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Abstract

LVLMs have achieved strong multimodal rea-
soning capabilities but remain prone to halluci-
nations, producing outputs inconsistent with
visual inputs or user instructions. Existing
training-free methods, including contrastive
decoding and auxiliary expert models, which
incur several times more computational over-
head and may introduce potential interference,
as well as static internal signal enhancement,
are often vulnerable to the attention sink phe-
nomenon. We find that internal Positive At-
tention Dynamics (PAD) in LVLMs naturally
reveal semantically core visual regions under
the distortions of attention sinks. Based on this,
we propose Positive Attention Dynamics En-
hancement (PADE), a training-free attention
intervention that constructs a PAD map to iden-
tify semantically core visual regions, applies
per-head Median Absolute Deviation Scaling
to adaptively control the intervention strength,
and leverages System-Token Compensation to
maintain attention to complex user instructions
and support long-term output consistency. Ex-
periments on multiple LVLMs and benchmarks
show that PADE improves visual grounding
and reduces hallucinations, validating the effec-
tiveness of leveraging internal attention dynam-
ics for reliable multimodal reasoning.

1 Introduction

Large Vision Language Models (LVLMs) have
achieved remarkable progress in multimodal rea-
soning and demonstrate strong performance across
a wide range of tasks (Liu et al., 2023; Achiam
et al., 2023; Bai et al., 2023). Despite these ad-
vances, LVLMs remain prone to hallucinations (Liu
etal., 2024b; Ji et al., 2023; Bi et al., 2025b), gener-
ating content inconsistent with visual inputs or user
instructions, which undermines their reliability, par-
ticularly in safety-critical applications such as med-
ical analysis (Sun et al., 2024a; Chen et al., 2024a;
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Figure 1: Comparison of hallucination mitigation
paradigms. (a) Contrastive decoding methods. (b) Aux-
iliary expert methods. (c) Static internal signal methods.
(d) Ours PADE: internal positive attention dynamics.

Hu et al., 2024b) and autonomous driving (Jiang
et al., 2024; Sun et al., 2025a; Shao et al., 2024).

Recent studies have shown that hallucinations
in LVLMs primarily arise from an over-reliance
on linguistic priors and insufficient utilization of
visual inputs (Bai et al., 2024; Ji et al., 2023; Liu
et al., 2024b; Bi et al., 2025a). To address this
issue, many inference-time intervention methods
have been proposed to enhance visual grounding
by amplifying vision-related signals, such as vi-
sual tokens, attention activations, or output log-
its. Existing strategies mainly fall into three types
(Figure 1): (1) contrastive decoding, which am-
plifies visual contributions by contrasting outputs
generated under different visual conditions (e.g.,
PAI (Liu et al., 2024d), IBD (Zhu et al., 2024),
VCD (Leng et al., 2024)). These methods require
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multiple forward passes and may introduce addi-
tional bias from the contrastive perturbed signal.
(2) auxiliary expert models, which leverage exter-
nal models to provide auxiliary cues or highlight
salient regions (e.g., HALC (Chen et al., 2024b),
AGLA (An et al., 2025)), at the cost of introduc-
ing external dependencies and potential semantic
misalignment with the target LVLM. and (3) inter-
nal static signals, which enhance vision-related
heads, layers, or tokens by selecting top-ranked el-
ements based on attention values or other heuristic
scores (e.g., VHR (He et al., 2025), VAF (Yin et al.,
2025)). Relying on static criteria such as top-k se-
lection or thresholding, these methods are highly
vulnerable to the attention sink phenomenon (Xiao
et al., 2023; Kang et al., 2025), where dominant
but semantically irrelevant sink tokens are repeat-
edly amplified, biasing attention away from truly
informative visual regions.

To address these limitations, we revisit a key
question: how can semantically core visual regions
be reliably identified and enhanced in the presence
of attention sink distortions, without relying on ex-
ternal models or inputs? Our key finding is that
positive attention dynamics across layers reveal se-
mantically core visual regions (Figure 2). Core re-
gions exhibit stronger positive inter-layer attention
changes, while irrelevant regions remain weakly
attended, and attention sinks show irregular fluctua-
tions. Leveraging these internal Positive Attention
Dynamics (PAD) allows us to reveal visual evi-
dence that emerges coherently through the model’s
internal understanding process, thereby enabling
more reliable identification of semantically core
visual regions without external auxiliary models.

Motivated by this observation, we propose Pos-
itive Attention Dynamics Enhancement (PADE),
a training-free attention intervention that selec-
tively reinforces semantically core visual regions
to improve visual grounding and mitigate halluci-
nations. PADE identifies core regions by leverag-
ing the model’s internal positive attention dynam-
ics and enhances them in the target layer, with-
out relying on external models or multiple forward
passes. Specifically, PADE constructs a Positive
Attention Dynamics (PAD) map from positive inter-
layer attention deltas to highlight semantically core
regions. To adaptively control the intervention
strength, PAD is scaled per attention head using the
Median Absolute Deviation (MAD), ensuring ro-
bustness to extreme values while preserving propor-
tionality to the underlying signal. Finally, we pro-

Q: What is the color of the apple?
A: The color of the apple is red.

Q: Please describe this image in detail.
A: ...The dog appears to be running
towards the water...

Static Mean Attention Positive Attention Dynamic Static Mean Attention Positive Attention Dynamic

Q: Is there a phone in the image?  A: No

Static Mean Attention  Positive Attention Dynamic

Q: Is there a cup in the image? A: No
¥ . 5

Static Mean Attention Positive Attention Dynamic

Figure 2: Static versus dynamic internal attention sig-
nals. Static mean attention is dominated by attention
sinks, while Positive Attention Dynamics (PAD) more
reliably highlight semantically core visual regions.

pose System-Token Compensation (STC), which
leverages system tokens with high attention ratios
but limited semantic relevance as a compensation
source, thereby preserving attention to complex
instructions and maintaining long-term generation.
In summary, our contributions are as follows:

* We demonstrate that internal Positive Atten-
tion Dynamics (PAD) provide a more reliable
signal for identifying semantically core visual
regions than static signal-based metrics, espe-
cially under the distortions of attention sinks.

* We propose Positive Attention Dynamics En-
hancement (PADE), a training-free attention
intervention that leverages PAD to identify
and selectively reinforce semantically core vi-
sual regions during inference.

» Extensive experiments on both hallucination-
focused and general-purpose benchmarks
show that PADE effectively improves visual
grounding and reduces hallucinations, while
preserving overall multimodal understanding.

2 Related Work

LVLMs. LVLMs (Dai et al., 2023; Liu et al., 2023;
Bai et al., 2023; Anthropic, 2024; Achiam et al.,
2023; Ye et al., 2024; Hu et al., 2024a; Liu et al.,
2024c; Chen et al., 2024c; Yang et al., 2025a; Tou-
vron et al., 2023; Chiang et al., 2023; Lu et al.,,
2024; DeepSeek-Al et al., 2025) achieve strong per-
formance across a wide range of vision-language
tasks (Jiang et al., 2024; Hu et al., 2024b; Xu et al.,
2026b; Zhu et al., 2023; Lyu et al., 2025b; Xu
et al., 2024, 2026a; Lin et al., 2024). Despite this
progress, hallucination remains a fundamental chal-
lenge for LVLMs (Lee et al., 2018; Gunjal et al.,
2024; Liu et al., 2024b; Woo et al., 2025).
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Figure 3: Attention analysis of LLaVA-1.5-7B (left) and 13B (right). Top: the attention ratio of different token types
(System, Vision, Instruction, Output). Bottom: heatmap visualizations of attention distributions, including (a) static
attention from uniformly sampled layers, (b) layer-averaged static attention, and (c) positive attention dynamics.

Hallucinations in LVLMs. Existing mitigation
approaches can be broadly categorized into two
classes (Yan et al., 2026; Gong et al., 2026;
Khaki et al., 2025; Khaki et al.; Yang et al.,
2026; Liu et al., 2026). Training-based meth-
ods aim to reduce hallucinations by strengthen-
ing modality alignment and robustness, typically
through improved data curation, alignment objec-
tives, retrieval-augmented generation, or reinforce-
ment learning (Liu et al., 2024a; Yu et al., 2024a,b;
Chen et al., 2025; QOuali et al., 2024). These
approaches require substantial computational re-
sources and retraining costs, limiting their practi-
cality and flexibility. Training-free methods in-
tervene directly in the decoding process by ma-
nipulating logits, attention, or hidden states, and
can be grouped into three categories (Yang et al.,
2025b; Zhang et al., 2024; Park et al., 2025; Kim
etal., 2024; Huo et al., 2024; Zhou et al., 2024; Lyu
et al., 2025a; Li et al., 2025; Zhang et al., 2025;
Huangyw et al., 2025; Huang et al., 2025; Tang
et al., 2025; Jiang et al., 2025b,a; Darcet et al.,
2024; Liu et al., 2025b,a; Wang et al., 2025, 2024a;
Xing et al., 2024; Jiang et al.). (1) Contrastive de-
coding contrasts outputs under different visual con-
ditions, such as PAI (Liu et al., 2024d), IBD (Zhu
et al., 2024), and VCD (Leng et al., 2024). These
methods require multiple forward passes and may
introduce bias from the contrastive perturbed signal.
(2) Auxiliary expert models leverage external mod-
els to provide auxiliary cues (e.g., HALC (Chen
et al., 2024b), AGLA (An et al., 2025), Wood-

pecker (Yin et al., 2023)), which over-rely on ex-
ternal models and may not be aligned with the
target LVLM. (3) Static internal signal methods
select and amplify vision-related heads, layers, or
tokens based on heuristic scores or internal signals
(e.g., VAR (Kang et al., 2025), VAF (Yin et al.,
2025), OPERA (Huang et al., 2023), MemVR (Zou
et al., 2025)). These methods are vulnerable to the
attention sink or massive activations (Sun et al.,
2024b; Kang et al., 2025), where semantically irrel-
evant but dominant tokens are repeatedly amplified.
Concurrent work GIFT (Qi et al., 2025) also lever-
ages attention variations, but it relies on part-of-
speech analysis to identify key words, which may
fail for generic prompts without explicit key objects
(e.g., “Please describe this image in detail’), and se-
lects specific visual heads for intervention. In con-
trast, PADE extracts semantic core regions directly
from the LVLM’s internal attention dynamics, uses
MAD to adaptively control intervention strength,
and employs STC to preserve both complex user
instruction and historical long-term outputs.

3 Analysis: Internal Attention Dynamics

In this section, we analyze the internal attention
behaviors of LVLMs to understand how attention
is distributed and evolves across layers during mul-
timodal understanding and reasoning. We system-
atically study different token types attention distri-
butions and visual attention evolution in LLaVA-
1.5 models at two scales (7B and 13B) , as shown
in Figure 3, with additional qualitative examples
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Figure 4: Overview of our PADE. PADE identifies semantically core visual regions via Positive Attention Dynamics
(PAD) and selectively enhances them in the target layer, with Median Absolute Deviation Scaling for adaptively
controlling the intervention strength and System-Token Compensation to preserve attention for understanding
complex instructions and ensuring consistent long-term generation.

provided in Section A under diverse visual contexts
and prompt variations.

3.1 Attention Sink Dominance in LVLMs

As shown in Figure 3, both LLaVA-1.5-7B and
13B exhibit a highly imbalanced attention distri-
bution, where a small set of tokens consistently
absorb a disproportionate amount of attention mass.
These tokens, commonly referred to as attention
sinks (Xiao et al., 2023; Kang et al., 2025; Sun
et al., 2024b), persist across layers despite limited
semantic relevance to the visual content.

3.2 Static Metrics Are Vulnerable to Sinks

Attention sinks manifest as isolated extreme acti-
vations with large magnitudes, absolute attention
maps become heavily skewed. Semantically irrele-
vant sink tokens are often assigned high attention
scores, while genuinely informative visual regions
are comparatively suppressed. This distortion fun-
damentally limits prior attention intervention meth-
ods (Yin et al., 2025; Wan et al., 2025) that rely
on internal static signals. Since sink tokens fre-
quently rank among the highest-attended elements,
they are repeatedly selected and further amplified,
biasing intervention toward spurious structures and
degrading visual grounding reliability.

3.3 Attention Dynamics Reveal Core Regions

As illustrated in Figure 3, we observe distinguish-
able attention dynamics among semantically core

regions, attention sinks, and irrelevant background
areas. Semantically meaningful regions exhibit
multiple instances of pronounced positive attention
changes across layers, even though their attention
may occasionally decrease. In contrast, most irrel-
evant regions maintain consistently low attention
with only minor fluctuations. Attention sink to-
kens can display large or sporadic spikes, but these
changes are irregular and do not align consistently
with semantic understanding and reasoning.
Motivated by these observations, we quantify
and highlight semantically core visual regions us-
ing Positive Attention Dynamics (PAD), computed
as the positive inter-layer attention deltas between
consecutive layers. Semantically core regions often
exhibit repeated substantial increases in attention,
which typically correspond to decreases in other
regions. By retaining only positive deltas and dif-
ferential formulation, PAD naturally suppresses
attention in less relevant areas, and inherently mit-
igates the influence of most attention sinks. As
a result, PAD provides a more reliable signal for
identifying semantically core visual regions than
static attention maps, by leveraging the model’s
internal attention evolution, without requiring ex-
ternal models or auxiliary cues (Figures 2 and 3).

4 Method: PADE

Building on our analysis, we propose Positive At-
tention Dynamics Enhancement (PADE), a training-
free attention intervention that selectively rein-
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forces semantically core visual regions to improve
visual grounding and mitigate hallucinations in
LVLMs. PADE identifies core regions by lever-
aging the model’s internal positive attention dy-
namics and enhances them in the target layer, with-
out relying on external models or multiple forward
passes. As illustrated in Figure 4, PADE consists
of three key steps: (1) extracting Positive Atten-
tion Dynamics (PAD) to identify semantically core
visual regions, (2) applying per-head Median Abso-
lute Deviation (MAD) scaling to adaptively control
intervention strength, and (3) introducing System-
Token Compensation (STC) to preserve attention to
complex instructions and long-term generation.

4.1 Positive Attention Dynamics

To enable effective attention intervention, we
first identify semantically core visual regions that
should be selectively reinforced. Following our
analysis in Section 3, such core visual regions tend
to receive positive attention increases as the model
refines its internal understanding, whereas irrele-
vant regions rarely exhibit small changes and atten-
tion sinks show irregular spikes. Motivated by this
observation, we extract Positive Attention Dynam-
ics (PAD), which aggregates positive inter-layer
attention deltas to reveal semantically core visual
regions. By retaining only positive deltas, PAD em-
phasizes regions whose importance increases dur-
ing reasoning, while naturally suppressing noisy
fluctuations and attention sinks.

Let A; denote the visual attention map at layer
l, averaged over all attention heads. The positive
inter-layer attention delta is defined as

l=2,...,L.

(1)
We aggregate these deltas across layers to obtain
the PAD:

ATA; =max(0, Aj — Ay_q),

L
1 E +

4.2 Per-Head MAD Scaling

The PAD is injected into attention logits rather
than post-softmax attention, preserving the inher-
ent properties of attention and avoiding an addi-
tional softmax operation. However, attention logits
often contain extreme outliers induced by sink to-
kens and operate at a much larger scale than PAD,
with significant variation across samples. Without
proper scaling, the same intervention coefficient A

can produce inconsistent perturbation magnitudes,
leading to poorly calibrated interventions.

We adaptively control the intervention strength
by scaling each attention head with the median
absolute deviation (MAD), which uses the median
instead of the mean to provide robust per-head,
per-sample calibration and reduce the influence of
extreme attention sink values.

Let Z;,, denote the visual attention logits of head
h at layef [. The MAD is computed as

MAD( }’h) = median(‘ZZh — median(Zﬁh)‘) ,
3)
and the PAD is scaled accordingly:

P, = MAD(Z},) - P. (4)
4.3 System-Token Compensation (STC)

After scaling PAD to match the magnitude of at-
tention logits, we inject it into the visual attention
logits of the target layer:

Zi < Zi, + )Py, (5)

where A controls the intervention strength.

Directly increasing visual attention will reduce
attention to user instructions or previously gener-
ated outputs, potentially impairing instruction fol-
lowing and output coherence for complex or long-
form tasks. Formally, attention is computed over
different token groups as

A = softmax([Z°, Z",Z", Z°]), (6)

where Z°, Z, Z', and Z° denote the logits of sys-
tem tokens, user instruction tokens, visual tokens,
and output tokens, respectively.

As shown in Figure 3, system tokens consistently
receive a large proportion of attention and remain
largely unrelated to the semantic content of user
instructions or visual inputs. Based on this obser-
vation, we introduce System-Token Compensation
(STC), which leverages the high-attention but se-
mantically irrelevant system tokens to compensate
for the increased visual attention, rather than af-
fecting instruction or history tokens. Specifically,
system-token logits are adjusted as

75— 75 — mean()\ : Pl,h) , %)

allowing selective enhancement of semantically
core visual regions while preserving attention to
user instructions and previously generated outputs.
The final attention weights are computed as

A= softmax([Zs, AN/ Zo]). ®)
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Table 1: Results on the POPE (Accuracy and F1). 1 indicates that higher is better. Best results are bolded.

LLaVA-1.5 InstructBLIP Qwen-VL LLaVA-1.5-13B LLaVA-Next
Setup Method

Accuracy T F11 Accuracy? F11 Accuracyt FI1 Accuracy?T F171T Accuracy? FI7

Vanilla 84.63 84.99 83.33 83.57 85.17 83.00 83.27 84.27 84.23 82.14

VCD 84.57 85.02 84.60 84.49 84.69 8291 83.47 84.52 83.48 81.36

Random  PAI 85.12 85.64 83.82 83.98 85.63 83.74 84.06 84.98 83.76 81.52

VAF 85.64 85.82 85.12 85.28 85.93 84.08 84.32 85.28 84.84 82.64

VAR 86.12 86.56 85.62 85.71 86.54 84.66 84.82 85.76 85.12 83.26

PADE (ours) 86.96 87.42 86.52 86.82 87.14 85.68 86.08 87.16 86.24 84.74

Vanilla 81.33 82.33 76.00 77.94 84.50 82.50 80.57 82.19 82.33 80.44

VCD 81.57 83.02 76.68 77.82 84.37 82.46 80.96 82.47 82.46 80.68

Popular PAI 81.82 83.46 76.82 78.56 84.83 82.76 80.78 82.74 82.76 80.82

VAF 82.62 84.18 77.36 79.02 86.12 84.28 81.62 83.46 83.57 81.68

VAR 83.16 85.52 78.12 79.96 86.89 84.92 82.74 84.62 84.62 82.74

PADE (ours) 84.56 86.28 78.74 80.76 87.72 86.12 83.82 85.28 85.56 84.12

Vanilla 75.87 78.27 74.17 76.58 82.53 80.56 75.12 78.35 79.37 77.88

VCD 75.76 78.12 74.62 76.72 82.68 80.78 75.46 78.42 79.56 78.12

Adversarial PAI 76.12 78.53 74.82 76.96 82.83 80.82 75.72 78.64 79.68 78.14

VAF 76.72 79.14 75.48 77.73 83.52 81.38 76.63 79.12 80.23 78.74

VAR 77.43 80.16 76.22 78.16 83.96 81.82 77.52 79.46 80.92 79.56

PADE (ours) 78.47 81.12 77.26 79.13 85.12 83.08 78.62 80.62 81.08 80.92

Table 2: Results on CHAIR (Max Token 128). | denotes lower is better. — denotes unavailable results.
Method LLaVA-1.5 InstructBLIP Qwen-VL LLaVA-1.5-13B LLaVA-Next

CHAIRg | CHAIR;| CHAIRg| CHAIR;| CHAIRg] CHAIR;| CHAIRg| CHAIR;| CHAIRg| CHAIR;
Vanilla 55.1 16.4 57.4 17.6 52.1 16.7 50.4 14.7 30.2 10.9
VCD 54.4 16.6 60.7 18.0 50.4 17.2 49.6 14.3 29.8 10.6
M3ID 56.6 15.8 62.3 18.2 49.8 17.4 — — — —
‘Woodpecker 57.6 16.7 60.8 17.6 51.8 16.3 — — — —
HALC 51.0 14.8 53.8 15.7 49.6 15.4 — — — —
ONLY 49.8 14.3 52.2 15.5 48.0 14.3 48.9 13.6 28.6 9.7
AGLA 52.4 14.6 54.8 16.2 49.8 15.6 — — — —
OPERA 51.6 14.2 54.2 14.8 48.6 14.6 — — — —
PAI 53.1 15.1 54.2 15.6 49.1 15.6 49.4 14.1 29.4 10.4
VAF 50.1 14.2 534 15.1 48.7 14.4 48.6 13.4 28.4 9.6
VAR 49.6 14.1 52.3 14.7 48.4 139 48.2 13.2 28.2 9.2
PADE (ours) 48.6 13.7 51.8 14.2 47.8 134 47.3 12.6 27.8 8.9

5 Experiments

Benchmarks. To comprehensively evaluate
PADE, we conduct extensive experiments on
two categories of benchmarks: hallucination-
focused and general-purpose multimodal bench-
marks. The hallucination-focused benchmarks in-
clude POPE (Li et al., 2023) (binary hallucination
classification), CHAIR (Rohrbach et al., 2018) (ob-
ject hallucination in open-ended captioning), Hallu-
sionBench (Guan et al., 2024) (fine-grained visual
consistency), and AMBER (Wang et al., 2023) (vi-
sually grounded reasoning and generation). The
general-purpose benchmarks include VizWiz (Gu-
rari et al., 2018), MME (Fu et al., 2023), LLaVA-
Wild (Liu et al., 2023), and MM-Vet (Yu et al.,
2023), covering diverse tasks in visual understand-
ing, reasoning, and real-world multimodal scenar-
ios.

Evaluated LVLMs. We evaluate our PADE on sev-

eral representative open-source LVLMs, including
LLaVA-1.5 (Liu et al., 2023), InstructBLIP (Dai
et al., 2023), and Qwen-VL (Bai et al., 2023). We
additionally consider a larger scale variant, LLaVA-
1.5-13B, as well as the stronger and newer LLaVA-
NeXT (Liu et al., 2024c). Together, these models
cover diverse backbone architectures and model
scales, providing a comprehensive evaluation set-
ting. Following prior works (Leng et al., 2024; Wan
et al., 2025), we apply sampling-based decoding in
default. Unless otherwise specified, LLaVA-1.5 is
used as the default model.

Baselines. We compare PADE with various
training-free hallucination mitigation methods: (1)
contrastive decoding methods (VCD (Leng et al.,
2024), PAI (Liu et al., 2024d), M3ID (Favero et al.,
2024), ICD (Wang et al., 2024b), DoLLA (Chuang
et al., 2023)); (2) auxiliary expert model methods
(HALC (Chen et al., 2024b), AGLA (An et al.,

15219



Table 3: Results on multiple general vision language benchmarks. 1 indicates that higher is better.

VizWiz MME LLaVA-Wild MM-Vet
Methods
Accuracy 1 Perception T Cognition T Overall T  Average 1 Total 1

Vanilla 50.00 1508.97 355.71 1864.68 64.80 31.1
VCD 44.90 1515.01 357.86 1872.87 63.21 30.2
ICD 37.62 1306.91 287.86 1594.77 56.90 25.9
OPERA 50.76 1473.62 310.71 1784.34 64.31 32.0
INTER 48.77 1502.35 336.18 1838.53 61.70 30.9
V-ITI 51.72 1518.32 369.03 1887.35 65.44 31.7
PADE (ours) 52.08 1520.68 371.44 1892.12 65.92 324

Table 4: Results on the HallusionBench.

Table 6: Ablation results on the proposed components.

Methods ‘ fACCT qACCT easyAT hardA?T
Vanilla 17.9 8.13 36.0 36.7
VCD 13.9 11.4 33.0 34.7
ICD 13.9 8.35 36.9 335
OPERA 16.2 5.49 37.6 354
INTER 15.8 8.21 36.9 34.5
V-ITI 17.9 10.27 36.6 37.0
PADE (ours) 18.1 11.56 379 374

Table 5: Results on AMBER Generative Subset.

Method CHAIR () Cover (1) Hall(]) Cog()
Vanilla 7.8 51.0 36.4 4.2
VCD 7.5 50.8 36.2 4.1
OPERA 73 49.6 32.0 35
DoLA 7.6 51.6 36.0 4.0
PAI 7.4 49.9 332 3.7
PADE (ours) 7.1 51.8 314 34

2025), Woodpecker (Yin et al., 2023), V-ITI (Sun
et al., 2025b)); and (3) static internal signal meth-
ods (OPERA (Huang et al., 2023), VAF (Yin et al.,
2025), INTER (Dong et al., 2025), ONLY (Wan
et al., 2025), VAR (Kang et al., 2025)).

Implementation Details. All experiments are con-
ducted on a single NVIDIA RTX A6000 GPU
(48GB). Unless otherwise specified, PADE is ap-
plied to the final layer with an intervention strength
of A = 0.1. PADE introduces negligible compu-
tational and memory overhead. The method main-
tains only a single additional attention map and re-
lies on lightweight operations, including inter-layer
differencing and MAD scaling. It requires nei-
ther auxiliary models nor multiple forward passes,
achieving inference speed comparable to vanilla
decoding while improving visual grounding and
mitigating hallucinations.

Model Components CHAIRs | CHAIR; |
PADE 48.6 13.7
LLaVA-1.5-7B w/o MAD 54.9 16.3
w/o STC 49.2 14.0
PADE 47.9 12.8
LLaVA-1.5-13B w/o MAD 50.3 14.5
w/o STC 48.6 13.3
PADE 27.8 8.9
LLaVA-1.5-NeXT w/o MAD 30.1 10.7
w/o STC 28.3 9.2
PADE 47.3 12.6
Qwen-VL w/o MAD 51.8 16.5
w/o STC 48.1 13.7
PADE 51.8 14.2
InstructBLIP w/o MAD 57.2 17.3
w/o STC 522 14.5

5.1 Main Experimental Results

Results on Hallucination Benchmarks. As shown
in Tables 1, 2, 4 and 5, PADE consistently achieves
superior performance across different model archi-
tectures and scales on diverse comprehension and
generation hallucination benchmarks, demonstrat-
ing its effectiveness in mitigating hallucinations.
Compared with contrastive decoding methods (PAI,
VCD, IBD, ICD), which introduce perturbed vi-
sual inputs that may disrupt semantic alignment,
and auxiliary expert approaches (AGLA, HALC,
Woodpecker), which rely on external models or
conditions not necessarily aligned with the target
LVLM, PADE directly leverages the model’s inter-
nal positive attention dynamics to identify and rein-
force semantically core visual regions. In contrast
to static internal signal methods (VAF, OPERA,
VAR), which are either sensitive to attention sinks
or merely reallocate attention, PADE simultane-
ously enhances the global visual attention ratio
while emphasizing semantically core regions, lead-
ing to more effective hallucination mitigation.
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Results on General Benchmarks. As shown in Ta-
ble 3, many existing hallucination mitigation meth-
ods rely on contrastive decoding or auxiliary expert
models, which use perturbed images, instructions,
or external experts to guide outputs. While effec-
tive for hallucination reduction, these approaches
often compromise general multimodal understand-
ing and reasoning capabilities, as the interventions
are not naturally aligned with the LVLM’s inter-
nal reasoning. In contrast, PADE leverages the
LVLM’s own internal attention dynamics, selec-
tively reinforcing semantically core visual regions.
This allows it to reduce hallucinations while pre-
serving the model’s inherent broad visual reason-
ing and multimodal understanding, demonstrating
a more reliable attention intervention.

5.2 Ablation Studies

Effect of Proposed Components. We evaluate
the contribution of each component in PADE on
the CHAIR benchmark across multiple LVLMs.
Specifically, we consider two variants: (i) w/o MAD
and (ii) w/o STC. As shown in Table 6, removing ei-
ther component consistently degrades performance,
while the full PADE achieves the best results across
all models. Notably, removing MAD leads to a
substantial degradation in performance, as the raw
PAD signal is several orders of magnitude smaller
than the original attention logits. Without proper
scaling, the intervention becomes largely ineffec-
tive and the model behavior closely resembles the
vanilla baseline, underscoring the necessity of ro-
bust and adaptive scale calibration. These results
confirm that MAD and STC play roles in ensuring
PADE’s effectiveness and stability.

Intervention Layer. We study the impact of the
intervention layer using LLaVA-1.5 7b and 13b
on the CHAIR benchmark. As shown in Fig-
ure 5, the effectiveness of PADE generally im-
proves when applied to later layers, with the best
performance achieved at the final layer. This trend
can be attributed to the evolution of visual atten-
tion across layers: the model typically attends to
semantically core visual regions in intermediate
layers, while attention becomes more diffuse and
spreads to less relevant regions in later layers. Al-
though the overall visual attention ratio is already
high at the final layer, it is often dominated by
non-core regions. Injecting PADE at this stage ef-
fectively re-emphasizes semantically core regions
while suppressing dispersed attention, leading to
the most pronounced improvement. Moreover, the
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Figure 5: Ablation results on the intervention layer and
strength A of LLaVA-1.5-7B (top) and 13B (bottom).

final layer naturally allocates less attention to sys-
tem tokens and more to visual tokens and historical
outputs, making them more receptive to targeted
visual enhancement.

Intervention Strength \. We study the effect of
the intervention strength A on LLaVA-1.5 7b and
13b using the CHAIR benchmark. As shown in
Figure 5, PADE achieves better performance with
relatively small values of A (e.g., 0.1 and 0.3), with
A=0.1 performing best overall. Moderate inter-
vention strengths effectively enhance semantically
core visual regions while preserving the original
attention distribution, whereas excessively large
A introduces overly strong interventions and per-
turbations that deviate from the model’s learned
attention dynamics and degrade performance.

6 Conclusion

In this paper, we investigate the role of internal pos-
itive attention dynamics in LVLMs and show that
they can reveal semantically core visual regions un-
der attention sink distortions. Based on this finding,
we propose Positive Attention Dynamics Enhance-
ment (PADE), a lightweight, training-free interven-
tion that constructs a PAD map to identify core vi-
sual regions, applies per-head Median Absolute De-
viation (MAD) scaling to adaptively adjust the in-
tervention strength, and leverages a System-Token
Compensation (STC) module to maintain attention
to complex user instructions and support long-term
output consistency. Extensive experiments demon-
strate that PADE improves visual grounding and
reduces hallucinations, validating the effectiveness
of exploiting internal signal dynamics.
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7 Limitations

PADE emphasizes internal dynamic signals rather
than static magnitude-based criteria, leveraging the
evolution of attention across layers to identify se-
mantically core regions. While our analysis demon-
strates the effectiveness of attention dynamics for
inference-time intervention, the current study fo-
cuses exclusively on attention-based mechanisms.
Other internal representations, such as the dynam-
ics of hidden states, activation patterns in feed-
forward networks, or variations in output logits
during decoding, are not explored. These com-
ponents may also encode complementary signals
related to semantic grounding and hallucination be-
havior. Extending the dynamic analysis framework
beyond attention to encompass a broader range of
internal model signals remains an important direc-
tion for future work.
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A Additional Qualitative Examples

We present additional qualitative examples in Fig-
ures 6 to 10 to illustrate how Positive Attention
Dynamics (PAD) reveal semantically core visual
regions under diverse and challenging conditions.
These examples cover direction hallucinations in
open-ended long-term generation, object existence
hallucinations, atypical or counterintuitive attribute
reasoning (e.g., color), as well as small-object and
occlusion scenarios across different user prompts.

Across all cases, a common attention pattern
emerges in LVLMs: while the model may initially
attend to relevant regions in early or intermediate
layers, attention progressively diffuses in later lay-
ers and becomes dominated by semantically irrele-
vant sink tokens, which often maintain abnormally
high activations across layers. This behavior under-
scores the unreliability of static attention maps for
identifying core visual regions.

Unlike static attention, which is often skewed by
attention sinks and fails to highlight small or oc-
cluded objects (e.g., Figures 7 and 8), PAD captures
positive inter-layer attention deltas that reliably re-
flect semantically core regions. By applying PADE
at later layers, the model selectively re-emphasizes
these core regions (see Figures 6, 9 and 10), thereby
improving visual grounding and mitigating halluci-
nations in multimodal understanding.

Together, these examples demonstrate that PAD
highlights semantically core visual regions across
varying object scales, scene complexities, and user
instructions. In contrast, static attention is often
dominated by attention sinks, particularly in later
layers, which can obscure meaningful regions.
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Q: Please describe this image in detail.
A: ...The dog appears to be running towards the water...

Layer 1 Layer 9 Layer 17
.l
|

(a) Static Layer Attention

(b) Static Mean Attention

Layer 25

(c) Positive Attention Dynamic

Figure 6: Direction hallucination in open-ended long-term generation. Although the model attends to the dog
throughout generation, it incorrectly describes the running direction as towards the water, while the dog is in
fact moving away from it. A substantial portion of attention is absorbed by several semantically irrelevant sink
tokens, especially in later layers, diluting the focus on the dog region. Positive Attention Dynamics (PAD) captures
consistent attention changes concentrated around the dog region across layers. When applied at later layers, PADE
selectively reinforces this core region after attention diffusion, correcting the directional hallucination.

La|er 32

(c) Positive Attention Dynamic

Q: Is there a cup in the image?
A: No.

Layer 1 Layer 9 Layer 17 Layer 25

(a) Static Layer Attention

(b) Static Mean Attention

Figure 7: Object existence hallucination in a cluttered scene. The image contains multiple objects, including several
cups and a visually dominant bottle. Due to the presence of multiple salient objects, visual attention becomes
fragmented, and smaller target objects such as the cups receive substantially less attention than the large bottle.
Although both the cups and the bottle are attended to at intermediate layers, attention gradually diffuses away from
semantically relevant regions, and sink tokens increasingly dominate the final-layer attention map, causing the cup
regions to become inconspicuous. PAD captures the transient attention concentration on the cup regions before
diffusion occurs, enabling PADE to re-emphasize these small but semantically critical regions in later layers and
correctly recognize the existence of cups, thereby mitigating the hallucinated judgment.
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Q: Is there a phone in the image?
A: No.
Layer 1

Layer 9

La|er 17 La|er 25 La|er 32

(a) Static Layer Attention

(b) Static Mean Attention (c) Positive Attention Dynamic

Figure 8: Object existence hallucination for a small target. The phone occupies a relatively small visual region,
resulting in weak and sparse attention signals. In later layers, attention disperses from the phone region and becomes
highly imbalanced, with sink tokens dominating the distribution. Despite the absence of strong static attention, PAD

identifies consistent attention dynamics localized around the phone region. By reinforcing this region at later layers,
PADE restores visual grounding and alleviates the hallucination.

La|er 32
(a) Static Layer Attention

(b) Static Mean Attention (c) Positive Attention Dynamic

Q: Is there a bag in the image?
A: No.

Layer 1 Layer 9 Layer 17 Layer 25

Figure 9: Object existence hallucination under occlusion and prompt variation. The bag is partially occluded and
occupies a small visible area, leading to weak static attention signals. As attention diffuses in later layers, sink
tokens dominate the distribution, resulting in hallucinated responses. PAD captures coherent attention dynamics
around the hand and bag regions across layers and enables PADE to selectively enhance these regions in the target
layer. This figure shares the same image as Figure 8 but uses a different user instruction (bag vs. phone). Both
prompts exhibit similar sink-dominated attention patterns and hallucination behaviors, indicating that such failures
arise from intrinsic LVLM attention dynamics rather than prompt-specific artifacts. PADE consistently leverages
attention evolution to recover semantically core regions and mitigate hallucinations across prompts.
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(a) Old Output (b) Static Mean Attention (c) Positive Attention Dynamic (d) New Output

color - color
of . of
the the
apple apple
is is
red black

Figure 10: Comparison of static mean attention and positive attention dynamics during the generation of different
tokens. (a) Original model output. (b) Static mean attention. (c) Positive Attention Dynamics (PAD). (d) Output
after applying PADE, where semantically core regions are enhanced via PAD. Across all tokens, PAD more reliably
highlights semantically core visual regions than static attention. In particular, when generating tokens corresponding
to key objects (e.g., “apple”) and attributes (e.g., “red”), attention changes are most strongly concentrated on the
apple region. These results demonstrate that PAD effectively captures semantically relevant visual areas and validate
the effectiveness of PADE in reinforcing core visual regions for reliable multimodal understanding.
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B Details of Benchmarks

To comprehensively evaluate PADE, we conduct
experiments on two categories of benchmarks:
hallucination-focused and general-purpose mul-
timodal benchmarks. Following prior works (Liu
et al., 2023; Leng et al., 2024; Sun et al., 2025b),
we adopt standard evaluation protocols for each
benchmark to measure both hallucination mitiga-
tion and overall multimodal understanding perfor-
mance. Below, we provide a brief overview of each
benchmark and its corresponding evaluation focus.

B.1 Hallucination Benchmarks

We use the following benchmarks to evaluate the
visual hallucination performance:

¢ CHAIR (Rohrbach et al., 2018): CHAIR eval-
uates object hallucination in open-ended cap-
tioning and generation by comparing objects
mentioned in model outputs with ground-truth
objects present in the image. We report both
instance-level and sentence-level metrics:

|{hallucinated objects}|

CHAIR; = 9
I~ |{all mentioned objects}|’ ©
halluci i
CHAIRg = |{hallucinated cap‘tlons}\‘
|{generated captions}|
(10)

Here, CHAIR; measures the proportion of
hallucinated objects among all mentioned ob-
jects, while CHAIR g measures the fraction of
generated outputs that contain at least one hal-
lucinated object. Lower values indicate fewer
hallucinations.

* POPE (Li et al., 2023): POPE (Polling-based
Object Probing Evaluation) assesses object ex-
istence hallucination via binary (yes/no) ques-
tions. Queries are evenly split between exis-
tent and non-existent objects under random,
popular, and adversarial settings. We report
Accuracy, Precision, Recall, and F1 score,
where higher values indicate better object ex-
istence discrimination.

HallusionBench (Guan et al., 2024): Hallu-
sionBench evaluates fine-grained visual hal-
lucinations in open-ended multimodal re-
sponses. It reports question-level accuracy
(qACC) and full-response accuracy (fACC),
measuring whether answers are fully sup-
ported by visual evidence. In addition, easyA

and hardA separately evaluate performance on
visually simple and challenging cases, respec-
tively. Higher scores indicate better visual
grounding and hallucination robustness.

* AMBER (Wang et al., 2023): AMBER fo-
cuses on open-ended hallucinations in mul-
timodal reasoning and generation. It reports
multiple metrics, including CHAIR-style ob-
ject hallucination rates, Coverage (Cover),
and overall Hallucination rate. It further
distinguishes Cognitive Hallucination (Cog.),
which measures hallucinations arising from
incorrect reasoning rather than missing visual
evidence. Lower hallucination-related scores
indicate better performance.

B.2 General Benchmarks

To examine whether mitigating hallucinations
comes at the cost of general multimodal under-
standing, we further evaluate PADE on a suite
of general-purpose benchmarks, following prior
work (Liu et al., 2023; Sun et al., 2025b):

* VizWiz (Gurari et al., 2018): VizWiz is a vi-
sual question answering benchmark consist-
ing of images captured by blind or low-vision
users. The dataset contains diverse real-world
challenges such as poor lighting, blur, and
occlusion.

* MME (Fu et al., 2023): MME is a compre-
hensive evaluation benchmark for multimodal
large language models, covering both percep-
tion and reasoning abilities. It includes tasks
such as object existence, counting, spatial re-
lations, color recognition, and commonsense
reasoning.

* LLaVA-Bench (In-the-Wild) (Liu et al.,
2023): LLaVA-Wild consists of diverse real-
world images paired with open-ended ques-
tions spanning various domains. It is designed
to assess robustness and generalization under
unconstrained scenarios.

* MM-Vet (Yu et al., 2023): MM-Vet evaluates
a model’s ability to conduct visually grounded
conversations across multiple reasoning skills.
It covers tasks such as object recognition, spa-
tial reasoning, and commonsense inference.
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