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Multimodal models are central to modern Artificial Intelligence systems, with growing relevance in domains
such as healthcare. Their success is often credited to attention mechanisms, which enable rich cross-modal
interactions. However, attention scales poorly when more than two modalities are integrated, and its internal
functions remain poorly understood. This thesis addresses the scalability and interpretability of attention
in multimodal models by introducing novel integration mechanisms, interpretability pipelines, and targeted
interventions. In the first chapter, I introduce One-Versus-Others attention, a scalable alternative to self- and
cross-attention that reduces computational cost while preserving accuracy in high-modality settings such as
clinical data integration. In the second chapter, I introduce NOTICE, a vision—language causal mediation
framework that enables the discovery of human-interpretable functions in attention mechanisms, revealing
distinct roles for cross- and self-attention. In the third chapter, I analyze the internal competition between
memorized priors and new perceptual input in multimodal models, demonstrating that steering vectors can
reallocate attention to favor either prior knowledge or new visual evidence. In the final chapter, I examined
how specific groups of attention heads induce prompt-copying behavior in vision—language models, leading
to systematic prompt-induced hallucinations on numerical and semantic tasks. Through targeted ablation, I
showed that these hallucinations can be reduced without retraining, and that the mechanisms by which copying
is suppressed differ across models while producing a shared shift toward visual grounding. The findings
presented in this thesis deepen our understanding of attention in multimodal models, offering concrete tools
for scalability and interpretability. More broadly, they establish foundations for building multimodal systems

that are trustworthy and reliable in real-world applications.
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Introduction

Multimodal learning has emerged as a promising approach, which enables joint learning from multiple
modalities of data (e.g., text and images). Combining different modalities allows for a more comprehensive
and accurate understanding of tasks such as image and video captioning [[168, [132]], audio-visual speech
recognition [[142], sentiment analysis [116]], and medical decision support [96].

Multimodal learning has been explored through various backbone methods in machine learning (e.g.,
Decision Trees) and various Neural Network architectures. While feature-level integration was mostly used in
more traditional machine learning algorithms, Neural Networks have allowed for the intermediate fusion of
modalities through layers and late fusion at the decision-making stage. However, both fusion paradigms lack a
key component - capturing explicit interaction between modalities. For example, in detecting hateful social
media posts [147]], imaging features help reinforce and ground the textual information and thus lead to more
robust decision-making. The success of the Transformer [152] on various NLP tasks and, consequently, the
Vision Transformer’s (ViT [24]) success on vision tasks motivated the extension of the Transformer to the
multimodal case.

The success of the Transformer [[152] in various NLP tasks, and consequently the Vision Transformer’s
(ViT [24]) success on vision tasks, motivated the extension of the Transformer to the multimodal case.
Multimodal Transformers, such as LXMERT [145]], VILBERT [84], and later BLIP [75]], introduced a fusion
method that captures interactions between modalities using cross-attention. Cross-attention operates by using
the representation of one modality as queries and the representation of another modality as keys and values,
thereby enabling each modality to attend to and incorporate information from the other. In parallel, another
popular approach used in models such as VisualBERT [77], VL-BERT [143], and later LLaVA [80]], used early
fusion, where vision and language inputs are concatenated early to learn multimodal through self-attention. In
early fusion, self-attention is applied jointly over the concatenated sequence of tokens from all modalities,
allowing each token to attend to every other token regardless of modality. These approaches established
attention as the central mechanism for modeling cross-modal interactions.

Despite this progress, fundamental challenges remain for attention-based multimodal models. A central
issue is scalability: Both self-attention and cross-attention incur quadratic computational cost with respect to
the number of modalities, which limits their practicality in settings that go beyond the typical two modalities of
vision—language tasks. While popular benchmarks rarely exceed four modalities (e.g., images, text, audio, and
video), other domains demand far richer integration. Healthcare exemplifies this challenge: a single clinical

task may involve radiology scans, pathology slides, genetic screenings, genomic profiles, and textual clinical
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notes, all of which must be fused to make reliable predictions. As the number of modalities increases, the
quadratic cost of attention creates a severe computational bottleneck, restricting the applicability of current
approaches in high-modality domains.

Parallel to scalability, a second major challenge is interpretability. Even within the widely studied
vision—language setting, the internal behavior of attention is not well understood. While probing methods have
provided some insights, they are ultimately limited: they rely on correlations between model representations
and external labels, and cannot identify causal mechanisms. In language models, mechanistic interpretability
(MI) has shown that attention can be decomposed into circuits responsible for specific functions such as factual
recall and syntactic processing [[156, (91]. Yet in multimodal architectures, we do not know whether self-
and cross-attention similarly specialize into human-interpretable roles. In particular, it is not known whether
multimodal attention mechanisms implement distinct functions in self- and cross-attention, or whether they
play interchangeable roles in multimodal integration. Addressing this gap is especially important as recent
architectures increasingly adopt early fusion, integrating vision directly into large language models where
self-attention dominates the interaction paradigm.

Beyond questions of scalability and interpretability, a further challenge lies in controlling attention. Even
if we can describe how attention mechanisms operate, we lack tools for steering them in ways that reliably
influence model behavior. This limitation becomes clear in cases where attention mediates a competition
between different information sources, such as memorized priors versus new and conflicting perceptual input.
Understanding how to reallocate attention in such settings is critical both for interpretability and for mitigating
systematic failure modes. In general, failures often arise when attention disproportionately favors one source
of information—such as prior knowledge or linguistic context—over perceptual evidence. A particularly clear
case is confirmation bias in vision—language models, where prompt-induced tokens are propagated through
attention heads and override visual grounding, leading to hallucinations in numerical reasoning. Developing
methods to control attention dynamics is therefore essential for building multimodal systems that are not only
scalable and interpretable but also reliable.

In response to these challenges, this thesis develops methods to scale, interpret, and control attention in

multimodal models. The contributions are as follows:

¢ Chapter 1 introduces One-Versus-Others attention, a scalable integration mechanism that reduces

computational cost while preserving accuracy in high-modality domains such as healthcare.

* Chapter 2 presents NOTICE, a causal mediation framework for vision—language models, and uses
it to discover human-interpretable functions implemented by attention heads, revealing systematic

differences between self- and cross-attention.

* Chapter 3 analyzes how attention mediates the competition between memorized priors and perceptual
input in multimodal models, demonstrating that steering vectors can reallocate attention to control

reliance on knowledge versus evidence.

* Chapter 4 demonstrates that prompt-induced hallucinations arise from specific attention head groups in

vision—language models and that ablating these heads reduces hallucinations across tasks.



Chapter 1

Scaling Multimodal Attention

In this chapter, we present findings from our Pacific Symposium on Biocomputing 2025 paper, One-Versus-
Others Attention: Scalable Multimodal Integration for Biomedical Data [38]]. Multimodal models have
become increasingly important as they surpass single-modality approaches on diverse tasks ranging from
question-answering to disease diagnosis. Despite the importance of multimodal learning, existing efforts
focus on vision-language applications, where the number of modalities rarely exceeds four (images, text,
audio, video). However, data in healthcare domain, may include many more modalities like X-rays, PET
scans, MRIs, genetic screening, genomic data, and clinical notes, creating a need for both efficient and
accurate data integration. Many state-of-the-art multimodal models rely on cross-attention or self-attention
for effective data integration, which do not scale well for applications with more than two modalities. The
complexity per layer of computing attention in either paradigm is, at best, quadratic with respect to the number
of modalities, posing a computational bottleneck that impedes broad adoption. To address this, we propose
a new attention mechanism, One-Versus-Others (OvO) attention, that scales linearly with the number of
modalities, thus offering a significant reduction in computational complexity compared to existing multimodal
attention methods. Using three clinical datasets with multiple diverse modalities, we show that our method
decreases computation costs while maintaining or increasing performance compared to popular integration
techniques. Across all clinical datasets, OvO reduced the number of required floating point operations (FLOPs)
by at least 91.98%, demonstrating its significant impact on efficiency and enabling multi-modal predictions in

healthcare.

1.1 Introduction & Background

Multimodal learning enables joint reasoning across diverse data types and has driven advances in applications
ranging from image captioning and speech recognition to clinical decision support [96] 36} 47,1168l 132|142}
116]. A key factor in this success has been the attention mechanism, which explicitly models interactions
between modalities. Popular vision—language models such as LXMERT [145] and BLIP [75] employ cross-
attention, while models like VisualBERT [77] and LLaVA [81]] rely on early fusion through self-attention.



a) Early Fusion to Self-Attention b) Pairwise Cross-Attention c) One-Versus-Others (OvO) Attention
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Figure 1.1: Integration scheme comparison. (a) Early fusion to self-attention with scaled dot product
attention [152f], and (b) Pairwise cross-attention integration with scaled dot product attention [[152]. (c) Our
proposed method, One-Versus-Others (OvO), does not rely on pairwise interactions or long concatenated
sequences but rather captures all modalities in a single attention score. A modality embedding is represented
by m, and W is a learnable parameter (see Section .

Similar designs have been adopted in healthcare, with models such as MedFuseNet [[134] and ARMOUR
[82] using cross-attention for medical vision—language tasks, and BioViL-T [6] and MMBERT [68] applying
self-attention for disease prediction and report generation.

However, both self- and cross-attention scale quadratically with the number of modalities, posing a critical
bottleneck outside of vision—language tasks. In healthcare, for example, a single prediction may require
fusing radiology scans, pathology slides, genomic profiles, genetic data, and clinical notes. As the number of
modalities increases, the computational burden of attention becomes prohibitive, limiting the applicability of
current architectures in high-modality domains.

To address this gap, we propose a new attention mechanism, One-Versus-Others (OvO) attention. OvO
attention is calculated by comparing one modality against a combined representation of all other modalities
(hence the name, One-Versus-Others). Our approach significantly reduces computational complexity as it
grows linearly with the number of modalities (see Section [I.3.3). Figure[I.T sketches a four-modality example
to demonstrate the difference between our approach (scales linearly) and self-attention/cross-attention (scales
quadratically). OvO is a general attention scheme that can be integrated into existing clinical multimodal
architectures instead of cross-attention or self-attention.

We first, present a complexity analysis and validate it through a simulated dataset. Our simulation results
show scalability gains in an extreme multimodal setting (20 modalities). Next, we use three diverse clinical
datasets that vary in modalities, encoder types (pre-trained and not), number of samples, and tasks to show
our model’s improved scalability in different clinical multimodal settings. Our results demonstrate that our
method dramatically decreases computation costs (offering at minimum a 91.98% reduction in computations),
compared to self-attention and cross-attention while maintaining or even exceeding performance.

Overall, OvO is a novel attention scheme for multimodal integration that scales linearly to the number
of modalities, enabling the practical application of deep learning models in healthcare, where computational

efficiency and accuracy are vital for deployment.



1.2 Related Work

Multimodal attention-based models are increasingly pivotal in clinical decision support systems, paralleling
their widespread use in vision-language applications. In the medical domain, these models have shown
remarkable utility in diverse scenarios, such as cancer classification [73]], biomarker discovery [10} |57,
prognosis prediction [131] [138], and more. These applications highlight the versatility and potential of
multimodal learning in handling complex and rich medical data. The attention mechanism serves as a core
component in these models. Attention measures the similarity among individual representations, like word
embedding vectors or, in the multimodal scenario, modality-specific embeddings. Each input embedding can
assume one of three roles: (1) Query (@), representing the current focus of attention when compared against
other input embeddings; (2) Key (K), signifying an input embedding being compared to the Query; and (3)
Value (V'), which contributes to computing the output for the Query.

Commonly, the representations from each modality in the multimodal models are passed through one of
two paradigms - early fusion followed by self-attention or fusion through cross-attention. The early fusion
group (e.g., Transformer-based models like UNITER [[15], VisualBERT [77]], LLaVA [81], BioViL-T [6],
MedViLL [99], etc.) concatenates the visual embeddings and the textual embeddings as a single input, before
passing the inputs through attention (see Figure(a)). Given modalities m; and ms, queries (@), keys (K),
and values (V) are computed from their concatenated sequence (e.g., Q1 2 = concat(my, mz)). The final

output from a standard Transformer block is denoted by Z, Equation [I.2.T]shows the early fusion paradigm.

(1.2.1)

Z1 9 = Multiheaded Attention (Q1,2,Ki 2, V1,2)
Z = Transformer(Z,2)

The cross-attention scheme (used in Transformer-based models like VILBERT [84], LXMERT [145]],
MedFuseNet [[134], MADD:i [36], etc.) inputs each modality into its own Transformer, the outputs of which
are fed to a cross-modal Transformer (see Figure E] (b)). For such models, the cross-modal interactions
are captured in a pairwise manner through cross-attention, where queries (Q), keys (K), and values (V') are
computed from the modality inputs (m; and ms), and then the keys and values from each modality are fed to
the multi-headed attention block of the other modality. The output, Z, is shown in Equation

Z1 = Multiheaded Attention (Qz2,K1, V1)
Zs = Multiheaded Attention (Q1,Ka, Va) (1.2.2)

Z = Transformer (concat (Z1,7Z2))

While the early fusion and cross-attention paradigms could be extended to three modalities, seen in
TriBERT [119] and VATT [[1], these models face scalability challenges for more than three modalities. Cross-
attention methods can leverage joint representations formed from cross-attention but do not scale well to
larger numbers of modalities as they are computed in a pairwise fashion. Thus, if there are k£ modalities,
computing pairwise fusion between each pair will result in (’2“) matrix computations. Moreover, attention
is not a symmetric calculation, which means that most commonly, it is computed bi-directionally (e.g.,
image to text and text to image), leading to an even greater computational burden. Early fusion involves the

concatenation of modalities before the Transformer layer, which similarly does not scale well with the number



of modalities. Self-attention is quadratic with respect to sequence length [[152], and since early fusion methods
concatenate inputs before attention, the computational complexity will increase quadratically as the number
of modalities increases (see Section . Furthermore, concatenation is not order invariant, making the
ordering of modalities an important consideration, potentially requiring similar bi-directional computations as
cross-attention. Our integration method, OvO, addresses the limitations mentioned above in a scalable and

domain-agnostic manner.

1.3 Methods

1.3.1 One-Versus-Others (OvO) attention

We propose a new attention mechanism, One-Versus-Others (OvO) Attention, which grows linearly with the
number of modalities rather than quadratically, as would be the case for cross-attention or self-attention (see
Section[I.3.3). OvO computes attention between one modality at a time with respect to all other modalities.
Given modality m;, which is an embedding obtained from a dedicated encoder (e.g., CNN, ClinicalBERT,
etc.)andi € 1,2,..., k where k is the number of modalities, OvO takes in one modality and computes the
dot product against all the other modalities with a weight matrix W,;. W, is a learnable parameter that can help
scale the importance of each attention calculation (see Figure[I.|(c)) and can learn interactions throughout
training. The modality embeddings m; in OvO attention function like queries, while the weighted sum of the
other modalities behaves like keys and values, akin to the dot-product attention mechanisms, with the naming
choice of m; adapted for multimodal applications. This dot product The similarity score function, representing
the degree of alignment between the chosen modality and others, calculated for modality m; with respect to
a set of other modalities (m; : j # ©) is shown in Equation This produces a vector of scores which
measure the relevance of m; with respect to the other modalities. The context vector in OvO for modality m;,

which is a combined representation of information from the other modalities, is shown in Equation

. . T Zk;&z m;
score (mg, {m; : j # i})=m; W; ﬁ (1.3.1)
OvO (my, {m; : j # i}) = softmax(score (m;, {m; : j # i})) -m; (1.3.2)

In Equation [T.3.2] the softmax is applied across the input dimension of the embeddings, normalizing
across the attention scores. The result is then multiplied by the original modality embeddings to compute
the final output. We chose to sum over the “other” modalities instead of concatenation because: (1) the
concatenation vector will continue to increase in length with the number of modalities, which will result in a
less scalable framework; (2) concatenation is not invariant to the order of modalities, which could affect the
model prediction, whereas a sum provides position invariance.

Unlike cross-attention and self-attention, OvO provides a more interpretable mechanism for analyzing
interactions between multiple modalities. In cross-attention, interactions are captured in isolated pairs (e.g., m1
compared to mo or m; compared to mg), limiting the ability to see how one modality integrates information

from all others. Similarly, self-attention condenses modality interactions into a single operation, which can



obscure explicit cross-modal interactions and make it difficult to disentangle their contributions. OvO, however,
creates one attention matrix per modality, with each modality interacting with all others through the learnable
weight matrix W;, which ensures a flexible and adaptive scaling mechanism. In future work, W, will be

studied to better understand the relative importance of each modality’s contributions to the final prediction.

1.3.2 Multi-headed OvO Attention

We extend OvO attention to the multi-headed attention framework to directly compare with early fusion
through self-attention and pairwise cross-attention. Multi-headed attention allows the model to attend to the
input embeddings in different ways simultaneously. This is achieved by splitting the input embeddings into
multiple linear projections, each processed independently through a self-attention mechanism. The outputs of
each attention head are then combined to obtain the final output of the multi-headed attention layer. Formally,
taking the input modality m, with respect to a set of other modalities (m; : j # 7), the multi-headed attention

layer for OvO attention is defined as follows:

MultiheadedOvO (m;, {m; : j # i})
= concat(heady, ..., head,)W© (1.3.3)
heady, = OvO(m; W™ {m;W," + j # i})

Here, h is the number of attention heads, Wy, is a learnable weight matrix for the k-th attention head, wo
is a learnable weight matrix that projects the concatenated outputs of the attention heads back to the original
dimension, and Equation defines OvO Attention.

1.3.3 Model Complexity

This section highlights the complexities of the two commonly used paradigms: early fusion followed by
self-attention and pairwise cross-attention, as well as our One-Versus-Others (OvO) attention. Table
summarizes the complexity per layer. Let k represent the number of modalities, n be the feature-length of
each modality (assuming equal), and d be the representation dimension of the respective weight matrices.
As established in [152]], self-attention has complexity of O(n2 - d). In the multimodal case, self-attention
concatenates modalities before attention, leading to a sequence length of k - n, influencing the quadratic
term. Thus, the complexity of self-attention is O((k - n)? - d) = O(k? - n? - d). Cross-attention computes
attention over all pairwise permutations of modalities: ;P> = ﬁ = k(k — 1). Thus, the number of
operations required by cross-attention is O(k - (k — 1) - n? - d) = O((k® — k) - n? - d). When focusing
on the fastest-growing terms in big O notation, the final complexity per layer simplifies to O(k? - n? - d).
One-Versus-Others (OvO) Attention requires one attention calculation per modality, making it linear with
respect to k. Thus, the complexity per layer for OvO is O(k - n? - d). See Appendix which provides

step-by-step details for the complexity calculations.



Table 1.1: Per-layer complexities of model paradigms. Let k be the number of modalities, n the feature
length of a modality, and d the representation dimension.

Model Complexity Per Layer
Self-Attention O(k*-n? - d)
Cross-Attention O(k? -n? - d)
One-Versus-Others (OvO) Attention O(k-n?-d)

1.3.4 Illustration through simulation

To illustrate the linearity of OvO compared to the other integration paradigms, we simulated 20 artificial
modalities. We consider two classes: (1) 20 random feature values that sum up to 1.0, and, (2) 20 random
feature values that are each less than 0.15. These classes were created such that the correct label can only be
inferred after inspecting all features. For example, 0.14 is less than 0.15, but it could also be a value that adds

to 1. For more details on the simulation dataset and how the threshold was chosen, see Appendix [A.2]
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Figure 1.2: The impact of using OvO attention to fuse simulated data. Using FLOPs as a measure of
compute, we demonstrate that OvO grows linearly with respect to the number of modalities, while self and
cross-attention grow quadratically.

Each value was then vectorized by sampling randomly around the selected number, such that each modality
is a vector of size 20 rather than a single number, leading to a combined total of 400 features. Overall, the
dataset contains 2,000 samples (1,000 for each class). Our constructed simulation dataset tests the scaling
capabilities of our method to an extent that real-world datasets do not usually reach.

We examine the computation cost across the three integration methods using 2, 5, 10, 15, and 20 simulated
modalities. Most notably, while self-attention and cross-attention grow quadratically with respect to the
number of modalities, k, (O(k? - n? - d)), our method scales linearly (O(k - n? - d)), as shown in Figure

1.4 Experiments

We used three diverse clinical datasets to examine our method against three standard integration techniques:

concatenation with no attention (baseline), early fusion with self-attention, and pairwise cross-attention. These



clinical tasks feature a range of rich modalities that, despite their high integration costs, remain essential to

solve.

1.4.1 Dataset descriptions
MIMIC-IV and CXR data

MIMIC-1IV [65] covers 431K visits for 180K patients admitted to the ICU in the Beth Israel Deaconess
Medical Center. MIMIC Chest X-ray (MIMIC-CXR) [64] contains chest radiographs in DICOM format
with free-text radiology reports. The dataset contains 377,110 images corresponding to 227,835 radiographic
studies performed at Beth Israel Medical Center. We follow the pre-processing of MedFuse [98] to extract the
clinical time-series data from MIMIC-IV along with the associated chest X-ray images in MIMIC-CXR. We
further expand the number of modalities by adding a demographics table and discharge notes, resulting in four
modalities. We also follow MedFuse in the construction of the phenotyping task. The goal of this multi-label
classification task is to predict whether a set of 25 chronic, mixed, and acute care conditions are assigned to a

patient in a given ICU stay. This is a 25-class multi-label task with four modalities.

The Alzheimer’s Disease Prediction Of Longitudinal Evolution (TADPOLE) data

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) [113]] database provides neuroimaging data, cog-
nitive test scores, biomarker profiles, and genetic information for Alzheimer’s disease (AD), mild cognitive
impairment (MCI), and normal patients. We use the processed data from the Alzheimer’s Disease Prediction
Of Longitudinal Evolution (TADPOLE) challenge [[88]]. We focus on a one-time diagnosis prediction task,
using the most recent available data point for each patient across all modalities. This ensures that each data
sample includes information from the same time point, which aligns with our goal of evaluating cross-modal
integration rather than longitudinal progression. We utilize six modalities that have the least missing infor-
mation per patient: cognitive tests - neuropsychological tests administered by a clinical expert; MRI ROIs
(generated from Freesurfer) - measures of brain structural integrity; FDG PET ROI averages - measure cell
metabolism, where cells affected by AD show reduced metabolism; AV45 PET ROI averages - measures
amyloid-beta load in the brain; demographic information (e.g., age, gender, education); and CSF biomarkers
- amyloid and tau levels in the cerebrospinal fluid. The preprocessing provided by TADPOLE turned every
modality into a tabular form (including imaging). After removing patients with missing modalities, we had
767 MCI patients, 493 normal patients, and 143 AD patients. Thus, this is a three-class classification task with

six modalities.

elCU data

The eICU collaborative database includes data from ICUs across the continental United States between 2014
and 2015 [[L15]. It consists of tables linked through a patient unit stay ID. For our mortality prediction task,
we focus on six tabular modalities: patient, diagnosis, treatment, medication, lab, and apache ApsVar tables.
The apacheApsVar table contains numerical variables used to calculate the Acute Physiology Score (APS),

an established method within the Acute Physiology Age Chronic Health Evaluation (APACHE) system for
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summarizing patient’s severity of illness on ICU admission and predicting outcomes. The patient table includes
demographic, admission, and discharge details, and is used to determine mortality status. The diagnosis table
lists active diagnoses for each patient, the treatment table includes active treatments, and the medication table
contains active medication orders. We extract the features from these tables by one-hot encoding the relevant
conditions, treatment types, and drug names, respectively. The lab table includes lab results, with features
extracted by summing commonly recorded lab types. Our dataset includes 75,845 unique patients with 93,784

ICU stays, 86,012 recorded as alive and 7,772 as dead. This is a 2-class classification task with six modalities.

1.4.2 Baselines

Our multimodal baselines include a conventional concatenation fusion with no attention, early fusion followed
by self-attention, and pairwise cross-attention fusion. The architectures of all models are identical except for
their integration stage. For example, since modality-specific encoders can produce different dimension sizes,
we add a linear layer before integration to create the same input dimensions. Although this step is not strictly
necessary for concatenation, we still add the layer there so that no additional factors influence computation
costs and performance. While there are many multimodal Transformers available for the vision-language
domain, our focus is on examining the underlying fusion mechanism and creating a general integration

paradigm for any application, especially ones outside of vision-language.

1.4.3 Implementation details

For the MIMIC dataset, we follow the established train, validation, and test split in Hayat et al [47]]. Similarly,
for the TADPOLE task, we use the provided data splits but add a constraint that repeating patients cannot
appear across data splits to avoid information leakage. In the other datasets, for consistency, we randomly
sampled 80% of the data for the training set and 10% each for test and validation sets, as there was not an
established split. To evaluate our model against other integration techniques, we use the domain-accepted
metrics for each task: For MIMIC and eICU, we use area under the receiver operating characteristic (AUROC)
and area under Precision-Recall (PR) curve (AUPRC) as established in past works [47,|136]; For TADPOLE
we use the multi-class area under the receiver operating curve (mAUC) and the overall balanced classification
accuracy (BCA), as established by the competition creators [88]]. For all datasets, we used the number of
floating-point operations (FLOPs) as the measure of runtime complexity. FLOPs were measured per sample
and reported as the difference between concatenation, the simplest integration setting, and multimodal attention
(AFLOPs).

1.4.4 Hyperparameter Tuning

Our hyperparameter tuning scheme was consistent for each dataset and each model. For each experiment,
we used the evaluation metrics on the validation set to determine the best hyperparameters. We tuned the
learning rate (0.01 - 1 x 108, dividing by 10 for each interval), batch size (16, 32, 64, 128), epochs (200
epochs with early stopping if validation performance did not increase for 5 epochs), and number of attention

heads for OvO, self-attention, and cross-attention models (1, 2, 4, 8, 16). For the neural network encoders, we
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tuned the number of linear layers ranging from 1 to 4. Similarly, for the convolutional neural network, we
tuned the number of convolution layers ranging from 1 to 4. For compute times and GPU details used for
hyperparameter tuning, see Appendix Lastly, we randomly picked 10 random seeds for every experiment
- once the best hyperparameters were picked, ten models initialized with those seeds and parameters were run.
Then, using the trained ten models, we evaluated on the test set and took the average of the 10 runs along with

the standard deviation, which is reported in Section [2.4]

1.5 Results

Using three real-world clinical datasets, diverse in terms of the number of modalities, feature space, and
classification tasks, we demonstrate that our method consistently and drastically reduces computational costs
compared to early fusion and pairwise fusion while simultaneously maintaining or enhancing performance.
This is demonstrated on one four-modality dataset and two six-modality datasets.

For the four-modality MIMIC task, we used pre-trained ClinicalBERT model for the text modality and
fine-tuned it for the unimodal baseline and the multimodal task, separately, ensuring adaptation in each setting.
For all other modalities, we used the appropriate neural network architecture (i.e., CNN for images, LSTM for

time series, and a multi-layer perception for all tabular data).

Table 1.2: MIMIC IV+CXR results. (*) FLOPs were measured per sample and reported as the difference
between concatenation and multimodal attention. We offer improved performance across all metrics and
reduce FLOPs by at least 93.73% compared to self and cross-attention.

Model Modalities J AFLOPs 1 AUROC 1 AUPRC
LSTM Time Series - 58.8+0.6 285+04
CNN Images - 5694+03 267+02
Neural Net Demographics - 64.1 £04 324403
Clinical BERT Text - 793 +£04 58.7+03
Concatenation All * 827+ 06 651=£1.8
Cross-Attention ~ All 52,723,712 782 +£2.1 54.1+27
Self-Attention All 67,633,152 785+£2.0 557+£3.1
OvO Attention All 4,227,072 83.6 1.1 66.2+2.6

The results on MIMIC are presented in Table clearly demonstrating the scalability and performance
advantages of OvO attention. OvO’s 4,227,072 FLOPs notably reduce computational costs compared to
cross-attention (52,723,712 FLOPs) and self-attention (67,633,152 FLOPs), achieving reductions by 91.98 %
and 93.75%, respectively, thus highlighting OvO’s superior efficiency. The unimodal results show that the
textual modality is most valuable in phenotype prediction, and ClinicalBERT alone performs better than
self-attention and cross-attention. This indicates that the added complexity and forced interactions are not
necessarily conducive to result quality. However, OvO attention can extract information from the other
modalities for a significant performance increase rather than a decrease.

For the six-modality Alzheimer’s detection task from TADPOLE, we show our results in Table
OvO’s 405,504 FLOPs significantly undercut cross-attention (8,921,088 FLOPs) and self-attention (9,633,792
FLOPs), achieving reductions of 95.45% and 95.79 %, respectively, highlighting OvO’s remarkable efficiency.
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Table 1.3: TADPOLE results. (*) FLOPs were measured per sample and reported as the difference between
concatenation and multimodal attention. We offer improved performance across all metrics and reduce FLOPs
by at least 95.45% compared to self and cross-attention.

Model Modalities JAFLOPs 1 MAUC 1T BCA

Neural Net AV45 PET ROI - 63.5+3.1 564+38
Neural Net CSF Biomarkers - 644+1.1 536+2.7
Neural Net MRI ROIs - 67.0+13 572+1.0
Neural Net FDG PET ROI - 66.6 = 0.3 60.8 +0.7
Neural Net Demographics - 746 £09 62.0+0.6
Neural Net Cognitive Tests - 97.8£0.2 88.6+0.7
Concatenation All * 97.7+£08 919419
Cross-Attention  All 8,921,088 97.1£0.6 90.7+1.7
Self-Attention All 9,633,792 948+ 1.1 86.6+2.6
OvO Attention All 405,504 983+04 93.0+14

Similarly to the MIMIC results, the unimodal results show that the cognitive tests modality is most valuable
in disease prediction, and performs on its own better than self-attention and cross-attention. However, OvO
attention can extract information from the other modalities for a significant performance increase rather than a
decrease (p-value <0.01).

Lastly, the results on the six-modality eICU mortality prediction task are shown in Table[T.4, demonstrating

the scalability and performance advantages of OvO attention.

Table 1.4: eICU results. We report the average of 10 random seeds for AUROC and AUPRC, along with
standard deviations. (*) FLOPs were measured per sample and reported as the difference between concatenation
and multimodal attention. We offer improved performance across all metrics and reduce FLOPs by at least
95.12% compared to self and cross-attention.

Model Modalities J AFLOPs 1 AUROC 1 AUPRC
Neural Net Demographics - 5024+0.6 91.8+£0.2
Neural Net Medication - 563+£13 931403
Neural Net Diagnosis - 582+£21 933+04
Neural Net Treatment - 66.1 0.5 94.8+0.1
Neural Net APACHE APS - 776 £02 97.0+£0.1
Neural Net Laboratory - 815+£04 97.0+0.1
Concatenation All * 81716 97.5+0.3
Cross-Attention  All 129,957,888 77.6 1.6 954 +0.3
Self-Attention All 151,781,376  80.2+2.0 96.8+04
OvO Attention All 6,340,608 825+09 97.8+0.2

OvO’s 6,340,608 FLOPs significantly undercut those of cross-attention (129,957,888 FLOPs) and self-
attention (151,781,376 FLOPs), achieving reductions of approximately 95.12% and 95.82 %, respectively,
thereby highlighting OvO’s efficiency. Mirroring the trends observed in the MIMIC and TADPOLE datasets, we
note a dominant unimodal modality, specifically Lab modality, in this experiment as well. While concatenating
modalities does enhance performance, this improvement is not seen in self and cross-attention models. In

contrast, OvO attention not only reflects these performance gains but does so significantly (p-value <0.01).
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We hypothesize that this is due to the overfitting of more complex integration frameworks of self and cross-
attention on relatively smaller clinical datasets. OvO, in its simplicity akin to concatenation, manages to strike
a balance by maintaining flexibility and capturing inter-modal interactions through its attention mechanism,
thus offering an edge in performance without excessive complexity.

In summary, across diverse clinical datasets and modalities, OvO attention consistently outperforms
traditional fusion techniques in both predictive performance and computational efficiency, underlining its

robustness in handling complex multimodal healthcare data.

1.6 Conclusion

In this chapter, we present One-Versus-Others (OvO), a new scalable multimodal attention mechanism. The
proposed formulation significantly reduces the computational complexity compared to the widely used early
fusion through self-attention and cross-attention methods. Notably, OvO achieves, at minimum, a reduction
of 91.98% in FLOPs when benchmarked against self and cross-attention methods across a range of clinical
datasets containing up to six modalities. We provide both a detailed theoretical complexity analysis and
empirical evidence from a simulated experiment, illustrating that OvO’s computational demand scales linearly
with the number of modalities, in contrast to the quadratic scaling observed in other methods. Our proposed
method provides a way to overcome one of the major challenges associated with multimodal datasets -
computational resource demand and cost, thus enabling adoption in resource-constrained domains, such as
clinical decision support. Overall, the results unequivocally establish that OvO not only significantly reduces

computational expenses but also exceeds the performance of existing state-of-the-art fusion methodologies.



Chapter 2

Interpreting Multimodal Attention

In this Chapter, we present key results from our NAACL 2025 paper, What Do VLMs NOTICE? A Mechanistic
Interpretability Pipeline for Gaussian-Noise-free Text-Image Corruption and Evaluation [37]. In this chapter,
we focus on understanding the attention mechanisms within Vision—Language Models (VLMs), which
play a central role in their success on complex cross-modal tasks. Despite the prominence and success of
VLMs, their internal mechanisms, particularly the roles of cross-attention and self-attention in multimodal
integration, are not fully understood. To address this gap, we introduce NOTICE, a Gaussian-NOise-free
Text-Image Corruption and Evaluation pipeline for mechanistic interpretability in VLMs. NOTICE introduces
Semantic Image Pairs (SIP) corruption, the first visual counterpart to Symmetric Token Replacement (STR)
for text. Through NOTICE, we uncover a set of “universal attention heads” in BLIP and LLaVA that
consistently contribute across different tasks and modalities. In BLIP, cross-attention heads implement object
detection, object suppression, and outlier suppression, whereas important self-attention heads in LLaVA only
perform outlier suppression. Notably, our findings reveal that cross-attention heads perform image-grounding,
while self-attention in LLaVA heads do not, highlighting key differences in how VLM architectures handle

multimodal learning.

2.1 Introduction

Vision-Language Models (VLMs) have become central to both computer vision and natural language processing
(NLP) due to their ability to complete complex multimodal tasks like visual recognition [45] 92], visual
question answering [814 15,175, 78], and image captioning [84} 165, |174]. Many foundational VLMs, such as
BLIP (Bootstrapping Language-Image Pre-training) [75]], use cross-attention to capture interactions between
modalities [[145) 84, [75]], while others, like LLaVA [81]], successfully use self-attention for multimodal
integration. Despite recent works investigating the differences in cross-attention and self-attention in VLMs
(55,1110, 23], the specific role of different attention heads in vision-language is not fully understood, particularly
in large VLMs such as LLaVA [[170].

In NLP, mechanistic interpretability (MI) has proven effective for unraveling the complex structure of

14
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Figure 2.1: NOTICE applied to SVO-Probes, MIT-States, and Facial Expression Recognition. NOTICE
involves creating Semantic Image Pairs for image corruption and Symmetric Token Replacement for text
corruption.

LLMs by identifying pathways, or circuits, that enable behaviors like logical reasoning and indirect object
identification [46} [156]]. A core method in Ml is causal mediation analysis (CMA), which measures output
changes by intervening on inputs and tracking effects. To apply CMA in Transformers, prior works have used
activation patching [91]], which identifies key model components for a given task by replacing the hidden
states of a corrupt run with those from a clean run. A “clean run” refers to a standard forward pass on an input.
A “corrupt” run either alters the input by swapping input tokens with semantically related tokens or applies
Gaussian noise to token embeddings so that the model can no longer produce the correct answer from the
clean pass. While successful in NLP, mechanistic interpretability methods are understudied in VLMs due to
the need for an effective semantic-based corruption scheme for images.

Previous works applying activation patching to VLMs only study BLIP, focus on Multi-Layer Perceptron
(MLP) layers in BLIP’s decoder, and apply Gaussian noise to image embeddings to create corrupt runs [108].
However, multimodal interaction occurs in BLIP’s image-grounded text encoder through the cross-attention
layers, meaning prior findings [108] do not provide insights on how VLMs integrate modalities. Further, recent
works have shown that creating corrupt runs by applying Gaussian noise to token embeddings can produce
illusory results [171]]. The research [171] advocates for symmetric token replacement (STR) that swaps tokens
in a clean prompt with semantically related tokens to create a corrupt run as it keeps the corrupted run within
distribution and provides more reliable insights. Current approaches to image corruption lack an equivalent
method to STR that does not use Gaussian noise for image corruption, leaving a gap in reliable multimodal
analysis.

We propose Semantic Image Pairs (SIP) corruption, which leverages existing datasets to create clean and
corrupt images that vary by one semantic property (Figure 2.1)). For instance, in the SVO-Probes dataset
[48]], subject-verb-object triplets are already curated to vary by just one element (e.g., *puppy, lying, grass’ vs.
’goat, lying, grass’), allowing us to create “clean” and “corrupt” image pairs from the existing image labels
(Figure 2.1 panel 1). SIP is not limited to curated datasets and can be extended to any image dataset with
easily interchangeable attributes, such as cars, shapes, animals, etc. Further, we show in Sectionmthat SIP

corruption can be performed using generative models to create corrupt images.
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Our framework, NOTICE (Gaussian-NOQise-free Text-Image Corruption and Evaluation), is a mechanistic
interpretability pipeline for VLMs. NOTICE uses our novel SIP method to corrupt images and STR to corrupt
text. Using NOTICE, we uncover “universal cross-attention heads” in BLIP and “universal self-attention heads”
in LLaVA that consistently produce large patching effects across all tasks. We show that universal cross-
attention heads implement human-interpretable functions categorized into three classes: object detection, object
suppression, and outlier suppression. We find that both self-attention and cross-attention heads implement
outlier suppression. However, only cross-attention heads in BLIP perform the image-grounding functions
of object detection and object suppression, highlighting key differences in how VLM architectures handle

multimodal learning.

2.2 Related Work

Multimodal Interpretability. Despite the successes of VLMs, the role of attention in multimodal integration
remains under-studied [[161]. Most works either design probing tasks to identify what vision-language concepts
models struggle to capture [[137, 48} |85] or assess whether models rely more on one modality over the other
[12, 1129} 49]. Probing tasks evaluate whether a model encodes a concept by training a linear classifier on its
hidden states. Others [129], create visual, text, and multimodal probing tasks to show that models heavily
rely on text priors and struggle with object, size, and counting. Gradient-based methods analyze gradients
to understand how changes in input features influence outputs, assigning importance scores to features and
providing insights into the decision-making process. Liang et al. [79] use second-order gradients, building on
LIME [123] and Shapley values [93], to disentangle cross-modal interactions and determine how much each
modality contributes to decisions. While these works have provided insights into multimodal models, recent
research shows that 1) probing methods can produce misleading results [[7] and 2) gradient-based methods
for feature attributions can fail to predict behavior [9]. Instead, Giulianelli et al. [34], Conneau et al. [18]

demonstrate that causal approaches are more informative than probing representations.
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Figure 2.2: Activation Patching using SIP corruption. The image of the puppy is the clean image, I, and the
goat is the corrupt image, I*. Patching the correct answer token “puppy” at M; (I, T'), from the clean image to
the “puppy” token at M (I*,T') creates the patched states M (I*,T) shown as orange diamonds.

Multimodal models typically integrate their inputs through one of two main approaches: (1) early fusion
[81,[77], where self-attention processes combined image patches and text representations, or (2) cross-attention
fusion [145}184]], where queries from one modality interact with representations from the other. [28] investigate
cross-modal integration using input ablation techniques and conclude that self-attention models, such as

VisualBERT, show less sensitivity to missing visual input compared to cross-attention models like VILBERT,
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which exhibit more significant reliance on cross-modal interactions.[56]] finds that vision-text cross-attention
learns visual grounding of noun phrases into objects, while text-to-text attention captures low-level syntactic
word relations.[110] probes dual-stream VLMs through tasks like image-sentence alignment and counting,
revealing strong alignment performance but limited grounding of visual symbols, resulting in poor counting
capabilities. However, there has yet to be a comprehensive study applying mechanistic interpretability
techniques to investigate how recent architectures like BLIP and LLaVA 1) use attention mechanisms to
integrate multimodal information and 2) determine the specific functions that attention heads in these models
learn to perform.

Causal Mediation Analysis and Mechanistic Interpretability. Causal mediation analysis (CMA)
uncovers how interventions in one part of a system cause changes in another. Recent works have adapted
CMA to study language models by using activation patching [91]] to identify causal pathways, or circuits,
responsible for certain behaviors in the model. Activation patching shows the indirect effect of a component
on a model’s output by corrupting key input tokens and then restoring outputs by patching the internal modules
from the clean run to the corrupted run. This approach has revealed that attention heads in transformers
implement human-interpretable algorithms for “greater than” tasks [46], indirect object identification [156]],
and learning mathematical group operations [[17]. Evidence suggests that models implement similar circuits
across various tasks, indicating that studying a small set of computational units may provide insights into
model behavior [43194]]. Although works in mechanistic interpretability have provided critical insights into
LLMs, works applying activation patching to multimodal models have been limited due to the absence of
an effective semantic-based method for image corruption. Given that Zhang and Nanda [171]] demonstrate
Gaussian noise corruption can lead to “illusory” patching results, a semantic-based corruption scheme for
images is needed to apply causal mediation analysis to VLMs. In this work, we introduce a semantic-based
image corruption method (SIP) and token replacement (STR) for text, enabling meaningful causal mediation
analysis to reveal distinct roles of self-attention and cross-attention in multimodal models like BLIP and

LLAVA, advancing our understanding of vision-language integration.

2.3 Methods

NOTICE: Overview The first step in activation patching is developing a method to corrupt the input, preventing
the model from predicting the correct answer without causing representations to be out-of-distribution. We
propose the first semantic-based dual corruption scheme for VLMs to enhance understanding of each modality’s
contribution to VQA tasks. We assess the impact of corrupting input text with symmetric token replacement
[156] and images using our novel Semantic Image Pairs (SIP) framework.

Model Selection For our model selection, we use LLaVA-1.5-7B (Vicuna base) [81] and BLIP-VQA-Base
[75], chosen for their relevance and alignment with recent interpretability research. BLIP-VQA was included
to enable direct comparison with prior work applying activation patching to vision-language models [108]],
facilitating a meaningful evaluation of our corruption scheme (NOTICE) against Gaussian-noise patching. In
addition, we also focus on LLaVA-1.5 to align with more recent interpretability studies, including [86], [[101]],
and [62].
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Text Corruption: Symmetric Token Replacement. Corrupting text inputs with symmetric token
replacement (STR) swaps out the correct answer token of a prompt with another similar token that has the
same length [156]. For indirect object identification, Wang et al. [[156] swap the names of the indirect and
direct objects with randomly sampled names. The goal of STR is to corrupt inputs so the language model
cannot complete the task correctly while avoiding Gaussian noise corruption that pushes token embeddings
off-distribution. For our VQA tasks, we swap both multiple-choice options in the input prompt with two
randomly sampled incorrect multiple-choice options with the same tokenized length from a different sample in

the dataset. Figure [2.1]illustrates how STR alters the input text for a prompt.
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Figure 2.3: Module-wise activation patching results for BLIP and LLaVA on “objects” from SVO-Probes. We
visualize the restoration probability after patching for MLP, self-attention, and cross-attention layers in the
image-grounded text-encoder. The y-axis denotes which token we patch, and the x-axis denotes which layer
we patch.

Image Corruption: Semantic Image Pairs. While STR is a widely used text corruption method,
extending semantic corruption to the vision domain presents significant challenges as it requires a semantically
aligned image pair. To address this, we propose SIP corruption, a visual corollary to STR, which modifies only
one semantic concept in an image (see Figure[2.T).

We implement SIP in three diverse image-classification datasets: SVO-Probes [48] (an extension to FOIL
it! [[137]), MIT States [58]], and Facial Expressions [42]. While natural variation in backgrounds can happen
between semantic image pairs, we select datasets where nouns, subjects, verbs, and objects are known and can
be controlled. The Facial Expressions dataset was curated to include only black-and-white photos of faces
expressing different emotions. In MIT-States, object-state pairs are known and can be used to maintain objects
(e.g., “building”) while varying their states (e.g., “modern”). The SVO-Probes dataset is designed to vary only
one element (subject, verb, or object) at a time (e.g., only varying “puppy” and “goat”, while maintaining
“grass” and “lying” constant, as seen in Figure 2.1 panel 1). Thus, for each dataset, we collect the known
elements (emotions, objects/states, subjects/verbs/objects) and create image pairs that differ on that element.
Our framework can be extended to any image dataset with clearly defined attributes, such as cars, shapes,
animals, etc., using the class labels to find clean and corrupt pairs.

Previous works have shown vision transformers can correctly identify objects in various contexts regardless
of the foreground or background [[154]. Since image encoders in multimodal models, such as BLIP and
LLaVA, are robust to minor variations to the context of an object, only the semantic contents of the image
need to be controlled to obtain reliable patching results [154]. In contrast, masking pixels, adding Gaussian

noise to image patches, or replacing pixels would create unnatural images, leading to unreliable results. In
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Section[2.4.1] we demonstrate the effectiveness of SIP corruption over Gaussian-noise image corruption and
experiment with using generative models to create SIP.

NOTICE VQA Task Design. We adapt the SVO-Probes, MIT States, and Facial Expressions image-
classification datasets into VQA tasks. We prompt models to choose between a correct answer that matches
the image and an incorrect, semantically different alternative, as seen in Figure For example, using the
image-class labels “happy” and “angry,” we create a VQA prompt: “Is this person feeling happy or angry?”.
For LLaVA, we adapt the standard prompting format to ensure the model selects one of the multiple choice
options: “USER: <image> [Prompt]. Answer with one word. Assistant:”. While in SVO-Probes, each
subject, verb, or object comes with its own semantically different counterpart, we constructed such pairs
for MIT-States and Facial Expression. In MIT-States, we separated states into color, shape, and texture and
selected counterparts from the respective categories for each question. We grouped similar states (e.g., “huge”,
“large”) together and ensured that the selected counterpart would not be similar in meaning to the correct
answer (using cosine similarity and word2vec word embeddings [95]). Similarly, in the Facial Expressions
dataset, we grouped the seven emotions into positive, negative, and neutral and selected counterparts from
opposing emotions. See more details on the VQA design in Appendix and Appendix [A.6] respectively

Activation Patching. Let M be a vision-language model and M; its hidden states at layer [ € {0, 1, ..., n}.
The forward pass on an image (/) and text (T) pair at layer [ is denoted as M;(I,T). We define I* as a
corrupted image and 7™ as a corrupted text input. Note that we only corrupt one modality at a time. In a
forward pass with I* and 7', activation patching replaces the hidden states of the corrupted run M;(I*,T") with
the clean run M;(1I,T) to determine which components have the most significant indirect effect on the output.
The hidden states at all subsequent layers, M ;(I *T)forj € {l +1,...,n}, are called patched states. In
Figure[2.2, we provide an example illustrating patching using SIP image corruption. The image of the puppy is
the clean image, I, and the goat is I*. Patching the correct answer token “puppy” at M, (I, T'), from the clean
image to the “puppy” token at M (I*, T) creates the patched states M’ (I*,T') shown as orange diamonds in
Figure[2.2

Measuring Patching Effects. The most common ways of measuring patching effect are restoration
probability and logit difference. Let L* and L’ denote the logits from the corrupted and patched runs, and
let 7, 7" denote the correct/incorrect multiple-choice answer. Logit difference measures the indirect impact
patching has on the model’s logits. Let L(7, 7") = Logit(7)-Logit(7""). The logit difference is defined as
L' (7, 7)-L* (7, 7"). Restoration probability measures the impact of patching clean states into a corrupt run

on predicting the correct answer token: P’ (7)-P*(7).

2.4 Results

We begin our investigation by conducting module-wise activation patching to understand the global patterns
of self-attention, cross-attention, and MLP modules under both image and text corruption. We demonstrate
that SIP image corruption produces results closely aligned with STR text corruption and effectively highlights
the role of middle-layer MLPs, which have repeatedly proven crucial in a wide range of tasks [91]]. In

contrast, Gaussian Noise image corruption only identifies the final MLP layers as producing a significant
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Figure 2.4: Module-wise activation patching results for SIP, and Gaussian-Noise corruption on SVO-Probes
on BLIP. SIP corruption produces activation patterns that align with Stable Diffusion results and highlight the
importance of middle layers, while Gaussian noise fails to reveal meaningful attention layers, emphasizing the
effectiveness of SIP for probing vision-language models.

patching effect. Building on this, we use SIP to perform a fine-grained analysis of cross-attention heads in
BLIP and self-attention heads in LLaVA, the critical point of multimodal integration for each model. As we
identify the most significant cross-attention heads in BLIP and most significant self-attention heads in LLaVA,
we categorize them into three distinct functional roles, offering deeper insights into their contributions and

behaviors.

24.1 Module-wise Activation Patching

Module-wise activation patching reveals how different model components (i.e., attention blocks and MLPs) of
VLMs respond to image and text corruption, highlighting which layers and modules (MLPs, self-attention,
cross-attention) are most influential for successfully completing VQA tasks. First, we compare the effects
of STR and SIP on BLIP and LLaVA, as shown in Figure @ Across all tasks, we observe: (1) MLP
patching reveals that image corruption emphasizes the importance of middle layers, while text corruption
primarily affects earlier to middle layers; (2) Under text corruption, LLaVA’s self-attention demonstrates strong
localization, on the correct object token in layer O and layer 21, similar to the cross-attention localization on
the correct answer seen in BLIP at layer 3; (3) Under image corruption, LLaVA’s self-attention attends away
from the correct answer token in layers 16-25; and (4) LLaVA’s earlier layers identify the correct answer token
while in the later layers the emphasis shift to the instruction token “Assistant:”.

We evaluate the effectiveness of SIP corruption by comparing it with Gaussian-noise, the image corruption
technique used in previous work [108]]. In addition, we explore semantic image corruption using generative
models, which shows the NOTICE framework is generalizable beyond curated datasets like SVO-Probes.

Specifically, we use in-painting Stable Diffusion [[124]] to perform semantic image corruption by generating
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“corrupted” versions of clean images that only vary on one key semantic property. For instance, generating an
image of a man sitting on a chair from an image of a man sitting on sand. Figure [2.4/demonstrates the promise
of using generative models to implement SIP corruption since stable-diffusion module-wise patching results
are highly similar to SVO-Probes. Note that generative models may occasionally introduce undesirable image
artifacts (e.g., adding extra fingers to a hand) that we cannot control. While using Stable Diffusion to create
SIP shows promise for future CMA applications, Gaussian noise proves unreliable. In both LLaVA and BLIP,
MLP modules highlight the importance of early and middle layers, while Gaussian noise only highlights the
last layer (see Figure[2.4). Several studies highlight the importance of middle layers in transformers 23| 91],
and show that MLPs store syntactic information and task-specific representations often peak in middle layer
MLPs [25, 150, 135 160]]. Additionally, self-attention patching in SIP assigns the highest probability to the
correct token, unlike Gaussian noise. SIP and STR also display consistent activation patterns —long horizontal
regions in MLPs (aligning with [91]]) and vertical regions in self-attention —whereas Gaussian Noise shows
clear differences. These findings suggest that SIP is a more effective tool for probing VLMs and identifying

key components and interactions.
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Figure 2.5: Logit difference demonstrating the impact of patching the correct answer for each LLaVA self-
attention head and BLIP cross-attention head on the SVO-Probes, MIT States, and the Facial Expressions
datasets. Many key attention heads overlap in importance across both modalities.

2.4.2 Universal Attention Heads Exist Across Corruption Schemes and Tasks

Following the module-wise analysis, we focus on the attention heads, investigating their role in facilitating
vision-language integration. We calculate the logit difference for each cross-attention head in BLIP and
self-attention head in LLaVA by analyzing the impact of patching the correct answer across the SVO-Probes,
MIT States, and Facial Expressions datasets in BLIP and the “Assistant:” token in LLaVA . We perform
activation patching on the “Assistant:” token since Figure demonstrates that patching the “Assistant:”
creates the largest module-wise patching effect. See Appendix [A.T0 for more details, as well as for the
patching of the correct answer token in each self-attention head in LLaVA. Figure [2.5]demonstrates that, in
BLIP, image corruption has a greater impact on logit difference compared to text corruption in SVO-Probes

and MIT-States. Specifically, image corruption results in up to 20% logit difference, while text corruption
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Model Vision Heads Multimodal Heads Text Heads
LLaVA LI15H5,L16.H18 L28.H7,L31.H27 L22.HI16,L29.HI19
L14.H4,L15.H8 L16.H24,1L19.H15

L18.H26, L17.HO L18.H30, L18.10,

L17.H22, L14.H28 L21.H30

L19.H4,L15.H14

L17.H13, L20.H28
BLIP L5.H3 L3.HO LO.HI11

Table 2.1: Universal attention heads in LLaVA and BLIP, identified as having consistently high logit differences
across tasks and modality corruptions. In LLaVA, most critical self-attention heads serve multimodal or
vision-specific roles. In contrast, BLIP’s dual-stream design results in distinct vision, text, and multimodal
heads, supporting more modular cross-modal integration.

causes a difference of 6%, suggesting BLIP relies more on visual input than text for predicting the correct
answer. In LLaVA, Figure shows the logit difference is consistent for both modalities. These results
contrast with previous findings that VLMs are more influenced by textual priors [[129]. Despite the difference
in scale in BLIP, many critical attention heads identified under text corruption are also crucial when images
are corrupted, with this overlap persisting across tasks. To quantify the overlap between the two modalities’
corruptions and across tasks, we identify three universal cross-attention heads in BLIP (LO.H11, L3.HO, and
L5.H3) and seven universal multimodal self-attention heads in LLaVA (L28.H2, L31.H27, L18.H10, L16.H24,
L21.H30, L19.H15, and L18.H30) where Lx.Hy denotes layer x, head y.

Table[2.1shows “universal attention heads”, which we defined as consistently having a logit difference two
standard deviations above the average regardless of the task or the modality corruption. In LLaVA, we find
only find two*“text only” heads; a majority of important self-attention heads either overlap with multimodal
heads that are important for both modalities or emerge under image corruption (“vision only” heads). This
suggests visual inputs still influence the prompt, even under text corruption. We hypothesize this is due to
LLaVA’s early fusion, where image tokens are embedded into the textual prompt. In contrast, BLIP has exactly
one vision, one text, and one multimodal head, likely because its dual-stream cross-attention design allows the
model to fuse visual and textual information more effectively without requiring multiple specialized heads
for different modalities. These findings highlight key differences in cross-modal integration between the two
models.

The presence of overlapping attention heads when patching different modalities and tasks is a novel
discovery. Since cross-attention heads in BLIP and self-attention heads in LLaVA integrate vision and
language, overlapping heads suggest that vision and language convey similar information to the VLM despite
being distinct feature spaces. This challenges the longstanding notion that text is the dominant modality for
VLMs. Additionally, the reuse of these components across tasks offers insights into model behavior and model
editing, enabling targeted improvements that enhance performance, address bias, and better adapt the model to

new tasks.
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Figure 2.6: Universal cross-attention heads in BLIP implement object detection and object suppression. We
visualize the average of all attention heads compared to the universal heads performing each function.

2.4.3 Universal Attention Heads Perform Distinct Functions

To better understand the role of universal attention heads in multimodal integration, we visualize the cross-
attention patterns between the “correct answer” text token and image patches in BLIP. For LLaVA, we
visualize self-attention patterns of universal multimodal self-attention heads from the “Assistant:” token to
image patches. We find that universal cross-attention heads in BLIP fall into three function classes: object
detection, object suppression, and outlier suppression, seen in Figure [2.6] whereas universal multimodal
self-attention heads in LLaVA primarily implement outlier suppression seen in Figure [2.7]

Outliers in Attention Patterns. Similar to Darcet et al. [20], we find that cross-attention patterns in BLIP
and text-to-image self-attention patterns in LLaVA are dominated by “outlier features” with extremely high
average attention scores. These outliers appear in Figure[2.6]as non-informative image patches with dark red
scores. Unlike in ViTs, where outliers are thought to obscure interpretable features in vision attention, we find
attention functions reduce attention to these outliers. In BLIP, this enables object detection by linking text
tokens to the relevant image patches. Our finding that outliers play an important role in VLM representations
is similar to recent works showing outliers in LLMs store task-specific information [123].

Object Detection. In BLIP, cross-attention layer 3, head 0 (L3.HO) implements object detection by linking
a text token with relevant image patches. These heads associate physical objects in images with the nouns in
SVO-Probes and MIT States. Notably, L3.HO can segment images even when the word does not explicitly
appear in the image. For example, in the Facial Expressions dataset, L3.HO implicitly associates the correct
emotion (e.g., “anger”) with the mouth region. L3.HO is the only universal cross-attention head identified as
“multimodal,” consistently demonstrating its importance across all tasks, regardless of modality corruption. Its
ability to map text tokens to image patches highlights its critical role in fusing vision-language information
and demonstrates its true multimodal capabilities.

Object Suppression. Cross-attention head L.5.H3 in BLIP explicitly attends away from the image patches
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associated with an input token and attends strongly to the outlier cross-attention patches. Object suppression
cross-attention heads perform the inverse of object detectors, as they explicitly reduce attention to specific
objects in an image. In SVO-Probes, this amounts to attending away from subjects or objects, and in MIT-
States, L5.H3 attends away from relevant portions of the image that form the noun that is changing states.
However, L5.H3 does not perform object suppression in Facial Expressions. Instead, L5.H3 performs the
closely related function of outlier suppression. L5.H3 in BLIP provides a rare example of an interpretably

polysemantic attention head that implements different interpretable functions depending on the input [43]].
DayLLava D veLP

Average Outlier Average Outlier
Self-Attention Supression Cross-Attention Supression 1.0
v s -

Figure 2.7: Universal heads in BLIP and LLaVA perform outlier suppression. We visualize the average of all
attention heads compared to the universal heads performing outlier suppression.

Outlier Suppression. Outlier suppression heads reduce attention to high-probability image patches and
distribute attention uniformly across remaining patches. All universal multimodal attention heads in LLaVA
implement outlier suppression. In BLIP, LO.H11 implements outlier suppression across all tasks in this paper.
For BLIP, LO.H11 is a text-only universal cross-attention head, meaning it does not produce a significant
patching effect when images are corrupted. Due to its specialization, LO.H11 does not contribute to the
semantic association between text tokens and image patches. Instead, it plays a crucial role in filtering out

irrelevant visual information, enhancing the model’s robustness.

2.5 Conclusion

In this chapter, we study the roles of cross-attention and self-attention in multimodal integration. To accomplish
this, we introduce NOTICE, a Gaussian-Noise-free Text-Image Corruption and Evaluation pipeline for
mechanistic interpretability in VLMs. Using our SIP image corruption framework and STR text corruption,

NOTICE enables causal mediation analysis across both modalities. Experiments across three tasks reveal
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“universal attention heads” with consistent patching effects across BLIP and LLaVA. We show that cross-
attention supports three functions: object detection, object suppression, and outlier suppression. However,
self-attention primarily handles outlier suppression, indicating cross-attention’s unique role in image grounding.
While attention presents a plausible, but not necessarily faithful rationale for model prediction [158], our
findings show patterns of attention heads that consistently, and causally, influence model logits. With
the support NOTICE, applications using VLMs can benefit from more transparent and adaptable models,

facilitating deeper insights and enhanced performance.



Chapter 3

Controlling Factual Recall in Attention

In this Chapter, we present key results from our EMNLP 2025 paper, Pixels Versus Priors: Controlling
Knowledge Priors in Vision-Language Models through Visual Counterfacts [40]]. While the preceding chapters
explored how attention can be scaled and interpreted across modalities, in this chapter, we zoom in on its role
in reconciling conflicting sources of information, particularly world knowledge versus visual evidence. To
investigate this, we introduce Visual CounterFact, a new dataset of visually-realistic counterfactuals that put
world knowledge priors (e.g, red strawberry) into direct conflict with visual input (e.g, blue strawberry). Using
Visual CounterFact, we show that model predictions initially reflect memorized priors, but shift toward visual
evidence in mid-to-late layers. This dynamic reveals a competition between the two modalities, with visual
input ultimately overriding priors during evaluation. To control this behavior, we propose Pixels Versus Priors
(PvP) steering vectors, a mechanism for controlling model outputs toward either world knowledge or visual
input through activation-level interventions. On average, PvP successfully shifts 99.3% of color and 80.8% of
size predictions from priors to counterfactuals. Together, these findings offer new tools for interpreting and

controlling factual behavior in multimodal models.

3.1 Introduction

As multimodal large language models (MLLMs) demonstrate increasing success in real-world vision-language
tasks [[74, 1157, [14]], it is becoming increasingly important to understand their internal mechanisms in order to
ensure the reliability and safety of these systems [37, 162} 86 [126]]. Despite recent advances, interpretability
in MLLMs remains underdeveloped compared to progress in natural language processing (NLP), where the
encoding of world knowledge facts is well-researched and methods exist for systematically editing factual
associations [90]. In NLP, counterfactual datasets consist of minimally altered input pairs that isolate specific
factual changes, such as swapping one entity or relation while holding others constant. These datasets
enable causal analysis of model behavior and have been central to understanding how factual associations are
stored, retrieved, and manipulated [31}132,[19,/169} 90]. Unlike language, where factual associations are well

understood, there is no visual equivalent for locating or modifying stored associations in MLLMs. In particular,
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there is no counterfactual dataset for testing how these models balance visual perception against memorized
priors, nor any method for controlling their responses when the two sources of information conflict. To address
this gap, we introduce Visual CounterFact, the first dataset designed to study world knowledge priors related to
visual attributes in MLLMs, and use it to develop Pixels Versus Priors steering (PvP), a method for controlling
whether the model relies on pixel-level information or on world knowledge.

Visual CounterFact modifies visual attributes, color and size, of everyday objects to create direct conflicts
between memorized facts and input pixels. In our framework, world knowledge priors refer to linguistic
associations between visual attributes and objects that the model has memorized during pretraining. In contrast,
visual perception is defined by the in-context visual input, which we manipulate to create counterfactual
images. These counterfactuals are designed to challenge the model’s world knowledge of visual attributes by
presenting plausible but contradictory visual evidence. For example, we contrast the size-related knowledge
prior “strawberries are bigger than flies” with the counterfactual “flies are bigger than strawberries,” violating
expected size relations (see Figure[3.T).

Using Visual CounterFact, we find that MLLMs often ignore world knowledge when shown counterfactual
images, favoring perceptual input even when prompted for general facts. We then trace where in the forward
pass predictions shift from in-weight knowledge (e.g., strawberries are red) to in-context perception (this
strawberry is blue), finding that this transition consistently emerges in mid-to-late layers. During this transition,
models frequently flip between the two answers, revealing a competition between in-context pixel and in-
weights prior information, with pixels often overriding priors in the model’s output. To control this behavior,
we use our Pixels Versus Priors steering to control whether a vision-language model relies on knowledge
priors or pixel information. PvP is a novel framework to construct steering vectors for vision-language models
that control whether the model responds based on memorized knowledge or in-context visual input. Through
this steering, we successfully shift an average of 99.3% of color predictions and 80.8% of size predictions
from memorized priors to counterfactual answers.

Together, these contributions provide a new visual counterfactual benchmark and a mechanism for
interpreting and controlling the behavior of vision-language models. We present the necessary foundation for
a mechanistic understanding of how MLLMs integrate image input with prior knowledge of visual attributes,
bridging the gap between interpretability research in language models and the emerging needs of multimodal

models.

3.2 Related Works

Studies in mechanistic interpretability have shown that LLMs encode factual associations grounded in
world knowledge within their weights, enabling precise manipulation through targeted interventions. In
particular, feedforward layers often act as key-value memories, injecting factual knowledge into subject
representations [31,32]], while clusters of “knowledge neurons” have been shown to store and control specific
facts [[19,[169]]. These internal representations can be edited by introducing counterfactuals through weight-
level interventions[90], or by tracing how attention mechanisms recover or suppress modified content during

inference [63]]. More recently, activation-level interventions have emerged as an alternative to weight-level
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editing. In NLP, steering vectors are computed by subtracting internal representations from contrasting prompts
to isolate meaningful activation directions [144} 150]]. These directions can be added at inference to shift a
model’s behavior without altering the model’s weights.

Although model editing and steering have been successful in shifting model outputs, Gekhman et al. [30]
show that even when a model produces incorrect outputs, it may still internally represent the correct fact,
highlighting a disconnect between stored knowledge and in-context generation. Investigating this disconnect
further, there is a growing body of NLP literature that seeks to understand how language models flexibly deploy
both in-context and memorized in-weight knowledge [[13} 1140} 13,1122, 70} 180, 112]. These studies suggest
that models often switch between relying on memory and adapting to context, depending on training dynamics
and task structure. This inherent conflict within-modality motivates our mechanistic analysis across-modalities.

In order to study the conflict of world knowledge priors across vision and language, a visual counterfactual
dataset is needed. While many benchmarks test visual-textual alignment, none directly evaluate a model’s
reliance on visual world knowledge. VL-Checklist [[178] and VALSE [111]] vary captions over fixed images,
while FOIL-COCO [[137], SVO-Probes [48], and Winoground [[148] alter semantic content in real images.
However, these methods often suffer from uncontrolled visual artifacts. COCO-Counterfactuals [71] uses
generative models to edit images to replace a single object in the image with a new object. For example, for an
image reflecting the caption “A large black ball sitting next to a glass of milk”, they generate a “counterfactual”
image from the prompt “A large black ball sitting next to a glass of water”. While these images represent
minimally altered pairs, they are not true counterfactuals designed to contradict visual world knowledge priors,
such as the expectation that “strawberries are red” or that “strawberries are larger than flies”.

Similarly, model editing methods developed for LLMs have proven difficult to adapt to vision-language
models. Early work shows that multimodal neurons can encode visual-textual concepts [109], and that vision
and language encoders often share object-level semantics [130]. Yet, attempts to localize or edit factual
knowledge in MLLMSs, such as MMEdit [16] and VLKEB [53] face challenges with generalization and control.
Model edits can introduce unintended side effects, such as altering predictions on unrelated inputs, and often
fail to generalize across paraphrased prompts or unseen contexts. In addition to the side effects of model
editing, in this work, we show that MLLMs tend to override memorized knowledge priors when presented with
conflicting visual input. Given that pixels override priors, applying model editing to steer the model towards
“strawberries are blue” would be overridden when presented with an image of a red strawberry. Instead,
steering provides a reliable mechanism to modulate model responses between pixels and priors.

Steering has seen little adoption in the multimodal setting. Liu et al. [83] propose latent-space steering to
reduce hallucinations by stabilizing vision features at inference time. Zhang et al. [175] show that embedded
image prompts can act as hidden meta-instructions, influencing output style or sentiment. Luo et al. [86]
demonstrate that vision-language models learn shared task vectors that generalize across modalities, suggesting
that internal representations can be steered with compact task encodings. Similarly, Hojel et al. [51] identify
visual task vectors in the activation space of prompting models, showing that these representations can be
patched into attention heads to guide model behavior across tasks. However, these works do not examine
how models handle conflicts between visual input and stored knowledge, nor do they provide mechanisms

for explicitly controlling which source of information the model relies on. To our knowledge, no prior work
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applies steering vectors to vision-language models for the purpose of modulating reliance on memorized visual

priors versus image inputs.

3.3 Creating Visual CounterFact
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Figure 3.1: Visual CounterFact. A new benchmark to study how VLM:s utilize world knowledge compared
to visual inputs. (Left) images created using color relations, (right) images created using size relations.

First, we describe the creation of Visual CounterFact, a dataset designed to examine how MLLMs use
visual input and world knowledge when presented with controlled counterfactual examples. Visual CounterFact
contains images that deliberately introduce conflicts between visual input and world knowledge, spanning two
tasks: color and size. Each image is created through a four-step pipeline designed to preserve realism and
control for background noise while introducing counterfactual evidence. Additional details on each step are
provided in Appendix Section[A.TT]

(Step 1) Identifying objects with strong visual priors. We begin by selecting objects that have widely
known visual attributes, such as canonical colors (e.g., “strawberries are red”) or typical size relationships
(e.g., “strawberries are larger than flies””). These objects are sourced from human-annotated datasets (McRae
norms [89]]) and extended with GPT-40 estimates of typical attributes for CIFAR-100 [69] and ImageNet [22]
categories.

(Step 2) Retrieving world knowledge images. For each object, we collect images using the Google
Images API, specifying that the object should appear on a white background to reduce spurious visual cues.
We aim to retrieve images that match the canonical visual prior (e.g., a red strawberry rather than a pink or
green one). Each image is filtered and scored by GPT-40 for color accuracy, object correctness, and realism,
and the highest-scoring image is selected.

(Step 3) Generating counterfactual relations. We construct counterfactuals that intentionally conflict
with typical visual priors for each object. For the color task, we first prompt the LLaVA-Next model to generate

likely colors for a given object (e.g., “What color is a strawberry?”’), then sample from the five least likely
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common colors (e.g., blue, orange, purple) to select a counterfactual color. To maintain visual clarity, we
constrain these counterfactuals to be visually distinct from the original (e.g., avoiding red/orange or gray/black
swaps). For the size task, we use GPT-4o to estimate the real-world dimensions of objects and compute their
total size. We select object pairs that differ by at least a factor of 10 and generate two counterfactual relations
per object by inverting the expected size ordering. For example, if object A is smaller than object B and object
B is smaller than object C, we create counterfactuals such as “A is bigger than B” and “B is bigger than C.”
(4) Editing images to reflect counterfactual attributes. We use SAM2 [121] segmentation masks to
apply controlled, localized transformations. In the color task, we modify hue values while preserving texture
and shading; in the size task, we resize object masks and align them on a dashed line to reflect altered size
relations without introducing depth ambiguity. The final dataset contains 575 color exemplars, 575 color
counterfactuals, and 877 original and 877 counterfactual size images, for a total of 2,904 visually grounded

examples.

3.4 Methods

We use Visual CounterFact to evaluate how MLLMs store world knowledge priors of visual characteristics
using three models: LLaVA-Next-7B [74], Qwen2-VL-7B [157], and DeepSeek Janus Pro-7B [14]. These
models were selected to cover a range of current state-of-the-art multimodal architectures, including established
families like LLaVA, and emerging MLLMs like QwenVL and Janus Pro. We first apply early decoding to
trace the evolution of the model’s prediction across layers and identify the point at which visual information
overtakes linguistic priors or vice versa. We then develop PvP steering vectors that can actively shift model

behavior toward either image-grounded or world knowledge responses. The results of these methods are
presented in Sections [3.5.2]and[3.5.3] respectively.

3.4.1 Early Decoding

Early decoding is a technique for probing the intermediate computations of a model by decoding hidden states
before the final output layer. Originally introduced by nostalgebraist [[L03]] and extended in follow-up work
[85 1107, 133, [153], this method applies the final layernorm, o, to the intermediate hidden states h; at layer [
and then projects this representation onto the vocabulary space using the unembedding matrix Wy;, yielding
Wu (o(h;)). This produces a probability distribution over tokens, effectively allowing us to observe what the
model “believes” at a given stage in its forward pass.

We use early decoding to identify when the model’s prediction shifts from being guided by knowledge
stored in weights to being grounded in visual perception. By decoding the model’s predictions layer by layer,
we observe how the probability distribution over possible output tokens evolves, allowing us to pinpoint
where the model begins to favor a counterfactual (image-based) answer over the memorized world knowledge

alternative.
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3.4.2 Pixel Versus Prior Steering

Using Visual CounterFact, we introduce Pixels Versus Priors (PvP) steering vectors by calculating the
difference in activations with contrasting prompts. Specifically, we present the model with a counterfactual
image accompanied by one prompt that encourages the retrieval of world knowledge priors and another that
directs it to analyze the image pixels. Consider the example in Figure[3.2] The prompt “What color is this
strawberry?” encourages a visually grounded response, while “What color are most strawberries?” draws on
memorized world knowledge priors about the color of a strawberry. When paired with a counterfactual image
(e.g., a blue strawberry), the model should ideally answer “blue” in the first case and “red” in the second.
When computing PvP steering vectors, the visual input is always the counterfactual image. For a given layer,
l, we extract the hidden representations at the MLP block for both prompts at each layer and compute two
steering vectors, Sk and S,
1 & .
St = 75 (LI — [

i

D
1 mos! is
Shyae = 75 SO (BLI — [BL]1).

Here, i € {1,2..., D} represent the text-image pairs in Visual CounterFact and h,, represents the hidden state
of the last text token in the sequence of a sample, typically an instruction token, which has been shown to
store more important information when compared to specific subject tokens [37]]. After computing the world
knowledge (S%) and counterfactual (S&) steering vectors, we control the model’s output by modifying the
hidden state of the final token in the sequence at a given layer in the language decoder. Formally, let 4!, denote
the hidden state of the last token at layer [ in the language decoder of an MLLM. To steer the representation

toward pixel-level information from the image, we apply the following intervention:
hy, = hi, + Stg

To instead steer the model toward world knowledge priors, we apply:
hl, = hl, + Sk

These interventions are applied for all € [I, 4+ w]. Our method for calculating multimodal steering vectors
captures the representational shift needed to modulate the model’s reliance on vision input versus world

knowledge priors.

3.5 Results

3.5.1 MLLMs are Distracted By Counterfactual Images

We begin by analyzing how MLLMs behave when presented with counterfactual (CF) images that intentionally

contradict common object priors, alongside baseline world knowledge (WK) images that reflect real-world
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Figure 3.2: Pixel Versus Prior steering vectors are created by contrasting representations of prompts that
emphasize pixel-level information (“this”) versus priors (“most”), using the last hidden state.

visual expectations (Figure[3.I). To test whether models rely more on memorized knowledge or on the current
image, we use two types of prompts: “What color are most <objects>?" and “What color is this <object>?"

All models perform well on “this” prompts, achieving over 80% accuracy even when the input image
presents a counterfactual. This indicates that MLLMs are highly effective at grounding their answers in the
current visual input. Errors in this setting typically involve subtle hue disagreements such as gold versus
orange or yellow, rather than confusion about the underlying object property.

In contrast, the “most” prompts reveal a critical weakness. When asked about what is generally true,
models are expected to retrieve world knowledge rather than attend to the current image. This behavior holds
when WK images are shown, but accuracy drops sharply when the same question is paired with CF images. In
these cases, models often abandon their prior knowledge in favor of what is visually presented, even though
the prompt clearly targets a generic concept. This suggests that MLLLMs are easily distracted by the current

image, even when instructed to generalize.

3.5.2 Localizing Visual Perception Shifts through Early Decoding

To understand how this visual override emerges during inference, we apply early decoding to track model
predictions across layers. This reveals when the model transitions from relying on memorized priors to
integrating counterfactual visual input. Figure [3.3]shows that in the color task when the model is prompted for
the world knowledge answer but given a counterfactual image, the probability of the world-knowledge answer
rises in mid to late layers, then flips to the counterfactual answer (orange) in the final layers. This “flipping
behavior” is most common when the model is prompted to respond with the world knowledge answer and

provided with a counterfactual image (Figure[3.3]Panel B). This delayed integration of visual input leads to
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Model Task | CF + “this” WK + “this” | CF + “most” WK + “most”
LLaVA-Next Color 85.19 87.22 47.26 92.09
Size 82.12 96.42 40.30 95.60
Qwen2-VL Color 84.79 85.40 60.65 90.87
Size 91.20 98.21 28.34 96.29
Janus-Pro Color 86.00 88.03 59.23 90.47
Size 85.14 96.84 18.02 96.01

Table 3.1: Accuracy (%) for color and size tasks under “this” (e.g., “What color is this strawberry?”’) and
“most” (e.g., “What color are most strawberries?””) questions with counterfactual (CF) and world knowledge
(WK) images. Models perform well when grounded in the current image, but accuracy drops sharply in the
“most + CF” setting, indicating that MLLMs are overly influenced by misleading visual input.

\ Size \ Color

‘ LLaVA-Next Qwen2-VL Janus-Pro ‘ LLaVA-Next Qwen2-VL Janus-Pro
% Samples w/o Flip 45% 69% 70% 35% 71% 88%
9% Samples w/ Flip 55% 31% 30% 65% 29% 12%
Avg. # CF - WK 1.02 0.47 0.76 0.84 0.18 0.56
Avg. # WK — CF 1.12 0.70 0.86 1.31 0.90 0.56

Table 3.2: Flip statistics for size and color attributes with counterfactual images and prompts designed to
elicit world knowledge responses. A “flip” occurs when the initially less probable response later exceeds the
alternative by at least 5%.

errors when the image contradicts memorized associations, matching the results in Table [3.1]

In contrast, when using “this” prompt (e.g., “what color is this strawberry?”) for identifying the coun-
terfactual attribute, models are confident in the counterfactual answer by the middle layers and rarely flip
to the world-knowledge alternative (Figure[3.3|panel A and Table[3.2). This confidence is supported by the
high inference accuracies seen in Table [3.1] Despite their confidence in the counterfactual answer, there is
still a slight spike in world knowledge answer probability in mid-to-later layers. This slight spike shows that
memorized knowledge does not fully disappear from the model, even when presented with contradicting
inputs.

Table [3.2] shows how often models alternate between world knowledge and counterfactual answers on
the color and size tasks when provided with a counterfactual image and a “most” prompt. On average,
LLaVA-Next flips from world knowledge to counterfact 1.24 times on samples where a flip occurs, compared
to 0.79 in the reverse direction. This indicates that MLLLMs are prone to overriding prior knowledge when
presented with a counterfactual image. These results suggest a consistent pattern: models initially rely on
linguistic priors rooted in world knowledge, and only later override these with visual evidence as processing

progresses through the layers.
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Figure 3.3: Early decoding results on LLaVA-Next show a conflict between answering “world knowledge”
using priors or answering “counterfact”.

Table 3.3: Flip performance (%) under Color and Size tasks for two directions (WK — CF, CF — WK). Layer
ranges indicate where flips occur.

Task  Dir. ‘ LLaVA ‘ QwenVL ‘ Janus-Pro

| Flips Layers | Flips Layers | Flips Layers
99.5 [14-16] | 99.7 [17-19] | 98.6 [14-16]
86.4 [10-17] | 78.8 [12-17] | 78.2 [15-18]
71.3  [8-16] 89.9 [16-22] 81.2 [16-19]
33,5 [12-21] | 61.8 [13-23] | 70.37 [16-20]

Color WK — CF
Color CF — WK

Size WK — CF
Size CF —+ WK

3.5.3 Controlling World Knowledge Associations with PvP Steering Vectors

In Section[3.5.2, we show that MLLMs tend to rely on world knowledge in early layers and shift to visual
information later, often flipping between the two. This delayed integration of visual input often results in
unstable predictions when images conflict with prior knowledge (seen in Table [3.1). To stabilize predictions
and control whether the model attends to the image or draws from prior knowledge, we use Pixel Versus Prior
Steering (see Section[3.4.2). Practically, PvP steering offers an interpretable method to causally intervene in
model processing, revealing the layers and temporal windows where the balance between vision and world
knowledge can be effectively manipulated.

Table [3.3| shows the effectiveness of our steering approach across tasks and models, highlighting both
the percentage of successful steering of the model and the key layers at which intervention has the highest

impact. We apply PvP steering vectors to the set of inputs that the model originally gets incorrect, meaning
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without PvP-steering, the model performance on this subset of data is 0%. Remarkably, we achieve at least a
98% success rate in flipping model predictions from world knowledge to counterfactual answers in the color
task for all models. This demonstrates that MLLMs are not only steerable but highly responsive to targeted
interventions, particularly when guided away from strongly encoded world knowledge priors. The size task is
more difficult by nature: it requires detecting two objects and reasoning about their size relationship, making
it more dependent on deeper, distributed visual processing. This is reflected in lower flip rates and broader
intervention windows.

Across models, we observe that the most effective interventions tend to occur within specific mid-to-late
layer ranges, typically requiring sustained influence over multiple layers (Table[3.3). In general, steering the
model from world knowledge to a counterfactual (WK — CF) demands less intervention than reversing that

shift (CF — WK), suggesting that overriding memorized priors is easier than restoring them once suppressed

by a counterfactual input.
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Figure 3.4: Effect of prompt changes and interventions on attention mass across layers for LLaVA-Next in
the color and size tasks. Solid lines show changes when applying the steering vector; dashed lines show the
effect of modifying the prompt. Green and purple lines represent attention shifts toward image and text tokens,
respectively. The red shaded region highlights the layers where the intervention was applied (corresponding to
Table . We see that intervention has a much stronger effect than changing the prompt.

3.5.4 Impact of Prompting and Steering Vectors on Attention Mass

While our results demonstrate that PvP steering vectors can reliably shift model outputs, we do not know how
this shift is implemented internally. We hypothesize that this shift is implemented in the attention layers, as

these components gather information from either the image or text tokens. To study the impact of steering
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What color are most straw berries ? | What color are most straw berries ?

Before Intervention After Intervention

Figure 3.5: Impact of intervention on attention distribution. We observe more attention on text before
intervention, and see a shift in attention towards the image and away from the text after intervention.

vectors on model predictions, we analyze their impact on the model’s attention patterns. We compare two
settings: (1) changing the prompt from “most” to “this” (dashed lines), and (2) applying our PvP steering
vector (solid lines) that steers the model toward or away from a counterfactual response. The first setting
explores how changing the prompt shifts the model’s attention. Asking about the color of “most” strawberries
should encourage the model to focus on prior knowledge (red), while asking about “this” strawberry directs
attention to the specific pixels (blue). The second setting shows how injecting the PvP steering vector guides
the model’s internal attention beyond the effect of the prompt.

As shown in Figure [3.4] changing the prompt from “most” to “this” yields a modest shift in attention
toward image tokens. For example, on the color task, LLaVA-Next increases the attention mass to image
tokens by 13%. In contrast, the PvP intervention vector causes a much stronger shift, increasing attention mass
to image tokens to 40% (see Table[A6 in Appendix [A.T3for all models).

Among all models, LLaVA-Next shows the strongest and most consistent shifts in attention when inter-
ventions are applied, followed by Qwen2-VL and then Janus-Pro. For the size task, steering vectors must act
earlier in the network and across more layers to be effective, reflecting the fact that size requires integrating
more visual features than color. In contrast, the color task is more localized and easier to influence with a
smaller intervention window. Figure [3.4]illustrates how attention moves across layers in response to both
prompt changes and steering task interventions in LLaVA-Next. To illustrate the same effect but with a
concrete example, Figure [3.5] shows the attention before intervention being heavily focused on text, with
“strawberries” highlighted in red (highest attention). After intervention, attention shifts to the image, with most
red regions being inside the image, rather than over the text.

These findings show that PvP steering vectors reshape internal attention mechanisms more effectively
than prompt changes alone. They offer precise control over how models allocate attention to visual inputs,
especially in tasks like size comparison that require broader spatial reasoning. By intervening directly in the

model’s representation space, PvP steering enables deeper interpretability and control over MLLM behavior.
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3.6 Conclusion

In this chapter, we investigate how multimodal large language models (MLLMs) reconcile memorized world
knowledge and visual input. Understanding this balance is essential for building reliable models that can
correctly choose between conflicting sources of information. To study this, we introduce Visual CounterFact,
a dataset that constructs realistic visual counterfactuals targeting familiar attributes like object color and size.
These examples violate learned priors while preserving visual plausibility, enabling precise comparisons
between perception and memory. Using this dataset, we find that MLLMs often default to perception, even
when prompted to retrieve general knowledge. In these cases, performance on knowledge-based prompts drops
significantly, suggesting that models are overly influenced by visual inputs, even when the question targets
memorized facts. Through studying the forward-pass, we observe that model predictions initially reflect stored
priors, then transition to visually grounded answers in mid-to-late layers. This transition is often unstable,
with models flipping between the two sources of information across layers. To control this behavior, we
introduce Pixels Versus Priors steering vectors, which allow us to edit model behavior toward preferring either
world knowledge priors or visual input. These activation-level interventions produce significant attention
shifts towards or away from the image, depending on our steering vector direction. Our findings offer a
new framework for interpreting and controlling MLLMSs, advancing our ability to understand and control the

interaction between memory and perception in multimodal models.



Chapter 4

Reducing Hallucinations through
Attention Heads

In the last chapter, we present results from our work, Mechanisms of Prompt-Induced Hallucination in
Vision—Language Models [127]]. Continuing the work of the previous chapter on controlling attention, we
turn to the problem of hallucinations and solve it by modifying attention heads. We study the hallucination
failure mode in a controlled object-counting setting, where the prompt overstates the number of objects in the
image (e.g., asking a model to describe four waterlilies when only three are present). At low object counts,
models often correct the overestimation, but as the number of objects increases, they increasingly conform to
the prompt regardless of the discrepancy. Through mechanistic analysis of three VLMs, we identify a small
set of attention heads whose ablation substantially reduces prompt-induced hallucinations (PIH) by at least
40% without additional training. Across models, PIH-heads mediate prompt copying in model-specific ways.
We characterize these differences and show that PIH ablation increases correction toward visual evidence.
Our findings offer insights into the internal mechanisms driving prompt-induced hallucinations, revealing

model-specific differences in how these behaviors are implemented.

4.1 Introduction

Vision—language models (VLMs) often follow textual prompts even when they contradict visual evidence
[21} 176} 152]. These hallucinations are a growing concern as VLMs are deployed in real-world settings with
noisy or inaccurate user inputs. To better understand this behavior, we study prompt-induced hallucinations
(PIH) in a controlled object-counting setting, where prompts systematically overestimate the number of objects
in an image.

Figure [.T]illustrates the phenomenon where, although the model correctly counts three waterlilies when
asked directly, it hallucinates additional, nonexistent flowers when asked to describe a mismatched count (e.g.,
“Describe the four waterlilies”). This undesirable behavior is unlikely to be driven by limitations in numerical

reasoning [172} 120} [126]], since the model correctly solves the underlying counting task. Instead, this is
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; “How many waterlilies are in the pond?”
|Q| “There are three waterlilies in the pond”
; “Describe the 4 waterlilies.”

“The image shows four white waterlilies:
= 'Q' two in the back and two in the front ...."
=
2 @ “Describe the 5 waterlilies.”

oo @R
>
e “The image shows five white waterlilies:
) l&' two in the back and three in the front ...."
o .
3
ERP —
- Describe the 8 waterlilies.

“The image features three waterlilies: :
l@l two in the back and one in the front ..."

Figure 4.1: Example of prompt-induced hallucination (PIH) in numerical reasoning. The model correctly
answers the baseline counting question. However, it conforms to the prompt and hallucinates additional
waterlilies when asked to describe a mismatched number of objects. As the mismatch between the prompt and
visual evidence grows, the model increasingly favors the image and recovers the correct count.

consistent with a known tendency of VLMs to rely on textual prompts over conflicting visual evidence [21]].

To characterize PIH, we study when such errors occur and how they can be reduced via targeted analysis of
attention-heads. Across models, PIH outputs follow a consistent and structured pattern. When the ground-truth
number of objects exceeds four, VLMs are more likely to conform to the prompt and hallucinate missing objects.
In contrast, at lower object counts, models are more likely to copy the prompt under small discrepancies but
transition to visually grounded responses as the mismatch increases (Figure [£.1).

Through mechanistic analysis, we identify attention heads associated with PIH. Ablating these heads
reduces hallucinations and restores visually grounded counts by up to 54%. Importantly, this intervention does
not require additional data or training and alters only the object count, leaving the described objects unchanged.
To test generalization beyond counting, we apply the same PIH head ablations to a color identification task
[40] in which the prompt specifies an incorrect color. We find that these heads similarly mediate PIH in the
color domain, mitigating prompt-color copying by up to 94.25%.

We further investigate the functional role of PIH attention heads and find that their ablation consistently
reduces prompt-based copying, increases correction toward ground-truth responses, and shifts attention toward
the image. While these effects are shared across all tested models, the mechanisms by which copying is
suppressed differ. We make this distinction by examining how models format their responses, how attention
shifts between text and image inputs, and how output probabilities change after ablation. Across models, these
analyses show that PIH ablation consistently reduces direct copying from the prompt. While the way this

reduction appears varies by model, it is always accompanied by increased reliance on visual information and



40

improved correctness. LLaVA-OneVision shows the strongest reduction in prompt-following after PIH-heads
ablation, with clear suppression of prompt-consistent formatting, together with the largest increase in image
attention and improved general counting performance.

Our contributions are threefold:

1. We introduce and analyze PIH, a failure mode in which VLMs prioritize prompt information over
conflicting visual evidence. (section4.3).

2. We identify a small subset of attention heads whose ablation substantially reduces PIH across models
and tasks, without additional training or performance degradation on aligned prompts (section &

section[4.5).

3. We characterize the function of PIH-heads and show their ablation suppresses prompt copying while

increasing correction toward visual evidence. (section[4.6).

4.2 Related Work

4.2.1 Prompt-Induced Hallucinations in LLMs

A substantial body of work has investigated hallucinations in large language models (LLMs) [61} 149, |54]].
Prior work has shown that hallucinations can be reliably induced through out-of-distribution prompting
[[L67], long context windows [[76} [162]], or the use of explicit personas [67, [139]. However, these settings
often reflect adversarial or non-realistic usage patterns, rather than the models’ behavior under typical user
interactions. Previous studies have demonstrated that LLMs may produce incorrect outputs when prompts
contradict internal knowledge [[160, [163]] or contain errors subsequently repeated or amplified by the model
[[L731139]. This behavior has been linked to cognitive-like biases, including anchoring bias, where models
rely disproportionately on information introduced in the prompt [66, 26| 187]], and sycophancy, where models

conform to user assumptions despite conflicting evidence [135].

4.2.2 Modality Conflicts in VLMs

Vision—-language models (VLMs) integrate textual and visual information, introducing additional complexity.
Prior work shows that VLMs achieve higher accuracy on textual tasks compared to visual equivalents
[28, 129, 1151]. This gap is attributed to distinct internal mechanisms for visual and textual processing [102} 141]]
and to modality-specific parametric knowledge [179]. VLMs also struggle to disentangle different signals,
both across their input modalities [52] and between their input and parametric knowledge [146/ 40, [105]].
Recent work investigated how VLMs perform under inconsistent or conflicting textual and visual inputs
[164}[177]. Given conflicting information, current VLMs tend to disproportionately prefer textual information
[[128} 21], which can manifest in sycophantic behavior [114]. Further exploring modality conflicts, |[Zhang
et al. investigated modality preference through the lens of unimodal uncertainty. In contrast, our work studies
modality conflicts stemming from minor, realistic inconsistencies and examines a more complex task that

more closely reflects real-world usage.
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4.3 Prompt-Induced Hallucinations in Object Counting
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Figure 4.2: PIH rates across different numbers of ground-truth objects. Blue lines show the percentage of
outputs matching the prompted number for different offsets, k. Orange lines show matches to the true count.
As the object count increases, models stop correcting the prompt.

In this section, we present Prompt-Induced Hallucinations (PIH) and study when they manifest in the
context of object counting. Object counting provides a clean setting for isolating prompt—image conflicts:
ground-truth answers are verifiable, numerical deviations can be precisely controlled, and model errors can be
explicitly measured. While a language model could legitimately answer the question "Describe 4 waterlilies" as
part of an instruction-following task without hallucinating, for VLMs these responses constitute hallucinations:
(1) we explicitly ground prompts with the phrase “in the image,” and (2) the models describe additional objects

not present in the image.

4.3.1 Experimental Setup

We investigate three VLMs covering a range of state-of-the-art model families: LLaVA-OneVision-7B [[72],
Qwen2-VL-7B [157]], and Janus-Pro-7B [14]. We study counting using CountBench [[106], a benchmark
designed to measure object-count understanding in VLMs. For each image with ground-truth object count N,
we first present a baseline prompt, Pg = “How many [objects] are there in the image?”, retaining only samples
where the model correctly predicts N. We then use misaligned prompts asking the model to “Describe the
N + k [objects] in the image,”, where k € {1,2,...,5} denotes the discrepancy distance between the prompt
and the visual input. A PIH occurs when the model proceeds to describe N + k objects without correcting the

count, despite contradictory visual evidence.

4.3.2 PIH at Different Object Counts

Figure 4.2 shows the proportion of outputs that either match the prompted count (N + k, blue curves) or
the true count (N, orange curves) across a range of object quantities and prompt offsets (k). The x-axis
denotes the true number of objects (/V), and the y-axis shows the fraction of responses aligned with either
the prompt or ground truth. We observe a consistent pattern across all three models. For images containing

small numbers of objects (2-4 objects), models typically resist misleading prompts and report the true count,
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Figure 4.3: Base probabilities on the object counting task. We plot the probability assigned to the true count
N and neighboring counts N + k (k € {1,...,5}) given the prompt “How many [objects] are in the image?”.
As object counts increase, confidence in N decreases and probability mass spreads to neighboring counts.

demonstrated by the orange curves being mostly higher than the blue curves. However, models still produce
PIH in approximately 20-40% of cases, which primarily occur when the discrepancy is small (N + 1).

Beyond four objects, this behavior changes. Models increasingly conform to the prompt regardless of the
discrepancy size, with prompt-matching responses approaching 80-90% even when the prompt substantially
overestimates the true count. Accordingly, ground truth responses drop to near zero. In these cases, the
discrepancy distance ceases to play a critical role, as shown by the convergence of the blue prompt-aligned
lines. This effect persists for extreme offsets (with k& € {10, 20, 50}), with models readily describing, for
example, fifty-nine cats in an image containing only nine (more details in Appendix [A.16).

4.3.3 PIH Increase as Confidence Decreases

We hypothesize that models are more confident when counting fewer objects and therefore more resistant to
misaligned prompts, with failures concentrated at minimal discrepancies (k = 1). We test this by collecting the
probabilities for the true count N and neighboring counts IV + & under the baseline prompt (Pg). Figure
shows results for Qwen-VL, with similar trends for Janus-Pro and LLaVA-OneVision shown in Appendix
[A-T7] We filter out all samples for which Pg is answered incorrectly, ensuring that the reported values reflect
base confidence rather than raw accuracy. Indeed, for N < 4, the probability p(N | Pg) is high while
p(N + k| Pp) is low, indicating strong confidence in the predicted count. At N > 5, base confidence drops
and p(N + k | Pg) increases, matching our PIH findings. Computing the Pearson correlation, we observe a
moderately high p between the base probability and confirmation to the prompt (computed per-sample), with
p = 0.37,0.46 for Qwen-VL, and Janus-Pro, respectively, as well as a small positive correlation of 0.1 for
LLaVA-OneVision. These results demonstrate that base probabilities are correlated with model behavior under

prompt-image mismatches, suggesting that PIH is more prevalent when visual confidence is low.
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LLaVA-OneVision Qwen-VL  Janus-Pro

Baseline Prompt: Exact Match (1)

Before 76.89 78.49 80.32
After 81.24 79.29 79.41
Misaligned Prompt: Prompt Match (|)

Before 42.58 56.51 64.10
After 1.42 3.22 10.19
Misaligned Prompt: True Count Match (1)

Before 45.68 37.70 30.54
After 77.80 70.66 70.90

Table 4.1: Response accuracies on baseline and misaligned prompts before and after PIH ablations. The
baseline prompt is “How many [objects] are there in the image?”. Misaligned prompts take the form “Describe
the N + k [objects] in the image” (k € {1,2,...,5}) with results averaged across all k. Lower prompt match
indicates reduced PIH, while a higher true-count match reflects stronger correction toward visual evidence.
Prompt and true-count matches do not sum to 100%, as some responses contain no numerical value.

4.4 Locating PIH Mechanisms

To better understand and reduce PIH, we aim to locate model components responsible for PIH. Prior work has
shown that attention heads often serve specific functional roles, such as information copying [104,[27]] and
context tracking [118]], whereas MLP layers are more closely associated with storing parametric knowledge

[91} 4]). Therefore, we focus our analysis on identifying attention heads associated with PIH.

4.4.1 Method: Attention Head Knockouts

To analyze the causal role of individual attention heads in PIH, we perform attention head knockouts using
mean ablation (Wang et al. [[156], Mueller et al. [100], see Appendix @]for technical details).

Intuitively, this intervention removes token-specific information carried by the head while preserving
its overall activation magnitude. We apply this procedure head-by-head and quantify knockout success as
the fraction of samples that switch from the prompted count to the true count under the misaligned prompt.
We rank heads by success and select the top-m heads per model. We then perform a second-stage grouped
knockout in which all top-m heads are ablated simultaneously for m € {1,3, 5,10}, selecting m = 3 for
Qwen-VL and m = 10 for LIaVA-OneVision and Janus-Pro as a per-model hyperparameter. We refer to the
final set of per-model attention heads as PIH attention heads. See Appendix |A.19 for a full list of top-10

heads per model and their success scores.

4.4.2 Attention Knockouts for PIH Mitigation

Table shows models’ outputs given the baseline and misaligned prompts, before and after knockouts
on the model-specific sets of PIH-heads. First, our results show that ablating PIH-heads does not disrupt
standard counting behavior, as demonstrated by the exact-match accuracies on the baseline prompt. Notably,

LLaVA-OneVision exhibits an improvement after ablation (44.35 points), whereas Qwen-VL and Janus-Pro
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show minor changes of approximately 1 point. Additionally, we verify that the object mentioned in the
response remains unchanged and correct. This confirms that ablating PIH-heads does not impact general
counting capabilities.

Under the misaligned prompts, ablating PIH-heads substantially reduces prompt-following behavior.
Prompt match rates (previously corresponding to the blue curves in Figure [d.2) drop from 42-64% before
intervention to below 11% for all models after ablation. Models also show a complementary increase in
true count match rates, reaching 70-78% after intervention. This shift indicates that the ablated heads are
responsible for propagating the incorrect numerical information specified by the prompt. Qualitative analysis
of model generations before and after PIH-head ablation shows not only a reduction in incorrect numerical
repetition but also the disappearance of spurious objects that were previously hallucinated and described in
detail (examples are shown in Appendix [A.20).

Our findings show that PIH is causally mediated by a small set of attention heads that propagate tokens
from the prompt. Removing these heads shifts behavior from prompt reliance toward image reliance without
harming general counting abilities, indicating that observed hallucinations are prompt-induced rather than due

to counting failures.

4.4.3 Early-Layer LM Heads Mediate PTH

We observe that PIH-heads exhibit a consistent pattern in their layer-wise localization. Across all three
models, top-10 PIH-heads (detailed in Appendix [A.19) emerge in early and middle layers, suggesting that
prompt-induced numerical information is introduced early and subsequently propagated forward. In both
Qwen-VL and LLaVA-OneVision, the top-ranked PIH-heads are LOH3 and LOH6, while in Janus-Pro the
most influential head is likewise located in the first layer (LOH20). This pattern extends beyond the top ranks:
among the top-10 PIH-heads, 5/10 occur in the Oth layer for Qwen-VL, 7/10 for LLaVA-OneVision, and
3/10 fall within the first two layers (layers 0—1) for Janus-Pro. The early-layer concentration of PIH-heads
suggests that numerical information from the prompt is injected before extensive multimodal integration or
higher-level reasoning takes place, enabling it to shape downstream computation even when it conflicts with
visual evidence.

This early-layer localization raises a related question about the source of these mechanisms: namely,
whether PIH arises from vision—language interaction or from the language model itself. One way to interpret
this question is through the overlap of PIH-heads between Qwen-VL and LLaVA-OneVision, which share
the same underlying Qwen?2 language model but use different vision backbones and image—language fusion
architectures.

The top-ranked PIH-heads exhibit substantial overlap across the two models: the top-1 and top-2 heads
overlap perfectly, and at m = 10, half of the identified heads are shared. This level of overlap strongly suggests
that PIH is primarily mediated by language-model attention heads, rather than arising from vision-specific
components or cross-modal alignment layers. This is consistent with prior work showing that fine-tuning
tends to amplify or repurpose existing mechanisms rather than introduce entirely new mechanisms [e.g.,117].
Further, this supports the view that PIH reflects language-internal information routing that persists across

multimodal models.
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LLaVA-OneVision Janus-Pro Qwen-VL
Response Before After Before After Before After
NC (correct) 0.96 46.01 5.17 20.94 8.93 30.24
FC (correct) 0.00 33.23 9.61 24.14  11.34  39.86
NC (no color) 0.00 15.97 0.00 10.34 0.00 9.62
No PIH 0.96 95.21 1478 5542 2027 79.72
EC (incorrect)  93.61 3.51 82.76  41.13  28.87 14.09
SC (incorrect) 5.43 1.28 2.46 3.45 50.86 6.19
PIH 99.04 4.79 85.22 4458 79.73  20.28

Table 4.2: Distribution of PIH and no PIH cases before and after PIH attention head ablation for
the color task and semantic response types (%). NC, FC, SC, and EC denote no-, format-, soft-, and
exact-copying, respectively. Correct denotes the ground-truth image color, while incorrect denotes the color in
the misaligned prompt. Summed rows highlight the shift from PIH to image-grounded behavior after ablation.

4.5 Generalization Beyond Counting

Given that PIH appears to be mediated by shared language-model attention heads that persist across multimodal
architectures, we next ask whether these same heads generalize beyond counting to mitigate prompt-induced
hallucinations in other tasks. Specifically, we use a color prediction task based on the Visual CounterFact
dataset [40], as color naturally allows gradual discrepancies. We use "What color is the [object] in the image?”
as the baseline prompt, and “Describe the C' + k [object]” as the misaligned prompt, where C' denotes the
ground-truth color of the object and k& € {1, 2,3} denotes the perceptual “difference” from the C' on the color
wheel. Additional details on the color task are available in Appendix To test generalization, we use the
same set of PIH-heads per model (Table [4.1) on the color task. Table.2]show that ablating the same PIH
heads yields large improvements under misaligned color prompts across all models, reducing prompt-induced
hallucinations by between 40% and 95%. This demonstrates that PIH heads identified through counting

generalize beyond numerical reasoning and are not task-specific.

4.6 Analyzing the Function of PIH-heads

In this section, we analyze PIH-heads to better understand their functionality. We hypothesize that ablating
PIH-heads induces one of two mechanisms: PIH-heads could reduce hallucinations by inhibiting copying
behavior or by increasing attention flow to the image. Namely, PIH-heads could enable the model to propagate
incorrect information from the prompt without referencing the image. Alternatively, PIH-heads may influence
hallucinations by modulating the model’s reliance on the image, so that removing these heads increases
reliance on visual evidence.

To determine the functionality of PIH heads, we first investigate their attention patterns over the input
prompts and find that they do not reveal a consistent pattern connecting the generated answer to either copying
the prompt or relying on the image (Examples shown in Appendix [A.19.1). This is in line with several

studies showing that influential attention heads may not exhibit human-interpretable patterns [S9} [133) 11} 144]].
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Prompt: “Describe the 3 cats.” (N=2)

Response Copying Form
“There are 3 cats.” Exact copying
“There are three cats.” Soft copying
“There are 2 cats.” Format copying
“There are two cats.” No copying

Prompt: “Describe the purple banana.” (N=yellow)

Response Copying Form
“The purple banana ...” Exact copying
“The banana is purple.” Soft copying
“The yellow banana ...” Format copying
“The banana is yellow.” No copying

Table 4.3: Definition of copying forms under misaligned prompts for count and color tasks.

Therefore, we study the function of PIH-heads by examining the generated texts before and after knockouts,
shifts in attention mass after PIH-ablation, and the impact of PIH-ablation on model confidence. Through
these analyses, we show that PIH ablation reduces hallucinations by both inhibiting copying of information

from the prompt and increasing attention to the image.

4.6.1 Ablation Impacts Copying Form

To characterize how models incorporate misaligned prompt information, we categorize several forms of
copying behavior, summarized in Table[d.3] Soft-copying occurs when the response contains the misaligned
prompt information but deviates in structure from the prompt’s structure. Format copying occurs when the
response contains the correct (visually grounded) information, while maintaining the same prompt format.
Exact copying occurs when both the prompt information and the format are present. Using these definitions,
we analyze copying behavior first in the counting task and then in the color recognition task.

Table 4.4 shows copying patterns in the counting task, where the input prompts always include the number
as a digit (i.e., “Describe the Ny;gi [0bjects]”). Prior to ablation, responses that include the number as a digit
are more likely to be incorrect. For example, Janus-Pro outputs a digit in 43.95% of the cases, consisting of
43.45% of the incorrect cases, and 0.05% correct cases. This indicates that incorrect responses stem from
exact copying of misaligned prompt information. After ablating PTH-heads, digit responses are almost entirely
eliminated across all models. Notably, the reduction in digit responses occurs for both incorrect and correct
outputs, showing that the suppression of format copying is not merely a byproduct of improved numerical
accuracy.

The different copying forms in Table[4.2]show that PIH in the color task is likewise associated with copying
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Model Accuracy Digit (%) Word (%)

Before After Before After

Incorrect 4345 2.67 2540 23.30
Janus-Pro Correct 0.50 0.14 30.65 73.89
Total 4395 281 56.05 97.19

Incorrect 7.57 025 4562 15.29
LLaVA-OneVision Correct 030 0.25 46.51 84.21

Total 7.87 0.50 92.13 99.50
Incorrect 28.44 453 33.11 1694
Qwen-VL Correct 0.05 0.00 38.40 78.53
Total 2849 453 71.51 95.47

Table 4.4: Response format and correctness before and after PIH attention head ablation. Digit
responses indicate copying format used in the prompt, while word responses correspond to spelled-out number
expressions.

the format of the prompt. Before ablation, models frequently reproduce the prompt’s structure through format
copying responses, accounting for over 90% of outputs for both LLaVA-OneVision and Janus-Pro. After PIH
head ablation, this behavior is substantially reduced and accompanied by a corresponding increase in free-form
descriptions.

These results suggest that when PIH-heads are active, models tend to reproduce both the content and the
structure of misaligned prompts; when they are ablated, responses shift toward freer, less prompt-constrained
descriptions that better reflect visual evidence. This parallel between counting and color tasks indicates that
PIH is not limited to numerical reasoning, but reflects a broader tendency to copy information from the prompt,

even when it is inconsistent with the image.

4.6.2 PIH-Ablation Shifts Attention Mass to Image Tokens

One notable outcome of PIH head ablation is observed in LLaVA-OneVision, where performance improves
even for non-conflicting prompt—image cases. As shown in Table[4.T] baseline counting accuracy increases
by 4.35%, despite the absence of misleading prompt information. Similarly, in the color task, PIH ablation
yields a strong reduction in prompt-copying, with PIH reduced by 94%. These gains suggest that PIH ablation
affects more than prompt-following, potentially altering how models balance textual and visual inputs.

To investigate this effect, we analyze changes in attention mass from assistant tokens to image tokens. For
each layer, we compute the fraction of attention allocated to image tokens, with the remainder allocated to text
tokens (summing to 1). Figure 4.4 shows the layer with the largest shift in attention from text to image, after
PIH ablation: layer 2 in LLaVA-OneVision, 22 in Qwen-VL, and 27 in Janus-Pro; see Appendix @] for all
layers. PIH head ablation increases image attention across all models, most strongly in LLaVA-OneVision
(A = 0.121) which shows an increase in an early model layer. This is significant, as previous work has shown
the importance of visual information processing in early layer for multimodal integration [102]. These indicate

that, particularly in LLaVA-OneVision, PIH head ablation induces a reallocation of attention toward visual
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Figure 4.4: Image attention mass at the layer with the largest intervention-induced change for each model.
Namely, LLaVA-OneVision (layer 2, A=0.121), Qwen-VL (layer 27, A=0.053),and Janus-pro (layer 22,
A=0.037). Gray bars indicate the baseline attention mass for image tokens, while green bars show an increase
after PIH-knockout.

inputs, providing a plausible explanation for the observed improvements in both baseline counting accuracy

and robustness to PIH.

4.6.3 PIH Heads Mediate Model-Specific Copying Mechanisms

Beyond analyzing changes in model outputs, we seek to understand how PIH head ablation affects ground-truth
probabilities when presented with prompts that do not conflict with the image. We examine the conditional
probability of the ground-truth count N when expressed as either a digit (Ngig;;) or a word (Nyerg) under
prompts of the form “Describe the Ny;gj [objects]”, shown in Figure E We use a digit-word analysis because

it offers a controlled way to distinguish format-copying from soft-copying by analyzing a single token.

Janus-Pro inhibits format copying when correcting misaligned prompts. Figure[4.5|demonstrates that
P(Ngigit | Naigic) significantly decreases when ablating PIH-Heads, which indicates a reduction in format-
copying in the counting task. This is supported by the finding that PIH ablation in Janus-Pro reduces format
copying by nearly 30%, a shift that is consistently accompanied by an increase in correct, free-form responses.
While P (Nigit | Naigit) decreases, PIH ablation increases P(Nyora | Nuigit), indicating that when correcting
misaligned prompts, Janus-Pro more frequently produces the ground-truth response in a word-based, free-form
format rather than copying the digit form used in the prompt. Additionally, our findings show that PIH ablation
produces only a modest shift in attention mass toward the image, consistent with almost no change in baseline
counting performance. Together, these results suggest that PIH ablation in Janus-Pro does not increase visual

reliance but primarily inhibits prompt-based format copying when correcting misaligned prompts.

Qwen-VL encourages format copying when correcting misaligned prompts. In contrast to Janus-Pro,

we find that PIH-ablation causes Qwen-VL to more heavily rely on the prompt format. Figure 4.5] shows
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Figure 4.5: Impact of knockout on the probability of the correct count in digit (blue) and word form
(orange). We measure the probabilities given the prompt “Describe the Ngig;: [objects]”. The knockout effects
are shown in green (increase) and red (decrease).

a 32.6% decrease in probability of P(Nyor | Niigi) with a corresponding increase in corrected responses
that follow the digit format of the prompt. Namely, P (Nt | Naigit) increases by 13.6%. This is consistent
with Table[d.2] which shows that Qwen-VL is the only model for which PIH head ablation increases format
copying, with copying rates rising from 40.21% to 53.95%. While PIH ablation increases image attention and
improves correction performance in Qwen-VL, Figure [f.5 reveals that these gains arise from a shift away from

soft copying toward increased format copying, rather than a strict reduction in copying.

LLaVA-OneVision inhibits all forms of copying and shows a greater reliance on the image when
correcting misaligned prompts. Figure|4.5/and Table 4.4|show that LLaVA-OneVision rarely produces
digit-form responses even prior to PIH ablation, indicating format copying suppression. Next, Figure i.5]
demonstrates thatP(Nyora | Naigit) heavily decreases ( 18%), indicating LLaVA-OneVision also suppresses
soft copying. In terms of image reliance, LLaVA-OneVision is the only model that, after PIH ablations, showed
a substantial increase in performance on the baseline counting prompt, indicating an improvement in general
counting abilities. In parallel, we find that PIH-ablation leads to the largest shift in attention mass toward the
image (+12%), indicating a greater reliance on the image.

Although implemented differently across models, PIH head ablation consistently reduces prompt copying

and increases visual reliance, highlighting the promise of targeted interventions.

4.7 Conclusion

In this chapter, we study prompt-induced hallucinations in VLMs through a controlled object-counting task,
isolating text-image conflicts. Through mechanistic analysis of three models, we show that such hallucinations
stem from systematic prompt-based copying rather than failures of visual perception, and can be substantially
reduced by ablating a small set of attention heads. We find that PIH is localized primarily to early layers of
the language model, where prompt-based numerical information is likely processed and propagated before

multimodal integration. Additionally, we find that Qwen-VL and LLaVA-OneVision share many of these
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influential heads, indicating they largely originate from the shared language-model backbone rather than
vision-specific components.

Ablating PIH heads consistently shifts behavior toward visually grounded corrections, generalizes beyond
counting to color prediction, and does not degrade general performance. Finally, we find that PIH heads
mediate different forms of prompt copying with model-specific implementations. LLaVA-OneVision exhibits
the strongest effects, including broad suppression of all forms of prompt-copying and substantially increased
reliance on visual information after PIH head ablations. Our results highlight PIH as a mechanistically
localized and model-dependent failure mode in VLMs, suggesting targeted interventions can improve visual

grounding under prompt—image mismatches.



Chapter 5

Conclusion and Outlook

This thesis investigated the role of attention mechanisms in multimodal deep learning models, with a focus
on addressing three core challenges: scalability, interpretability, and controllability. As multimodal systems
become increasingly central to real-world applications such as healthcare and decision support, understanding
how attention integrates, prioritizes, and propagates information across modalities is essential for building
models that are both effective and trustworthy.

In Chapter 1, I addressed the scalability limitations of existing multimodal attention paradigms. We
introduced One-Versus-Others (OvO) attention, a novel integration mechanism that scales linearly with the
number of modalities, in contrast to the quadratic complexity of self-attention and cross-attention. Through
experiments across diverse clinical datasets with up to 6 modalities, we demonstrated that OvO achieves
substantial reductions in computational cost, often exceeding 90% in FLOPs, while matching or improving
predictive performance. These results show that rich cross-modal integration does not require expensive
pairwise interactions, and that scalable attention mechanisms can unlock the use of multimodal models in
high-modality domains such as healthcare.

In Chapter 2, I turned to the problem of interpretability, introducing NOTICE, a causal mediation framework
for probing attention in vision-language models. By combining semantic corruption with activation patching,
NOTICE enabled the identification of attention heads that perform consistent, human-interpretable functions
across tasks and corruption schemes. Our analysis revealed that self-attention and cross-attention specialize
into distinct roles, including object detection, object suppression, and outlier suppression, challenging the
view of attention as a homogeneous or purely relational mechanism. These findings provide mechanistic
evidence that attention heads can implement stable computational primitives, offering a foundation for causal
interpretability in multimodal transformers.

Chapter 3 examined how attention mediates competition between memorized priors and new perceptual
input. Using counterfactual visual evidence and early decoding, we showed that multimodal models often
overweight misleading perceptual cues, even when they conflict with world knowledge. We introduced steering
vectors that reallocate attention between visual tokens and linguistic priors, demonstrating that attention can
be directly controlled to favor either perceptual grounding or factual recall. This work shows that targeted

interventions can meaningfully shift model behavior without retraining.
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In Chapter 4, I applied these insights to a concrete failure mode: prompt-induced hallucinations in vision-
language models. We identified specific groups of early-layer attention heads that mediate prompt copying
behavior, leading models to hallucinate objects or attributes implied by the prompt but absent from the image.
Through targeted attention-head ablation, we reduced hallucinations across numerical and semantic tasks and
observed a consistent shift in attention mass from text tokens to image tokens. Importantly, while the precise
mechanisms of copying varied across architectures, the resulting behavioral shift toward visual grounding was
shared, suggesting a common functional role for these heads across models.

Together, the contributions of this thesis provide a unified perspective on attention in multimodal systems.
I show that attention is not merely a flexible alignment mechanism, but a structure that governs scalability,
implements interpretable functions, and mediates critical trade-offs between competing information sources.
By introducing OvO for efficient integration, NOTICE for causal interpretability, PvP steering vectors for
control, and attention head ablations for hallucination mitigation, this work bridges theoretical understanding
with practical intervention.

Several promising directions emerge from this work, many of which are already the focus of my ongoing
research. First, the OvO attention formulation has been extended beyond supervised prediction to contrastive
learning paradigms, enabling the integration of a broader set of medical modalities [39]. This extension
positions OvO as a general mechanism for scalable multimodal representation learning. Moreover, because
OvO assigns a single attention weight per modality, it naturally supports modality-level interpretability,
allowing direct analysis of modality contributions in complex, high-modality settings.

Second, the NOTICE framework enables deeper causal investigations of multimodal attention. Ongoing
work extends activation and path patching with Visual Counterfact [40] to study information flow between
modalities. Another active direction, building on Visual Counterfact, focuses on color perception in multimodal
models. By incrementally adding colored pixels to otherwise black-and-white images of objects, this work
studies when both humans and models judge an object to be sufficiently colored, enabling direct comparison
of perceptual thresholds and attention dynamics.

Finally, the interpretability tools developed in this thesis can be applied to safety-critical settings. Ongoing
work uses attention-based causal analysis to study multimodal jailbreaking and adversarial prompting, and to
extend these techniques to generative multimodal architectures such as diffusion models, where attention plays
a central but poorly understood role in generation dynamics.

More broadly, this thesis suggests that progress in multimodal Al requires a deeper mechanistic under-
standing of the attention mechanisms that bind modalities together. In an era where multimodal systems are
increasingly deployed in high-stakes settings, developing attention mechanisms that are scalable, interpretable,
and controllable is critical. This work contributes both conceptual insights and concrete tools toward that goal,

laying the groundwork for multimodal models that are not only powerful, but also transparent and reliable.
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Appendix

A.1 Computational Complexity Analysis for Multimodal Integration

Schemes

In this section, we present the step-by-step details of the computational complexity analysis presented in
Section 3.3. The analysis is done with respect to the size of the input modalities associated with the three
paradigms used in our experimental setting: early fusion followed by self-attention, cross-modal attention, and
One-Versus-Others (OvO) Attention.

A.1.1 Early Fusion

The early fusion approach involves first combining the modalities and then processing the concatenated
sequence with the self-attention mechanism.
Step 1: Concatenation of Modalities.

Let k& be the number of modalities and n be the feature-length of each modality.
Total length after concatenation = k X n

The complexity for this operation is linear:

O(k -n)

Step 2: Compute Queries, Keys, and Values.
The self-attention mechanism derives queries (Q), keys (K), and values (V) for the concatenated se-
quence (length k - n) using linear transformations with representation dimension, d. The complexity of each

transformation operation is:
O(k-n-d)
Step 3: Compute Attention Scores.
Attention scores are computed by taking the dot product of queries and keys. The self-attention mechanism
has quadratic complexity with respect to the sequence length and linear complexity with respect to the
representation dimension d [152]. Thus, given the concatenated sequence’s length of k - n and the dimension

of the keys and queries d, the complexity of this step is:

O((k-n)*-d) = O(k*-n?-d)
70



71

Step 4: Calculate the Weighted Sum for Outputs.

For each of the k - n positions in the concatenated sequence, we compute the softmax of the attention scores
to produce the attention weights. These weights are then multiplied with their corresponding d-dimensional
values to compute the weighted sum, which becomes the output. The computational complexity of these
operations is:

O(k? -n*-d)

When combining all steps, the dominating terms in the computational complexity stem from the attention

scores’ computation and the weighted sum, culminating in an overall complexity of:

O(k* - n? - d)

A.1.2 Cross-modal Attention

For cross-modal attention, each modality attends to every other modality.

Step 1: Compute Queries, Keys, and Values for Inter-Modal Attention.

From a given modality, compute a query (Q), and from the remaining k¥ — 1 modalities, compute keys
(K) and values (V). Keys, queries, and values are obtained using linear transformations with representation

dimension d. The complexity of each transformation operation is:

O(n - d) for each query, key, value set
Considering all modalities:
Ok-(k—=1)-n-d)

k!
(k—2)!

The term k - (k — 1) comes from the number of pairwise permutations of k, given by ;P> =
k(k—1).

Step 2: Calculate Attention Scores for Inter-Modal Attention.
The queries and keys from different modalities are used to compute attention scores, which represent how

much one modality should attend to another.
O(n? - d) for each pair of modalities [152]

Considering all modalities:
Ok-(k—1)-n*-d)

Step 3: Calculate the Weighted Sum for Outputs.
For every modality interaction, calculate the softmax of the attention scores to obtain the attention weights.

These weights are then used in conjunction with the values vector to derive the weighted sum for the output:

O(n? - d) for each pair of modalities

Considering all modalities:
Ok-(k—1)-n*-d)
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When evaluating all steps together, the dominating factors in computational complexity arise from the
computation of attention scores and the weighted sum. Thus, the collective complexity for cross-modal

attention, where each modality attends to every other, equates to:
Ok-(k—1)-n*-d)=0((k* - k) -n*-d)

For the complexity of cross-modal attention, the dominant term is k2. The k — 1 term effectively becomes
a constant factor in relation to k2. As k tends toward larger values, the difference between k2 and k2 — k
diminishes. This is a consequence of the principles of big O notation, which focuses on the fastest-growing
term in the equation while dismissing constant factors and lower-order terms. As a result, for asymptotic
analysis, the complexity
Ok? —k)-n?-d

can be simplified to:
O(k? -n?-d)

A.1.3 One-Versus-Others (OvO) Attention Complexity

Step 1: Averaging of ''Other'' Modalities.
Let k be the number of modalities and n be the feature-length of each modality. For each modality m,;,

averaging over the other £ — 1 modalities results in a complexity of:
O(n)
Given that this needs to be computed for all £ modalities:
O(k - n)

Step 2: Calculate Attention Scores with Shared Weight Matrix W.
The modality vector m,; and the average of "other" modalities, ]if’lm’, are used to compute attention
scores, which represent how much one modality should attend to the others. Multiplication with the weight

matrix W (with representation dimension d) and the dot product with the summed modalities lead to:

O(n? - d)
Considering this operation for all £ modalities:
Ok -n*-d)

Step 3: Calculate the Weighted Sum for Outputs.
For every modality interaction, calculate the softmax of the attention scores to obtain the attention weights.
These weights are then used in conjunction with the m; vector (analogous the values (V) vector) to derive the

weighted sum for the output:



73

O(n? - d) for each pair of modalities

Considering all modalities:
Ok -n? - d)

When evaluating all steps together, the dominating factors in computational complexity arise from the
computation of attention scores. Thus, the collective complexity for cross-modal attention, where each

modality attends to every other, equates to:
Ok -n*-d)

In summary, One-Versus-Others (OvO) Attention exhibits a computational complexity that grows linearly
with respect to the number of modalities (O(k - n? - d)). In contrast, both early fusion through self-attention
and cross-attention approaches demonstrate quadratic growth with respect to the number of modalities

(O(k% - n?% - d)). This makes OvO a more scalable option for multimodal integration.

A.2 OvO Simulation Dataset Details

We consider two classes: (1) 20 random feature values that sum up to 1.0, and, (2) 20 random feature values
that are each less than 0.15. The threshold was chosen at 0.15 because if 0.10 was the threshold, the mean of
the 20 values would be 0.05, and thus, the sum would also be very close to 1, on average. This would render
the task too difficult, and there would not be a significant difference between the samples across the two labels.
Setting the threshold to 0.2 would render the task too easy, as on average, the numbers are consistently greater
in the second class and the classes could be differentiated using only one modality. Thus, we chose 0.15 as the
threshold.

A.3 Compute Resources for OvO Attention

For each experiment, we use one NVIDIA GeForce RTX 3090 GPU. For the MIMIC task, single-modality
models ran for roughly 40 minutes, and multi-modal models ran for roughly 55 minutes on average. For the
elCU, the single modality pre-trained models ran for roughly 50 minutes, the single modality neural network
ran for a minute, and the multi-modal models ran for approximately an hour on average. For the TADPOLE
task, single-modality models ran for 5 minutes, while multi-modal models ran for roughly 15 minutes on
average. In the simulation dataset, the maximum modalities was 20 which took our model, OvO, roughly 2

minutes to run, while the cross-modal attention baseline took about 20 minutes to run on average.

A.4 Significance Testing for OvO Attention

We use a t-test to determine if there is a significant difference the performance metrics (AUROC, AUPRC,
MAUC, BCA) means between OvO attention and the next best-performing multimodal model. Our sample
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Table Al: Average runtimes for different tasks and model types using one NVIDIA GeForce RTX 3090 GPU.

Task Model Type Runtime (minutes)
MIMIC Unimodal 40

MIMIC Multimodal 55

elCU Unimodal (pre-trained) 50

elCU Unimodal neural net 1

elCU Multimodal 60
TADPOLE Unimodal 5
TADPOLE Multimodal 15
Simulation  OvO (20 modalities) 2
Simulation Cross and self-attention 20

size is 10 from each group, as we initialized the models with 10 random seeds. For the MIMIC IV and CXR
dataset, we compare against self-attention as it performed the second best after OvO. Using an o = 0.01,
we have evidence to reject the null hypothesis and conclude that there is a statistically significant difference
in means between single-attention and OvO attention. The p-value for the AUROC scores is 0.00363 and
the p-value for AUPRC is 0.000948. For the TADPOLE challenge, we compare against cross-attention as
it performed the second best after OvO. We get a p-value for MAUC scores of 2.09¢~7 and a p-value of
8.19¢~12 for BCA. Thus, we demonstrate a statistically significant difference in MAUC and BCA means
between self-attention and OvO attention. Lastly, for the eICU dataset, we compare against cross-attention
as it performed the second best after OvO. We get a p-value for AUROC scores of 2.00e~1° and a p-value
of 8.24e~1* for AUPRC. Thus, we demonstrate a statistically significant difference in AUROC and AUPRC
means between self-attention and OvO attention.

Table A2: Results of t-tests comparing the performance metrics between OvO attention and the next best-
performing multimodal models across different datasets.

Dataset Comparison Model Metric p-value

MIMIC Self-attention AUROC 0.00363

MIMIC Self-attention AUPRC  0.000948
TADPOLE Cross-attention MAUC 2% 1077
TADPOLE Cross-attention BCA 8 x 10712
elCU Cross-attention AUROC 2x 10715
elCU Cross-attention AUPRC 8 x 10714

A.5 NOTICE VQA-Prompts

For each task, we create a VQA prompt that asks the model to choose between a correct answer, which
corresponds to the image, and an incorrect answer that corresponds to a semantically minimal pair. While in
SVO-Probes, each subject, verb, or object, came with it’s own semantically different counterpart, in MIT-States

dataset and Facial Expression dataset, we constructed such counterparts manually. In MIT-States, we separated
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states into color, shape, and texture, and selected counterparts for each question from the respective categories.
We grouped similar states (e.g., “huge”, “large”) together, and ensure that the selected counterpart would not
be similar in meaning to the correct answer. Similarly, in the Facial Expressions dataset, we grouped the seven
emotions into positive, negative, and neutral, and selected counterparts from opposing emotions, to ensure the
model can correctly chose one answer. Recall that the SVO-Probes dataset consists of subject, verb, and object
triplets. Each triplet is presented in singular form and non-conjugated. We use GPT-3.5 Turbo to perform
grammatical error correction on all input prompts in SVO-Probes while minimally perturbing the template
structure. We evaluate BLIP using exact match accuracy, which requires the generated answer to match
the correct answer exactly, including capitalization and conjugation. BLIP achieves 66.1% accuracy on the
facial expressions dataset, 44.6% on MIT States, and 16.1% on SVO-Probes (see Table[A3 for category-wise
accuracy). In our experiments, we use samples that BLIP accurately predicted. For each task, we select 500
samples across all categories: subjects, verbs, and objects for SVO-probes; colors, shapes, and textures for
MIT-States; and one of the five emotions BLIP correctly identified for the facial expression identification
task. To mitigate model bias toward the position of the correct answer in multiple-choice prompts, we equally

distribute 250 samples where the correct option precedes and 250 where it follows the “or” token.

A.6 NOTICE Datasets Details

SVO-Probes. The Subject-Verb-Object (SVO) Probes dataset [48] consists of over 48,000 image-language
pairs that vary on exactly one of the subject, verb, and object tuples that describe an image. For example,
Figure 2.1 depicts image-text pairs with the captions “A child crossing the street” (child, crossing, street) and
“A lady crossing the street” (lady, crossing, street). In this instance, the two image pairs only vary on the subject
of the image, but the verb (crossing) and the object (street) are identical. SVO-Probes tests if multimodal
models can capture fine-grained linguistic information about the content of an image.

MIT-States. The MIT States dataset [58]] is a collection of 245 object classes, 115 attribute classes, and
over 53,000 images. The dataset is used to study how models can generalize state transformations across
different object classes. For instance, learning what “melted” looks like on butter can help recognize “melted”
in chocolate.

Facial Expressions. The Facial Expression Recognition 2013 (FER-2013) [42] dataset includes 35,887
grayscale images of faces resized to 48x48 pixels. The images are categorized into seven emotion classes:
anger, disgust, fear, happiness, sadness, surprise, and neutral. The FER-2013 dataset is valuable for comparing

feature learning methods with hand-engineered features in emotion recognition tasks.

A.7 BLIP and LLaVA Performance on NOTICE Datasets

In evaluating the BLIP and LLaVA, we focused on exact match accuracy, which necessitates that the model’s
generated answer must exactly match the correct answer in terms of both content and form, including specifics
like capitalization and conjugation. This stringent criterion ensures that the model’s understanding and response

generation align closely with the intended semantics of the test prompts. Table[A3]shows the performance of
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Table A3: Comparison of BLIP and LLaVA accuracy (%) by dataset.

Dataset BLIP LLaVA
SVO Probes 16.10 40.89
MIT States 44.60 67.81

Facial Expressions  66.10 79.31

BLIP and LLaVA (zero-shot) on each task, and each category within the task.

A.8 SIP with Stable Diffusion

With the primary goal of establishing a more controlled environment conducive to the generation of semanti-
cally similar corrupt (negative) images from clean(positive) images, we also explore the use of stable diffusion
to produce images that are similar to clean images from the SVO-Probes dataset, with the sole variation being
in only one among the subject, verb, or object of the image.

Our experiment design utilizes the stable-diffusion-2-inpainting [124] to generate a corrupt image using
the clean image as a base template. In this context, we define a prompt structure for the model as “a picture of
Subyeg + Verbyeg + 0bj,, ., Where < suby,cg, verbyeg, 0obj, ., > denote the svo-triplet for the negative image.

For the parametric constraints on the diffusion model pipeline, we utilize a DDIM Scheduler [[141]], setting
the DDIM value = 120 and the prompt guidance scale value to 8 for all the image generations. For generating
images on the template of the base positive image, we use a contour mask, which allows for inpainting of the
negative subject, verb, or object into the positive image. In such cases, a variation in quality is observable in
the images introduced due to the probabilistic nature of the model.

Holistically, the generated images from stable-diffusion-2-inpainting are largely closer to the original
corrupt images from SVO-Probes dataset where the image annotations utilize simpler terminologies to depict

any one of the three sub,,c , verby,.y, obj,, ., such as “grass” instead of “meadow” (refer to Fig. E and E).

A.9 NOTICE Result Details

A.9.1 SIP vs. Gaussian Noise Image Corruption.

Figure[A3]illustrates the comparative effects of Semantic Image Pairs (SIP) and Gaussian Noise (GN) image
corruption across all tasks, highlighting SIP’s superior ability to emphasize the significance of middle layers in
the MLP, in contrast to GN’s focus on later layers. These observations affirm SIP’s enhanced reliability and
effectiveness in revealing the nuanced functioning of vision-language models, supporting its use for in-depth

interpretability studies.

A.9.2 Module-wise Activation Patching

Module-wise activation patching offers a detailed examination of how different components of the BLIP

model respond to image and text corruption, using Semantic Image Pairs (SIP) and Gaussian noise for images
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Clean Image Generated Corrupt Image Dataset Corrupt Image

dog, sit, lawn girl, sit, lawn

girl, sit, lawn

man, sit, cliff

woman, sit, floor woman, sit, park

Figure Al: Successful examples of images generating using stable-diffusion-2-inpainting that showcase
corrupt images close enough to the clean image yet different in (1) Subject (2) Verb (3) Object

Clean Image Generated Corrupt Image Dataset Corrupt Image

girl, sit, grass

dog, sit, grass dog, sit, grass

woman, sit, meadow

Figure A2: Poor examples of images generating using stable-diffusion-2-inpainting that showcase corrupt
images which deviate from the clean image in (1) Subject (2) Verb (3) Object

and Symmetric Token Replacement (STR) for texts. This approach is crucial for uncovering the roles of

self-attention, cross-attention, and MLP modules within the architecture, particularly focusing on their reaction



78

Image Noise Corruption
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Figure A3: Comprehensive view of Gaussian noise effects across all tasks in the SVO-Probes dataset, providing
a contrast to SIP effects and highlighting the differential impact of noise on model accuracy and layer activation.

to varied corruption methods. Through these experiments, we aim to pinpoint the layers most critical for the
model’s decision-making processes and explore how different corruption strategies affect the transparency and
reliability of the model’s internal workings. This analysis not only tests the robustness of the SIP technique

against the traditional Gaussian noise approach but also highlights the strategic layers that are pivotal in
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handling multimodal data integration.

First, Figure [A4 and Figure[AS show module-wise activation patching for SVO Probes, broken down into
subjects, verbs, and objects, VQA prompts.

Text Corruption Image Corruption
MLP Self-Attention Cross-Attention MLP Self-Attention Cross-Attention

incorrect subject
verb
object

?
S incorrect subject

.v subject

incorrect verb

56765 910101 2345678910101 2545

6789101 01 2345678610101 235456759101 01023 45678891011
Layors Layors yors o ayors

Layers

incorrect object

| ?
| subject

verb
incorrect object

0.0
L, p(correct object)

0123456789101 01 23 4506789101101 2354567
Layors

Figure A4: Module-wise activation patching results on BLIP for the SVO-Probes dataset.

Next, we examine module-wise activation patching for the Facial Expressions dataset in Figure [A6|for
BLIP and Figure[A7. We note that image and text corruption results in similar patterns. This provides further
support to SIP corruption aligning with STR corruption.

Lastly, Figure[A8 and Figure[A9 exhibit outcomes similar to the other tasks but with a notable distinction:
there’s an increased likelihood of accurately predicting the correct token within the cross-attention heatmaps
during text corruption. This suggests that the multiple-choice VQA prompts used in the MIT States dataset may
be more definitive compared to the other datasets. While distinguishing between emotions such as “angry” and
“sad,” or identifying subtle differences like “woman” versus “girl” can be challenging in the Facial Expressions
and SVO Probes datasets, respectively, the task of differentiating between clearly contrasting attributes like

“modern” versus “ancient” buildings in MIT States appears to be more straightforward.
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Figure AS5: Module-wise activation patching results on LLaVA for the SVO-Probes dataset.
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Figure A6: Module-wise activation patching results on BLIP for the Facial Expressions dataset.

A.10 LLaVA Self-Attention Patching Details

We consider two methods for performing activation on LLaVA’s self-attention heads. First, we patch only

on the correct answer token. Although Figure [2.5]demonstrates a strong patching effect in BLIP, patching

the correct answer token in LlaVA results in an extremely small logit difference, with the largest average
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Figure A7: Module-wise activation patching results on LLaVA for the Facial Expressions dataset.
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Figure A8: Module-wise activation patching results on BLIP for the MIT States dataset.

Text Corruption Image Corruption
MLP Self-Attention MLP Self-Attention
noun ]
" correct state [0 11 l '
or 0
incorrect state .
0.8
?
Assistant: 1 1 | 06
04
noun
incorrect state O‘g
or p(cbrrect state)

| correct state u

o 5 1o 15 20 25 3030 5 1o 15 20 25 33 o0 5 1o 15 20 25 3030 5 1 15 20
Layers Layers

Figure A9: Module-wise activation patching results on LLaVA for the MIT States dataset.

logit difference being 0.016 as shown in Figure [A.10] regardless of modality corruption or dataset. Patching
the correct answer token does not result in any “universal attention heads” indicating that self-attention does
not play a pivotal role in associating the relevant images patches with the correct answer token in LLaVA.
Module-wise patching using image corruption for both MLPs and Self-Attention blocks shows that patching the
’Assistant:” token consistently produces the strongest patching effect for LLaVA. Accordingly, we experiment
with patching the *Assistant:” token for LLaVa’s self-attention heads. Patching the “Assistant:” token creates a

far stronger logit difference with some heads producing an average logit difference as high as 0.4. Patching



82

Table A4: Universal cross-attention heads identified via head patching.

Function SVO MIT Facial Expr.

Object detection L3.HO L3.HO L3.HO
Object suppression  L5.H3 L5.H3 -
Outlier suppression  LO.HI1 LO.H11 LO.HI11,L5.H3

o- SVO Probes 0.02 Facial Expressions 001 MIT States 001
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Figure A10: Logit difference when patching self-attention heads in LLaVA on the correct multiple choice
option in SVO-Probes, MIT States and Facial Expressions. Top row shows SIP image corruption, the bottom
row shows STR text corruption.

*Assistant:” produces consistent results with 6 universal self-attention heads compared to 0 when patching
the correct answer token. Both the consistency and strength of patching the *Assistant:” token highlight the
importance of the *Assistant:” token in storing information relevant to the image. Future studies performing
activation patching on instruction-tuned VLMs that utilize causal self-attention to fuse modalities should focus

on the information in the specific instruction tokens.

A.10.1 Comparing Cross-Attention and Self-Attention Head Functions

Our result that the cross-attention mechanism VLMs consistently associates the nouns with their corresponding
image patches and that causal self-attention does not associate nouns to image regions is supported by previous
works investigating cross-attention and self-attention patterns in toy VLMs [55]]. Although self-attention heads
in LLaVA associate neither the correct answer token nor the ’Assistant:” token with the relevant image patches,
universal self-attention heads in LLaVA have the primary function of mitigating outlier attention patterns in
images.

Important cross-attention heads in BLIP are scattered throughout the network ranging from layer O to layer
9. In contrast, import self-attention heads in LLaVA are concentrated in the middle layers of the network with

x /'y self-attention heads between 14-18.
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A.10.2 Cross-Attention Head Function Classes

Understanding the specific functions of cross-attention heads within vision-language models (VLMs) is crucial
for mechanistic interpretability. In this section, we delve into the distinct roles played by universal cross-
attention heads identified by our NOTICE scheme. These heads can be categorized into three primary function
classes: implicit object detection, object suppression, and outlier suppression. Below, we provide detailed
examples of these functions along with corresponding visualizations from the SVO-Probes, MIT-States, and
Facial Expressions datasets.

L0.H11 - outlier suppression. Universal cross-attention head LO.H11 implements outlier suppression in
all tasks. It actively attends away from high-probability image patches and uniformly attends to the remaining
patches. This function significantly reduces the mean of the average cross-attention outputs, thereby enhancing
the model’s robustness by filtering out irrelevant visual information. LO.H11 does not produce a significant

patching effect when images are corrupted, highlighting its role as a text-only universal cross-attention head.

L.0H.11 . LOH.11 LOH.11 L.0H.11 LOH.11
" Y

| i !
. . 19
3

cd i . 3

Figure A11: Cross-Attention patterns for universal cross-attention head LO.H11 on a sample of images from
each dataset.

L3.HO - Object detection. Cross-attention layer 3, head 0 (L3.HO) performs implicit object detection by
associating text tokens with relevant image patches. It consistently demonstrates its importance across all tasks,
reliably associating the correct emotion text token with the mouth region in the Facial Expressions dataset,
and associating physical objects in images with their corresponding nouns in SVO-Probes and MIT-States.
This head’s ability to map input text tokens to associated image patches underscores its critical role in fusing
vision-language information.

L5.H3 - object suppression and outlier suppression. Cross-attention head L5.H3 performs object
suppression by attending away from objects associated with an input token and attending strongly to outlier
patches. In SVO-Probes, it attends away from subjects or objects, while in MIT-States, it attends away from

relevant portions forming the noun that is changing states. In the Facial Expressions dataset, L5.H3 performs
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Figure A12: Cross-Attention patterns for universal cross-attention head L3.HO on a sample of images from
each dataset.

outlier suppression instead of object suppression.

_ L5H3 L.5H.3

Figure A13: Cross-Attention patterns for universal cross-attention head L5.H3 on a sample of images from
each dataset.

These examples underscore the diverse functions of cross-attention heads within BLIP, each playing a
pivotal role in processing and integrating multimodal information. The identification and categorization
of these heads provide a deeper understanding of the internal mechanisms driving VLMs, highlighting the

significance of targeted model improvements and adaptations.
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A.11 Creating Visual CounterFact
Counterfactual Color Counterfactual Size

a|x|n|®

.

Figure A14: Examples from our dataset. (Left) images created using color relations, (right) images created
using size relations.

Step 1: Sourcing Objects. We begin by identifying a set of real-world objects (e.g., strawberry, squirrel,
cherry) from the McRae feature norms dataset [89], ImageNet [22], and CIFAR-100 [69]. The McRae dataset
tasks 100 human participants with listing common attributes for an object. If at least 30% of participants
respond with a specific color as a key attribute of that object, we include it in our dataset. After filtering with
this 30% threshold, we obtain 190 objects. To increase the number of objects, we use the GPT-4o to elicit
typical colors for ImageNet 1000 and CIFAR-100 classes and discard any categories lacking strong color
ground-truth priors (e.g., clothing items). After both procedures, we obtain 622 unique objects.

Step 2: Sampling Real-World Images. We use the Google Images API to retrieve three candidate
images of each object, specifying that they must be on a white background (a <world knowledge color>
<subject> on a white background). Since prior work has shown that background information can heavily bias
object detection models, we extract objects against a white background to ensure that model decisions are
not influenced by spurious background features [[159, [2]]. Sampled images are then evaluated using
GPT-40, which scores them based on object correctness, color accuracy, presence of a white background, and

overall realism. Specifically, we prompt GPT-40 with the following questions:

1. Is this an image of a <color> <object>? (yes/no)
2. Is this image on a white background? (yes/no)
3. Is this image an illustration or a realistic image? (illustration/realistic)

4. On a scale from 1 to 10, how realistic is this <object>? (numerical score)

‘We retain the highest-scoring image of the three to ensure visual fidelity with our inclusion criteria. For
each yes/no question, the image receives a score of 0 for “no” or a score of 10 for “yes”. For images scoring
0 overall, we repeat the querying process but remove the world knowledge color (query: a <subject>on a
white background), as most of the images resulting in a score of 0 are multi-colored (e.g., zebra, bee). After

the second round of querying, we drop any remaining images with score 0, resulting in 575 unique objects.



86

1 Curate objects from McRae norms,
ImageNet, and CIFAR-100

(. J

'
Query Google Image API to a\
~ e

2 find 3 versions of the object
on a white background C

|
4 Score on object realism and faithfulness \

1Million+ FREE
3 Vector I

0.95 /

-

4 N
4  SAMz2: Segment & Mask J
- J
| |
Pair and rescale Recolor

5

Figure A15: Construction pipeline for the Visual Counterfactual Dataset. We identify typical traits using se-
mantic knowledge sources, retrieve realistic visual exemplars, and apply transformations to create perceptually
plausible counterfactuals that conflict with language priors.

Step 3: Constructing Object-Size and Object-Color Counterfactuals.

(1) Color: To generate color counterfactuals, we prompt the LLaVA-Next model (Mistral-7B backbone)
with “What color is a <object>?" and randomly sample from the five least likely color predictions (using
common colors such as red, blue, green, pink, orange, etc.). This ensures that counterfactuals challenge
the model’s linguistic priors, encouraging reliance on visual input rather than memorized associations. We
constrain counterfactual colors to be perceptually distinct from the original color (e.g., avoiding red/orange or
gray/black swaps). (2) Size: For the size task, we use the same set of objects from the color task and estimate
their typical real-world dimensions using GPT-40. The model provides height and width in inches, which we
multiply to compute a total size metric. We then identify object pairs that differ in size by at least a factor of
10. For each object, we create two counterfactual images. Given three objects that satisfy object; < objects
< objects, where “<” denotes increasing real-world size, we generate two counterfactual images containing
objects. Namely, (object;, bigger_than, objects) and (objects, bigger_than, objects). For

example, if a squirrel is typically bigger than a cherry and smaller than an alligator, we create the counterfactual
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images (cherry, bigger_than, squirrel) and (squirrel, bigger_than, alligator). This creates
twice the number of samples since we construct two size relations for one object. After manual filtering of
sizes that GPT-40 reported incorrectly, we are left with 877 unique size-object relations.

Step 4: Creating Counterfactual Images. Given a retrieved object on a white background, the first
step in creating counterfactual images is to use SAM?2 [[121] to obtain a segmentation mask. After we obtain
segmentation masks, we use two separate pipelines to create color and size counterfactuals, respectively.

(1) Color: Given a color-object relation with the relation “[object] is [color]” and its counterfactual
relation “[object] is [counterfactual color]”, we apply a segmentation mask to isolate the object and
modify only hue values in the HSV color space in order to change the color of the object to the counterfactual
color while preserving the original saturation and brightness. This produces realistic and semantically
surprising transformations (e.g., turning a red strawberry blue) while maintaining texture and shading. For
objects with minimal hue (e.g., gray or black), we apply a set of hand-written remapping rules.

(2) Size: Given two objects with the world knowledge relation “[object 1] is larger than [object 2]~
we create the counterfactual image reflecting “[object 2] is larger than [object 1]” by combining the
segmentation masks of object; and objects. For the world knowledge image, we resize the masks so that
object; appears significantly larger than objects, and in the counterfactual image, we resize the masks so that
objecty appears significantly larger than object;. Specifically, 250x250 pixels versus 80x 80 pixels. This size
difference visually reflects the intended relation.

To make the size comparison clear and avoid depth ambiguity, we place both objects on the same horizontal
baseline and add a black dashed reference line that both objects touch. This helps ensure that differences in
perceived size are interpreted as scale changes rather than perspective shifts.

Visual CounterFact consists of 575 original (world knowledge) object images, 575 color counterfactual
images, and 877 size original and 877 counterfactual images, totaling 2,904 unique images. Figure
shows examples from each split of the dataset. These transformations yield a dataset that explicitly conflicts
with world knowledge priors of an object’s color and size while preserving perceptual plausibility, enabling
targeted evaluation of visual reasoning models under counterfactual conditions. In Appendix Section[A.T2, we
provide additional examples of images as well as dataset statistics on the kinds of objects we include in Visual

Counterfact.

A.12 Visual Counterfact Dataset Statistics and Examples

Figure [3.1]illustrates representative examples from the Visual CounterFact dataset, including counterfactual
edits based on object color (left) and relative size (right). Each example maintains visual realism while
introducing semantically meaningful contradictions to typical object properties.

Table[A5] summarizes the distribution of object categories in the dataset. The majority of counterfactuals
involve animals, followed by a diverse set of objects spanning furniture, produce, vehicles, tools, and more.
This broad coverage ensures the dataset tests model reliance on both visual input and memorized associations

across varied semantic domains.
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Category Count
Animals 218
Household Items and Furniture 59
Fruits and Vegetables 58
Vehicles and Transportation 42
Electronics and Appliances 29
Tools and Hardware 22
Food and Drink (non-produce) 21
Buildings and Structures 21
Plants and Trees 19
Musical Instruments 15
Clothing and Accessories 15
Weapons and Military Items 13
Medical and Hygiene Items 11
Toys and Recreational Items 11
Natural Objects (non-living) 10
Office Supplies 6
Miscellaneous 5

Table A5: Distribution of object categories in the dataset.

A.13 PvP Attention Mass Details

To better understand how steering vectors and prompt changes affect the internal attention mechanisms of
MLLMs, we visualize the change in attention mass over layers for each model and task. Figures[AT6|and[AT7]
show these effects across color and size tasks, respectively. Each subplot compares attention mass difference
toward image tokens (green) and text tokens (purple), with solid lines indicating PvP steering interventions
and dashed lines indicating prompt-only changes.

We find that across all models and both tasks, interventions consistently produce stronger shifts in attention
mass compared to prompt changes alone. In the color task (Figure[AT6), steering from WK to CF reliably
increases image attention, while the reverse direction decreases it (as expected). The effect is particularly
pronounced in LLaVA-Next, with peaks around the intervention window. The size task (Figure[AT7) shows a
similar but more muted pattern, consistent with the task’s higher visual complexity. These trends reinforce that
PvP steering vectors exert precise, causal control over how attention is allocated between vision and language
streams.

Table [A6 reports the maximum change in attention mass directed toward image tokens across models and
tasks, comparing the effects of prompt changes (“most” to “this””) and PvP steering interventions. As described
in Section [3.4.2] we measure the peak increase or decrease in image attention during inference.

Across all models, PvP steering consistently produces larger attention shifts than prompt modifications.
This effect is most pronounced in the color task, where interventions increase image attention by up to 40% in
LLaVA-Next, compared to 13% from prompting. As visualized in Figure [3.4] prompting leads to moderate
reallocation of attention, while steering vectors induce strong and targeted redistribution.

We also observe an asymmetry between WK — CF and CF — WK directions: steering toward perception
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Figure A16: Attention mass difference across layers for all models on the color task. Solid lines show changes
from PvP steering vectors; dashed lines show prompt-only changes. Green represents attention to image tokens,
purple to text tokens. Each subplot shows one model and intervention direction (WK — CF or CF — WK).
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Figure A17: Attention mass difference across layers for all models on the size task. Solid lines show changes
from PvP steering vectors; dashed lines show prompt-only changes. Each subplot shows one model and
intervention direction (WK — CF or CF — WK).

(WK — CF) is generally more effective than restoring attention to prior-based information (CF — WK). This

aligns with accuracy results in Section [3.5.3] where interventions that shift models away from priors are more
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LLaVA-Next Intervention  Prompt
Color WK — CF 40.0% 13.1%
Color CF —- WK —-15.6% —13.1%
Size WK — CF 10.9% 3.2%
Size CF — WK —7.6% -3.2%
Qwen2-VL

Color WK — CF 21.8% 12.8%
Color CF — WK —-252% —12.4%
Size WK — CF 14.1% 4.7%
Size CF — WK —10.8% —4.7%
Janus-Pro

Color WK — CF 19.5% 11.7%
Color CF —- WK —-11.0% —-10.2%
Size WK — CF 2.4% 1.1%
Size CF — WK -1.1% —1.1%

Table A6: Max change in image attention mass (A) under intervention and prompt changes for each model
and task.

successful than those that attempt to recover them.
These findings provide further evidence that PvP steering offers fine-grained control over internal attention

dynamics in MLLMs, outperforming prompt-based techniques in both strength and specificity.

A.14 PvP Early Decoding Details

Figure shows early decoding traces for Qwen2.5-VL and Janus-Pro, extending our main-layer analysis
from Figure Consistent with the behavior observed in LLaVA-Next, both models initially assign high
probability to the world knowledge answer when prompted with a “most” question and shown a counterfactual
image. However, as the forward pass progresses, the probability of the counterfactual answer rises and
ultimately dominates by the final layer.

For both models, this flipping behavior illustrates the delayed integration of visual information, often
leading the model to override its prior with perceptual evidence late in the forward pass. When prompted
with “this” questions, both models quickly favor the counterfactual answer and rarely flip to world knowledge.
These early decoding results across all three models reinforce our central finding: MLLMs are highly sensitive
to visual input and tend to prioritize perception over memorized priors when the two conflict, particularly in

later layers of processing.
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Figure A18: Early decoding results on Qwen2.5-VL and Janus-Pro show a conflict between answering “world
knowledge” using in-weight memorization or answering “counterfact” using visual perception.

Model Name Underlying LM Vision Encoder Size HuggingFace Path
LLaVA-OneVision Qwen2 SigLIP 7B 1llava-hf/llava-onevision-qwen2-7b-ov-hf
Qwen-VL Qwen2 DEN-ViT w/ RoPE-2D 7B Qwen/Qwen2-VL-7B-Instruct

Janus Pro DeepSeek-LLM  SigLIP-Large-Patch16-384 7B deepseek-ai/Janus-Pro-7B

Table A7: Details of evaluated models, including underlying language models, vision encoders, sizes, and
Hugging Face model paths.

A.15 PIH Experimental Details

A.15.1 Accuracy on CountBench

We first evaluate the baseline accuracy of LlaVA-OneVision, Qwen-VL and Janus-Pro on CountBench [[106].
Table breaks performance down by the number of objects. All models perform reliably at very small
counts (2—4 objects), but accuracy declines as counts increase. Notably, there are sharp dips at 5 objects (e.g.,
LLaVA-1.6: 87.27% to 65.91%, QwenVL: 90.91% to 75.00%) and again at 7 objects (Janus-Pro: 87.72%
to 55.56%, LLaVA-OneVision: 89.47% to 48.15%). These discontinuities suggest the presence of training
biases that systematically disadvantage certain numbers, a phenomenon supported by prior work linking VLM

counting performance to biases in object frequency distributions seen during pretraining [[126} [155]].

Num LLaVA-OV Janus-Pro QwenVL

2 90.57 84.91 90.57
3 91.23 87.72 85.96
4 87.27 85.45 90.91
5 65.91 70.45 75.00
6 89.47 87.72 85.96
7 48.15 55.56 51.85
8 71.93 80.70 75.44
9 68.33 86.67 71.67

Table A8: Performance across different numbers of objects on CountBench.
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A.16 PIH with Large Offsets
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Figure A19: PIH rates across different number of ground-truth objects. Blue lines show the percentage of
outputs matching the prompted number for different offsets &, while orange lines show matches to the true
count. Bias grows with object count, with four objects marking the approximate threshold at which models

stop correcting the prompt. Prompt match and true count match do not sum to 100% because some model
responses do not contain a number.

Figure extends the analysis in Figure to large discrepancy offsets (k € {10,20,50}), where
the prompted count substantially exceeds the number of objects present in the image. Across all three
models, we observe that once the number of ground-truth objects exceeds approximately four, prompt-induced
hallucinations persist even under extreme misalignment: models frequently produce responses matching the
prompted count, while corrections to the true count become rare.

However, LLaVA-OneVision exhibits a notable deviation from this pattern. While Qwen-VL and Janus-Pro
show near complete convergence toward prompt matching at higher object counts, regardless of the offset
magnitude, LLaVA-OneVision maintains a wider separation between prompt-aligned and ground-truth-aligned
responses. In particular, for offsets of +10, +20, and 450, LLaVA-OneVision continues to produce a
non-trivial fraction of corrections to the true count, even when the discrepancy is large.

This behavior indicates that LLaVA-OneVision is more resilient to extreme prompt—image mismatches,
retaining some capacity to reject implausible prompt specifications at higher object counts. The persistence of
ground-truth corrections under large offsets is consistent with our broader findings that LLaVA-OneVision
exhibits stronger visual grounding and reduced reliance on prompt-based copying compared to Qwen-VL and
Janus-Pro. Nevertheless, even for LLaVA-OneVision, prompt-induced hallucinations dominate once object

counts are sufficiently high, underscoring the strength of prompt-driven biases in this regime.

A.17 Base PIH Probabilities for All Models

Figure shows the probabilities for the true count N and neighboring counts N + k under the baseline
prompt (Pp) for all models.
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Table A9: Top-10 attention heads per model ranked by individual knockout success. Success denotes the
percentage of samples switching from PIH to the correct image-grounded count when the head is ablated.

LLaVA-OneVision ‘ Qwen-VL ‘ Janus-Pro
Rank  Head  Succ. | Rank  Head  Succ. | Rank  Head  Succ.

1 LOH3 48.99 1 LOH3 38.90 1 LOH20  31.18
2 LOH6 37.92 2 LOH6 26.89 2 L1H7 27.96
3 LOH26  30.20 3 L11H15 16.71 3 L14H27 17.74
4 L11H15 27.85 4 LOH11 8.09 4 L12H9 1747
5 LOH23  27.52 5 L15H8 7.57 5 L11H18 15.59
6 6 6
7 7 7
8 8 8
9 9 9

LOH24 2148 L14H13  7.05 L13H2  13.98
LOH15  20.81 LOH10 6.79 LOH24  13.44
L14H9  17.79 L7H3 6.53 L14H28 13.17
LOHI1  16.78 LOH24 6.01 L8H11  12.90
L17H22 15.10 L8H13 5.48 10 L8H3 12.63

—
(e}
—
(e}

A.18 PIH Attention Head Knockout Details

To analyze the causal role of individual attention heads in PIH, we perform attention head knockouts using
mean ablation [156} [100]. Let H*" e RT*4 denote the output of head & at layer [ across T tokens. We
compute the head-wise mean
1 & Lh
Iu(l,h) == tZZIHt( ),
and replace the head output at every token position with this mean, i.e.,

ﬁt(l’h) =puW e {1,...,T}.

This intervention removes token-specific information carried by the head while preserving its overall activation
magnitude.

We apply this procedure head-by-head and quantify knockout success as the fraction of samples that switch
from the prompted (hallucinated) count to the true image-grounded count under the misaligned prompt. We
rank heads by their corrective effect and select the top-m heads per model. We then perform a second-stage
grouped knockout in which all top-m heads are ablated simultaneously for m € {1, 3,5, 10}, selecting m as a

hyperparameter per-model.

A.19 Full List of PIH-heads

Table [A9]reports the top-ranked attention heads for each model, ranked by their individual knockout success.
Knockout success is defined as the fraction of misaligned-prompt samples that switch from matching the
prompted (hallucinated) count to matching the true image-grounded count when a single attention head is
ablated via mean ablation. Higher values therefore indicate a stronger causal role in propagating prompt-
induced numerical errors.

For both Janus-Pro and LLaVA-OneVision, performance improves monotonically with larger head sets,

with the best results achieved when ablating the top 10 PIH heads. In contrast, Qwen-VL exhibits its highest
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Model Best-1 Best-3 Best-5 Best-10

Janus-Pro 31.18 65.06 73.19 77.91
LLaVA-OV  48.99 72.35 73.68 83.08
Qwen-VL 38.90 67.14 66.86 343

Table A10: Global mean success rates (%) under different PIH head selection strategies. Best-m denotes
ablating the top-, PIH heads ranked by individual knockout success.
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Figure A20: Base probabilities on the object counting task. We plot the probability assigned to the true
count N and neighboring counts N + k (k € {1,...,5}) given the prompt “How many [objects] are in the
image?”. As object counts increase, confidence in NV decreases and probability mass spreads to neighboring
counts, matching the increased susceptibility to PTH.

success rate when ablating only the top 3 heads, with performance degrading substantially when larger groups
are removed. This divergence suggests that while PIH in Janus-Pro and LLaVA-OneVision is distributed
across a broader set of attention heads, Qwen-VL relies on a smaller subset of highly specialized heads, and
removing additional heads begins to interfere with general generation behavior. Accordingly, we select the
top-10 heads as the final PIH head sets for Janus-Pro and LLaVA-OneVision, and the top-3 heads for Qwen-VL

in all subsequent experiments.

A.19.1 Attention Patterns of PIH-heads

To gain qualitative insight into the behavior of PIH attention heads across models, we visualize the attention
patterns of the highest-ranked PIH head in each model, Qwen-VL (LOH3), LLaVA-OneVision (LOH3), and
Janus-Pro (LOH20), over the full input and generation sequences, averaged across all samples. Representative
examples are shown in Figure [AZT,

In all visualizations, query tokens are shown on the y-axis and key tokens on the x-axis, such that each
row of attention scores sums to 1. Since images are represented as long sequences of image pad tokens
(often several hundred), we aggregate the majority of these tokens into a single row and column, denoted
as IMAGE_PADS, by summing their attention scores. We retain the first three and last three image pads as
individual entries to preserve boundary structure and improve interpretability.

The PIH head in Qwen-VL (LOH3) exhibits a mixed attention pattern. A substantial portion of attention

lies along the diagonal over the text sequence, indicating behavior similar to local self-attention. At the same
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Figure A21: Attention patterns for the top-ranked PIH attention head in three multimodal models, averaged
over all samples and computed over the full input—generation sequence. Left: LLaVA-OneVision (LOH3),
Center: Qwen-VL (LOH3), Right: Janus-Pro (LOH20). Query tokens are shown on the y-axis and key tokens
on the x-axis, with each row summing to 1. Image pad tokens are largely aggregated into a single row and
column (IMAGE_PADS), with boundary tokens retained.

time, we observe consistent and structured attention within the image-token region, including attention to
the aggregated IMAGE_PADS and nearby vision boundary tokens. This combination places Qwen-VL LOH3
between purely textual self-attention and fully image-focused attention.

In contrast, the PIH head identified in Janus-Pro (LOH20) shows attention patterns that are predominantly
concentrated on image tokens. The diagonal structure characteristic of local textual self-attention is largely
absent, and attention is instead focused almost entirely within the image-token region across many query
positions. This behavior suggests that the PIH head in Janus-Pro functions primarily as an image-focused
attention head.

The PIH head in LLaVA-OneVision (LOH3) behaves almost entirely as a local self-attention head over text.
Attention is concentrated along the diagonal, with little to no direct attention to image tokens in the unablated
model. Ablation of the PIH head in LLaVA-OneVision leads to the strongest performance improvements
among the three models. One possible explanation is that the targeted PIH head in LLaVA-OneVision is
not primarily focused on image tokens, but instead behaves as a largely textual self-attention head. As a
result, ablating this head may predominantly disrupt copying or local textual interactions, without directly
impairing image processing. More generally, ablation may induce second-order effects across all models,
whereby other heads adjust their attention patterns and potentially increase attention to image tokens. In the
case of LLaVA-OneVision, we hypothesize that the combination of not removing an image-focused head and
benefiting from such second-order redistribution effects contributes to its robustness and improved performance
under PIH ablation.

For all three models, we do not observe a clear, isolated peak of attention on the generated number token,
so while some of the heatmap are suggestive of modality-specific routing, none are conclusive about how
the numeric value is produced. This inconclusiveness is reasonable, as interpreting the internal function of
attention heads from visualization alone remains a well-known challenge despite their demonstrated causal
effects [59, 133} [111 144].
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Before PIH Knockout After PIH Knockout

Qwen-VL

[leftmargin="*, itemsep=0.6em, topsep=0pt]The image shows a
set of 52 glasses, which appear to be stemless wine glasses. They
are filled with red wine, and the glasses are arranged in a grid
pattern, with 13 rows and 4 columns. The image shows three
pairs of leggings. The first pair is light pink, the second pair is
white with a small pattern, and the third pair is also white but

without any pattern. The image shows a total of four wineglasses.

Two of them are filled with red wine and are placed side by side
on a wooden table. The other two wineglasses are empty and are
also placed on the table.

[leftmargin="*, itemsep=0.6em, topsep=0pt]The image shows two
wine glasses. The glasses are stemless and have a modern, min-
imalist design. They are filled with red wine, and the glasses
appear to be made of clear glass. The image shows two pairs of
leggings. The pair on the left is light pink, and the pair on the
right is white with a subtle pattern. The image shows two wine
glasses filled with red wine. The glasses are placed on a wooden
table, and there is a bottle of red wine and a basket of grapes in
the background.

Janus-Pro

[leftmargin=*, itemsep=0.6em, topsep=0pt]The image shows four
kids standing together outdoors. They are all wearing casual

clothing, with one of them in a plaid shirt over a yellow t-shirt.

The other three are in solid-colored shirts. The image shows
four croissants, which are golden brown in color and have a
flaky, layered texture. They are arranged on a wooden cutting
board, with two croissants placed side by side and the other two
slightly overlapping each other. The image shows 9 planes flying
in formation. They are all blue with white markings and have the
word “Canada” written on them. The planes are arranged in a
tight, symmetrical pattern, with four planes on the top row and
five on the bottom.

[leftmargin=*, itemsep=0.6em, topsep=0pt]The image shows two
children standing close together outdoors. The child on the left
has curly hair and is wearing a bright orange shirt with a red
and blue checkered shirt over it. The child on the right has short
hair and is wearing a dark shirt. The image shows two croissants
placed on a wooden cutting board. They are golden brown, flaky,
and have a slightly twisted shape, typical of traditional croissants.
The image shows four blue aerobatic planes flying in formation.
The planes are marked with the letters “AC” and have a distinctive
design with white accents.

LLaVA-OneVision

[leftmargin="*, itemsep=0.6em, topsep=0pt]The image displays
five different illustrations of classic convertible cars arranged in a
two-by-three grid. Each car is depicted in a different color and
style, showcasing a variety of vintage designs. The image shows a

set of eight forks arranged in two rows against a blue background.

Each fork has a polished, reflective surface, indicating they are
made of a shiny metal, likely silver or a silver-plated material. The
image displays a collection of 17 plastic water bottles arranged
in a row against a white background. Each bottle appears to be
filled with water, and they vary in shape and size.

[leftmargin="*, itemsep=0.6em, topsep=0pt]The image presents a
collection of four vintage cars, each distinct in color and model,
arranged in a two-by-two grid. The image shows a set of six
ornate silver forks arranged in a row against a blue background.
Each fork has a polished finish and features intricate designs on
the handles. The image displays a collection of seven plastic
water bottles arranged in a row against a white background, with
cap colors pink, white, blue, white, blue, white, and white.

Table A11: Qualitative examples of generations before and after PIH attention head knockout. Before
intervention, models not only copy the incorrect count implied by the misaligned prompt, but also hallucinate
non-existing details. After ablating PTH heads, generations more consistently reflect the true number of objects
present in the image across all three models.

A.20 Output Examples After PIH Knockouts

Table|A11 shows examples of generated texts after PIH-head ablations.

A.21 PIH Color Task

To investigate whether PIH heads generalize beyond the counting task, we extend our framework to a color
prediction task using the Visual CounterFact dataset [40]. This setting replaces numerical offsets with color
offsets while preserving the overall experimental structure used in counting. We use “What color is the [object]
in the image?” as the baseline prompt, and “Describe the C' + & [object]” as the misaligned prompt, where C'
denotes the ground-truth color of the object in the image and k € {1, 2, 3} denotes the perceptual “difference”

from the C on the color wheel. In particular, k¥ = 1 indicates a highly similar color and k¥ = 3 indicates the
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Figure A22: Impact of knockout on the probability of the ground-truth answer in both digit (blue) and word
form (orange) given the prompt “Describe the [N + k]digit [objects]” for count. Note that when k& = 0, there is
no modality conflict in the prompt.
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Figure A23: Layer-wise change in attention mass after PIH head ablation. For each model, we plot the
change in attention mass to image tokens (blue) and text tokens (orange) as a function of transformer layer.
Positive values indicate increased attention allocation relative to the baseline. Across all models, PIH ablation
consistently shifts attention from text to image tokens, with LLaVA-OneVision exhibiting the strongest and
earliest effect.

contrasting color which is the further distance on the color wheel from C'. For example, given C' = red, we

have orange, yellow, and green for k = 1, 2, 3, respectively.

A.22 Layer-wise Attention Mass Shifts After PIH Ablation

While Figure .4/ focuses on the single layer exhibiting the largest intervention-induced shift in attention mass,
we additionally examine how PIH head ablation affects attention allocation across all transformer layers.
Specifically, for each layer we compute the change in attention mass to image tokens relative to the baseline,
with the complementary change applied to text tokens (since attention mass sums to one).

Figure [A23]shows the layer-wise change in image and text attention mass for LLaVA-OneVision, Qwen-
VL, and Janus-pro. Across all models, PIH ablation consistently increases attention to image tokens while

reducing attention to text tokens, indicating a systematic rebalancing of multimodal attention rather than a
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highly localized effect.

Notably, the magnitude and depth of this shift varies across architectures. LLaVA-OneVision exhibits a
pronounced increase in image attention in early layers, whereas Qwen-VL and Janus-pro show smaller but
more distributed changes concentrated in later layers. These trends suggest that PITH head ablation alters the

global flow of multimodal information throughout the network.
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