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Abstract. Vision-Language Models (VLMs) have demonstrated remark-
able success across diverse visual tasks, yet their performance degrades
in complex visual environments. Existing enhancement approaches re-
quire additional training, rely on external segmentation tools, or operate
at coarse-grained levels, overlooking VLMSs’ innate attention capabilities.
To bridge this gap, we investigate VLMs’ attention patterns and discover
that: (1) visual complexity strongly correlates with attention entropy,
negatively impacting reasoning performance; (2) attention progressively
refines from global scanning in shallow layers to focused convergence
in deeper layers, with the degree of convergence determined by visual
complexity; (3) theoretically, under a multiplicative decomposition as-
sumption, we show that contrasting attention maps between general and
task-specific queries approximately separates visual signal into seman-
tic and visual noise components. Building on these insights, we propose
Contrastive Attention Refinement for Visual Enhancement (CARVE),
a training-free method that extracts task-relevant visual signals through
attention contrasting at the pixel level. Experiments on seven bench-
marks show that CARVE improves performance on visual perception
tasks, with notable gains on both recent and earlier-generation models.
Our analysis reveals how visual complexity affects attention mechanisms
and demonstrates an effective strategy for improving visual reasoning
through attention contrasting.

Keywords: Vision-Language Models - Attention Mechanism - Visual

Reasoning

1 Introduction

Vision-Language Models (VLMs) have shown impressive capabilities across di-
verse tasks [2, 10,22, 28]. However, in human vision, complex visual features
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Fig. 1: The effect of manually progressive masking on candidate tokens probabilities
predicted by QWEN2.5-VL-3B. The x-axis represents mask ratio and y-axis shows
log,, probability.

frequently divert attention from task-relevant regions [29]. Given this cognitive
parallel, a question arises: Similarly, do complex images interfere with VLMs’
attention mechanisms, making it difficult for them to focus on task-relevant re-
gions?

To answer this question, we investigate the relationship between visual com-
plexity and attention patterns via quantitative experiments. Specifically, we de-
fine visual complexity along texture and color dimensions, revealing a significant
positive correlation between both factors and attention entropy. Our analysis
also shows that attention entropy negatively correlates with accuracy on visual
reasoning tasks. Through this two-stage analysis, we find that complex vi-
sual information impairs VLMSs’ reasoning performance via attention
dispersion (Sect. 3).

Based on these findings, and inspired by ViCrop [34], we conduct a prelimi-
nary experiment on TextVQA [27] by progressively masking background regions,
then cropping and magnifying task-relevant areas. Fig. 1 presents two representa-
tive samples where cluttered environments initially cause incorrect predictions.
As more background is masked, correct token probability surpasses incorrect
probability, validating that masking visual noise can improve correct to-
ken probability.

To automate the visual noise masking process, we exploit contrasting at-
tention maps between general instructions and task-specific questions to distin-
guish semantic signal from visual noise. To this end, we propose Contrastive
Attention Refinement for Visual Enhancement (CARVE), a training-free con-
trastive method for visual extraction. By masking with contrastive attention
maps, CARVE crops and magnifies semantic regions to focus on essential se-
mantic signal (Sect. 4).
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2 Related Work

Contrastive Learning in LLMs. Liu et al. [15] pioneered contrastive objectives
for distilling supervision from LLMs. To address hallucination, Jiang et al. [11]
employ hallucinated text as hard negatives while Zhang et al. [35] apply con-
trastive learning in hidden representations to suppress hallucinations. Zhai et
al. [33] trace critical transmission paths across all layers, treating less impor-
tant pathways as negatives, which Pan et al. [20] further adapted to multimodal
LLMs through UniKE’s semantic-truthfulness space disentanglement. Depart-
ing from embedding-space modifications, DeCK [4] shifts contrastive logic to
the decoding stage by comparing token probabilities with and without injected
knowledge.

Attention-based LLM Optimization. Training-free approaches prune redundant
visual tokens [l, 6,7, 17] or broadcast vision-focused attention heads to sib-
ling heads [36] to accelerate inference and reduce hallucinations. Training-based
methods ground and zoom into task-relevant regions: CogCoM [21] trains a
chain-of-manipulation pipeline for step-by-step visual reasoning with grounding
and zooming, CogAgent [9] employs dual encoders for high-resolution under-
standing, Ferret-UT [32] splits screens into sub-images for fine-grained ground-
ing, and Gkartzonika et al. [8] train attention mechanisms on frozen classifiers
to produce visual explanation maps. Complementary analyses reveal that mod-
els know where to look even when answering incorrectly [34] and that position
bias affects multimodal retrieval [31]. Unlike these methods, our approach con-
trasts attention maps to distinguish semantic pixels from noise at the pixel level,
requiring no training.

3 Failure to Focus: Phenomenon, Mechanism, and
Consequence

3.1 Phenomenon: Under What Conditions Visual Focus Fails

We visualize attention maps of QWEN2.5-VL-3B-INSTRUCT on TextVQA (Fig. 2).
Attention progressively refines from global scanning in shallow layers to focused
convergence in deep layers, with convergence varying across images.

Visual complexity also influences attention convergence. In simple scenes with
clear targets and minimal distractors, attention successfully narrows to task-
relevant regions as layers deepen (consistent with ViCrop [34]). Conversely, in
complex scenes with rich textures and colors, attention remains more dispersed
even in deep layers. As indicated by the annotation “Confused where to look” in
Fig. 2, this attention dispersion leads to reasoning failures.

These observations motivate two quantitative investigations: Sect. 3.2 exam-
ines whether visual complexity disperses attention, and Sect. 3.3 links attention
dispersion to performance degradation.
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Fig. 2: Attention maps across different layers during inference. Each row represents a
visual question-answering task: row 1 shows a simple scene with clear targets, while
rows 2-3 depict complex scenes with dense textures and multiple similar objects. From
left to right, the columns display: input images, shallow layer attention, middle layer
attention, and deep layer attention.

3.2 Mechanism: Visual Complexity and Attention Entropy

In Fig. 2, images in rows 2-3 differ from row 1 by displaying numerous colorful
bottles, containing significantly more textures and colors. Therefore, we decom-
pose visual complexity into two dimensions: texture and color, and investigate
their respective impacts on attention.

We define the texture complexity and the color complexity as follows:

Texture Complexity. Let Z € REX"W X3 denote an input image. We define
the texture complexity 7.(Z) using Canny edge detection [5], where £(Z) €
{0, 1}7XW represents the resulting binary edge map. The texture complexity is
then defined as:

1 e _ @i
T :—ngzzj 0= g € 0,1 (1)

Color Complexity. Let (;; = Hue(Yrap—msv(Zij)) denote the hue value
at pixel (4,7) after applying the RGB to HSV transformatlon operator ¥. The
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Fig. 3: Visualization of texture and color complexity analysis. Each row represents a
sample image: (a) Original image Z, (b) Canny edge map £(Z) for texture complexity
Te, (c) Spatial hue distribution ¢ in HSV space, and (d) Hue statistic (x-axis: hue value,
y-axis: ratio).
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Fig. 4: Correlation analysis between visual complexity and attention entropy. Both
attention entropy and complexity are normalized to the [0, 1], divided into intervals of
0.1, and the average attention entropy is calculated within each interval.

color complexity is then defined as:

B—1
np

1 .
> plnpy, where pp = —=, = [{(i,5): G =b} (2)
b=0

C()=-15

HW’

with B = 180 hue bins, yielding C. € [0, 1] where higher values indicate greater
color diversity.

Fig. 3 validates our complexity metrics. The first row shows high texture com-
plexity with dense edge networks in £(Z) and diverse color distribution across
the hue spectrum. In contrast, the second row exhibits minimal edge density
and concentrated hue values, indicating lower complexity scores. We next quan-
titatively investigate the correlation between complexity metrics and attention
distribution.

Inspired by Yao et al. [31], we employ Shannon entropy [25] to quantify
attention distribution across visual tokens. Let N, denote the number of visual
tokens in the model’s representation. We denote the attention map as Al(’?) €

RN+ where [ indicates the layer index, t the generation time step, and Q the
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Fig. 5: Attention entropy’s correlation with accuracy and its evolution across layers.
Shaded regions indicate 95% confidence intervals computed as Z +to.975,n—1 - S/v/n. (a)
Shows accuracy for samples grouped by overall attention entropy H. (b) Displays mean
entropy across N samples per layer as ZZ H Al(? z)d) where A;? )d is sample 7’s
attention at the final generation step.

input question. For entropy analysis, we focus on the final generation step tend
and define the overall attention entropy H as:

N,
A@
|£‘ ZH l(te),,d = |£| Z <_ Z ey, I al,tend,i> (3>

el leL i=1

where £ = [Lgtart, Lend] Teépresents the layer range under consideration, and
a;t,; denotes the attention weight for the i-th visual token. Higher entropy indi-
cates more dispersed attention, while lower entropy indicates more concentrated
focus.

Fig. 4 presents the correlation between visual complexity and attention en-
tropy. Both texture complexity (Fig. 4a) and color complexity (Fig. 4b) exhibit
strong positive linear relationships with attention entropy. This monotonic trend
indicates that complex visual features lead to dispersed attention pat-
terns in VLMs.

3.3 Consequence: How Dispersed Attention Impairs Performance

Fig. 5(a) reveals a strong negative correlation: as attention entropy increases
from 5.1 to 6.8, accuracy drops from approximately 76% to 65%, suggesting that
higher attention dispersion is associated with lower visual reasoning accuracy.

To investigate the hierarchical evolution of attention entropy, we present
mean entropy and its distribution across layers in Fig. 5(b). The results show two
characteristics: (1) attention entropy monotonically decreases with layer depth,
consistent with Fig. 2. (2) The 95% confidence intervals progressively widen
with increasing depth, indicating enhanced inter-sample variability. For samples
with clear visual targets, deep layers achieve highly concentrated attention. In
contrast, for noisy samples, the model maintains dispersed attention patterns
even in deep layers.
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4 Contrastive Attention Refinement for Visual
Enhancement

4.1 Theoretical Foundation: Attention Decomposition

Given that visual complexity causes attention dispersion and performance degra-
dation (Sect. 3), we introduce an attention decomposition to extract pure seman-
tic signal.

Assumption 1 (Attention Decomposition): Attention distributions are
influenced by inherent visual noise of the image and task-related semantic signal.
We model the attention map Al(?)(I) as:

Al(g)(l) = fvis(I) ® ]:sem(Q7I) (4)

where Fi5(Z) € RYv captures image-inherent visual noise, Fyer (Q,Z) € RY>
captures task-related semantic signal, and ® denotes the Hadamard product. We
adopt multiplicative rather than additive decomposition because visual noise acts
as a spatially varying gain on attention weights; element-wise division normal-
izes heterogeneous noise magnitudes uniformly, whereas subtraction leaves scale-
dependent residuals. Empirically, replacing the multiplicative contrast with an
additive alternative Ai:AEQ)—AEG) reduces the relative gain on TextVQA from
+9.33% to +4.53%, supporting the benefit of scale-invariant normalization.

The general instruction G is a deliberate design choice rather than an arbi-
trary one: it must elicit global image scanning without focusing on any specific
semantic region. Among five candidate prompts, we adopt “Write a general de-
scription of the image.” as it attains the highest accuracy and the lowest vari-
ance while keeping generation short. When using such general instructions G,
lacking task-specific semantic cues, the semantic signal function reduces to an
approximately uniform distribution (Feem(G,Z) = 1y,), as illustrated by the
diffuse attention pattern in Stage 1 of Fig. 6. Quantitatively, the KL diver-
gence from uniform is KL(A(®)||1/)=0.147, far below the task-specific counter-
part KL(A(@)|i/)=0.812, confirming that general-instruction attention closely
approximates uniformity. General instruction attention therefore predominantly
captures visual noise:

AD(T) ~ FuolD) @ 1y, = Fus(Z) (5)

Definition 2 (Semantic Extraction Based on Attention Decomposi-
tion): We estimate Fgem (Q,Z) by defining A € Rf“ as the solution to:

A = argmin J(A4; AQ) A@) (6)
AcA

where the objective function is constructed based on Assumption 1’s decompo-
sition:
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Fig. 6: CARVE comprises three stages: Stage 1 generates general attention AEG) via

task-agnostic instructions; Stage 2 extracts task-specific attention AEQ); Stage 3 applies
contrasted attention A; to generate enhanced masked images for noise suppression.

T =Y (A FaealD) = [Fsa@) - Fema@ D))+ AL & Faa@ (7)

Semantic reconstruction error Visual suppression regularization

Proposition 1 (Closed-form Solution for Semantic Extraction): Sub-
stituting Assumption 1’s relationships AEQ) ~ Fuis,i * Fsem,i and AZ(.G) ~ Fuis,i

into the optimization objective yields:

N, N,
T =3 (A A9 - ALY A YA A ®
=1 i=1

where A > 0 is a regularization parameter that controls the strength of visual
noise suppression.
Solving the first-order optimality conditions yields the closed-form solution:

AEQ) o -Fvis,i : fsem,i
A(G) + A B fvis,i + A

(2

~ fsem,i When fvis,i > >\ (9)

Eq. 9 demonstrates that normalization suppresses the influence of F;s ; when
it dominates (i.e., Fyis;s > M), approximating the semantic signal Feep ;-

4.2 Contrastive Attention-based Visual Enhancement

Given the refined attention maps {fl}, as shown in Algorithm 1, we generate
attention masks that physically remove visual noise from the input image.
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Algorithm 1 CARVE: Contrastive Attention Refinement for Visual Enhancement
Notation: M: VLM model; =: attention extraction; mg xw: spatial reshape;Q,: top-p
threshold; @: visual extraction (mask, crop, resize); G: general instruction; 7: threshold,;
R: connected regions; K: max regions to keep
Require: Z ¢ RF*W>*3 0 M, 0 ={L,T,p, \,K}

1: Inference: A® + {A;f)}leg’teT =Z(M,Z,Q) > Question-specific attention

2: Inference: A% « {Al(g)}leg,teq* =EWM,Z,G) > General attention
. 4@
3: Contrast: A;; A(Gli')"M forallle L,teT > following Eq. 9
1t
4: Fuse: S + ZtET Wi ZZEL maxw (Ait), we =t — tsgare + 1 > Weighted attention
fusion
5: Threshold: 7 + Q,(S) > Compute threshold to retain top p percentile

6: Mask: M* = (Ji, R; where R} = argmaxper >(i.jyer S, 7) with R from
S>T

7: Extract: Ziefined — ¢(Z, M™) > Visual extraction

8: Inference: return M(Ziefined, @) > Final inference

Attention Maps Fusion. Since different layers and time steps capture comple-
mentary information, we fuse attention maps across the layer range £ and gen-
eration time steps T = [tstart, tend] through weighted aggregation. Later tokens
receive higher fusion weights, as they encode richer context from longer preceding
sequences.

Mask Generation and Visual Extraction. Task-relevant regions are identified
by applying the top-p percentile threshold 7 = Q,(S), which retains the top
p € (0,1] proportion of pixels from attention map S. Connected component
analysis extracts coherent regions from the thresholded map. We select the top-
K regions ranked by cumulative attention scores and generate the enhanced
image through Zieinea = ®(Z, M*), where & applies masking, cropping, and
resizing, and K controls the maximum number of regions to preserve.

As shown in Fig. 6, we propose Contrastive Attention Refinement for Visual
Enhancement (CARVE), a method that contrasts attention maps to distinguish
semantic pixels from noise, preserving only task-relevant regions for enhanced
model focus.

5 Experiments

5.1 Experimental Setup

Datasets. We conduct experiments on seven datasets spanning diverse task
dimensions. For visual reasoning and understanding, we use A-OKVQA [24],
POPE [13], V* [30], and TextVQA [27]. To further evaluate generalizability, we
extend evaluation to DocVQA [19] for document understanding (Exact Match
and ANLS), ChartQA [18] for chart comprehension (Exact Match and Relaxed
Accuracy), and ScienceQA [16] for knowledge-based reasoning (multiple-choice
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Table 1: Accuracy of CARVE across VLMs on four datasets. We evaluate three tempo-
ral configurations: tstart uses attention from initial generated tokens, teng from final to-
kens, and Teun applies weighted fusion across all tokens. We use layer range £ = [20, 25]
for attention fusion. Bold: best; underline: second-best.

Model Step: T A-OKVQA POPE v* TextVQA
Vanilla 73.0 86.9 50.3 72.8
tstart 76.54 4.70 87.1i0.25 56.0411.33 76.14 453

WEN2.5-VL-3B

Q tend 79.2,8490 88.4,173 5T.1,1352 76.4,405
7}1111 MA 7.26 @A 1.15 @A 12.33 MA 4.81
Vanilla 75.0 87.0 50.8 75.0
tstart 77.04 2.67 87.941.08 958.641535  80.747.60

WEN2.5-VL-7B Sy

Qwe fond 78.3,400 89.7.310 59.T.1752 81.9,0.20
Teunl 78.04 4.00 88.641.84 D8 1,1437 81.7,5.03
Vanilla 71.5 83.6 38.7 47.8
tstart 739A 3.36 868A 3.83 571A 47.55 579A 21.13

LLAVA-1.5-7TB - — Sy
tend 78.2,0937 89.0,646 66.5,7183 58.2,21.76
Ttull 75.445.45 89.0,6.46 66.5,71.83 57.9421.13
Vanilla 75.7 84.6 42.4 57.1
tstart 76.2,0.66 90.046.358 65.4454.25 59.2, 5.6

LLAVA-1.5-13B . .
tend 76.9,150 90.7,.721 T4.3.7524 61.2,718
Ttull 76.9,41.50 90.1,650 70246557 61.2,7.18

accuracy ). For TextVQA, we provide only images and questions without external
OCR augmentation, following the OCR~free protocol of ViCrop [34].

Models. We conduct experiments on four VLMs: QWEN2.5-VL-3B-INSTRUCT,
QWEN2.5-VL-7B-INSTRUCT [3], LLAVA-1.5-7B, and LLAVA-1.5-13B [14].
The Qwen family processes images at 448 x 448 resolution, while the LLaVA-1.5
family operates at 336 x 336 resolution. All models employ greedy decoding with
regularization parameter A = 0.05.

Baselines. We compare CARVE against two concurrent methods that also en-
hance VLM visual perception: ViCrop [34] and SD-RPN [26].

5.2 Results

Main Results. Tables 1 and 2 show that CARVE improves performance across
all evaluated models and datasets, with larger gains on perceptually demand-
ing tasks. Earlier-generation models show larger gains than their more recent
counterparts. For instance, LLAVA-1.5-7B gains +27.8 absolute points on V*,
whereas QWEN2.5-VL-7B gains +8.9 points. This pattern indicates that less ca-
pable models suffer more from visual complexity interference and benefit more
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Table 2: We investigate CARVE’s accuracy using both single-layer and multi-layer
intervention strategies at shallow, middle, and deep model depths, where single-layer
interventions use attention maps A; from individual layers, while multi-layer interven-
tions fuse maps across multiple layers to guide masking decisions. We employ Trn as

the time step configuration.

Model Layer(s): £ A-OKVQA POPE v* TextVQA
Vanilla 73.0 86.9 50.3 72.8
14 74'3A 1.78 87.1A 0.23 53'9A 7.16 73'6A 1.10
Single Layer 20 76.54 4.79 8744058 56.041135 747426
QWEN2.5-VL-3B 25 76.745.07 87.540.60 56.0011.33  75.944.26
[10, 15] 74.04 157 86.90.00 53.446.16 73.040.27
Multi-Layers [15, 20] 76.8, 5.21 8774002 96.0411.33 76.04 4.40
Vanilla 75.0 87.0 50.8 75.0
14 75'2A 0.27 87'5A 0.57 54'5A 7.28 75.2A 0.27
Single Layer 20 76.94 2.53 8794108 56.541122 7794357
QWEN2.5-VL-7B 25 77.042.67 88.24138 H7.1i12.40 T8.44 4.53
[10, 15] 75.00.00 87.00.00 51.340.08 75.00.00
Multi-Layers [15, 20] 77.142.50 88.441.61 957641330 79.546.00
[20, 25]  78.04400 88.6.1.814 58.1,1a37 81.7,503
Vanilla 71.5 83.6 38.7 47.8
14 71'7A 0.28 851A 1.79 634A 63.82 54'0A 12.97
Single Layer 20 74.04 5.50 8724431 65446800 96.1417.36
LLAVA-1.5-7B 25 T4.143.64 87.1a419 65.4468.99 56.2417.57
[10, 15] 71.50.00 8450108 48.2,2155 492,203
Multi-Layers [15, 20] 74.2, 378 87.544.67 65446590 56.4417.99
[20, 25]  75.4,545 89.0,6.46 66.5.71.83 57.9.21.13
Vanilla 75.7 84.6 42.4 57.1
14 75'8A 0.13 861A 1.77 665A 56.84 582A 1.93
Single Layer 20 76.24 0.66 88.244.26 68.6a61.70  99.1.3.50
LLAVA-1.5-13B 25 76.24 0.66 88.1441a  69.1462.07 59.2,4 368
[10, 15] 75.70.00 85.0a0.47 952942476  5T.4u0.53
Multi-Layers [15, 20] 76.841.45 88.64473 69.1462.07 59.44 403

from contrastive attention focusing. The particularly large V* gains are at-
tributable to its benchmark design: every sample requires localizing a fine-
grained target within a cluttered scene, precisely the scenario CARVE addresses.
Despite the modest sample size, the improvement on V* for LLAVA-1.5-7TB is
statistically significant: the 95% bootstrap confidence intervals do not overlap,
spanning 31.9-46.1% for the vanilla model versus 59.7-72.8% for CARVE, and
a paired McNemar’s test further confirms significance at p < 0.001.

Cross-Dataset Comparison. Table 3 compares CARVE with ViCrop and SD-
RPN on three additional benchmarks, where SD-RPN additionally requires train-
ing. CARVE, despite being entirely training-free, achieves the best results in
the majority of settings. Improvements scale with visual perception demands:
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Table 3: Extended cross-dataset evaluation on three additional benchmarks. DocVQA
and ChartQA primarily involve local visual perception, while ScienceQA requires
knowledge-based reasoning.

Model DocVQA ChartQA ScienceQA
ode EM ANLS EM Relaxed MC Acc
Vanilla 49.70 66.07 67.64 77.92 75.11

ViCrop  55.80412.2r 72274935 68.924180 79.644221 75214013
SD-RPN 60.90422.54  73.50411.25 69.8843.51  80.5643.30  75.364 0.3
CARVE 61.70,24.14 74.94,13.43 70.80,4.67 81.76,4.93 75.56,0.60

Vanilla 54.30 69.97 69.32 79.12 81.21

ViCrop 57.6046.0s8 70.84,124 69.76,0.563 79.48, 0.46 81.564 0.43
SD-RPN 55.9042.05 72.23,523 70.3641.50 80.12,1.26 83.84,3.24
CARVE 63.00,16.02 75.95.855 72.48,456 179.9641.06 82.5041.59

Vanilla 11.20 19.78 8.96 17.88 59.10

ViCTOP 11.9046.25 27.004 36.50 9.12,1.79 18.12,1.34 59.49, 0.66
SD-RPN 12-20A 8.93 29'20A 47.62 MA 19.64 MA 12.53 MA 1.25
CARVE 12.40,10.71 28.21,426> 11.20,25.00 20.60, 1521 60.39,2.18

Vanilla 14.00 24.42 9.88 18.20 61.68

ViCrop 14.40, 286 31.20427.76 12.08422.27 20.12410.55 62.9242.01
SD-RPN 15.90, 1357 33.32436.45 11.64,1781 19.76,557 63.46,42.59
CARVE 16.20,15.71 33.48,37.10 13.32,34.582 21.20,16.458 65.34,5.93

QWEN2.5-VL-3B

QWEN2.5-VL-7B

LLAVA-1.5-7B

LLAVA-1.5-13B

DocVQA, requiring fine-grained text recognition in dense layouts, yields the
largest relative gains of up to +24.14% EM for QWEN2.5-VL-3B; ChartQA
shows moderate improvements of +4.67% EM for QWEN2.5-VL-3B; and Sci-
enceQA, relying on knowledge reasoning, yields consistently positive yet smaller
gains ranging from +0.60% to +5.93%. This gradient across tasks suggests that
suppressing visual noise benefits tasks roughly in proportion to their perceptual
demands, with no observed degradation of reasoning performance.

Time Step Ablation. Table 1 shows a clear ranking among time step selection
strategies: tenq generally outperforms Tr,y, which in turn surpasses tgart. For
example, on TextVQA with QWEN2.5-VL-7B, tenq reaches 81.9%, Tean 81.7%,
and tsary 80.7%. This ranking is consistent with autoregressive decoding: later
tokens access longer contexts, so the final token’s attention maps better localize
task-relevant objects for CARVE’s masking.

Layer Selection Ablation. Table 2 reports the effect of layer selection on atten-
tion extraction. Across all models, [20,25] consistently achieves the best perfor-
mance while [10,15] ranks last. The general trend from best to worst is: [20,25],
[15,20], single layer 25, single layer 20, single layer 14, and [10,15], with occasional
ties among adjacent single-layer configurations. For instance, LLAVA-1.5-7B on
TextVQA gains +21.13% with [20,25], +17.99% with [15,20], but only +2.93%
with [10,15]. Multi-layer fusion captures complementary patterns while reducing
noise, consistent with the layer-wise entropy trend in Fig. 5: early layers perform
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Fig.7: Mask generation hyperparameter impact on TextVQA accuracy for QWEN
family, across top-p threshold and maximum keep regions K.

Table 4: Component ablation (accuracy %, QWEN2.5-VL-7B). Direct AZ(.Q) masking
omits contrastive normalization; in-attention modification replaces pixel-level masking
with direct attention weight manipulation.

Method TextVQA ChartQA ScienceQA
Vanilla 75.0 79.12 81.21
Direct A'“) masking 78.6. 4.50 79.92,1 01 82.304 1 .54
In-attention modification 7714250 79.56,4 0.56 82.104 1.10
CARVE (full) 82.0, 033 79.96, 1.06 82.50, 1.50

global scanning with high entropy, while deeper layers focus on task-relevant pat-
terns.

Sensitivity Analysis of Mask Generation. Fig. 7 reports accuracy on a 1,000-
instance TextVQA subset across varying p and K. Setting p € [0.2,0.6] with
K € {2,3} yields optimal performance by balancing noise suppression with
object preservation. Fig. 8 qualitatively confirms this: as 7 tightens, CARVE
progressively filters background noise, shifting focus to task-relevant cues and
correcting hallucinations.

Component Ablation Study. Table 4 evaluates CARVE’s core design choices us-
ing QWEN2.5-VL-7B. On TextVQA, direct A'? masking yields +4.80% while

1
CARVE achieves +9.33%, confirming that contrastive normalization effectively
suppresses Jyis(Z). In-attention modification produces the weakest gains, indi-
cating that pixel-level masking outperforms internal representation manipula-
tion. Even on high-baseline tasks such as ChartQA and ScienceQA, all variants
yield positive gains ranging from +0.56% to +1.59%, indicating that both con-

trastive normalization and pixel-level masking contribute.
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Contrastive Attention Map
Output: infuser o Output: infused 0 Output: infused Q

Fig. 8: Visualization of contrastive attention refinement in VQA. As the threshold 7
decreases from 0.6 to 0.1, CARVE progressively suppresses visual noise to isolate task-
relevant regions. Precise grounding corrects initial hallucinations (Red x) and yields
accurate answers (Green v').

Table 5: CARVE vs. external tools and ViCrop on TextVQA with LLAVA-1.5-7B:
accuracy (%) and inference latency per sample (s).

ViCrop

Method  Original SAM YOLO CLIP CARVE

rel-att grad-att pure-grad
Accuracy 47.80 49.42 48.84 48.55 55.17 56.06 51.67 58.2
Inf. Latency  0.17 3.33 035 1.07 1.16 0.89 2.36 1.34

Comparison with External Tools. As shown in Table 5, CARVE outperforms
all external tool-based approaches: SAM [12], YOLO [23], CLIP [22], and the
recent ViCrop [34] variants. External tools rely on generic segmentation algo-
rithms that are not conditioned on the input question. While ViCrop effectively
reduces visual noise through strategic cropping, it does not perform pixel-level
noise masking. In terms of latency, CARVE requires an inference latency' of
1.34 seconds, exceeding simpler approaches such as YOLO at 0.35 seconds but
remaining within practical deployment constraints.

Inference Overhead Analysis. Table 6 reports GPU time? and memory measure-
ments. CARVE’s GPU time ranges from 0.5 to 1.3 seconds per sample. Besides
the three autoregressive passes, overhead arises from attention extraction and
storage at each decoding step, connected component analysis for mask gener-
ation, and image cropping with resizing. The memory overhead is primarily

! Inference latency denotes end-to-end time from input to output, including all pro-
cessing steps such as image preprocessing, GPU computation, and post-processing.

2 GPU time measures pure GPU computation time, excluding image pre/post-
processing and data transfer.
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Table 6: GPU time (ms) and peak GPU memory (GB), averaged over 100 ChartQA
samples. CARVE GPU time includes general description inference, attention process-
ing, and enhanced inference.

Model ‘ Vanilla CARVE ‘ Vanilla Mem. CARVE Mem.
QWEN2.5-VL-3B 358 1,038 7.5 8.1
QWEN2.5-VL-7B 415 1,286 15.9 16.6
LLAVA-1.5-7B 149 506 13.6 15.2
LLAVA-1.5-13B 233 762 25.7 28.9

attributed to attention map storage during the first two passes, ranging from
+0.6 GB to +3.2 GB and scaling with model size. Early termination and atten-
tion caching strategies can further reduce this overhead.

Limitations. CARVE suppresses background to magnify spatially localized cues,
making it most effective for local fine-grained perception such as text recog-
nition and small-target identification. For tasks that hinge on global spatial
context—such as depth ordering or object-relationship reasoning—masking may
remove necessary contextual cues; in such cases CARVE gracefully degrades to
the vanilla model as p — 1.0. CARVE also requires three forward passes, trading
additional inference cost for accuracy.

6 Conclusion

In this work, we demonstrate that visual complexity correlates with attention en-
tropy, which in turn negatively impacts VLMs’ performance. Theoretically, under
a multiplicative decomposition assumption, we show that contrasting attention
maps between general and specific instructions approximately separates visual
signal into semantic and noise components. To this end, we propose CARVE,
a training-free method that exploits this decomposition to extract task-relevant
signal through attention contrasting and pixel-level masking, yielding consistent
gains across seven benchmarks.
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