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Abstract

Upon the remarkable success achieved by Vision-and-language models (VLMs)
in various tasks such as Visual Question Answering (VQA) and Hateful
Meme Detection (HMD), the alignment of VLMs with human values and
semantic intent is essential for their safe and reliable deployment across
complex multimodal tasks. However, they remain vulnerable to presentation
biases: systematic errors arising from how multimodal inputs are presented
rather than their semantic content. This dissertation develops a unified,
interpretability-driven framework to detect, quantify, and mitigate two cen-
tral presentation biases:

1. Modality Bias: We introduce two novel causal metrics—Multimodal
Intersectional Treatment Effect (MITE), which measures bias in pre-
dicted hatefulness, and Modality Interaction Disentangled Attribution
Score (MIDAS), which assesses bias in attention attributions—to pin-
point overreliance on text or image cues within pretrained BERT-
based HMD models. Leveraging these insights, we design a post-
hoc calibration pipeline that re-ranks predictions based on attention
attributions, improving detection robustness (up to +2.7 points in
accuracy for the Hateful Memes Challenge (HMC) dataset).

2. Formatting Bias: We propose Representational Shift Theory (RST),
a theoretical account of how In-Context Learning (ICL) affects la-
tent space under non-semantic input variations (e.g. the number of
images/conversation turns). Guided by RST, we validate two ICL
interventions: CLIP-based example selection for VQA and counter-
factual prompting for HMD. Empirical evaluations on six standard
VQA benchmarks and the HMC dataset demonstrate significant gains
in semantic understanding and format-robust performance, especially
in challenging VQA datasets (four out of six datasets, up to +15 points
in accuracy) and text-dominant tasks (≃ +0.8 points in F1 score for
HMD).

Together, these contributions advance the interpretability toolkit for VLM
alignment by providing actionable metrics and interventions to build more
reliable, unbiased multimodal AI systems. I conclude by discussing limita-
tions in scalability and generalizability, and outline future directions toward
mechanistic interventions and real-world deployment of aligned VLMs.
Keywords: Gradient, VLM, Transformer, Bias, In-Context Learning.
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Chapter 1

Introduction

1.1 Terminology

In Table 1.1, I list the definitions of the ambiguous terms used in this
dissertation.

Table 1.1: Definitions of key terms.

Term Definition

Bias Systematic deviation in model predictions from
the true underlying distribution.

Presentation Bias Bias arising from the way information is pre-
sented, including modality and formatting influ-
ences. Note that the previous machine learn-
ing literature focused on the presentation bias in
human-machine interaction [5], such as the bias
of popular items within an e-commerce website
on the recommendation system running on that
website [6]. Although the topic of interest may
look diverse, I argue that the bias studied in this
thesis is an instantiation of the identical concept;
I study the bias of presentation on machine, while
the other studies emphasized the bias on human.

Modality Bias Bias due to the choice of input modality (e.g.
image vs. text) affecting model behavior.

Formatting Bias Bias introduced by specific formatting choices
(e.g. punctuations and special characters) that
alter semantic interpretation.

Alignment Degree to which a model’s behavior faithfully
matches intended human objectives and con-
straints.

continued on next page
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Table 1.1 – continued from previous page

Term Definition

Causal Inference Methodological framework (e.g. structural causal
models, do-calculus) for identifying causal rela-
tionships via interventions.

Interpretability Set of techniques for explaining a model’s internal
processes and decision rationale.

Attention Attribu-
tion

Technique assigning importance scores to input
features based on a model’s attention weights [3].

XAI (Explainable
AI)

Broad class of methods designed to provide trans-
parent, human-understandable explanations of
model decisions.

Semantic Informa-
tion (or Semantics)

Meaning-related content and relationships in
data, distinct from surface-level statistical pat-
terns.

1.2 Background and Motivation

Parallel to the mass production of the graphical processing units, deep
learning utilizes its parallel computation capability to show up as a social
phenomenon (e.g. Nobel Prize of Chemistry 2024 [7]1). Originating in an
outstanding capability in computer vision [8], its applications are widespread
across various scientific and social domains. In Natural Language Processing
(NLP), following the success of Bidirectional Encoder Representations from
Transformers (BERT) [9] and Generative Pre-trained Transformer (GPT)
[10–12], Transformer [13] becomes the de facto standard architecture of Lan-
guage Model (LM)s [14]. Recently, Transformer’s application is extended to
Vision-and-Language Model (VLM)s designed to solve Vision-and-Language
(VL) tasks, consisting of a combination of relevant images and texts [15,16].
In order to prevent the potential risks caused by VLMs, the alignment
between a human objective and the VLMs is crucial. To achieve this human-
VLM alignment, a key challenge is to detect and mitigate the various biases,
or the factors irrelevant to the task that affect the outcome, in a VLM’s
decision making.
Previous studies tackled two types of biases. The first type of bias is
social bias : the bias towards a specific protected group of people in socially
impactful decisions, for which the famous example is the overestimated
recidivism risk for black people [17]. Although the social bias is critical

1https://www.nobelprize.org/prizes/chemistry/2024
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for achieving the social good, I focus on the second type of bias that could
affect broader decisions—what I term here as presentation bias (see Figure
1.1 for an overview). In contrast to the social bias, or the effect of what is
presented in the text and/or image, the presentation bias can be defined as
the bias caused by how the content is presented (whether it is in the image
or in the text, how the input is formatted, etc.; also refer to Table 1.1). By
definition, this could affect all the decisions, such as answering a general
question (e.g. ”Is there a car in the image”) about the presented image (e.g.
an image about a car, or something else). In this dissertation, I discuss two
main subtypes of presentation biases: the modality bias and the formatting
bias.
The first type of presentation biases, modality bias, is defined as the over-
reliance to a modality, ignoring others. In VL domain, both the bias
towards the image and towards the text are reported. An interesting and
socially important problem for studying modality bias is Hateful Meme
Detection (HMD); Hateful Meme (HM) is the hateful message expressed in
a combination of text and image, and HMD is the task of detecting this
hateful message. A notable benchmark in this topic is the Hateful Memes
Challenge (HMC) dataset [18]. First, this dataset is tailored so that the
specific combination of an image and a text, not a single modality, expresses
the hateful message. Second, to challenge the reasoning behind the detection,
its counterpart confounders in which either one of the two modalities (text
or image) is replaced so that the replacement flips the label to benign (i.e.,
not hateful). Together, the HMC dataset is designed to challenge the VLMs’
reasoning ability in the presence of the modality bias.
The second type of presentation biases is formatting bias. This bias is
defined as the bias of the input format affecting the performance regardless
of the semantic information conveyed. A well-known example is prompt
sensitivity [19, 20], where the Large Language Model (LLM)s and VLMs
are affected by the details of the instruction prompt (e.g. paraphrasing
of a word and absence/presence of a special character). Detecting and
mitigating this bias is particularly important for conversational agents, since
the choice of formatting (e.g. of words and characters2 are both appropriate
for the intention.) is diverse. They solve most problems as Visual Question
Answering (VQA) tasks: answering questions based on VL inputs. For
example, a web service provider may ask a VLM for a question ”Is this
meme hateful or benign?” to solve an HMD task. Therefore, addressing
formatting bias in VLMs for VQA tasks is critical. In particular, one of

2For example, to ask an agent to answer in one word, both ”Answer in a single word.”
and ”You should reply in a single-word answer like ’Yes’.
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the most challenging formatting biases in VQA is the number of turns and
images. In particular, if a turn of the conversation results in insufficient
information for answering the question, the VLM may need to refer to the
previous turns. However, most of the open-sourced VL datasets consist of
single-image single-turn resources, which makes it difficult for the VLMs to
fully leverage their ICL capacity.
To detect and mitigate the presentation biases, the methodologies of the
previous studies can fall into debiased training3 and causal inference. The
first approach, debiased training, focuses on the bias in the training data and
use the unbiased subset for training (e.g. [21]) or design an optimizer weighted
over the subsets (e.g. [22]). While this approach results in an inherently
debiased VLMs, applying these approaches to an existing pretrained model
is challenging. The latter approach, causal inference, addresses this problem.
For example, [23] proposed a VQA benchmark and a dynamic pipeline for
enhancing a VLM’s utility of both image and textual cues.
In summary, one of the problems critical for the VLM alignment is how
we can detect and mitigate the presentation biases of the trained VLMs in
important problems in society and/or VL domain, such as the modality bias
in HMD and the formatting bias in VQA. My motivation in this dissertation
is to contribute to this area by science and engineering combined : how VLMs
work when solving these problems, and how the understanding of those inner
workings can benefit the original tasks.

1.3 Problem Statement

To assess interaction of the presentation biases and the inner workings of
the trained VLMs, an intuitive approach is to utilize the methodologies of
eXplainable Artificial Intelligence (XAI) and interpretability. To this end,
there exist a few research gaps.

1. Detecting the presentation biases in a trained VLM’s inner workings.
Previous efforts on presentation bias detection have largely focused on
the outcome (e.g. VLM’s predictions or responses). For example, [24]
introduced a dual-model framework, a model trained solely with the
text and the other solely with the image, for curating counterfactual
labels for calibrating the biased VQA models. However, it may be right
for the wrong reason; Debiasing a model solely based on its outcome

3In this research, the term training includes the processes which require the large-
scale gradient computation of a VLM, such as pertaining, supervised fine-tuning, and
reinforcement learning from human feedback.
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poses a potential risk of misinterpretation and less generalization.
2. Debiasing a VLM’s decisions upon insights about its inner workings.

To alleviate the presentation biases in LLMs and VLMs, previous
works proposed various outcome-based methods, such as a bias-aware
correction of the prediction (e.g. [25, 26]) and front-door adjustments
in the model’s reasoning process [27]. Those outcomes, however, may
not fully reflect the model’s capacity; For example, [28] reported that
the LLMs’ answers on factual knowledge questions may not be able to
answer a question for which the required knowledge is fully encoded in
latent space.

1.4 Research Objective

The goal of this research is to build a framework for interpreting how the
presentation biases affect the VLMs’ inner workings, and assess how this
interpretation could contribute for building a better problem-solving pipeline
for HMD and VQA.

1.5 Dissertation Outline

Toward the research objective stated in §1.4, the rest of this dissertation
is four-fold. First, I showcase previous works related to this dissertation
(Chapter 2). Next, I show the details of how the interpretability methods
could be used for detecting and alleviating presentation biases; the modality
bias in BERT-based VLMs for HMD (Chapter 3) and the formatting bias
in generative VLMs for HMD and VQA (Chapter 4). Finally, I finish this
dissertation with concluding remarks (Chapter 5).
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Figure 1.1: Schematic overview of the entire dissertation. (A,B) Presentation
biases studied in this dissertation. (A) Modality bias in Hateful Meme
Detection (HMD; Chapter 3). A State-of-the-Art (SotA) HMD model Vilio
[1] suffers from the bias towards text modality, potentially due to the shortage
of multimodal training. (B) Formatting bias in Visual Question Answering
(VQA) (Chapter 4). Two variants of LLaVA [2], which exhibit SotA
performance in VQA and are trained solely with single-image and single-turn
vision-and-language resources, struggle with multi-image and/or multi-turn
VQA queries. (C,D) High-level overview of the proposed methodologies. (C)
Approach for modality bias in HMD. We propose two metrics for quantifying
the modality biases in a model’s predictions and in attention attribution [3].
Given the insights about the biases within the model, we calibrate the
prediction with attention attribution for debiasing the base predictor. (D)
Approach for formatting bias in VQA. First, we propose Representation Shift
Theory (RST), a novel theory about ICL for formatting bias mitigation.
Next, based on RST, we empirically validate two hypotheses for the bias
mitigation: 1) prompt engineering can contribute to the performance gain in
a text-predominant task (validated by counterfactual prompting for HMD),
and 2) careful VQA example selection can lead to better performance when
the model struggles with the task in the zero-shot setting (validated by CLIP-
based example selection for VQA).
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Chapter 2

Related Work

2.1 Outline

In this chapter, I provide an overview of the works related to this dissertation.
First, I present a summary of recent advancements of LMs, LLMs, and VLMs
(§2.2). Next, I provide more details on the VL applications, specifically
VQA (§2.3) and HMD (§2.4). Then, I discuss the biases in VLMs, focusing
on modality bias (§2.5.1) and formatting bias (§2.5.2), as well as their
detection and mitigation techniques. Finally, I summarize the relevant
interpretability methodologies, including causality-oriented interpretability
(§2.6.1), interpretability for bias mitigation (§2.6.2), and applications of
interpretability in VLMs (§2.6.3).

2.2 LMs and LLMs

The introduction of the Transformer architecture [13] marked a paradigm
shift in sequence modeling by replacing recurrence with self-attention, en-
abling highly parallelizable training and forming the backbone for LMs;
BERT [9] then showed that a bidirectional Transformer encoder trained via
masked language modeling could be fine-tuned to achieve State-of-the-Art
(SotA) results across diverse NLP benchmarks, while the GPT series [10–12]
demonstrated the fluency and versatility of autoregressive Transformer de-
coders. Building on these foundations, we saw unprecedented scaling and
architectural innovation: GPT-3’s 175 billion parameters introduced ICL, a
gradient-free way of learning solely based on the input prompt.
Given the success of the unimodal applications in NLP, the research attention
has been shifted to their multimodal capabilities [29], centered on VL as a
step toward general-purpose agents. Despite these advances, the mechanisms
by which such large models integrate and prioritize multimodal signals remain
opaque.
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2.3 VQA

VQA is the task of automatically answering natural language questions about
the contents of an image, requiring models to interpret visual data and
understand linguistic queries in tandem. VQA has matured from early Con-
volutional Neural Network (CNN)–Recurrent Neural Network (RNN) models
with bottom-up attention over object proposals [30] to fully Transformer-
based, multimodal architectures that learn joint image–text representations
(e.g. [31]). The original VQA benchmark [32] spurred methods like Bottom-
Up/Top-Down Attention [30] to focus on salient image regions; soon after,
bi-modal Transformers such as ViLBERT [31] and LXMERT [33] introduced
cross-attention layers between region features and question tokens, yielding
large gains in context-sensitive reasoning. The paradigm shifted further
when contrastive pre-training at internet scale—exemplified by CLIP [11]—
demonstrated that simple image–text matching produces highly transferable
embeddings capable of zero-shot VQA. Generative unified models like Simple
Visual Language Model (SimVLM) [34] simplified pre-training by treating
image patches as prefix tokens in a language-modeling objective, achieving
SotA supervised VQA accuracy and strong zero-shot generalization. More
recently, few-shot multimodal learners such as Flamingo [35] have extended
ICL to interleaved sequences of images and text, enabling open-ended visual
reasoning without task-specific fine-tuning. [36] bridges pre-trained vision
encoders and frozen language models via a lightweight query transformer.
By instruction-tuning such multimodal models on diverse tasks, [37] attained
strong zero-shot and fine-tuned performance across many VQA benchmarks.
17-billion-parameter PaLI model [38] reached 84.3% accuracy on the open-
domain VQAv2 [39] benchmark. Recent VLMs have also demonstrated
unprecedented flexibility in visual reasoning – for example, [40] showed
strong few-shot results on tasks ranging from captioning to open-ended
VQA without any task-specific fine-tuning. These developments underscore
a shift toward general-purpose VQA systems that leverage massive data
and parametric knowledge, yielding both high accuracy and the ability to
generalize zero-shot to novel domains.

2.4 HMD

HMD is the task of identifying memes that convey hateful content by jointly
analyzing the combination of imagery and overlaid text, particularly when
neither modality alone suffices to detect the hateful intent. Sparked by
the Hateful Memes Challenge [18], this problem requires models to discern
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subtle meaning emergent from the image–text pairing. Note that benign
confounders which have identical images (or captions) but their paired
captions (or images), ensure that either one of the two modalities are
insufficient for the hateful message. Early Transformer-based fusion baselines
performed well on unimodal cues but struggled to distinguish subtly altered
benign variants [41]. To address this, various approaches have been proposed,
such as model ensemble [1], multi-task learning [42], OCR integration [43],
and ICL [44]. More recently, one line of research has enriched the input
and reasoning process: for instance, [45] combine OCR text extraction,
neutral image captioning, retrieval-augmented inference, and a VQA module
into an iterative framework that uncovers subtle hate signals (e.g. sarcasm
or coded imagery), outperforming conventional fusion models on the HMC
benchmark. Other approaches leverage the latest pre-trained vision–language
representations, such as an ensemble of Contrastive Language-Image Pre-
Training (CLIP)-based visual features with a BERT text classifier [46].
Despite these advances, generalization beyond the training domain remains
problematic; A cross-domain study found that current multimodal classifiers
often rely overwhelmingly on the text cue, struggling when meme images
differ from training data [47].

2.5 Bias Detection and Mitigation

Historically, the term bias referred to the social bias: an unfair treatment
of specific personal demographics, such as race or gender, or its combination
[48]. Therefore, research focus has been on how to detect or mitigate such
biases inherent in machine learning models [49, 50].
In parallel to the explosive growth of LMs, LLMs and VLMs, another source
of biases has garnered attention: data structure. Here I focus on two
major such biases, namely the modality bias (§2.5.1) and the formatting
bias (§2.5.2).

2.5.1 Modality Bias

Modality bias is defined as an overreliance on a single modality, either vision
or language in VL field, at the expense of integrating complementary infor-
mation from the other channel, leading to brittle or misleading predictions.
In the context of HMD, this manifests when models focus almost exclusively
on the overlaid text or the image background, failing to capture the hateful
intent that arises only from their combination. Early diagnostic works such
as Counterfactual VQA probes language bias in VQA by swapping question
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variants and measuring performance shifts [51]. Similarly in HMD, ensemble
and multi-task architectures initially demonstrated that unimodal baselines
often rival full fusion models, underscoring the need for bias detection.
To mitigate modality bias, researchers have explored several strategies. [39]
elevated the role of image understanding in VQA by enforcing object-level
attention, which inspired analogous approaches in HMD to strengthen visual
feature extraction [1, 18, 42]. Additionally, [52] proposed a collaborative
modality fusion mechanism that dynamically balances visual and textual
embeddings based on mutual agreement, while [23] formalized unimodal bias
quantification through a regularization term that penalizes overreliance on
either modality. More recently, [53] leveraged noise-aware prefix tuning to
recalibrate modality contributions at inference, achieving robust performance
under textual or visual confounders. Complementary data-centric methods,
such as contrastive [54] and counterfactual augmentations [51], further force
models to attend to semantically critical differences, reducing shortcut learn-
ing.
However, these methods typically operate at the model output or data level,
without revealing internal causal pathways. We bridge this gap by proposing
two metrics, one for a causal effect measure on model outputs and the other
on an attention-based attribution score, to pinpoint where shortcuts occur
and to enable targeted debiasing via a downstream re-ranker.

2.5.2 Formatting Bias

Formatting bias refers to the influence of input presentation on model outputs
independent of the underlying semantic content. Here input presentation in-
cludes, but not limited to, prompt phrasing, token ordering, or punctuation.
For example, [19] shows that small paraphrases or the presence/absence of
special characters can drastically alter factual knowledge extraction in LLMs.
This instability undermines reliability in both conversational agents and VL
tasks, where inputs are often user-generated.
Mitigation strategies for formatting bias span prompt engineering, training-
time robustness, and architectural adjustments. Prompt diversification—
which generates multiple semantically equivalent variants—and self-ensemble
inference have been shown to stabilize outputs. For example, [55] identified
position bias in VLMs by systematically permuting token orders and in-
troduced positional decorrelation layers to neutralize formatting artifacts.
Additionally, adversarial prompt training—where models are exposed to
worst-case paraphrases at training time—has proven effective in reducing
output variance across formatting changes for LLMs [19]. Together, these
methods move toward LLMs and VLMs that are robust not only to what is
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said, but also to how it is phrased.
Building on these works, we propose a theory-driven framework for di-
agnosing and correcting non-semantic input artifacts in VLMs for VQA.
We quantify the changes in latent space between zero-shot and in-context
embeddings, introduce two ICL strategies that exploit this change, and
demonstrate their effectiveness on six standard VQA datasets and the HMC
benchmark.

2.6 Interpretability

Interpretability methods provide crucial insights into the inner workings
of LLMs and VLMs, revealing how presentation biases arise and guiding
effective debiasing strategies. Here I focus on three research directions. First,
to understand why the bias is present in specific input, or what caused the
bias, a line of work introduced the notion of causality in interpretability
(§2.6.1). Second, towards the real-world unbiased language model applica-
tions, the researchers also proposed interpretable debiasing methodologies
(§2.6.2). Finally, I summarize the existing applications of interpretability to
VLMs (§2.6.3).

2.6.1 Causally Interpreting LLMs

Recent advances in causally interpreting Transformer internals is centered on
Mechanistic Interpretability (MI). In this field, the researchers dissect LMs
using tools from mechanistic analysis and causal inference. They decompose
circuits in LMs by instrumenting individual attention heads and feed-forward
network blocks [56,57]. For example, the logit lens [58] projects intermediate
hidden states into the vocabulary space, quantifying each component’s
contribution to final logits, which exposes shortcut pathways and latent bias
vectors.
These methods enable targeted interventions within network components to
trace the causal chains influencing model outputs. However, they often stop
short of connecting these causal insights back to the models’ optimization
trajectories; in this dissertation, we address that by introducing causality-
oriented metrics and hypothesis-driven ICL strategies.

2.6.2 Interpretability for Debiasing LLMs

Building on these causal insights, [59] leverages MI to identify the Trans-
former components that systematically skew predictions toward spurious
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labels; masking these components at inference yields substantial gains in
both accuracy and robustness under prompt perturbations. Complementary
calibration techniques, such as contextual calibration [60] and domain-
context/prototypical calibration [61, 62], adjust model output probabilities
based on estimated bias magnitudes, aligning predictions with desired distri-
butions without modifying model weights.
In another line of work, Representation Engineering (RepE) [63] has recently
emerged as a top-down paradigm for interpretability and bias control in
LLMs, focusing on identifying linear concept vectors in latent space by
contrasting model activations instead of dissecting individual neurons. This
approach enables researchers to read and manipulate high-level internal
representations of attributes like honesty, toxicity, or demographic features.
For example, probing the activations of a chat model can reveal persistent
social biases (e.g. gender bias remains detectable even after training [64]),
indicating that such biases are encoded along specific directions in the rep-
resentation space. To mitigate unwanted biases, recent work leverages linear
interventions on these representations. Building on these ideas, Minimally
Modified Counterfactuals (MiMiC) applies an affine transformation that
matches the mean and covariance of hidden representations for different
demographic inputs, so that protected attributes no longer correspond to
separable clusters [65]. Such representation-space counterfactuals effectively
remove the bias information and have been shown to reduce toxic or biased
outputs without any model retraining. This line of research complements MI
by treating an LLM’s hidden states as a linear algebraic space of concepts that
can be read and edited, offering a promising strategy to uncover latent biases
and directly manipulate the model’s representations to achieve debiasing and
safer performance.
While these works pinpoint where models focus, they rarely translate those
findings into systematic mitigation strategies. Chapter 3 remedies this by
integrating attention attributions with a bias-aware re-ranking stage, yielding
an end-to-end pipeline that both diagnoses and corrects modality shortcuts
in the HM case study. Moreover, Chapter 4 breaks new ground with
Representational Shift Theory (RST), leveraging in-context demonstrations
to quantify representational shifts and inform prompt engineering tactics that
counteract formatting artifacts in VQA models.

2.6.3 VLM Applications

In VLMs, interpretability not only explains decisions but also drives bias
mitigation. Attention heatmaps and gradient-based saliency maps (e.g.
[66]) visualize which image regions and text tokens the model relies on,
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uncovering modality shortcuts. Prototype-driven modules—such as Dynamic
Clue Bottlenecks [67]—interpose an information bottleneck that filters out
presentation artifacts (e.g. fixed layouts or overlaid text styles), enabling
targeted correction of modality and formatting biases in tasks like VQA and
HMD.
Although these methods offer descriptive insights, they lack a causal or the-
oretical underpinnings to guide robust bias mitigation. Chapter 3 addresses
this by embedding our causal metrics into the HM detection pipeline. In
turn, Chapter 4 proposes an analytical framework across standard VQA
benchmarks and the HMC benchmark: by measuring how in-context exam-
ples reshape latent representations, we derive prompt-level interventions that
bolster model performance under the strong formatting biases. Together,
these contributions demonstrate a cohesive, causally informed interpretabil-
ity toolkit for VLM applications.
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Chapter 3

Modality Bias within Hateful
Meme Detectors

3.1 Terminology

Table 3.1: Key terms used in Chapter 3.

Term Definition / Reference

Hateful Memes Chal-
lenge (HMC)

Benchmark of paired hateful vs. benign confounder
memes [18].

Text-to-Text (T2T) /
Image-to-Image (I2I)
tasks

Evaluation regimes where one modality is fixed and
the other is swapped to measure formatting bias; see
§3.5.3.

Causal Intersectionality Extension of TE to interacting binary factors (e.g.
text-hateful vs. image-hateful); see §3.5.1.2.

3.2 Chapter Summary

In this chapter, we examine modality shortcuts in SotA hateful meme detec-
tors through a unified framework driven by causality and interpretability.
We begin by highlighting how models can overly rely on text or image alone,
leading to spurious hate predictions when the other modality carries the
true signal (§3.3). After surveying existing multimodal bias metrics and
attribution methods (§3.4), we introduce two novel tools (§3.5): Multimodal
Intersectional Treatment Effect (MITE), a causal metric that measures how
interventions on text or image affect model outputs, and Modality Interac-
tion Disentangled Attribution Score (MIDAS), an attention-based score that
disentangles within-text, within-image, and cross-modal interactions in the
final attention layer. We then detail our experimental setup on the HMC
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dataset (§3.6): dataset overview, controlled intervention protocols, and fea-
ture extraction from BERT-based models that we analyze (Oscar, UNITER,
and VisualBERT). In Experiment I (§3.7.1), MITE reveals pronounced text
biases, especially in VisualBERT, by quantifying shifts in hate probability
under modality swaps. In Experiment II (§3.7.2), MIDAS uncovers internal
attention imbalances at both global and local levels, showing how models
distribute attribution across modalities. Finally, in Experiment III (§3.7.3),
we demonstrate that injecting MIDAS features into a LightGBM [68] re-
ranker consistently improved macro-AUC across multiple sub-models. We
conclude by summarizing our contributions—causal intervention metrics,
attention-based interpretability, comprehensive bias analysis, and bias-aware
calibration—and by outlining future directions for extending our framework
to other multimodal tasks (§3.8).

3.3 Introduction

Hateful memes present a unique challenge in multimodal understanding:
neither the image nor the text alone fully conveys hateful intent, yet current
detectors often rely disproportionately on one modality, leading to spurious
predictions. This chapter asks: How can we systematically detect when a
model shortcuts on text- or image-only cues, and how can we mitigate these
modality biases to build more robust hateful meme detectors?
Prior efforts in HMD have predominantly focused on predictive perfor-
mance, with recent studies exploring causal and attribution-based analyses
to uncover biases. Causal intersectionality frameworks measure synergistic
demographic effects in multimodal settings, while explainability techniques
split attention into text-only and image-only categories. Adversarial robust-
ness work examines detector failures under perturbations and proposes fine-
tuning defenses. However, these approaches either offer only coarse, two-way
attributions, neglect attention’s cross-modal interactions, or treat bias purely
as an adversarial phenomenon without integrating diagnostic indicators into
the detection pipeline. As a result, no unified methodology exists to both
pinpoint and correct modality shortcuts in SotA VLMs.
We introduce a two-fold framework combining causal intervention and fine-
grained interpretability. First, for three VLMs (Oscar, UNITER, and
VisualBERT), MITE quantifies output-level modality bias by measuring
the change in hate-probability when text and image jointly convey hate
versus when each is isolated. Second, MIDAS partitions last-layer attention
attributions into within-text, within-image, and cross-modal interactions to
reveal where, inside the network, shortcuts occur. Finally, we inject these

16



bias indicators, MITE and the three MIDAS features, into a lightweight
LightGBM re-ranker, effectively down-weighting unimodal shortcuts and
improving macro-AUC for the models with stronger shortcuts.
Our contribution is summarized as:

• Causal Metric for Modality Bias (MITE). A formal intersectional
effect measure that captures reliance on joint text–image signals versus
single-modality confounders.

• Attention-Based Attribution for Modality Bias (MIDAS). An
attention attribution metric disentangling within-text, within-image,
and cross-modal attention patterns to diagnose internal shortcuts.

• Comprehensive Bias Analysis. Empirical evaluation of MITE and
MIDAS across three SotA VLMs—Oscar, UNITER, and VisualBERT—
revealing pronounced textual shortcuts, especially in VisualBERT.

• Bias-Aware Calibration. A LightGBM re-ranking strategy that
leverages MITE and MIDAS features to mitigate modality biases and
boost classification performance.

• Interpretability Meets Bias Mitigation. A unified pipeline that
not only diagnoses but also corrects modality shortcuts, advocating for
causal intersectionality analyses in multimodal model evaluation.

3.4 Related Work

3.4.1 Intersectionality and Causal Analyses

Although much hateful-meme research focuses on purely predictive per-
formance, recent work has begun to examine how multiple, overlapping
demographic attributes (intersectionality) affect a model’s internal behavior.
[48] formalize a causal framework for measuring how intersecting factors (e.g.
gender × race) jointly influence outcomes in multimodal settings. They show
that simple additive biases can obscure deeper, synergistic intersectional
effects. Our chapter draws on these ideas by defining MITE to quantify
how much an HM detector relies on joint (text and image) cues instead of
one modality alone—an intersectional effect in the representation space.

3.4.2 Explainability for Hateful Meme Models

[4] examines what VLMs actually learn when fine-tuned on the HMC dataset
[18]. They introduce attention attribution score (attr)-based analysis, an
attribution technique that splits attention into two categories (text-only and
image-only), and then measures how these changes occur between a hateful
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meme and its benign confounder variant. Their error analysis shows that
VisualBERT and VilBERT [31] often ground spurious keyword–image pairs
(e.g. dishwasher to image of a woman) or maintain over-sensitive slur-to-
image alignments (e.g. goat to bounding boxes of Muslim men), leading to
false positives. We build upon these findings by (1) introducing a third
category (cross-modal) for a better interpretation, and (2) using these bias
indicators to mitigate shortcuts via LightGBM calibration.

3.4.3 Adversarial Robustness and Countermeasures

Concurrently with this work, [47] thoroughly studied how current VLM-
based detectors break under human-induced, partial-knowledge adversarial
attacks, such as adding noisy text tokens (“LOVE”) or injecting salt-and-
pepper noise into the image region. They demonstrated that even small
perturbations cause a sharp drop (up to 10%) in macro-F1, and then propose
two complementary defenses: (i) a contrastive-learning augmentation at
embedding level, and (ii) an adversarial fine-tuning. Their ensemble of
these two methods restores most of the lost performance on high-resolution
subsets like HMC, though low-resolution datasets such as MAMI [69] remain
challenging. Using MITE and MIDAS to diagnose internal biases, our work
diverges by focusing not just on whether the model is robust, but also why
it shortcuts to modalities in the first place, rather than only testing external
attacks.

3.4.4 Datasets and Multimodal Architectures

Several datasets have been constructed to capture different flavors of hate
and offensiveness in images-plus-text:

• HMC [18] provides 10 K crowdsourced image–text pairs specifically
labeled for hate, with carefully balanced benign confounder variants
(e.g. same image with benign text, or vice versa) to force cross-modal
reasoning.

• HarMeme [70] collects COVID-19-influenced hateful memes from
social media; text is automatically extracted via OCR.

• MAMI [69] focuses on misogynistic memes; they re-label misogynistic
vs. non-misogynistic as hateful vs. non-hateful for consistency.

Most top-performing detection methods rely on large pretrained VLMs (e.g.
VisualBERT, VilBERT, Oscar, and UNITER), which fuse region-level image
features (e.g. by Faster-RCNN [71]) with token embeddings from BERT [9]
and then perform late-fusion classification. We evaluate three canonical
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architectures (Oscar, UNITER, and VisualBERT), and show that two of
them (VisualBERT and Oscar) exhibit modality shortcuts that can be both
detected via MITE and MIDAS, and partially mitigated.

3.4.5 Broader Bias and Debiasing Approaches

Beyond hateful memes, recent studies extend modality-bias research beyond
the HMC dataset and the VLM fusion architectures evaluated in this chapter.
For example, [53] focused on debiasing large VLMs via preference optimiza-
tion; [72] introduced a unified, inference-time feature-pruning strategy that
applies to any frozen VLM component; and [73] demonstrate how auxiliary
bias estimation in VQA can guide adaptive loss reweighting. All of these
methods share a common goal: to reduce the model’s over-reliance on a
single modality, whether in classification, generation, or question answering,
without significantly degrading overall performance. Our work on MITE
and MIDAS complements these advances by providing diagnostic tools to
quantify and interpret modality shortcuts in HMD models and by proposing
a bias-aware calibration that can be viewed as a lightweight analogue to the
more heavy-weight methods above (e.g. [72]’s feature imputation or [53]’s
dataset and optimization changes), tailored specifically to the HMD task.

3.5 Methodology

In this section, we present our pipeline for (i) detecting modality bias
in HM detectors and (ii) mitigating its harmful effects. We begin by
introducing the causal-inference preliminaries (Treatment Effect (TE) and
intersectionality) and the attr mechanism (§3.5.1). We then give an overview
of the proposed methodology, illustrated in Figure 3.1. Finally, we formalize
the intersectional effect of a meme over the VLM’s prediction (MITE; §3.5.3)
and over the attention (MIDAS; §3.5.4).

3.5.1 Preliminaries

Before describing our proposed metrics, we review three key building blocks:
(a) the standard TE in causal inference, (b) its extension to causal intersec-
tionality, and (c) attention-based attributions for Transformer models.
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3.5.1.1 Treatment Effect (TE)

In causal inference, the TE measures the expected difference in an outcome
when a binary treatment variable flips from 0 to 1. Formally, for a binary
treatment T ∈ {0, 1} and a probabilistic outcome θT=i given the treatment
T set to value i, the TE is

TE = θT=1 − θT=0 (3.1)

This quantity captures how much the presence of treatment changes the
outcome. In our context, we will treat each modality (text or image) as a
treatment whose presence or absence can jointly affect the model’s predicted
probability of a meme being hateful.

3.5.1.2 Causal Intersectionality

Standard TE aggregates only over a single binary factor. However, when two
or more binary factors (e.g. “text is hateful” and “image is hateful”) interact
non-additively, we require a notion of intersectional effect. Following prior
work [48], we define the causal intersectionality between two binary variables
D1, D2 ∈ {0, 1} (e.g. text-hateful indicator and image-hateful indicator) on
outcome θD1=i1,D2=i2 by

θD1=1, D2=1 ̸= θD1=1, D2=0 + θD1=0, D2=1 (3.2)

In other words, when the joint effect of (D1 = 1, D2 = 1) differs from the
sum of each single-factor effect, there is a nontrivial intersectional influence.
We will reframe this concept so that D1 corresponds to text indicates hate
(binary) and D2 corresponds to image indicates hate (binary).

3.5.1.3 Attention Attribution Score

To diagnose where a Transformer model is attending on its cross-modal
reasoning (text-only shortcuts, image-only shortcuts, or true text–image
synergy), we use an attr metric. Let

A ∈ RL×L (3.3)

denote an attention-weight tensor with sequence length L (for simplicity,
flattening all heads and positions into one two-dimensional matrix). Given a
scalar model output θ(A) for which we regard the predicted hatefulness θ as
a function of the attention matrix A, the attribution of A can be written as

attr(A) = A ⊙
∫ 1

α=0

∂ θ
(
αA

)
∂ A

dα (3.4)
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where ⊙ is element-wise multiplication and α is a hypyerparamter indicating
the number of steps in integrated gradient (the integral term, a step-wise
gradient between a model’s component of interest and the prediction calcu-
lated as an attribution of that component [74]) computation. Concretely,
attr(A) has the same shape as A, and each entry attr(A) i,j measures how
much that particular attention weight contributes to the final output θ. We
will compute this at the last attention layer of our VLMs and then aggregate
by modality-interaction type (within–text, within–image, or cross-modal).

3.5.2 Proposed Methodology Overview

Figure 3.1 visualizes our overall pipeline. After we extract paired samples(
T1, I1

)
(a truly hateful meme) and its benign confounders

(
T1, I0

)
(image

replaced) and
(
T0, I1

)
(text replaced) from the original datasets, our pipeline

comprises three major steps:

1. Causal Effect Estimation via MITE. We feed each hateful-benign
pair into the frozen VLM to obtain probabilities θ. MITE is then
computed as the prediction difference between a hateful sample and its
counterpart confounders (Eq. 3.6). A large positive MITE indicates
that the model pays attention to joint cross-modal cues, whereas a
near-zero or negative MITE implies that the model is shortcutting on
a single modality (text-only or image-only).

2. Modality Attribution Analysis via MIDAS. For each hateful-
benign triplet

(
T1, I1

)
,
(
T1, I0

)
,
(
T0, I1

)
, we extract the last-layer

attention tensor A and compute attr(A). We then split attr into three
interaction categories it:

• Within-Text: attention between two text-token positions,
• Within-Image: attention between two image-region positions,
• Cross-Modal: attention between a text token and an image
region (in either direction).

Let MIDASit be the averaged difference of attention attribution over
the interaction type it. Intuitively, MIDAStext measures how much
Within-Text attention increases when both modalities jointly signal
hate, relative to either modality alone; likewise for MIDASimage and
MIDAScross. If MIDAStext is large and the others are small, the model
is internally focusing on textual shortcuts regardless of which modality
truly determines hate.

3. Bias-Aware Calibration. Having computed the predicted hate-
fulness θ, attention attribution for each interaction type (attrtext,
attrimage, and attrcross) for each input (T, I), we train a simple
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LightGBM classifier that takes the four-dimensional feature vector[
θ, attrtext, attrimage, attrcross

]
and outputs a debiased prediction of the

hate label. Empirically, this bias-aware re-ranking corrects modality-
shortcut errors (especially in VisualBERT, which tends to over-rely on
textual cues), indicated by the AUROC gain over the θ-only baseline.

3.5.3 Multimodal Intersectional Treatment Effect (MITE)

In classical causal inference, the TE addresses a single binary intervention
(Eq. 3.1). Here, we treat text is hateful or benign (T ) and image is hateful or
benign (I) as two binary factors whose joint effect may be more than the sum
of their individual contributions (Eq. 3.2). Concretely, suppose we have:

• (T1, I1): an original hateful meme (both text and image jointly convey
hate),

• (T1, I0): a text-benign confounder (text alone is hateful; image replaced
so that it no longer signals hate),

• (T0, I1): an image-benign confounder (image alone is hateful; text
replaced).

Let θT=Ti,I=Ii be the predicted hatefulness generated by any pretrained VLM
(e.g. Oscar, UNITER, or VisualBERT), and write

θT=T1,I=I1 ̸= θT=T1,I=I0 + θT=T0,I=I1 (3.5)

as defined by the intersectional effect condition in Eq. 3.2, the meme’s joint
effect exceeds the sum of its individual effects. Hereafter we use θT=T1,I=I0

and θT1,I0 interchangeably. Then, following the standard definition of TE
(Eq. 3.1), we define the MITE as

MITE(θ;T1, I1) = θT1,I1 −
(
θT1,I0 + θT0,I1

)
(3.6)

Intuitively:

• If MITE is large and positive, it means that the probability of hate
jumps only when both text and image jointly indicate hate. Thus, the
model that generates the predicted hatefulness θ is correctly relying on
cross-modal synergy.

• If MITE is near zero (or negative), it implies that the model does
not need both modalities to detect hate (i.e., shortcutting on a single
modality).
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Experiment I / II: Modality Bias Quantification

Bias in
Prediction
(MITE)

Experiment III: Modality Bias Calibration

Hateful

Prediction
Attention
Attribution

Image
Benign

Text
Benign

Prediction
Attention
Attribution Prediction

Attention
Attribution

Bias in
Attention
(MIDAS)

Bias in
Prediction
(MITE)

Bias in
Attention
(MIDAS)

Attention
Attribution

LightGBMPrediction

LightGBM

Uncalibrated

Calibrated

Vilio Vilio Vilio

“Love the way
you smell today”

“Love the way
you smell today”

“Love the way
skunks smell”

Figure 3.1: Schematic overview of the proposed pipeline. First, a hateful
meme and its benign confounder counterpart are given to Vilio for ex-
tracting its predicted hatefulness and the attention attribution (top). The
confounders are divided into image benign (the image is replaced from the
original hateful meme so that it flips the label to benign) and text benign
(the text is replaced, flipping the label). In Experiments I and II (middle),
we quantify modality bias as the prediction difference between a hateful
example and its benign confounder counterpart (MITE; Experiment I) and
as the attention attribution difference (MIDAS; Experiment II). To see if
attention attribution is effective for calibrating the prediction upon modality
bias or not, we then build a LightGBM re-ranker (bottom), solely with the
prediction or with the prediction and the attention attribution.

3.5.4 Modality Interaction Disentangled Attribution Scores
(MIDAS)

While MITE diagnoses output-level shortcuts, it does not reveal where inside
θ this shortcut occurs. To trace these biases into the attention layers, we
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define MIDAS as follows:

1. Extract the Last-Layer Attention Tensor. For a given input pair
(T, I), run θ forward and obtain the final attention weight tensor A ∈
RL×L where L is the total number of tokens (text tokens or visual
regions). We exclude the special tokens [CLS] and [SEP] from the
analysis.

2. Compute attr. Compute attr(T,I) (Eq. 3.4). Each entry attr
(T,I)
i,j

quantifies how much the attention weight from position i to j con-
tributes to the prediction θ.

3. Partition by Interaction Type. Index all pairs (i, j) into three
disjoint sets:

Ptext = {(i, j) : i, j are both text tokens},
Pimage = {(i, j) : i, j are both image regions},
Pcross = {(i, j) : i text, j image} ∪ {(i, j) : i image, j text}.

4. ComputeMIDASit. For each interaction type it ∈ {text, image, cross},
define

MIDASit =
1

|Pt|
∑

(i,j)∈Pt

[
attr

(T1,I1)
i,j −

(
attr

(T1,I0)
i,j + attr

(T0,I1)
i,j

)]
(3.7)

In words, MIDASit measures how much attention mass on interaction
type it increases when both modalities are truly hateful, compared to
when only one modality is hateful (and the other has been replaced by
a benign variant). A high MIDAStext and low MIDAScross indicate that
the model is internally focusing its attention on text-only interactions (a
textual shortcut). Conversely, a high MIDASimage and low MIDAScross

signal an image shortcut. A model that correctly balances both
modalities will exhibit a relatively large MIDAScross, reflecting true
cross-modal synergy.

In practice, we compute these three scalar MIDAS values for each hateful-
benign triplet in our evaluation subset. Formal relationship between MITE
and MIDAS is discussed in Appendix A.1.

3.5.5 Bias-Aware Calibration

We propose a lightweight calibration method that mitigates modality bias by
incorporating attention-based attribution features. This procedure comple-
ments standard predictions with interaction-type-specific attribution scores,
enhancing robustness against unimodal shortcuts. Our calibration pipeline
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builds on attention attribution scores extracted from the final layer of each
VLM. For each hateful-vs-benign triplet (T, I), we compute the following:

• The predicted probability θT,I ,
• Attention attributions attri,j for all token-region pairs (i, j),
• Aggregated scores across three interaction types:

– attrtext =
∑

(i,j)∈Ptext
attri,j,

– attrimage =
∑

(i,j)∈Pimage
attri,j,

– attrcross =
∑

(i,j)∈Pcross
attri,j.

We then train four LightGBM classifiers, each using a different feature set
for comparative evaluation:

1. Raw-Only Baseline: uses only θT,I .
2. Single Attr Baseline [3]: uses θT,I and aggregate attention

∑
A.

3. Two Score Baseline [4]: uses θT,I , attrtext + attrcross, and attrimage +
attrcross.

4. Three Interaction Types (Proposed): uses θT,I with the full
interaction set {attrtext, attrimage, attrcross}.

Each classifier is evaluated on its ability to improve prediction quality in
the presence of modality shortcuts. Among these, only the proposed and
attribution-informed variants perform bias-aware calibration by leveraging
internal attention signals; the raw-only baseline lacks any modality-awareness
and thus cannot correct for modality imbalance.

3.6 Experimental Settings

This section details the data preparation, model configurations, and evalua-
tion protocol used to (i) compute MITE and MIDAS for each VLM, and (ii)
train and assess the bias-aware calibration module. In summary, we:

1. For fine-tuned Oscar, UNITER, and VisualBERT in Vilio’s repository1,
we compute MITE and MIDAS on the dev-seen set (162 hateful memes,
each paired with image- and text-benign confounders).

2. We analyze model behavior by comparing Text-to-Text and Image-to-
Image settings separately, measuring how hate predictions and atten-
tion distributions change under each type of modality manipulation.

3. Finally, we train a bias-aware LightGBM re-ranker using attribution
features and compare classification accuracy against the raw model
baseline.

1https://github.com/Muennighoff/vilio
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3.6.1 Dataset and Confounder Extraction

We conduct all experiments on the HMC dataset, which contains 10K crowd-
sourced image-text pairs. Among these, there are 162 dev-seen examples
labeled as hateful. Each hateful meme (T org

1 , Iorg1 ) comes with exactly one
provided unimodal benign confounder: either image-benign (T org

1 , Iorg0 ) or
text-benign (T org

0 , Iorg1 ).
To enable consistent computation of MITE and MIDAS across all examples,
we construct two complete evaluation settings per hateful meme by sampling
additional benign inputs when needed:

T2T (Text-to-Text) Task: Compare original hateful sample (T org
1 Iorg1 ),

(T org
1 Iorg0 ), a randomly picked text benign (T̃0, I

org
1 ).

I2I (Image-to-Image) Task: Compare original hateful sample (T org
1 Iorg1 ),

(T org
1 Ĩ0), a randomly picked text benign (T org

0 , Iorg1 ).

To reduce sampling bias and ensure each hateful meme has both confounder
types, we fill in any missing modality with three distinct picked benign
samples from the corresponding unimodal pool:

• For 84 memes with provided text-benign confounders, we sample three
benign images Ĩ

(1)
0 , Ĩ

(2)
0 , Ĩ

(3)
0 to form:(

T org
1 , Ĩ

(1)
0

)
,

(
T org
1 , Ĩ

(2)
0

)
,

(
T org
1 , Ĩ

(3)
0

)
.

• For 78 memes with provided image-benign confounders, we sample
three benign texts T̃

(1)
0 , T̃

(2)
0 , T̃

(3)
0 to form:(

T̃
(1)
0 , Iorg1

)
,

(
T̃

(2)
0 , Iorg1

)
,

(
T̃

(3)
0 , Iorg1

)
.

Sample Category # of Samples

Hateful (T org
1 , Iorg1 ) 162

Provided Image-Benign (T org
1 , Iorg0 ) 78

Provided Text-Benign (T org
0 , Iorg1 ) 84

Picked Image-Benign (T org
1 , Ĩ0) 234

Picked Text-Benign (T̃0, I
org
1 ) 252

Table 3.2: Breakdown of all hateful and benign pairs. Each hateful meme
is paired with one provided benign example and three picked confounders to
ensure both modalities are covered.

In total, we obtain 162 + (78+84) + (234+252) = 810 distinct pairs.
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Each hateful meme thus yields two complete triplets:

T2T:
(
T org
1 , Iorg1

)
,

(
T org
1 , Iorg0

)
,

(
T̃0, I

org
1

)
,

I2I:
(
T org
1 , Iorg1

)
,

(
T org
1 , Ĩ0

)
,

(
T org
0 , Iorg1

)
.

We compute MITE as:

MITET2T = θT org
1 , Iorg1

−
(
θT org

1 , Ĩ0
+ θT org

0 , Iorg1

)
,

and analogously for MITEI2I. Larger discrepancies between these values
indicate modality-specific shortcut behavior. To protect against confounder
noise, each MITE or MIDAS computation is averaged over three indepen-
dently sampled benign inputs per missing modality.

3.6.2 Models

We leverage the Vilio codebase, which provides author implementations of
three canonical VLM fusion architectures—Oscar, UNITER, and VisualBERT—
each fine-tuned on the HMC training set. Below is a summary of their
encoder backbones and pretraining objectives (Table 3.3). In all cases,
they use the basic BERT encoder (BERTbase) to embed text tokens and
a Faster-R–CNN visual-feature extractor. For each architecture, we actually

Model Encoder Pretraining Tasks

Oscar BERT (base) (1) Object-Tag Detection
(2) Image–Text Contrastive Learning

UNITER BERT (base) (1) Masked Language Modeling
(2) Masked Image Modeling
(3) Image–Text Matching
(4) Word–Region Alignment

via Optimal Transport

VisualBERT BERT (base) (1) Masked Language Modeling
(2) Image Captioning

Table 3.3: Summary of the three models used in our experiments.

evaluate three submodels (each differing by either random seed, the number
of visual features, or pretraining corpus variant—see the author’s repository2

2https://github.com/Muennighoff/vilio/blob/master/SCORE_REPRO.md
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for more detail), but empirical trends for visualization (MITE gaps and
MIDAS patterns) are qualitatively consistent across all submodels. To keep
the presentation concise, we report results from one representative submodel
per architecture. For the calibration experiment, we report the results from
all submodels.

3.6.3 Bias-Aware Calibration Set-up

To evaluate calibration efficacy, we construct a dataset of 162 × 3 = 486
samples, where each hateful meme is paired with one image-benign and one
text-benign variant. For every triplet, we extract the full feature set and
assign a binary label (hateful vs. benign). The LightGBM classifiers are
trained with the following configuration:

• 1000 boosting rounds (trees),
• Maximum depth of 6,
• 80% training and 20% validation split,
• Five fixed random seeds: {42, 123, 999, 1221, 1987}.

We report macro-AUC averaged across five random splits.

3.6.4 Implementation Details

All experiments were conducted using PyTorch 1.12, Transformers 4.21, and
LightGBM 3.3, running on NVIDIA A100 80GB GPUs.

3.7 Results & Discussion

We present three experiments to evaluate modality biases in SotA hateful
meme detectors and explore bias mitigation via attr.

3.7.1 Experiment I: Modality Bias in Prediction (MITE)

We compute MITE in both Text-to-Text (T2T) and Image-to-Image (I2I)
settings for each model on the HMC dev-seen split. These values reflect
how much the model’s hate prediction relies on joint text-image synergy, as
opposed to unimodal cues. Figure 3.2 displays the average MITE scores for
Oscar (O), UNITER (U), and VisualBERT (V), shown separately for the T2T
(cyan) and I2I (magenta) settings. VisualBERT shows a substantially higher
score in T2T than in I2I, indicating stronger reliance on the text modality.
Oscar exhibits a more balanced pattern, with moderate preference toward
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text. UNITER shows nearly equal scores across both settings, suggesting
that it relies on both modalities more evenly. These trends suggest that

V

0.5

0.3
0.4

U

0.1
0.2

0.0

Image-to-Image
Text-to-Text

O
Figure 3.2: MITE across Oscar (O: left), UNITER (U: middle), and Vi-
sualBERT (V: right), shown separately for Image-to-Image (magenta) and
Text-to-Text (cyan) settings. Larger MITE values indicate greater reliance
on joint text-image signals. A notable gap between the two bars suggests
asymmetric reliance on one modality.

pretraining and architecture choices influence how different models integrate
multimodal information, and shortcut on text-only signals in some cases.

3.7.2 Experiment II: Modality Bias in Attention: MI-
DAS

3.7.2.1 Global Analysis

To inspect internal attention level biases, we calculate MIDAS values for
each model under I2I and T2T settings. Figure 3.3 presents the average
MIDAStext, MIDASimage, and MIDAScross scores for Oscar, UNITER, Visual-
BERT, and an ablated VisualBERT variant pretrained solely on text. The
result shows that VisualBERT’s attention heavily favors text interactions
(Figure 3.3, third row). Oscar displays a moderate MIDAStextMIDAScross

difference, reflecting an intermediate textual shortcut (first row). UNITER
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Figure 3.3: Global MIDAS for Text-to-Text (left) and Image-to-Image (right)
samples, for Oscar (top), UNITER (second row), VisualBERT (third row),
and VisualBERT (text-only pretrained) (bottom). Bars in each graph show
attr summed over all the elements, MIDAStext, MIDAScross, and MIDASimage

(from left to right). Consistently with MITE result, VisualBERT shows the
strongest reliance on MIDAStext for both tasks, while other models relies
more on MIDASimage and MIDAScross for the Image-to-Image task.

exhibits the smallest such gap, suggesting its attention is more evenly
distributed across modalities (second row). Thus, MIDAS confirms the
ordering VisualBERT > Oscar > UNITER in terms of internal reliance
on textual interactions. Additionally, the text-only pretrained VisualBERT
variant (fourth row) further amplifies this bias, confirming that pretraining
data significantly influences modality interactions.
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3.7.2.2 Local Analysis

We further examine local explanations for representative hateful–benign
meme pairs to understand fine-grained attribution differences qualitatively.
Figure 3.4 illustrates a sample where UNITER highlights semantically rel-
evant regions (e.g. the woman vs. cargo in the image) and tokens (e.g.
dishwasher vs. driving). The top-scored image and text features differ

Text Benign

Hateful

ImageImage Benign

Figure 3.4: Local MIDAS explanations for a representative hateful (row 1),
text-benign (row 2), and image-benign (row 3) sample using UNITER. Top
image regions and text tokens receive the highest attribution under each
intervention. UNITER attends to ”dishwasher” in the text and a woman
in the image, suggseting that this model successfully capture the hateful
analogy.

when intervening on each modality, demonstrating UNITER’s ability to
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capture multimodal contrasts. Models exhibiting stronger textual biases,
like VisualBERT, underweight critical visual cues and fail to highlight salient
image regions (Appendix A.2).

3.7.3 Experiment III: Calibration with Attention Attri-
bution

To evaluate whether attrit can mitigate modality bias and boost classification
performance, we train LightGBM classifiers on four feature sets (§3.6.3).
Table 3.4 summarizes the results, showing AUROC scores for each model
and feature set. The result shows that VisualBERT achieves the largest

Table 3.4: Calibration results. The first column lists the model, followed
by the submodel identifier. The next three columns show AUROC scores
for the raw prediction only, single attention attribution [3], and two score
baseline [4]. The last column shows the performance of our proposed three-
interaction-type method. Performance is evaluated by AUROC, shown in
percentage for brevity. For Oscar and VisualBERT, our three-interaction-
type method outperforms single or dual attention split baselines with an
exception of O36.

Model
Sub-
model

Pred-
Only

Single
Attr.

Two
Score

attrit

O
O36 80.0% 81.3% 79.1% 81.2%
O50 83.7% 86.3% 84.4% 86.4%
OV50 83.8% 84.3% 82.2% 85.1%

U
U36 87.3% 83.2% 88.3% 85.9%
U50 83.6% 82.4% 84.8% 82.0%
U72 82.3% 79.5% 80.9% 79.3%

V
V135 79.1% 80.9% 79.3% 81.8%
V45 79.1% 80.9% 79.3% 81.8%
V90 79.1% 80.9% 79.3% 81.8%

boost (≃ +2.7 points), reflecting how much its raw predictions suffered
from text-only shortcuts. Oscar sees a substantial gain (≃ +2.7 points on
O50), confirming its intermediate bias. UNITER shows negligible or even
negative improvements, consistent with its minimal textual bias in MITE
and MIDAS. Additionally, our three-interaction-type approach consistently
outperforms previously proposed metrics (aggregated attr [3] and text-image
bimodal scoring [4]) for these biased models. These results indicate that
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attrit effectively corrects modality biases by injecting cross-modal interaction
signals in case a VLM’s decisions are biased towards textual modality.

3.7.4 Discussion

Our two-fold causality-interpretability framework combining MITE with
MIDAS reveals how hateful meme detectors shortcut on single modalities
at both the output and attention levels.
First, by measuring changes in hate-probability when swapping text or image
inputs, MITE quantifies the model’s reliance on joint versus unimodal cues.
As shown in Figure 3.2, MITE gap exhibits a clear gradient: largest gap
in VisualBERT, moderate in Oscar, no significance in UNITER, quantifying
the reliance on text when the image changes.
Next, MIDAS decomposes last-layer attention into within-text, within-image,
and cross-modal contributions. Global analysis (Figure 3.3) mirror the
MITE’s pattern: the within-text minus cross-modal attribution is highest
for VisualBERT, moderate for Oscar, and lowest for UNITER. Additionally,
inspecting representative hateful–benign triplets, local MIDAS explanations
reveal that UNITER highlights semantically relevant regions and tokens
under each intervention, whereas models with stronger unimodal biases
underweight complementary modality cues (Figure 3.4 and Appendix A.2).
Finally, the calibration gain obtained by injecting the three attrit features
into a lightweight LightGBM re-ranker (Table 3.4) peak for VisualBERT,
follow for Oscar, and are minimal for UNITER, showing that the calibration
is most needed (and most effective) where text bias was strongest.
Together, these results highlight the value of diagnosing both output- and
attention-level shortcuts when evaluating multimodal HM detectors, rather
than relying solely on accuracy metrics. However, our analysis is confined to
the controlled HMC confounders and three fusion architectures; real-world
memes and other VLMs may present more complex bias patterns. Future
work could extend MITE and MIDAS to larger and more diverse datasets,
explore automated confounder generation, and investigate how mechanistic
interventions in intermediate representations contribute to alleviating modal-
ity shortcuts.
Unlike [47], who show via Shapley-value analysis [75] that text alone often
drives cross-domain generalization and that adding image captions can
actually hurt VL models, MITE formally quantifies the intersectional effect
of multimodal signals versus each modality in isolation, rather than relying
on post hoc feature-importance methods. Similarly, whereas [4] split model
attention into only text-only and image-only attributions—revealing slur
grounding biases and visual keyword over-sensitivity—MIDAS adds a third
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cross-modal category and then demonstrates how these fine-grained signals
can be injected into a LightGBM re-ranker to mitigate unimodal shortcuts.
Finally, [48] articulate a general causal interpretation of intersectionality
in social theory. This work is the first to operationalize those ideas in an
empirical, large-scale evaluation of VLMs on HMD.
As mentioned in §2.5.1, previous approaches for causally debiasing VLMs
are limited to debiasing predictions, not attention or other internal bias
indicators. To further improve our debiasing methodologies, however, our
method can be combined with arbitrary methods from this approach.

3.7.5 Limitations

This study’s primary limitation concerns the unverified generalizability of
its findings. Hateful memes represent an evolving area of concern that
necessitates extensive, openly accessible datasets for comprehensive analysis
and validation. Although this chapter provides insights into bias detection
and mitigation in HMD, the framework should be tested on more datasets
and problem settings, such as multi-class meme detection [76].
A further constraint is the linguistic homogeneity of the dataset employed,
with the HMC dataset comprising exclusively English-language textual con-
tent. This presents a critical limitation in the context of the global escalation
of extremism, where hate speech proliferates across linguistic boundaries.
The detection of multilingual hate speech thus emerges as a crucial area for
future research, necessitating methodologies capable of navigating language-
specific nuances and cultural contexts [77,78].
Additionally, the field of hate speech detection faces resource limitations,
notably in the size and diversity of available datasets. Hateful speech datasets
are generally small, restricting the depth and breadth of training data for
machine learning models. We believe future studies could utilize LLMs and
VLMs as dataset curators (see a prompt engineering solution in Chapter 4).
Although MIDAS provides an interpretable high-level summary of the atten-
tion attribution to the predicted hatefulness, it shows limited performance
gain in debiasing the baseline classifiers. A potential source of this limitation
could be alleviated by combining lower-level approaches, such as manipulat-
ing the raw attention matrix via MI methodologies.
From a causal perspective, we should keep in mind that the causality
presupposed by MITE and MIDAS is unconditioned : although we believe
that the central idea (a text and an image are combined with malicious
intention to form the indirect effect, generating a hateful label) is logically
sound, it is challenging to validate this idea itself. In fact, the concept of
hatefulness in a meme is rather complicated; for example, the original HMC
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dataset contains unimodal hateful meme3 [41], indicating the presence of
another path from text or image. More fine-grained analysis on the type of
meme should be a part of the future work.

3.8 Conclusion

In this chapter, we presented a unified, causality-and-interpretability-driven
framework for diagnosing and mitigating modality bias in hateful meme
detectors. We first introduced MITE, a causal metric to measure how
models leverage joint text–image cues, and then developed MIDAS, an
attention-based metric to pinpoint where in the network these shortcuts
occur. Applied to three SotA VLMs, our analyses uncovered significant
textual biases, especially in VisualBERT, and demonstrated that injecting
MIDAS features into a bias-aware LightGBM re-ranker consistently improves
detection performance for modality-biased models. Together, these findings
advocate for a shift from purely accuracy-centered evaluation to causal
analyses in multimodal modeling. Future work will extend this pipeline to
additional datasets, explore other forms of presentation bias, and investigate
automated confounder generation via LLMs.

3For example, when the text abusing people with a specific race is embedded in the
normal image of that race, this meme is unimodal (the message is solely encoded in single
modality, the text.)
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Chapter 4

Formatting Bias within a VLM
for VQA

4.1 Terminology

Table 4.1: Definitions of key terms.

Term Definition

Representational
Shift

Changes in the model’s internal representations
(hidden states) caused by In-Context Learning
(ICL) examples, reflecting how examples reshape
zero-shot processing.

Representational
Shift Theory
(RST)

Formal framework of representational shifts in-
duced by ICL examples.

In-Distribution
(ID)

Data formatted like training (single-image, single-
turn). In this chapter, ID is identical to Zero-
Shot Learning (ZSL), a setting where a model
is required to solve a task without In-Context
Learning (ICL) examples.

Out-of-
Distribution
(OoD)

New formats (multi-image, multi-turn).

OoD ICL Providing in-context examples in formats not seen
during training to test semantic generalization.

Multi-image
Multi-turn OoD
(M2 OoD)

The inputs presented in multi-image multi-turn
fashion whereas the model is trained on single-
image or single-turn datasets.

continued on next page
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Table 4.1 – continued from previous page

Term Definition

Single-image
Multi-turn OoD
(SM OoD)

The inputs presented in single-image multi-turn
fashion whereas the model is trained on single-
image or single-turn datasets.

Counterfactual
Prompting (CFP)

A method of generating in-context examples by
prompting the model to produce alternative cap-
tions or responses, used to mitigate bias.

4.2 Chapter Summary

In this chapter, we address formatting bias in generative VLMs. First,
we motivate the importance of Out-of-Distribution (OoD) generalization
(§4.3). In OoD inputs, the same semantic content appears under new
formats. To generalize, a VLM must mitigate the formatting bias introduced
by its training format. We focus on how SotA VLMs tackles this OoD
generalization when an ICL example is presented in an OoD fashion (OoD
ICL).
Next, we review relevant literature (§4.4) on multimodal prompt engineering,
bias measurement in VLMs, and theoretical accounts of ICL, identifying a
gap in principled frameworks that explain how examples reshape internal
representations to drive robust OoD behavior.
To address this, we introduce RST (§4.5.3). We formalize the represen-
tational shift vector between zero-shot and in-context representations, and
propose two hypotheses: Hypothesis I, that semantically rich multimodal
OoD examples enhance performance when zero-shot semantics are weak; and
Hypothesis II, that text-only OoD examples recover performance in text-
dominated tasks like HMD.
We then detail our experimental settings (§4.6): evaluating on six VQA
benchmarks [39, 79–83] with two Large Language and Vision Assistant
(LLaVA) [2] variants; describing prompt templates including counterfactual
injections; and outlining how we extract representations and compute shifts.
In the Results & Discussion (§4.7), we present two experiments confirming
our hypotheses. In Experiment I (§4.7.1), semantically rich multimodal ex-
amples yield significant performance gains, especially on tasks with low zero-
shot accuracy. In Experiment II (§4.7.2), textual CounterFactual Prompting
(CFP) Framework recovers F1-score losses and mitigates label bias in the
HMC dataset. We synthesize these findings to illustrate how RST guides
effective prompt design for mitigating formatting biases in OoD ICL.
Finally, we summarize our contributions (§4.8): a theory-driven framework
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for interpretability via representational shifts, empirical validation of our
hypotheses across VQA and HMD tasks, and practical guidelines for ICL
example selection. We conclude by outlining future directions: automating
hypothesis curation, RepE for driving the shifts in latent space, and LLM
applications.

4.3 Introduction

Large VLMs have made remarkable strides on many multimodal tasks, yet
their robustness under distributional shifts remains a pressing concern. A
key challenge is formatting bias mitigation: extracting true semantic content
independently of spurious statistical regularities in formatting or prompt
structure. When prompts or inputs shift beyond the training distribution—
whether through novel combinations of images and text, or through subtle
alterations in prompt phrasing—models that have not obtained such a
mitigation ability can produce unpredictable or erroneous outputs. Ensuring
reliable OoD generalization is therefore critical for deploying generative
VLMs in real-world applications where inputs rarely mirror the training data.
Existing work has explored various aspects of this problem. Multimodal
prompt engineering has demonstrated that example selection can steer model
behavior, and empirical studies have quantified biases arising from various
shortcuts in VLMs. Theoretical accounts of ICL have shed light on how
demonstration examples influence internal representations. However, these
efforts remain fragmented: there is no unified, mechanistic framework that
explains how and why particular examples reshape a model’s latent space
to promote robust OoD performance, nor clear guidelines for constructing
demonstrations that systematically induce desirable shifts for mitigating
formatting biases.
In this chapter, we introduce RST, a principled framework for interpreting
and guiding example-induced changes in VLMs. We formalize the repre-
sentational shift vector which measures the difference between the in-context
representation produced by an ICL example and the zero-shot representation
of a test input. We posit two complementary hypotheses:

1. Hypothesis I. When zero-shot semantics are weak, semantically rich,
multi-image multi-turn demonstrations will yield substantial perfor-
mance gains for a VLM solely trained with single-image single-turn
datasets (Multi-image Multi-turn OoD (M2 OoD)).

2. Hypothesis II. When textual content predominates, carefully crafted
text-only demonstrations can recover performance losses and mitigate
label bias for a VLM solely trained with single-image single-turn
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datasets (Single-image Multi-turn OoD (SM OoD)).

Our evaluation across six VQA benchmarks and the HMC dataset with two
LLaVA variants confirms these hypotheses: in Experiment I, multimodal
OoD examples deliver significant accuracy improvements, particularly on the
tasks with low Zero-Shot Learning (ZSL) performance; in Experiment II,
text-only CFP recovers F1 losses and effectively reduces label bias on HMC
data.
Our contribution is summarized as:

• Testable ICL Theory on Formatting Bias Mitigation. We
propose RST, a theory-driven framework that explains how in-context
examples induce targeted changes in a VLM’s latent space. We
further formalize the representational shift vector and derive two core
hypotheses (Hypothesis I about M2 OoD and Hypothesis II about SM
OoD) for guiding example selection.

• Empirical Validation in VQA. We empirically validate the Hy-
pothesis I on six standard VQA benchmarks, demonstrating significant
accuracy improvements from semantically rich multi-image multi-turn
demonstrations even though multi-image format is not presented in the
training (M2 OoD).

• Empirical Validation in HMD. We empirically validate the HY-
pothesis II on the HMC dataset, showing that single-image multi-turn
text-only counterfactual prompting recovers performance and reduces
label bias even though the models are not trained in ICL fashion (SM
OoD).

• Practical ICL Guidelines in OoD settings. We present practical
guidelines for constructing effective demonstrations in generative VLMs
facing OoD problems, grounded in measured representational shifts.

4.4 Related Work

In this section, we review three strands of research central to our study:
(1) the pursuit of separating how semantic information disentangled from
formatting bias in model representations; (2) the mechanisms and theories
underpinning ICL; and (3) prior work on OoD generalization in VL tasks.

4.4.1 Towards Formatting Bias Mitigation

Extracting meaningful content independently of superficial statistical pat-
terns, or formatting bias, is the central question of interpretability studies.
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Prior research has typically isolated individual semantic factors, such as color
perception stripped of spectral information [84], geolocation under scaling
laws [85–87], or spatial world model [88], but lacks a unified framework
spanning multiple aspects of the semantics. Our work builds on these
foundational efforts of semantic information extraction to establish a theory-
driven approach to mitigate formatting bias for maximizing the VLM’s
understanding of the tasks at hand.

4.4.2 In-Context Learning (ICL)

Since its emergence in GPT-3 [12] as a gradient-free adaptation mechanism,
ICL has attracted extensive study. Towards unleashing the full capabilities
of LLMs and VLMs, efforts on optimizing the ICL strategies divide into three
categories: prompt engineering (e.g. chain-of-thought prompts) [89]; example
selection via retrieval methods like BM25 [90] or CLIP embedding similarity
[91]; and curated demonstration generation. Notably, CFP grounded ICL
example selection in the data generation process [92].
Concurrently, studies on interpretability have probed ICL dynamics through
specific algorithms, such as Bayesian inference [93], contrastive learning [94],
multi-state RNN [95], and gradient descent [96, 97], among many others
[98–100]. These studies covered extensive theoretical aspects, including the
common finding of meta-gradient ; LLMs could learn how to optimize its own
representation. However, how each theory contributes to separate semantics
from formatting bias is unclear.
As more empirical approaches for understanding how the ICL works, MI
works discovered key circuits and mechanisms behind ICL, such as induction
heads [101, 102], function vectors [103], and parallel structure [104]. Instead
of focusing on the detailed mechanisms, our study provides a macroscopic
analysis of the entire latent space. A potential mechanism behind our findings
is dicussed in the later section (§4.7.3).
Taking the mixed strategy of theoretical and empirical approaches, this
paper leverages multi-image, multi-turn contexts to examine how varying
semantics-format mixtures in demonstrations affect ICL efficacy, positioning
our study as the first to link ICL theory directly with ICL performance.

4.4.3 Out-of-Distribution (OoD) Generalization

OoD generalization examines model robustness when test inputs diverge from
training distributions [105, 106]. Traditional approaches in VL have focused
on domain adaptation [107] and label-shift scenarios [108, 109]; however,
these do not explicitly distinguish semantics from formatting bias; i.e., how
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to define the distributional difference among multiple datasets or multiple
labels is opaque. Recent work has begun to address OoD in multimodal
conversations in single-image and multi-turn settings, and has proposed
information-theoretic and label-shift benchmarks. For example, [110, 111]
proposed solutions for detecting OoD in a multimodal conversation. [112]
introduced the information-theoretic approach for multi-turn conversation
intention detection. [113] proposed two novel OoD categories, the multi-label
OoD and the label shift under the specific context. [114] benchmark OoD
detection in VQA and show that attention-based scoring, specifically average
maximum attention probability, effectively flags ungrounded or misaligned
image-question pairs by capturing the model’s reduced attention alignment
in OoD cases. We extend this line of research by evaluating and improving
OoD generalization under multi-image and multi-turn prompts, offering new
insights into how semantic information drives robust generalization.

4.5 Methodology

4.5.1 Proposed Methodology Overview

Our approach studies how ICL examples can induce targeted shifts in a
VLM’s latent space to promote OoD generalization. First, as preliminaries
to our methodology (§4.5.2), we introduce key concepts and two illustrative
examples (Banana Mustache and Tomato Nose). Second, we formalize the
RST, which decomposes these shifts into semantic and superficial format
components (§4.5.3; see Figure 4.1 for an overview). Finally, we propose two
hypotheses on OoD generalization, which we test in the experiments (§4.5.4)
(Figure 4.2).

4.5.2 Preliminaries

4.5.2.1 Meta-Gradient

Central to traditional machine learning is gradient descent, where the learn-
ing objective induces a change ∆H in the hidden representation H. Recent
interpretability studies suggest that LLMs perform an analogous, implicit
form of gradient descent during ICL: they use their own attention weights
W to compute a meta-gradient ∆W , which yields an updated representation
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Q. What is the mustache made of?

(Wrong
Answer)

Q. What is the 
nose made of?
A. Tomato.

A. Banana.

[inst]
Answer the question.

Hinst Hzsl

ICL
Zero-Shot

Hicl Input Shift

Representation
of Tomato Nose

Wemb

ΔWinst/zsl

ΔWinst/icl

Wemb

LLaVA
ΔWicl/zsl

Yicl Yzsl Output Shift

“Tomato Nose” “Banana Mustache”

Figure 4.1: Schematic Overview of Representational Shift Theory (RST)
with Banana Mustache test input and Tomato Nose In-Context Learning
(ICL) example. Both in a zero-shot setting (ZSL; black line) and in ICL (red
line), an instruction (question) is first provided with LLaVA to compose the
representation Hinst. Next, in a zero-shot setting, the test input forms the
meta-gradient ∆Winst/ZSL, resulting in the test-input’s representation HZSL.
Finally, the unembedding weight Wemb converts HZSL to the output YZSL.
In contrast, in ICL, an example is inserted between the instruction and the
test input to contextualize the semantic components (analogy of fruits and
facial parts) to form the meta-gradient ∆Winst/icl and ∆Wicl/zsl, and then
the ICL example’s representation HICL and the output YICL. We argue that
the difference of test-input representation HICL−HZSL (input shift) and that
of output representation YICL − YZSL (output shift) are the core of ICL.

H ′ when applied to H.

HZSL︸ ︷︷ ︸
zero-shot

= (W −∆Winst/zsl)Hinst

HICL︸︷︷︸
in-context

=
(
W − (∆Winst/icl +∆Wicl/zsl)

)
Hinst

(4.1)

Here, Hinst is the model’s hidden representation of the task instruction inst.
∆Winst/zsl is the meta-gradient induced by the instruction alone in ZSL.
∆Winst/icl and ∆Wicl/zsl are the successive meta-gradients induced by the
instruction→example and example→test mappings in ICL.
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(A) (B)

Q. What is the
nose made of?
A. Tomato.

[inst]
Answer the
question.

Q. What is
the mustache
made of?

Training
Data

CLIP

Never seen this
format, but a fruit
is a face part!

[inst]
Is this meme

hateful? Hateful is a strong
word. Calling a
person funny may
be hateful?

Propose another
caption for this image.

Caption:
This is funny.

This is cool.
Compared with
that caption,
is the original

caption hateful?

The two are
not too
different.
Therefore, no.

?

[inst]
...

Q. What is the
mustache made of?

ICL
Zero-Shot

CFP

Figure 4.2: Schematic Drawings of Hypotheses I/II and Experiments I/II.
(A) Hypothesis I and Experiment I. We hypothesize that semantically rich
ICL example given in an unfamiliar format contributes to the performance
when the zero-shot performance is poor (left). To validate this hypothesis,
we tested LLaVA’s Out-of-Distribution (OoD) ICL performance by adding
an ICL example most similar to the test input based on CLIP embedding
(semantically rich) to the LLaVA variants not trained with multi-image
datasets (right). When the model successfully mitigate formatting bias, it
extracts the semantic analogy despite the unseen format (large and explicit
formatting bias). (B) Hypothesis II and Experiment II. When LLaVA
is textually biased towards the hateful label (top), we hypothesize that
enhancing text-to-text interaction facilitates the unbiased decision (bottom),
and test this hypothesis with counterfactual prompting (instructing the
model to propose a caption to compare with the original caption).

4.5.2.2 Unembedding

Once a hidden state H is computed (whether in ZSL or ICL setting) the
model’s outputs Y are obtained by a linear projection (unembedding) via a
weight matrix Wemb:

Y = WembH (4.2)

This operation maps the high-dimensional latent representation back into
the model’s output vocabulary or label space. With these definitions in
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place, we can precisely quantify how ICL examples induce shifts in both the
input representation (HICL−HZSL) and the generative outputs (YICL−YZSL),
forming the foundation of RST.

4.5.2.3 Illustrative Examples

Before moving on to the mathematical details, we present two concrete
examples which are used in the later sections for illustrative purposes.

1. Banana Mustache example:

(a) Experiment I (VQA):
Image: a face with a banana arranged as a mustache.
Question: “What is the mustache made of?”
Here, the task is to identify the object in the designated region.

(b) Experiment II (HMD):
Image: (same as Experiment I)
Question: “Is this image hateful or benign?”
In this binary moderation setup, the task is HMD.

2. Tomato Nose example:

(a) Experiment I (VQA):
Image: a face with a tomato arranged as a nose.
Question: “What is the nose made of?”
Here, the task is to identify the object in the designated region.
Intuitively, the Tomato Nose example is semantically similar to
the Banana Mustache example, both involving a face and an
object in the designated region.

Note that the Tomato Nose analogy is only employed to illustrate how an
ICL demonstration induces a representational shift, and it is not in the real
dataset. Banana Mustache is from the VQA dataset [39].

4.5.3 Representational Shift Theory (RST)

In short, RST states that an ICL example triggers the cascadic shifts
of input representation and output. The core component of RST is the
representational shift vector : the difference between in-context and zero-shot
representations, enabling us to analyze how ICL examples induce targeted
changes in a VLM’s latent space. Figure 4.1 illustrates the core components of
RST. In the following sections, we will define the representational shift vector
and the cascadic shifts triggered by an ICL example, and then introduce two
hypotheses on OoD generalization.
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4.5.3.1 Representational Shift Vector

First, we define the representational shift vector ∆R(E, x), which captures
how an ICL example E reshapes the model’s representation of a test input x.
This vector is defined as the difference between the in-context representation
RICL(E) and the zero-shot representation RZSL(x).

∆R(E, x) = RICL(E)−RZSL(x) (4.3)

Hereafter, we omit the input x and the example E when the context is clear,
and simply denote the representational shift vector as ∆R. We decompose
∆R into a semantic shift (driven by content) and a formatting shift
(driven by the number of images and turns)—the latter being the very artifact
we seek to mitigate (Appendix B.1.2).

4.5.3.2 Cascadic Shifts

Specifically in the VQA task, R can be the hidden state H or the output Y
of a VLM. The representational shift vector ∆R thus captures how the ICL
example E modifies the model’s internal representation and final output for
the test input x. We can express the representational shift vector in terms of
the meta-gradient ∆W (Eq. 4.1) and unembedding weight Wemb (Eq. 4.2)
as follows:

Input Shift: ∆H = HICL −HZSL

=
[
W − (∆Winst/icl +∆Wicl/zsl)

]
Hinst − (W −∆Winst/zsl)Hinst

∝ −∆Wicl/zsl Hinst

Output Shift: ∆Y = YICL − YZSL

∝ −Wemb∆Wicl/zsl Hinst

(4.4)
which capture how semantic content in ICL examples reshapes both internal
representations and final outcome. Here we assume that the meta-gradient
triggered by the instruction is the same in both zero-shot and in-context
settings (i.e. ∆Winst/zsl ≃ ∆Winst/icl). RST posits that these shifts are the
key to understanding how ICL examples induce targeted changes in a VLM’s
latent space, enabling robust OoD generalization.

4.5.4 Hypotheses on OoD Generalization

Building on RST, we posit two complementary hypotheses about how OoD
ICL examples can steer VLM performance (Figure 4.2). These hypotheses
are tested in §4.7.
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4.5.4.1 Hypothesis I about Multi-Image Multi-Turn OoD

When a zero-shot (In-Distribution (ID)) input provides insufficient semantic
cues, we hypothesize that inserting semantically rich ICL examples (resulting
in M2 OoD) will induce a representational shift that boosts performance
(see Figure 4.2 (A)). For example, suppose a model trained solely with the
single-image datasets (e.g. the images and captions of fruits or human faces)
struggles with understanding the Banana Mustache example (Figure 4.2 (A),
left) In this case, we provide a semantically rich OoD ICL example (Tomato
Nose) to see if it can cause the meaningful representational shift, leading to
better performance (Figure 4.2 (A), right).

4.5.4.2 Hypothesis II about Single-Image Multi-Turn OoD

In tasks prone to textual bias like HMD (Chapter 3), textual semantics
dominate. In this case, we hypothesize that the text-only ICL examples
(resulting in SM OoD) can mitigate textual bias and recover performance (see
Figure 4.2 (B)). For example, a model instruction-tuned to flag aggressive
messages with high recall may misclassify a neutral Banana Mustache meme
due to spurious text cues (Figure 4.2 (B), top). By first generating a benign
caption (e.g. “This is cool”) and then using that as an ICL example to
compare against the original caption, we encourage text-to-text reasoning
that reduces textual bias and improves HMD performance (Figure 4.2 (B),
bottom).

4.6 Experimental Settings

4.6.1 Models

We evaluate two 13-billion-parameter LLaVA–Llama2 [2,115] and LLaVA–1.5
[116] chosen for strong language capabilities and no multi-image pretraining
or multi-turn conversational instruction tuning.

4.6.2 Datasets

• Experiment I (M2 OoD): We use six VQA benchmarks (VQA v2
[39], GQA [79], VizWiz [80], TextVQA [81], MMBench [82], MM-Vet
[83]), spanning a wide range of zero-shot accuracies.

• Experiment II (SM OoD): We use HMD, selected for its text-
dominant bias (Chapter 3).
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System:
You are a helpful language and vision assistant.
User:
<image in dataset>
Give me one caption that fits with this image.
Assistant:
{generated caption}
User:
In comparison with that caption, is the following caption hateful or non-hateful?
Answer with a single word.
{caption in dataset}
Assistant:
{answer}

Figure 4.3: The representative counterfactual prompt. The system prompt
is truncated for illustrative purposes. The curly brackets indicate the
placeholders. This prompt instructs the model to generate a neutral caption
that fits with the given image, and then to use that caption as a contrastive
example for the hateful meme detection.

4.6.3 One-Shot Example Selection

• Experiment I: We retrieve the semantically closest multi-image example
via CLIP embedding cosine similarity.

• Experiment II: We generate text-only demonstrations using CFP; com-
pare against BM25 text retrieval (Search for the text most similar to
the test input out of the training dataset, present the model with an
image accompanied in the original dataset, utilizing the presence of
text confounders observed in Chapter 3) as a baseline.

4.6.4 Prompt Templates

• Experiment I: We follow the zero-shot template in LLaVA’s repository1.
For M2 OoD, we insert an example selected by the aforementioned cri-
teria (§4.6.3). See §4.7.1.2 and Appendix B.4.2 for concrete examples.

• Experiment II: Figure 4.3 shows the template we used.

1https://github.com/haotian-liu/LLaVA
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4.6.5 Metrics and Representations

Following the official evaluation codes (e.g. VQAv22), performance is mea-
sured via accuracy (VQA) in Experiment I. In Experiment II, we use F1 to
balance the impact of each label since we hypothesize the bias towards a
specific label (§4.5.4.2). Hidden states are extracted from the multimodal
backbone; representational shifts are quantified by cosine similarity to link
semantic content with performance changes.
In Experiment I, to disentangle dynamic semantic contributions from rela-
tively static formatting biases in these shifts, we implemented a linear mixed-
effect model [117]. We assumed that semantic effects vary across individual
samples, whereas formatting biases (e.g. dataset-specific prompt formats or
number of images) remain consistent within or across datasets. Accordingly,
we built a linear mixed-effect model to predict the output shift vector ∆Y
(Eq. 4.4, bottom) from the input shift vector ∆H (Eq. 4.4, top). Specifically,
we treated the input-shift vector as a random effect3, and added dummy
variables for each of the six datasets and each LLaVA variant (LLaVA-Llama2
vs., LLaVA-1.5) as fixed effects4. Formal definitions and estimation details
are provided in Appendix B.2.1, with further discussion on model choice
in Appendix B.4.3. We use a random-effect-only model (i.e. without fixed
effect) as a baseline.
In Experiment II, to directly assess how OoD ICL affects the separability of
hateful versus benign representations, we compute a cosine similarity matrix
over the input-shift vectors ∆H for all pairs of samples. Concretely, for each
pair (i, j) with labels yi, yj ∈ {hateful, benign}, we calculate

sim(i, j) =
∆H(i)⊤∆H(j)

∥∆H(i)∥ ∥∆H(j)∥
(4.5)

and organize these into a block matrix distinguishing intra-class (hate-
ful–hateful, benign–benign) and inter-class (hateful–benign) similarities.

4.6.6 On-the-Fly OoD ICL Evaluation

Hypothesis I (§4.5.4.1) states that the OoD ICL works when the zero-shot
performance is poor. While this hypothesis provides insights into the role of
ICL over the formatting bias mitigation, we acknowledge the significance of
selecting the prompting strategy on-the-fly ; or selecting the strategy before

2https://eval.ai/web/challenges/challenge-page/830/my-submission
3Random effects vary across samples; fixed effects are constant across all samples.
4For example, a fixed effect of LLaVA-1.5 is presupposed to be identical over all the

outputs generated by this model.
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fully evaluating the zero-shot performance for real-world applications. To
enable this real-time selection between zero-shot and OoD ICL prompts with-
out requiring complete in-distribution calibration, we implement a dynamic
strategy-switching algorithm. Given the zero-shot test-input representation
HZSL, we train two lightweight auxiliary predictors fZSL and fICL to estimate
the probability of a correct answer under each strategy. At inference, we
choose

Yalg =

{
L(XICL) if fICL(HZSL) > fZSL(HZSL)

L(XZSL) otherwise
(4.6)

where L is the LLaVA model and XZSL, XICL denote the zero-shot and OoD
ICL prompts, respectively. Because the decision relies solely on HZSL, it can
be made on-the-fly without full prior ID evaluation.
We instantiate each f as a single linear layer for LLaVA-Llama2 and as a
single-layer Transformer for LLaVA-1.55. Auxiliary models are trained on
70% of the GQA and TextVQA test splits (holding out 30% for evaluation),
for which we can obtain the binary labels locally. We optimized the auxiliary
models using binary cross-entropy loss6 with an Adam optimizer [118] for
optimization. For LLaVA-Llama2, we upweight the positive (correct) class
by a factor of 10 to mitigate label imbalance7.

4.7 Results & Discussion

4.7.1 Experiment I: Multi-image Multi-turn OoD

4.7.1.1 Performance Evaluation

Experiment I evaluates the hypothesis that semantically rich M2 OoD ICL
examples induce beneficial representational shifts in LLaVA, leading to
improved VQA performance under distributional shifts. First, we compare
ID versus one-shot OoD ICL performance to quantify gains attributable to
semantically aligned demonstrations (Figure 4.4). On six VQA benchmarks,
OoD ICL with LLaVA–Llama2 yields substantial accuracy improvements on

5Prior to this on-the-fly evaluation experiment, we performed the qualitative analysis
(§4.7.1.2), observing the relatively simple reasoning (boosted task-following ability in ICL)
behind LLaVA-Llama2 and more complex findings for LLaVA-1.5. Thus, we assumed the
simple mapping between zero-shot and in-context representations for the former, and more
complex, potentially non-linear projection for the latter.

6https://docs.pytorch.org/docs/stable/generated/torch.nn.BCELoss.html
7Aside from 1 : 10, We also tested 1 : 1,1 : 2,1 : 5,1 : 20, and 1 : 10 works the best. We

also did some preliminary experiments on Focal Loss [119], but did not see a significant
performance gain in the preliminary experiments.
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Figure 4.4: Performance summary of LLaVA-Llama2. zsl and icl repre-
sent Zero-Shot Learning (ZSL) and Out-of-Disrtibution In-Context Learning
(OoD ICL; denoted simply as ICL in the figure legends for brevity). OoD
ICL results in better performance for four datasets, where the zero-shot
performances are poor.

datasets with relatively low ZSL performances (GQA, VQAv2, VizWiz, and
TextVQA) while having minimal impact on relatively-high–ZSL-performance
datasets (MMBench and MM-Vet).

4.7.1.2 Qualitative Analysis

Next, to illustrate how OoD ICL examples correct errors and inject missing
semantics in practice, we examine representative cases from GQA and
TextVQA that we can obtain ground-truth labels locally for precise analysis.
Examples demonstrate that semantically relevant OoD prompts selected
via CLIP similarity can constrain answer format (e.g. enforcing single-word
responses; Figure 4.5) and supply analogical cues (e.g. monetary units; Figure
4.6), while random sampling fails to produce these effects (Figure 4.7). More
analysis is in Appendix B.4.2.

4.7.1.3 Representation Analysis

We aim to verify that observed performance gains correlate with measurable
shifts in the model’s hidden representations, as predicted by RST. A linear
mixed effect model shows that the input-driven representational shift term
explains the majority of variance in the ICL-augmented embeddings (R2 =
0.59 ± 0.02), outperforming the random-effect-only baseline (R2 = 0.43 ±
0.01), validating the efficiency of our mixed effect model. Next, we analyzed
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the regression coefficients of the mixed effect model (Table 4.2). We see that

Table 4.2: Regression Coefficient*100 of the mixed effect model’s prediction
with the dummy variables representing the datasets and the models. The
prediction shows a much higher coefficient than the dummy variables, vali-
dating our models.

variable coef*100

(Intercept) 9.2± 2.1

mm-vet −0.75± 0.7
mmbench 2.81± 0.7
textvqa 2.1± 0.6
vizwiz 0.16± 0.7
vqav2 −0.12± 0.6

model −0.39± 0.4

Input Shift 70.33± 5.9

the coefficient of the input shift is much higher than that of the variables
introduced for the fixed effect, suggesting that semantic content in OoD ICL
examples drives the shift under the variances of datasets and models.

4.7.1.4 On-the-Fly OoD ICL Evaluation

Towards real-world applications, we introduce a dynamic selection mecha-
nism (Eq. 4.6) that chooses between ZSL and OoD ICL prompts based
solely on zero-shot representation features, eliminating the need for prior
ID performance measurements (on-the-fly). We show the results in Table
4.3. For LLaVA-Llama2, the on-the-fly strategy’s accuracy is capped by
the static M2 OoD ICL performance, reflecting the model’s extremely low
ZSL baseline. This strategy still achieves a 1.3–6.5 point absolute gain over
ZSL. In contrast, for LLaVA-1.5, where ZSL and static OoD ICL accuracies
are comparable, the on-the-fly approach outperforms both fixed strategies
by leveraging their complementary strengths. These results suggest that
strategically designed OoD ICL examples, combined with dynamic on-the-
fly strategy selection, can effectively mitigate spurious formatting biases to
boost semantic reasoning and yield robust performance gains across diverse
VQA datasets.
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Table 4.3: Accuracy of the on-the-fly context selection. Bold indicates the
best performance in each row. In the LLaVA-Llama2 case, the performance
is bounded by the OoD ICL (as with the figures, denoted as ICL in the table
legends) accuracy since ZSL performance is extremely low. In the LLaVA-
1.5 case, it outperforms both ZSL and ICL, suggesting its efficiency when the
performance of the two strategies is comparable.

Model Dataset ZSL ICL Eq. 4.6

LLaVA–Llama2
TextVQA 0.9 4.7 2.2
GQA 0.0 9.0 6.5

LLaVA-1.5
TextVQA 61.6 57.0 63.8
GQA 65.7 56.0 68.2

4.7.2 Experiment II: Single-image Multi-turn OoD

4.7.2.1 Note on notation in Experiment II

In Experiment II, although SM OoD can be seen as a variant of ICL that the
model generates an ICL example for self-improvement, we use ICL to refer
to the M2 OoD approach, and CFP to refer to the SM OoD approach. This
is because M2 OoD is a typical form of ICL where the model is provided
with an example given by the user (in this case an image and a caption) to
compare against the test input. To avoid confusion, we repeat this notation
for multiple times in this section.

4.7.2.2 Performance Evaluation

Experiment II tests whether the SM OoD (CFP) approach mitigates textual
biases in a text-dominant VQA setting. Specifically, we apply CFP to
generate benign examples and compare model predictions on the HMC with
ZSL and M2 OoD conditions (Table 4.4). In Experiment II, we use M2 OoD
and ICL interchangeably. Supporting Hypothesis I, CFP approach improves
F1 from 61.4% (ZSL) to 62.2%, whereas ICL decreases performance to 58.5%.
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Table 4.4: Hateful memes detection performance. CFP’s performance is
better than ZSL while regular ICL (M2 OoD) dropped the performance,
supporting Hypothesis II.

setting ZSL ICL CFP

f1*100 61.4± 0.5 58.5± 0.9 62.2± 0.3

4.7.2.3 Representation Analysis

We investigate how CFP prompts reshape the representation space to
separate hateful and benign classes, reducing label confounding (Figure
4.8). Representational similarity matrices show that CFP substantially
lowers cross-label similarity, effectively disentangling class representations
and attenuating textual shortcuts. These results suggest that CFP not only
boosts F1 beyond both ZSL and M2 OoD ICL baselines but also markedly
enhances the latent separation between hateful and benign representations
in the presence of both textual and formatting biases.

4.7.3 Discussion

The core premise of RST is that ICL elicits two distinct transformations in
a model’s hidden states: an input shift driven by semantic content, and an
output shift reflecting downstream adaptation. Under RST, an effective OoD
generalization requires amplifying the dynamic semantic component of the
input shift relative to the static formatting bias term.
Experiment I validates this principle: when zero-shot semantics are weak, M2

OoD ICL demonstrations induce larger semantic shifts, and these shits are
translated into accuracy gains over ZSL (Figure 4.4). Qualitative case studies
further confirm that CLIP-guided example retrieval yields more pronounced
semantic shifts than random sampling (§4.7.1.2). The on-the-fly strategy
leverages early zero-shot representations to choose between ZSL and OoD
prompts, matching static OoD gains for weaker models and exceeding both
strategies for stronger models by dynamically harnessing their complemen-
tary advantages (Table 4.3).
Experiment II extends RST to single-image settings: CFP (SM OoD) not
only improves performance (Table 4.4) but also produces a marked drop
in inter-class cosine similarity of the input representation (Figure 4.8),
indicating clearer separation of hateful versus benign representations. This
demonstrates that even in text-dominant tasks, carefully designed OoD
examples can amplify the semantic shift and mitigate label-specific textual
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biases and formatting biases.
Although this work focuses on proposing a theory about the role of ICL on
formatting bias mitigation, our experiments showed the practical guidelines
for selecting ICL examples, particularly in challenging OoD problems. Under
the necessities of multi-image or multi-turn reasoning in the absence of
models that are not trained on such queries, the practitioners can either
(1) add the meaningful context, such as CLIP-based ICL examples despite
the formatting variance from the training data, or (2) utilize the model’s
ability to curate ICL examples.
Together, these findings offer evidence-grounded support for RST’s view that
the representational impact of ICL can and should be dissected into semantic
and format contributions.
Previous efforts on building interpretability theories for ICL have validated
the concept of meta-gradient, attention weight used as a form of gradi-
ent [96, 97]. Meta-gradient backbones RST, which provides an analytical
framework for formatting bias mitigation. Towards separating the semantic
information from formatting bias, interpretability studies disentangled a
few aspects of the semantics [84–86, 88]. Beyond the limited aspects of
the semantics and semtnaics-format separation, RST provides a unifying
framework for mitigating the formatting bias for amplifying the semantic
understanding of the VLMs.
Although our theory provided the general framework for ICL analysis, its
detailed mechanism is elusive. For example, linguistic patterns inherent in
ICL examples may contribute to OoD ICL; as an explanation using parallel
structures [104], or the repetitive occurence of specific tokens, the model may
learn the repetitive occurences of the image token inserted before textual con-
text ([Image token] → [Textual context] → [Image token] → [Test input]).
Likewise, the model’s capability of learning such a token sequence is a
promising candidate for the mechanism underlying the representational shift.
One of the famous mechanisms is an induction head [101, 102], with which
the model performs token completion. In ICL for labeled datasets, the
induction head may utilize the label to perform a simple completion like
[ICL example A] → [Label Y1] → [Test input B, which is similar to A] →
[Completed Label Y1]. While this simple completion is less likely in unlabeled
datasets (e.g. MM-Vet), pattern analysis is a promising area of research.
Also, our results support the presence of function vectors [103] in that the
latent space right after presenting an ICL example influences model behavior.
As with preceding studies, we plan to explore which attention heads cause
the representational shift in future work.
Another fundamental topic is the definition of ICL itself. The original
paper [12] defines ICL as ”a learning method using the input of a pretrained
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language model as a form of task specification: the model is conditioned
on a natural language instruction and/or a few demonstrations of the task
and is then expected to complete further instances of the task simply by
predicting what comes next”8. Although our qualitative analysis suggests
that task comprehension is improved by the proposed method (Figure 4.5),
the mechanism behind the performance gain may be slightly different from
the explanation above, since LLaVA variants are not conditioned by multiple
pairs of images in OoD ICL. Since the mechanism of ICL in general is
still an open question, future work may provide a unified explanation of,
or distinction between, the traditional ICL and the phenomenon studied in
this thesis.

4.7.4 Limitations

While our study provides valuable insights into formatting bias mitigation,
there are several limitations and future research directions that warrant
further investigation.
We limited our evaluation to one-shot ICL because few-shot ICL introduces
additional complexities to our analysis, such as the fixed or random effects of
varying the number of images. However, we acknowledge that applicability
to few-shot ICL is critical, and we plan to tackle this challenge in future
work.
Although RST can be used to analyze arbitrary problems, the largest
limitation for the time being is its generalizability; to foresee the performance
improvement in another problem, we need another hypothesis tailored to
that problem. Towards the automatic formulation of the novel hypothesis,
we believe the flexibility of semantic and formatting bias terms (Eq. B.4)
is the key. This study is also limited linguistically; we only used English
datasets.
Another empirical limitation is oversimplicity; we acknowledge that fully
decomposing input information into distinct format and semantic compo-
nents is challenging. In other words, formatting bias and statistics may
interact in the real world. For example, certain semantic content may only
be understandable within specific formats. A complicated mathematical
concept, for instance, might be best comprehended through equations. We
acknowledge this interplay and will consider it in future work.
From a theoretical point of view, we have an intuitive leap from the existing
works on meta-gradient; a nonlinearity [96, 97]. Despite previous works on
secretly linear nature of a nonlinear Transformer [120] and our empirical

8Slightly modified to fit in the context of this thesis
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findings supporting RST, applying the concept developed on a linear variant
to the nonlinear one might hinder the precise evaluation. Recently, [94]
proposed a theory for the nonlinear Transformer variants with the help of
contrastive learning [121]. Unifying RST with their approach might provide
a robust theoretical grounding.
In addition, whether the input shift causes the output shift is still elusive.
An approach is to hire an MI method, such as path patching [122, 123].
Training phase mechanisms such as grokking or double descent [124] should
also provide an explanation for the mechanism behind representational shift.

4.8 Conclusion

In this chapter, we tackled formatting bias, where non-semantic constraints
such as limited image counts or conversation turns skew VLM reasoning, by
operationalizing a theoretical approach and crafting targeted OoD ICL in-
terventions. Through M2 OoD ICL demonstrations, Experiment I overcame
single-image/single-turn restrictions to yield accuracy gains on low-zero-shot-
performance VQA tasks. Experiment II employed single-image CFP (SM
OoD ICL) to neutralize turn-count limitations, boosting HMD performance
and markedly improving latent class separability. Together, these findings
show that amplifying dynamic semantic shifts relative to static formatting
factors can effectively neutralize format-induced artifacts. Future work will
investigate automatic problem-specific hypothesis curation based on RST,
RepE for driving the representational shifts towards desired directions, and
extensions of RST to pure LLM settings.

57



Incorrect ZSL response by
LLaVA–Llama2.

User:

Are there drapes to the right of the
bed?

Answer the question using a single
word or phrase.

Assistant:
yes, there are drapes to the right of
the bed

Correct ICL response by LLaVA–Llama2

User:

Do you see sheets on the bed?

Answer the question using a single
word or phrase.

Assistant:
no
User:

Are there drapes to the right of the
bed?

Answer the question using a single
word or phrase.

Assistant:
yes

Figure 4.5: A representative LLaVA-Llama2’s response from the GQA
dataset. (A) LLaVA-Llama2 does not follow a part of the instruction where
it is required to answer the question in a single word. (B) LLaVA-Llama2
responded in a single word with an ICL example.
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Incorrect ZSL response by LLaVA–1.5.

User:

How much is the copper colored coin
worth?

Reference OCR token: [...], ONE,
2aH

Answer the question using a single
word or phrase.

Assistant:
1

Correct ICL response by LLaVA–1.5.

User:

Provide a one-sentence caption for
the provided image.

Reference OCR token: L

Assistant:
A copper coin featuring the words
ONE PENNY sits on top of a white
surface.
User:

How much is the copper colored coin
worth?

Reference OCR token: [...], ONE,
2aH

Answer the question using a single
word or phrase.

Assistant:
1 penny

Figure 4.6: A representative LLaVA-1.5’s response for which OoD ICL im-
pacts the performance positively from the TextVQA dataset. (A) LLaVA-
1.5 answered the monetary value question without its unit (just 1, without
penny), potentially due to the missing OCR token for the unit. (B) LLaVA-
1.5 answered correctly, potentially because the ICL example attributed one
penny to the value of the copper coin.
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User:

Provide a one-sentence caption for
the provided image.

Reference OCR token: LERIE,
HOT

Assistant:
A bottle with a blue top with LERIE
written on it.
User:

How much is the copper colored coin
worth?

Reference OCR token: [...], ONE,
2aH

Answer the question using a single
word or phrase.

Assistant:
1

Figure 4.7: A representative LLaVA-1.5’s response when the ICL example
is randomly sampled from the training dataset. Seemingly irrelevant image-
text ICL example does not affect the model’s response.
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ZSL,Benign

ZSL,Hateful

ICL,Benign

ICL,Hateful

CFP,Benign

CFP,Hateful

ZSL,Benign

ZSL,Hateful

ICL,Benign

ICL,Hateful

CFP,Benign

CFP,Hateful

0.2

0.3

0.4

0.5

1.000 0.275 0.193 0.181 0.301 0.173

0.275 1.000 0.197 0.190 0.148 0.336

0.193 0.197 1.000 0.321 0.157 0.127

0.181 0.190 0.321 1.000 0.136 0.152

0.301 0.148 0.157 0.136 1.000 0.154

0.173 0.336 0.127 0.152 0.154 1.000

Figure 4.8: Representational shift across the learning type. Each entry is
the similarity of the input between two conditions. For example, the left-top
value 0.173 is the similarity of the input between hateful samples of a CFP
setting and benign samples of a ZSL setting. While the hateful samples and
the benign samples are similar for ZSL and ICL (i.e., M2 OoD) settings, CFP
hateful samples and benign samples are less similar.
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Chapter 5

Conclusion

5.1 Are the two studies disjoint?

In this dissertation, we studied two types of presentation biases: modality
bias (Chapter 3) and formatting bias (Chapter 4). Although the two studies
share a high-level research interest in interpreting/mitigating individual
presentation bias, the broad scope may have resulted in discrepancies of the
methods (causality metrics for modality bias/theory-driven context selection
for formatting bias) and of the problems (HM/VQA). However, I argue that
the two chapters are closely connected within these layers.
First, the two methods are compatible; while the bottom-up1 approach, such
as attribution metrics, is grounded on empirical evidence, the downside of this
approach is its generalizability to other datasets/models/settings than those
studied in a specific study. In contrast, although the top-down approach, such
as theories, provides a setting-agnostic general framework, it often struggles
with applying to real-world complexities. A discussion of combining the
two type of methods is in 5.4. For more discussion on bottom-up/top-down
approaches, I refer the readers to the recent review on MI [125].
Second, HM is a special case of VQA in the era of generative VLMs (that is,
VLMs can perform the HMD task when they are asked to answer whether
the given image-caption pair is hateful or not; see §4.7.2). In Chapter 3, I
focused on HMC to assess the impact of the causal graph representing its data
generation process (§3.5.3). Although this approach allows me to logically
ground the analysis, this also limits the generalizability of the proposed
method (§3.7.5). To address this limitation, I used general VQA datasets
in Chapter 4.

1Finding the insights from each of the parameters
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5.2 Contribution Summary

In this dissertation, I analyzed the presentation biases within the VLMs
for HMD and VQA, and proposed debiasing methods based on the insights
obtained from their inner workings.
First in Chapter 3, we proposed metrics for quantifying the modality bias
in predicted hatefulness (MITE) and in attention matrices (MIDAS). The
analysis of the three BERT-based HMDmodels shows the predominant biases
towards textual information, especially in VisualBERT. The calibration of
the prediction by MIDAS suggests that this metric could be utilized for
debiasing the HMD models, especially when the baseline classifier is biased.
Next in Chapter 4, we proposed RST, a theory about the role of ICL
on formatting bias mitigation, or how a VLM comprehends semantically
meaningful information in the presence of the formatting bias. Based on
this theory, we proposed two hypotheses for how and when ICL works in the
challenging OoD settings, where the model needs to understand the semantics
in the presence of heavy formatting bias (the unseen number of images and/or
the unseen number of conversation turns). The empirical results on six VQA
datasets and HMC dataset validate RST and the two hypotheses.
In summary, a high-level contribution of this dissertation is summarized as:

• High-Level Analyses of VLM’s Inner Workings for Presenta-
tion Bias Detection and Mitigation. Beyond the existing works
on the outcomes (predicted probabilities and text-formed responses),
this dissertation provided metrices for the modality bias within a
VLM (Chapter 3) and theoretical accounts of how a VLM addresses
formatting bias (Chapter 4).

• Mitigating Presentation Biases upon Model Internals. Whereas
the previous works on interpretability focuced on understanding the
model internals, this dissertation provided the practical guidelines for
improving the base VLMs’ decisions based on the understanding.

5.3 Limitations

In this dissertation, I proposed diverse solutions to different problems (two
metrices for modality bias and an ICL theory for formatting bias) under
the same philosophy. Therefore, a major limitation of this study is the
scalability of the findings; Whether the proposed frameworks can be used
for different problems is unclear. To this end, unifying both approaches (e.g.
an automatically generated bias metric based on the theoretical grounding)

64



is a promising area of study.
Another limitation is in its generalizability, especially for HMD; applicability
to other datasets (e.g. MUTE [77] for HMD) is important. Additionally, this
dissertation explored a limited range of VLMs (three BERT-based HMD
models and LLaVA). A comprehensive analysis of the different models, such
as the emerging reasoning models like DeepSeek [126], is critical for better
insights.
As mentioned in §4.7.4, the gap between the linearity-presupposing the-
oretical literature and the non-linearity inherent in the real-world VLM
applications is challenging. Additionally to the meta-gradient framework
for a regular Transformers [94], expanding the scope to a broader range
of theories, such as a singular learning theory [127, 128] and an infra-
Bayesianism [129] is a promising avenue.

5.4 Future Work

As with Chapter 1, the ultimate goal of interpretability is the human-VLM
alignment. To fill in the gap between interpretability and alignment, future
work should involve more interventional efforts; as we isolated critical mech-
anisms within VLMs, the next step is to monitor their test-time behaviors
and to correct the unexpected ones. MIDAS-based HMD calibration (§3.6.3
and 3.7.3 in Chapter 3) and on-the-fly ICL evaluation (§4.6.6 and 4.7.1.4 in
Chapter 4) show promising results; yet the application and performance gains
are limited. Taking a hateful meme detector (Chapter 3) as an example,
a high text-to-text MIDAS score for an image-oriented task suggests the
presence of the pertaining bias, or shortcut learning [130]. In that case,
the fine-grained interventions in the model (in the attention matrix, linear
projections, etc.) may alleviate the unwanted behavior while keeping the
inherently unbiased decisions intact. For more discussion, I refer the readers
to the comprehensive review of MI [125] and RepE [63].
Another problem that interventional techniques may address is the causal role
of the bias detected in visualization over the outcome (predicted probabilities
and text-form responses). For example, the overestimated attribution of
attention to textual tokens can be suppressed by attribution patching [131] to
test its causal impact on prediction and performance. Towards the real-world
applications, an important topic is the discussion about potential use cases.
In general, while the gradient-based XAI approaches (Chapter 3) provide
supporting evidence for domain experts and decision makers, theoretical
understanding of the mechanism underlying the complex model (Chapter 4)
benefits researchers and engineers more. Therefore, the real-world applica-
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tion would be multi-layered; for example, while showing an attribution metric
to the decision makers, the engineers can investigate the potential cause of
its value.
Additionally, I should perform a more comprehensive analysis on the cross-
factor interactions. For example, our causality framework in Chapter 3 did
not take into account the presence of unimodal hatefulness (§3.7.5) and other
factors such as the annotator’s preference2.

5.5 Concluding Remarks

In this dissertation, I analyzed the presentation biases within VLMs for
HMD and VQA, and proposed debiasing methods based on the insights
obtained from their inner workings. The proposed metrics for modality
bias (MITE and MIDAS) and the theory of formatting bias (RST) provide
a new perspective on the interpretability of VLMs, which can be utilized
for improving their performance in real-world applications. I hope that the
findings of this dissertation contribute to the ongoing efforts in making VLMs
more interpretable and aligned with human values.

2Note that curation processes of the most hate speech or hateful meme datasets,
including HMC, involve cross-annotator agreements, which is expected to minimize the
impact of a single annotator’s decisions. For more details, I refer the readers to the original
HMC publication [18]
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Appendix A

Appendix for Hateful Meme De-
tection

A.1 Formal Relation between miATE and MI-

DAS

In this section, we investigate the formal relationship between MITE and MI-
DAS. Although MITE and MIDAS operate on different levels, MITE on the
model’s output probabilities and MIDAS on attention-weight attributions,
they are closely related. Concretely, if we write the one-step gradient of the
output θ with respect to the attention tensor A as

G(A) =
∂ θ(A)

∂A
(A.1)

then, for a single input (T, I), the integrated-gradient attribution satisfies
(when α = 1):

attr(T,I) ≈ A ⊙ G(A) (A.2)

Now, by definition,

miATE = θ
(
A(T1,I1)

)
−

[
θ
(
A(T1,I0)

)
+ θ

(
A(T0,I1)

)]
(A.3)

If we perform a first-order Taylor expansion of θ(·) around a baseline
attention matrix A(T0,I0), then

θ
(
A(T1,I1)

)
≈ θ

(
A(T0,I0)

)
+

〈
G
(
A(T0,I0)

)
, A(T1,I1) − A(T0,I0)

〉
(A.4)

and similarly for θ
(
A(T1,I0)

)
and θ

(
A(T0,I1)

)
. Subtracting yields

miATE ≈
〈
G
(
A(T0,I0)

)
, A(T1,I1) −

(
A(T1,I0) + A(T0,I1)

)〉
(A.5)

Observe that
A(T1,I1) −

(
A(T1,I0) + A(T0,I1)

)
(A.6)
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is roughly the change in attention-weights that occurs only when both
modalities jointly signal hate (the same difference term that appears inside
MIDAS). Since MIDASit is essentially the average of

A
(T1,I1)
i,j −

(
A

(T1,I0)
i,j + A

(T0,I1)
i,j

)
(A.7)

over all (i, j) ∈ Pt, we see that

miATE ≈
∑

t∈{text, image, cross}

MIDASt ×
∑

(i,j)∈Pt

N
(
Gi,j

)
(A.8)

where N(·) is a monotonic normalization of gradients to [0, 1]. Hence, miATE
(the output-level causal effect) can be viewed as a gradient-weighted sum of
the three MIDAS components. In practice, we do not compute this sum-
mation explicitly; rather, we use MITE and MIDAS as two complementary
diagnostics:

• miATE tells us whether θ’s predictions depend on cross-modal synergy
versus unimodal shortcuts.

• MIDAS tells us which type of attention patterns (text, image, or cross)
the model is using (and how much each pattern jumps when both
modalities truly signal hate).

Because MIDASt is defined per modality-interaction category and is inexpen-
sive to compute (once we have attr(·)), it serves as a fine-grained, layer-wise
proxy for the global miATE. Empirically, we find that as MIDAStext grows
(relative to MIDAScross), the corresponding miATET2T −miATEI2I gap also
widens (i.e., the model leans more heavily on text).

A.2 Further Exploration for Local Explain-

ability

Sample analysis for Oscar (fig: A.1) shows a similar trend to UNITER
(fig: 3.4). Interestingly, VisualBERT (fig: A.2) does not attend to the key
components (woman or cargo) in the image, supporting its bias towards
textual information.

A.3 Breakdown of Attention Attribution Score

attr (3.4) is the product of the attention weight matrix and the integral of
the gradient. To see the separate impact, we replaced the attr term of the
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Hateful

Text Benign

ImageImage Benign

Figure A.1: Sampled derived from Oscar.

MIDAS equation (Eq. 3.7) with the attention MIDASatt or the gradient
MIDASgrad for comparison. In general, MIDASatt (fig: A.3-5) shows a
more similar trend to the original MIDAS than MIDASgrad (fig: A.6-8).
This result implies that the attention weights decide the model’s strategy,
while the gradient adjusts the impact of the individual component.
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Hateful

Text Benign

ImageImage Benign

Figure A.2: Samples derived from VisualBERT.

70



1.5e-3

1.5e-3

0.5e-3

0.0

1.5e-3

1.5e-3

0.5e-3

0.0

-0.5e-3

1.5e-3
1.5e-3
0.5e-3

0.0
-0.5e-3

0.5e-4

0.0

-0.5e-4

-1.0e-4

0.5e-4
0.0

-0.5e-4
-1.0e-4
-1.5e-4
-2.0e-4

O36(image) O36(text)

O50(image) O50(text)

OV50(image) OV50(text)

all
text

image
cross

1.0e-4

0.0

-1.0e-4

-2.0e-4
-2.5e-4

Figure A.3: Oscar MIDASatt.

3.0e-3

2.0e-3

1.0e-3

0.0

-1.0e-3

4.0e-4

2.0e-4

0.0

-2.0e-4

-4.0e-4

1.0e-4
0.0

-1.0e-4
-2.0e-4

-4.0e-4
-3.0e-4

U36(image) U36(text)

U50(image) U50(text)

U72(image) U72(text)

all
text

image
cross

3.0e-3

2.0e-3

1.0e-3

0.0

-1.0e-3

2.5e-3
2.0e-3

1.0e-3

0.0

-1.0e-3

2.0e-4

0.0

-2.0e-4

-4.0e-4
-5.0e-4
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Figure A.6: Oscar MIDASgrad.
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Appendix B

Appendix for Out-of-Distribution
Generalization

B.1 Formalization of Representational Shift

Theory

B.1.1 Representational Shift

We formalize Representational Shift Theory (RST) by analyzing the differ-
ence between the zero-shot input-output pair {Hzsl, Yzsl} and that of ICL
{Hicl, Yicl}. Assuming that the effect of the instruction over an ICL example
and over a zero-shot input is identical, i.e., ∆Winst/zsl ≃ ∆Winst/icl, we obtain
the input shift:

Hicl −Hzsl ≃ −∆Wicl/zslHinst (B.1)

Applying this to the output, we observe an output shift:

Yicl − Yzsl = −Wemb∆Wicl/zslHinst (B.2)

Equations B.1 and B.2 represent the basic concept of RST. Note that the
LLM’s final output is a sequence of words, but we use the representation of
the last decoder layer as the output for analysis. To intuitively analyze the
multi-dimensional representation, we use a distance metric DX/Y ∝ X − Y :

DYicl/Yzsl
= WRSTDHicl/Hzsl

where WRST = −HT
instWemb

(B.3)

In practice, we use cosine similarity as the distance metric. This formalization
allows us to analyze the effect of ICL by comparing the distances between
representations and outputs.

B.1.2 Formatting Bias Mitigation

To disentangle semantics from formatting bias, we assume that the two
concepts are independent. In RST, this implies that the weight updates
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due to semantics ∆W sem and due to formats ∆W stat are discernible. We
suggest that the semantic distance Dsem and the formatting distance Dstat

are also separable, as indicated by the relevance of representational shift and
the distance metric (Equation B.3). We formalize the disentanglement as:

∆Wicl/zsl = ∆W sem
icl/zsl +∆W stat

icl/zsl

DHicl/Hzsl
= Dsem

Hicl/Hzsl
+Dstat

Hicl/Hzsl

(B.4)

This separation allows us to analyze how semantics and formatting biases
individually contribute to the representational shift.

B.1.3 OoD Generalization as Formatting Bias Mitiga-
tion

An OoD input forces an LLM to generalize the same semantics under a
significant distributional difference in formats. Since the format difference
is consistent across all test inputs, its effect on the representational shift
is constant (fixed effect). In contrast, the semantic term’s effect varies
across samples (random effect). Under this assumption, we formalize OoD
generalization as a mixed effect:

DYicl/Yzsl
= WRST (D

sem
Wicl/Wzsl

+W stat) (B.5)

B.1.3.1 Hypothesis I: MM OoD

Our first hypothesis is that MM OoD ICL examples are effective when the
zero-shot input does not provide enough semantics to the model (i.e., poor
zero-shot performance):

Dsem
Wicl/Wzsl

= W sem
icl −W sem

zsl

DYicl/Yzsl
= WRST (W

sem
icl +W stat)

where W sem
zsl ≪ W sem

icl

(B.6)

One scenario is the lack of regularization in the attention matrix. If
semantically similar ICL examples amplify the relevant context, our approach
can alleviate irrelevant context, improving performance.

B.1.3.2 Hypothesis II: SM OoD

When textual semanticsW sem(T ) are more informative than image semantics
W sem(I), enhancing the textual term through SM OoD ICL examples can
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be beneficial:
W sem

icl = W sem
icl (T ) +W sem

icl (I)

DYicl/Yzsl
= WRST (W

sem
icl (T ) +W stat)

where ∆W sem
icl/zsl(T ) + ∆W sem

icl/zsl(I)

(B.7)

For brevity, we assume the independence of semantics over the two modali-
ties. This scenario is effective in addressing label bias [132], where the model’s
prediction may be biased toward certain labels due to over-reliance on input
formats.

B.2 Other Formalization

B.2.1 Mixed Effect Model

In Experiment I, we implemented a linear mixed effect model to analyze the
mixed effect of the input shift and confounding variables over the output
shift. The model predicts the shifted representation Ĥicl as:

Ĥicl = (Wr +WfI)Hzsl +W0 (B.8)

Here, Wr represents the random effect, Wf represents the fixed effect, I is
the embedding of fixed components (dataset and model), and W0 is a bias
term. The baseline model includes only the random effect:

Ĥicl = WrandomHzsl +W0 (B.9)

By comparing the performance of these models, we assessed the contributions
of the random and fixed effects.

B.2.2 Representational Analysis

In Experiment II, to visualize label bias, we estimated the input shift weight
WRST for different conditions (ID, M2 OoD, SM OoD) and labels (benign,
hateful). We computed the cosine similarity between weights to analyze how
different approaches affect the model’s internal representations:sim(W zsl

0 ,W zsl
0 ) · · · sim(W zsl

0 ,W cfp
1 )

...
. . .

...

sim(W cfp
1 ,W zsl

0 ) · · · sim(W cfp
1 ,W cfp

1 )

 (B.10)

Lower cross-label similarity indicates that the model better distinguishes
between classes, reducing label bias. Note that we do not explicitly consider
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layer normalization in our formulation (§4.5.2.2 and B.1.1), our cosine
similarity-based analysis implicitly accounts for normalization, focusing on
direction rather than absolute values.

B.3 Implementation Details

Experiments are conducted on a single NVIDIA A100 80GB GPU with Linux
OS. Unless stated otherwise, all codes are written in Python 3.9. Statistical
arguments are based on a t-test and bootstrapping with 1,000 resamples.
We run the models once with a random seed of 1987. Eq. B.8 and Eq.
B.9 are implemented on a PyTorch backend1 and trained to maximize the
cosine similarity of the output shift with Pytorch Metric Learning package2’s
SelfSupervisedLoss under the AdamW optimizer [133]. We extract 1,000
samples from each dataset and hold out 20% as a test set. The performance
of this mixed effect model is evaluated using the marginal/conditional R2

[134]. To maintain the experiment’s integrity while utilizing a wide range
of statistical tools, the R language’s lmer package is called from the Python
environment via rpy2 3 module.

B.4 Additional Results

B.4.1 Performance Summary of LLaVA-1.5

We show the performance summary of LLaVA-1.5 (Figure B.1). This variant
outperforms LLaVA-Llama2 (Figure 4.4) for all the VQA datasets we used,
reflecting the authors’ additional efforts. In contrast with LLaVA-Llama2,
OoD ICL examples do not contribute to performance gain in LLaVA-1.5.
These results further support Hypothesis I (§4.5.4.1), which states that the
M2 OoD works when the ID performance is poor.

B.4.2 Additional Analysis on Qualitative Results

In Figure 4.5, we suggested the enhanced task-following capabilities of
LLaVA-Llama2 via OoD ICL. To investigate this finding further, we mea-
sured the number of words of the correct and incorrect OoD ICL responses

1https://pytorch.org/
2https://kevinmusgrave.github.io/pytorch-metric-learning/
3https://rpy2.github.io/doc.html
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Figure B.1: The performance summary of LLaVA-1.5. OoD ICL dropped
the performance, suggesting the rich semantics in the test input.

Table B.1: Distribution of response lengths for correct vs. incorrect predic-
tions made by LLaVA-Llama2 for the GQA dataset. Note the high occurrence
of single-word responses in correct predictions.

Prediction
Response Length

More Than Two Single Words

Correct 40 1,064
Incorrect 10,208 1,262

(Table B.1). We observed a higher single-word response rate in correct
responses, supporting the qualitative result.

To get further insights about the role of OoD ICL over the VQA per-
formance, we show a negative example from LLaVA-1.5’s responses (Figure
B.2). We observe the wrong predicted labels (pine and belt) in the ICL
example in this case study, which the model may refer to in making the
incorrect prediction.

B.4.3 Mixed Effect of Semantics and Formatting Bias:
An Arbitrary Argument?

Although we believe that our assumptions for using a mixed effect model
(Appendix B.2.1) in Experiment I is logically sound, we acknowledge that this
model choice may be arbitrary. For example, we can also model the random
effect of a formatting pattern–For example, the potentially negative impact
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Table B.2: Weight means and standard deviations (×10 000) for random-
effect only model vs. mixed effect model.

Weight Type Mean ± Std (×104)

Random-Only Mixed

Slope 1.88± 0.09 110.23± 2.75
Bias −6.33± 0.38 −508.79± 27.07

of an OCR tag present in the ICL example (Fig. B.2) may be considered
as such. One hypothesis is that the random effect of the semantics impacts
the prediction positively, while the fixed effect of the formatting bias works
negatively. To test this idea, we analyzed the weights of the mixed effect
model (Eq. B.8) and the random-effect-only baseline (Eq. B.9). We show
the result in Table B.2. Compared with the baseline (left), we can see that
the mixed effect model (right) has a larger slope term and a smaller bias
term in average. We take this as evidence supporting our hypothesis.

B.4.4 High-Level Analysis on Mixed Effect

In addition to fine-grained analysis in Table 4.2, we analyzed the dataset-level
mixed effect. In this analysis, the effects are represented as a coefficient of
the corresponding one-hot encodings. Specifically, we modeled the accuracy
of each dataset as a sum of the effect of a variable representing the pres-
ence/absence of an OoD ICL example and that of the variable representing
the models and datasets. The result suggests that the model variable drives
the explanatory power at this level, consistent with the performance summary
(Fig. 4.4 and B.1), which shows the drastic improvement of LLaVA-1.5 over
LLaVA-Llama2.

B.4.5 Preliminary ID Analysis: InternVL

To test if the findings about LLaVA is transferred to an ID setting, we also
use InternVL (1-2 billion) for its limited 4 yet tested multi-image capabilities
by multi-image datasets like MMMU [135].
In the case of InternVL, MM OoD generally dropped the performance, po-
tentially because of its high performance and multi-image resource shortage
(Fig. B.3).

4https://github.com/OpenGVLab/InternVL/issues/419
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Variable R2*100

Fixed Random Fixed Random

model model 22.6± 3.0 52.0± 8.8
dataset ICL 0.3± 0.1 0.5± 0.2
model ICL 33.5± 2.4 33.6± 2.5
dataset model 0.2± 0.1 49.5± 2.7
all all 23.7± 4.4 53.7± 8.8

Table B.3: Regression coefficients of the variables representing model
(LLaVA 1.5 or LLaVA-Llama2), dataset, and presence/absence of ICL
examples. all represents the result of an all-variable model. R2 values are
multiplied by 100 for brevity. The result only with the model variable is
similar to the all-variable model, reflecting the performance gap between
LLaVA 1.5 and LLaVA-Llama2 (Fig. 4.4 and B.1).

To see whether the task difficulty (i.e., semantic poorness to the model)
affects this trend, we see the performance by the number of reasoning steps
provided by the GQA dataset evaluation, typically seen as the difficulty
metric. Divided by this subcategory, ICL performs slightly better when the
number of steps is larger (Table B.4). Together with LLaVA results, these
results suggest that the performance boost may serve as a task difficulty
indicator.

N Steps N Samples ZSL ICL

1-5 12,153 59.7± 0.15 52.5± 0.31
6-9 65 83.5± 0.24 84.6± 0.27

Table B.4: Impact of multi-image ICL in GQA for InternVL 1b. N steps
indicate the number of inference steps. The numbers with an error represent
accuracy(%) in the corresponding setting. ICL boosted the performance
when the number of steps was above six, implying that the ICL positively
affects the performance when the task is challenging.
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B.5 Other Considerations

B.5.1 Potential Risks

A hateful meme is a highly sensitive research topic. Therefore, all the hateful
meme research involves risks and uncertainty to some extent. For example,
the attackers may read a publication about a hateful meme detector to create
a new meme that the detector may not be able to detect. More broadly, all
LLM-related papers can be maliciously used when they are in the wrong
hands (e.g., to improve an LLM trained on the dark web). To overcome
these issues, an iterative update of the methodology with safety measures is
a must.

B.5.2 Ethical Considerations

The hateful memes challenge dataset [18, 41] contains sensitive content.
Therefore, we refrained from showing actual hateful memes so that this paper
does not negatively impact any targeted group. We refer the users to the
original publication for the considerations taken in dataset curation.

B.5.3 AI Assistant Usage

We used GitHub Copilot for efficient coding and ChatGPT for linguistic
improvements.

B.5.4 License and Usage of Scientific Artifacts

We declare that all scientific artifacts used in this study do not prohibit the
use of artifacts for academic research.

B.5.5 Documentation Of Artifacts

Experiment I uses the test split of six VQA datasets. GQA contains 10%
of 22, 669, 678 questions over 113, 018 images. TextVQA contains 5, 734
text-image pairs. VizWiz contains 8, 000 visual questions. VQAv2 contains
447, 793 questions for 81, 434 images. MMBench contains 1, 784 questions.
MM-Vet contains 218 questions.
Experiment II is performed on test-seen split of a hateful meme challenge
dataset with 1, 000 text-image pairs (510 benign samples and 490 hateful
samples).
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Correct ZSL response by LLaVA–1.5.

User:

What kind of beer is this?

Reference OCR token: NINK, [...],
ALE

Answer the question using a single
word or phrase.

Assistant:
ale

Incorrect ICL response by LLaVA–1.5.

User:

Provide a one-sentence caption for
the provided image.

Reference OCR token: ND-
CRAFTED, [...], PINE, BELT,
PALE, ALE, [...]

Assistant:
a aluminum can of southern star
pine belt ale
User:

What kind of beer is this?

Reference OCR token: NINK, [...],
ALE

Answer the question using a single
word or phrase.

Assistant:
pine belt

Figure B.2: A representative LLaVA-1.5’s response for which OoD ICL
impacts the performance negatively from the TextVQA dataset. (Left)
LLaVA-1.5 answered the correct object tag (ale). (Right) LLaVA-1.5
answered incorrectly, potentially caused by the wrong label (pine and belt)
presented in the ICL example.
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Figure B.3: Performance summary of InternVL. MM OoD dropped the
performance for all the datasets, potentially reflecting that the baseline
performance is moderate to high for all the datasets.
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