators were employed to assess the quality of pseudo-
annotations generated by our MPA framework. All annotators were compensated fairly in accor-
dance with local wage norms. They were not exposed to harmful, offensive, or sensitive content,
and no personally identifiable information was collected at any stage of the study.

Broader Impact: The proposed MPA framework enables efficient training of small vision-language
models (5-VLMs) using only unlabeled data, reducing reliance on expensive human annotations.
By transferring capabilities from large vision-language models (L-VLMs) to compact models,
MPA makes high-performing multimodal systems more accessible in low-resource settings. This
democratization of vision-language technology can benefit real-world applications in healthcare,
agriculture, and accessibility, particularly in regions with limited compute or labeled data. Fur-
thermore, the proposed approach encourages the development of scalable alignment strategies
that can generalize to diverse, resource-constrained communities.



8
Conclusions and Future Scope

8.1 CONCLUSION AND FUTURE WORK

This thesis set out to address the challenges of knowledge-intensive visual tasks, where perception
alone is insufficient and external knowledge must be retrieved, grounded, and reasoned over.
While large vision-language models (LVLMSs) have advanced rapidly, they continue to face two
central challenges. First, they are often not effective at reasoning with external knowledge: their re-
liance on parametric memory leads to hallucinations, limited grounding, and difficulties in multi-
image reasoning. Second, they are not efficient to train or deploy: scaling up comes at prohibitive
computational cost, limiting their accessibility and practicality. This thesis positioned itself within
this landscape by tackling these two challenges in parallel, aiming to make VLMs both more ef-
fective and more efficient.

To improve effectiveness, we first introduced retrieval-augmented methods that integrate
textual knowledge through visual entity linking. This was demonstrated in the context of im-
age retrieval (KRAMT on COFAR) and knowledge-intensive visual question answering (VisTEL
and KaLMA for Text-KVQA), showing that grounding visual entities in external knowledge im-
proves factual accuracy. The scope of retrieval was then extended to visual knowledge, where
we proposed a multi-image VQA framework (MI-BART on RetVQA) that aggregates supporting
evidence across images. Subsequently, we leveraged multimodal retrieval for domain-specific
captioning, where our retrieval-augmented framework generated faithful and interpretable de-
scriptions in the fashion domain.

To improve efficiency, we proposed supervision strategies that exploit knowledge disparities
between large and small models. This enabled compact VLMs to approximate the performance
of much larger models without relying on costly labeled datasets, offering a scalable path toward
practical deployment.

Together, these contributions establish a unified research trajectory that advances the state
of vision-language modeling along the two complementary dimensions of effectiveness and ef-
ficiency. By developing retrieval-augmented methods, this thesis demonstrates how VLMs can

123



move beyond perception into reliable and factual multimodal reasoning. By proposing efficient
training paradigms, it shows how such models can be scaled down without sacrificing perfor-
mance, making them more practical for real-world use. In doing so, the thesis contributes to the
broader goal of building VLMs that are both knowledge-aware and scalable.

Impact of this thesis. The resources and ideas introduced in this thesis are already influencing
ongoing research in multimodal Al. The RetVQA [164] benchmark has been adopted by various
research groups [123, 236] for developing retrieval-based vision-language systems, and has also
enabled further progress: Li et al. [123] reported a new state of the art with 80.3% accuracy, im-
proving upon the 76.5% accuracy achieved by our proposed MI-BART. Beyond this benchmark,
ideas from RetVQA [164] and VisTEL-KaLMA [165] have been adapted to knowledge-intensive
tasks in the audio domain [163], showing that the approaches developed here generalize beyond
vision to other modalities that require external knowledge grounding.

By framing knowledge augmentation and efficiency as the two central challenges for LVLMs,
this thesis provides a foundation for future research on scalable and knowledge-aware multi-
modal reasoning. The methods and datasets proposed here are already contributing to ongoing
research and will continue to serve as valuable resources for the community in the years ahead.

8.2 FUTURE WORK

This thesis established retrieval augmentation and targeted supervision as effective directions
for improving vision-language models on knowledge-intensive visual tasks. Building on these
contributions, we identify four focused directions for future research.

1. Resolving the retrieval dilemma. A central open challenge is deciding when a model should
retrieve external knowledge and when it should rely on its internal parametric memory.
Current retrieval-augmented VLMs often retrieve by default, which increases inference cost
and can introduce irrelevant or distracting evidence. Future work should therefore develop
retrieval policies that are selective and uncertainty-aware. Such policies could use confi-
dence estimation, answer consistency to determine whether retrieval is necessary, what to
retrieve, and how much retrieved context should be trusted. Solving this retrieval dilemma
is important for building systems that are not only accurate, but also efficient and robust.

2. Uncertainty-aware model parity alignment. While MPA showed that parity-guided supervi-
sion can effectively transfer knowledge from large models to small ones, the current formu-
lation can be extended further. A promising direction is to make MPA uncertainty-aware,
so that pseudo-supervision is guided not only by the knowledge-gap between models, but
also by the confidence and reliability of the generated labels from the large VLMs. This
would help distinguish samples that represent knowledge-gaps from noisy ones and could
improve knowledge transfer across diverse tasks, including open-ended generation, rea-
soning. Such an extension would make MPA more general, reliable, and better suited for
training compact VLMs in low-supervision settings.
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3. Broader retrieval sources. Existing retrieval pipelines in VLMs are mostly restricted to static
image-text corpora. An important next step is to expand retrieval to richer sources such as
videos, temporal visual streams, structured databases, and specialized knowledge reposito-
ries. Access to such heterogeneous retrieval sources would allow VLMs to reason over tem-
poral events, combine structured and unstructured evidence, and better support domain-
specific applications. Realizing this direction will require new retrieval and fusion mecha-
nisms that can align information across modalities, time, and knowledge formats.

4. Advanced knowledge-intensive tasks. The methods in this thesis have primarily been vali-
dated on retrieval, question answering, and captioning. However, many real-world ap-
plications involve more complex forms of multimodal reasoning where factual grounding
is critical. For instance, embodied tasks such as robot navigation under factual constraints
or human-robot collaboration require integrating perception, language understanding, and
external knowledge in real time. Similarly, tasks in domains like scientific discovery or legal
document understanding demand reasoning with highly specialized knowledge. Extend-
ing retrieval-augmented frameworks to such advanced knowledge-intensive tasks would
push the boundaries of what VLMs can achieve and demonstrate their utility in interactive,
high-stakes environments.

Together, these directions offer pathways toward building VLMs that are not only more reli-
able and knowledge-aware but also more adaptive, scalable, and efficient across a wide range of
multimodal settings.

8.3 ETHICAL CONSIDERATIONS AND BROADER IMPACTS

This thesis studies retrieval-augmented and scalable vision-language models using publicly avail-
able datasets, with some of them adapted for the specific tasks considered in this work. While
these approaches improve performance on knowledge-intensive visual tasks, they also raise im-
portant ethical considerations.

First, the datasets and benchmarks used in this thesis may contain geographical, linguistic, and
cultural biases. Publicly available image sources are often unevenly distributed across regions
and communities, which can limit representation. In addition, parts of this thesis, especially those
involving scene text and associated knowledge, are predominantly centered on English-language
data, which may reduce generalization to multilingual and culturally diverse settings. Second,
several methods in this thesis build on large pretrained vision-language or multimodal founda-
tion models. Such models may inherit and sometimes amplify biases present in their large-scale
pretraining corpora, including social, cultural, and demographic biases. They may also produce
hallucinated or uneven outputs across domains, languages, and user groups. Third, although
the proposed methods are intended for research in retrieval, question answering, and caption-
ing, their real-world deployment should be approached with care. In particular, systems used
in public-facing or decision-support settings should undergo additional evaluation for fairness,
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robustness, cultural sensitivity, and reliability before use.
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