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Abstract001

Efficient inference in Large Vision-Language002
Models is constrained by the high cost of pro-003
cessing thousands of visual tokens, yet it re-004
mains unclear which tokens and computations005
can be safely removed. While attention scores006
are commonly used to estimate visual token007
importance, they are an imperfect proxy for008
actual contribution. We show that Attention009
Contribution, which weights attention proba-010
bilities by value vector magnitude, provides a011
more accurate criterion for visual token selec-012
tion. Our empirical analysis reveals that visual013
attention sinks are functionally heterogeneous,014
comprising Probability Dumps with low con-015
tribution that can be safely pruned, and Struc-016
tural Anchors with high contribution essential017
for maintaining model performance. Further,018
we identify substantial redundancy in Feed-019
Forward Networks (FFNs) associated with vi-020
sual tokens, particularly in intermediate lay-021
ers where image tokens exhibit linear behav-022
ior. Based on our findings, we introduce CAPA023
(Contribution-Aware Pruning and FFN Approx-024
imation), a dual-strategy framework that prunes025
visual tokens using attention contribution at026
critical functional transitions and reduces FFN027
computation through efficient linear approxi-028
mations. Experiments on various benchmarks029
across baselines show that CAPA achieves com-030
petent efficiency–performance trade-offs with031
improved robustness.032

1 Introduction033

Large Vision Language Models (LVLMs) such as034

LLaVA (Liu et al., 2023a), Qwen VL (Bai et al.,035

2025; Wang et al., 2024), and InternVL (Chen et al.,036

2024b,c; Zhu et al., 2025) have achieved remark-037

able success by bridging the gap between visual038

perception and textual reasoning.039

However, the computational cost of processing040

high resolution images, often involving thousands041

of visual tokens, remains a major bottleneck. While042

visual token pruning has emerged as a popular so- 043

lution, most existing methods (Chen et al., 2024a; 044

Endo et al., 2025; Ye et al., 2025; Zhang et al., 045

2025) rely heavily on attention scores or heuristic 046

metrics derived directly from the attention scores 047

to identify unimportant tokens. 048

In addition, there have been several works 049

showing that the language model backbones in 050

LVLMs treat image tokens and text tokens sep- 051

arately (Li et al., 2025; Zhang et al., 2024; 052

Jyoti Bajpai and Hanawal, 2025), and hence 053

their redundancy should be handled independently. 054

While prior research in the LLM domain has ex- 055

plored approximating the Feed-Forward Networks 056

(FFNs) through methods such as sparse approxima- 057

tion (Frantar and Alistarh, 2023; Zhang et al., 2022; 058

Liu et al., 2023b; Chavan et al., 2024), these tech- 059

niques have not been extended to LVLMs, specifi- 060

cally regarding vision tokens. This gap is critical 061

because, as we show further, vision tokens and 062

text tokens do not behave in the same way. Con- 063

sequently, redundancy in FFNs for vision tokens 064

across layers remains largely unexplored, partic- 065

ularly in identifying which layers exhibit FFN re- 066

dundancy and which do not. 067

Through empirical analyses of visual token be- 068

haviors in LVLMs, we identify two key observa- 069

tions that existing acceleration methods fail to cap- 070

ture. First, attention scores alone are an insufficient 071

proxy for visual token importance, as they do not 072

account for the magnitude of the associated value 073

vectors, motivating attention contribution as a more 074

faithful signal for visual token pruning. Second, 075

redundancy in LVLMs extends beyond token se- 076

lection to the FFNs associated with visual tokens, 077

where we observe that, in certain layers, FFN trans- 078

formations exhibit near-linear behavior. 079

Building on these observations, we propose 080

CAPA (Contribution-Aware Pruning and FFN Ap- 081

proximation), a dual-strategy framework for effi- 082

cient LVLM inference. CAPA directly operational- 083
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Figure 1: Overall framework of CAPA — (Left) Contribution-Aware Pruning: at each generation step t, we compute
the Attention Contribution score Ci for every visual token by weighting its value vector magnitude with the attention
probability assigned by the last generated token query qt; (Right) FFN Approximation: in the layers identified as
redundant (high input-output cosine similarity), we replace the computationally expensive dense FFNs (O(d2)) with
a lightweight, learned element-wise Hadamard product (O(d)).

izes our empirical findings by addressing redun-084

dancy at both the token and computation levels:085

it prunes visual tokens based on attention contri-086

bution rather than raw attention scores, and re-087

duces unnecessary computation by approximating088

FFN transformations for vision tokens in layers089

where redundancy is observed. By jointly consid-090

ering which visual tokens matter and where visual091

computation can be reduced, CAPA is designed092

to achieve favorable efficiency–performance trade-093

offs without compromising model robustness. Ex-094

tensive experiments across multiple LVLM back-095

bones and benchmarks show that CAPA consis-096

tently preserves task performance while delivering097

substantial inference acceleration, outperforming098

existing pruning-based baselines.099

Our contributions are as follows:100

1. We present empirical analyses of visual token101

processing in LVLMs, showing that attention102

scores alone are insufficient to capture visual103

token importance and that significant redun-104

dancy exists in FFNs associated with vision105

tokens across layers.106

2. Based on our empirical findings, we propose107

CAPA, a dual-strategy framework that com-108

bines contribution-aware visual token pruning109

with FFN approximation to reduce inference110

cost in LVLMs.111

3. Through extensive experiments on multi-112

ple LVLM backbones and benchmarks, we113

demonstrate that CAPA achieves strong114

efficiency–performance trade-offs while main-115

taining robust model performance.116

2 Related Work 117

Vision Token Pruning in LVLMs. Reducing the 118

computational overhead of Large vision–language 119

models has attracted growing attention, with visual 120

token pruning emerging as a dominant accelera- 121

tion strategy. Early approaches primarily rely on 122

raw attention scores or heuristic importance mea- 123

sures to discard visually redundant tokens (Chen 124

et al., 2024a; Endo et al., 2025). These methods 125

implicitly assume that attention probability alone 126

reflects token saliency. However, recent analyses 127

have shown that attention weights can be mislead- 128

ing when detached from value representations, par- 129

ticularly in multi-modal settings (Kobayashi et al., 130

2020; Basu et al., 2024; Guo et al., 2024). In con- 131

trast to prior work, we explicitly incorporate value 132

vector magnitude through Attention Contribution, 133

yielding a more faithful estimate of a token’s func- 134

tional impact on downstream representations and 135

enabling more reliable visual token pruning. 136

Visual Attention Sinks. Several studies have ob- 137

served the emergence of attention sinks particularly 138

visual attention sinks in LVLMs, where certain to- 139

kens attract disproportionately high attention mass 140

(Kang et al., 2025; Queipo-de Llano et al., 2025; 141

Xiao et al., 2023). These works typically treat at- 142

tention sinks as a single phenomenon and focus on 143

mitigating their negative effects through masking 144

or reweighting. Our work departs from this view 145

by demonstrating that visual attention sinks are 146

functionally heterogeneous. Using attention con- 147

tribution, we distinguish between low-contribution 148

probability dumps and high-contribution structural 149

anchors, enabling safe pruning without compromis- 150
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Figure 2: Sink distribution analysis across LLaVA-1.5 and Qwen2.5-VL. Using a sink threshold of τ = 20, we
classify tokens into two groups: low-contribution Probability Dumps (Type I) and high-contribution Structural
Anchors (Type II) . The dashed line represents the sink identification threshold.

ing model integrity.151

Feed Forward Network Approx. and Efficiency.152

The FFNs constitute approximately two-thirds of153

the parameter count in Transformer models, mak-154

ing them a prime target for optimization. In the155

realm of LLMs, extensive research has attempted156

to address FFN redundancy by replacing stan-157

dard dense layers with significantly more complex158

formulations. These include substituting FFNs159

with Mixture-of-Experts (MoE) architectures to160

route tokens to specialized expert blocks (Zhang161

et al., 2022; Gale et al.), replacing dense matri-162

ces with structured linear parameterizations or163

Monarch matrices (Fu et al., 2023; Wei et al., 2024).164

Other works have explored even more radical struc-165

tural changes, such as approximating FFNs with166

Kolmogorov-Arnold Networks (KAN) using learn-167

able spline functions (Liu et al., 2024b), deploying168

spiking neural networks for event-driven sparsity169

(Zhu et al., 2023), or applying tensor decomposi-170

tion like Tucker or CP decomposition to compress171

weight matrices (Wang et al.; Xu et al., 2023).172

To the best of our knowledge no comparable173

work has investigated FFN redundancy specifically174

for vision tokens in LVLMs. We bridge this gap175

by identifying that visual tokens exhibit strong lin-176

earity in intermediate layers distinct from text to-177

kens allowing us to replace expensive FFNs with a178

lightweight, learned Hadamard product rather than179

complex architectural substitutes.180

3 Empirical Analysis 181

3.1 Deconstructing Visual Attention Sinks 182

To revisit the functional role of high-attention vi- 183

sual tokens, we first examine the extent to which 184

statistical presence (high attention weights) aligns 185

with representational impact (contribution to the 186

residual stream). While prior work (Kang et al., 187

2025) identifies visual attention sinks solely based 188

on massive activation in specific hidden dimen- 189

sions (defined as Sink Value ϕ > τ with τ = 20), 190

we observe that this definition may conflate func- 191

tionally distinct token behaviors. Accordingly, we 192

analyze the token distribution of LLaVA-1.5 (Liu 193

et al., 2023a) and Qwen2.5-VL (Bai et al., 2025) 194

by correlating two orthogonal metrics for every vi- 195

sual token: the Sink Value (ϕ), representing the 196

activation magnitude in outlier dimensions, and 197

the Attention Contribution (Ci), representing the 198

weighted value vector’s magnitude added to the 199

residual stream (defined in Sec 4.1). 200

As visualized in Fig. 2, this multi-dimensional 201

analysis reveals a critical functional dichotomy 202

among tokens that arguably qualify as sinks un- 203

der the standard definition (ϕ > 20). We ob- 204

serve that visual tokens do not form a monolithic 205

group; rather, they bifurcate into two distinct clus- 206

ters based on their contribution scores: 207

• Type I: Probability Dumps are clustered in 208

the low-contribution region (highlighted in red), 209

these tokens exhibit the classic behavior de- 210

scribed in recent literature. Despite possess- 211
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Figure 3: Layer-wise FFN Redundancy for Image vs.
Text Tokens. The plot displays the mean cosine sim.
cos(x,x+ FFN(x)) across network layers, evaluated
on 500 samples from the MSCOCO 2017 val set.

ing high attention weights and high sink values212

(ϕ > 20), their resulting contribution Ci is negli-213

gible. This confirms that their primary function214

is to serve as passive receptacles for excess prob-215

ability mass generated by the Softmax operation,216

rather than encoding semantic content. Conse-217

quently, they represent true redundancy and can218

be pruned safely.219

• Type II: Structural Anchors are, crucially, iden-220

tified as a second cluster (highlighted in green)221

that standard sink thresholds only fail to distin-222

guish. They couple high sink values with mas-223

sive value vector magnitudes, resulting in high224

Attention Contribution (Ci). Unlike probability225

dumps, these tokens act as critical biases or an-226

chors within the residual stream. Our analysis227

shows that while they statistically resemble sinks228

due to high ϕ, their removal leads to immediate229

representational collapse.230

This empirical distinction demonstrates that at-231

tention scores alone are insufficient for pruning232

while maintaining visual perception capabilities.233

3.2 Modality-Dependent FFN Redundancy234

After re-examining the functional role of visual235

tokens at the attention level, we now turn to their236

role in FFNs, which constitute massive parame-237

ter count in Transformers and represent a primary238

computational bottleneck during inference. While239

prior research in LLMs (Pessoa Pires et al., 2023;240

Gromov et al., 2024; Bercovich et al., 2025) has241

explored FFN redundancy, these works typically242

treat all tokens uniformly. In contrast, we hypoth-243

esize that in LVLMs, the language backbone pro-244

cesses visual and text tokens with different degrees245

of non-linearity. To delve into this, we design an246

experiment to quantify the functional necessity of247

Figure 4: Comparative analysis of FFN redundancy
across LVLM architectures. We plot the average cosine
sim. between the input hidden state x and the residual
output x+ FFN(x) for three baselines.

FFN layers specifically for visual tokens. 248

We analyze the linearity of FFN transformations 249

by measuring the directional alignment between 250

the layer input x and the post-FFN residual output 251

y = x+FFN(x). Intuitively, if an FFN contributes 252

significant non-linear processing, the output vector 253

should diverge effectively from the residual con- 254

nection. Conversely, a cosine similarity near 1.0 255

implies an identity-like mapping where the FFN is 256

redundant. We formalize this metric as: 257

Sim(x) = cos(x,x+ FFN(x)). (1) 258

We evaluated this metric across all layers of 259

LLaVA-1.5-7B, Qwen2.5-VL-7B, and InternVL3- 260

8B using 500 samples from the MSCOCO 2017 261

validation set (Lin et al., 2014). 262

Our layer-wise analysis, as visualized in Fig. 3, 263

reveals a striking disparity in processing patterns 264

between modalities. Image tokens (solid blue line) 265

consistently maintain near-identity similarity (> 266

0.96) across the majority of layers. In contrast, text 267

tokens (dashed red line) exhibit lower similarity in 268

early and middle layers, indicating a higher reliance 269

on FFN transformations, before converging to high 270

redundancy in the deeper layers. Both modalities 271

show a significant drop in similarity at the final 272

layer. This distinction is not unique to a single 273

architecture; as demonstrated in Fig. 4, this pattern 274

of high visual token linearity in intermediate layers 275

is consistent across three baselines. 276

This structural redundancy suggests that for vi- 277

sual tokens, the expensive FFN computations in 278

these layers effectively collapse into linear trans- 279

formations. This indicates that the model’s depth 280

is not fully utilized for visual processing, motivat- 281

ing our proposed strategy to replace these dense 282
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layers with efficient linear approximations without283

compromising representational integrity.284

4 Methodology285

Taken together, our empirical analyses show that286

inefficiency in LVLM inference arises from com-287

plementary sources. At the attention level, visual288

tokens with high attention mass exhibit heteroge-289

neous functional roles, rendering attention score290

pruning unreliable. At the computation level, FFN291

transformations for visual tokens exhibit substan-292

tial linear redundancy. These findings suggest293

that effective acceleration requires jointly reason-294

ing about which visual tokens matter and where295

visual computation can be simplified, motivating296

CAPA, a dual-strategy framework that integrates297

contribution-aware visual token pruning with FFN298

approximation as summarized in Fig. 1.299

4.1 Contribution-Aware Pruning300

To effectively identify redundant visual tokens, it301

is crucial to distinguish between the probability of302

attending to a token and the actual informational303

impact of that token on the network’s processing.304

Standard pruning methods have solely exploited305

attention scores, implicitly assuming that higher306

attention weights correlate directly with feature307

importance. However, attention weights function308

primarily as routing coefficients—they determine309

which tokens are selected, but not necessarily the310

magnitude of the update applied to the residual311

stream. The actual quantity of information trans-312

ferred depends on the Value vectors projected by313

the attention heads. A token with a high attention314

score but a negligible value vector magnitude con-315

tributes little to the representation.316

To address it, we quantify the importance of a317

visual token i using its attention contribution score318

Ci, which integrates both the routing weight and319

the feature magnitude. Specifically, we compute320

the weighted aggregation of the value vectors pro-321

jected by the output matrix WO,h to capture the322

total magnitude of information transfer. It is de-323

fined as the ℓ2 norm of this contribution to the324

residual stream:325

Ci =

∥∥∥∥∥
H∑

h=1

Ai,h

(
xiWV,h

)
WO,h

∥∥∥∥∥
2

, (2)326

where Ai,h denotes the attention probability as-327

signed to token i by head h, xi is the input visual to-328

ken representation, and WV,h, WO,h are the value329

and output projection matrices. By measuring the 330

norm of the projected vector, this formulation cap- 331

tures the effective contribution of each token to the 332

residual update, providing a more faithful proxy for 333

token saliency than raw attention weights alone. 334

In practice, we apply this metric dynamically 335

during the generation process. At every generation 336

step, we calculate Ci relative to the current query 337

token (the last generated token). We then select 338

the top-k visual tokens with the highest contribu- 339

tion scores to be retained in the key-value cache, 340

while tokens with minimal contribution are pruned. 341

This ensures that the retained visual context is not 342

static; instead, it dynamically adapts to the specific 343

semantic requirements of the current generation 344

step, preserving only the visual information that 345

functionally alters the model’s output distribution. 346

4.2 Redundancy Identification & Approx. 347

Having addressed the redundancy in the sequence 348

length (N ) through token pruning, we essentially 349

employ a dual-strategy approach by next targeting 350

the redundancy in the model’s width d. As in Fig. 1, 351

we delve into FFNs, which account for the majority 352

of the remaining FLOPs, to estimate their necessity 353

and propose a lightweight approximation. 354

Layer Selection Strategy. To identify layers suit- 355

able for approximation, we analyze the transfor- 356

mation magnitude of the FFNs across the model. 357

We define the redundancy of a layer l by the co- 358

sine similarity between its input hidden state x(l) 359

and the output of the residual block y(l) = x(l) + 360

FFN(x(l)). As we observed in Fig. 4, layers ex- 361

hibiting high cosine similarity imply a near-identity 362

transformation, where the FFN contributes minimal 363

non-linear modification to the feature space. 364

We formalize our selection criterion S with a 365

threshold η. A layer is selected for approximation 366

if the similarity over the calibration set exceeds η: 367

S = {l | Ex∼D

[
cos(x(l),y(l))

]
> η} (3) 368

Based on this analysis, we target layers that fall 369

within high-redundancy regions while preserving 370

critical processing stages (e.g., final output layers). 371

Optimized Hadamard Product Approximation. 372

For layers l ∈ S, we replace the computationally 373

expensive matrix operations of the FFN with a 374

learned, lightweight element-wise scaling vector 375

α ∈ Rd. This collapses the entire residual FFN 376
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Table 1: Pruning performance comparison of CAPA against baselines L: LLaVA-1.5-7B, Q: Qwen2.5-VL-7B, and I:
InternVL3-8B. CAPA demonstrates consistent robustness and superior performance across all benchmarks.

l Method
VQA2 MMBench MMVet TextVQA SEED MMMU

L Q I L Q I L Q I L Q I L Q I L Q I
Full Vanilla 76.55 83.74 80.28 62.97 82.21 84.71 28.89 61.83 70.41 48.64 83.69 80.89 60.14 76.80 74.97 34.67 48.68 55.44

Unif. 72.79 82.61 79.56 61.25 74.10 82.65 24.03 59.31 67.56 32.98 80.82 81.34 56.87 71.20 73.92 34.62 47.10 54.67
FastV 72.14 82.73 78.26 62.37 75.34 82.71 24.67 60.91 68.80 42.56 82.24 78.87 56.01 73.80 72.02 34.56 47.67 53.42
Feather 73.87 82.71 79.26 62.45 75.10 82.70 26.30 60.68 69.95 45.30 81.24 79.87 56.86 73.10 73.02 34.70 47.67 54.43E

ar
ly

CAPA 74.76 83.10 80.26 62.80 78.16 84.79 28.75 62.51 70.37 46.70 82.90 80.92 57.91 75.30 74.02 35.44 47.97 55.44
Unif. 73.95 82.61 79.05 62.60 75.20 84.62 25.69 62.11 68.34 36.07 81.74 80.65 58.80 73.92 73.00 35.44 47.67 55.00
FastV 75.27 82.75 79.50 62.43 75.93 83.10 27.01 61.42 69.31 47.05 81.55 79.10 56.91 73.65 71.27 35.56 47.69 54.27
Feather 75.28 82.79 79.56 62.54 75.30 83.20 26.91 61.83 69.95 47.46 82.10 80.12 57.05 73.69 72.02 35.67 47.67 53.21

Tr
an

si
tio

n

CAPA 76.21 84.10 80.26 62.82 77.20 84.79 27.96 64.25 69.85 48.40 82.34 81.20 59.94 75.72 74.02 36.61 47.89 55.44
Unif. 74.65 82.62 79.90 62.47 75.10 83.00 25.55 59.95 69.49 37.87 81.78 80.35 59.17 71.70 73.02 34.22 48.44 51.40
FastV 75.27 82.75 80.10 62.43 76.40 84.30 28.27 61.74 69.27 47.38 82.37 80.98 59.13 73.75 72.50 35.67 48.54 51.60
Feather 75.52 82.80 80.30 62.43 76.70 84.70 28.48 63.30 69.35 47.43 82.39 80.98 59.13 73.79 71.79 35.68 48.59 51.67L

at
e

CAPA 76.20 84.30 80.27 62.67 77.70 84.79 28.70 64.70 69.63 48.38 82.30 81.93 60.08 75.60 72.02 35.89 49.33 53.67

block into a single Hadamard product operation:377

y(l) ≈ ŷ(l) = x(l) ⊙α (4)378

where ⊙ denotes the element-wise product. It re-379

duces the layer’s FLOPs count from O(d2) to O(d).380

More discussion on the complexity in A.1381

Closed-Form Least Squares Solution. To find382

the optimal α, we avoid iterative gradient descent383

and instead solve the Ordinary Least Squares (OLS)384

objective analytically. We collect activation statis-385

tics using 500 samples from the COCO 2017 train386

set (Lin et al., 2014). For each feature dimension387

k∈{1, . . . , d}, we minimize the squared reconstruc-388

tion error between the approximated output and the389

true residual output over N calibration samples:390

min
αk

N∑
n=1

(αkxn,k − yn,k)
2 . (5)391

Setting the partial derivative with respect to αk392

to zero yields a closed-form solution based on the393

second-order moments of the features:394

α∗
k =

∑N
n=1 xn,k · yn,k∑N

n=1 x
2
n,k

. (6)395

In vector notation, this is computed as α∗ =396

(
∑

xn ⊙ yn)⊘ (
∑

xn ⊙ xn), where ⊘ represents397

element-wise division. This approach ensures α398

captures the optimal linear scaling factor that statis-399

tically minimizes error across the data distribution.400

We observe that feature statistics converge rapidly,401

making 500 samples sufficient for a robust approx-402

imation without extensive retraining.403

5 Experiments404

5.1 Experimental Setup405

Baseline Models and Benchmarks. We evalu-406

ate our framework on three state-of-the-art LVLMs:407

LLaVA-1.5-7B (Liu et al., 2023a), Qwen2.5-VL- 408

7B (Bai et al., 2025), and InternVL3-8B (Zhu et al., 409

2025). To ensure a comprehensive assessment 410

of multi-modal capabilities, we report results on 411

six standard benchmarks: VQAv2 (Goyal et al., 412

2017) for general visual QA, MMBench (Liu et al., 413

2024a) and SEED-Bench (Li et al., 2023) for holis- 414

tic perception, MM-Vet (Yu et al., 2023) for inte- 415

grated reasoning, TextVQA (Singh et al., 2019) for 416

OCR capabilities, and MMMU (Yue et al., 2024) 417

for multi-discipline expert reasoning. 418

Pruning Baselines. We compare CAPA against 419

a various set of pruning strategies to validate its 420

efficacy. As foundational baselines, we include the 421

Vanilla (unpruned) model and a Uniform baseline, 422

which naively samples tokens with a fixed stride to 423

match the target token budget. Among attention- 424

centric methods, we evaluate FastV (Chen et al., 425

2024a), a training-free approach that prunes tokens 426

based on raw attention scores in early layers, and 427

Feather (Endo et al., 2025), which modifies causal 428

masking constraints. For Feather, we implement 429

the method without its ensemble mechanism to 430

isolate the efficacy of its No-RoPE heuristic for fair 431

comparison. 432

Implementation Details. For all pruning exper- 433

iments, we retain 25% of the visual tokens. Fol- 434

lowing prior observations (Luo et al., 2025; Yu and 435

Lee, 2025) that multi-modal transformers exhibit 436

depth-dependent behavior, we partition layers into 437

three stages: early, transition, and late. Pruning 438

is applied at the phase-transition layers identified 439

in (Yu and Lee, 2025) (LLaVA: Layers 5, 12, 16; 440

QwenVL: Layers 3, 11, 21; InternVL: Layers 3, 11, 441

21). For FFN approximation, we target the high- 442

redundancy blocks as highlighted in Sec. 4.2 and 443
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Figure 5: Hellinger distance between the vanilla model and pruned logits across generation steps, comparing
attention-score and attention-contribution pruning for 3 baselines on the COCO2017 val. set (200 examples).

Table 2: Impact of different FFN replacement strategies applied to both the Vanilla (unpruned) and CAPA (pruned)
models. The Hadamard product recovers most of the performance degradation caused by skipping FFNs. L:
LLaVA-1.5-7B, Q: Qwen2.5-VL-7B, and I: InternVL3-8B.

Type Strategy
VQA2 MMBench MMVet TextVQA SEED MMMU

L Q I L Q I L Q I L Q I L Q I L Q I
Full Model 76.55 83.74 80.28 62.97 82.21 84.71 28.89 61.83 70.41 48.64 83.69 80.89 60.14 76.80 74.97 34.67 48.68 55.44
Skip FFN 74.02 79.15 75.70 58.12 72.40 78.13 22.45 49.30 59.10 44.10 76.12 74.90 56.78 69.20 67.32 29.30 38.50 42.37

V
an

ill
a

Hadamard 75.48 81.02 78.79 61.32 77.85 80.52 26.90 56.40 65.05 47.15 80.22 78.03 58.82 73.15 71.95 32.85 44.10 49.33
Prune Only 76.20 84.30 80.27 62.67 77.70 84.79 28.70 64.70 69.63 48.38 82.30 81.93 60.08 75.60 72.02 35.89 49.33 53.67
Skip FFN 73.88 79.60 73.90 57.90 67.20 75.80 22.10 52.15 56.45 43.85 74.50 73.12 56.40 67.90 64.50 30.25 39.45 40.85

C
A

PA

Hadamard 75.10 81.85 76.70 61.05 73.20 78.34 26.44 59.12 62.30 46.90 78.90 75.08 58.65 71.42 71.30 34.02 45.22 45.33

we keep η as 0.96 and hence find the redundant444

layers (LLaVA: Layers 2–5 & 22–29; Qwen: Lay-445

ers 2–5 & 13–19 ; InternVL Layers 2–4 & 14–20).446

The approximation parameters α are calibrated us-447

ing 500 randomly sampled images from the COCO448

train set (Lin et al., 2014).449

5.2 Main Results: Pruning Performance450

Tab. 1 reports layer-wise pruning results for three451

baselines, with evaluations conducted at critical452

phase transition layers to assess robustness under453

representational shifts. Across all models, pruning454

robustness consistently improves in later layers, in-455

dicating that dependence on dense visual tokens456

diminishes as representations mature, rendering im-457

age tokens increasingly redundant in deeper layers.458

CAPA demonstrates a clear advantage at the tran-459

sition layers (Fig. 6), which represent the most460

sensitive stage for token reduction. Baseline meth-461

ods such as FastV and Feather show substantial462

performance degradation in this phase, whereas463

CAPA maintains performance close to the un-464

pruned Vanilla model. Task-level analysis fur-465

ther shows that CAPA is particularly effective on466

benchmarks requiring fine-grained perception and467

complex reasoning (TextVQA, MMMU). This sug-468

gests that semantically dense tokens, such as image-469

embedded text or intricate visual details, often ex-470

hibit high value vector magnitudes despite vari-471

able attention scores. By explicitly weighting these472

Figure 6: Performance comparison of standard Atten-
tion Score pruning (FastV) against our Attention Contri-
bution method (CAPA) at the transition layers. Results
are averaged across 3 baselines for generalizability.

contributions, CAPA avoids removing information- 473

dense tokens, a common failure mode of attention- 474

only or uniform pruning. Finally, pruning in late 475

layers is universally safe, with all methods con- 476

verging to near-Vanilla performance, validating the 477

high redundancy of visual tokens in the final layers. 478

5.3 Ablation Study for CAPA 479

Logit Divergence under Attention Pruning. To 480

compare how different attention-based pruning cri- 481

teria preserve the generative behavior of the vanilla 482

model, we measure the divergence between vanilla 483

models and their pruned variants during long-form 484

generation. All tokens before the pruning step are 485

kept identical, ensuring that any deviation is solely 486

induced by the choice of pruning criterion. 487

Specifically, let x denote the visual input, x̃ the 488

pruned visual input, and y<t the generated pre- 489

7



Figure 7: Average accuracy across six benchmarks un-
der varying pruning ratios. While baselines exhibit rapid
degradation at high sparsity levels, CAPA maintains
near-lossless performance up to 85% sparsity.

fix up to step t. We compare the output distri-490

butions p(· | y<t, x) from the vanilla model and491

p̃(· | y<t, x̃) from the pruned model, where prun-492

ing is performed using either attention scores or493

attention contribution.494

We quantify the discrepancy between these dis-495

tributions using Hellinger distance (Le Cam, 2012):496

H
(
p, p̃
)
=

1√
2

(∑
i

(√
pi −

√
p̃i

)2)1/2

, (7)497

where pi and p̃i denote the probabilities assigned to498

token i by vanilla and pruned models, respectively.499

As shown in Fig. 5, pruning based on attention500

contribution consistently yields lower Hellinger501

distances than pruning based on raw attention502

scores across all evaluated models. This gap503

widens at later generation steps, indicating that504

attention contribution more faithfully preserves505

the vanilla model’s output distribution over long-506

horizon multi-modal generation.507

FFN Approximation Efficiency. Tab. 2 delin-508

eates the impact of our approximation strategies,509

both in isolation and when coupled with token prun-510

ing. We first observe that naively removing FFNs511

(Vanilla + Skip FFN) leads to significant perfor-512

mance degradation, confirming that these layers513

retain non-negligible functional importance. How-514

ever, replacing them with our proposed linear ap-515

proximation (Vanilla + Hadamard product) suc-516

cessfully recovers the majority of this performance517

drop, validating our hypothesis that the transforma-518

tion in these layers is predominantly linear. When519

integrated with contribution-aware pruning, sim-520

ply skipping FFN layers (CAPA with Skip FFN)521

proves insufficient; in contrast, the fully combined522

framework (CAPA Combined) which pairs token523

Figure 8: Theoretical inference FLOPs breakdown
across model components. By identifying and approx-
imating redundant FFNs (red), CAPA effectively re-
moves the dominant O(Nd2) cost with 78% reduction.

pruning with the Hadamard product approximation 524

achieves the optimal trade-off between computa- 525

tional efficiency and model accuracy. 526

5.4 Robustness and Efficiency Analysis 527

We further analyze the trade-off between compu- 528

tational efficiency and model performance. Fig. 7 529

illustrates the robustness of CAPA across varying 530

pruning ratios. Unlike prior methods such as FastV 531

(Chen et al., 2024a) and Feather (Endo et al., 2025), 532

which experience precipitous performance drops 533

beyond 50% pruning, CAPA maintains near-vanilla 534

accuracy (≈ 52.0 average score) even at an aggres- 535

sive 75% pruning ratio. This stability validates that 536

Attention Contribution is a superior proxy for token 537

saliency than raw attention scores. 538

In addition, we quantify the computational gains 539

in Fig. 8. Standard LVLM inference is dominated 540

by FFNs, which account for approximately 65% 541

of total FLOPs. By replacing these dense matrix 542

multiplications with our lightweight approxima- 543

tion in redundant layers, CAPA virtually eliminates 544

this bottleneck (red region). When combined with 545

the quadratic speedup from token pruning (blue 546

region), our framework achieves a total FLOPs re- 547

duction of 78%, offering a decisive efficiency over 548

baselines that rely on token pruning alone. 549

6 Conclusion 550

In this paper, we introduced CAPA, an efficient 551

framework for LVLM inference. By shifting prun- 552

ing from attention scores to attention contribution 553

magnitude and approximating redundant FFNs via 554

lightweight Hadamard products, CAPA preserves 555

critical visual information while significantly re- 556

ducing computation. Our results highlight the need 557

for visual-specific optimization distinct from text to 558

maximize efficiency without sacrificing capability. 559
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7 Limitations560

While our post-hoc strategies contribution-aware561

pruning and FFN approximation yield substantial562

efficiency gains, they are not a complete solution.563

Post-hoc methods operate on fixed, pretrained back-564

bones and therefore cannot fully exploit the benefits565

of jointly learned token selection and model com-566

putation. A promising direction for future work567

is the design of learned controllers that adaptively568

decide, for each input and at each layer, how many569

visual tokens to retain (or how much computation570

to allocate). Such layer-wise and data-dependent571

policies could enable finer-grained trade-offs be-572

tween computation and accuracy than static prun-573

ing heuristics.574

Another important avenue is architectural: de-575

veloping vision–language backbones in which the576

standard FFN is replaced or reparameterized by577

more efficient modules that are specifically tailored578

to visual tokens (e.g., lightweight element-wise579

transforms, low-rank or conditional linear layers,580

or mixture-of-expert style blocks). Jointly optimiz-581

ing token-retention policies and such efficient FFN582

alternatives during training may yield models that583

are both faster and more robust than what post-hoc584

modifications can achieve.585

Finally, future studies should evaluate these586

ideas across diverse benchmarks and distribution587

shifts, investigate calibration and interpretability588

of learned policies, and quantify the trade-offs be-589

tween dynamic sparsity, latency, and downstream590

task performance.591
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A Appendix799

A.1 Computational Complexity Analysis800

In this section, we provide a theoretical analysis of801

the computational efficiency gains introduced by802

our proposed framework. We examine the Float-803

ing Point Operations (FLOPs) reduction achieved804

through two primary mechanisms: (1) Hadamard805

Product Approximation for redundant FFN layers,806

and (2) Contribution-Aware Vision Token Pruning.807

A.1.1 Efficiency of Hadamard FFN808

Approximation809

Standard LVLMs such as LLaVA and QwenVL810

utilize SwiGLU-based Feed-Forward Networks811

(FFNs). Let d denote the hidden dimension size812

and dff denote the intermediate dimension size813

(typically dff ≈ 4d or higher).814

Baseline Complexity (Standard FFN). A stan-815

dard SwiGLU FFN consists of three dense matrix816

multiplications (Gate, Up, and Down projections).817

For a single token, the computational cost is:818

FLOPsFFN = 2 · (3 · d · dff ) = 6ddff (8)819

where the factor of 2 accounts for the multiply-820

accumulate operations.821

Approximated Complexity (Hadamard Prod-822

uct). Our proposed approximation replaces these823

matrix operations with a single element-wise824

Hadamard product x ⊙ α, where α ∈ Rd. The825

cost for this operation is:826

FLOPsHad = d (9)827

Reduction Analysis. The reduction factor R for828

a single approximated layer is:829

R =
FLOPsFFN

FLOPsHad
=

6ddff
d

= 6dff (10)830

Given that dff is in the order of thousands (e.g.,831

dff = 11, 008 for LLaMA-2-7B), the computa-832

tional cost of the approximated layer becomes neg-833

ligible (≈ 0.01% of the original cost). For a model834

with L total layers where Lapprox layers are se-835

lected for approximation, the total FFN FLOPs836

reduction is proportional to Lapprox

L .837

A.1.2 Impact of Contribution-Aware Token838

Pruning839

We reduce the visual token sequence length by840

pruning 75% of tokens based on their attention841

contribution scores. Let Nimg be the number of 842

image tokens and Ntxt be the number of text tokens. 843

The total sequence length is N = Nimg + Ntxt. 844

Let ρ = 0.75 represent the pruning rate applied 845

to image tokens. The reduced sequence length is 846

effective for all layers subsequent to the pruning 847

stage. The effective sequence length becomes: 848

N ′ = (1− ρ)Nimg +Ntxt (11) 849

Reduction in Linear Projections (FFNs and 850

QKV). Linear layers (FFNs and Attention projec- 851

tions) have a complexity of O(N · d2). The FLOPs 852

reduction is linear with respect to the token count: 853

SpeedupLinear =
N

N ′ ≈
1

1− ρ
(Nimg ≫ Ntxt).

(12) 854

For ρ = 0.75, this yields a theoretical 4× reduc- 855

tion in FLOPs for all dense layers operating on the 856

visual sequence. 857

Reduction in Attention Mechanism. The self- 858

attention mechanism has a complexity of O(N2 ·d). 859

Since the complexity is quadratic with respect to 860

sequence length, the pruning yields a significantly 861

higher speedup: 862

SpeedupAttn =

(
N

N ′

)2

≈ 1

(1− ρ)2
(13) 863

With ρ = 0.75, the attention mechanism theoret- 864

ically becomes 16× faster for the visual compo- 865

nent. 866

Total Theoretical Reduction. Combining both 867

strategies, our framework achieves a compounding 868

efficiency gain. The Hadamard product approxima- 869

tion eliminates the O(d2) cost of FFNs in redun- 870

dant layers entirely, while token pruning reduces 871

the N coefficient for all remaining active layers. 872

This dual approach ensures that we attack the com- 873

putational bottleneck from both the width (hidden 874

dimension complexity) and the length (sequence 875

complexity) of the model. 876

A.2 Derivation of Optimal Hadamard Scaling 877

In this section, we provide the complete mathemat- 878

ical derivation for the closed-form solution used to 879

approximate the Feed-Forward Network (FFN) lay- 880

ers. As described in Section 4.2, our objective is to 881

replace the computationally expensive dense matrix 882

operations in redundant layers with a lightweight, 883

element-wise Hadamard product. We achieve this 884

12



Figure 9: The layer-wise evolution of average attention contribution originating from query vectors and directed
towards key vectors for all the tokens generated from a prompt "Describe the image in detail." across all layers of
the in LLaVA-1.5.Note: The contribution magnitude is plotted on a logarithmic scale

by finding a learned scaling vector α ∈ Rd that885

minimizes the reconstruction error between the ap-886

proximated output and the true residual output of887

the FFN block.888

Problem Formulation Let x ∈ Rd denote the in-889

put hidden state to a specific layer, and let y ∈ Rd890

denote the target output of the residual block, de-891

fined as y = x + FFN(x). We seek an optimal892

scaling vector α such that the element-wise product893

ŷ = x⊙ α approximates y with minimal error. We894

formulate this as an Ordinary Least Squares (OLS)895

regression problem. Since the Hadamard product896

operates independently on each feature dimension,897

we can decompose the optimization into d inde-898

pendent scalar problems. For a specific feature899

dimension k ∈ {1, . . . , d}, we aim to minimize the900

sum of squared errors over a calibration dataset of901

N samples. The objective function J(αk) for the902

k-th dimension is defined as:903

J(αk) =
N∑

n=1

(αkxn,k − yn,k)
2 (14)904

where xn,k and yn,k represent the values of the k-th905

feature for the n-th sample in the calibration set.906

Optimization via Gradient Analysis To find the907

global minimum for this convex objective function,908

we compute the partial derivative of J(αk) with909

respect to the parameter αk and set it to zero:910

∂J

∂αk
=

N∑
n=1

2(αkxn,k − yn,k) · xn,k = 0 (15)911

We can distribute the summation and factor out the 912

constants to isolate αk: 913

N∑
n=1

(αkx
2
n,k − xn,kyn,k) = 0 (16) 914

915

αk

N∑
n=1

x2n,k −
N∑

n=1

xn,kyn,k = 0 (17) 916

Rearranging the terms yields the closed-form solu- 917

tion for the optimal scalar αk: 918

αk =

∑N
n=1 xn,kyn,k∑N

n=1 x
2
n,k

(18) 919

This result confirms that the optimal scaling factor 920

is simply the ratio of the cross-correlation between 921

the input and target to the auto-correlation of the 922

input. 923

Vectorized Implementation For efficient com- 924

putation on GPUs, we vectorize this operation 925

across all d dimensions simultaneously. Let X ∈ 926

RN×d and Y ∈ RN×d be the matrices containing 927

the collected calibration statistics. The optimal 928

vector α∗ can be computed using element-wise op- 929

erations: 930

α∗ =

∑N
n=1(xn ⊙ yn)∑N
n=1(xn ⊙ xn)

(19) 931

where ⊙ denotes the element-wise product and the 932

division is performed element-wise. This analyti- 933

cal approach avoids the need for iterative gradient 934

descent optimization. It allows us to calibrate the 935

approximation parameters efficiently using only a 936

small set of 500 samples, as the feature statistics 937

converge rapidly to the optimal solution. 938
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A.3 Evolutionary Trajectory of Visual939

Information Flow940

It is crucial to analyze how the model’s reliance941

on visual information evolves as data propagates942

through the layers. Fig. 9 visualizes the average at-943

tention contribution originating from query vectors944

and directed towards key vectors for all the tokens945

generated from a prompt "Describe the image in946

detail." across all layers of the LLaVA-1.5 architec-947

ture. This quantitative analysis reveals a distinct,948

progressive shift in the model’s internal processing949

mechanism, characterized by three phases:950

1. The Multimodal Fusion Phase (Early Lay-951

ers). In the initial third of the network, we ob-952

serve sustained, high-magnitude attention contri-953

butions from text to image tokens. During this954

stage, the model is actively engaged in grounding955

linguistic inputs within the visual context. The text956

tokens heavily query the visual features to resolve957

ambiguities and build an integrated multimodal rep-958

resentation.959

2. The Abstraction Transition (Middle Layers).960

The middle layers mark a critical phase transition.961

The figure illustrates a precipitous drop in the av-962

erage contribution score from text to image tokens.963

This indicates that the primary task of multimodal964

fusion is nearing completion. The essential seman-965

tic content from the image has been abstracted and966

integrated into the evolving textual representation.967

As a result, the raw visual tokens become less criti-968

cal for immediate processing, though they may still969

be retained as fallback context.970

3. The Deep Reasoning Phase (Late Layers).971

In the final layers, the attention contribution to972

image tokens nears zero. At this depth, the model973

operates almost exclusively on the fused, high-level974

textual representation. The generative process is975

driven by linguistic reasoning and next-token pre-976

diction dynamics, bearing strong resemblance to977

a pure large language model. The visual tokens at978

this stage which have any relevant information are979

Structural Anchors. This empirical observation pro-980

vides the foundational justification for why aggres-981

sive pruning strategies even heuristic ones achieve982

near-lossless performance in the deepest layers of983

Large Multimodal Models. An interesting thing to984

note here is that this phenomenon only occurs in985

vision tokens and not in text tokens highlighting986

the high entropy on vision tokens as compared to987

text tokens and the sharp decline in contribution in988

deeper layers empirically validates the hypothesis 989

that the model’s dependency on raw visual tokens 990

diminishes significantly after initial multimodal fu- 991

sion, rendering them redundant in the final stages 992

of processing. 993

A.4 Theoretical Analysis of Visual FFN 994

Redundancy 995

In this section, we provide a theoretical framework 996

to explain the layer-wise FFN redundancy profile 997

observed in our empirical analysis. Specifically, 998

we address why visual tokens consistently exhibit 999

high cosine similarity (linearity) in the intermediate 1000

layers of the network, contrasting sharply with the 1001

non-linear evolution of text tokens. We ground this 1002

behavior in the Information Saturation Hypothesis 1003

and the functional staging of Multimodal Large 1004

Language Models. 1005

A.4.1 The Read-Only Manifold Hypothesis 1006

We posit that following the initial multimodal fu- 1007

sion phase, visual tokens and text tokens occupy 1008

functionally distinct manifolds within the residual 1009

stream. The text generation process represents a 1010

dynamic system where the text state must evolve 1011

layer-by-layer to reduce entropy for next-token pre- 1012

diction. This necessitates significant non-linear 1013

FFN transformations to disentangle semantic fea- 1014

tures and perform reasoning. In contrast, visual 1015

tokens in the intermediate layers serve primarily as 1016

conditioning constants or a static context for the 1017

text tokens. Once the visual features are projected 1018

into the semantic space of the language model dur- 1019

ing the initial layers, they must remain representa- 1020

tionally stable. This stability is required to serve 1021

as a reliable addressable memory for the attention 1022

mechanism. If visual tokens were to undergo se- 1023

vere non-linear transformations via FFNs in every 1024

layer, the semantic alignment established in the 1025

early layers would drift, degrading the addressing 1026

system used by the text tokens to retrieve visual in- 1027

formation. To maintain this stability, visual tokens 1028

in the middle layers converge to fixed points of the 1029

layer function. For a visual token x, the update rule 1030

approximates an identity mapping where the FFN 1031

output approaches zero or acts linearly. This con- 1032

straint explains the high cosine similarity observed 1033

in the middle layers, as the residual connection 1034

dominates the update. 1035
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A.5 Functional Staging and Information1036

Saturation1037

The observed redundancy profile aligns with the1038

three-stage processing hierarchy identified in re-1039

cent probing studies (Yu and Lee, 2025). We map1040

the FFN redundancy dynamics to these functional1041

stages:1042

Visual Grounding (Early Layers) In the initial1043

layers, the model aligns visual features with the em-1044

bedding space of the language model. While some1045

non-linearity is required here to project features1046

into the correct subspace, the redundancy metric1047

rises quickly. This suggests that the projection head1048

and the first few transformer layers handle the bulk1049

of this alignment, rapidly stabilizing the visual rep-1050

resentation.1051

Context Absorption and Saturation (Middle1052

Layers) During the intermediate layers, the text1053

tokens actively query the visual tokens to resolve1054

semantic references and integrate multimodal infor-1055

mation. We hypothesize that this phase is charac-1056

terized by Information Saturation. Once the text to-1057

kens have absorbed the necessary visual context via1058

cross-modal attention, the visual tokens effectively1059

become informationally saturated sources. They1060

are no longer the target of processing but rather the1061

static reference. Mathematically, as the gradient1062

of information flow becomes unidirectional (from1063

image to text), the utility of FFNs for updating vi-1064

sual tokens diminishes. The FFNs thus collapse1065

to linearity, validating why approximating these1066

layers results in minimal performance loss.1067

Decoupling and Decoding (Late Layers) We1068

observe a decline in cosine similarity for visual1069

tokens in the final layers. This corresponds to the1070

decoding phase described by (Yu and Lee, 2025),1071

where the model shifts entirely to next-token pre-1072

diction dynamics. At this stage, the attention mech-1073

anism often suppresses visual tokens as the model1074

focuses on linguistic formatting and output gener-1075

ation. The divergence from linearity in these final1076

layers likely reflects a semantic decoupling, where1077

visual tokens are either transformed to disentangle1078

task-specific features or simply drift due to a lack1079

of attention constraints.1080
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