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Abstract001

Multimodal Large Language Models002
(MLLMs) integrate visual and textual in-003
formation, yet often exhibit modality bias,004
where predictions over-rely on one modality005
while underutilizing the other. Through anal-006
ysis, we find that modality bias in MLLMs007
arises from imbalanced Transformer attention008
distribution. The dominant modality tends009
to receive disproportionately high attention.010
Moreover, low-information sink tokens absorb011
redundant attention that could otherwise be012
allocated to the under-attended modality.013
Motivated by this, we propose SMART (Sink-014
based Modality-Aware Redistribution of015
Transformer Attention), an inference-time016
method that detects modality-specific atten-017
tion sinks and redistributes excessive attention018
to the under-attended modality. To better019
quantitatively assess modality bias, we con-020
struct Banana-Counting, a diagnostic dataset021
of 1,026 instances with mirrored information022
across visual and textual modalities. Our023
evaluation across ten MLLMs reveals severe024
modality bias, with some models exhibiting025
over 20-point accuracy gaps between visual026
and textual data. SMART effectively reduces027
the modality bias gap from 27.73 to 0.66028
and improves balanced accuracy by up to029
29.75%. Moreover, these gains consistently030
generalize to downstream tasks including031
VQA-v2, GQA, and ScienceQA, indicating032
that mitigating modality bias improves both033
robustness and generalization.034

1 Introduction035

The rapid evolution of Large Language Mod-036

els (LLMs) has been a major driving force037

in the pursuit of Artificial General Intelligence038

(AGI). To meet the increasing demands of real-039

world applications, LLMs have advanced be-040

yond single-modality processing into Multimodal041

LLMs (MLLMs). By integrating LLMs with vi-042

sual encoders (Radford et al., 2021), MLLMs043

have demonstrated remarkable capabilities across 044

a wide range of vision–language tasks, including 045

visual question answering, image captioning, and 046

multimodal reasoning (Liu et al., 2024; Achiam 047

et al., 2023; Wang et al., 2024b). 048

Despite their impressive performance, recent 049

studies have revealed that MLLMs often exhibit 050

modality bias, which refers to an over-reliance on 051

one modality while neglecting information from 052

the others (Chen et al., 2024; Guo et al., 2023). 053

Such bias can impair multimodal reasoning and 054

make models vulnerable to irrelevant or mislead- 055

ing inputs, particularly when one modality is noisy 056

or paired data are scarce (Park et al., 2025; Wu 057

et al., 2025; Zhang et al., 2023). Consequently, 058

MLLMs may fail to effectively integrate comple- 059

mentary information across modalities, reducing 060

reliability in real-world scenarios that require bal- 061

anced multimodal understanding. 062

To address these challenges, we first introduce 063

Banana-Counting, a controlled diagnostic bench- 064

mark designed to systematically identify and quan- 065

tify modality bias in MLLMs. As far as we know, 066

our dataset is the first to feature a balanced mul- 067

timodal design. Evaluation on Banana-Counting 068

shows that most modern MLLMs achieve highly 069

asymmetric accuracy across modalities, with large 070

accuracy gaps between textual and visual data. 071

Modern MLLMs rely on Transformer-based 072

unified self-attention, where visual and textual 073

tokens compete for attention during generation 074

(Aflalo et al., 2022; Stan et al., 2024; Vaswani 075

et al., 2017). Through analysis on the Banana- 076

Counting benchmark, we observe that this compe- 077

tition is often skewed, with a dominant modality 078

consistently receiving excessive attention, leading 079

to modality bias. Meanwhile, recent studies have 080

identified the phenomenon of attention sinks, in 081

which low-information tokens, such as special to- 082

kens or background patches, absorb a dispropor- 083

tionate amount of attention (Xiao et al., 2023; Fer- 084
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rando and Voita, 2024).085

Motivated by these observations, we pro-086

pose SMART (Sink-based Modality-Aware087

Redistribution of Transformer Attention), an088

inference-time method that mitigates modality089

bias by identifying bias-inducing attention heads090

and their associated sinks, and redistributing ex-091

cessive attention mass to information-rich regions092

in the under-attended modality. Through com-093

prehensive empirical analysis, we demonstrate094

that our method SMART successfully reduces095

modality bias while simultaneously enhancing096

model robustness and maintaining or improving097

performance on general reasoning benchmarks.098

By addressing modality bias, we provide insights099

into how MLLMs can be improved for more100

reliable multimodal reasoning.101

The main contributions of this work are sum-102

marized as follows: (1) We present the first sys-103

tematic study that identifies and quantifies modal-104

ity bias in MLLMs, revealing its prevalence and105

impact on multimodal reasoning. (2) We intro-106

duce Banana-Counting dataset, a novel and re-107

producible diagnostic benchmark specifically de-108

signed to quantify modality preference in a con-109

trolled manner. (3) We uncover a strong connec-110

tion between modality bias and imbalanced cross-111

modal attention allocation, and demonstrate that112

attention sinks provide exploitable attention re-113

dundancy for bias mitigation. (4) We propose114

SMART, an inference-time method that mitigates115

modality bias by redistributing attention from bias-116

inducing sinks to under-attended modalities, with-117

out modifying model parameters. (5) We provide118

a comprehensive empirical analysis showing that119

SMART consistently reduces modality bias and120

improves robustness, with gains that generalize to121

diverse downstream multimodal reasoning tasks.122

2 Related Work123

Modality Bias in Multimodal Models. Modal-124

ity bias arises when a model overly relies on125

one modality while under-utilizing others, man-126

ifesting as either text bias, where textual priors127

dominate reasoning, or visual bias, where vi-128

sual cues overshadow textual information (Wang129

et al., 2020; Huang et al., 2022; Lin et al.,130

2023). This phenomenon weakens generaliza-131

tion and can lead to hallucination-like failures132

(Zhang et al., 2024). Prior studies have exten-133

sively explored modality bias in VQA tasks (Niu134

et al., 2021; Chen et al., 2024; Guo et al., 2023), 135

or specifically investigated visual prior or tex- 136

tual priors. Existing debiasing approaches mainly 137

rely on training-time strategies, including con- 138

trastive learning (Luo et al., 2024), self-improving 139

data augmentation (Lee et al., 2025), and pref- 140

erence optimization (Wang et al., 2024a; Zhang 141

et al., 2025). These methods can reduce modality- 142

specific biases but often require costly retraining, 143

task-specific datasets, or complex optimization, 144

limiting their general applicability to large-scale 145

MLLMs. In contrast, our work is the first to sys- 146

tematically evaluate modality bias in MLLMs and 147

to propose a lightweight, inference-time approach 148

that mitigates bias across models and tasks with- 149

out requiring retraining or task-specific datasets. 150

Attention Sink Phenomenon. Attention sinks, 151

first observed in LLMs, are low-information to- 152

kens (e.g., BOS, punctuation, or newlines) that 153

consistently receive disproportionately high atten- 154

tion despite contributing little to predictions (Xiao 155

et al., 2023; Ferrando and Voita, 2024; Kobayashi 156

et al., 2020; Bondarenko et al., 2023). This ef- 157

fect arises from abnormally large activations in 158

specific hidden dimensions (Sun et al., 2024; Can- 159

cedda, 2024), and has been exploited in LLMs 160

to recalibrate attention and improve accuracy (Yu 161

et al., 2024). Similar behavior has been found 162

in vision transformers, where background or ir- 163

relevant visual patches attract excessive attention 164

(Darcet et al., 2023). Therefore, attention sink is 165

a common phenomenon across different modali- 166

ties. Methods like VAR (Kang et al., 2025) reuse 167

these surplus attention resources to enhance visual 168

reasoning without retraining. However, no stud- 169

ies leverage attention sinks to mitigate modality 170

bias. Our approach fills this gap by redistributing 171

attention from sinks to under-attended modalities, 172

addressing the root cause of bias in multimodal 173

LLMs. 174

3 Quantifying modality bias 175

3.1 Banana-Counting Dataset Construction 176

Banana-Counting dataset is based on SPIQA (Sci- 177

entific Paper Image Question Answering) (Pra- 178

manick et al., 2024), a large-scale QA dataset 179

designed to interpret complex figures and tables 180

within the context of scientific research articles 181

across various domains of computer science. We 182

constructed our dataset using the test-A split from 183

SPIQA, selecting images, their corresponding cap- 184
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Table 2: BLEU score on Chinese-English and … 
[The little monkey counted 12 bananas.] 
source sentence into the target sentence …

Banana-Counting Dataset

Figure 5: The GeoCUTS 
algorithm applied to user 
queries … [The little monkey 
counted 19 bananas.] and 
practical significance of …

Table 2: BLEU score on Chinese-English 
and … a single neural network to 
transform the [The little monkey 
counted 12 bananas.] source sentence 
into the target sentence …

(b) Zoom-in regions of a noisy 
input, … [The little monkey 
counted 9 bananas.] as well as 
its ground truth …

Figure 2: Creating multiple 
trajectories from a demonstration … 
One of the [The little monkey 
counted 17 bananas.] challenges of 
assistive

•Different Colors:
Black
Red
Blue

Green

Needle Variations

•Different Positions
Upper-left (UL)

Upper -right (UR) 
Center (C)

Lower-left (LL)
Lower -right (LR)

Both

Image

Caption

Please help the little monkey collect the number 
of banana from the above context. Only output 
the counted banana numbers in a list format. 
Do not include any other information. 

[8,12]Output: 

Input:

Table 2: BLEU score on Chinese-English and … 
[The little monkey counted 12 bananas.] 
source sentence into the target sentence …

Image

Caption

Instruction

Figure-only

Please help the little monkey collect the number of 
banana from the above context. Only output the 
counted banana numbers in a list format. Do not 
include any other information. 

[8]Output: 

Input:

Text-only

Please help the little monkey collect the number of 
banana from the above context. Only output the 
counted banana numbers in a list format. Do not 
include any other information. 

[12]Output: 

Input:

Figure 1: Overview of the Banana-Counting Dataset. We extracted figures and captions from the SPIQA dataset
and inserted needle phrases into both modalities. The needles color and position in figures were randomly assigned
while in text, it was inserted at random positions to avoid biases. To evaluate modality bias, we designed three
settings: (1) Both: The model receives both figure and caption, (2) Figure-only: The model receives only the figure,
and (3) Text-only: The model receives only the caption. This setup examines whether MLLMs effectively integrate
multimodal information or favor one modality over the other.

tions, and associated text. We then inserted a nee-185

dle phrase into both text and images in the format:186

The little monkey counted {number} bananas.

where the number of bananas in each needle187

was randomly generated within the range of 1 to188

20. The Banana-Counting dataset contains a to-189

tal of 1026 instances for evaluation. The overview190

of the dataset is illustrated in Figure 1. To elim-191

inate potential biases caused by superficial cues,192

the needles color and position in the figure were193

randomly assigned, while in the text, the needle194

was inserted at random positions. Specifically:195

• Figure-based Needle Insertion: The needle196

phrase was placed at random positions within197

the image, including Upper-left (UL), Upper-198

right (UR), Center (C), Lower-left (LL), and199

Lower-right (LR). Additionally, the text color200

was randomly selected from black, red, blue,201

and green (as shown in Figure 1).202

• Text-based Needle Insertion: The needle203

phrase was embedded into the textual content204

at random depths. The text primarily com-205

prised the image or table caption. If the cap-206

tion contained fewer than 100 words, we sup-207

plemented it with additional content from the208

corresponding research paper. If it exceeded 209

100 words, we truncated it to 100 words. 210

3.2 Experiments 211

During the inference phase, we provided input 212

with predefined instructions, as shown in Fig- 213

ure 1, to guide MLLMs in extracting the ba- 214

nana count from the context. We use the above 215

constructed Banana-Counting Dataset to evaluate 216

whether LLMs could identify and extract the ba- 217

nana count from the given context. In each in- 218

stance, different needle phrases are embedded in 219

both the image and the text. This setup is used to 220

test models under three conditions: 221

1. Both: The model receives both the figure and 222

caption as input; 223

2. Figure-only: The model receives only the fig- 224

ure as input; 225

3. Text-only: The model receives only the cap- 226

tion as input. 227

In the Both setting, we aim to measure dif- 228

ferent MLLMs’ preferences for specific modali- 229

ties. In the single-modality settings (Figure-only 230

and Text-only), we further investigated the ac- 231

curacy of MLLMs when restricted to a single 232
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Model
Model Size

#Parameters (B)
Both Figure only Text only

ACCtext ACCfig ACCfig ACCtext

MiniCPM-V-2_6 (Yao et al., 2024) 8.10 67.17 74.93 92.14 98.48
Qwen2-VL-72B (Bai et al., 2023) 72.00 77.17 89.96 99.51 100.00
Qwen2-VL-Instruct (Bai et al., 2023) 7.00 51.66 72.32 98.05 99.90
Cogvlm2-Llama3-chat (Wang et al., 2023) 19.00 67.82 58.77 96.80 91.29
GPT-4o-mini (Achiam et al., 2023) - 81.52 87.15 99.51 100.00
Llava-v1.5-7B (Liu et al., 2024) 7.00 27.79 55.52 58.87 83.82
Llava-v1.5-13B (Liu et al., 2024) 13.00 33.48 19.57 38.01 81.60
Llava-v1.6-vicuna-13B (Liu et al., 2024) 13.00 30.52 53.46 68.13 95.32
Llava-next-Llama3 (Liu et al., 2024) 8.00 47.95 33.72 42.50 93.86
MoE-LLaVA-Phi2-2.7B-4e (Lin et al., 2024) 5.61 22.71 96.20 52.05 88.11
MoE-LLaVA-Phi2-2.7B-4e-384 (Lin et al., 2024) 5.73 38.15 82.07 92.88 78.65
Deepseek-vl2-small (Wu et al., 2024) 16.10 8.00 78.17 90.55 98.83
Yi-VL-6B (Young et al., 2024) 6.00 77.78 27.17 48.54 90.55
NVILA-8B (Liu et al., 2025) 8.00 94.93 95.07 95.32 96.47

Table 1: Performance of different LLMs on the Banana-Counting dataset. The table reports the accuracy of
various models in identifying the number of bananas under three settings: (1) Both (2) Image only, and (3) Text
only. #Parameters denotes the model size in billions. ACCtext and ACCfig represent the accuracy of extracting
the banana count from text and images, respectively. The results highlight significant modality bias, where most
models favor image-based information (ACCfig) while often overlooking text-based cues (ACCtext).

modality. This evaluation serves to demonstrate233

that MLLMs possess sufficient capability to pro-234

cess each modality independently, ensuring that235

modality bias is not merely a result of inade-236

quate unimodal processing ability, but rather an237

inherent preference for one modality over the238

other. We tested ten different MLLMs on the239

Banana-Counting dataset including, MiniCPM-V-240

2_6 (Yao et al., 2024), Qwen2-VL-7B-Instruct,241

Qwen2-VL-72B (Bai et al., 2023), Cogvlm2-242

Llama3-chat-19B (Wang et al., 2023), GPT-4o-243

mini (Achiam et al., 2023), Llava-v1.5-7B, Llava-244

v1.5-13B, Llava-v1.6-vicuna-13B (Liu et al.,245

2024), MoE-LLaVA-Phi2-2.7B-4e, MoE-LLaVA-246

Phi2-2.7B-4e-384 (Lin et al., 2024), Deepseek-247

vl2-small (Wu et al., 2024), YiVL-6B (Young248

et al., 2024) and NVILA-8B (Liu et al., 2025).249

3.3 Results250

The experimental results are presented in Table 1.251

The results reveal clear modality bias across most252

MLLMs: (1) When both modalities are available,253

most models prioritize visual information, extract-254

ing the banana count primarily from the figure255

while overlooking the textual banana count. This256

results in significantly higher ACCfig values com-257

pared to ACCtext. (2) In the Figure-only and Text-258

only settings, all models demonstrate higher ac-259

curacy in extracting banana counts compared to260

the Both setting. This indicates that when infor-261

mation must be combined across modalities, mod-262

els struggle to effectively integrate textual and vi-263

sual cues. (3) Among the models exhibiting an264

inverse modality bias, Cogvlm, Yi, Llava-v1.5- 265

13B and Llava-next-Llama3 show distinct trends. 266

Cogvlm displays a stronger preference for textual 267

information, leading to lower ACCfig compared 268

to other models. Meanwhile, Yi and Llava-next- 269

Llama3 demonstrates extremely low accuracy in 270

the Figure-only setting, suggesting that it has poor 271

image text recognition capabilities, causing it to 272

ignore visual information and rely more heavily 273

on text. (4) NVILA-15B stands out as nearly 274

balanced, with both accuracies approaching 95%, 275

suggesting effective multimodal integration in its 276

base configuration. 277

Additionally, to eliminate the influence of the 278

needle phrase’s position and color in the figure, 279

we analyzed accuracy across different colors and 280

positions, as shown in Table 2. The results indi- 281

cate that model performance remains relatively sta- 282

ble regardless of position or color, suggesting that 283

neither factor significantly influences accuracy. 284

This implies that modality bias is primarily driven 285

by an inherent preference for visual or textual in- 286

formation rather than superficial attributes such as 287

text color or placement. 288

3.4 Attention Analysis 289

The results in Section 3.3 reveal consistent modal- 290

ity bias across a wide range of MLLMs. To un- 291

derstand its underlying cause, we analyze models’ 292

internal attention patterns during generation. 293

In modern MLLMs, visual inputs are encoded 294

as visual tokens and concatenated with textual to- 295

kens into a unified sequence processed by a Trans- 296
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Figure Needle Color Figure Needle Position
Model

Blue Green Red Black M UR LR UL LL

MiniCPM-V-2_6 (Yao et al., 2024) 75.94 71.47 75.06 77.63 75.25 77.72 69.51 79.12 72.14
Qwen2-VL-72B (Bai et al., 2023) 89.52 90.59 89.96 89.75 89.69 89.41 90.10 90.18 90.52
Qwen2-VL-Instruct (Bai et al., 2023) 71.96 72.43 70.85 74.15 78.92 68.81 76.24 60.62 78.61
Cogvlm2-Llama3-chat (Wang et al., 2023) 59.63 58.82 56.36 60.25 57.94 55.35 57.23 62.65 60.58
GPT-4o-mini (Achiam et al., 2023) 87.45 88.60 87.45 84.83 91.57 84.06 84.26 85.31 90.87
Llava-next-Llama3 (Liu et al., 2024) 31.73 29.41 35.22 39.41 33.63 27.23 39.11 28.32 42.20
Llava-v1.6-vicuna (Liu et al., 2024) 56.83 52.57 53.85 56.36 53.36 46.04 67.33 43.36 67.63
MoE-LLaVA-Phi2-2.7B-4e (Lin et al., 2024) 33.95 32.72 35.22 31.78 34.98 29.70 36.14 29.20 38.15
MoE-LLaVA-Phi2-2.7B-4e-384 (Lin et al., 2024) 22.51 24.26 21.46 22.46 36.77 15.84 13.86 23.01 22.54
Deepseek-vl2-small (Wu et al., 2024) 80.07 79.78 78.95 73.31 76.23 78.22 83.17 72.57 82.08
Yi-VL-6B (Young et al., 2024) 39.48 42.65 40.89 43.22 51.12 37.62 37.62 42.92 36.42

Table 2: Accuracy of different LLMs in identifying the figure banana needle across various colors and positions.
The Figure Needle Color columns represent different text colors in the figure: Blue, Green, Red, and Black. The
Figure Needle Position columns correspond to different placements within the image: M (Middle), UR (Upper
Right), LR (Lower Right), UL (Upper Left), and LL (Lower Left). The results suggest that neither color nor
position significantly affects the ability of LLMs to locate the figure banana needle.

former decoder (Aflalo et al., 2022; Stan et al.,297

2024). During autoregressive generation, each out-298

put token attends jointly to both modalities via299

standard self-attention.300

We therefore examine the cross-modal atten-301

tion distribution by measuring how attention mass302

from generated tokens is allocated between textual303

and visual tokens. Concretely, we aggregate atten-304

tion weights over each modality and compute their305

relative proportion as an attention ratio.306

As shown in Figure 2, cross-modal attention al-307

location strongly correlates with modality-specific308

performance. For the same model, generations309

that allocate a larger fraction of attention mass310

to visual tokens ("very low" in the figure) tend311

to achieve higher visual accuracy while exhibiting312

degraded textual accuracy. Conversely, when at-313

tention is concentrated on textual tokens, text ac-314

curacy improves at the expense of visual perfor-315

mance. These results suggest that modality bias316

primarily stems from imbalanced attention alloca-317

tion during generation. Inspired by this, in the next318

section, we introduce an attention-based method319

to mitigate modality bias.320

4 Mitigating modality bias321

To eliminate modality bias, we propose Sink-322

based Modality-Aware Redistribution of Trans-323

former Attention (SMART), an inference-time324

method that rebalances attention flow by recy-325

cling surplus attention mass from over-attended326

to under-attended modalities. It consists of three327

stages: (1) diagnosing modality bias, (2) detect-328

ing sink tokens and candidate attention heads re-329

sponsible for modal imbalance, and (3) perform-330

Figure 2: Correlation between cross-modal attention
allocation and modality-specific accuracy in LLaVA-
v1.5-7B. Samples are partitioned into four regions
based on the attention ratio using Banana-Counting
dataset, defined as the ratio of text attention to image
attention during generation.

ing modality-aware attention redistribution. The 331

overall SMART framework is illustrated in Fig- 332

ure 3. 333

4.1 Sink token detection 334

A multimodal transformer takes as input system 335

tokens Xsys, text tokens Xt, and visual tokens Xv. 336

The model contains L layers, each with H atten- 337

tion heads. At layer ℓ and head h, the attention 338

matrix Aℓ,h ∈ Rn×n captures the interaction be- 339

tween tokens. The row aℓ,hq = Aℓ,h[q, :] ∈ ∆n−1 340

denotes the attention distribution of query q over 341

all n tokens. 342

For a token position i in a given layer, let 343

hi ∈ Rd denote its hidden representation. After 344

RMS normalization (elementwise) and absolute- 345

value transformation we obtain h̃i ∈ Rd. Define 346
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Figure 3: SMART framework. Stage 1 (Diagnosis): Quantifies modality bias by evaluating the model on a diag-
nostic dataset to compute the accuracy gap. Stage 2 (Detection): Identifies modality-specific attention heads and
sink tokens that disproportionately absorb attention mass within the dominant modality. Stage 3 (Redistribution):
Applies the SMART operator to reclaim surplus attention mass from detected sinks and redistribute it to informa-
tive tokens in the under-attended modality, generating a balanced attention distribution for inference.

the sink score347

si = max
d∈Dsink

∣∣h̃i[d]∣∣ (1)348

where Dsink is a set of fixed dimensions that are de-349

termined by the base language model of MLLMs.350

A token i is declared a sink token for that layer351

if its sink score si exceeds a predefined thresh-352

old τ . The per-layer sink index set is denoted353

Sℓ = {i}, si > τ . Intuitively, sink tokens are354

those whose activations concentrate in a small set355

of high-norm dimensions and therefore tend to at-356

tract disproportionate attention. We exclude the357

final decoding layer from redistribution to prevent358

destabilizing output logits.359

In the transformer’s multi-head attention mech-360

anism, each attention head typically captures dif-361

ferent functional patterns (Zheng et al., 2024) and362

not all attention heads contribute equally to modal-363

ity bias. Therefore, we need to identify atten-364

tion heads that primarily operate on text or primar-365

ily operate on images, and perform attention re-366

distribution specifically on these modality-specific367

heads.368

Given the per-layer sink set Sℓ, we inspect each369

head and each query to find locations where at-370

tention is both substantial for a modality and not371

overly concentrated on sinks. For a modality M ∈ 372

{T ,V} and a query q, define 373

portionMq =

∑
k∈Sℓ∩MA[q, k]∑
k∈MA[q, k] + ε

(2) 374

summM
q =

∑
k∈M

A[q, k] (3) 375

where ε > 0 ensures numerical stability. A head– 376

query tuple is selected as a candidate for redistri- 377

bution with respect to modality M if 378

portionMq ≤ ρM and summM
q ≥ σM (4) 379

where ρM and σM are two threshold hyperparam- 380

eters. 381

The first condition captures excessive concen- 382

tration on sink tokens. It ensures that within the 383

modality the attention is not overwhelmingly con- 384

centrated on a few sink positions but is instead 385

distributed across non sink tokens. While the sec- 386

ond ensures the overall attention mass devoted to 387

modality (M) is sufficiently large. Candidate tu- 388

ples are aggregated for subsequent batch-wise re- 389

distribution. 390
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Model Bias Method ACCtext ACCfig ∆ |∆| ↓ Accbal ↑

LLaVA-v1.5-7B Visual Original 27.79 55.52 -27.73 27.73 27.79
SMART (Ours) 57.54 58.20 -0.66 0.66 57.54

LLaVA-v1.5-13B Text Original 33.48 19.57 13.91 13.91 19.57
SMART (Ours) 37.48 34.13 3.35 3.35 34.13

LLaVA-v1.6-Vicuna-13B Visual Original 30.52 53.46 -22.94 22.94 30.52
SMART (Ours) 39.54 53.02 -13.48 13.48 39.54

NVILA-8B Balanced Original 94.93 95.03 -0.10 0.10 94.93
SMART (Ours) 94.96 95.08 -0.12 0.12 94.96

Table 3: Performance comparison on the Banana-Counting diagnostic benchmark. ACCbal =
min(ACC text, ACCfig) measures worst-case performance, with higher values ↑ indicating better balanced
capability. |∆|=|ACC text − ACCfig| quantifies modality bias, with lower values ↓ indicating better balance. Best
results in each row are in bold.

4.2 Modality-Aware Redistribution391

Given the diagnosed modality bias, we adopt a392

corresponding attention redistribution strategy. (1)393

For visual-biased models, we reclaim attention394

mass from sink tokens in both modalities and re-395

allocate it to non-sink textual tokens. (2) For text-396

biased models, we reclaim attention mass from397

sink tokens in both modalities and reallocate it398

to non-sink visual tokens. (3) For balanced mod-399

els, we perform intra-modal redistribution, reallo-400

cating attention from sink tokens back to non-sink401

tokens within the same modality to preserve cross-402

modal balance.403

For a selected attention vector a ∈ ∆n−1, let404

S denote sink positions and U the target token set405

determined above. We first shrink sink attention406

by a factor p ∈ (0, 1], yielding a reclaimed budget407

B =
∑
s∈S

(1− p)as. (5)408

The budget is then redistributed to tokens in U pro-409

portionally to their original attention weights:410

a′u = au +B · au∑
u′∈U au′

, u ∈ U . (6)411

Finally, the attention vector is renormalized to sum412

to one. The hyperparameter p controls the redistri-413

bution strength, with smaller values inducing more414

aggressive correction. The operator is applied to415

all selected head–query pairs.416

4.3 Experiments and results417

We evaluate SMART on four open-source418

MLLMs: LLaVA-v1.5-7B, LLaVA-v1.5-13B,419

LLaVA-v1.6-Vicuna-13B (Liu et al., 2024),420

and NVILA-8B (Liu et al., 2025), covering421

different scales and architectures. We set different 422

hyperparams for different models (Appendix B.3). 423

We use the Banana-Counting benchmark to 424

measure modality bias. Performance is quanti- 425

fied via textual and visual accuracies (ACCtext, 426

ACCfig), their gap ∆ = ACCtext - ACCfig, and bal- 427

anced accuracy ACCbal = min(ACC text, ACCfig). 428

Table 3 demonstrates that SMART substantially 429

mitigates modality bias by improving the under- 430

performing modality. For visual-biased LLaVA- 431

v1.5-7B, SMART reduces the bias gap from 27.73 432

to 0.66, while raising the weaker text accuracy 433

from 27.79% to 57.54%. A similar trend is 434

observed for the text-biased LLaVA-v1.5-13B, 435

where the visual accuracy increases from 19.57% 436

to 34.13%, reducing |∆| from 13.91 to 3.35. In 437

contrast, the already balanced NVILA-8B model 438

remains virtually unchanged (|∆| ≈ 0.1), indi- 439

cating that SMART selectively intervenes only 440

when significant modality imbalance exists. Over- 441

all, these results confirm that SMART effectively 442

restores cross-modal balance without disrupting 443

well-calibrated models. 444

4.4 Generalization to Downstream Tasks 445

Table 4 evaluates whether correcting modality bias 446

generalizes to other multimodal tasks. SMART 447

consistently maintains or slightly improves per- 448

formance across VQA-v2 (Goyal et al., 2017), 449

GQA (Hudson and Manning, 2019), and Sci- 450

enceQA (Lu et al., 2022), with no observed degra- 451

dation. The clearest gains appear on VQA-v2 452

benchmark, where SMART improves accuracy by 453

about 0.2% across most models, indicating im- 454

proved utilization of visual evidence after debias- 455

ing. On GQA and ScienceQA, performance re- 456

mains largely unchanged. For the already bal- 457
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Model Bias Method VQA-v2 GQA ScienceQA

LLaVA-v1.5-7B Visual Original 79.81 60.69 65.48
SMART (Ours) 80.06 61.44 65.50

LLaVA-v1.5-13B Text Original 81.49 62.00 70.41
SMART (Ours) 81.69 61.96 70.43

LLaVA-v1.6-Vicuna-13B Visual Original 83.99 63.83 71.42
SMART (Ours) 84.38 63.94 71.92

NVILA-8B Balanced Original 84.81 65.33 78.47
SMART (Ours) 84.90 65.35 78.52

Table 4: Accuracy (%) on downstream tasks. SMART improves performance across diverse tasks, with the largest
gains observed on vision-intensive tasks (VQA-v2).

Configuration ACCtext ACCfig |∆| ↓ Accbal ↑

Baseline 27.79 55.52 27.73 27.79

τ = 10 33.62 64.21 30.59 33.62
τ = 30 28.60 46.32 17.72 28.60

ρvis = 0.6, σvis = 0.1 37.03 61.39 24.36 37.03
ρvis = 0.4, σvis = 0.1 37.54 69.01 31.47 37.54
ρvis = 0.5, σvis = 0.2 48.32 50.07 1.75 48.32
ρvis = 0.5, σvis = 0.05 51.29 54.51 3.22 51.29

pvis = 0.2 49.07 49.09 0.02 49.07
pvis = 0.4 41.20 62.51 21.31 41.20

Optimal Configuration 57.54 58.20 0.66 57.54

Table 5: Hyperparameter ablation on LLaVA-v1.5-7B.
Optimal: τ = 20, ρvis = 0.5, pvis = 0.3, σvis = 0.1,
ρtxt = 0.5, ptxt = 0.6, σtxt = 0.05.

anced NVILA-8B, SMART introduces virtually458

no perturbation. These results show that mitigat-459

ing modality bias transfers safely to downstream460

tasks.461

4.5 Ablation Studies and Analysis462

Analysis of sink tokens and head selection.463

We study the effect of SMART’s core hyperpa-464

rameters that govern sink token detection (τ ), can-465

didate head selection (ρ, σ), and redistribution466

strength (p). Table 5 shows that τ = 20 balances467

sink detection: lower values over-detect sinks,468

higher values miss true sinks. The thresholds ρ469

and σ effectively identify biased attention heads,470

while p controls redistribution strength. Deviation471

from these values either leaves residual bias or re-472

duces overall accuracy. The optimal setting im-473

proves balanced accuracy and reduces bias gap.474

Effectiveness of Attention Allocation Strategies475

We evaluate four allocation strategies on LLaVA-476

v1.5-7B to determine how cross-modal redistri-477

bution affects bias. (1) Baseline: no interven-478

tion. (2) Same-Modality: redistribute attention479

Allocation Strategy ACCtext ACCfig |∆| ↓ Accbal ↑

Baseline 27.79 55.52 27.73 27.79
Same-Modality 37.17 67.93 30.76 37.17
Cross-Modality (Ours) 57.54 58.20 0.66 57.54
Reverse Cross-Modality 23.94 47.07 23.13 23.94

Table 6: Systematic evaluation of attention allocation
strategies on LLaVA-v1.5-7B (visual-biased) using the
Banana-Counting dataset. Our cross-modality alloca-
tion most effectively reduces bias.

only within the same modality, addressing intra- 480

modal sinks without changing cross-modal prefer- 481

ence. (3) Cross-Modality (Ours): redistribute at- 482

tention from over-attended visual heads to under- 483

attended text tokens, or vice versa. (4) Re- 484

verse Cross-Modality: incorrectly transfer atten- 485

tion from under-attended to over-attended modal- 486

ity, exacerbating bias. As shown in Table 6, 487

intra-modal redistribution yields limited improve- 488

ment (ACCbal=37.17%), while cross-modality al- 489

location achieves optimal performance, reducing 490

bias gap by 97.62% and raising balanced accuracy 491

to 57.54%. Reverse allocation harms performance 492

(ACCbal=23.94%), confirming that directional cor- 493

rectness and cross-modal transfer are essential. 494

5 Conclusion 495

We systematically study modality bias in MLLMs, 496

introducing Banana-Counting benchmark. Anal- 497

ysis shows that bias stems from imbalanced at- 498

tention, exacerbated by low-information sink to- 499

kens. We propose SMART, an inference-time 500

method that reallocates attention from sinks to 501

weaker modalities. SMART significantly reduces 502

bias and improves balanced accuracy, with gains 503

generalizing to tasks like VQA-v2, GQA, and Sci- 504

enceQA. This provides a practical, model-agnostic 505

approach for more reliable multimodal reasoning. 506
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Limitations507

While SMART effectively mitigates modality bias508

in MLLMs, our approach has several limitations.509

First, it operates at inference time and relies on510

the detection of attention sinks, which may not511

capture all sources of modality imbalance, par-512

ticularly in models with highly entangled cross-513

modal representations. Second, our evaluation is514

limited to the Banana-Counting benchmark and a515

set of downstream reasoning tasks; further stud-516

ies are needed to assess SMARTs effectiveness517

on more diverse datasets, including more complex518

multimodal tasks. Finally, although SMART is519

lightweight and model-agnostic, it introduces ad-520

ditional computational overhead during inference,521

which may impact latency-sensitive applications.522

Addressing these limitations represents a promis-523

ing direction for future work, including integrating524

attention-based debiasing with training-time inter-525

ventions and exploring adaptive strategies that gen-526

eralize across a wider range of MLLM architec-527

tures.528
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A Further Exploration of746

Banana-Counting dataset747

To validate that our findings on modality bias were748

not limited to our initial experimental setup, we749

conducted further analyses. These explorations,750

tested the robustness of our results against changes751

in semantic content and instruction phrasing.752

(1) First, we investigated whether the observed vi-753

sual preference was specific to the given template754

by creating a generalized version of the dataset755

with varied animal and fruit entities in the nee-756

dle statements. An example of this dataset can be757

found in Figure 4. The results in Table 7 showed758

that the phenomenon of modality bias is not sen-759

sitive to the specific animal or fruit used in the760

needle phrase. The overall trends remained con-761

sistent across datasets. These results reinforce our762

claim that modality bias is a structural and model-763

dependent behavior, rather than being driven by764

prompt semantics alone. (2) Additionally, to fur-765

ther investigate the impact of instruction phrasing766

on modality bias, we conducted an ‘Explicit In-767

struction’ experiment. In this setting, we modified768

the prompt to explicitly instruct the model to ex-769

tract information from both the image and text.770

Generalizing to Diverse Semantic Prompts In771

the original Banana-Counting dataset, we adopted772

a fixed needle template, The little monkey counted773

X bananas, to evaluate modality bias under con-774

trolled conditions. To investigate whether this ob-775

served visual preference persists across more di-776

verse semantic contexts, we constructed a general-777

ized version of the dataset by varying both the ani-778

mal and fruit entities in the needle statements. As779

illustrated in Figure 4, we defined two sets, an ani-780

mal list and a fruit list, each containing 10 entries,781

and generated random combinations from these782

to create diverse prompts and image-text pairs.783

This formulation preserves the instructional struc-784

ture of the original Banana-Counting task while785

introducing semantic diversity in the referents and786

counted objects. Both visual and textual contexts787

were carefully adjusted to ensure that the answer-788

relevant information remained redundant and fully789

aligned across modalities.790

Table 7 reports the accuracy of several repre-791

sentative MLLMs under this new setting, once792

again comparing their reliance on textual versus793

visual information when both are simultaneously794

presented. When comparing Table 7 with Table 1,795

we observe that the phenomenon of modality bias796

Model
Both

ACCtext ACCfig
GPT-4o-mini 66.25 83.89
Qwen2-VL-7B-Instruct 60.06 71.97
Qwen2-VL-72B 87.13 99.05
Llama3-Llava-next-8b 53.00 29.17

Table 7: Accuracy comparison on the multi-animal,
multi-fruit dataset under the Both condition. Despite
semantic variation, most models continue to exhibit a
strong visual modality preference.

Model
Model Size

(# Parameters(B))
Both

ACCtext ACCfig

MiniCPM-V-2_6 8.10 63.26 82.07
Qwen2-VL-Instruct 7.00 48.34 83.24
Cogvlm2-Llama3-chat 19.00 51.27 59.55
Llava-next-Llama3 8.00 37.91 38.89
Llava-v1.6-vicuna 13.00 35.87 53.12
Deepseek-vl2-small 16.10 7.60 83.24

Table 8: Effect of explicit instruction on Banana-
Counting dataset. ACCtext and ACCfig represent the ac-
curacy of extracting the banana count from text and im-
ages, respectively. Despite explicitly instructing mod-
els to extract information from both image and text,
strong modality bias persists.

is not sensitive to the specific animal or fruit used 797

in the needle phrase. The overall trends remain 798

consistent across datasets: most models, including 799

GPT and Qwen, exhibit a systematic preference 800

for visual input, while a few, such as LLaVA-next, 801

lean towards the text modality. These results rein- 802

force our claim that modality bias is a structural 803

and model-dependent behavior, rather than being 804

driven by prompt semantics alone. 805

Explicit Instruction To further investigate the 806

impact of instruction phrasing on modality bias, 807

we conducted an Explicit Instruction experiment. 808

Different from the instruction illustrated in Figure 809

1, for the explicit instruction setting, we modified 810

the prompt to explicitly instruct the model to ex- 811

tract information from both image and text: 812

Please help the little monkey collect the 813

number of bananas from the above im- 814

age and text. Only output the counted 815

banana numbers in a list format. Do not 816

include any other information. 817

Apart from this change in instruction, all other 818

experimental settings remained identical to those 819

described in Section 3.2. The results are presented 820

in Table 8. From Table 8, it is evident that even 821
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Banana-Counting Dataset with Multi-Animals-Fruits

Fig. 1 With geometric constraints, an efficient 
allocation might leave some cake unallocated. .. 
[The little tiger counted 5 pears.] …is fair 
allocation of radio spectrum among…

Overview of the proposed model 
SYNONYMNET … learns to [The little cat 
counted 11 kiwis.] minimize the …

•Different Animals:
['cat', 'dog', 'rabbit', 'elephant', 'lion', 

'tiger', 'bear', 'monkey', 'giraffe', 'zebra']

Needle Variations

•Different Fruits:
['apples', 'bananas', 'oranges', 'grapes', 

'watermelons', 'pears', 'peaches', 'mangos', 
'strawberries', 'kiwis']

Instruction

Please help the little <animal> 

collect the number of <fruit> 

from the above context. Only 

output the counted <fruit> 

numbers in a list format. Do not 

include any other information.

Image

Caption

Figure 4: Examples from the multi-animal, multi-fruit dataset. Each instance is constructed by randomly selecting
one animal and one fruit, resulting in semantically diverse prompts and corresponding visual/textual content. This
variation enables us to test the robustness of modality bias beyond a fixed phrase.

with explicit instructions directing the model to ex-822

tract information from both modalities, a signifi-823

cant modality bias remains prevalent. Across all824

tested models, the accuracy for extracting banana825

counts from images remains consistently higher826

than that from text, indicating a persistent ten-827

dency to prioritize visual information over textual828

input.829

These findings suggest that modality bias is830

not merely an artifact of instruction phrasing831

but rather an inherent characteristic of current832

MLLMs. Even when explicitly prompted to inte-833

grate information from both modalities, the mod-834

els still predominantly rely on image-based cues,835

further reinforcing the need for improved training836

strategies to mitigate this bias.837

B Experimental settings of SMART838

method839

B.1 sink dimensions840

As LLaVA-v1.5-7B (Liu et al., 2024) is finetuned841

from LLaMA2-7B (Touvron et al., 2023), its sink842

dimension is Dsink = {1415, 2533}. LLaVA-843

v1.5-13B and LLaVA-v1.6-Vicuna-13B (Liu et al., 844

2024) are finetuned from LLaMA2-13B (Touvron 845

et al., 2023), therefore their sink dimension is 846

Dsink = {2100, 4743}. NVILA-8B (Liu et al., 847

2025) is finetuned from Qwen2-7B (Team et al., 848

2024), so its sink dimension is Dsink = {3584}. 849

B.2 Downstream Benchmarks 850

To assess generalization, we evaluate on three es- 851

tablished multimodal reasoning benchmarks: 852

• VQA-v2 (Goyal et al., 2017): A large-scale 853

visual question answering dataset requiring 854

fine-grained image understanding. We report 855

standard accuracy. 856

• GQA (Hudson and Manning, 2019): A 857

dataset for real-world visual reasoning with 858

a focus on compositionality. We report accu- 859

racy on its balanced test split. 860

• ScienceQA (Lu et al., 2022): A multimodal 861

science question-answering dataset. We eval- 862

uate on its image branch, which demands 863

strong multimodal integration. 864

13



Model Bias Visual Modality Text Modality

τv ρv σv pv τt ρt σt pt

LLaVA-v1.5-7B Visual 20 0.5 0.1 0.3 20 0.5 0.05 0.6
LLaVA-v1.5-13B Text 20 0.4 0.1 0.4 20 0.5 0.1 0.4
LLaVA-v1.6-Vicuna-13B Visual 2 0.5 0.4 0.15 20 0.5 0.7 0.95
NVILA-8B Balanced 20 0.5 0.2 0.8 20 0.5 0.2 0.8

Table 9: Model-specific hyperparameters for the diagnostic Banana-Counting benchmark. Parameters are fine-
tuned for each model to account for architectural differences and bias characteristics.

B.3 hyperparameters865

The hyperparameters of SMART are divided into866

two categories: diagnostic-specific parameters867

used for bias calibration on the Banana-Counting868

dataset, and downstream-fixed parameters that are869

kept constant across all downstream tasks. While870

the downstream parameters are uniform for sim-871

plicity (τ = 20, ρ = 0.5, σ = 0.2, p = 0.8), the872

diagnostic parameters are finely tuned per model873

to account for their distinct architectural character-874

istics and bias profiles.875

Table 9 presents the model-specific hyperparam-876

eters used for diagnostic evaluation. These values877

were determined via grid search on the Banana-878

Counting validation split, optimizing for balanced879

accuracy (Accbal).880
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