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Abstract

Large vision language models (LVLMs) are
increasingly deployed in Web-scale applica-
tions—such as image search, social media cap-
tioning, and e-commerce product description
generation—where factual consistency is criti-
cal for user trust and content reliability. How-
ever, we observe that LVLMs frequently hallu-
cinate in these settings due to two relevant phe-
nomena: the massive activation phenomenon
and positional information decay. The former
refers to the tendency of attention mechanisms
to concentrate on a small set of tokens with
extreme activation values in query and key
projections, which play indispensable roles in
contextual understanding. In our investigation,
we discover that perturbing these tokens leads
to significant performance drops, highlighting
their utmost importance. As for positional
information decay, it occurs due to the com-
mon rotary position encoding strategy, where
the attention to early visual tokens diminishes
over time, especially in long-sequence genera-
tion tasks, such as image caption. To address
these challenges, we propose TokenTruth, a
token-level intervention strategy that dynami-
cally suppresses irrelevant visual tokens while
preserving key contextual signals. Our method
is grounded in an in-depth analysis of mas-
sive activations and attention sink behaviors,
and introduces a targeted token penalty mecha-
nism that reallocates attention more faithfully
toward informative visual regions. Extensive
experiments demonstrate that TokenTruth sig-
nificantly improves factual consistency across
various LVLMs on standard image understand-
ing benchmarks.

1 Introduction

Large vision language models(LVLMs) (Achiam
et al., 2023; Liu et al., 2024a; Bai et al., 2023;

† Corresponding author
∗ These authors contributed equally to this work

Figure 1: The deep vision attention in the model is dy-
namically allocated, alleviating the attention sink after
the TokenTruth intervention,

Bi et al., 2025a,b; Wang et al., 2025b; Jiang et al.,
2025b,a; Rong et al., 2025; Zhang et al., 2023; Peng
et al., 2025) have achieved remarkable progress in
various cross-modal tasks, particularly in the inte-
gration of text and image modalities. Despite these
advances, hallucinations within LVLMs remain a
significant challenge, especially in tasks such as
visual question answering (VQA) and image cap-
tioning.

Recent studies on attention sinks have provided
novel perspectives on understanding hallucinations.
The concept of attention sink as an information flow
is introduced in Label Words are Anchors (Wang
et al., 2023b), which demonstrates how informa-
tion flows in large language models (LLMs) fre-
quently converges on specific user tokens. Based
on this, OPERA (Huang et al., 2024), DOPRA
(Wei and Zhang, 2024), TAME (Tang et al., 2025a),
middle (Jiang et al., 2024b), EAH (Zhang et al.,
2024a),Farsight (Tang et al., 2025b) and others
(?Zhang et al., 2026a; Zhao et al., 2026; Zhang
et al., 2026b) investigate the relationship between
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the attention sink in different tokens in LVLM.
They discover that when a token consistently at-
tracts high attention weights across subsequent to-
kens, such an over-reliance can lead to hallucina-
tions in the model’s output. Although these studies
have explored the attention sink phenomenon for
various text tokens, the relationship between the
attention sink, image tokens, and hallucinations is
still unclear.

Background: Massive activation tokens are cru-
cial for contextual understanding.

In the continued exploration of attention sink
work, Jin (Jin et al., 2025) found that Rotary Po-
sition Embedding (RoPE) induces a strong con-
centration of maximum activation values in the
query (Q) and key (K) projections, with no such
pattern observed in the value (V) representations.
These extreme values in Q and K are essential
for contextual understanding, primarily influencing
the model’s ability to process information within
the current context window rather than relying on
stored knowledge from parameters. On tasks de-
manding contextual coherence, perturbing these
maxima results in severe performance drops, un-
derscoring their functional importance in attention-
based architectures.

Question: How does the attention-sink caused
by the maximum activation value of the image
token affect contextual understanding tasks such
as image caption?

As shown in Figure 2, to verify the role of the
maximum activation value in LVLM’s context un-
derstanding, we investigate the method of directly
intervening in the attention of the sink token, such
as vissink (Kang et al., 2025) that intervenes in the
token corresponding to the maximum activation
value. We notice that the vissink method can effec-
tively improve models on some QA datasets, such
as GQA and SQA, while reducing the performance
for long output datasets with contextual understand-
ing and output such as CHAIR. This can also be
validated from another aspect, where the anchor to-
ken corresponding to the attention sink plays a key
role in contextual understanding. Therefore, reallo-
cating attention to such anchor tokens directly will
damage the performance on image caption, etc.

This suggests that a more nuanced and dynamic

Figure 2: Comparing the results of Vissink (Kang et al.,
2025) with the baseline, we can find that it is effective
in short-answer QA questions such as GQA and SQA,
but the effect of long-answer description tasks such as
CHAIR is reduced, which shows that directly remov-
ing or averaging the vision attention sink will cause
contextual information loss.
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(b) CCA position modeling
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(d) Qwen position modeling
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Figure 3: Long-distance position information decay of
qwen2-vl and llava, (a) represents the long-distance
information attenuation problem in LLaVA, (b) (c) rep-
resent CCA-LLaVA (Xing et al., 2024a) and MCA-
LLaVA (Zhao et al., 2025) to alleviate the decay of
long-distance information flow by optimizing RoPE, (d)
represents the position decay of Qwen2-VL.

approach is needed to handle the distribution of
attention across vision tokens, rather than simply
focusing on predefined anchor tokens. Notably, we
observe a progressive attenuation of visual infor-
mation in Qwen2-VL and LLaVA1.5 (As shown
in Figure 3) .during long-sequence generation. We
refer to this as positional information decay, which
has also been mentioned in CCA-LLaVA (Xing
et al., 2024a), Farsight (Tang et al., 2025b), and
MCA-LLaVA (Zhao et al., 2025). This occurs be-
cause the attention mechanism tends to favor more
recent tokens, causing earlier visual tokens to lose
influence over time.

To this end, we introduce TokenTruth, which
consists of a token-level penalty and a head-level
enhancement. Token-level penalty adapts to the
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evolving context during decoding, ensuring that
critical information from both visual and textual
modalities is preserved and propagated effectively.
We designed the AliBi bias penalty to not only alle-
viate the sinking of visual attention, but also allevi-
ate the long-distance decay phenomenon. By incor-
porating this dynamic attention allocation strategy,
we effectively absorb and redistribute excessive at-
tention from low-informative or misleading tokens,
ensuring that key contextual signals are preserved
and propagated across the sequence. This strategy
is particularly beneficial in long-sequence genera-
tion tasks, where the challenge of maintaining co-
herence while retaining input information escalates
with increasing sequence length.

With extensive experiments, our method demon-
strates significant performance across several
LVLMs on image hallucination and generation
benchmarks, proving its effectiveness. Specifically,
our contributions can be summarized as follows:

• This paper reveals and demonstrates that the
massive value corresponding to the vision at-
tention sink token is crucial for understanding
contextual knowledge, and direct intervention
will destroy the ability of tasks such as the
image caption task.

• This paper proposes a two-stage attention al-
location strategy named TokenTruth, the first
stage intervenes in the propagation process
between token levels by optimizing the causal
mask, and the second stage intervenes in the
head-level attention to redistribute, thereby
enhancing the contextual reasoning ability.

• Through extensive experiments on multiple
benchmarks, we demonstrate the consistent
effectiveness of TokenTruth in improving vi-
sual grounding and reducing hallucination.

2 Related Work

2.1 Attention Sink and Information Flow
With the rapid development of LVLMs, extensive
research has been conducted to find inspiration for
model optimization by analyzing the internal mech-
anisms of the models. Among them, the informa-
tion flow (Wang et al., 2023b) provides an intuitive
method to understand the internal mechanisms of
the LVLM black-box models. Label Words (Wang
et al., 2023b) and ACT (Yu et al., 2024) are early
works that explore the mechanism of LLMs(Zhu

et al., 2023; Devlin et al., 2018; Touvron et al.,
2023) by observing information flow patterns. By
calculating saliency scores, it is possible to visual-
ize the information flow.

The label words introduce the information flow
(Wang et al., 2023b). The authors define the
saliency score as the product of the attention score
and the gradient. Tokens with significant aggre-
gation in saliency scores are identified as anchor
tokens.

OPERA (Huang et al., 2024) and DOPRA (Wei
and Zhang, 2024) identify that anchor output to-
kens can lead to hallucinated token generation and
try to penalize anchor tokens’ logits. Furthermore,
FastV (Chen et al., 2024b) addresses inefficien-
cies in attention calculations, particularly in deeper
layers of models like LLaVA-1.5, employing an
image token pruning strategy to accelerate infer-
ence without compromising performance. Zhang
(Zhang et al., 2024b,d, 2025b) uses Grad-CAM
and attention maps to visualize the interaction be-
tween images and text in complex reasoning tasks.
The EAH (Zhang et al., 2024a) indicates that most
hallucinations stem from the attention sink pattern
marked by images in the attention matrix. TAME
(Tang et al., 2025a) investigates the causes of hallu-
cinations by analyzing local self-attention patterns
of "anchor points" and defines the degree of at-
tentional localization as the probability of marker
propagation. Massive (Sun et al., 2024) highlights
that while there are approximately 40,000 activa-
tions per hidden state, only four are recognized.

Inspired by causal reasoning in decoding strate-
gies, Farsight (Tang et al., 2025b) proposes to use
causal masks to establish information propagation
between multimodal words.

2.2 Difference between TokenTruth and
Concurrent Work

Our approach differs from concurrent methods in
several key aspects:

(1)vs. Farsight: While Farsight uses static
causal masks, our Token Penalty provides dynamic,
context-aware redistribution

(2) vs. EAH: EAH replaces attention heads en-
tirely, while our Head Enhancement preserves orig-
inal semantics through controlled redistribution.

(3) vs. Vissink: Vissink redistributes attention
on BOS tokens, while we systematically handle
attention patterns at the image token level and at-
tention head level.
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Figure 4: Progressive attention sink formation and massive activation patterns across different layers. (a) Channel-
wise activation magnitude distribution, (b) Attention weight matrices showing sink formation, (c) Spatial attention
visualization highlighting problematic regions, baseline: LLaVA1.5-7B.

2.3 Strategies for Solving the LVLM
Hallucination Problem

The term "hallucination" (Zhang et al., 2024c,
2025c; Zhao et al., 2026; Zhang et al., 2026b; Gao
et al., 2025; Sarkar et al., 2024; Xiao et al., 2024;
Xing et al., 2024b; Ma et al., 2024; Gong et al.,
2024a; Chen et al., 2024a; Kim et al., 2024; Liu
et al., 2024b; Zhou et al., 2023; Zhai et al., 2023;
Wang et al., 2023a; Huang et al., 2023; Zhu et al.,
2024; Jiang et al., 2024a; Zhou et al., 2025; Bai
et al., 2025; Suo et al., 2025; Lymperaiou et al.,
2025; Wang et al., 2025a; Li et al., 2025c; Chen
et al., 2025b; Che et al., 2025; Chen et al., 2025a;
Tu et al., 2025; Mao et al., 2025; Duan et al., 2025;
Yin et al., 2025; Li et al., 2025d; Bae et al., 2025;
Li et al., 2025a; Xie et al., 2025; Zheng et al., 2024;
Kan et al., 2024; Zhao et al., 2024; Wang et al.,
2024a,c; He et al., 2024; Yang et al., 2024; Gu
et al., 2024; Neo and Chen, 2024; Li et al., 2025b,e;
Zhang et al., 2025a; Wu et al., 2025a; Liu et al.,
2024c; Zou et al., 2024; Gong et al., 2024b; Zhou
et al., 2024; Shang et al., 2024) refers to the fact
that multimodal models, when processing multi-
modal inputs, sometimes produce content that does
not correspond to the actual inputs or is even fic-
titious. Among them, RLHF is an approach that
relies on human feedback reinforcement learning
techniques, which manually evaluates and guides
model outputs, prompting the model to pay more
attention to factual basis and logical consistency.

3 Analysis and Motivation

Attention Entropy and Hallucination Correla-
tion. Let αℓ,h

i ∈ Rn denote the attention weights
for token i at layer ℓ and head h, where n is the se-
quence length. We define the attention distribution
entropy as:

Φ(αℓ,h
i ) = −

n∑

j=1

αℓ,h
i,j logα

ℓ,h
i,j . (1)

Based on empirical analysis in multiple LVLMs,
we establish that the hallucination probability Ph

for a given generation step exhibits an inverse rela-
tionship with attention entropy.

Ph ∝ exp(−βΦ(αℓ,h
i )), (2)

where β > 0 is a model-dependent scaling parame-
ter that characterizes the sensitivity of hallucination
to attention concentration.

Massive Activation Theorem. Building upon
the findings of (Jin et al., 2025), we prove that to-
kens with extreme activation values in query-key
projections are essential for contextual understand-
ing. Formally, let Mℓ,h = {j : |qℓ,hj · kℓ,hj | > τm}
denote the set of massive activation tokens at layer
ℓ and head h, where τm is a threshold.

Massive Activation Preservation. For any
context-dependent task, removing or significantly
perturbing tokens in Mℓ,h results in performance
degradation ∆P ≥ ϵ|Mℓ,h|, where ϵ > 0 is task-
dependent.
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Figure 5: The structure of Token Level Penalty.

This theorem explains why direct intervention
methods like VisSink (Kang et al., 2025) succeed
in short-answer tasks but fail in contextual under-
standing tasks such as image captioning.

Positional Information Decay Model. For
RoPE-based position encoding, we model the at-
tention decay to early visual tokens as:

αℓ,h
i,j = αℓ,h

i,j (0) · exp(−γ · |posi − posj |), (3)

where posi, posj are positional indices, γ > 0 is
the decay rate, and αℓ,h

i,j (0) is the initial attention
weight without positional bias.

Optimization Objective. Our two-stage ap-
proach aims to solve the constrained optimization
problem:

max
α̃

Φ(α̃ℓ,h
i ) (4)

s.t. ∥α̃ℓ,h
i −αℓ,h

i ∥Mℓ,h ≤ δ (5)
∑

j

α̃ℓ,h
i,j = 1, α̃ℓ,h

i,j ≥ 0 (6)

where α̃ℓ,h
i is the optimized attention distribution,

∥ · ∥Mℓ,h denotes the norm restricted to massive
activation tokens, and δ is a preservation constraint.
The first constraint ensures that massive activation
tokens retain their contextual importance, while the
optimization objective increases attention entropy
to reduce hallucination probability according to
Equation 2.

4 Methodology

Building on the above analysis, we propose To-
kenTruth, a two-stage attention optimization frame-
work (Figure 5): Token-Level Penalty mitigates
attention collapse while preserving critical massive
activations.

Listing 1 Implementation of the Token Penalty
function for attention computation.
def TokenPenalty(scores, Key, Value, seq_len,

sigma):↪→
# Step 1: Extract dimensions and build causal

mask↪→
K = key_states.size(-2)
C_full = torch.tril(torch.ones((K, K),

device=scores.device, dtype=scores.dtype),
diagonal=0)

↪→
↪→
C_mask =

C_full[-seq_len:].unsqueeze(0).unsqueeze(0)↪→
scores = scores * sigma * C_mask

# Step 2: Build token level penalty Alibi bias
idx_i = torch.arange(K - seq_len, K,

device=scores.device).unsqueeze(1)↪→
idx_j = torch.arange(K,

device=scores.device).unsqueeze(0)↪→
distance = (idx_j -

idx_i).clamp(min=0).to(scores.dtype)↪→

pool_score = -distance.unsqueeze(0) *
self.alibi_slopes↪→

scores = scores + pool_score.unsqueeze(0)

# Step 3: Softmax normalization with causal
masking↪→

attn_probs = torch.softmax(scores, dim=-1)
attn_probs = attn_probs * C_mask

# Step 4: Compute final output using values
attn_output = torch.matmul(attn_probs,

value_states)↪→

# Step 5: Final projection
bsz, num_heads, _, head_dim = attn_output.size()
attn_output = attn_output.transpose(1,

2).reshape(bsz, seq_len, num_heads *
head_dim)

↪→
↪→
attn_output = self.o_proj(attn_output)

return attn_output

4.1 Token Level Penalty
As shown in Figure 4, LVLMs like LLaVA
and Qwen2-VL exhibit attention collapse—over-
concentration on visual tokens due to RoPE-
induced extreme activations (Jin et al., 2025). This
harms visual grounding by violating the entropy
maximization objective (Eq. 6). To address both
issues, we introduce a token-level penalty mecha-
nism based on the ALiBi biasing strategy, which
dynamically penalizes distant and over-attended
tokens. Let the raw attention score matrix be:

A′ℓ,h
i,j = σ

(
QK⊤
√
Dk

)
, (7)

Global Decay Factor: We introduce a learn-
able parameter σ ∈ [0, 1] to scale the raw attention
scores before applying the positional bias. This
factor is optimized through ablation studies (Sec-
tion 5.4) and set to σ = 0.9 across all experiments,
balancing content relevance and positional informa-
tion. To enforce causal (autoregressive) attention,
we introduce a binary mask {C} ∈ {0, 1}L×L de-
fined by

Ci,j =

{
1, j ≤ i,

0, j > i,
(8)

where: Ci,j = 1 allows position i to attend to
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Table 1: Compare results of our method with other SOTA methods on POPE, CHAIR, and MME datasets.
The best performances within each setting are bolded, baseline: LLaVA-1.5-7B.

POPE CHAIR MMEMethod Venue F1↑ Acc↑ CS↓ CI↓ Recall length Exist.↑ Count↑ Pos.↑ Color↑ Total↑
Baseline - 79.3 76.6 51.0 15.2 75.2 102.2 175.67 124.67 114.00 151.00 565.34
Dola (Chuang et al., 2023) ICLR 2024 80.2 83.1 57.0 15.2 78.2 97.5 180.10 127.40 119.30 154.60 594.10
VCD (Leng et al., 2024) CVPR 2024 85.3 85.0 51.0 14.9 77.2 101.9 184.66 137.33 128.67 153.00 603.66
OPERA (Huang et al., 2024) CVPR 2024 84.2 85.2 47.0 14.6 78.5 95.3 180.67 133.33 111.67 123.33 549.00
DOPRA (Wei and Zhang, 2024) MM 2024 84.6 84.3 46.3 13.8 78.2 96.1 185.67 138.33 120.67 133.00 577.67
HALC (Chen et al., 2024c) ICML 2024 83.9 84.0 50.2 12.4 78.4 97.2 190.00 143.30 128.30 160.00 621.60
CCA-LLaVA (Xing et al., 2024a) NeurIPS 2024 86.4 86.5 43.0 11.5 80.4 96.6 190.00 148.33 128.33 153.00 641.66
RITUAL (Woo et al., 2024) Arxiv 2024 85.2 84.3 45.2 13.2 78.3 99.2 187.50 139.58 125.00 164.17 616.25
EAH (Zhang et al., 2024a) EMNLP 2025 85.7 86.0 36.4 9.9 74.9 97.7 190.00 108.33 145.00 160.66 603.99
SID (Huo et al., 2025) ICLR 2025 85.6 85.8 44.2 12.2 73.0 99.4 183.90 132.20 127.80 155.90 599.80
TAME (Tang et al., 2025a) ICLR 2025 85.4 85.7 41.3 12.2 74.4 98.8 193.00 137.33 139.00 164.67 634.00
Vissink (Kang et al., 2025) ICLR 2025 86.0 86.5 52.4 14.5 79.1 103.0 190.00 148.33 138.33 155.00 631.33
AGLA (An et al., 2024) CVPR 2025 84.6 85.5 43.0 14.1 78.9 98.8 195.00 153.89 129.44 161.67 640.00
Farsight(Tang et al., 2025b) CVPR 2025 - - 41.6 13.2 75.5 100.6 - - - - -
ONLY (Wan et al., 2025) ICCV 2025 85.5 85.1 49.8 14.3 75.9 99.7 191.67 145.55 136.66 161.66 635.55
MCA-LLaVA (Zhao et al., 2025) MM 2025 86.0 86.5 38.0 10.9 76.6 92.5 190.00 163.33 126.67 170.00 650.00
Reverse-VLM (Wu et al., 2025b) NeurIPS 2025 - - 35.3 9.3 75.2 70.4 - - - - -
TokenTruth(ours) - 86.6 86.3 38.0 11.7 75.2 98.2 195.00 156.66 126.66 175.00 653.33

position j (including itself and any past tokens),
Ci,j = 0 blocks attention to future tokens (j > i),
ensuring no peeking ahead. This mask is imple-
mented as a lower triangular matrix (via torch.tril)
and applied to the attention scores to enforce the
autoregressive property.

We construct a position-aware penalty matrix
Bh ∈ Rn×n that implements the distance decay
model from Equation 3:

Bh
i,j = −mh · |j − i|, (9)

where mh is the head-specific slope parameter.
The slope parameters follow a geometric progres-
sion to ensure balanced attention redistribution
across heads: for H heads, we compute the base
slope m = 2−8/H , then set mh = mh for h =
1, 2, ..., H . When the number of heads is not a
power of 2, additional slopes are computed through
interpolation to maintain optimal coverage.

The modified attention score matrix becomes:

W = Aℓ,h
i +Bh

i,j , (10)

inally, we obtain the optimized attention distribu-
tion that approximately solves Equation 6:

W̃ = Softmax(W) ∗Ci,j . (11)

This design increases attention entropy Φ(α̃ℓ,h
i )

while maintaining the constraints from our opti-
mization framework, thereby reducing hallucina-
tion probability according to Equation 2.

5 Experiments

5.1 Experimental Setups
Baselines. To demonstrate the broad applicability
of our method in LVLM architecture, we applied

and evaluated the latest models, including LLaVA-
1.5-7B (Liu et al., 2024a), Qwen2-VL-7B (Wang
et al., 2024b). This study used the following data
sets as evaluation sets, representing the expertise
in reducing hallucination and general fields.

Evaluation Benchmarks. We conduct evalu-
ations on image benchmarks. For image bench-
marks, we assess three categories: (1) Comprehen-
sive benchmarks (MMBench (Yuan et al., 2023),
LLaVAW (Liu et al., 2024a), MM-Vet (Yu et al.,
2023), MME (Yin et al., 2023); (2) General VQA
benchmarks (VizWiz (Gurari et al., 2018), Sci-
enceQA (Lu et al., 2022); (3) Hallucination bench-
marks (POPE(Li et al., 2023), CHAIR (Rohrbach
et al., 2018)).

5.2 Evaluation Results on Hallucination
Benchmarks

As shown in Table 1, the methods to mitigate
hallucinations can be broadly classified into four
groups. The first group, including OPERA (Huang
et al., 2024), DOPRA (Wei and Zhang, 2024),
DOLA(Chuang et al., 2023), VCD (Leng et al.,
2024), HALC (Chen et al., 2024c), (An et al.,
2024), RITUAL (Woo et al., 2024), AGLA (An
et al., 2024), SID (Huo et al., 2025), Only (Wan
et al., 2025), focuses on modifying the decoding
process to address hallucinations. The second
group, represented by LESS is more (Yue et al.,
2024), adjusts the logits of the end-of-sequence
(EOS) symbol to control its positioning, allow-
ing the model to terminate earlier, thus reducing
hallucinations. The third group, exemplified by
CCA-LLaVA (Xing et al., 2024a), MCA-LLaVA
(Zhao et al., 2025) and Reverse-VLM (Wu et al.,
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Table 2: Comparison of different LVLMs and TokenTruth across all image benchmarks. Notably, in the
Hallucination Benchmark, lower scores on CHAIRI and CHAIRS indicate better performance, while higher scores
are preferable for other metrics.

Comprehensive Benchmark General VQA Hallucination BenchmarkMethod
MMBench ↑ LLaVAW MM-Vet↑ VizWiz↑ SQA↑ CHAIRS ↓ CHAIRI ↓ POPE-R↑ POPE-F1↑ POPE-A↑

LLaVA-1.5-7B 64.3 72.5 30.5 48.5 65.5 48.0 13.9 87.0 85.4 84.0
+ICD 63.1 69.7 30.4 46.9 62.8 47.7 13.6 87.9 84.9 84.0
+VCD 63.9 70.9 29.5 43.4 63.3 46.8 13.2 87.0 85.3 85.0
+OPERA 64.4 72.0 31.4 50.0 64.9 45.2 12.7 88.8 84.2 85.2
+SID 65.0 73.4 31.2 50.9 67.8 44.2 14.0 89.4 85.6 85.8
+TAME 65.3 73.9 30.5 51.6 66.0 41.3 12.2 88.9 85.4 85.7
+Vissink 64.8 74.1 33.5 53.8 67.0 52.4 14.5 87.7 84.9 85.8
+TokenTruth 65.3 (+1.0) 74.8 (+2.3) 33.8 (+3.3) 54.3 (+5.8) 66.5 (+1.0) 39.4 (+8.6) 11.2 (+2.7) 90.6 (+3.6) 86.6 (+1.2) 86.3 (+2.3)
Qwen2-VL-7B 83.0 75.6 60.6 57.3 74.1 25.4 8.0 79.9 87.0 88.0
+TokenTruth 83.3 (+0.3) 76.8 (+1.2) 62.2 (+1.6) 58.8 (+1.5) 74.7 (+0.6) 23.6 (+1.8) 7.8 (+0.2) 80.3 (+0.4) 87.3 (+0.3) 88.2 (+0.2)
Qwen2.5-VL-7B 83.5 76.8 62.2 70.6 79.0 27.2 9.0 80.4 87.4 88.4
+TokenTruth 84.3 (+0.8) 77.9 (+1.1) 64.8 (+2.6) 71.3 (+0.7) 80.8 (+1.8) 23.0 (+4.2) 8.5 (+0.5) 80.9 (+0.5) 87.8 (+0.4) 88.7 (+0.3)

2025b), investigates the weakening of the infor-
mation flow between the visual and the instruc-
tion tokens caused by the long-term decay in rota-
tional position encoding (RoPE). To address this,
they proposed Concentric Causal Attention (CCA),
which reorganizes the positions of visual tokens
and corrects the causal mask to alleviate object
hallucinations. The fourth group includes EAH
(Zhang et al., 2024a), Vissink (Kang et al., 2025),
Farsight (Tang et al., 2025b)and ONLY (Wan et al.,
2025), which aim to enhance the truthfulness of
the model’s output during inference by adjusting
attention.

Among these methods, TokenTruth shows com-
petitive performance and achieves notable results.
TokenTruth achieves state-of-the-art (SOTA) per-
formance in POPE and certain VQA tasks that test
fine-grainedness, as evenly distributing visual atten-
tion to other tokens improves the model’s global at-
tention to the image. TokenTruth is second only to
EAH on descriptive datasets such as CHAIR. Com-
pared with EAH’s approach of directly replacing
the attention head, TokenTruth is more reasonable
because it does not change the internal represen-
tation of the model. Therefore, in terms of recall,
TokenTruth leads other methods and reaches 82.1.
These results show that TokenTruth effectively tar-
gets fine-grained object-related issues in the hallu-
cination dataset and achieves satisfactory results.

5.3 Evaluation Results of TokenTruth on
General Vision-Language Tasks and
Benchmarks

As demonstrated in Table 1, our proposed Token-
Truth method achieves significant and consistent

Table 3: Performance comparison of different models
with sigma augmentation on various benchmarks.

Model MMBench ↑ LLaVAW↑ MM-Vet ↑ VizWiz ↑ SQA ↑

LlaVA-1.5-7B 64.3 72.5 30.5 48.5 65.5
+σ-0.9 65.3 74.8 33.8 54.3 66.5
+σ-0.8 65.2 74.3 33.4 53.7 66.1
+σ-0.7 64.7 73.7 32.8 52.9 65.8

Qwen2-VL-7B 83.0 75.6 60.6 57.3 74.1
+σ-0.9 83.1 76.4 61.9 58.2 74.4
+σ-0.8 83.3 76.8 62.2 58.8 74.7
+σ-0.7 83.0 76.1 61.3 57.9 74.2

Qwen2.5-VL-7B 83.5 76.8 62.2 70.6 79.0
+σ-0.9 84.1 77.4 64.1 70.9 80.2
+σ-0.8 84.3 77.9 64.8 71.3 80.8
+σ-0.7 83.7 77 63.5 70.7 79.3

performance gains in all benchmark datasets com-
pared to the baseline model, LLaVA-1.5. In partic-
ular, MME evaluates fundamental perception ca-
pabilities, such as object existence, counting, and
attribute recognition (e.g., color and position).

The observed enhancements underscore Token-
Truth’s ability to strengthen general visual percep-
tion in large vision language models (LVLM) by
dynamically reallocating attention to critical visual
tokens. This not only mitigates visual attention
misalignment, but also fosters a more robust and ac-
curate multimodal understanding. Consistent gains
in diverse datasets further validate the versatility
and generalizability of TokenTruth.

Generalization Across VQA Benchmarks and
Models

In addition, TokenTruth delivers consistent per-
formance improvements across multiple visual
question-answering (VQA) benchmarks, demon-
strating its robustness in tasks requiring precise
visual feature localization and interpretation. This
aligns with the core mechanism of TokenTruth,
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This image shows a suburban street scene 

during sunrise or sunset, with warm golden 

light from the low sun. A yellow bus labeled 

"Villager" and displaying "all your ducks in a 

row" is central, with route number "V3" 

visible. To the left, a sidewalk with bare trees 

and a lamppost stands near a fence. 

On the right, a white building with chimneys 

and a "$5.99" sign is seen, alongside a 

parked red car. The road has clear lane 

markings and a double yellow line. The 

overall atmosphere is calm and serene.

LLaVA+TokenTruth

This image shows a busy urban street scene. 

A police officer in high-visibility gear 

gestures on the sidewalk, directing traffic 

lights managing an incident. Journalists with 

cameras and microphones gather behind him, 

suggesting a media event. A woman walks 

past, carrying a bag. Traffic lights are visible 

in the background. Brick buildings, street 

signs, and a parked yellow van complete the 

setting. The atmosphere is tense but 

controlled, indicating an organized public 

interaction or press briefing.

Visual token

+ Our

Output token

Output token

Visual token

+ Our

Output token

Output token

Figure 6: The case study of TokenTruth. It can seen that some of the original cases of object hallucination have
been mitigated by the TokenTruth, baseline: LLaVA-1.5-7B.

redirecting attention to semantically relevant visual
tokens, which are crucial to VQA accuracy.

To further verify the generalizability of Token-
Truth, we applied it to Qwen2-VL, another promi-
nent LVLM. As evidenced in Table 2, we observe
that Qwen2-VL also exhibits the phenomenon of
the attentional sink, which reinforces the broader
relevance of this issue. After integrating Token-
Truth, Qwen2-VL achieves measurable perfor-
mance gains, particularly in VQA tasks, confirming
that TokenTruth benefits extend beyond a single
model architecture.

5.4 Ablation Study of TokenTruth

As shown in Figure 6, token-level penalty signif-
icantly improves the model’s ability to recognize
visual content and generate coherent descriptions.
For example, while LLaVA-1.5 may hallucinate "a
man is standing on a clothesline," our TokenTruth
method correctly identifies the scene as "a man is
standing on a folding table," effectively reducing
initial errors.

This token-level correction supports more ac-
curate and semantically consistent follow-up de-
scriptions—like "he is ironing clothes" minimiz-
ing the risk of compounding hallucinations. The
refined attention mechanism enhances both object
recognition and the richness of activity descriptions
through better modeling of object interactions.

Additionally, head-level enhancement improves
contextual integration. For instance, generating

"which is attached to a yellow car, and he is ironing
clothes" shows stronger environmental grounding
than baseline models, indicating improved seman-
tic precision and contextual awareness in vision-
language generation.

5.5 Ablation Study on Global Decady σ

we have conducted a comprehensive ablation study
on the hyperparameter σ across multiple models
(LlaVA-1.5-7B, Qwen2-VL-7B, and Qwen2.5-VL-
7B) and key benchmarks. As shown in Table 3, we
evaluate σ ∈ {0.7, 0.8, 0.9} and observe consistent
trends:

These results confirm that σ = 0.9 or σ = 0.8
that LLaVA1.5/Qwen2-VL offer the optimal trade-
off between preserving content relevance and sup-
pressing hallucinatory tokens. We have added this
analysis to Section 4.3 to strengthen the empirical
justification of our design choice.

6 Conclusion

This work introduces TokenTruth, a novel strategy
that effectively reduces hallucinations in LVLMs by
dynamically adjusting attention to prioritize mean-
ingful visual content. By addressing key issues
like excessive activation tokens and positional in-
formation decay, the method enhances contextual
coherence and maintains fluent, relevant genera-
tion. Our method effectively reduces hallucina-
tions while maintaining fluency and relevance in
vision-language generation tasks.
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7 Limitation

While TokenTruth effectively mitigates hallucina-
tions caused by attention sinks and positional decay
in LVLMs, several limitations remain. Our token-
level penalty mechanism relies on identifying "crit-
ical" tokens via activation magnitudes in query/key
projections, which may not fully capture semantic
importance in all modalities or tasks—especially
when visual inputs are ambiguous or highly ab-
stract. Finally, while we evaluate on standard im-
age understanding benchmarks, real-world web-
scale applications involve more complex multi-
modal inputs (e.g., multi-image, video, or user-
contextualized prompts), where dynamic token sup-
pression may require adaptive thresholds or task-
aware scheduling—directions we leave for future
work.
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