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“The prize is to find things out.”
— Richard Feynman



Abstract

Humans develop rich understanding through lifelong sensory experiences and interactions
with the world. A child learns what an apple is by seeing its red or green skin, hearing the
crisp sound when biting into it, feeling its smooth texture, tasting its sweet flavor, and
eventually connecting all these experiences to the word “apple”. Just as we effortlessly
combine what we see, hear, and touch to understand our surroundings, multimodal systems
aim to work with multiple types of information simultaneously, such as image-text pairs,
or audio combined with video. In the rapidly evolving landscape of multimodal learning,
from describing images with details, to answering challenging questions from visual clues
that requires reasoning, this thesis aims to provide an in-depth study of challenges and
bottlenecks in building more data efficient, robust and interpretable multimodal models.

Throughout this thesis, we aim to deepen understanding of multimodal learning by
focus on three critical areas: how we collect and prepare training data, how we properly
evaluate these models within culture contexts, and how we can look inside the complex
model components to understand their decision-making processes.

We first investigate data-centric gaps in multimodal learning by introducing dynamic
data curation techniques that automatically adjust training datasets based on model status.
Through selective sample manipulation, we demonstrate improved image captioning
performance without increasing dataset size, effectively addressing the homogeneous
treatment of training data that ignores sample difficulty and cross-modal misalignment.
To evaluate vision-language models within cultural contexts, we develop FoodieQA, which
is a high quality, human-curated benchmark with original images that prevents data
contamination in pretrained models. This resource examines regionally-specific food
knowledge through multi-image, single-image, and text-only visual question answering
tasks, revealing significant limitations in culturally-grounded reasoning among current
state-of-the-art models. We then diagnose behavioral blind spots in model representation
and predictions. First, in retrieval-augmented captioning models, we identify how retrieved
content can mislead predictions and a mitigation strategy based on context sampling.
Second, we investigate information loss during modality fusion in vision-language models,
demonstrating how projection modules fundamentally alter visual representation geometry.
Our novel embedding reconstruction analysis localizes and visualizes specific information
degradation at the image patch level, explaining downstream failures in visual question
answering and captioning tasks.

From understanding data variations to investigating model behaviors, this thesis delivers
insights, practical frameworks, and key datasets required to build the next generation of
more reliable, inclusive, and transparent multimodal systems.
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Resumé

Mennesker udvikler en rig forstaelse gennem livslange sensoriske oplevelser og interaktioner
med verden. Et barn leerer, hvad et aeble er, ved at se dets rgde eller grgnne skind, hgre
den sprgde lyd nar der bides i det, fole dets glatte tekstur, smage dets sgde smag og til
sidst forbinde alle disse oplevelser med ordet “aeble”. Ligesom vi ubesveaeret kombinerer,
hvad vi ser, hgrer og rorer ved for at forsta vores omgivelser, sigter multimodale systemer
mod at arbejde med flere typer information samtidigt, sasom billed-tekst-par eller lyd
kombineret med video. I det hurtigt udviklende landskab for multimodal leering, fra
at beskrive billeder med detaljer til at besvare udfordrende spgrgsmal fra visuelle spor,
der kreever raessonnement, sigter denne afhandling mod at give et dybdegaende studie af
udfordringer og flaskehalse i opbygningen af mere dataeffektive, robuste og fortolkelige
multimodale modeller.

Gennem denne afhandling stracber vi efter at uddybe forstaelsen af multimodal laering
ved at fokusere pa tre kritiske omrader: hvordan vi indsamler og forbereder treeningsdata,
hvordan vi korrekt evaluerer disse modeller inden for kulturelle kontekster, og hvordan vi
kan se ind i de komplekse modelkomponenter for at forsta deres beslutningsprocesser.

Vi undersgger fgrst datacentriske huller i multimodal leering ved at introducere dy-
namiske datakureringsteknikker, der automatisk justerer treeningsdatasset baseret pa mod-
elstatus. Gennem selektiv samplemanipulation demonstrerer vi forbedret billedbeskriv-
elsesydelse uden at gge datasaetsstorrelsen, hvilket effektivt adresserer den homogene
behandling af treeningsdata, der ignorerer samplevanskelighedsgrad og krydsmoral fe-
jljustering. For at evaluere vision-sprog-modeller inden for kulturelle kontekster udvikler
vi FoodieQA, som er et benchmark af hgj kvalitet, kureret af mennesker med originale
billeder, der forhindrer dataforurening i praetreenede modeller. Denne ressource undersgger
regionalt specifik madkundskab gennem multi-billed, enkelt-billed og kun-tekst visuelle
sporgsmal-svar-opgaver, hvilket afslgrer betydelige begreensninger i kulturelt forankret
reesonnement blandt nuveerende state-of-the-art modeller. Vi diagnosticerer derefter
adfserdsmeessige blinde punkter i modelrepraesentation og forudsigelser. Forst identifi-
cerer vi i hentningsforsteerkede beskrivelsesmodeller, hvordan hentet indhold kan vildlede
forudsigelser, og en afthjelpningsstrategi baseret pa kontekst-sampling. Derngest undersgger
vi informationstab under modalitetsfusion i vision-sprog-modeller, hvilket demonstrerer,
hvordan projektionsmoduler fundamentalt sendrer visuel repraesentationsgeometri. Vores
nye rekonstruktionsanalyse af indlejring lokaliserer og visualiserer specifik informationsfor-
ringelse pa billedpatch-niveau, hvilket forklarer downstream-fejl i visuelle spgrgsmal-svar
og beskrivelsesopgaver.

Fra forstaelse af datavariationer til undersggelse af modeladfeerd leverer denne afhan-
dling indsigt, praktiske rammer og nggledatasaet, der er ngdvendige for at opbygge den
naeste generation af mere palidelige, inkluderende og gennemsigtige multimodale systemer.
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Chapter 1

Introduction

We have witnessed the great breakthrough in Artificial Intelligence (AI) in the past few
years, including the trending intelligent chatbots such as ChatGPT?! and realistic image and
video generation (Rombach et al., 2022; Ramesh et al., 2022; Saharia et al., 2022; Singer
et al., 2022; Podell et al., 2023). These groundbreaking innovations have fundamentally
transformed how Al systems process information, interact with human, and solve complex
problems across various domains. Since its emergence in the 1950s (Turing, 1950), Al
has experienced remarkable evolution (LeCun et al., 2015; Jordan and Mitchell, 2015),
particularly accelerated by breakthroughs in machine learning that leverage vast internet-
based datasets, such as Common Crawl?, Conceptual Captions (Sharma et al., 2018)
and LAION (Schuhmann et al., 2022), etc. The field has evolved from single-modality
applications toward more human-like perception and reasoning, which makes multimodal
understanding a critical frontier in Al research (Baltrusaitis et al., 2018; Bommasani et al.,
2021). These multimodal systems promise to revolutionize numerous applications, from
accessibility tools that describe visual content to visually impaired users (Gurari et al.,
2020), to creative platforms that generate images from textual descriptions (Ramesh et al.,
2021), as well as cross-cultural communication that requires understanding of linguistic
and visual cultural differences (Mogrovejo et al.; Nayak et al., 2024).

While existing multimodal models have achieved remarkable capabilities in tasks like
image captioning (Li et al., 2022a,b) and visual question answering (VQA) (Antol et al.,
2015; Goyal et al., 2017; Singh et al., 2019). their real-world robustness remains brittle.
Raw web data contains significant noise, and current filtering techniques designed to
reduce this noise frequently sacrifice important aspects of data diversity (Nguyen et al.,
2023). Consequently, visual components in the state-of-the-art systems, including GPT-4V,
fail at distinguishing visual differences that are apparent to human (Tong et al., 2024).
These subtle data variations such as compositional, cultural context differences frequently

https://chat.openai.com/.
2https://commoncrawl.org/.
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trigger erroneous behaviors (Liu et al., 2021a; Thrush et al., 2022; Nayak et al., 2024).
Such fragility reveals a fundamental challenge in multimodal learning: while we can scale
models to achieve high benchmark scores (Wu et al., 2022), our understanding of how
data properties propagate through complex architectures and learning process to shape
model behavior remains incomplete. Developing advanced data curation techniques and
understanding how data properties and corresponding feature representation propagate
through model architectures to impact decisions is critical for developing trustworthy
multimodal models (Bommasani et al., 2021; Dehghani et al., 2023). This thesis, aims to
bridge this critical gap.

Human cognition is inherently multimodal, integrating visual, auditory, and tactile
signals to form coherent perceptions (Stein and Meredith, 1993). Achieving comparable
robustness in multimodal systems demands addressing two connected challenges: 1) how to
deal with the intrinsic characteristic in data that these models encounter, at both training
and inference stages, and 2) how to interpret the often “black-box” behavior of the models
that process it.

Data quality, diversity, and representativeness profoundly influence the effectiveness of
multimodal models (Paullada et al., 2021; Dodge et al., 2021). Recent research highlights
the significance of carefully curated datasets in enhancing model performance, particularly
in tasks such as image captioning (Atliha and Sesok, 2020; Nguyen et al., 2023). Despite
this progress, systematically curating training data in a dynamic manner while maintaining
the size of the dataset remains underexplored.

Cultural context introduces an additional layer of complexity, influencing how models
interpret and respond to multimodal inputs regarding the underlying cultural aspects.
For example, the symbol of a dragon often represents luck and fortune in Chinese culture
while typically symbolizing danger and evil in Western countries. Large disparities exist
between understanding culture-specific and common concepts (Nikandrou et al., 2024;
Mogrovejo et al.), and adapting cultural specific concepts in image generation is proved
to be challenging for state-of-the-art generative models (Khanuja et al., 2024). Although
recent vision-language models (VLMs) have started incorporating cultural knowledge
to account for these crucial dimensions (Liu et al., 2025; Li et al., 2025a), fine-grained
understanding of regional cultural variations, especially concerning visually similar but
conceptually distinct entities, remains a major and unresolved challenge (Li et al., 2024e).

Another critical gap lies in understanding the internal mechanisms of modern VLMs.
These models exhibit unexplained sensitivities and visual blind spots—such as copying
irrelevant tokens from additional provided contexts (Ramos et al., 2023¢) or discarding
critical visual features during modality fusion (Tong et al., 2024; Rahmanzadehgervi et al.,
2024). Standard evaluation metrics often miss these systematic failures, which reveal
fundamental limitations in how VLMs represent and process information. Diagnosing such
behavioral pathologies and identifying why and where the information flow breaks down is
essential for building more transparent and reliable multimodal systems.
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In response, in this thesis we investigate these three fundamental questions in multi-
modal research:

1. How can we develop data curation strategies that effectively address variations
and mismatches in multimodal data during training to dynamically improve model
robustness and performance?

2. How should we evaluate multimodal understanding within cultural contexts to ensure
fair and comprehensive assessment of their capabilities?

3. How to identify and characterize behavioral blind spots in VLMs, particularly in
retrieval-augmented systems and modality fusion components, and how can we
overcome them?

Our investigation systematically traces the flow of information through the multi-
modal pipeline, from data curation to culture-aware evaluation of VLMs and behavioral
interpretation. We analyze how visual and textual contexts are encoded, how features
are represented and fused across modalities, and how these processes impact the final
generated output across three tasks: image captioning, retrieval-augmented generation,
and visual question answering. By localizing where and why multimodal interactions
break, this comprehensive analysis provides the foundational insights and practical tools
necessary to engineer the next generation of more reliable, transparent, and ultimately
more capable multimodal systems.

1.1 Contribution

Bridging Data-Centric Gaps in Training

Current models treat training data homogeneously, ignoring sample difficulty, retrieval
noise, and cross-modal misalignment. To address this, in Chapter 3 (Li et al., 2024d),
inspired by curriculum learning(Bengio et al., 2009; Kumar et al., 2010), we introduce
dynamic data curation techniques for training image captioning models. Our approach
automatically updates the training dataset, modulating learning difficulty based on current
model status. Through methods including either removing a sample, replacing the caption
in a sample, or generating a new image from existing captions, we demonstrate that
dynamic data curation efficiently improves image captioning performance on standard
downstream captioning datasets without increasing the total size of the training datasets.
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Benchmarking Fine-grained Cultural Understanding

To address the gap in evaluating VLMs within fine-grained cultural contexts, Chapter /
(Li et al., 2024e) introduces the FoodieQA benchmark. This human-curated, high-quality
multimodal resource features original images not crawled from the internet, ensuring
evaluation fairness by preventing potential data contamination in pretrained state-of-the-
art models. FoodieQA examines regionally-specific cultural knowledge within the food
domain through challenging multiple-choice VQA tasks spanning multi-image, single-image,
and text-only settings. Our analysis uncovers distinctive failure patterns in vision-language
models, particularly among open-weights multimodal models, highlighting their limitations
in culturally-grounded reasoning and multi-image perception.

Identifying Behavioral Blind Spots

We first diagnose unfaithful behaviors in retrieval-augmented vision-language models.
In Chapter 5 (Li et al., 2024c), we diagnose critical limitations in SmallCap (Ramos
et al., 2023c)—a retrieval-augmented captioner that enriches context using captions from
visually similar images. While this approach significantly boosts captioning performance,
particularly for out-of-domain examples, we notice a key vulnerability: retrieved content
frequently misleads predictions, undermining model robustness. Through controlled
experiments, we identify a copying behavior over majority tokens using attribution analysis
and attention visualization. We then propose and validate context sampling as an effective
mitigation strategy.

We then turn to the fundamental problem of modality fusion in multimodal models,
diagnosing information loss at the architectural level. In Chapter 6 (Li et al., 2025b), we
investigate the information bottleneck within VLM connectors through a two-stage analysis.
First, we employ a k-nearest neighbor overlap ratio to validate a critical hypothesis: that
the simple projection modules used as connectors fundamentally alter the geometric
structure of the original visual representations. Having established that structural integrity
is not preserved, we then introduce a patch-level embedding reconstruction loss to diagnose
what specific visual information is degraded. This novel metric allows us to quantify and
localize the degradation in the original image, providing direct visualizations and a clear
explanation for downstream failures in VQA and image captioning.



Chapter 2

Background

Multimodal learning is the process of learning from various data types, such as images,
text, and speech (Ngiam et al., 2011). In this chapter, we provide a brief overview of the
popular datasets and models used in multimodal learning and evaluation, especially the
ones that are included and discussed in the following chapters.

2.1 Multimodal Representations and VLMs

In this dissertation, we focus on multimodal learning with visual and text inputs. More
specifically, with the remarkable abilities of large language models, our studies mainly
involve vision language models that enable visual language interactions through large
language models as backbones.!

2.1.1 Visual Representations

Prior to the introduction of the Vision Transformer (Dosovitskiy et al., 2021), the field of
computer vision was dominated by Convolution Neural Networks (CNNs) (Krizhevsky
et al., 2012), with progress driven by innovations in both architecture and training
paradigms. The architectural advances was represented by models like EfficientNet (Tan
and Le, 2019), which proposed a scaling method to optimize network depth, width, and
resolution, setting a new state-of-the-art on image classification benchmarks. Concurrently,
the performance of these advanced architectures was significantly boosted by self-supervised
learning methods that learned rich features from unlabeled data. Prominent among these
were contrastive learning frameworks such as MoCo (He et al., 2020) and SimCLR (Chen
et al., 2020).

'In this dissertation, we do not consider VQ-VAE (Van Den Oord et al., 2017) based VLMs, which are
more often used for text-to-image generation.
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The introduction of the Vision Transformer (ViT) by Dosovitskiy et al. (2021)
marked a pivotal moment in visual representation learning, establishing that a pure
Transformer architecture (Vaswani et al., 2017) could match the performance of state-of-
the-art CNNs. The core idea was to treat an image as a sequence of tokens by splitting it
into fixed-size patches, which are then linearly embedded and processed by a standard
Transformer encoder.

2.1.2 Large Language Models

The sophisticated capabilities of modern Vision-Language Models are built upon a series
of foundational breakthroughs in Large Language Models (LLMs), which provide their
reasoning and linguistic core. The paradigm shift began with the Transformer architecture
(Vaswani et al., 2017). By replacing the sequential processing of Recurrent Neural Net-
works (Hochreiter and Schmidhuber, 1997; Chung et al., 2014) with a highly parallelizable
self-attention mechanism, the Transformer allowed models to process entire sequences at
once, capturing complex dependencies between words regardless of their distance. This
architectural innovation unlocked the ability to train on web-scale data. This led to the
era of large-scale generative pre-training, exemplified by models like GPT-3 (Brown et al.,
2020) and T5 (Raffel et al., 2020). Trained on vast internet corpora with a simple objective
like next-token prediction, these models became powerful parametric knowledge bases,
storing factual information, common sense, and linguistic patterns within their weights.
Critically, this massive pre-training gave rise to an emergent capability: in-context learning.
This allowed the models to perform a wide array of new tasks simply by being prompted
with a few examples in natural language, without requiring any updates to their weights.
This discovery was critical for early VLMs like Frozen (Tsimpoukelli et al., 2021), as it
established that a static, pre-trained LLM could learn to interpret novel inputs, such as
digesting projected visual embeddings as part of its contexts.

Subsequent progress focused on optimizing and aligning these powerful models. Im-
proved scaling laws (Hoffmann et al., 2022) provided a more efficient recipe for balancing
model size with training data volume, leading to better performance for a given compute
budget. Then, pioneered by FLAN (Wei et al., 2022) and later refined in models like
InstructGPT, large-scale instruction tuning was introduced. Instruction tuning involved
fine-tuning the base LLM on a massive, diverse collection of tasks formatted as explicit in-
structions (e.g., questions, summaries, translations). This process transformed the models
from simple text-completion engines into flexible and controllable instruction-following
agents. Finally, by aligning with user intent, such instruction-following LLMs provide a
strong general-purpose reasoning backbone that could be directly integrated into more
complicated multimodal models like BLIP-2 (Li et al., 2023b) and LLaVA (Liu et al.,
2023a), allowing them to complete advanced conversational and instruction-following tasks
based on both text and image inputs.
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2.1.3 Multimodal Representations

Building modern vision-language models involves solving two key challenges: first, con-
verting an image into a representation that is semantically compatible with language, and
second, interfacing this representation with a powerful LLM.

The first challenge was pivotally addressed by Contrastive Language-Image Pre-training
(CLIP) (Radford et al., 2021). Rather than just extracting generic visual features, CLIP’s
vision encoder is trained alongside a text encoder on 400 million image-text pairs. This
contrastive process forces the model to learn a shared embedding space where visual con-
cepts are explicitly aligned with their linguistic descriptions, producing image embeddings
that are inherently language-aware.

MLP
Image Inputs \‘Pre;‘projection Post—projeptidh
embeddings embeddings

o ) e
LLM

.

Text Inputs

Text embeddings

Figure 2.1: Connector-based modality fusion for vision language models.

Addressing the second challenge: how to feed rich visual features in a compatible
format that an LLM could digest, led to various vision-language fusion strategies, broadly
categorized into shallow and deep approaches (Li and Tang, 2024). Shallow fusion, known
for its efficiency, involves using a simple connector module—typically a Multi-Layer
Perceptron (MLP)—to project visual embeddings into the LLM’s input space. Figure 2.1
illustrates a general structure of connector-based vision-language models. After projection,
the input image could be used as a static prefix to the text prompt. The pioneering work by
Tsimpoukelli et al. (2021) first demonstrated this approach with the Frozen model, showing
that by training only a small mapping network, a frozen LLM could learn to digest images
while keeping its vast knowledge intact. In contrast, more sophisticated strategies were
developed for a more intricate integration. For example, Flamingo (Alayrac et al., 2022)
employs deep fusion through cross-attention mechanisms that allow visual information
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to influence each layer of the LLM. Others, like BLIP-2 (Li et al., 2023b), use advanced
adapter modules, such as the Q-Former, to allow visual features to dynamically interact
with the LLM’s hidden states throughout its processing. By leveraging an instruction-
tuned LLMs such as FLAN-T5 (Chung et al., 2024) or OPT (Zhang et al., 2022b), BLIP-2
enables the vision-language model to complete instruction-following tasks. With the
LLM'’s pre-existing reasoning and generative abilities, these VLMs achieve strong zero-shot
capability and can perform complex multimodal tasks like detailed image description,
visual question answering, and multimodal dialogue.

The move towards instruction-following capabilities was further significantly advanced
by LLaVA (Liu et al., 2023a), which pioneered a shift beyond the strictly frozen paradigm.
LLaVA introduced end-to-end training, updating the weights of both modality projection
layers and also the pretrained LLM on a dataset of multimodal instructions. This
methodology sacrificing some frozen efficiency for significantly improved conversational
ability has since become a dominant approach. It has led to a new wave of powerful
open-source models like Qwen-VL (Bai et al., 2023), known for its strong performance, and
Idefics models (Laurengon et al., 2024), which extends the instruction-following capability
to handle arbitrarily interleaved sequences of images and text.

2.1.4 Retrieval Augmentation in VLMs

A primary strategy for improving Vision-Language Models (VLMs) is to scale their internal,
parametric knowledge by training ever-larger models on larger datasets (Wang et al., 2025).
In contrast, an alternative and complementary approach has emerged with Retrieval-
Augmented Vision-Language Models (RA-VLMs). By combining internal knowledge with
external, non-parametric information, RA-VLMs function as “open-book” systems that
can consult verifiable evidence before generating a response.

The application of this paradigm has evolved from specialized, lightweight models
to general-purpose reasoning engines. For instance, SmallCap (Ramos et al., 2023c)
demonstrated a highly parameter-efficient approach to image captioning. Instead of end-
to-end training of a large VLM, it uses retrieved captions from visually similar images to
form a textual prompt for a frozen, off-the-shelf language model, guiding it to generate a
high-quality description. Following this, the approach was scaled to tackle open-domain,
knowledge-intensive tasks. REVEAL (Hu et al., 2023) showed that retrieving multimodal
documents could enable VLMs to answer complex questions requiring external knowledge.
More advanced architectures like RAC-M3 (Yasunaga et al., 2023) have further leveraged
web-scale retrieval for generating both texts and images.
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Challenges

Despite remarkable advancements in architecture and performance, interpretability remains
a fundamental challenge in multimodal systems. At the modality fusion stage, components
like MLPs or Q-Formers operate as black boxes, making their internal processes opaque.
The transformation of detailed pixel-level data into abstract language embeddings repre-
sents an irreversible and lossy compression process. This opacity creates several difficulties:
verifying preservation of critical visual information, understanding error sources, and
tracing reasoning back to specific image regions becomes nearly impossible.

Similarly, when models employ retrieval augmentation, the influence of retrieved
content on decision-making remains unclear—whether it aids or misleads the final output
is difficult to determine. In both modality fusion and retrieval scenarios, the model’s
reasoning pathways are obscured, potentially resulting in plausible but visually ungrounded
predictions (Rahmanzadehgervi et al., 2024). This lack of transparency constitutes a
significant barrier to developing robust and reliable vision-language models, a challenge
this thesis aims to address.

2.2 Benchmarking VLMs

Comprehensive evaluation of VLMs requires multifaceted benchmarks that assess different
capabilities across diverse scenarios. This section outlines the tasks and datasets used
for evaluating and benchmarking multimodal models, with a specific emphasis on those
involved in this thesis. Early research focused on foundational tasks such as image
captioning, where models learn to generate a descriptive sentence for an image, and Visual
Question Answering (VQA), where they must answer a natural language question about
visual content. These capabilities were primarily developed and evaluated on curated,
human-annotated datasets.

2.2.1 Image Captioning

Widely used image captioning dataset include MS-COCO (Chen et al., 2015) and Flickr30k
(Young et al., 2014), which provided clean, high-quality image-text pairs. For evaluating
out-of-domain performance, datasets like VizWiz (Gurari et al., 2020) and NoCaps (Agrawal
et al., 2019) are frequently used. VizWiz centers on images captured by visually impaired
users, requiring captions that are practical and useful while often involves challenges like
blurry images or unanswerable questions; NoCaps explicitly tests a model’s ability to
generalize by captioning novel objects that do not appear in the MS-COCO training set.
Table 2.1 summarizes the use case and size of these captioning datasets.
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Captioning Dataset Images Domain Training Evaluation
MS-COCO (Lin et al., 2014) 123k In-Domain v v
Flickr30K (Young et al., 2014) 31k In-Domain v v
VizWiz (Gurari et al., 2020) 39k  Out-of-Domain v
NoCaps (Agrawal et al., 2019) 15k  Out-of-Domain v

Table 2.1: Image Captioning Datasets.

2.2.2 Visual Question Answering

The evaluation of Visual Question Answering (VQA) capabilities has evolved from foun-
dational benchmarks to more comprehensive and grounded assessments. VQAv2 (Goyal
et al., 2017) serves as the primary in-domain benchmark for testing a model’s ability
to answer questions about an image’s content (e.g., “What color is the car?”). While
crucial for establishing baseline performance, it primarily assesses recognition and simple
reasoning. To measure the more sophisticated capabilities of modern instruction-tuned
VLMs, comprehensive benchmark suites like SEED-Bench (Li et al., 2024b) have been
introduced. SEED-Bench moves beyond simple VQA, evaluating models across a diverse
range of tasks, including counting, spatial understanding, complex reasoning, etc. Tar-
geting at real-world applicability, the VizWiz-Grounding benchmark (Chen et al., 2022)
was developed. Sourced from images taken by visually impaired users, it requires a model
to not only answer a question but also to ground its answer by providing bounding box
coordinates for the relevant objects. This directly evaluates whether a model’s response is
verifiably linked to the visual evidence, making it valuable for examining the problem of
hallucination and measuring practical reliability.

2.2.3 Culture-related Benchmarks

Recently, there has been growing interest in evaluating cultural awareness and bias in
VLMs, advancing from foundational perception tasks to more complex, contextually
grounded reasoning. The challenge begins at the level of object recognition, as highlighted
by benchmark like GeoDE (Ramaswamy et al., 2023), which demonstrates that standard
vision encoders struggle to recognize objects from non-Western geographies. Moving
beyond recognition, MaRVL (Liu et al., 2021a) employs a minimal-pair design to test a
model’s ability to understand relationships between culturally specific concepts, requiring
genuine visio-linguistic reasoning rather than simple factual recall.

Building on this foundation, question-answering datasets have been developed to
directly assess explicit cultural knowledge. For example, CVQA (Romero et al., 2024)
and the larger-scale CultureVQA (Nayak et al., 2024) focus on visual question answering
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tasks centered on culturally specific content. Additionally, domain-specific benchmarks
like WorldCuisines (Winata et al., 2025) evaluate cultural awareness within specialized
areas, such as food recognition at a global level.

2.2.4 Other Datasets

Beyond what has been discussed above, a diverse suite of benchmarks has been developed to
test more advanced VLM capabilities. Foundational benchmarks like Caltech-UCSD Birds-
200-2011 (CUB) (Wah et al., 2011) probes fine-grained understanding between visually
similar subcategories, such as distinguishing one species of sparrow from another. To probe
deeper reasoning, benchmarks like SNLI-VE (Xie et al., 2019) and Winoground (Thrush
et al., 2022) evaluate logical and compositional understanding, while grounding tasks like
RefCOCO (Kazemzadeh et al., 2014) verify if a model can link language to specific visual
evidence. Meanwhile, the emergence of instruction-tuned VLMs has led to comprehensive
evaluation suites such as MME (Fu et al., 2023) and SEED-Bench-2 (Li et al., 2024a),
designed to assess reasoning abilities across diverse tasks.

With massively available data online, training datasets also have shifted from task-
specific datasets to large-scale, web-crawled image-text pairs. Datasets like Conceptual
Captions (Sharma et al., 2018) and the LAION (Schuhmann et al., 2022, 2021) series
are commonly used for pre-training, enabling models like CLIP (Radford et al., 2021)
and BLIP-2 (Li et al., 2023b) to learn a robust vision-language alignment from billions
of examples. While this web-scale data is inherently noisy, its large scale provides the
foundation for general visual and language understanding. More recent advancement that
builds upon this foundation includes instruction-tuning datasets like LLaVA-Instruct-150k.2
These synthetically generated collections of multimodal dialogues teach a pre-trained VLM
to follow commands and engage in complex reasoning. However, as both web-crawled and
synthetic data introduce significant noise, data curation techniques are critical to modern
VLM training pipelines.

Challenges

Despite recent progress, critical gaps remain in VLM benchmarking, particularly in two
directions. First, fine-grained cultural understanding remains largely unexplored. While
models can differentiate biological categories, they struggle with culturally significant
variations, such as reasoning about the taste and origin of regional food. Second, a related
frontier is multi-image comparative reasoning, where models are tasked with multi-hop
reasoning that requires differentiating between multiple, similar images based on specific
fine-grained attributes. Both challenges highlight a need to move beyond single-image

2https://huggingface.co/datasets/liuhaotian/LLaVA-Instruct-150K
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recognition toward a deeper, comparative, and contextualized form of visual reasoning
that current benchmarks are only beginning to address.
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Chapter 3

The Role of Data Curation in Image
Captioning

Abstract

Image captioning models are typically trained by treating all samples equally, neglecting
to account for mismatched or otherwise difficult data points. In contrast, recent work
has shown the effectiveness of training models by scheduling the data using curriculum
learning strategies. This paper contributes to this direction by actively curating difficult
samples in datasets without increasing the total number of samples. We explore the effect
of using three data curation methods within the training process: complete removal of an
sample, caption replacement, or image replacement via a text-to-image generation model.
Experiments on the Flickr30K and COCO datasets with the BLIP and BEiT-3 models
demonstrate that these curation methods do indeed yield improved image captioning
models, underscoring their efficacy.

3.1 Introduction

Image captioning is the task of generating grammatically correct and accurate descriptions
of visual data, which involves understanding the identity of salient objects and their
relationships (Bernardi et al., 2016; Baltrusaitis et al., 2018). While existing models
have made significant progress on this problem, there remains an inherent challenge:
how to address the variations in learning difficulty that arise from diverse image-caption
pairs (Sharma et al., 2018; Schuhmann et al., 2021).

Image captioning models are usually trained by treating the entire training dataset
equally, which overlooks the variations in the complexity of each data point. One attempt
at addressing this issue has been to apply data filtering as a preprocessing stage to large-
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scale datasets to remove noisy data from the pretraining process (Li et al., 2022b; Nguyen
et al., 2023). Several other image captioning techniques have relied on curriculum learning
strategies (Bengio et al., 2009), which schedule the training data with increased levels of
complexity, effectively adapting the learning process to the difficulty of the task (Liu et al.,
2021b; Dong et al., 2021; Zhang et al., 2022a; Alsharid et al., 2021; Ayyubi et al., 2023).
In this paper, we aim to answer a fundamental question: can image captioning models
be improved by not only recognizing variations in the data but also actively
curating difficult samples?

We introduce three data curation methods, each with the aim of improving the learning
process while preserving the overall size of the training dataset. These methods include the
complete removal of a sample, the replacement of captions, or the substitution of images
using a text-to-image generation model. The targets of these methods are image-caption
training samples that have unusually high losses with respect to the rest of the training
dataset under the current model parameters. In other words, our approach focuses on the
samples that are proving difficult to model (Bengio et al., 2009; Kumar et al., 2010).

The main findings of this paper are:

e Dynamic data curation enhances image captioning performance. The best strategy
varies between datasets but is generalizable to different vision-language models.

e The extent of curation is a critical factor and dataset dependent. We find that
curating more than 50% of data negatively impacts the effectiveness of data curation.

e Image generation-based curation has potential benefits with specific techniques,
but its potential benefit is limited by generation errors identified through a human
study, which are not apparent from automatic evaluation metrics, such as CLIPScore
(Hessel et al., 2021).

3.2 Related work

Data Curation in NLP While still under-explored for image captioning, Rogers (2021)
highlighted the importance of data curation for deep learning and NLP. Several studies
have adopted data curation for large language models: Chen et al. (2023) developed a
general text curation framework based on large language models; Kandpal et al. (2022)
and Lee et al. (2022) discussed the impact of deduplication for training; Chang and Jia
(2023) shows that careful curation alone can stabilize in-context learning.

Image Captioning and Learning Strategies Curriculum learning (Bengio et al.,
2009) and self-paced learning (Kumar et al., 2010) are techniques that adjust the learning

'We release the code for our curation framework at https://github.com/lyan62/data-curation/
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process based on variations in the learning samples, leveraging loss values to estimate
model competence. For image captioning, several studies have introduced diverse learning
techniques aimed at customizing the model training process in terms of sample difficulty,
incorporating both textual and visual features (Alsharid et al., 2021; Dong et al., 2021;
Zhang et al., 2022a). Whereas these methods adjust model training using sorted data, our
approach proposes an innovative perspective: adjusting training by curating data samples
that exhibit outlier losses, while preserving the overall dataset size.

Text-to-image Generative Models Text-to-image generative models, including diffu-
sion models (Song et al., 2021; Nichol and Dhariwal, 2021), have rapidly gained popularity
and proven powerful. Although recent large-scale latent diffusion models excel in generating
high-resolution images with artistic and photo-realistic qualities (Rombach et al., 2022;
Nichol et al., 2022; Ramesh et al., 2022; Saharia et al., 2022), their application in multi-
modal tasks remains unexplored. Concurrently to our work, Azizi et al. (2023) and Jain
et al. (2023) show that image classifiers can be improved by learning from augmented
images generated by finetuned generative models; Xiao et al. (2023) and Caffagni et al.
(2023) used generative models to augment the datasets used to train captioning models.

To the best of our knowledge, we are the first to explore how dynamic data curation
approaches can impact downstream image captioning without scaling up existing datasets,
and how text-to-image generative models can be applied in the process.

3.3 Data Curation for Captioning

Our main goal is to assess whether actively curating image-caption pairs during training
can improve image captioning models. There are many reasons for the existence of difficult
samples, including mismatches between the image-caption or inconsistencies between the
image and caption (Atliha and Sesok, 2020), e.g. the caption includes mentions of entities
that cannot be seen in the image. For clarity in what follows, let D be an image captioning
training dataset with K images, and let Iy be the k-th image. Each image is paired with
J captions; let Ci be jth caption of image k, and thus, let (I, Ci) be an image—caption
sample.

3.3.1 Identifying the difficult samples

Inspired by scheduling in curriculum learning (Bengio et al., 2009; Kumar et al., 2010),
we assume that difficult training samples can be automatically identified throughout the
training process. We propose to use the captioning model M that is being trained on
dataset D to automatically identify such samples. We can readily use this model to
calculate the loss of each sample in D at any point in time, such as at the end of each epoch
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Figure 3.1: Overview of our data curation methods. For REMOVE, high loss image-text
pairs are removed; for REPLACECAP, the image is paired with an alternative caption from
the original dataset; for REPLACEIMG, captions of original images are used as prompts for
text-to-image generation to synthesize new image-text pairs. We experiment with both
options of replacing the image only, or pair another relevant caption to the synthesized
image.

Original Image Synthesized Image

t: L (I, Ci) V7, k. The samples can be be ranked by their respective losses, providing
candidates for samples that may benefit from data curation. In particular, the highest loss
samples are targets for our data curation methods. We focus on samples with losses that
are either two standard deviations from the mean, or the top X% highest loss samples.
The data curation performs dynamic updates to the training dataset D — D; — - -+ — Dr.
In this way, the training dataset is dynamically updated at the end of each epoch according
to the model’s current captioning capability at time ¢. We empirically observe that without
data curation, the high-loss samples remain high-loss during five epochs of training.?

3.3.2 Curation approaches

We investigate three approaches to dynamically curate the high-loss image-caption pairs:
REMOVAL, REPLACECAP, and REPLACEIMG. Figure 3.1 shows an overview of these
approaches.

Remove The simplest approach to data curation is to remove the high-loss samples,
preventing the samples from confusing the model. In REMOVE, the high-loss samples are

2The leftmost plot in Figure 3.2 shows the empirical distribution of losses in the training samples of
the Flickr30K.
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Figure 3.2: Different curation methods change the loss distribution of training samples
over epochs for Flickr30K. In contrast, in the absence of data curation (the leftmost plot),
high-loss samples consistently retain their high-loss status throughout training.

completely removed from the remainder of the training process, reducing the total number
of image—caption training samples.

ReplaceCap In REPLACECAP, we simply replace the caption in the image—caption
sample with a different caption from the original dataset that describes the image, effectively
creating a duplicate. With this method, the total number of samples used to train the
model remains the same, as well as the total number of the unique images. This creates a
control condition for our experiments. As an alternative, we also experiment with replacing
the original caption with one generated by a language model, which we discussed in Section

3.6.

Replacelmg In REPLACEIMG, we perform data curation using a text-to-image generative
model. This has the benefit of training the model on the same total number of samples
while exposing it to more unique images. In a rapid model-in-the-loop step, we use a
text-to-image generation model to synthesize images based on the other sentences that
describe the image. We integrate this into training as follows: Given an image [ in
the training data and its captions {(I,C}), ..., (I, C{)}, we synthesize a new image I,
without increasing the total number of samples in the original dataset. Specifically, for
image [Ij, we replace an original high-loss sample (I, C,jc) with the synthesized image-text
pair (I, CY).

Given a set of captions that describe an image, there are several options for how to
prompt the image generation model (Figure 3.11 in Appendix). We experiment with three
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options:
e Single caption: Each caption is used in isolation to generate a new image.

e Sentence-BERT selection: There is a lot of variety in how different captions describe
the same image. Instead of using all captions, we can use a representative caption
from the set. This is achieved using the Sentence-BERT (Reimers and Gurevych,
2019) model to find the caption that is closest to the average embedding of all
captions.

e Concatenation: All five captions are concatenated as the text prompt for generation.

For all three approaches mentioned above, we can append an additional string to the
prompt as a styler to force a specific style in the generated image (4Styler). The styler
used here is: “national geographic, high quality photography, Canon EOS R3, Flickr” .3
Some representative examples of images generated using this technique can be seen in
Figure 3.13 in the Appendix.

3.4 Experimental Setup

3.4.1 Data & Metrics

We evaluate our data curation methods during finetuning on the widely used MS COCO
(Lin et al., 2014) and Flickr30K (Young et al., 2014) datasets. We report results using the
metrics of BLEU (Papineni et al., 2002), METEOR (Denkowski and Lavie, 2014), CIDEr
(Vedantam et al., 2015), and CLIPScore (Hessel et al., 2021).

3.4.2 Models & Implementation

Image Captioning Models We study the effectiveness of data curation with two
state-of-the-art pretrained vision-language models — BLIP (Li et al., 2022b) and BEiT-3
(Wang et al., 2023a). We note that BLIP has a captioning and filtering (CapFilt) data
augmentation process during its pretraining, where both components were finetuned on
the COCO dataset. Therefore we use pretrained checkpoint BLIP ¢ for Flickr30k and
BLIP,,. for COCO in our experiment, removing the effects of the CapFilt process. We
finetune BLIP using a total batch size of 128 for 5 epochs on 4xA100 GPUs. The BEiT-3
base model is finetuned with the default setups: a total batch size of 256 for 10 epochs on
8xA100 GPUs.

3The styler was chosen by inspecting the generated images, with a preference for photographic outputs
and against “artistic” outputs, such as sketches and computer art.
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BLIP BEiT-3

Method Ratio B M Cc CS B M Cc CS
.« Baseline - 37.6 272 928 786 289 272 793 80.4
% +Remove 2std 386 27.4 958 79.2 314 271 83.7 80.0
€ +ReplaceCap 1% 379 27.4 945 789 296 27.5 801 803
& +Replacelmg 40% 39.0 27.3 957 791 32.0 269 824 79.1

Baseline E 39.9 30.8 1320 77.3 394 311 1337 774
S +Remove 1% 401 309 1325 77.3 393 311 1332 773
O +ReplaceCap 1%  40.2 309 1327 773 394 310 1336 765

+Replacelmg  10%  40.2 31.0 133.1 773 39.6 31.1 1344 77.5

Table 3.1: Results of finetuning with our data curation methods compared to standard
finetuning of BLIP and BEiT-3 on the Flickr30K and COCO datasets. We report BLEU,
Meteor, CIDEr, and CLIPScore. Best scores are in bold.

Curation Ratio We tune the amount of data to be curated for each method on the
validation data of each dataset using the BLIP model. See Section 3.6 for more discussion
on the trade-off between the amount of data curation and model performance.

Replacelmg Text-to-image Generation For text-to-image generation in REPLA-
CEIMG, we use the open source Stable Diffusion model (Rombach et al., 2022), which can
generate images given a textual prompt. We finetune a Stable Diffusion v1.5 model, using
the MS COCO (Lin et al., 2014) dataset with a prompt consisting of a concatenation of
all 5 captions, for 15,000 steps with a constant learning rate of le—5 and a batch size of
32. We experiment different versions of the released Stable Diffusion models and various
techniques for generating high-quality images for replacement.* We find that using a
finetuned text-to-image model enhances image captioning performance. See Section 6.9.3
for further analysis and ablation.
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BLIP a soldier is taking a picture of a road

Remove - _ L
Replacecap —a soldier is looking through a scope
ReplaceImg

(a) Incorrect activity

BLIP a man is driving a tractor through a muddy field

Remove —a jeep stuck in mud
Replacelmg — a man is driving a jeep through a mud puddle
Replacecap — @ man is driving a tractor through muddy water

(b) Incorrect object

BLIP a man holding a nintendo wii game controller

Remove .
ReplaceCap

Replaceimg @ man standing in front of a window holding a
nintendo wii controller

a man standing in front of a sliding glass doors

(c) Missing location

BLIP a woman standing in a kitchen preparing food

ReplaceImg — @ Woman washing a baby in a yellow tub

Remove -

ReplaceCap >3 WOMAN standing in a kitchen preparing food

(d) Incorrect activitv and obiect

Figure 3.3: Qualitative examples from the COCO dataset of captions generated by the
BLIP model (top), and the same models trained using our data curation methods (bottom).
After curation, many of the errors (in red) can be avoided or fixed (in blue).

3.5 Results

3.5.1 Data curation improves captioning

Table 3.1 shows the results for the Flickr30K and COCO datasets with the BLIP and
BEiT-3 models. The main conclusion is that better model performance can almost always
be achieved using data curation. For Flickr30K, it can be seen that REMOVE (2 std) and
REPLACEIMG (40%) perform similarly well with a 2.9-3 CIDEr points improvement. The
REPLACECAP method only improves performance by 1.7 CIDEr points when applied to
the top 1% of high-loss samples. For COCO, the best performing approach is REPLACEIMG
with a curation ratio of 10%, bringing a 1.1 CIDEr point improvement over the baseline.
REPLACECAP and REMOVE both work best when curating the top 1% of high-loss
samples, bringing smaller improvements of 0.5-0.7 CIDEr points. Qualitative examples of
the improvements can be seen in Figure 3.3.

4t is also possible to use API-based models but we chose Stable Diffusion because (i) Stable Diffusion
can be integrated directly into our training pipeline using the open source code. And (ii) we estimate that
it would cost $4,176 to run a single experiment on the Flickr30K dataset using DALL-E-2 as of Feburary
1st, 2024.
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Figure 3.4: Effects of varying the amount of data curated. We observe that Flickr30K needs
more curation (40% REPLACEIMG or 2 std REMOVE) than COCO (10% REPLACEIMG or
1% REPLACECAP). Flickr30K benefits more from removing high-loss training samples,
indicating the original dataset may be noisier than MS COCQO. For the 2 std approach, the
number of samples curated is not fixed after each epoch and varies between 5% to 10%.

3.5.2 Generalization to different VL models

We also verify that our data curation methods generalize to other models by implementing
them in the BEiT-3 model. More specifically, we used exactly the same curation ratio
that gained improvements for BLIP. As shown in Table 3.1, where REMOVE is also the
most efficient approach for better captioning on Flickr30K, and REPLACEIMG improves
the most for COCO. This shows that the curation methods can be readily applied to
other state-of-the-art vision-language models and the curation ratios are transferable. We
note that since BEiT-3 includes COCO in pretraining, the REMOVE and REPLACECAP
methods are not beneficial.

3.6 Discussion

Curation amount matters The amount of data curated is an important hyperpa-
rameter. In addition to the best results reported above, we present finer-grained results
of varying the amount of data curation. For REMOVE and REPLACECAP, we explore
curating the top 1%, 5% and 10% of high-loss samples. For REPLACEIMG, we explore
10%-80% curation ratios. In addition to fixed X% ratios, we also intervene on samples
that have losses two standard deviations worse than the mean.

The results of this analysis are shown in Figure 3.4. While the effective curation ratio
for different curation approach ranges from 1%-50% for Flickr30K, COCO benefits from
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Figure 3.5: Distribution of caption lengths.

REPLACEIMG on less than 10% of the top loss samples, and the effective curation ratio for
REMOVE and REPLACECAP stops at 1%. This indicates that Flickr30K may contain more
noisy samples than the MS COCO dataset. Compared to MS COCO, Flickr30K contains
more samples with long captions (Figure 3.5), which may include overly-specific details
that are inconsistent with other captions and are hard for the model to learn (Figure 3.12).
Through our curation-based finetuning, these samples can be effectively identified, removed
or replaced, which indicates that our method is efficient when training with noisy datasets.
We note that curating more than 50% of the data does not benefit training and actually
harms performance.

Curation changes training distributions We examine the loss distributions of training
samples across epochs for each curation method to understand their impact on the training
process (Figure 3.2). These losses are computed after each epoch using the current model
parameters, with high-loss samples being targeted for the subsequent curation step.

For the REMOVE approach, training samples with loss that are two standard deviations
worse than the mean are dynamically removed during training, leading to the shrinking
tail of the loss distribution. REPLACEIMG gradually reduces losses, resulting in the losses
forming a mixture of Gaussians consisting of the original image-text pairs and the those
with synthesized images. Going beyond just the losses of the training samples, we also
inspect the distributions of the words in the training captions for the curation methods.
Figure 3.6 shows these distributions, where it can be seen that REMOVE reduces low-
frequency and singleton words during training, while REPLACECAP increases the counts
of some lower-frequency words while removing singletons. By definition, REPLACEIMG
only changes the distribution of the images used to train the model, and as such, does not
change the distribution of the words in the training data.
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Figure 3.6: Zipfian distribution of words in Flickr30K training samples for different curation
approaches. Note the clear changes made to the tail by REMOVE.

The efficacy of dynamic replacement Using training loss values as an effective
indicator, we dynamically curate on the training samples identified as challenging. In
REPLACEIMG, another static approach is to replace the identical images, i.e. [ in
{(I,C}), ..., (I, C{)}, with unique synthesized images before training, instead of updating
the training samples while training. With static image replacement, for each of the reference
captions, we replace their original image with a generated image. Static replacement
with 20%-80% curation ratio corresponds to replacing images for one-four captions of
the original five. The 50% replacement ratio mimics a fair coin-flip, where for each of the
text-image samples, there is 50% probability for the image to be replaced by a synthesized
image.

We compare the efficacy of these two approaches in Figure 3.7. When evaluating on
the original 1k validation set, we see that for both approaches, incorporating synthesized
images of 20% or 40% can assist finetuning and achieves higher CIDEr scores. Nevertheless,
dynamic image replacement consistently performs better than the static method, showing
focusing on the hard samples is effective. For both replacement methods, performance
starts to decrease when the curation ratio is too high. This may indicate that when
incorporating too many images from the synthetic distribution, the gap increases between
the training and evaluation sets.

Replacing captions with LM generations As an alternative to the REPLACECAP
method, we investigate the utility of replacing the captions with those generated by a
language model (LM). Inspired by the approach in Ramos et al. (2023b), we prompt the
XGLM-2.9B model (Lin et al., 2022) with few-shot examples to generate a new caption.
The LM generated caption is then paired with the image as the curated sample. We
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Figure 3.7: Dynamic versus static replacement for REPLACEIMG using BLIP on the
Flickr30K dataset, as a function of the number of samples replaced.

evaluate on Flickr30K using both models, applying the same curation ratio of 1% as
REPLACECAP. The results presented in Table 3.2 indicate that this approach can serve
as a viable alternative to REPLACECAP, consistently outperforming baselines for both
models. Please refer to Appendix 3.9.3 for more implementation details.

BLIP BEiT3
Method BLEU CIDEr BLEU CIDEr
Baseline 37.6 92.8 29.8 79.3
+ReplaceCap 37.9 94.5 29.6 80.1

+ReplaceLMCap 37.5 93.4  31.2 83.2

Table 3.2: Comparing caption replacement with LM generation to REPLACECAP on
Flickr30K. Both methods improve over baseline for BLIP and BEiT-3.

Human Study: Errors made by text-to-image generation models To assess the
quality of the generated images and their alignment with human judgments, we perform a
human study to evaluate the errors present in the synthesized images. This will serve to
better understand any shortcomings with the REPLACEIMG curation that is not captured
by automatic evaluation measures.

We first ranked synthesized images by model loss from the 1K images in the COCO
validation set. We then sampled a subset for human annotation using the top and bottom
50 images based on their loss using our fine-tuned captioning model. These images are
uniformly divided into 5 sets, each containing 20 images with equal number of the high loss
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Figure 3.8: Results of the human study of the errors made by the Stable Diffusion model
in 100 images. The images used in the study were chosen to represent either low or
high model loss. (a) Histogram of the number of errors annotated in each category. The
most frequently occurring annotations concern weird deformations in the expected objects
or humans. (b) Relationship between average number of identified errors by human
annotations for each synthesized image and its captioning loss with regard to original
captions. More errors are identified in images of higher loss. However, CLIPScore appears
to fail in validating qualities of the synthesized images, as the score ranges are almost
identical for samples that contain more errors.

ones and the low loss ones. The data was annotated by 12 people, members of a university
research lab with a basic understanding of text-to-image generation but no knowledge of
the bi-modal distribution of images. The annotators were asked to categorize the errors in
the synthesized images, given both the image and the reference sentences that were used
to generate the images. Each participant annotated one set images.

Starting from the categories defined by van Miltenburg and Elliott (2017), we defined
25 error categories including color, number mismatches, and errors related to people and
objects in the images. Please see the user interface and more details in the Appendix 3.9.1.
We analyze the human judgements for the images that have at least three annotations,
yielding 74 unique images.

As shown in Figure 3.8a, the most common problem of the synthesized images are
that they often generate weird face or body parts, which makes the images less natural
or pleasant. The text-to-image generation model is also weak at generating the correct
number of people or objects. From Figure 3.8b we confirm the quality of our collected
annotations that high loss figures often contain more errors on average. Furthermore, we
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Figure 3.9: Round-trip captioning evaluation.

note that CLIPScore is insensitive to these types of errors, indicating its limited capability
of evaluating quality of generated images. Additional examples can be found in Figure 3.13
in the Appendix.

3.7 Further Analysis

With the human study revealing the failure modes of the text-to-image model, we now
provide insights on various techniques that are proved useful for improving image relevance
in curating the image captioning datasets.

Round-trip captioning evaluation Most previous work in text-to-image generation
uses image-oriented measures like FID (Heusel et al., 2017) or CLIPScore (Hessel et al.,
2021). However, these measures are not suitable for our purpose as they are claimed to lack
alignment with perceptual quality (Saharia et al., 2022). We also found that CLIPScore
cannot distinguish between low- and high-loss samples in captioning (Figure 3.8).

Alternatively, similar to Hong et al. (2018), we use a fixed model to generate captions
for synthesized images and then compare them to original captions in a three-step process
(Figure 3.9): (1) Generating images from validation set captions; (2) Predicting captions for
the generated images using a strong image-captioning model; here we use BLIP fine-tuned
on the COCO dataset but any other strong captioning model could be used instead. (3)
Comparing the predicted captions with the original captions. The assumption is that if
the generated images are of similar quality to the originals, the resulting captions will also
be similar.
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Model FT Prompt B C M

Upper-bound 37.6 272 57.1
SD 1.5 - concat 31.0 247 525
SD 1.5 - + styler 30.8 242 525
SD15 F + styler 33.5 25.0 53.5
SD 1.5 F  SBERT + styler 30.6 24.1 52.0
SD 2.0 - concat + styler  31.2 24.8 52.0

Table 3.3: Round-trip captioning evaluation on Flickr30K with different Stable Diffusion
models, prompts, and fine-tuning. F indicates that the model is finetuned. We report
BLEU, CIDEr, Meteor.

Ablation on text-to-image variants Evaluating with round-trip captioning, we
conduct an ablation study on variants of text-to-image generation models. Table 3.3
summarizes the evaluation results on the Flickr30K dataset. Specifically, we experiment
with different versions of the Stable Diffusion models; prompt the diffusion models with
various approaches (Section 3.3.2); and compare the generation performance between the
finetuned text-to-image model and the pretrained ones. The results show that Stable
Diffusion v1.5 finetuned on COCO outperforms the other variants, when prompted with
the concatenation of all five captions, with the addition of the styler. For the details of
the model variants, please refer to Appendix 3.9.2.

3.8 Conclusion

In this paper, we have shown a simple, yet effective, data curation framework that can
improve the performance of image captioning models. We investigated three approaches
to data curation that dynamically update the training dataset based on high-loss image-
caption samples. The methods involved either removing a sample, replacing the caption
in a sample, or generating a new image from existing captions. Experimental results on
the Flickr30K and MS COCO datasets show the effectiveness of these approaches to data
curation without increasing the total size of the training dataset. A deeper analysis of
the images synthesized by the text-to-image model shows frequent errors on generating
objects of a certain amount or color, and struggles with human body features. A human
evaluation of the errors in those images shows a clear difference in images with high or
low losses.

In the future, we expect that better text-to-image generation models will lead to further
improvements from using synthesized images to train image captioning models. From our
insights in Appendix 3.9.4, there is also significant promise on building a hybrid model
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combining different curation methods. We believe that a more sophisticated learning
scheme leveraging multiple methods will offer more flexibility when curating the dataset.
We plan on verifying whether these findings extend to other image captioning models.
Moreover, we are also interested in applying the same framework to other multimodal
tasks, especially those with under-complete datasets that cannot comprehensively cover
the distributional space due to the cost of crowd-sourcing enough data, e.g. visual question
answering, or visually-grounded dialog.

Limitations

As Nguyen et al. (2023) has successfully improved the quality of the pretraining dataset
by using an state-of-the-art BLIP-2 model to generate better captions, we would expect
that our curation strategies to be scaled and adapted also to vision-language pretraining,
which however is limited by research resources and therefore not explored in the scope of
this paper. Currently our data curation methods also rely on state-of-the art pretrained
models for both image understanding and text-to-image generation.

In our study, we explore how the application of various curation approaches impacts
the downstream image captioning performance under different curation ratios. While
we predefine the curation ratio for our experiments in this paper, it is desirable for
curation methods to be more readily applicable if the curation ratio can be automatically
determined.

Moreover, while we take an online approach to data curation, our current approach is
upper bounded in speed and performance of the text-to-image generation model. This might
be a large bottle neck for adapting the strategy for more complicated vision-and-language
tasks.

Ethics Statement

Text-to-image generation is controversial in the broader Al and ethics community(Carlini
et al., 2023). For example, it can generate images according to gender or racial stereotypes,
which may prove harmful to members of those communities (Li et al., 2022¢). While have
not yet been observed in the vision-language domain, Shumailov et al. (2023) provide
evidence that the use of synthetic data from generative models like large language models
can introduce a potential risk of data quality degradation.

In this paper, we use text-to-image to improve the quality of an image captioning
model, given a specific set of crowd-sourced captions. Those captions may themselves
contain harmful stereotypes that would become more prevalent in our dynamically updated
training datasets. As we dynamically update the model with new images based on loss
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values, we remove the water-marker in our generated images to prevent information leak
to the model. Use of the synthesized images will strictly follow community guidelines.

While developing our curation methods that involve text-to-image generation for image
replacement, we employed the stable-diffusion v1.5 model (Rombach et al., 2022), which
was trained on the LAION-5B dataset. We note that we were unaware of any investigation
into illegal material in the dataset (Thiel, 2023). Hence, we emphasize that our proposed
framework is compatible with any other text-to-image models trained on more reliable
datasets. Taking this in to consideration, we encourage researchers to explore and apply
alternative text-to-image models when incorporating the curation techniques in their future
work.
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3.9 Appendix

3.9.1 User interface for human study on categorizing text-to-
image generation errors

Our user interface is shown in Figure 3.10. Annotators were asked to tick boxes of errors
that they found in the given synthesized images.
The error categories include:

e People: age, gender, type of clothing, color of clothing, weird face, weird body
e Main object: wrong, similar, inexistent, extra, weird
e Other objects: wrong, similar, inexistent, extra, weird

e General: stance, activity, position, number, inconsistent references, scene/event /location,
text, color, generally unrelated
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Annotating images

Home Categorize SD Errors

References

« Aband is playing music on stage at a concert.
« Asix piece band performs on stage.

Error categories that apply (Item 0/20)

People Main Object  Other Objects  General General
() Age (") Wrong [CJ Wrong (] Stance [[J Scene/event/location
() Gender () Similar () Similar () Activity () Text
(C) Type of clothing (] Inexistent [ Inexistent [_) Position () Color
(7] Color of clothing ] Extra () Extra (") Number () Generally unrelated
() Weird Face () Weird (7) Weird (7} Inconsistent Ref
() Weird Body

Figure 3.10: Annotation interface for categorizing SD errors.

3.9.2 Prompting approaches for text-to-image generation

Figure 3.11 illustrates the different approaches that we use to prompt the text-to-image
generation model. We manually design the styler by inspecting the generated visual
examples.

3.9.3 Generating alternative captions with XGLM

We follow the prompt template used in (Ramos et al., 2023b) to obtain LM-generated
captions, i.e. “I am an intelligent image captioning bot. Similar images have the following
captions: <captions> A creative short caption I can generate to describe this image is:
<generation>”. Here we used four ground truth captions as <captions> and the other
one in <generation> for a image to build three-shot examples as the prompt. We used
the ‘facebook/xglm-2.9B’ model which is available on HuggingFace (Wolf et al., 2019). We
set the maximum generation length to 30 tokens with number of beams of 5 to prevent
from generating repeated tokens.
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1. A white dog drinks water on a mountainside.

5. A white dog drinks water on a mountain.
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Figure 3.11: Different prompting strategies for synthetic image generation with text-to-
image generation and representative examples. Based on our Round-trip Captioning
Evaluation, prompting with the concatenated captions and the styler generates the best
images for the task.

3.9.4 Combining multiple curation methods

In our pursuit to assess the efficacy of a hybrid model incorporating multiple curation
methods, we experiment on the Flickr30K dataset with BEiT-3 as an initial attempt.
For the combining strategy, we selected the two most effective methods on the dataset,
namely REMOVE and REPLACEIMG. After each training epoch, we curated the training
samples by eliminating one half of the top loss samples while substituting the images of
the remaining half. Here we curate on the samples with a loss that exceeded two standard
deviations from the mean. Our experiment achieves a CIDEr score of 83.8 and a BLEU4
score of 32.8, surpassing previous single curation performance on the dataset. We believe
that the hybrid curation approach would yield greater benefits with more sophisticated
combining strategies, which we leave for future work.

3.9.5 High-loss training samples

In Figure 3.12, we visualize the high loss training samples in the COCO dataset after the
first epoch of finetuning. These samples are target of our curation techniques. Compared to
the average caption length of 11 words, the top samples all have very long captions of around
30 words, making it difficult for the model to learn. In the following finetuning epochs, we
curate on these samples by either removing the text-image pairs completely (REMOVE),
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Caption Length Loss

a picture of a clearly disrespectful person littered, abused alcohol, 26 21324

didn't flush their bad choices, and worst of all, let old glory touch a
bathroom floor

a picture of a rain-wet street view with lots of bike riders, rimmed 33 200.14
with buildings that seem to bunch up and fight for space might look
gray and unprepossessing, but doesn't, in part

a picture of the scene shows outdoors, furthest to closest, 33 200.02
shrubbery than a playing field with at least two uniformed and young
players, and closest, a blue fence, and a long bench with

a picture of it is outdoors, the exterior of a low roofed domicile, 30 199.90
where a tiny grove of slender tropical trees makes a lean-to for
super-modern blue and white motorcycle

a picture of while a purple/blue sky with what looks like a kite or a 33 197.36
loose para-sail floating in it covers most of a distance shot, the
bottommost part shows grassy side banks

Figure 3.12: High loss training samples in COCO after the first epoch, ranked by loss in
descending order. The top samples all have very long captions around 30 words, compared
to the mean of 11 words of the datasets.

replacing the caption (REPLACECAP), or replacing the image with a synthesized unseen
image (REPLACEIMG).

3.9.6 Examples of synthesized images

In Figure 3.13, we show examples of synthesized images from the text-to-image model
that are of high losses and low losses, alongside with the human annotations regarding
errors identified from these images.
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Caption

A picture of two women with one in lacy white
dress with handbag and leggings and the other
with a tall red hat, black mid-dress, and frame like
plastic dress on top.

A pedicab driver waiting on his bike.

A man in a black suit with tie and corsage smiles
at a girl who smiles back, both are sitting at a
table at a semi formal event such as a wedding
or reunion.

Two men are playing guitars and one man is
singing into a microphone on a stage with the
spotlight on them.

There a several people in a dark bar-type room,
including one girl on a stool.

Many children are playing and swimming in the
water.

Figure 3.13: Examples of synthesized images that are of high losses (top) and examples
of synthesized images that are of low losses (bottom). Human annotations show that
consistent error types have been recognized for the high loss samples while CLIPScore
fails to align with human judgement. The low loss synthesized images are visually less
complicated than the higher loss ones, but can still often look weird and contain errors in

color or objects.
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Chapter 4

FoodieQA: A Multimodal Dataset for
Fine-Grained Understanding of
Chinese Food Culture

Abstract

Food is a rich and varied dimension of cultural heritage, crucial to both individuals and
social groups. To bridge the gap in the literature on the often-overlooked regional diversity
in this domain, we introduce FoodieQA, a manually curated, fine-grained image-text
dataset capturing the intricate features of food cultures across various regions in China.
We evaluate vision-language Models (VLMs) and large language models (LLMs) on newly
collected, unseen food images and corresponding questions. FoodieQA comprises three
multiple-choice question-answering tasks where models need to answer questions based on
multiple images, a single image, and text-only descriptions, respectively. While LLMs excel
at text-based question answering, surpassing human accuracy, the open-weights VLMs still
fall short by 41% on multi-image and 21% on single-image VQA tasks, although closed-
weights models perform closer to human levels (within 10%). Our findings highlight that
understanding food and its cultural implications remains a challenging and under-explored
direction.

4.1 Introduction

One of the most popular dishes in China is hotpot, which comes in many varieties, as shown
in Figure 4.1: Beijing is renowned for its mutton hotpot served with a traditional copper

téng gud shuanydng rou zhou di

pot (FA%EI - IA). Guangdong province is home to a famous porridge-based hotpot (55Ji
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Chaoshan

‘ » S X ,‘,V
Sichuan Guangdong

Figure 4.1: An example of regional food differences in referring to hotpot in China. The
depicted soups and dishware visually reflect the ingredients, flavors, and traditions of these
regions: Beijing in the north, Sichuan in the southwest, and Guangdong in the south coast.

K5#), while its coastal region of Chaoshan is known for beef hotpot (FiILI4F Ak 5#®). The
hotpot varieties from Sichuan and Chongqing are celebrated for their flavorful broths, with
chili peppers and Sichuan peppercorns that create a unique numbing-spicy sensation. The
variation among regional cultures within a country highlights the challenges that language
models face in understanding cultural knowledge and context-specific information in the
food domain.

Existing datasets and models that focus on food and culinary practices primarily
concentrate on tasks such as food recognition, recipe generation, food knowledge probing
or recipe-related question answering (Chen et al., 2017; Cao et al., 2024a; Zhou et al.,
2024; Yagcioglu et al., 2018). However, they often take a coarse view, conflating country,
culture and language. Important regional cultural differences remain under-studied (Palta
and Rudinger, 2023).

We introduce FoodieQA , a manually curated set of multimodal test questions designed
to probe fine-grained cultural awareness with a focus on the food domain. Our dataset
targets two under-explored directions: regional cultural diversity within a country and
challenging fine-grained vision-language understanding in the culinary domain.

We only evaluate TextQA in Chinese to prevent bias introduced through translating dish names. The
English translation is only for illustration purpose.
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Multi-Image VQA [ Single-Image VQA ]
B3R T SEHREY A3 2 Which is DU SR A2 W X AR (5 2
a cold dish in Sichuan cuisine? Which region is this food a specialty?
O~ . % & — ~n ‘
0y _ - /j ' t“ @ JLJ} (Jiangsu)

’ T (Beijing & Tianjin)

© % (Hong Kong)
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| Text QA ]
EYIY A R0 ? What is the flavor of FH 192
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© AME BLE (crispy-tender) @ Ji (salty)

Figure 4.2: The tasks in FoodieQA evaluate food culture understanding from three
perspectives. Multi-image VQA requires the ability to compare multiple images, similar
to how humans browse a restaurant menu. Single-image VQA assesses whether models
can use visual information to better understand food culture. Text-based questions probe
model performance without multimodal data.!Fine-grained attributes that the questions
focus on are highlighted.

To build a regionally diverse dataset, we gather dishes and images selected by native
Chinese speakers from various regions, covering 14 distinct cuisine types across China.
To ensure the images used for benchmarking are fresh and have no chance of leaking
into the pretraining data of VLMs, we collect images uploaded by local people, which
are not publicly available online. We then define multiple attributes associated with the
dishes and have native Chinese annotators create multiple-choice questions based on their
expertise. Our dataset includes both vision-based question answering and text-based
question answering tasks, as illustrated in Figure 5.1.

We benchmark a series of state-of-the-art models, including seven LLMs and eight
VLMs, on the Foodie dataset using zero-shot evaluation. By comparing their performance to
human accuracy, we highlight the gap between open-weights and closed-weights models and
demonstrate their limitations in understanding Chinese regional food culture. Additionally,
we compare the performance of bilingual models trained on both Chinese and English
datasets to English-focused models, revealing biases in their understanding of region-
specific food culture and the language of the questions. Finally, our analysis shows that
visual information improves the performance of VLMs compared to text-only inputs,
although some models struggle with identifying dishes from images
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4.2 Related Work

Multilingual Multimodal Datasets Multimodal systems are typically evaluated on
English due to the widespread availability of English-language datasets. However, there
are some examples of research on training and evaluating models beyond English for image
captioning (Elliott et al., 2016), image-sentence retrieval (Srinivasan et al., 2021), visual
reasoning (Liu et al., 2021a), and question-answering (Pfeiffer et al., 2022). This paper
focuses on Chinese visual question answering, with fine-grained attributes in the food
domain.

Food Datasets In recent years, most food datasets have been designed for food image
classification (Chen et al., 2017), food captioning (Ma et al., 2023), and recipe-focused
generation and question answering (Yagcioglu et al., 2018; Min et al., 2018; Liu et al.,
2022). For culture knowledge probing in the food domain, some of the recent datasets
span multiple countries and include broad cultural or regional metadata (Min et al., 2018;
Ma et al., 2023; Romero et al., 2024). However, they often use country as a proxy for
culture, such as the country of origin for the food. For example, Palta and Rudinger (2023)
introduced a test set to probe culinary cultural biases by considering US and non-US
traditions, Zhou et al. (2024) construct a multicultural, multilingual dataset focusing on
culinary knowledge, and Cao et al. (2024a) focuses on recipe transfer between Chinese and
English. Investigating cultural differences within a country remains an under-explored
area (Palta and Rudinger, 2023).

Fine-grained Vision-Language Understanding Bugliarello et al. (2023) quantified
the fine-grained vision-language understanding capabilities in existing models, focusing on
aspects within the general domain. Later works focus on the culture understanding in
VLMs (Liu et al., 2023b; Cao et al., 2024b). However, current fine-grained VL datasets
(Zhang et al., 2021; Parcalabescu et al., 2022; Thrush et al., 2022; Hendricks and Ne-
matzadeh, 2021) are often framed as binary classification tasks, which limits their difficulty.
Concurrently with our work, Romero et al. (2024) and Nayak et al. (2024) have created
culturally-diverse question-answering datasets across multiple countries. Our multi-choice
vision question answering dataset that focuses on Chinese regional differences aims to
advance the boundaries of fine-grained understanding in the context of food and culture.

4.3 FoodieQA: Dataset Annotation

China, with its expansive territory and long history, has cultivated rich and diverse food
culture and traditions. Focusing on regional food culture differences, our dataset collection
contains five distinct phases. 1) selection of cuisine types inside China; 2) collection of
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Figure 4.3: Geographical distribution of cuisine types.?

private images; 3) individual dish annotation; 4) visual question formulation; 5) text
question formulation.

4.3.1 Selection of Cuisine Types

The well-recognized “eight major cuisines” in China are Sichuan (JI[3€), Guangdong

yue cai la cai st cai zhe cai min cai

(i.e., Cantonese, B3%), Shandong (&3¢), Jiangsu (773K ), Zhejiang (#73%), Fujian (%),

Hunan (#3€), Anhui (f{3€) cuisines (Zhang and Ma, 2020). This categorization is based
on historical, cultural, and geographical factors that have influenced the development
of distinct cooking styles and flavors in different regions of the country. For a better
geographical coverage, we extend the eight cuisine types to additionally include Northwest

X1 béi cai dong béi cai x1n jiang cai gan cai

(P§4E3K), Northeast (ARE3€), Xinjiang (HriE3K), Jiangxi (¥53K€) and, Mongolian cuisines

(W3 T3€) in this study. This results in 14 types (Figure 4.3) in total, for which we collect
dish images and annotations.

4.3.2 Collection of Images

To ensure that the images are not used in the pretraining of existing models and con-
taminating evaluation, we designed and distributed a survey for Chinese locals to upload

2We omit the Islands of the South China Sea in the figure for visualization simplicity.

38



Chapter 4 — FoodieQA: A Multimodal Dataset for Fine-Grained Understanding of Chinese Food
Culture

izE2 [ ]
AR o )
Name — Meigancai K bell main-ingredient
| with pork kpor € y’

category# m;tﬁplzjrk ’ ZiM/BR/ER % Other ingredients

A =
avor
salty/savory

cooking skills

ork is on to how it is presented
p ; p when served
of meigancai
=]
color
soy-sauce color
cuisine type ?It‘r""
cantonese cold or warm dish
warm dish

mr-ER
region — Southern l%dlshware

Chma Hakka
Figure 4.4: Meta-info annotation for local specialty.

their own dish images (Figure 4.11).> We provide detailed guidelines for image uploading,
specifying that: (1) the image should be clear, with a single dish as the focal point in
the center; (2) participants should select the cuisine type of the dish from our list or
specify it if it is not listed; (3) participants should provide the specific name of the dish,

méa pé dou fu dou fu

e.g., “mapo tofu (FREEEJE)” instead of “tofu (EJ&F)”; (4) participants should indicate
where the dish was served in their image, choosing from options such as cooked at home,
restaurant, canteen, or delivery; (5) participants need to grant us permission to use the
image for research purposes and confirm the image is not publicly available online, i.e.,
it has neither been downloaded from nor uploaded to the web or social media. In other
words, the images we collected only existed on their phones or cameras. The uploaded
images genuinely represent the locals’ daily diet and culinary experiences, showcasing
dishes that are currently popular. We manually filter out 102 images that are blurry, have
the dish off-center, or show a mismatch between the dish and the image.

4.3.3 Local Specialty Annotation

We also gather text annotations of representative local specialties for each cuisine type on
our list. Annotators are asked to collect meta information for representative local dishes
for each cuisine type, based on their life experience and knowledge obtained from the web.
These meta-fields provide information beyond recipes, offering insights into how the food
looks and tastes when people are eating it. An example is provided in Figure 4.4.

The 17 meta-info fields cover the appearance, taste, and culinary attributes of a

3The survey is distributed through WeChat and Douban.
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dish. They include the food category, dish name, alternative names, main ingredient,
characteristics of the main ingredient, three other key ingredients, dish flavor, presentation
style, dish color, serving temperature (cold or warm), dishware used, region and province of
origin, cuisine type, three primary cooking techniques, eating habits (if any), and reference
links.

The annotation is done by eight native Chinese speakers, including five PhD students
and three postdoctoral researchers from various provinces in China.* During the annotation
process, we ensure that all collected data is either annotated or verified by individuals
familiar with the local context. Specifically, annotators are assigned as follows: 1) They are
asked to annotate local specialties for the cuisine types from their hometowns, guaranteeing
that the annotations are provided by locals. 2) If a local annotator can not be found for a
specific cuisine type, annotators are requested to seek assistance from friends who are from
the respective region to verify or correct the metadata obtained from the web. Annotations
in the following sections are conducted by the same annotators, if not mentioned otherwise.

4.3.4 Visual Question Answering Annotation

One major consideration for vision-language understanding is that models can rely on
language priors, consequently neglecting visual information (Goyal et al., 2017; Zhang
et al., 2016). This underscores the importance of formulating visual questions in such a
way that they can only be answered by examining visual features, rather than relying on
text priors. Based on the number of images used as inputs, we formulate both multi-image
VQA questions and single-image VQA questions.

4.3.4.1 Multi-image VQA

Multi-image VQA requires the ability to compare detailed visual features from multiple
images, similar to how humans browse a restaurant menu.

Question formulation We ask the annotators to write challenging questions that
require: (1) looking at the dish images to answer, (2) thinking beyond merely recognizing
the dish and questions that may require multi-hop reasoning, (3) asking diverse questions
that belong to a diverse set of question types such as food type, flavor, color, expense,
amount, and etc., (4) only one image is the correct answer to the question. The multi-image
VQA questions are written by five native speakers from five different regions in China.
We organize the collected images into 28 groups based on cuisine types and food cate-
gories, as outlined in Section 4.3.2. This allows annotators to write questions sequentially
for related images extracted from the same group. Each annotator is asked to write

4The annotators are from Sichuan, Shaanxi, Guangdong, Jiangsu, Jiangxi, Shandong, and Chongging.
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two—-three questions, given a four-image group. We note that in order to avoid the bias
from language priors, dish names corresponding to the images are not presented. The user
interface that we use for annotation is shown in Figure 4.12.

Question verification Once the questions and answers for the multi-image multiple-
choice questions are collected, we verify the questions by asking the annotators (who did
not create the questions) to answer them. If a question does not meet our defined criteria,
annotators are instructed to flag it as a “bad question”. Through this process, 87 questions
were discarded. Additionally, when answering the questions, annotators are required to
provide the rationale they use to reach the answer, as well as judge whether the question
requires multi-hop reasoning. The user interface that we use for verification is shown in
Figure 4.13. Each question is verified by two annotators, and we exclude the questions
that do not have full agreement.

4.3.4.2 Single-Image VQA

Besides using images as multiple-choice answer options, we also ask diverse fine-grained
questions about various aspects of a dish based on its meta-information (collected in
Section 4.3.3). We identify dishes that have both meta-information annotations and
collected images, and then create questions based on the meta-information. As shown in
the example in Figure 5.1, the dish name is intentionally omitted from the questions to
ensure they can only be answered by examining the visual features.

Question formulation We adopt a template-based approach, where a question about
the same meta-field is asked multiple times, varying factors like the image of the dish,
while the answer options are carefully selected from the wrong candidates in the meta-field
to ensure that only one answer is correct. The single-image VQA questions are generated
using a rule-based method, followed by thorough human verification that is similar to the
multi-image VQA verification process. Please see details in the Appendix 4.7.1.

Question verification Similar to verification for the multi-image VQA questions,
annotators are asked to answer the question given the text query and the corresponding
image, and raise a “bad question” flag to filter out questions that does not satisfy the
criteria. 88 questions were discarded as bad. Note that the name of the dish is not revealed
in the text question so that the question needs to be answered based on visual information.
Annotators are asked to write “I don’t know” in the rationale and randomly guess an
answer if they think the question is beyond their knowledge.
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4.3.5 Text Question Answering Annotation

We formulate the text-based questions by combining human annotations and rule-based
generation. Similar to the single-image VQA approach described in Section 4.3.4.2, we
generated questions and multiple-choice answer options based on the meta-information
fields. However, instead of using the dish image, we included the dish name directly in
the question. The questions are formulated using templates, where only the dish names
and meta-fields are varied. A same human verification process to single-image question
answering is included. 135 bad questions were discarded. Notice that annotators were
asked to answer the questions based on their knowledge without using search engines,
this makes the task challenging as it would be hard for one to answer questions about
unfamiliar foods and regions without any other available information besides names of the
food.

4.3.6 Human Validation

In Table 4.1, we calculate human accuracy and inter-annotator agreement scores based
on human-verified questions, excluding those identified as bad questions. For the single-
image VQA and text QA questions, given the diverse cultural backgrounds of the human
annotators, some questions can be challenging if the required food culture knowledge falls
outside an annotator’s cultural experience. For those questions, annotators are instructed
to indicate "I don’t know” and randomly guess an answer, as one might not be familiar
with all of the specific dishes or the fourteen cuisine types. These questions are marked
as out-of-domain. Considering the randomly selected answers for these out-of-domain
questions allow us to obtain lower bound agreement and human accuracy scores.” We also
report Cohen’s Kappa (k) and human accuracy separately for in-domain questions.

The human validation process involves three postdoctoral researchers and five PhD
students who are native Chinese speakers as introduced in Section 4.3.3. Each question is
verified and answered by two annotators who were not involved in the question formulation.
We retain the out-of-domain questions for calculating human accuracy and later in
evaluating model performance, as the lower agreement scores are only due to differences
in the annotators’ cultural knowledge (Plank, 2022).

4.3.7 Image and Question Distribution

Image statistics We collected 502 images but discarded 113 due to quality control
issues. The final dataset of 389 images are distributed across regions in China as shown in

5Note that this is the only impact of the randomization. The ground truth label is annotated at an
earlier stage of question formulation where the questions and choices are generated using the rule-based
method.
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Task Questions k  Accuracy
Multi-image VQA 403 834 916
Single-image VQA 256 .Hd6 744
- In-domain 168 674 818
Text QA 705 470 .562
- In-domain 307 .808 857

Table 4.1: Statistics per task in FoodieQA.

Statitics Multi-image Single-image TextQA
Avg. length 12.9 17.0 14.9
Multi-hop (%) 25.3 73.4 1.6
Question types 14 6 7
Unique Images 389 103 -

Table 4.2: Question statistics.

Figure 4.5. All 389 images are used for multi-image VQA; a subset of 103 images are used
for single-image VQA.

Question statistics After human verification, we obtain 403 multi-image VQA questions,
where each question needs to be answered with a set of four provided images. Single-image
VQA tasks consists of 256 question in total, and text QA consists of 705 questions in total
(Table 4.1). A considerable number of the VQA questions require multi-hop reasoning
to predict the correct answer. We report the key statistics of the questions in Table 4.2.
Please see more details in Appendix 4.7.2.

4.4 Baselines: How Much of a Foodie
are the LLMs/VLMs?

We evaluate open-weight and API-based state-of-the-art LLMs and VLMs to probe their
culture knowledge in the food domain. We evaluate the models in both Chinese and
English for the VQA tasks. The questions are translated to English using the DeepL free
API® and validated by two PhD students who are Chinese native speakers and fluent in

Shttps://www.deepl.com/en/translator
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Figure 4.5: Region distribution of collected food images.

English. To avoid bias in translating dish names, we conduct the TextQA task solely in
Chinese.

4.4.1 Multi-Image VQA is Difficult

We evaluate the multi-image VQA task using open-weight models that are capable of
handling multiple image inputs, including Phi-3-vision-128k-instruct (Abdin et al., 2024),
Idefics2-8B (Laurencon et al., 2024), Mantis-8B-Idefics2 (Jiang et al., 2024), and English-
Chinese bilingual Qwen-VL-12B (Bai et al., 2023), and Yi-VL 6B and 34B models (Al
et al., 2024), as well as API-based models GPT-4V and GPT-4o (Achiam et al., 2023).

We experimented with four different prompts that utilized lists of images and texts
or interleaved image-text inputs. Details can be found in Appendix 4.7.4. As shown
in Figure 4.6, when compared to the human accuracy of 91.69% in Chinese, the best-
performing open-weight model, Idefics2-8B, achieves an accuracy of 50.87%, which is still
significantly lower than human performance. This indicates that current state-of-the-art
models are still weak at distinguishing differences among food from visual input. This
underscores that multi-image understanding, especially in contexts requiring cultural
knowledge in the food domain, remains a challenging problem. When evaluating on
the translated English questions, model performance decreases for all models except
Phi-3-vision.

4.4.2 Single-Image VQA Results

Besides the four open sourced models that we used for multi-image VQA, we also evaluate
the bilingually trained (Chinese and English) Yi models (Al et al., 2024) for the single-image
VQA task.
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Figure 4.6: Accuracy of multi-image VQA tasks across four different prompts compared to
a 91.96% human accuracy in Chinese. Although Idefics2 and Mantis have higher accuracy
than other models, they show greater variation across different prompts.

The evaluation accuracy is reported in Table 4.3. Almost every open-weight model
performs better on Single-image VQA than Multi-image VQA. We can observe that, for
the bilingually trained models, i.e., Qwen-VL and Yi-VL, their performance is better
when evaluated in Chinese. However, for the multilingual models, i.e. Phi-3, Idefics2, and
Mantis-8B, their performance is better when evaluated in English. The best performing
models are the API-based models from OpenAl.

4.4.3 Models are Strong at Text QA

We evaluate text question answering with a series of open-weight models, including Phi-3-
medium-4k-instruct (Abdin et al., 2024), Llama3-8B-Chinese (Wang and Zheng, 2024),
Mistral-7B-Instruct-v0.3 (Wang and Zheng, 2024), Yi-6B and 34B models (Al et al., 2024),
and Qwen2-7B-instruct (qwe, 2024), as well as API-based model GPT-4 (Achiam et al.,
2023).

Given that translating dish names is challenging and would likely introduce additional
information and unfair comparison, we only evaluate the text questions in Chinese. For

example, a famous Sichuan dish “XZFEffi A can be translated to ”couple’s lung slices” if
translate word by word, however it would be translated as ”Sliced Beef and Ox Tongue in
Chilli Sauce” by meaning. While the literal translation makes no sense, translation by
meaning would hint the flavor and ingredients that are not included in its original Chinese
name.

From Figure 4.7, we see that the Qwen2-7B-instruct model surpasses human per-
formance on the text QA task, where the questions are formulated based on the local
specialty annotations in Section 4.3. Since the local specialty annotations are collected and
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Evaluation Multi-image VQA  Single-image VQA
ZH EN ZH EN
Human 91.69 77.221 74.41 46.53t
Phi-3-vision-4.2B  29.03 33.75 42.58 44.53
Idefics2-8B 50.87 41.69 46.87 52.73
Mantis-8B 46.65 43.67 41.80 47.66
Qwen-VL-12B 32.26 27.54 48.83 42.97
Yi-VL-6B - - 49.61 41.41
Yi-VL-34B - - 52.73 48.05
GPT-4V 78.92 69.23 63.67 60.16
GPT-40 86.35 80.64 72.66 67.97

Table 4.3: Comparison of Multi-image and Single-image VQA Performance in Chinese and
English. We report the best accuracy from four prompts. T results denote an estimate,
calculated over 100 random samples, of human performance on the English Multi-Image
and Single-Image VQA from one native speaker with no specialized knowledge of Chinese
food culture.

summarized by local representatives, potentially incorporating information from public web
resources such as Baidu-Baike, the high performance may be attributed to the inclusion of
domain-specific training data.

4.5 Analysis

In this section, we explore which factors are important for fine-grained understanding of
Chinese food culture.

Non-public images are crucial for fair evaluation. We incorporate user-uploaded
non-public images into our dataset to prevent data contamination during evaluation. To
verify the importance of preserving these non-public images for fair evaluation, we compare
model performance using web-sourced images instead. Specifically, we manually searched
with dish names to obtain web images for 171 out of 256 questions in the Single-image
VQA task. As shown in Table 4.4, replacing non-public images with web-sourced dish
images made the task easier for baseline models, indicating potential data contamination
from web sources. Therefore, the use of non-public images is crucial for ensuring fair
evaluation.
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Figure 4.7: Accuracy of text QA across four different prompts. The blue dashed line
indicates human accuracy (56.2%).

Model Non-public images Web images
Qwen-VL-12B 43.75 47.95
Idefics2-8B 45.60 47.07
Yi-VL-6B 47.56 50.88

Table 4.4: Models obtain higher accuracy when evaluating with web images, which indicates
possible data contamination. The accuracy scores are averaged over four prompts.

Visual information helps. In Single-image VQA, the default setting is to query with
only dish image without specifying the dish name. We now examine whether the visual
information is beneficial using the Idefics2-8B model.” Results are shown in Table 4.5,
where we investigate two variants: querying the model with only the text question but
revealing the dish name, versus providing both the dish image and the dish name. We
observe that the Idefics2 model consistently performs better when dish images are available
as visual clues. Please see comparison examples in Appendix 4.7.5.

Dish names could be helpful clues for some of the models. As discussed in
Section 4.3.7, over 73.4% of single-image questions require multi-hop reasoning, which
typically involves identifying the dish and then leveraging related knowledge to answer the
questions. To determine whether the identification of the food image and the utilization

"We selected this model because it supports text-only inputs, unlike some other models such as the
Yi-VL series.
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Input promptl prompt2 prompt3 promptd
Dish name only  28.52 27.73 36.72 37.11
+ dish image 40.23 41.41 40.62 42.19

Table 4.5: Accuracy on two variants of Single-image VQA task, showing that visual
information of food images is crucial for Idefics2 to correctly answer the questions.

Model Condition pl p2 p3 p4
. Image-only 49.61 48.05 47.66 46.09
YIVL-6B i name  73.83  74.61  76.17  62.50
. Image-only  50.39 52.73 50.78 48.83
Yi-VL-34B + dish name 75.39 78.13 79.30 75.39
Idefics2-8B Image-only  44.53 43.75 46.09 46.87

+ dish name 40.23 4141 40.62 42.19

Table 4.6: Accuracy in the Single-image VQA task when dish name is revealed in the
questions along with the image or not. While the Yi models benefit greatly from the
additional information of the dish name, Idefics2 does not. “p1-4” indicates four different
prompt templates.

of visual information are bottlenecks for the models, we compare their performance on
single-image VQA when provided with the dish name in the question.

The results in Table 4.6 indicate that while the Yi models significantly benefit from
being given both the images and names of the dishes, the Idefics2-8B model does not show
the same improvement from this additional information. This indicates that recognizing
the dishes could be a possible bottleneck for the Yi series models.

Models are foodies who know cooking better than taste. Figure 4.8a shows the
model performance under fine-grained questions attributes on Single- and Multi-image
VQA. We observe that all models generally excel at answering questions related to cooking
skills and ingredients. The Yi models, in particular, demonstrate a stronger ability to
identify the flavors of dishes. Conversely, the Qwen-VL and Phi3-vision models perform
well in observing the presentation of food when served but struggle with flavor-related
questions. When answering questions based on multiple images, it also holds true that
models are generally good at questions regarding cooking skills and the amount of food
(Figure 4.8b). However, these models are weak at answering questions related to the region
and taste of the dish. Idefics-8B stands out, excelling in most of the fine-grained features
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Figure 4.9: Model accuracy on questions categorized by food categories and cuisine types.

we evaluated.

Favorite food of the models. In Figure 4.9, we compare model performance on
multi-image VQA tasks for questions grouped by food categories and cuisine types. This
analysis provides insight into how well the models can compare features from images within
the same group. The overall best performing model on multi-image VQA tasks excels
at questions about BBQ and Xinjiang cuisines, but weak at questions about Shanghai
dishes. Another interesting finding is that, despite Sichuan food being one of the most
popular cuisines in China, and presumably having more available images and resources
online, none of the models excel at answering questions related to this cuisine type.
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4.6 Conclusion

We introduce FoodieQA, a multimodal dataset designed to evaluate fine-grained un-
derstanding of Chinese food culture through multi-image, single-image, and text-only
multiple-choice questions.

Our experiments, which focus on regional cultural differences and detailed visual
features, reveal that understanding food and its cultural context remains a complex and
under-explored task. We find that comparing food across multiple images—similar to the
common scenario of people browsing menus—is particularly challenging. All open-source
models underperform human accuracy by more than 40% in this task. This suggests that
our dataset offers a more accurate assessment of the suitability of state-of-the-art models
for real-world applications in the food domain.

Our analysis of language and prompt templates indicates that models can be sensitive
to the language in which questions are asked—bilingually trained Chinese-English models
perform better in Chinese, while other multilingual models are stronger in English. We
also demonstrate the effectiveness of incorporating visual features compared to text-only
settings in this context.

Improved models or methods for understanding food culture may be essential for
future progress in the FoodieQA challenge. Looking ahead, we aim to expand the dataset
to include dishes from other countries and regions. Following Jacovi et al. (2023), we
make our dataset a public benchmark on Huggingface at lyan62/FoodieQA with the
CC BY-NC-ND 4.0 License. All of our data annotation and verification tools are freely
available for re-use at github.com/lyan62/FoodieQA. We encourage the community to
create Foodie datasets for their own language and culture groups.

Limitations

The size of the FoodieQA dataset is limited by the challenge of collecting unseen images
from individuals, as it requires them to voluntarily upload images from their phones or
cameras. Although we have distributed the survey on two popular Chinese social media
platforms, we anticipate that increased social media exposure or collaboration with food
industry professionals could facilitate the collection of more images, and contribute to a
training dataset for advancing this direction.

Translating Chinese dish names into other languages poses another challenge, as some
dish names do not directly relate to their ingredients or cooking methods. Introducing
translated dish names could potentially introduce additional information, leading to unfair
comparisons among the models. Consequently, we have chosen to experiment solely with
Chinese questions for the text-based queries.

We have benchmarked fifteen popular models using our dataset. However, due to
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the rapid advancements in the field, it is impossible to benchmark all trending models
continuously. We hope our dataset will inspire future researchers to develop similar Foodie
datasets for their own regions and languages, thereby guiding LLMs and VLMs towards a
better understanding of regional food cultures.
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4.7 Appendix

4.7.1 Rule-based question formulation

For text-based question answering we develop a rule-based question formulation method.
For each question type, we have the meta information from the local specialty annotation
(Section 4.3.3). Then we design three to four templates for each of the question type. For
example, for questions that ask about cuisine type, our templates include

o <dish> W Hb X FIFFESE? (What region is <dish> a specialty dish of?)
o <dish>7&MF Ml X AHF £ E? (In which region that <dish> is a local specialty?)

o LI HI T I ROZ S 2 S AR 35 B <dish>? Which place should you visit
to taste the local specialty food <dish>?
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Then, we randomly select cuisine types that are not the correct answer to serve as the
alternative options. By utilizing different meta fields, we can generate multiple questions
for each dish.

For single-image VQA, we associate the questions related to the dish with the corre-
sponding dish image in our collection. We exclude questions of the warm-cold type—those
that inquire whether a dish is served hot or cold—since these questions involve different
dishes as options and are not suitable for the single-image scenario.

4.7.2 Question type and answer distribution

In Table 4.7, 4.8, and 4.9, we show concrete statistics about distribution of question types
in each task. Figure 4.10 illustrates the answer distribution for questions categorized by
type. Each horizontal bar independently displays the distribution of the answers regarding
to the specific question type.

Question type Count

Cuisine Type 147
Cooking Skills 127
Main Ingredient 70
Region 148
Flavor 117
Present 25
Warm-Cold 71

Table 4.7: Distribution of text QA question types.

Question type Count

Cuisine Type 70
Flavor 46
Region 65
Present 14
Cooking Skills 51
Main Ingredient 10

Table 4.8: Distribution of single-image VQA question types .

4.7.3 Annotation Cost and Compensation

In this work, the annotators are our colleagues who share co-authorship of the paper. This
applies to the human annotation and validation process in Section 4.3.3, Section 4.3.4, and
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Counts of Items in Each Question Type for multi-image VQA
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Figure 4.10: Answer distribution for each of the tasks. The questions are categorized
by question type. Each color corresponds to a distinct answer, and each horizontal bar
displays the distribution of these answers.
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Question type Count

Ingredients 119
Food Type 60
Color 36
Taste 50
Cooking Skills 45
Plating 23
Eating Habit 27
Allergy 12
Region 15
Expense 1
Other 2
Amount 11
Smell 1
History 1

Table 4.9: Distribution of multi-image VQA question types .

Task Avg time/annotation Avg time/person
Local specialty collection 11.4 min/dish 10.3 hrs/person
Multi-image VQA question formulation 3.5 min/question 8.0 hrs/person
Multi-image VQA question verification 2.5 min/question 6.7 hrs/person
Single-image VQA verification 3.3 min/question 6.3 hrs/person
TextQA verification 1.2 min/question 5.7 hrs/person

Table 4.10: Average time per annotation and per person for annotation tasks.

Section 4.3.6. The collection of images from private individuals, described in Section 4.3.2,
was entirely voluntary and by community effort through the social platforms, WeChat and
Douban.

The image collection period takes around one and a half months through the survey.
Table 4.10 displays an estimation of the annotation time reported by annotators.

4.7.4 Prompts used for evaluation

Following Durmus et al. (2023) and Wang et al. (2024), we design four prompts for each
of the tasks and extract the option letter from the model response. For multi-image VQA,
we specifically include prompts that feature both interleaved image and text inputs as well

as separate lists of images and texts. Please see examples of the prompts in Table 4.11
and Table 4.12.
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Prompt Content

Prompt 0 <imgl><img2><img3d><img4d>
Answer the following question according to the provided four images,
they correspond to Option (A), Option (B), Option (C), Option
(D). Choose one best answer from the given options.
Question: , your answer is: Option (

Answer the following question according to the provided four images
which correspond to Option (A), Option (B), Option (C), Option
(D). Choose one best answer from the given options.

The options are:

<imgl>Option (A)

<img2>Option (B)

<img3>Option (C)

<img4>Option (D)

Question: <question>, your answer is: Option (

Prompt 1

Prompt 2 Answer the following question according to the provided four images,
and choose one best answer from the given options.
The options are:
<imgl>Option (A)
<img2>Option (B)
<img3>Option (C)
<img4>Option (D)
Question: <question>, your answer is: Option (

Prompt 3 Human: Question <question> The options are:

Option (A)<imgl>

Option (B)<img2>

Option (C)<img3>

Option (D)<img4>

Assistant: If I have to choose one best answer from the given options,
the answer is: Option (

Table 4.11: English prompts for zero-shot evaluation for multi-image VQA.

Interface of image collection, annotation and verification tool

In Figure 4.11, we display the survey that we used to collect images. Figure 4.12 and
Figure 4.13 show the user interface that annotators use to create questions and verify the
questions.
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Prompt 1 <imgl>,<img2>,<img3>,<img4>
FRAE DL U5k B B2 Rl AT 93 A jle KB, ElC, EID, i§M
YREETABCDH EFE— MR EEMNER . Ml <question>, &
ESOF

Prompt 2 <imgl>, <img2>,<img3>, <img4>
R LA_E DU 5K P [0 2 ] R m%}\ EIMABCDHIEFE— M & 1E
HIEZE - (] <quest10n> jj &

Prompt 3 *ETEM?EI%‘KIEI/ESM@, Lﬁ})\f HEIHABCD Ik — P i & 1d
2R -
<imgl>K&A
<img2>K{B
<img3>K&C
<img4>FED
[AIH: <question>, ZrRN:

Prompt 4 Human: [A]#f<question>, 1%EIH:

K A<imgl>

B B<img2>

KC<img3>

K D<imgd>

Assistant: ZI5R MG EIETABCDH it HF— i & 18 2
Zh: B

i

= %5

) =}

Table 4.12: Chinese prompts for zero-shot evaluation for multi-image VQA.

4.7.5 More examples

Examples of the questions in the dataset

See Figure 4.14 for more examples of the questions in the dataset.

Examples of comparing whether the visual information is available

In Figure 4.15, we present examples where visual information, specifically the dish images,
proves crucial for the Idefics-2-8B model to accurately answer the questions.
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X RBEKEfS-Tencent Survey - X EREHLE-Tencent Suvey - «05 RREIART EERE L T2 REE L
(BIHEMBTHES, REEEME/AL
01 LEEHERRA ), BRTEINEEBTIFER
03 ZREH HIRIER LIF.
SRR, 1R RN ENEMEE A BETARIELEL
WNEIEAEHT, IERAEH M T B8
v##4%  Dish hame MAERHEREE, GG FHHE
R, W
T 04 ERERRE
Lias o A
55 ) F2an Cook at home
02 ENERBT B LA/ BE? — Restaurant TR
—— Canteen Confirm phot is not
I (@, ) Delivery uploaded/downloaded
sz
HE (4 ..
Select cuisine type %
BE (WF)

*05 EERIART LISME S TR MEE

BILR (kA HRFH)

Figure 4.11: Survey interface of image collection

Question 1: _ write each question where
Answer 1: only one single image is the correct answer for the question
Question Type 1: | Select a question type -

select image and question type,

Question2:[ | try to create questions with diverse question types
Answer 2: i ! :
Question Type 2: [Select a question type - if you have problem creating questions for the current

4 images, try increase the index by one so there will

Quesions | R
Answer 3:
Question Type 3: | Select a question type v

t Index: 4 X -
Cureent Index click on Next will directly save current

questions and If you want to resume from a set of images,
evoe go to the next set of 4 images. put in the index and click Start

Figure 4.12: Annotation interface of writing questions when presented multiple images.
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Multi-image VQA

Question: Frp BHRACE A UBE 7

Choices:

Answer:
Rationale:
Number of hops:
Is a bad question:

Current Index: 1
Max Index: 67

(Previous [ Next [1 [ Star

Figure 4.13: Annotation interface of verifying the multi-image multiple-choice questions.
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Multi-Image VQA [ Single-Image VQA ]
MRITAEEEG 7 - DU BYIRa e i—E 2 1f DUR S 2 M AR 3 2
you want soup, which dish would you choose? Which region is this food a specialty?
- = TR (Ningbo
HEAE (Fujian)

; @ 7% (Guangdong)
N (D) 28 (Anhui)

| Text QA |

PHUBEA R R R 2 1% 2
What is the flavor of [HJESHI A [F4&?
B (Soft & fragrant) e B (Sweet)

© A (Meaty aroma) @ £ (Fresh & tasty

Multi-Image VQA | Single-Image VQA |

W—ESE G ERIZAE AT A ? Which PN S22 2
dish is good for people who like fatty Which region is this food a specialty?

? —— =
ool y > y [’ (Sichuan &
Chonggqing)
(®) 75 (Xining)
@ >4 (Jiaxing)
@ FE4% (South Xinjiang)

| Text QA ]

DB AT S AU 0 2
In which regional cuisine is JHE A% a specialty?
JI[3Z (Sichuan cuisine) Fi%% (Jiangsu cuisine)

© ZZ 3 (home-style cuisine) @ 3% (Shandong cuisine)

Multi-Image VQA | Single-Image VQA |
UIF— B SR IR 2 Which dish is LUR 32 b M bR 2 2
the spiciest? ‘Which region is this food a specialty?

75 (Shaanxi)

#£Jk (Northeast of China)
" ; S @%J‘[‘l (Yangzhou)

E @ 0N (Huizhou)

| Text QA |

FIUTRIE A2 ?
In which regional cuisine is 1} 7 a specialty?
@) HEY¥ (Cantonese cuisine F53 (Jiangsu cuisine)

© e (Xinjiang cuisine) @ #%3Z (Jiangxi cuisine)

Figure 4.14: More examples in FoodieQA evaluate food culture understanding from three
perspectives.
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FRHABERMTARK? What are
the flavors of the food
usually in the pictures?

WK EERAE lit. skin crispy and
meat tender

B. 4MEKAM crispy on the outside
but tender on the inside

C, ##E soft and sticky

K MBI O spicy and delicious

Q: RERWMRRMEHFE? The
food in the picture is a
classic dish from which
cuisine?

A. JIIZ Sichuan cuisine

B4 FIL3 Northwestern cuisine
C. ##3 Huaiyang cuisine

R BxCantonese

Figure 4.15: Examples where the Idefics-2-8B model correctly answers the question when
the image is available but failed when it is not.
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Chapter 5

Understanding Retrieval Robustness
for Retrieval-Augmented Image
Captioning

Abstract

Recent advances in retrieval-augmented models for image captioning highlight the benefit
of retrieving related captions for efficient, lightweight models with strong domain-transfer
capabilities. While these models demonstrate the success of retrieval augmentation,
retrieval models are still far from perfect in practice: the retrieved information can
sometimes mislead the model, resulting in incorrect generation and worse performance.
In this paper, we analyze the robustness of a retrieval-augmented captioning model
SMALLCAP. Our analysis shows that the model is sensitive to tokens that appear in the
majority of the retrieved captions, and the input attribution shows that those tokens
are likely copied into the generated output. Given these findings, we propose to train
the model by sampling retrieved captions from more diverse sets. This decreases the
chance that the model learns to copy majority tokens, and improves both in-domain and
cross-domain performance.

5.1 Introduction

Recent retrieval-augmented image captioning models have shown success in strong image
captioning performance while reducing model parameters by retrieving related captions for
a given image (Ramos et al., 2023¢; Sarto et al., 2022; Yang et al., 2023). These models
use retrieved information as additional context besides the input image. However, similar
to retrieval-augmented language models (Yoran et al., 2023), image captioning models
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without retrieval

a truck parked in front of a
restaurant v

Retrieved captions

36 a fake elephant is being driven on a with retrieval

i truck by a palace » an elephant is parked in

ﬁo road sign for elephant & castle | front of a building X

| Walworth pointing to the right

io a sign in english and Chinese points ’ with robust retrieval

i out castle road - awhite truck parked in front
i\o a sign pointing to elephant &castle | of abuilding

“._and walwort !

Figure 5.1: Comparison of generated image captions that are predicted without retrieval,
misled by retrieval, and predicted with a more retrieval-robust model. The retrieval-
augmented model generates the token “elephant”, which appears in 3/4 of the retrieved
captions.

enhanced with retrieval can sometimes be misled by irrelevant information. For example,
in Figure 5.1 the captioning model is misled by the token “elephant” in the retrieved
captions, and generates captions that do not match the given image.

For retrieval-augmented language models, Yoran et al. (2023) have studied the cases
where retrieval misled the model prediction, and address this problem with a retrieval-
robust LLM by continuous training with synthetic data for question answering tasks.
However, in their approach, the retrieval system returns only one passage at each step.
Considering that LLMs can be sensitive to the order of prompts (Lu et al., 2022), the
robustness of using multiple retrieved results has not been fully studied. Evaluating
and improving the robustness of retrieval-augmented image captioning models remains
under-explored, specifically when the model is augmented with multiple retrieved results.

To bridge this gap in the literature, we study the robustness of the SMALLCAP retrieval-
augmented captioning model (Ramos et al., 2023¢). By the definition of retrieval robustness
proposed in Yoran et al. (2023), retrieved context should boost model performance when
relevant, and should not adversely affect it when irrelevant. We thoroughly examine the
robustness of the model with regards to the order of the retrieved captions, and the relevance
of the retrieved content. We also present a novel analysis of model behaviour based on
majority voting, supported by input attribution and attention analyses to investigate how
the retrieved tokens influence the model generation. And finally, inspired by Hoang et al.
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(2022), we propose to sample the retrieved captions from a larger list during training to
prevent the model from overfitting to the top relevant captions. Our evaluation shows
improved model robustness and better out-of-domain generalization.

The main findings of this paper are: 1) We study the robustness of an existing
retrieval-augmented captioning model SMALLCAP and find it is not robust to processing
randomly retrieved content. 2) We identify that tokens that frequently occur in the
retrieved captions, i.e. majority tokens, have high attribution scores with regard to the
tokens generated by the model. This phenomenon suggests heightened sensitivity and
copying. 3) Training with sampled retrieved captions from a larger list instead of with
fixed top-k relevant captions improves model robustness, yielding better generalization
and out-of-domain performance.!

5.2 Related Work

Robustness of retrieval-augmented models. Retrieval-augmented generation (RAG)
involves enhancing the generation process by incorporating retrieved information from an
external datastore as additional context to the input (Lewis et al., 2020). RAG models
have shown to improve performance across a variety of NLP tasks (Mialon et al., 2023).
However, RAG models can overly rely on retrieved information, resulting in inaccurate
generation when the retrieved context is flawed (Yan et al., 2024; Yoran et al., 2023).

Recent efforts aim to enhance RAG model robustness against misguided or hallucinated
generations. One approach involves filtering retrieved content (Wang et al., 2023b; Yoran
et al., 2023; Yasunaga et al., 2023; Yan et al., 2024; Asai et al., 2023) by applying or
training an additional evaluator. Another direction focuses on improving robustness
during the training of the generation model itself. Specifically, for retrieval-augmented
question answering with large language models, Yoran et al. (2023) propose continued
training with a synthetic dataset that contains both relevant and irrelevant context, while
Cuconasu et al. (2024) suggests incorporating irrelevant documents. In retrieval-augmented
translation, robustness is improved through shuffling retrieved translations (Hoang et al.,
2022), ensemble model decoding (Hao et al., 2023), and controlled interactions between
source and retrieved translations (Hoang et al., 2023).

Retrieval-augmented image captioning. Image captioning is the task that describes
the visual contents of an image in natural language (Xu et al., 2015; Osman et al., 2023).
Recent studies have integrated RAG into this field. Sarto et al. (2022) and Zhou and
Long (2023) experimented with retrieving similar or style-aware images before generating
captions. Li et al. (2023a) introduced a lightweight image captioning model that utilizes

We release the code at https://github.com/lyan62/RobustCap
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Figure 5.2: CIDEr evaluation of SMALLCAP on the COCO validation set using the
top-k, low(er)-ranked, randomly retrieved captions, against a baseline without retrieval
augmentation. Performance drops by up to 50% when using randomly retrieved captions
compared to baseline, suggesting that the model is not robust.

retrieved concepts. More related to our work, Ramos et al. (2023a) developed end-to-end
encoder-decoder models that attend to both the image and retrieved caption embeddings.

In particular, the SMALLCAP model (Ramos et al., 2023c), presenting retrieval augmen-
tation in image captioning could reduce trainable parameters and adapt to out-of-domain
settings. The model utilizes frozen unimodal models, incorporating a pre-trained encoder
and decoder connected by trainable cross-attention layer.

However, it still remains unclear how retrieved captions influence the generation of
captions in retrieval-augmented image captioning, especially concerning visual inputs.
Additionally, the evaluation and enhancement of the robustness of these models are still
under-explored.

5.3 Robustness of Retrieval-Augmented

Image Captioning
To evaluate the robustness of the SMALLCAP retrieval-augmented caption model (Ramos
et al., 2023¢), we conduct controlled experiments and observe its resilience to changes

in (1) the order of the retrieved captions and (2) the content relevance of the retrieved
captions.
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5.3.1 Robustness Evaluation

For a given image, SMALLCAP is augmented with a sequence of k retrieved captions
that are combined into an input for the language model decoder: “Similar images show
capy, caps, ..., capy. This image shows ...”. The retrieved captions are obtained through
image-to-text retrieval using CLIP embeddings (Radford et al., 2021), and are sorted
according to their relevance, i.e., cosine similarity. From the sorted retrieved captions, we
retain the most similar captions as the retrieval list. In this regard, the top-k retrieved
candidates are the first k£ captions in the list, and the low-ranked captions are the last-k
captions in the list. SMALLCAP uses the top-k retrieved captions in the prompt by default.

Context order. When prompting the model to generate a caption for a given image,
we can change the order of the retrieved captions by permuting or reversing them. We
evaluate the effect of the order changes in two settings: one with a model trained using
the top-k retrieved captions (default), and another that is also trained with permuted or
reversed retrieved captions.?

Content relevance. To evaluate how robust the model is towards noise in the retrieved
captions, we are curious to see how the model performs when (1) captions are randomly
retrieved, i.e. likely to be irrelevant for the given image (2) only low-ranked retrieved
captions are available. Here the randomly retrieved captions are those retrieved with
another image. For low-ranked captions, we take the lowest-ranked k captions from the
retrieval list that consists of top seven relevant captions.

5.3.2 Experimental Setup

In the experiments, we set k = 4 as it has been demonstrated as the optimal number of
captions by Ramos et al. (2023¢). We evaluate SMALLCAP models with both OPT-350M
(Zhang et al., 2022b) and GPT-2 (Radford et al., 2019) as the decoder models. For the
image encoder, we use ResNet-50x64 (He et al., 2016) and CLIP-ViT-B/32 (Radford et al.,
2021) as the retrieval encoder. We keep the same model setting in the following sections
unless stated otherwise.

Data and metrics We first evaluate the robustness of SMALLCAP on COCO validation
set for in-domain evaluation. Then we evaluate on NoCaps (Agrawal et al.; 2019), which
contains In, Near and Out-of-domain data, and serves as a challenging dataset designed

2For the model trained with default order—top four captions, we use the pretrained check-
points from HuggingFace: https://huggingface.co/Yova/SmallCap7M, https://huggingface.co/Yova/
SmallCapOPT7M
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Retrieval Order LM Backbone
Train Eval GPT-2 OPT

default 116.4 120.3
default  permute  116.2 120.1
reverse 115.8 119.7

permute permute 117.2 120.4
reverse reverse 116.4 120.7

Table 5.1: CIDEr evaluation on the COCO validation set with GPT-2 and OPT variants
of SMALLCAP when manipulating the order of the top-k retrieved captions.

to assess the generalization capabilities of models trained on COCO. For both datasets
we use the validation set experimenting with different number of retrieved captions, i.e.
different k£ values. We report peformance using CIDEr score (Vedantam et al., 2015).

5.3.3 Order Robust but Content Sensitive

Order robust. From the results in Table 5.1 and Table 5.2, we observe that SMALLCAP
is indeed robust to the order of the retrieved texts. Permuting the order of the captions
during training and evaluation show 1 CIDEr point improvement for COCO (Lin et al.,
2014) and 2 — 3 CIDEr score increase for NoCaps (Agrawal et al., 2019). This indicates
that if multiple captions are used for augmentation, then permuting their order helps.

Content sensitive. Figure 5.2 shows that when using randomly retrieved captions
instead of the top-k most relevant captions, performance drops drastically compared to
the no-retrieval baseline.> This implies that SMALLCAP lacks resilience to noise in the
retrieved captions, and the irrelevant context has the potential to mislead the model,
resulting in inaccurate predictions. When prompting with low-ranked retrieved captions,
while performance slightly decreases, the retrieval-augmented model still outperforms the
one without retrieval.

5.4 Majority Tokens Explain Behavior

To better understand how each token of the retrieved content relates to the observed
sensitivity discussed in the previous section, we hypothesize that the model is driven

3Here the top and low ranked captions are obtained from a list of top-seven captions retrieved captions
ordered by their cosine similarity to the image embedding.
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Retrieval Order LM Backbone
GPT-2 OPT
Train Eval In Near Out In Near Out

default 80.1 79.4 69.6 91.0 844 76.3
default  permute 81.6 79.8 68.5 92.5 84.5 75.8
reverse  80.2 79.3 684 92.0 844 76.6

permute permute 81.5 79.7 69.8 94.2 84.0 79.4
reverse reverse 80.4 80.1 684 92.5 85.6 759

Table 5.2: Evaluation on NoCaps using CIDEr score with the GPT-2 and OPT variants of
SMALLCAP when manipulating the order of the top-k retrieved captions.

by the presence of majority tokens. In other words, when the model is prompted with
retrieved captions, we assume that the predicted tokens are influenced by the tokens that
appear in the majority of the retrieved captions. To test this assumption, we propose a
majority voting analysis, followed by input attribution, and an attention analysis of the
model behavior.

5.4.1 Majority Tokens

We first introduce the definition of majority tokens. Let R = [T},---,T,] represent a
retrieved caption R, which contains a sequence of n tokens. For a given image, we assume
that a total of K retrieved captions are used in the model prompt: R, R, ..., Rg. For

each token T; in the set of unique tokens from the retrieved captions, we define T; as a
magority token (denoted as Tyy) if T; appears in more than half of the retrieved captions?,
ie., Cp, > % where C7r, is the number of retrieved captions that contains token 7; as in

Equation 5.1:

K
CTi = Z ﬂ[Tz S Rk] (51)
1=1
For a generated caption Y = [y, ,y,] in the evaluation data, we can calculate the

majority-vote probability Pr,,cy as the probability of the majority token 7, appearing in
the generated caption.

4Note that we remove the stop words in the retrieved captions when determining the majority tokens.
The stop words are filtered from the top-100 most frequent tokens in the COCO dataset, where we
manually remove meaningful tokens such as “man”, “two” from the list. Please see the Appendix 5.8.1 for
the complete list.
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Figure 5.3: Input attribution for each generated token (y-axis). The brighter the color,
the more greater the attribution from the input token. We observe high attribution scores
to “umbrella”; “boy”, “cattle”, and “over”.

We expect that the higher the value of Pr,,cy, the more likely it is that the model is
generating captions based on the majority tokens.

5.4.2 Experimental Setup

We test our majority vote assumption with a controlled experiment. Specifically, we
analyze the predictions of the model in two settings, each provided with K = 3 retrieved
captions to ensure the presence of a majority token:

2 Good 1 Bad (2G1B): The retrieval set contains two relevant captions and one
irrelevant caption;

2 Bad 1 Good (2B1G): The retrieval set contains two irrelevant captions and one
relevant caption.

The assumption is that, if there is a majority voting behavior with respect to the
retrieved captions, the model will copy such majority tokens to the final output. The
distinction will be clear in this setting — in the setup 2B1G, if the model is robust to the
retrieved context, the model will focus more on the good caption instead of the majority
tokens in the two bad captions.

We use the COCO evaluation set and the pretrained checkpoint with the OPT decoder
of Ramos et al. (2023c) for this analysis. Good captions are obtained using the top-two
and top-one retrieved captions, respectively, for a given image. Bad captions are obtained
by retrieving one or two captions, respectively, from a randomly selected image.
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Results. We find that the probability of majority vote in the 2G1B setting is 86.47%.
This high probability suggests that the majority tokens in the good captions could be
being used to guide the model generation. In the 2B1G setting, the model is much less
likely to generate majority tokens from the bad captions, indicating some robustness in
not always following them. However, 20.84% of the time, the model can still be misled by
their appearance, resulting in the majority tokens being copied into the model output.

5.4.3 Input Attribution with Integrated Gradients

To better understand the role of majority tokens in model generation, we use integrated
gradients (Sundararajan et al., 2017) for input attribution analysis. This enables us to
examine the influence of each individual token in the retrieved captions on the model
prediction.

Attribution visualization. Figure 5.3 shows an example of an attribution visualization,
where the attribution score of each input token (x-axis) is computed at each generation
step (y-axis). Bright color cells correspond to high attribution to the input token. High
attribution scores to the same tokens seen in the retrieved captions may indicate copying.
Negative attribution scores are observed at contradicting tokens observed in the retrieved
captions to the current generation. Negative scores are observed at token “her” when model
is predicting the token “boy” and at token “small” when predicting “herd”. Additional
input attribution visualizations can be found in Appendix 5.8.2.

Quantitative analysis. We also quantitatively analyze the impact of majority tokens
by calculating pairwise attribution scores between tokens in retrieved captions and those
predicted by the model. Higher attribution values suggest greater sensitivity to the input
token (Ancona et al., 2018). Figure 5.4 shows the distribution of the pairwise attribution
scores for the 2B1G setup. It is clear that the model is sensitive to the majority tokens,
especially when the generated token exists in the retrieved captions. Such behavior
indicates weak robustness: we would not expect a robust model to be distracted by the
tokens from the two irrelevant retrieved sentences at inference time. To better visualize the
impact, we show distribution of original attribution values and the absolute values (Ancona
et al., 2018) across all evaluation samples.

5.4.4 Attention and Model Behavior

Finally, we visualize the self-attention and cross-attention to locate the heads and layers
in the SMALLCAP-OPT125M model that may contribute to the majority voting behaviour
when generating a caption. This is crucial because all interactions between captions
(self-attention) and images (cross-attention) take place in this stage.
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Figure 5.4: Pairwise average attribution score between retrieved and generated tokens in
the 2B1G setup. MT: majority tokens in the retrieved captions. OT: all other tokens.
The larger pairwise attribution values shows that the majority tokens have a larger impact
during generation than the other tokens in the retrieved captions.

Distribution of max attention occurrence. We partition the text input prompt
into five distinct segments: begin of the sentence token (<B0S>), prompt tokens before
retrieved k captions (prefiz), i.e. “Similar image shows”, the retrieved captions (retrieval)
capy, - - - capy, prompt tokens before generation (suffiz), i.e. “This image show”, and the
generation itself. For image patches, we segment them into two pieces — the CLS output
embedding, and the set of patch output embeddings.

Let S,, denote the sets of indices, where n = 1,2,...,5 for five segments. For the text
input, each segment S, contains the indices of the tokens in each segment. To track the
occurrence of max attention values in S, we define the indicator function 1[7,(7, j)] as

follows:

1 if argmax, Att(j,2); € Sy,

]l[ln(iaj)] = { ) (5'2)

0 otherwise
where arg max, Att(j, z); is the index of the input with the maximum attention score for
sample i.

For self-attention between the textual tokens, Att(j, z) represents the attention score
between the j* generated token and the 2" text context token, denoted as SAe.: (7, 2).
For cross-attention between the decoder and the image representations, we report both a
text-centric and an image-centric analysis. The text-centric analysis X Ase.¢(7, 2) measures
the attention between the j™ image patch and the 2! text token, to identify which
segments of the text have the highest cross-attention scores in relation to the image. In the
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Figure 5.5: Statistics of all maximum attention scores’ distribution across different layers
and heads from self and cross attention. X A denotes cross attention, while S A signifies
self-attention. img represents the distribution of maximum attention scores across image
patches, whereas text pertains to the distribution of maximum attention scores across text
tokens.

image-centric analysis X A, (4, 2), we measure the attention between the j* generated
token and the 2** image patch. We now redefine the S, notation to let S; represent the
CLS output embedding, and S5 represent the set of image patch embeddings, respectively.
This allows X A;,(j, 2) to identify if the CLS patch embedding receives the highest
cross-attention scores in relation to the generated tokens, or if it is the actual image patch
embeddings. For each analysis, S Atest(J, 2), X Arext (4, 2), and X Ay (7, 2), we calculate the
proportion of occurrences of the maximum score in S,, by averaging through all generated
tokens for a dataset.

Self-attention. We gather attention scores between the generated tokens and context
tokens, and categorize the distribution of the maximum scores into the five text segments
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(BOS, prefix, retrieval, suffix, and generation).

Figure 5.5(a) illustrates the changes in the distribution of maximum self-attention
scores in each layer of the decoder language model. Notably, at the initial layers, a majority
of attention heads exhibit heightened focus on retrieved captions or the current context
for generation. However, after the second layer, we observe an increased emphasis on
the beginning of sentence token (</s>). This behavior is consistent with prior research
on the attention mechanism of GPT-2 (Vig and Belinkov, 2019). Figures 5.9 and 5.11
show the behaviour for all self-attention heads in for the GPT and OPT model variants,
respectively.

Cross-attention. Similar to the self-attention behaviour, we categorize the occurrence
of the maximum cross-attention to the five text segments. As shown in Figure 5.5(b), in
most attention heads, the cross-attention attains its maximum value between the image
and the retrieved captions or between the image and the generated tokens. Figures 5.10a
and 5.12a show the text-centric analysis for all cross-attention heads for the GPT and
OPT backbones.

Finally, we inspect whether the model focuses on the CLS patch or actual image
patches. In Figure 5.5(c), we observe that the model only pays maximum attention to the
image patches in the final layers (the blue line). Figures 5.10b and 5.12b show the full
results for the image-centric analysis.

Overall, these observations show that the model attends to both modalities during
the caption generation process. However the lack of strong cross-attention to actual
image patches suggests that the model is misled by text prompts, even when irrelevant
information is absent in the provided image.

5.5 Improving Robustness to Retrieval via Sampling

In order to improve the robustness of the model to potentially noisy captions, we propose
to randomly sample the captions from a larger retrieval list for a given image, instead of
training with only the top-k retrieved captions. In this manner, the model can learn from
more diverse context that includes both top- and lower-ranked captions.

5.5.1 Experimental Setup

Inspired by Hoang et al. (2022), we experiment with two sampling methods during training
to improve retrieval robustness.
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Sample-k training. We sample k£ captions randomly from the top-N=T7 retrieved
captions during training®. Following Ramos et al. (2023c), we train SMALLCAP with the
OPT-350M decoder on the COCO captioning dataset (Chen et al., 2015) for 10 epochs on
a NVIDIA A100 40GB GPU with the default learning rate of le-4 and batch size of 64.
We experiment with & in the range of 1-4.

Controlled sample-k training (c-sample-k). Aiming to train the model that better
distinguishes irrelevant context, we design a controlled sampling process — selecting k — 1
randomly from the larger list while keeping the top relevant caption of the image during
training. We train the model with same hyperparameters and dataset as sample-k.

5.5.2 FEvaluation and Results

In addition to the COCO and NoCaps validation set, we evaluate the Out-domain perfor-
mance of the model using VizWiz caption dataset (Gurari et al., 2020) and report CIDEr
scores.

COCO Eval
Model top-k last-k random
top-k 115.1  112.2 73.2
sample-k 116.0 115.0 98.9

116.8  115.0 67.4
117.4 116.8 84.6

k
1
1
top-k 2
2
top-k 3 1183 1171 71.8
3
4
4
4

sample-k

sample-k 118.5 117.3 77.6

120.1  117.1 70.1
119.2 118.6 73.1

119.3 118.9 72.6

top-k
sample-k

c-sample-k

Table 5.3: CIDEr scores when training on the top-k, sample-k and c-sample-k captions.
Training by sampling the retrieved captions almost always outperforms SMALLCAP for
all k£ values. It also reduces the gap between using top-relevant and low-ranked retrieved
captions. Results are averaged over three seeds. Improved scores are in bold.

5We sample from the top-N=7 for alignment with the baseline; see the Appendix for an ablation on
varying N.
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a man posing with a surfboard on an elevator

a woman sitting on a bench next to a man in a hat

a greyhound dog lying on an unmade bed

a pink teddy bear and a brown teddy bear sitting on wooden rods

()

a person riding a horse on top of a beach
a person sitting on a bench on a beach

e atrain with the numbers 60016 is heading down the tracks

e ablack and white photo of two people holding hands in a city on a rainy day

e this youngster has a boogie board to ride the smaller waves

* awooden entertainment center containing a television set s
: L —

R aclose up of a fire hydrant on a sidewalk
a close up of a person on a sidewalk

Figure 5.6: Qualitative examples of generated captions when randomly retrieving four
captions for a given image using a model trained with either the Sample-k or the Top-k
method.

Sample-k training improves model robustness to random retrieved captions.
As shown in Table 5.3, incorporating sampled retrieved captions into training consistently
enhances performance across various k values. The improvement is particularly notable
when captions are randomly retrieved, suggesting the model is now better able to ignore
irrelevant context. If we compare across different values of k, sampling mitigates the
model’s sensitivity to the number of retrieved captions, outperforming top-k training. For
instance, it achieves comparable performance with a smaller k value than in the case of
top-k training. Furthermore, the gap between using the top-k vs. the last-k retrieved
captions is reduced with sample-k training: the maximum gap is reduced from 3.0 to 1.0
CIDEr points, indicating increased model robustness, even with lower-ranked retrieved
captions. Figure 5.6 and 5.14 show qualitative examples of the improved robustness to
randomly retrieved examples.

Sampling improves cross-domain evaluation. We also evaluate on VizWiz and
NoCaps to measure cross-domain performance (Table 5.4). This is a more realistic setting
where retrieved captions are out-of-domain and could be more noisy and less relevant.
The application of sampling improves across all values of k for Vizwiz. On the NoCaps
dataset, with the COCO datastore, sampling consistently improves near and out-domain
performance, suggesting increased robustness to noisy retrieval context. This is consistent
with the benefits of sampled training demonstrated in cross-domain machine translation
by Hoang et al. (2022). If we use a larger datastore that incorporates internet-derived
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VizWiz NoCaps NoCaps (+Web)
In Near Out In Near Out

31.3 8.0 743 623 84.1 80.7 815
32.3 87.0 75.7 63.6 87.8 81.2 77.5

top-k 33.7 85.0 743 623 90.5 86.2 89.5
sample-k 34.0 87.8 774 67.6 90.6 853 86.7

k
1
1
2
2
top-k 3 35.0 874 79.6 683 91.7 883 89.9
3
4
4
4

Model

top-k
sample-k

sample-k 354 88.7 80.3 69.4 92.6 88.0 90.0

35.9 8§74 796 683 942 894 91.2
35.7 89.7 80.9 71.1 94.8 89.5 93.1

36.0 90.1 81.3 71.5 94.5 90.0 93.3

top-k
sample-k

c-sample-k

Table 5.4: Training with sampled retrieval always outperforms top-k retrieval for all values
of k on the out-of-domain VizWiz and NoCaps datasets. The gains are smaller when using
a larger datastore (+Web) but it still improves out-domain performance when retrieving
more captions. Improved scores are in bold.

captions (+Web), this consistently improves in-domain performance. Retrieval constraints
are alleviated for near and out-domain samples with the larger datastore, where we see
smaller gains with sample-k. See qualitative examples in Figure 5.13 in Appendix 5.8.3.

Controlled sampling further improves cross-domain evaluation. Finally, on top
of our best performing sample-k model, controlled sample-k further improves performance
for both NoCaps and VizWiz. This suggests that incorporating both top-relevant and
low-ranked captions during training aids the model in distinguishing irrelevant context.

5.6 Discussion

Majority tokens are reliable hints during training. To better understand why
the model relies on majority tokens during generation, we calculate the probability
that majority tokens in the retrieved captions overlap with the ground truth captions
(T € GT), and with the predicted tokens (T, € Pred). Table 5.5 shows that in 88%-99%
of the training examples, the majority tokens in the retrieved captions are also present
in the ground truth captions. This suggests that the model can develop a bias towards
majority tokens due to the fact that they are so often present in the ground truth during
training. This analysis also clarifies the decrease in the model’s robustness as k increases
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k=2 3 4

Ty € GTygin 88.0 97.5 99.2
Ty € GTou 74.7 86.5 91.0
Ty € Pred 82.8 934 96.7

Ty € Pred (sample-k) 81.9 93.3 96.6

Table 5.5: Percentage of samples in the COCO train and validation set where the majority
token of the retrieved captions are present in the ground truth compared to the percentage
of their presence in prediction.

when randomly retrieving captions. This is because a higher k only adds noise without
providing useful majority tokens. The use of sampling during training exposes the model
to more diverse context, which leads to a slightly increased level of selectivity.

2500 Dataset
coco_top4
coco_randomé4

2000 vw_top4
nocaps_top4

€ 1500
>
o
O

1000

500

0

0 2 4 6 8 10 12
Number of majority tokens in retrieved captions

Figure 5.7: Distribution of number of majority tokens in the retrieved captions for the
COCO, VizWis, and NoCaps evaluation datasets. For the COCO dataset, we also show the
difference between retrieving the top-4 captions against four randomly selected captions.

In Figure 5.7, we show the variation in the distribution of majority tokens across various
evaluation datasets. When captions are randomly selected for the COCO evaluation data,
there are fewer majority tokens in the retrieved captions. This presents a challenge for
the model in making use of the retrieved captions, which accounts for the performance
decrease shown in Figure 5.1. For evaluation, with the same value of k, the fewer the
number of majority tokens in the retrieved captions, the harder it is for the model to
“copy” those tokens to the final output. In such scenarios, we obtain bigger improvements
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with the sample-k training.

5.7 Conclusion and Future Work

We studied the robustness of the state-of-the-art retrieval-augmented image captioning
model SMALLCAP and provide an through analysis and explanation of how retrieved
captions effect the final prediction. Our exploration shows that SMALLCAP is robust to the
order of the retrieved captions, but it is sensitive to retrieval noise, which has implications
for using retrieval-augmented models in new domains. With extensive input attribution
analysis, we show that such sensitivity is due to majority tokens in the retrieved captions.
We demonstrate a more retrieval robust model can be trained with sampling methods
during training. We expect that our analysis can inspire better retrieval-robust captioning
models in the field.

In the future, we will investigate whether the majority voting behaviour is exploited in
other retrieval-augmented captioning models. We hope to further explore if other techniques
such as token-dropping or prefix-tuning would further improve retrieval robustness.

Ethics Statement

We acknowledge the potential risks of hallucination and biases introduced by retrieval aug-
mentation in captioning models. Misleading tokens from the retrieved captions could cause
the model to generate captions describing nonexistent entities or objects in images (Liu
et al., 2024; Rohrbach et al., 2018). This could have adverse effects, such as propagating
systematic biases present in the datastore used for retrieval (Foulds et al., 2024).

Despite the exploration in our work, we acknowledge that no system is perfect, and
undesirable biases may still be present with our methods. We emphasize the need for
continued research into techniques for identifying and mitigating hallucination and bias
in retrieval-augmented models (Foulds et al., 2024; Deng et al., 2024). We also stress
the importance of responsible deployment, with human oversight and content moderation
pipelines.

As researchers, we have an ethical obligation to be transparent about the potential
risks and limitations of our work. We welcome further scrutiny and discussion around
these critical issues within the research community.

Limitations

We evaluate the robustness of a single retrieval-augmented image captioning model in
this study. Given variations in training process and model structures, the observed model
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behavior may be specific to our chosen model. Applying the same analysis to other models
would be useful for a deeper understanding regarding explainability and interpretation of
retrieval augmented image captioning models, which we leave for future work.

For all experiments in our study, we employ the same CLIP-ViT-B/32 backbone as the
image encoder. Investigating how model robustness varies with different visual encoders
would enhance the scope of our study.

While training with sampling improves model robustness, it is intuitive that introducing
more noise during training makes the task more challenging. In all our experiments, we
train the model for same number of epochs as SMALLCAP, therefore it is not clear if the
model would gain more robustness if trained longer. We are curious if there exists an
optimal balance between training time and the level of noise exposure for achieving model
robustness.
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5.8 Appendix

5.8.1 Majority Tokens

Stop words list In this section, we present the stop words that were filtered from the
COCO dataset in the experiments described in Section 5.4.2:

[‘out’, ‘some’; ‘of’, ‘is’, ‘while’, ‘are’; ‘with’, ‘down’, ‘has’, ‘over’, ‘the’, ‘next’, ‘up’,
‘near’, ‘several’, ‘other’, ‘at’, ‘top’, ‘from’, ’in’, ‘on’, ‘a’, ‘there’, ‘an’, ‘to’, ‘and’, ‘her’, ‘front’,
‘by’, “for’, ‘his’; ‘it’]
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5.8.2 More Visualization

Input Attribution with Integrated Gradients

In Figure 5.8, we show more attribution visualization for the experiment setup 2B1G in
Section 5.4 where high attribution scores are observed in the majority tokens and mislead
the model to generate incorrect captions.

Attention

In Figure 5.9, Figure 5.10, Figure 5.11 and Figure 5.12 , we depict the distributions of both
self-attention and cross-attention scores across various heads and layers for SMALLCAP
with GPT-2 and OPT decoder variants.

5.8.3 Qualitative examples

We show more qualitative examples in Figure 5.13 and Figure 5.14.

5.8.4 More results

Order robustness evaluation In Table 5.6 and Table 5.7, we provide both CIDEr and
BLEU4 scores for order robustness evaluation (Section 5.3).

Retrieval Order SmallCap LM
Training Evaluation GPT-2 OPT
default 116.4/36.1  120.3/37.1
default  permute 116.2/36.0  120.1/37.0
reverse 115.8/36.0  119.7/36.8
permute permute 117.2/36.4 120.4/37.2
reverse  reverse 116.4/36.1  120.7/37.0

Table 5.6: Results of manipulating the order of the top-k retrieved captions by either
randomly permuting or reversing the list. We report CIDEr/BLEU4 scores on the COCO
validation set using either a GPT-2 or OPT backbone in the SmallCap model.

Number of retrieved captions for sample-k training We experiment with different

size of the retrieval candidate list from which we randomly select captions for sample-k
training (Table 5.8).
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Model Retrieval Order In Near Out
GPT2 default 80.1/37.9  79.4/35.9  69.6/25.3
permute 81.5/38.8 79.7/36.6 69.8/26.2
reverse 80.4/38.4 80.1/36.3  68.4/25.1
OPT default 91.0/27.1  84.4/23.8  76.3/15.0
permute 94.2/28.6  84.0/25.0 79.4/15.8
reverse 92.5/28.4 85.6/25.3  75.9/14.2

Table 5.7: Complete results with both CIDEr/BLEU4 on the NoCaps dataset when
evaluated with different order of the top-four retrieved captions. The order applies to both
train and evaluation stage.

COCO
Size k VizWiz top-k last-k random
7 4 36.0 119.2  117.1 71.0
10 4 360 119.3 118.3 67.6
50 4 339 118.1 117.7 81.2

Table 5.8: CIDEr score when sampling from different size of retrieval candidates. We
see more improvements on random k evaluation while almost keeping the same level of
in-domain performance. With more noise involved during training, we would expect a
longer training time would yield more robust performance.

Percentage of tokens that are likely to be copied In Table 5.9 we show the
percentage of tokens that are likely to be copied from retrieved captions averaging through
all samples in the validation set. Majority tokens takes more than half of the copied
tokens.

Comparison with other methods Inspired by Yoran et al. (2023), we have considered
intentionally including less relevant captions by including one irrelevant caption, one
low-ranked caption, and top-2 relevant captions instead of using top-4 retrieved captions.
However, in our preliminary experiments, this strategy does not perform as well as the
sampling approach, likely due to the high noise level it introduced.
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k=1 2 3 4

Tr € Pred 49.1 63.3 69.8 75.7
Tgr € Pred (sample-k) 46.0 61.5 69.5 74.0
Ty € Pred - 331 45.7 545
Ty € Pred (sample-k) - 325 453 533

Table 5.9: Percentage of tokens in the predicted caption that are likely copied from
majority tokens in retrieved captions in the COCO validation set. Tx represent tokens in
retrieved captions. T, represent the majority tokens in retrieved captions.

COCO Evaluation NoCaps Evaluation
Method  top-k last-k random In Near Out

top-4 120.1 117.1 70.1 874 79.6  68.3
sample-4 119.2 118.6 73.1 89.7 809 T71.1
mixed-4 119.2 118.1 66.7 59.9 579 394

Table 5.10: CIDEr on COCO and NoCaps.
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Figure 5.9: Self attention distribution in SMALLCAP (GPT?2 variant)
attention scores from different layers and heads, showing the proportion
belonging to different parts.
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(a) Distribution of max attention scores of the interaction
between various parts of text prompt and image patches.
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(b) Distribution of max attention scores of the interaction
between two types of image patches (cls, others) and all
text tokens.

Figure 5.10: Cross attention distribution in SMALLCAP (GPT?2 variant). Statistics of max
cross-attention scores from different layers and heads, showing the proportion of attention
scores belonging to different parts of the multimodal input.
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Figure 5.11: Self attention distribution in SMALLCAP (OPT-125M variant). Statistics of
max attention scores from different layers and heads, showing the proportion of attention

scores belonging to different parts.
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(b) Distribution of max attention scores of the interaction
between two types of image patches (cls, others) and all
text tokens.

Figure 5.12: Cross attention distribution in SMALLCAP (OPT-125M variant). Statistics
of max cross-attention scores from different layers and heads, showing the proportion of
attention scores belonging to different parts of the multimodal input.
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* agarage door leading out to a fancy car .

a bunch of butterfly's sitting on a basket

* arefrigerator up against a wall of a + anindividual enjoying itself on a sunny day
building *  butterflies feast on the nectar of fruitin a
* apickup truck is parked in front of a glass bow!
garage * two males one has a pink flower in his
LR mouth

a white building that is
on the side of the road

a butterfly that is sitting in
the grass near some flowers

Sample-k

a black and white photo of a
building with a white door

Top-k
a field

a couple of flowers that are on

* aglass plate topped with
strawberries and cream

*  the strawberries are supposed
to make this dessert look less
fattening

a couple of white plates

topped with ice cream

a table topped with two

glasses of water and a

glass of water

Figure 5.13: Qualitative examples of generated captions on NoCaps out-domain samples
where the captions retrieved for the given image can be noisy and irrelevant. Here we

retrieve four captions for each image.

e
e

* astwo men browse the vegetables * world war ii vintage fighter plane .
from above a dog browses below parked in a museum .
« anolderlarge green and yellow trash +  one zebra eating in a zoo like
truck driving down a busy street environment and another zebra .

LI partially in view

m a laptop computer

sitting on top of a table

a white truck parked in

front of a building

Top-k a couple of dogs are sitting a truck parked in front of a Top,k
on a couch building
e, .
* amanin the air over a wave * adog watching the water flush down
with a surfboard atoilet
* atennis playerin ared dress *  two young boys standing and playing
taking a swing with wii motes
* aperson wearing a red biker * aemployee giving someone their
shirt stands next to his bike order at an eating establishment

m a cat is sitting on top of a chair m a man riding a snowboard down a

. snow covered slope
alarge black and white bear
sitting on a wooden table

an orange placed on a fir tree branch
a display of different styles of analog
clocks on a wall

a truck driving down a street
next to a sign

an orange and yellow fire
hydrant sitting on a street

a cat laying inside of a bathroom
sink

a group of three giraffe standing
next to each other near a wall
man sitting on seat with child and
multiple dogs nearby on floor

m a cat is standing on the

edge of a light

a person standing in the snow with a dog a black and white dog

standing on a toilet

Figure 5.14: More qualitative examples of generated captions when randomly retrieving

four captions for a given image.
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Chapter 6

Lost in Embeddings: Information
Loss in Vision-Lanugage Models

Abstract

Vision—language models (VLMs) often process visual inputs through a pretrained vision
encoder, followed by a projection into the language model’s embedding space via a connector
component. While crucial for modality fusion, the potential information loss induced by
this projection step and its direct impact on model capabilities remain understudied. We
propose two novel approaches to quantify such visual information loss in the projection
by analyzing the latent representation space. First, we evaluate semantic information
preservation by analyzing changes in k-nearest neighbor relationships between image
representations, before and after projection. Second, we directly measure information
loss by reconstructing visual embeddings from the projected representation, localizing
loss at an image patch level. Our experiments reveal that connectors fundamentally alter
visual semantic relationships—=k-nearest neighbors of the visual embeddings diverge by
40-60% post-projection, correlating highly with degradation in retrieval performance. The
patch-level embedding reconstruction provides interpretable insights for model behavior
on visual question-answering tasks, finding that areas of high information loss reliably
predict instances where models struggle.

6.1 Introduction

Vision—language models (VLMs) have the unique capability of integrating image and
language processing. Many of these models employ small modules, known as connectors,
to bridge the gap between the visual and textual embedding spaces. Tipically, connectors
project visual representations into embedding sequences that language models can process
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Figure 6.1: Visualization of patch-wise information loss in the embeddings explains the
incorrect predicted answer in VizWiz Grounding VQA. For the question “What is the fifth
number?”, LLaVA incorrectly predicted “18”. Figure 6.1b display the difference between
the L? norm of the original and the reconstructed patch embeddings. Blue regions indicate
where original embeddings have larger norms than predicted embeddings, while red regions
show where predicted embeddings have larger norms. The top 10 high-loss patches are
marked by yellow squares. Figure 6.1c shows high loss occurring in several answer-relevant
patches contribute to the incorrect prediction.

(Chen et al., 2024a; Liu et al., 2023a; Deitke et al., 2024; Laurencgon et al., 2024; Chen et al.,
2024b; Zhang et al., 2025; Sun et al., 2024). Common connector architectures include linear
layers (Liu et al., 2023a), multi-layer perceptrons (MLPs), or attention-based approaches
(Jaegle et al., 2021; Laurengon et al., 2024). While connectors efficiently project rich visual
features into embedding spaces compatible with language modules, enabling cross-modal
integration (Li and Tang, 2024), this process typically involves dimensionality reduction
that may compress important visual information. This raises fundamental questions about
the nature and extent of potential information loss during projection and whether such
loss degrades downstream task performance.

The information loss involved with the connector module may have a detrimental effect
on the downstream performance, yet few studies have systematically analyzed it. In fact,
most previous work (Lin et al., 2024; Laurencon et al., 2024) has focused on assessing
the task-level effect of different connector choices, without actually measuring the loss of
visual information linked to the different connector types. Part of the challenge lies in
identifying a metric to asses the visual information contained in the embeddings before
and after the projection.

To address this gap, we present an evaluation framework that quantifies information
loss in VLM connector modules from two complementary perspectives: a global geometric
analysis of how projection alters the morphology of the embedding space, and a localized
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assessment of patch-level information preservation. We first measure geometric information
loss through careful examination of the structure of latent visual representations. By intro-
ducing k-nearest neighbors overlap ratio, we can measure how much the neighborhoods
of image embeddings change before and after the projection in the latent representation
space, thereby estimating how well geometric and semantic relationships are preserved.
Second, to measure localized information loss, we train a model to reconstruct the original
visual embeddings from the projected embeddings. This patch-level visual embedding
reconstruction allows us to pinpoint the high-loss regions in the image—areas where
visual features are hard to recover after projection (Figure 6.1). This two-step approach
provides both quantitative metrics and interpretable visualizations, offering insights into
the nature of information transformation during vision-text integration.

6.2 VLMs and Connectors

Integrating visual and textual inputs is fundamental for VLMs to process multimodal
information effectively. Existing VLMs typically employ two main approaches (Li and
Tang, 2024): models like LLama3.2 (gra, 2024) and BLIP (Li et al., 2023b) leverage
cross-modal attention mechanisms, while others such as LLaVA (Liu et al., 2023a) and
Qwen-2.5-VL (Bai et al., 2025) adopt connectors to project visual representations into
latent vectors compatible with large language models (LLMs).

Lin et al. (2024) categorize connectors into two types: feature-preserving and feature-
compressing connectors. Feature-preserving connectors preserve the number of patch
embeddings, such as the two-layer MLP connector in LLaVA. In contrast, feature com-
pressing connectors project image patch embeddings to a shorter sequence, including the
perceiver sampler in Idefics2 (Laurencon et al., 2024) and the patch merger in Qwen-
2.5-VL (Bai et al., 2025). In this paper, we estimate information loss in both types of
connectors.

6.2.1 Formalizing Encoders and Connectors

We now define connector-based vision-language models using dependent types. First, we
consider the textual input. Let ¥ be an alphabet of symbols. A string encoder, ¢,
is a function with a dependent type, mapping a string ¢ to a sequence of real-valued
embedding vectors. Formally,

¢: 2N — (RP)YY, (6.1)

where N € N is a parameter in the dependent type that denotes the length of the input
string, and D is the dimensionality of the embedding vectors. This represents a family of

functions, one for each N, mapping sequences of N symbols to sequences of N vectors in
RP.

90



Chapter 6 — Lost in Embeddings: Information Loss in Vision-Lanugage Models

We now turn to the visual input. Let A be a set of image patches. Each patch
§ € RTWXC ig a 3-dimensional array where H and W represent the height and width
dimensions, and C' is the number of color channels per pixel. A two-dimensional image
of patch dimensions M; x M, can thus be represented as an element of AM*M2 Where
AMXMz denotes the set of all possible M; x M, grids of patches. The vision encoder is
formalized as a dependent type:

w: AM1><M2 N (RD/)MIXM2, (62)

where M, and M, are parameters in the dependent type, representing the grid dimensions
of the image patches, and D’ is the visual embedding dimension. This maps a grid of
image patches to a grid of embedding vectors.

A connector module transforms the vision encoder’s output to match the dimensional-
ity of the text encoder—projecting visual embeddings of dimension D’ to text-compatible
dimension D. We define the connector as a function of type:

CONN: (RP")M<Me _y (RPYMe (6.3)

where we typically have Ms < M;M,. We also use C as shorthand for CONN.
For combining the output of the string encoder and the vision encoder, we define a
flattener that combines visual and textual embeddings into a unified sequence:

FLAT: (RP)Me x (RPN — (RP)MctN (6.4)

This creates a sequence of length Mo + N by concatenating the flattened grid of visual
embeddings with the sequence of text embeddings.

The complete vision—language models we consider can then be expressed as the a
composition of these functions:

VLM(z,0) = LM(FLAT(CONN(¢)(x)), ¢(0))) (6.5)

where z € AM>Mz j5 an input image, o € ¥ is an input text sequence, and LM is an
auto-regressive language model that predicts probability of next tokens.

We focus on quantifying the information loss at the connector module defined in
Equation 6.3. Formally, the information loss over the connector is a function pu :
(¥(x), CONN(¥(z))) — Rso. We explore how such measure correlate and explain model
performance.

6.3 Quantifying Information Loss

We propose two methods for quantifying information loss over the projection step described
above. The first method quantifies structural preservation of semantic embeddings by
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(a) Before projection (b) After projection

Figure 6.2: The k-nearest neighbors overlap ratio measures the overlap of an image’s
neighbors before and after projection. In this example, with k = 3, the overlap ratio is
0.67 because two out of the three nearest neighbors are identical in both representation
spaces.

measuring the overlap between each image representation’s k-Nearest Neighbors (k-NN,
Fix and Hodges (1951)) before and after projection. Figure 6.2 gives an example where the
nearest neighbors overlap but differ in ranking. The second method evaluates patch-level
representation (Figure 6.1) distortion by training an ad hoc neural network to reconstruct
the original image embedding from its projected representation, detailed in Section 6.3.2.

6.3.1 k-Nearest Neighbors Overlap Ratio

To quantify geometric information loss during projection in visual representation spaces,
we propose the k-nearest neighbors overlap ratio (KNOR), a measure grounded
in the preservation of the k-NN relationship between embedded images before and after
projection through the connector. Let I be a finite set of images, ¢ a vision encoder,
and CONN (C for short) a connector as described in §6.2.1. We use I, = {¢(z)}es to
indicate the family of embedded images, and I, = {CONN(¢(x))}.es for the projection of
the embedded images. The k-NN overlap ratio for an image x is defined as

N, (¥(2), k) NN (c(d (@), k)|
k

Where N, (¢(x), k) is the set of k-nearest neighbors of ¢(2) among the pre-projected
embeddings, and N (c(¢(z)), k) is the set of k-nearest neighbors of ¢(¢(z)) among the
projected embeddings. The average overlap ratio is given by

R(k) I%I S Rz, k) (6.7)

zel

Rz, k)= (6.6)
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The average overlap ratio measures how well the local geometric structure is preserved
after projection. Lower overlap ratio corresponds to more geometric information loss due
to projection, while higher overlap suggests faithful retention.

6.3.2 Embedding Reconstruction

While KNOR quantifies the loss of geometric relationships between image embeddings,
it cannot detect loss of patch-level visual features. To address this, we further quantify
and localize patch-level information loss by attempting to reconstruct the original vision
embeddings from their projected representations.

Specifically, given a connector CONN defined in Equation 6.3 and set of images I C
AMXM: e train a reconstruction model fy : (RP)Mo — (RP)MXM:z 6 minimize
reconstruction loss. For each patch index (i, 7) € My x Ms, we define the per-patch loss as

Loaen (7,7, 7) = [[e(x) .5y — fo(c((2))) i) ll3 (6.8)

which measures the squared Euclidean distance between the original vision embedding
and its reconstruction for each patch. The total reconstruction loss is therefore the sum of
the patch-wise losses across all patches and images:

'Crecon(]) dZCf Z Z *Cpatch(xy Z.a ]) (69)
zel (i)
M1 ><M2
This patch-wise reconstruction enables us to identify and visualize the spatial distribu-
tion of information loss across the image.

6.4 Experimental Setup

We quantify information loss using both methods across three open-weights connector-
based vision-language models on six datasets spanning question answering, captioning, and
retrieval tasks. We assume that greater structural and semantic information loss during
projection through the connector leads to reduced neighborhood overlap, while greater
patch-wise information loss results in higher reconstruction error.

6.4.1 Pretrained VLMs

We consider three VLMs including LLaVA (Liu et al., 2023a), Idefics2 (Laurengon et al.,
2024), and Qwen-2.5-VL (Bai et al., 2025). LLaVA uses a two-layer MLP as the connector,
preserving total number of patches for each image. In contrast, Idefics2 uses an attention-
based perceiver resampler (Jaegle et al., 2021) that projects image embeddings to a
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fixed-length sequence of embeddings. Qwen-2.5-VL uses a MLP-based patch merger which
merges every four neighboring patch representations into one. We use the 7B-instruct
model variants for LLaVA and Qwen-2.5-VL, and the Idefics2-8B-instruct model.

6.4.2 FEvaluation Datasets

We evaluate on six diverse datasets, each of which probes different aspects of visual
understanding.
SEED-Bench (Li et al., 2024b) provides categorized multiple-choice questions spanning
cognitive tasks from basic scene understanding to complex visual reasoning.
VizWiz Grounding VQA (Chen et al., 2022) includes real-world visual assistance
scenarios with grounding-based question answering.
VQAv2 (Goyal et al., 2017) covers open-ended questions that test general visual com-
prehension.
CUB-200-2011 (Wah et al., 2011) is a commonly used dataset for fine-grained image
retrieval that covers 200 species of birds.
Flickr30k (Young et al., 2014) and COCO Karpathy test set (Karpathy and Fei-Fei,
2017) are used for image captioning evaluation.
Together, these datasets offer complementary perspectives on how different types of visual
information are preserved during projection and how information loss impacts various
downstream tasks.

6.4.3 Embedding Reconstruction Models

We build models to reconstruct image patch embeddings from connector outputs. These
reconstruction models are intentionally designed with larger capacity than the original
connectors, including expanded hidden dimensions and additional hidden layers. This
controlled setup ensures our models are trained to recover the original visual representations
without creating new bottlenecks in the reconstruction process.

Architecture We tailor our reconstruction models to each VLM’s connector architecture.
For LLaVA, which preserves the number of image patches during projection, we use a
simple three-layer MLP with a 2048-dimension hidden layer. For Idefics2 and Qwen-2.5-VL,
which compress sequence length from M; x Ms to M, we implement transformer-based
models to handle the differences in sequence length. The reconstruction model projects
connector outputs to hidden embeddings with positional encodings before processing them
through a 16-layer, 16-head transformer encoder with 2048-dimensional vectors. Table 6.1
summarizes the parameters of the reconstruction models and their input and output
dimensions. Please see Appendix 6.9.3 for ablation analysis on the reconstruction model
structure.
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Model MMy x D' Mc x D |conn| | fol
LLaVA 576 x 1024 576 x 4096 21M 27TM
Idefics2 576 x 1152 64 x 4096  743M 844M

Qwen-2.5-VL 576 x 1280 144 x 3584 45M  843M

Table 6.1: Model parameters and embedding dimensions. |CONN| denotes number of
parameters in the connector and | fy| represents number of parameters of the reconstruction

model. Pre- and post-projection embedding dimensions are listed as MMy x D’ and
MC x D.

Training We train each of the embedding reconstruction models on the COCO 2017
train set (Lin et al., 2014) for 30 epochs with early stopping. We apply a learning rate
of le—4, dropout of 0.1, and a total batch size of 128. For training stability, we apply
normalization to both pre- and post-projection embeddings using mean and standard
deviation of the dataset.

6.5 Neighbor Rankings and Semantic Information are
Not Preserved

We calculate KNOR (Section 6.3.1) for images in the SeedBench validation set, a sub-
set of the VQAvV2 validation set with 10,000 images, and the validation set of Vizwiz
grounding VQA dataset. It is intuitive that higher neighborhood overlap ratios suggest
that the projection better preserves the relationships between image embeddings. As the
neighborhood rankings directly impact image retrieval tasks, we also evaluate retrieval
performance on the CUB dataset using both pre- and post-connector visual embeddings.

6.5.1 Low Overlap Ratio for All Models

In Figure 6.3, we show the neighborhood overlap ratio across £ = 10, 50, and 100 nearest
neighbors, averaging through all unique images in the evaluation datasets.! We can observe
that the neighborhood overlap ratios are around 50% for LLaVA and Idefics-2, with LLaVA
achieving 61.6% overlap as the maximum when considering 100 nearest neighbors, whereas
Qwen-2.5-VL lost almost 90% of the neighborhood ranking information. This suggests
a significant reordering of nearest neighbors post-projection across all models. However,
even LLaVA shows notable neighbor reshuffling, especially at smaller neighborhood sizes
(k=10).

Visual embeddings pre- and post-connector projection have a 1-1 mapping to the input image, and
these visual embeddings are not impacted by the language model prompts.
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Figure 6.3: Neighborhood overlap ratios across three datasets: SeedBench validation,
a 10,000-sample subset of VQAv2 validation, and Vizwiz grounding VQA validation.
Analysis using 10, 50, and 100 nearest neighbors shows overlap ratios below 0.62 for
all models, suggesting connectors poorly preserve geometric relationships and neighbor
rankings for the visual representations.

In Figure 6.4, we visualize the nearest neighbors of a given query image, revealing
significant neighbor reordering across all models. However, for Qwen-2.5-VL, the neighbors
obtained with post-projection embeddings are more semantically similar to the query
image. We suspect that this phenomenon could stem from its continuous training of
the image encoder in the pretraining stage and the patch merging, which yields more
semantically meaningful post-projection embeddings. Other VLMs such as LLaVA use
a frozen vision encoder, where the connector is updated to inherit features from the
pretrained encoder. However, in Qwen-2.5-VL, continued pretraining with an unfrozen
vision encoder produces fundamentally different learned visual embeddings. This indicates
that the pre- and post-projection visual representations are not equivalent, but may not
necessarily lead to worse semantic representations of the image.

6.5.2 Image Retrieval Evaluation

To verify if structural information loss correlates with a degradation in the semantic
representation of images, we evaluate on the CUB-200-2011 image retrieval test set (Wah
et al., 2011). We perform zero-shot image retrieval with pre- and post-connector embeddings
for each query image, excluding the query image itself from the gallery. The pre-and post-
projection embeddings are indexed with FAISS (Douze et al., 2024), and we experiment
with retrieving similar images based on both the L? distance and the inner product
similarity (Table 6.8 in Appendix) of the image representations.
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After Projection

(a) Five nearest neighbors of LLaVA image embeddings

Before Projection

After Projection A

(c) Five nearest neighbors of Qwen-2.5-VL image embed-
dings

Figure 6.4: Comparison of five nearest neighbors searched with pre-projection (top) and
post-projection (bottom) embeddings using different models. The first image in each row
is the query image, followed by its nearest neighbors. For Qwen-2.5-VL, despite a low
neighborhood overlap ratio, post-projection embeddings retrieve more semantically similar
images.

We report the recall scores at rank 1 (R@1) and rank 5 (R@5) in Table 6.2. Consistent
with our observations from the neighborhood overlap visualization (Figure 6.4), we observe
semantic degradation of 41.4% and 18.8% of R@5 for LLaVA and Idefics model, respectively.
In contrast, for the Qwen-2.5-VL model, the improved image retrieval performance with
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Model Emb Recall Correlation
R@1 R@5 R@l R@5
Pre 834 21.82 0.05 0.08

LLaVA Post  6.16 17.22 0.11 0.11
Hofies Pre 13.10 30.81 0.19 023

Post 10.87 2528 0.22 0.28
Qwen-2.5-VL Pre 423 1174 010 0.13

Post 10.65 26.44 0.16 0.21

Table 6.2: Zero-shot retrieval performance on CUB test set using L? for similarity measure.
R@#k denotes Recall at rank k. We calculate the Spearman correlation scores with R@k
and the average overlap ratio considering 100 nearest neighbors. p values are smaller than
le—>5 for all correlation scores.

post-projection embeddings suggests that the low overlap ratio stems from the substantial
differences between the two sets of visual embeddings, with the post-projection embeddings
capturing more semantic features. We also observe positive correlation between the k-NN
overlap ratio and the retrieval R@Q1 and RQ5 scores for all models. The correlation is
more significant especially when using post-projection embeddings. This suggests that our
proposed k-NN measure correlates with performance on tasks requiring fine-grained visual
discrimination.

6.6 Reconstruction and Model Behavior

Beyond KNOR reflecting semantic and geometric losses, we examine patch-level informa-
tion loss by reconstructing visual representations ¢(x) from their projections CONN(¢)(z))
(Equation 6.8). Higher reconstruction loss indicates greater information loss. This patch-
level loss measure enables precise localization of visual feature degradation.

6.6.1 Reconstruction Loss Impacts Captioning

Our embedding reconstruction evaluation follows two steps: 1) we train a reconstruction
model for each VLM using paired pre- and post-projection embeddings from images in
the COCO 2017 train set (as described in Section 6.4.3); 2) we apply these reconstruction
models to predict the original image representations from their projected counterparts.

2We notice Qwen-2.5-VL is particularly sensitive to the task prompt; here we use the prompt suggested
in the original paper (Bai et al., 2025).
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Figure 6.5: Correlation between reconstruction loss and question-answering accuracy on
the VizWiz grounding VQA task. For LLaVA and Idefics2, all correlations have a p-value
< be—>b, indicating statistically significant relationships, whereas no clear correlation is
observed for Qwen-2.5-VL. The reconstruction loss occurs in both answer-relevant and
irrelevant patches. Loss in relevant patches negatively affects performance of LLaVA and
Idefics2. “Norm” represents differences between the L? norm of the embeddings.

For image captioning, we measure the reconstruction loss for images in the Flickr30k
validation set and COCO Karpathy test split. We use CIDEr score (Vedantam et al.,
2015) to evaluate the quality of the generated captions. Table 6.3 summarizes the overall
average reconstruction loss of the three models on the captioning test datasets. For both
datasets, we observe lower average reconstruction loss yields better captioning performance.
We also investigate how reconstruction loss impacts captioning for each individual image
by calculating the correlation between per-sample CIDEr score and reconstruction loss
per-image. In Table 6.4, the spearman correlation indicates higher reconstruction loss for
a given image corresponds to worse captioning for Idefics and LLaVA, indicating by the
negative correlation with p values smaller than le—5. Please see more visualization in
Figure 6.11. For Qwen-VL, we did not observe obvious correlation for individual images.
The large gap of CIDEr scores between the highest and lowest reconstruction loss samples
for LLaVA and Idefics2 suggests substantial impact on downstream tasks.

6.6.2 Loss at Patch-level Visual Features Explains Question
Answering Behaviors

To further distinguish whether the reconstruction loss stems from selective feature preser-
vation or actual information loss, we visualize the patch-level loss for images in the VizWiz
grounding VQA validation dataset. This dataset is particularly suitable for our analy-
sis as it provides answer grounding—binary masks indicating image regions relevant to
each question. By examining the relationship between the reconstruction loss for the
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Model COCO Flickr30k
Reconstruction loss (avg / std)

LLaVA 0.087 / 0.016 0.097 / 0.019
Idefics2 0.796 / 0.082 0.854 / 0.074

Qwen-2.5-VL  1.069 / 0.117 1.069 / 0.115
Overall CIDEr Scores

LLaVA 81.28 56.79
Idefics2 53.64 39.22
Qwen-2.5-VL 13.04 12.85

Table 6.3: Reconstruction loss on COCO and Flickr30k test sets. Top: reconstruction loss
averaged over all samples, where LLaVA achieves lowest reconstruction error. Bottom:
CIDEr scores of zero-shot captioning.?For both datasets, we observe better overall cap-
tioning performance with lower average reconstruction loss.

answer-relevant image patches and question-answering accuracy, we can assess whether
the projection preserves task-relevant visual information.

We report the Spearman correlation between the reconstruction loss and the question
answering accuracy in Figure 6.5. For LLaVA, we observe a negative correlation between
prediction accuracy and reconstruction loss in answer-relevant patches, while a positive
correlation is found in irrelevant patches. This indicates that information loss in answer-
relevant patches negatively impacts model performance, whereas loss in irrelevant patches
has a less significant effect. For Idefics2, we can see that information loss in any patches
would hurt question answering accuracy. We do not observe significant correlation for
Qwen-2.5-VL, which is consistent with our findings in the captioning tasks.

As shown in Figure 6.1, identifying distorted features allows us to pinpoint visual
information that becomes inaccessible or less reliable for the language model. For instance,
reconstruction loss in the patches of the fifth number “8” rank among the top ten of all
image patches, suggesting that the model may have struggled to answer the question
due to lost details necessary for identifying the number. This analysis introduces a new
visualization approach to examine VLM limitations, particularly in scenarios requiring
reasoning or recognizing fine-grained viusal features. Please see more visualization examples
in Appendix 6.9.5.

6.7 Related Work

A series of analyses has been conducted to investigate the modality gap and representation
limitations of contrastive-based VLMs (Schrodi et al., 2024; Liang et al., 2022; Tong et al.,
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Model COCO Flickr30k
CIDEr Scores for High Loss / Low Loss samples
LLaVA 73.98 / 86.96 51.79 / 61.74
Idefics2 40.84 / 66.13 29.24 / 53.22
Qwen-2.5-VL 12.45 / 13.56 13.15 / 12.35
Spearman Correlation (p / p)

LLaVA —0.077 / 0.000 —0.096 / 0.000
Idefics2 —0.214 / 0.000 —0.226 / 0.000
Qwen-2.5-VL  0.001 / 0.975 0.027 / 0.403

Table 6.4: Top: The comparison of CIDEr scores for top 25% highest and 25% lowest
reconstruction loss samples, reported as “High Loss / Low Loss” Bottom: Spearman
correlations (p) of per-sample reconstruction loss and captioning CIDEr scores.

2024). These studies reveal that the representational shortcomings in CLIP embeddings
subsequently impact the visual perception capabilities of VLMs relying on such vision
encoders. For connector-based VLMs, Zhang et al. (2024) demonstrates that the latent
space sufficiently retains the information necessary for classification through probing across
different layers, and Lin et al. (2024) demonstrates the impact of different connectors on
VLMs’ downstream performance. However, there remains a significant gap in understanding
whether fine-grained visual information, crucial for tasks such as visual grounding (Krishna
et al.) and question answering (Chen et al., 2022), is lost in the process. In this paper, we
focus on the connector-based models to understand the information transformation. To
the best of our knowledge, our paper is the first to directly quantify information loss of
the connectors from the representation perspective, offering deeper insights into where
and what specific information is lost from the visual features.

6.8 Conclusion and Future Work

Our study systematically evaluates information loss during visual-to-language projection
in VLM connectors through two key metrics: neighborhood overlap ratios and embed-
ding reconstruction. Our quantitative framework captures two critical aspects of the
information loss 1) significant structural shifts in global semantic relationships shown by
40-60% divergence in nearest-neighbor rankings, and 2) patch-level reconstruction loss
that correlates with degraded performance in captioning and fine-grained visual QA tasks.
Our patch-level reconstruction also enables visualization of local information loss, offering
interpretable explanations for model behaviors.
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Our findings suggest two key properties of an effective connector: 1) preserving or
improving semantic representation of images, and 2) preserving visual information most
relevant to the text context. These findings could guide further improvements in VLM
connectors. For example, the reconstruction loss at the embedding level could potentially
be incorporated during model pretraining as regularization. Future work could also explore
designing dynamic projection layers or better visual feature selection mechanisms for
modality fusion.

Ethics Statement

We foresee no ethical concerns with our research project. In particular, ours is merely
a scientific study of VLMs and provides no artifacts that can be used in a real-world
scenario.

Limitations

In this study, we evaluate the information loss introduced by connectors in VLMs. However,
several limitations should be noted. First, due to variations in model architectures and
pretraining strategies, our findings may be specific to the connector-based VLMs analyzed
and may not generalize to architectures that employ cross-attention for modality fusion.
Second, our experiments focus on connectors in VLMs within the 7B-8B parameter range.
Expanding the analysis to models of different sizes could provide deeper insights into the
relationship between model scale and information loss. Third, our pixel-level reconstruction
experiments (Appendix 6.9.6) yielded inconclusive results in quantifying information loss,
possibly due to limitations in our chosen image generation model and training dataset
size. Additionally, while we empirically validate our k-NN overlap ratio and embedding
reconstruction metrics, a formal theoretical characterization would further strengthen their
reliability. Finally, our reconstruction experiments cannot conclusively determine whether
the observed information loss stems from the connector layer itself or from potential
learning limitations of the trained reconstruction network.

6.9 Appendix

6.9.1 Connectors in Autoregressive Vision-Language Models

Idefics2 Idefics2 leverages a perceiver resampler (Jaegle et al., 2021) as the connector.
The perceiver resampler forms an attention bottleneck that encourages the latent represen-
tations to attend to the most relevant inputs in a high-dimensional input array through
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iterative cross-attention layers. In other words, the cross-attention module projects the
high-dimensional inputs into a fixed-dimensional learned representation. Please refer to
Laurengon et al. (2024) for more details.

LLaVA LLaVA (Liu et al., 2023a) uses a two layer MLP to project the image embeddings
to the language model’s embeddings space. The MLP projector preserves the image feature
length — number of patches extracted by the image encoder.

Qwen-2.5-VL Qwen-2.5-VL (Bai et al., 2025) uses a patch merger (two-layer MLP) to
reduces the length of the input image features. The image representations of the neighboring
four patches in the image are first merged, and then passed through a two-layer MLP to
project the image representation to the LM embedding dimension.

6.9.2 Procrustes analysis

We also attempt to find the optimal geometrical transformation from the post-projection
embedding space to the pre-projection one through Procrustes analysis (Gower, 1975) — a
method often used for supervised alignment of embeddings (Artetxe et al., 2018). The
alignment error reflects the degree of structural similarity of the two embedding spaces.

We use mean-pooled image embeddings from LLaVA, Idefics2, and Qwen-2.5-VL.
As the pre- and post-projection embeddings have different embedding dimensions and
sequence lengths, our analysis follows three steps to complete the embedding alignment.
We first take the mean-pooled image representation by averaging over the sequence length,
producing fixed-size vectors of size D’ and D. We then use PCA (Hotelling, 1933) on the
mean-pooled post-projection embeddings to project them to the same dimension of the
mean-pooled pre-projection embeddings.

Orthogonal transformation matrix R was derived through singular value decomposition
of the cross-covariance matrix X ' T', where X € R”’ represents mean-pooled pre-projection
embeddings and T € R?" the PCA-transformed post-projection embeddings. Then the
orthogonal transformation matrix is learned to best align these two sets of embeddings by
minimizing the Euclidean distance. The reconstruction error are reported in Table 6.5.
Figure 6.6 visualizes the alignment of LLaVA embeddings through procrustes analysis.

Our analysis reveals fundamental limitations in linear alignment of the image embed-
dings. The high alignment errors of 16.62 for LLaVA and 4.41 for Qwen-2.5-VL indicate
the inherent difficulty of preserving geometric relationships through rigid transformations.
While serving as a critical baseline for structural fidelity assessment, this constrained
linear approach explains why our proposed non-linear embedding reconstruction approach
achieves significantly lower errors.

In Figure 6.6, we visualize the alignment for LLaVA pre- and post-projection embed-
dings, as well as the embeddings learned through the linear transformation learned. From
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Model Mean Std Min Max
LLaVA 16.62 3.16 &.76 23.65
Idefics2 493 0.08 4.78 5.70

Qwen-2.5-VL 441 0.09 424 5.05

Table 6.5: Procrustes analysis results. We report the alignment error on SeedBench image
representations before and after connector projection.

the visualization we can observe that the linear transformation is not able to align the pre-
and post-projection embeddings well.

© Original
Transformed
A Target

Figure 6.6: Alignment visualization for LLaVA pre- and post-projection embeddings
through PCA.

6.9.3 Ablation Studies

Ablation on Reconstruction Model Size and Structure We train three recon-
struction models of different sizes for LLaVA: a 27M three-layer MLP, a 39M five-layer
MLP, and a 40M Transformer. In Table 6.6, we observe that the 27M model is sufficient
for reconstructing LLaVA visual embeddings, and a larger model does not yield better
validation loss.
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Model Size  VizWiz SeedBench FoodieQA
MLP e UGR gon oo
MLP M OGO o oo
Tustorer 4M GG G5 oou

Table 6.6: Reconstruction loss with different architectures across VizWiz, SeedBench, and
FoodieQA datasets. Reported values include average loss (Avg) and standard deviation

(Std).

Ablation on Index Method for £-NN Overlap Ratio We evaluated k-NN overlap
ratio using three different embedding types as search indices: original embeddings, mean-
pooled image embeddings, and normalized embeddings (Table 6.7). Since the performance
differences were minimal, we selected mean-pooled embeddings for both pre- and post-
projection image representations in calculating k-NN overlap ratios.

Index Type

Overlap Ratio

IndexFlatL2 IndexFlatL2 IndexFlatIP

(mean pooling) (normalized vectors)

mean std mean std mean std
top100 0.466 0.122 0.563 0.107 0.504 0.129
top50 0.488 0.128 0.556  0.120  0.425 0.142
topl0 0.490 0.149 0.551 0.160 0.377 0.161
Vector Size
Before projection 576x1024 1x1024 576x1024
After projection 5764096 1x4096 576x4096
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Table 6.7: Ablation on KNN results when using original embeddings, mean pooled image
embeddings, and normalized embeddings. We chose to use the mean-pooled embeddings
for efficiency due to large embeddings size.
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6.9.4 Additional Evaluation Results

CUB image retrieval performance In Table 6.8, we show the complete image retrieval
performance on CUB test set using L? and inner product for similarity measure. The
performance are consistent regardless of the index method used.

Reconstruction loss on VQA datasets For visual question answering tasks, we
measure the reconstruction loss for images in the validation set of VizWiz grounding VQA,
Seed-Bench, and FoodieQA. Table 6.9 presents overall reconstruction loss. Among all
tested models, LLaVA’s projected embeddings maintain the highest reconstruction fidelity.
The overall reconstruction loss reflects the overall difficulty of recovering information
encoded in the visual representations.

Model L2 IP
R@1 R@5 R@1 R@5

Pre-projection

LLaVA 8.34 21.82 9.46 24.78
Idefics2 13.10 30.81 13.38 30.98
Qwen-2.5-VL 4.23 11.74 6.83 24.23

Post-projection

LLaVA 6.16 L 1722 554 | 20.49 |
Idefics2 10.87 | 2528 | 10.99 ] 25.15]
Qwen-2.5-VL.  10.65 1T 26.447T 8267 26.707

Table 6.8: Zero-shot retrieval performance on CUB test set using L? distance and inner
product for similarity measure. RQk denotes Recall at rank k. Arrows indicate performance
change direction after projection.

6.9.5 Visualization

Patch-level Loss Visualization for Vizwiz Grounding VQA In Figure 6.7, we
visualize additional examples of high reconstruction loss patches that contributes to model’s
failure on answering questions that requires recognizing text in the objects.

Visualization of Neighborhood Reordering In Figure 6.10, we present more k-
NN examples on comparison of searching with pre-projection (top) v.s. post-projection
(bottom) embeddings.
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Dataset MSE LLaVA Idefics2 Qwen-2.5-VL

o Ave  0.115 0.907 1.069
VizWiz Std  0.086 0.298 0.684
Avg 0.106 0.872 1.069

SeedBench "0 g 071 0.307 0.610
. Ave  0.113 0.918 1.069
FoodieQA Std 0.057 0.283 0.673

Table 6.9: Embedding reconstruction loss of images in the VizWiz, SeedBench, and
FoodieQA datasets. We report both average loss (avg) and standard deviation (std).
LLaVA'’s visual embeddings exhibit lowest reconstruction error among all models. The
reconstruction performance is consistent to what we have observed for the images in COCO
and Flickr30k.

Visualization of reconstruction loss and captioning performance In Figure 6.11
we show visualization of captioning where details in the high-loss patches are missed or
inaccurate in the generated caption.

6.9.6 Image Reconstruction with Different Embeddings

Beyond neighbor-overlapping and embedding reconstruction, we aim to investigate how
information loss manifests in the reconstructed images themselves. To explore this,
we project different representations of visual features onto the input embedding space
of a powerful image decoder to assess their reconstruction quality. However, image
reconstruction performance depends on various factors, including the expressiveness of the
image decoder. As such, this section serves as a preliminary exploration, and we encourage
future work in this direction.

For our experiments, we use a fine-tuned VAE decoder?, trained on the original VAE
checkpoint from Stable Diffusion, trying to alleviate the influence of the decoder as a
limiting factor in reconstruction quality. To align the sequence length between the vision
encoder in the VLM and the expected input length of the VAE decoder, we employ
a 6-layer Transformer encoder-decoder module with 4 attention heads. We train the
aligner module on the COCO 2017 training set for 100 epochs with three objectives: 1)
Embedding loss minimizing the difference between the VAE encoder embeddings and the
aligned embeddings from the VL.M’s visual encoder; 2) Reconstruction loss measuring the
mean squared error (MSE) between the original and reconstructed images; 3) Latent loss

3https://huggingface.co/stabilityai/sd-vae-ft-mse
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quantifying the divergence between the mean and variance of the Gaussian distribution
for diffusion.

For the VLM, we use the LLaVA model in our experiments. We evaluate reconstruction
performance on both an in-distribution image from the COCO 2017 dev split and an out-of-
distribution image, as shown in Figure 6.12. When using embeddings before projection, the
overall pixel-wise MSE reconstruction loss is 0.2128, compared to 0.2443 after projection.
Figure 6.12 illustrates the reconstructed images for both cases, where pre-projection
embeddings yield similar contour preservation with post-projection embeddings.
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Figure 6.7: Additional visualization of high reconstruction loss patches that contributes
to model’s failure on answering questions that requires recognizing text in the objects.
Left: input images with answer-relevant regions in red masks. Middle: signed difference
between post-projection embeddings norms and pre-projection embedding norms. Right:
normalized norm differences overlay with the input image, with highest loss patches marked
in yellow.
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Neighbor 1

Query Image Neighbor 2 Neighbor 5

Figure 6.8: Idefics high kNN overlap ratio example, where we can observe the reordering
among semantically similar vision embeddings.
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Figure 6.9: Qwen ENN example where the post-projection embeddings are better at
retrieving semantically similar images (bottom).
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Figure 6.10: LLaVA low kNN overlap ratio example. We can observe the degradation in
post-projection embedding.

110



Chapter 6 — Lost in Embeddings: Information Loss in Vision-Lanugage Models

Reference Captions
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Figure 6.11: Visualization of low CIDEr score captioning samples and the reconstruction
loss overlay with the input image. We can observe that details regarding the high loss
patches are missing from the generated captions. High loss patches are marked in yellow
squares.

111



Chapter 6 — Lost in Embeddings: Information Loss in Vision-Lanugage Models

(a) Original (b) Reconstruction with (c) Reconstruction with
Pre-projection Embeddings Post-projection Embeddings

Figure 6.12: Image reconstruction with LLaVA pre-and post-projection embeddings on
out-of-distribution (top) and in-distribution (bottom) examples.
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Conclusions

The goal of this dissertation is to provide systematic understanding of the pipeline of
multimodal models. We started by examining the data variations in training datasets,
understanding model learning dynamics and improve learning data efficiency by utilizing
different curation methods, including applying existing models such as text-to-image
generation models in a model-in-the-loop manner. Recognizing the diverse scenarios
of multimodal model applications, we then look at the data variation and diversity at
inference time, evaluating state-of-the-art models within cultural contexts by establishing
a fair and challenging fine-grained VQA benchmark. Finally, the dissertation examines
the vision-language models themselves, interpreting how they represent and fuse multi-
modal information to make decisions and identifying key bottlenecks in modality fusion
components and retrieval-augmented structures.

Together, the publications included in this dissertation collectively advance the field
by tackling critical challenges in data curation, culture-aware evaluation, and model
interpretation. The work delivers comprehensive insights into model behaviors while
introducing practical approaches to enhance data efficiency. It establishes new benchmarks
for evaluation within cultural contexts and identifies key VLM architectural limitations.
These contributions provide a foundation for developing multimodal systems that are not
only more robust and reliable but also more inclusive.

7.1 Open Problems and Future Directions

The ultimate goal of multimodal learning is to enable Al system to percept and reason about
the world as humans do. Such system would dynamically process and adapt to diverse
contexts while providing transparent reasoning for their decisions. Imagine tourists visiting
historical landmarks being able to “relive” the past—seeing, hearing, and even experiencing
sensory details like smells and tastes. We could foresee future multimodal systems that
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provide personalized, culturally-informed experiences, transforming fields like cross-cultural
understanding, education, health care and tourism. Based on our observations and insights,
we outline key open problems and future directions in multimodal learning.

Cross-Cultural Multimodal Understanding
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Figure 7.1: Culture-aware Multimodal Al

Building truly culturally-aware multimodal systems requires addressing three intercon-
nected challenges:

a. We need large-scale, high-quality datasets that capture diverse cultural concepts and
contexts, including temporal evolution of cultural practices. This requires interdisciplinary
collaboration with experts from linguistics, cultural studies, and social sciences.

b. Develop representation learning techniques capable of handling cultural variations
is critical in building more inclusive multimodal systems. This includes methods for
disentangling culture-specific attributes from domain-general features, enabling models to
distinguish universal concepts from culturally situated ones.

c¢. Beyond accuracy metrics for tasks like question answering, we need evaluation
frameworks that assess cultural appropriateness and sensitivity across diverse demographic
groups. This involves developing metrics that can identify subtle forms of cultural
misrepresentation without reinforcing Western-centric perspectives as universal standards.

Interpretable Multimodal Reasoning

Current vision-language models struggle with real-world scenarios involving noisy or am-
biguous visual information (Gurari et al., 2020), often producing misleading predictions
without appropriate uncertainty signals. Although this dissertation has examined informa-
tion loss in VLM connectors, the mechanisms by which visual information is selectively
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preserved or discarded during text-vision interactions within language models remain
poorly understood.

a. As observed in recent research (Groot and Valdenegro-Toro, 2024), vision-language
models tend to display overconfidence even when predictions are incorrect. Understanding
the sources of this overconfidence and developing effective calibration techniques remains an
open challenge. This is particularly critical for safety-sensitive domains such as healthcare
and security, where poorly calibrated confidence estimates could lead to severe consequences
through misplaced trust in erroneous model outputs.

b. Developing measures to precisely quantify how each modality influences final
predictions would significantly enhance model interpretability and transparency. Such
attribution methods would enable researchers to identify modality-specific failure patterns
in cross-modal reasoning, pinpoint when models inappropriately prioritize one modality
over another, and ultimately guide more balanced architectural designs that appropriately
weight information across various input channels.

Personalized and Adaptive Multimodal Learning

Personalized Al has tremendous potential to enhance daily life, influencing how people
interact with environments and process emotional experiences.

a. While this dissertation has focused primarily on text and image inputs, temperature,
taste, and tactile senses are equally important in human activities and emotions. Estab-
lishing datasets and evaluation benchmarks targeting true multimodality would bridge
these representations with robotics and embodied Al, advancing multimodal learning
applications.

b. Developing systems that detect cultural presuppositions in user queries without
reinforcing stereotypes represents a critical challenge. Such systems must balance cultural
awareness with ethical considerations around privacy and individual autonomy.

By addressing these open challenges, we can move beyond current limitations toward
multimodal systems that are not just technically sophisticated but culturally informed,
interpretable, and adaptable to diverse human needs and contexts.
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