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Abstract

Large Vision-Language Models (LVLMs) have
achieved remarkable progress in multimodal
tasks, yet their reliability is persistently under-
mined by hallucinations—generating text that
contradicts visual input. Recent studies often
attribute these errors to inadequate visual at-
tention. In this work, we analyze the attention
mechanisms via the logit lens, uncovering a
distinct anomaly we term Vocabulary Hijack-
ing. We discover that specific visual tokens,
defined as Inert Tokens, disproportionately at-
tract attention. Crucially, when their intermedi-
ate hidden states are projected into the vocabu-
lary space, they consistently decode to a fixed
set of unrelated words (termed Hijacking An-
chors) across layers, revealing a rigid semantic
collapse. Leveraging this semantic rigidity, we
propose Hijacking Anchor-Based Identifica-
tion (HABI), a robust strategy to accurately
localize these Inert Tokens. To quantify the im-
pact of this phenomenon, we introduce the Non-
Hijacked Visual Attention Ratio (NHAR),
a novel metric designed to identify attention
heads that remain resilient to hijacking and are
critical for factual accuracy. Building on these
insights, we propose Hijacking-Aware Visual
Attention Enhancement (HAVAE), a training-
free intervention that selectively strengthens the
focus of these identified heads on salient visual
content. Extensive experiments across multi-
ple benchmarks demonstrate that HAVAE sig-
nificantly mitigates hallucinations with no ad-
ditional computational overhead, while pre-
serving the model’s general capabilities. Our
code is publicly available at https://github.
com/lab-klc/HAVAE.

1 Introduction

Large Vision-Language Models (LVLMs), extend-
ing large language models (LLMs) to process vi-
sual inputs, represent a major advancement in ar-
tificial intelligence (Liu et al., 2023; Chen et al.,

# Corresponding author.

(b)   HAVAE Head Selection(a)  Average Head Selection

Figure 1: Attention maps for generating “phone”. (a)
The average of all heads exhibits the Vocabulary Hi-
jacking phenomenon, with focus scattered on the back-
ground. (b) In contrast, heads selected by HAVAE con-
centrate attention precisely on the target object.

2023; Zhu et al., 2023; Wang et al., 2024). Nev-
ertheless, LVLMs remain susceptible to hallucina-
tions (Sun et al., 2024; Zhou et al., 2024; Huang
et al., 2024; Bai et al., 2024), where generated text
fails to align with visual content. Such inconsis-
tencies undermine LVLM reliability in multimodal
tasks, limiting their practical deployment.

Substantial research on mitigating hallucinations
LVLMs has produced various intervention strate-
gies (Yu et al., 2024a; Leng et al., 2024; Chen et al.,
2024; Li et al., 2025). A critical consensus has
emerged: insufficient attention to visual tokens dur-
ing generation is a primary driver of hallucinations.
This insight has inspired numerous attention-based
methods (Jiang et al., 2025; Liu et al., 2024; Yang
et al., 2025). However, a fundamental question re-
mains unresolved: Which specific attention heads
are actually critical?

To demystify attention mechanisms, (Jiang et al.,
2025) applied Logit Lens to vision tokens, iden-
tifying a transition from Visual Information En-
richment to Semantic Refinement. Adopting this
framework, we define the Trace as the layer-wise
sequence of vocabulary words decoded from a to-
ken’s hidden states. Typically, a functional Trace
evolves from meaninglessness to rich semantics;
for instance, Token #395 in Figure 2 shifts from
nonsensical outputs to image-aligned concepts like
“phone” after layer 20.
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The image features a man sitting at a 
dining table, holding a cell phone in his 
hand. He appears to be looking at the 
phone while eating a meal. The table is 
set with various items, including a wine 
glass, a cup, a fork, a knife, and a bowl…
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Figure 2: Illustration of the Vocabulary Hijacking phenomenon in LLaVA-1.5 7B. (a) Attention heatmap for the
token “phone”, where several irrelevant background tokens capture excessive attention (highlighted in red boxes),
which we term Inert Tokens. (b) Logit lens analysis of the top-10 attended visual tokens and their neighbors. Inert
Tokens (red boxes) exhibit rigid non-semantic traces, contrasting sharply with target tokens (yellow boxes) that
evolve from meaningless words into image-aligned concepts.

Further investigating the top-attended tokens re-
veals a critical anomaly: LVLMs exhibit a ten-
dency to persistently allocate excessive atten-
tion to certain background image tokens, whose
Traces are dominated by a small set of fixed,
meaningless words. For example, in Figure 2, to-
kens #595 and #157 receive high attention despite
being irrelevant to the generated “phone”. Their
Traces remain monopolized by “kwiet”, failing to
exhibit the standard semantic evolution.

We term this phenomenon Vocabulary Hijack-
ing, wherein specific vision tokens, designated as
Inert Tokens, exhibit inertia across layers while
attracting substantial attention. To characterize this,
we introduce the Vocabulary Hijacking Score
(VHS). Statistical analysis reveals that the Traces
of Inert Tokens are dominated by a small subset of
words with anomalously high VHS (e.g., “kwiet”),
which we formally define as Hijacking Anchors.

Leveraging this finding, we propose Hijack-
ing Anchor-Based Identification (HABI). By
quantifying the proportion of a token’s Trace that
coincides with Hijacking Anchors, HABI effec-
tively localizes Inert Tokens. While Vocabulary
Hijacking superficially resembles the Visual At-
tention Sink (Kang et al., 2025), empirical results
demonstrate significant divergences (detailed in
Appendix C), confirming that our framework cap-
tures this anomalous attention phenomenon more
precisely and robustly.

Building upon this foundation, we investigate
the intrinsic link between Vocabulary Hijacking
and hallucinations. Statistical experiments reveal a

strong positive correlation: excessive attention to
Inert Tokens significantly increases the propensity
for hallucination. Motivated by this, we propose
Non-Hijacked Visual Attention Ratio (NHAR)
to identify critical heads focusing on salient vi-
sual information, and introduce Hijacking-Aware
Visual Attention Enhancement (HAVAE) to se-
lectively amplify them. As shown in Figure 1,
HAVAE-selected heads exhibit precise grounding
on target objects, contrasting sharply with the scat-
tered attention of generic heads.

Extensive experiments validate HAVAE’s superi-
ority: it achieves SOTA performance across hallu-
cination benchmarks with zero additional compu-
tational overhead, while fully preserving general
capabilities. This highlights an optimal balance
between performance and practical efficiency. Our
main contributions are summarized as follows:

• We unveil the novel mechanism of Vocabu-
lary Hijacking and propose HABI, which
reliably localizes Inert Tokens across various
LVLMs.

• We introduce HAVAE, a training-free in-
tervention that leverages our novel metric,
NHAR, to identify and selectively reinforce
the attention heads most critical for hallucina-
tion mitigation.

• Through extensive experimentation across
diverse architectures, we demonstrate that
HAVAE establishes a new SOTA in hallucina-
tion mitigation with zero computational over-
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head, while preserving general capabilities.

2 Related Work

Reducing Hallucinations in MLLMs. Mitigat-
ing hallucinations in MLLMs is primarily ad-
dressed through fine-tuning (Yu et al., 2024a,b)
or training-free inference interventions. Prominent
strategies include contrastive decoding (Leng et al.,
2024; Chen et al., 2024), activation steering (Li
et al., 2025), and attention intervention (Liu et al.,
2024; Jiang et al., 2025; Yang et al., 2025). While
attention-based methods are most relevant to our
work, they face a critical unresolved problem: de-
termining precisely which heads require inter-
vention. In the absence of a principled identifica-
tion mechanism, these approaches are often forced
to rely on heuristics. Our work bridges this gap
by proposing a precise metric to target the specific
heads essential for factual grounding.

Attention Sink in Language Models. The “At-
tention Sink” phenomenon, where vacuous tokens
monopolize attention, is established in LLMs (Xiao
et al., 2023) and recently extended to LVLMs as
Visual Attention Sinks (VAS) (Kang et al., 2025).
Along similar lines, works like AVISC (Woo et al.,
2025) have also investigated comparable attention
anomalies to mitigate hallucinations. However,
the underlying mechanisms of these phenomena
remain under-explored. We argue that our pro-
posed Vocabulary Hijacking offers a more precise
characterization of anomalous attention patterns in
LVLMs compared to the VAS framework.

3 Characterizing and Identifying
Vocabulary Hijacking

3.1 Preliminaries

Autoregressive Generation in LVLMs. Large
Vision-Language Models (LVLMs) generate re-
sponses autoregressively by modeling the condi-
tional probability of the next token. At each
timestep k, the model predicts token yk based on
the preceding context, which comprises a sequence
of image tokens Iv, a text prompt It, and previ-
ously generated tokens Io. These components are
concatenated to form a single input sequence I.
Attention Mechanism in LVLMs. The core com-
ponent enabling token interaction is Multi-Head
Attention (MHA). Following (Elhage et al., 2021),
at layer ℓ, the representation for a token xℓ−1

i

is updated by attending to all previous tokens

Xℓ−1
≤i = {xℓ−1

0 , . . . ,xℓ−1
i } as follows:

MHAℓ,h(xℓ−1
i ) =

∑

j≤i

Aℓ,h
i,j x

ℓ−1
j W ℓ,h

OV ,

Aℓ,h
i = softmax

(
1√
Dk

(xℓ−1
i W ℓ,h

Q )

· (Xℓ−1
≤i W ℓ,h

K )⊤
)
.

(1)

Here, W ℓ,h
Q ,W ℓ,h

K ∈ RD×Dk are the query and

key projection matrices, and W ℓ,h
OV ∈ RD×D is

the output-value projection matrix. The attention
weight Aℓ,h

i,j quantifies the contribution of token
xℓ−1
j to the updated representation of token xℓ−1

i .
Our analysis focuses on the cases where i ∈ Io and
j ∈ Iv, which correspond to the attention paid to
visual tokens during the generation process.
Logit Lens. To investigate the model’s internal
processing of visual information, we employ Logit
Lens (nostalgebraist, 2020; Jiang et al., 2025). It
projects an intermediate visual hidden state vℓ

i

directly onto the vocabulary distribution Σ by
applying the model’s final unembedding matrix,
WΣ ∈ R|Σ|×d:

p(Σ|vℓ
i ) = softmax(WΣ · vℓ

i ) ∈ R|Σ|, (2)

where pj(Σ|vℓ
i ) denotes the probability of the j-

th vocabulary token. We identify the token with
the highest probability from this distribution as the
semantic interpretation of the hidden state vℓ

i .

3.2 Setup for Exploratory Analysis
Following (Jiang et al., 2025), we conduct our
analysis on 500 random images from the COCO
2014 validation set (Lin et al., 2014), utilizing
LLaVA-1.5 (7B/13B), Shikra-7B, MiniGPT4-7B,
and Qwen2-VL-7B. Descriptions are generated via
greedy decoding with the prompt: “Please help
me describe the image in detail”. Let V denote the
collective set of vision tokens from these images.
We categorize generated objects into real (Oreal)
and hallucinated (Ohal) sets based on ground-truth
annotations of COCO.

3.3 Understanding Vocabulary Hijacking via
Logit Lens

Trace Analysis & Hijacking Score. For a vision
token vi ∈ V , we define its Trace, Tvi , as the
sequence of words decoded from its layer-wise

38460



(a) (b)

Figure 3: Empirical basis for the HABI method on LLaVA-1.5 7B. (a) The long-tailed distribution of Mean
Hijacking Scores, illustrating the identification of Hijacking Anchors via an IQR-based outlier threshold. (b) The
distinct bimodal distribution of the Hijacking Ratio for salient visual tokens (top 5% attention mass), demonstrating
the automatic isolation of Inert Tokens using Otsu’s method.

hidden states via Logit Lens. We identify Inert
Tokens as specific high-attention tokens that are
rigidly dominated by fixed, meaningless words. To
identify them, we designate the most frequent token
in Tvi as the Anchor (avi) and propose a composite
Hijacking Score based on three dimensions: (1)
Dominance (D): the proportion of the Anchor avi
within the Trace Tvi ; (2) Frequency (F): the log-
smoothed frequency of avi among all Anchors in V ;
and (3) Attention (A): the log-smoothed average
attention received by vi during the first 10 decoding
steps. The score is formulated as:

Shijack(vi) = D(vi) · F(vi) · A(vi). (3)

Defining Hijacking Anchors. We shift focus to
the vocabulary level Σ to identify systemic distrac-
tors. For a unique token w ∈ Σ, we compute its
Mean Hijacking Score, S̄(w), by averaging Shijack
across all vision tokens anchored to it:

S̄(w) =
1

|{v ∈ V | av = w}|
∑

v∈V,av=w

Shijack(v).

(4)
The distribution of S̄(w) exhibits a long-tailed pat-
tern (Figure 3 (a)). Using an outlier threshold
τs = Q3 + 1.5 · IQR, we formally define the set of
Hijacking Anchors, Ahijack, as:

Ahijack = {w ∈ Σ | S̄(w) > τs}. (5)

This set characterizes a systemic model property,
indicating that vision tokens whose Traces con-
tain these Anchors are significantly more prone to
hijacking the model’s attention. To further corrob-
orate the validity of the Hijacking Score and the ra-
tionality of the IQR thresholding, we present a sup-
plementary clustering analysis in Appendix G.1.

3.4 Hijacking Anchor-Based Identification

Leveraging the identified set Ahijack, we propose
Hijacking Anchor-Based Identification (HABI) to
detect Inert Tokens. We first define the Hijacking
Ratio (rhijack) to quantify the extent to which a
token’s Trace is dominated by Hijacking Anchors:

rhijack(vi) =
1

|Tvi |
∑

t∈Tvi

I(t ∈ Ahijack). (6)

To establish a robust decision boundary, we an-
alyze the distribution of rhijack. While the global
distribution is long-tailed, restricting analysis to
salient tokens (top 5% attention mass, given the
sparsity of visual attention) reveals a distinct bi-
modal structure (Figure 3 (b)). This bimodality
enables the use of Otsu’s method (Otsu, 1979) to
automatically derive an optimal separation thresh-
old τr. Accordingly, we formally define the set of
Inert Tokens, Iinert, as the subset of vision tokens
exceeding this threshold:

Iinert = {vi ∈ Iv | rhijack(vi) > τr}. (7)

This definition explicitly isolates the specific sub-
set of tokens responsible for hijacking the model’s
attention mechanism. The specific algorithmic pro-
cedure is detailed in Algorithm 1. Distributions
of Hijacking Scores and Hijacking Ratios for addi-
tional models are presented in Appendix B.1. Fur-
thermore, we investigate the spatial distribution
of Inert Tokens in Appendix B.3 and provide an
attention analysis in Appendix B.4.
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Figure 4: Statistical distributions of attention metrics. (a, b) present the distributions of the Hijacked Attention
Ratio (HAR) for LLaVA-1.5 7B and MiniGPT-4, respectively. (c, d) illustrate the Non-Hijacked Visual Attention
Ratio (NHAR) distributions for the same models.

4 From Vocabulary Hijacking to
Hallucination

4.1 Relationship with Visual Attention Sink

As discussed in Section 2, the Visual Attention Sink
(VAS) (Kang et al., 2025) is characterized by three
key features: persistent attention attraction, back-
ground localization, and negligible contribution.
While Vocabulary Hijacking shares these funda-
mental properties, we demonstrate in Appendix C
that our framework offers a significantly more pre-
cise mechanism for identifying and characterizing
these anomalous attention patterns.

4.2 Linking Vocabulary Hijacking to
Hallucination

Diagnostic Analysis using HAR. Acknowledg-
ing the functional specialization of attention
heads (Deiseroth et al., 2023; Zhang et al., 2024;
Ge et al., 2024; Zheng et al., 2024), we first focus
our analysis on the top-300 heads with the highest
total visual attention. We identify this subset as
the primary conduits for visual processing, serv-
ing as the basis to probe the hijack-hallucination
link. We introduce the Hijacked Attention Ratio
(HAR) to quantify severity of hijacking within this
critical visual stream:

HAR(ℓ,h) ≜
∑

v∈Iinert
A

(ℓ,h)
v

∑
v∈Iv A

(ℓ,h)
v

. (8)

Our results reveal a strong correlation: halluci-
nated tokens consistently exhibit higher HAR
(Figure 4 (a, b)), indicating that when these critical
visual heads are “hijacked,” the resulting loss of
grounding precipitates hallucinations.

From Diagnosis to Intervention: The NHAR
Metric. While HAR diagnoses distraction, se-
lecting effective heads requires a dual filter: en-
suring high visual intensity and low hijacking. To

identify heads that actively encode meaningful fea-
tures using a single standard, we propose the Non-
Hijacked Visual Attention Ratio (NHAR):

NHAR(ℓ,h)(yk) ≜
∑

v∈Iv\Iinert

A
(ℓ,h)
k,v . (9)

Unlike HAR, NHAR acts as a unified density met-
ric, directly measuring the global attention budget
allocated to valid visual content. Validating on the
top-450 NHAR-ranked heads reveals a stark con-
trast: Real Object Tokens correlate with high
NHAR, whereas Hallucinated Tokens cluster in
low-NHAR regions (Figure 4 (c, d)). This con-
firms NHAR as a robust discriminator for factual
grounding, justifying its role as our primary selec-
tion criterion. Additional statistics for other models
are provided in Appendix B.2.

5 Hijacking-Aware Visual Attention
Enhancement

Leveraging the NHAR metric defined in Sec-
tion 4.2, we propose Hijacking-Aware Visual At-
tention Enhancement (HAVAE). This training-
free framework operates in two stages to precisely
identify and reinforce the attention heads critical
for factual grounding, incurring zero additional
computational overhead.
Stage 1: Principled Head Selection. We first
operationalize the NHAR metric to curate a set of
critical heads. For each head (ℓ, h), we compute
a global stability score, NHAR, by averaging its
performance across the real-object tokens (Oreal)
defined in Section 3.2:

NHAR(ℓ,h)
=

1

|Oreal|
∑

yk∈Oreal

NHAR(ℓ,h)(yk).

(10)
The top-K heads ranked by NHAR constitute the
target setHtarget, representing the model’s primary
channels for reliable visual processing.
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Model Method CHAIR POPE POPE Chat

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑

LLaVA-1.5-7B

Greedy 48.2 14.2 76.4 84.8 85.5 85.5 83.4
PAI 23.8 6.2 76.8 85.9 86.0 85.5 83.4
Devils 27.2 7.0 76.1 85.5 85.8 87.6 86.9
VISTA 15.6 5.2 67.3 83.1 84.6 — —
HAVAE(Ours) 18.2−23.5% 3.8−38.7% 76.7 86.2+0.3% 86.3+0.3% 88.0+0.5% 87.0+0.1%

MiniGPT-4-7B

Greedy 28.2 8.8 73.7 76.8 76.6 77.7 76.9
PAI 22.6 7.6 72.9 74.7 76.3 79.1 78.8
Devils 21.9 7.9 71.5 72.3 75.9 79.4 78.7
VISTA 18.0 4.3 68.3 76.6 77.4 — —
HAVAE(Ours) 21.8−0.5% 6.9−9.2% 72.5 76.9+0.1% 77.6+0.3% 80.2+1.0% 80.2+1.8%

Shikra-7B

Greedy 56.8 14.8 75.4 81.0 81.7 76.4 78.3
PAI 36.1 9.8 75.4 81.3 81.1 76.5 77.5
Devils 26.2 9.3 73.0 80.5 80.4 75.7 77.7
VISTA 32.8 9.8 73.4 81.3 81.9 — —
HAVAE(Ours) 15.8−39.7% 5.0−46.2% 71.8 81.6+0.4% 82.1+0.2% 76.7+0.3% 78.6+0.4%

LLaVA-1.5-13B
Greedy 41.6 11.1 79.3 82.6 84.5 85.4 83.2
Devils 29.0 8.6 79.9 71.4 77.2 87.8 86.4
HAVAE(Ours) 21.8−24.8% 5.0−41.9% 79.8 82.5−0.1% 84.7+0.2% 87.9+0.1% 86.6+0.2%

Table 1: Performance of HAVAE(Ours) against baselines. Best results are in bold. Pink cells mark potentially
unreliable CHAIR scores. Superscripts show the % change vs. the best baseline (excluding unreliable scores).

Metric Method LLaVA MiniGPT-4 Shikra LLaVA
1.5-7B 7B 7B 1.5-13B

Perception
Vanilla 1472.5 731.9 962.0 1515.0
HAVAE (Ours) 1483.9 744.8 976.0 1528.9

Cognition
Vanilla 322.5 173.0 250.4 290.6
HAVAE (Ours) 327.9 183.9 272.5 295.4

Table 2: MME Benchmark results. Comparison be-
tween vanilla models and HAVAE (Ours) on Perception
and Cognition subsets.

Stage 2: Collective Attention Reinforcement.
During inference, we selectively intervene on
Htarget. To amplify their focus without introducing
external noise, we augment their attention weights
using the layer-wise mean attention magnitude:

A
(ℓ,h)
k,i ← A

(ℓ,h)
k,i +α

1

H

H∑

h′=1

∣∣∣A(ℓ,h′)
k,i

∣∣∣ , ∀vi ∈ Iv,

(11)
where α controls the enhancement strength. By
injecting this collective visual signal into the non-
hijacked heads, HAVAE effectively counteracts Vo-
cabulary Hijacking. The complete procedure is
summarized in Algorithm 2.

6 Experiments

6.1 Experimental Setup

Models. We evaluate our method on LLaVA-1.5
(7B, 13B) (Liu et al., 2023), Shikra (7B) (Chen
et al., 2023), MiniGPT-4 (7B) (Zhu et al., 2023),

Model Method CHAIR POPE MME

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑ All ↑

Qwen2-VL
Vanilla 27.6 8.8 79.2 89.1 88.1 2268.4
HAVAE 22.8 6.2 79.4 89.3 88.9 2290.2

Table 3: Performance comparison on Qwen2-VL across
CHAIR, POPE, and MME benchmarks.

and Qwen2-VL (7B) (Wang et al., 2024) to assess
its generalizability and scalability.
Evaluation Benchmarks. Following prior
work (Liu et al., 2024; Jiang et al., 2025), we eval-
uate our method on several hallucination bench-
marks. We use CHAIR (Rohrbach et al., 2018) for
captioning evaluation and POPE (Li et al., 2023)
for query-based object probing, along with its con-
versational variant, POPE-Chat. To assess out-of-
domain performance and fine-grained errors, we
also employ AMBER (Wang et al., 2023). Finally,
to investigate the impact on general capabilities,
we conduct evaluations on MME (Fu et al., 2023).
Further details are provided in Appendix E.1.
Baselines. We evaluate HAVAE against representa-
tive training-free hallucination mitigation strategies.
Our primary comparisons focus on attention-based
interventions, specifically PAI (Liu et al., 2024)
and Devils (Jiang et al., 2025), which are most rel-
evant to our approach. Additionally, we evaluate
against VISTA (Li et al., 2025), a leading method
for activation steering.
Implementation Details. We set the head count
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Figure 5: Ablation on hyperparameters α and K for LLaVA-1.5 7B. Red boxes highlight the parameter combinations
we used.

Model Selecting Strategy CHAIR POPE POPE Chat MME

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑ Per. ↑ Cog. ↑

LLaVA-1.5-7B
Max Attention 7.8 4.4 65.8 85.9 85.6 86.0 85.5 1399.0 277.0
HAVAE(Ours) 18.2 3.8 76.7 86.2 86.3 88.0 87.0 1483.9 327.9

Table 4: Comparison of head selection strategies on LLaVA-1.5 7B.

K = 300 for Qwen2-VL and K = 450 for all
other models. The enhancement strength α de-
faults to 0.1, but for long-context tasks (Captioning,
POPE-Chat), it is increased to 0.6 (LLaVA-1.5-7B,
MiniGPT-4, Qwen2-VL) or 0.7 (LLaVA-1.5-13B,
Shikra). We adopt greedy decoding as the default
strategy for our main experiments. Comprehen-
sive results using alternative decoding methods are
provided in Appendix F.1.

6.2 Main Results

Superior Performance and Generalization. As
detailed in Table 1, HAVAE demonstrates clear
superiority across all evaluated tasks. In stan-
dard settings, it excels in both long-form (CHAIR)
and short-form (POPE) generation, reducing the
CHAIRi score by 38.7% on LLaVA-1.5-7B and
46.2% on Shikra-7B relative to the strongest re-
liable baseline. Crucially, this effectiveness ex-
tends to scenarios beyond the calibration domain.
When applied to the AMBER benchmark—which
contains images distinct from the COCO source
used for head selection—HAVAE maintains signif-
icant gains (Table 14, see Appendix F.2). Further-
more, even in the absence of ground-truth annota-
tions for calibration (analyzed in Appendix G.2),
our method sustains high performance. These re-
sults confirm that HAVAE captures intrinsic, model-
specific anti-hallucination mechanisms rather than
overfitting to specific datasets or supervision sig-
nals.
Preserving General Capabilities. To verify that
HAVAE preserves fundamental capabilities, we
evaluate on the comprehensive MME benchmark.

As shown in Table 2, HAVAE consistently sur-
passes vanilla baselines across all tested architec-
tures. This suggests that by suppressing the atten-
tion noise of Inert Tokens, our method mitigates
hallucinations while maintaining—and often en-
hancing—general visual perception and reasoning.
Scalability and Architectural Generalization. To
assess the robustness of our approach, we extend
our evaluation to larger scales and advanced archi-
tectures. As shown in Table 1, HAVAE yields sig-
nificant improvements on LLaVA-1.5 13B, confirm-
ing its scalability. Furthermore, validation on the
advanced Qwen2-VL 7B (Table 3) demonstrates
consistent gains over baselines. These combined
results confirm that HAVAE effectively generalizes
across diverse model sizes and structural designs.

6.3 Ablation Studies and Analysis

Impact of Hyperparameters α and K. We in-
vestigate α ∈ [0.3, 0.8] and K ∈ [350, 550], ob-
serving that precise tuning is particularly critical
in long-context scenarios. Results on LLaVA-1.5
7B (Figure 5) reveal a trade-off: aggressive settings
effectively reduce hallucinations (lower CHAIR)
but degrade generation quality (lower F1). Conse-
quently, we select parameters to balance suppres-
sion with fluency. Additional ablations are pro-
vided in Appendix F.3.
Superiority of NHAR for Head Selection. We
demonstrate NHAR’s superiority by ablating its
core component: hijacking-awareness. As shown
in Table 4, selecting heads based only on total vi-
sual attention (Iinert = ∅) significantly lowers F1
scores across all benchmarks on LLaVA-1.5 7B.
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Please help me describe the image in detail.

LLaVA-1.5 7B

HAVAE (ours)

The image features a woman playing tennis on a clay court. She is in a ready position, 
holding a tennis racket and preparing to hit the ball. The woman is wearing a red shirt 
and appears focused on the game. The tennis ball is in the air, close to the woman, and 
she is poised to make contact with it. The scene captures the intensity and skill of the 
sport, as the woman is fully engaged in the game.

The woman is wearing a red shirt and a white hat while playing tennis on a clay court. 
She is holding a tennis racket and is in a ready position to hit the ball. The court is 
brown and the woman is in the middle of the court.

Figure 6: A case study demonstrates HAVAE correcting a baseline hallucination by redirecting the model’s focus
from irrelevant Inert tokens (as shown in the heatmap) back to the salient visual target.

CHAIR POPE

Num CHAIRs CHAIRi F1 Acc F1

10 18.8 3.7 76.5 86.1 86.2
100 18.8 3.7 76.5 85.9 86.1
300 18.6 4.8 76.9 85.9 86.1
500 18.2 3.7 76.7 86.1 86.2
1000 18.2 3.7 76.7 86.1 86.2

Table 5: Ablation study on the sample size for LLaVA-
1.5 7B.

This confirms high raw visual attention is a flawed
proxy for effective grounding, easily captured by
redundant Inert Tokens. NHAR’s crucial advantage
lies in filtering this noise, isolating heads that truly
focus on salient visual content.
Ablation on Sample Size. We performed an abla-
tion on the number of samples used for our analysis
in Section 3.2. As shown in Table 5, key perfor-
mance metrics across all benchmarks stabilize once
the sample size reaches 500. Therefore, we adopt
a sample size of 500 for all experiments, as this
provides a robust estimate of performance without
incurring unnecessary computational costs.
Effect of Penalizing Attention to Inert Tokens.
Positing that Inert Tokens are redundant, we hy-
pothesized that explicitly penalizing their atten-
tion might improve performance. We introduced
a penalty factor β, where β = 0 corresponds to
the standard HAVAE configuration. As β increases,
the suppression of attention on Inert Tokens pro-
gressively intensifies. However, results in Table 6
indicate that this strategy offers no benefit and is
in fact detrimental, causing notable performance
degradation on CHAIR. This observation, consis-
tent consistent with prior work (Gu et al., 2025),
confirms that suppressing attention to these tokens
impairs generation, thereby validating our design

CHAIR POPE

β CHAIRs CHAIRi F1 Acc F1

0.0 18.2 3.7 76.7 86.1 86.2
0.1 20.2 4.5 76.8 86.1 86.2
0.3 19.0 4.1 77.0 86.2 86.2
0.6 19.8 4.7 76.8 86.1 86.2
0.9 19.2 4.7 76.9 86.2 86.3

Table 6: Ablation on the sink token penalty factor β for
LLaVA-1.5 7B.

choice to employ positive attention reinforcement
rather than negative suppression.
Origins of Vocabulary Hijacking. We hypoth-
esize that this vocabulary hijacking is an artifact
deeply rooted in the initial vision-language align-
ment process. When we analyzed the base LLaVA-
1.5 model (which only underwent multimodal pre-
training without subsequent instruction tuning),
we observed that the vocabulary hijacking phe-
nomenon was significantly more severe. In this
early stage, almost all attention weights were mo-
nopolized by these Inert tokens. This suggests that
during pre-training, the model may learn a shortcut
to dump unaligned or redundant visual features into
specific vocabulary anchors.

6.4 Hyperparameter Sensitivity Analysis

To quantitatively evaluate the stability of our Hi-
jacking Anchor-Based Identification (HABI) met-
ric and the overall HAVAE method, we conduct
ablation studies by varying the identification thresh-
olds τr and τs. As shown in Table 7 and Table 8,
we scale the thresholds from 0.8× to 1.2× of our
empirically established optimal values (τ∗).

The experimental results clearly indicate that the
performance remains highly stable under these fluc-
tuations. This analysis confirms that the proposed
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CHAIR POPE

τr/τ
∗
r CHAIRs CHAIRi F1 Acc F1

0.8 18.5 4.3 76.9 86.3 86.2
0.9 18.0 4.0 76.9 86.1 86.4

1.0 (Ours) 18.2 3.8 76.7 86.2 86.3
1.1 17.9 3.9 76.8 86.1 86.3
1.2 18.3 4.1 76.6 86.2 86.3

Table 7: Sensitivity Analysis of τr. HAVAE exhibits
strong robustness to variations in the τr threshold.

method is robust and not overly sensitive to minor
variations in hyperparameter selection.

Due to space limitations, additional experimental
results and analyses are presented in Appendix G.

6.5 Case Study

A case study in Figure 6 (d) illustrates our method’s
effectiveness. While the baseline hallucinates that
“The tennis ball is in the air”, our method provides
a factually accurate description. The attention visu-
alizations reveal the mechanism behind this correc-
tion: the baseline, when generating “ball”, suffers
from severe Vocabulary Hijacking, where its at-
tention is captured by Inert Tokens and scattered
onto irrelevant background. In contrast, the heads
selected by HAVAE demonstrate a precise focus on
the target object when generating “racket”, thereby
preventing the hallucination. Additional case stud-
ies are presented in Appendix H.

7 Conclusion

This paper provides the first mechanistic analy-
sis of the Vocabulary Hijacking phenomenon in
LVLMs. We reveal a core property where spe-
cific visual tokens, termed Inert Tokens, hijack the
model’s attention and consistently decode to a fixed
set of Hijacking Anchors. This discovery forms
the foundation for our Hijacking Anchor-Based
Identification (HABI) method, which reliably lo-
calizes these Inert Tokens. Building on this, we
propose Hijacking-Aware Visual Attention En-
hancement (HAVAE), a training-free intervention
that leverages our Non-Hijacked Visual Attention
Ratio (NHAR) metric to identify hallucination-
critical heads and selectively strengthen their fo-
cus on salient visual content. Our experimental
results demonstrate that HAVAE significantly re-
duces hallucination with zero computational over-
head, while preserving the model’s general capabil-
ities. We believe our work contributes to a deeper,
mechanistic understanding of attention anomalies

CHAIR POPE

τs/τ
∗
s CHAIRs CHAIRi F1 Acc F1

0.8 18.6 4.5 76.6 86.2 86.3
0.9 17.8 3.9 76.8 86.3 86.2

1.0 (Ours) 18.2 3.8 76.7 86.2 86.3
1.1 18.1 4.1 77.0 86.3 86.2
1.2 18.4 4.2 76.9 86.1 86.3

Table 8: Sensitivity Analysis of τs. HAVAE exhibits
strong robustness to variations in the τs threshold.

and their causal link to hallucination, offering a new
direction for improving the reliability of LVLMs.
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Limitations

First, while this work uncovers the phenomenon
of Vocabulary Hijacking, its mechanistic origin
remains to be fully elucidated. Specifically, the pre-
cise training dynamics that precipitate this behavior
remain unclear. Moreover, understanding why a
distinct subset of semantically meaningless tokens
crystallize into Hijacking Anchors is a complex
question we leave for future investigation. Sec-
ond, constrained by computational resources, our
experimental validation is currently limited to mod-
els with sizes up to 13B parameters. Extending
this analysis to larger-scale foundational models
represents a vital direction for follow-up research.
Finally, exploring training-based strategies to miti-
gate Vocabulary Hijacking constitutes another criti-
cal avenue for future work.

Ethical Considerations

Our method, HAVAE, is a training-free interven-
tion validated on standard publicly available bench-
marks (e.g., COCO, POPE). We explicitly state that
the efficacy of our findings may be influenced by
the distribution of these evaluation datasets. Conse-
quently, the performance of our method on highly
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specialized domains or privacy-sensitive data re-
mains unverified. Thus, potential risks exist when
deploying HAVAE in high-stakes applications (e.g.,
medical or legal consultation). We strongly advise
users to exercise caution and maintain human over-
sight to verify the factual correctness of the model’s
responses, as the mitigation of hallucination does
not guarantee the complete elimination of errors.
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A The Use of Large Language Models

Throughout the preparation of this manuscript,
large language models were employed exclusively
for light stylistic refinement and the occasional
grammatical adjustment. Every conceptual in-
sight, analytical thread, and interpretive conclusion
emerged from the authors themselves; no algorith-
mic assistance was solicited for the framing, design,
or substance of the work, and full scientific respon-
sibility rests with the human contributors alone.

B More Statistical Results

B.1 Empirical Results for HABI on
Additional Models

This section validates the universality of our HABI
identification strategy across diverse architectures,
including MiniGPT-4, Shikra, LLaVA-1.5 13B,
and Qwen2-VL-7B. As visualized in Figure 7, all
models exhibit statistical behaviors consistent with
LLaVA-1.5 7B: a long-tailed distribution of Hi-
jacking Scores and a distinct bimodal distribution
of Hijacking Ratios among salient tokens. These
ubiquitous patterns confirm that the Vocabulary Hi-
jacking phenomenon is intrinsic to LVLMs, thereby
justifying the robustness of our statistical thresh-
olds for reliably isolating Inert Tokens.

We note specific adaptation details for distinct
architectures: due to the distribution characteristics
of Qwen2-VL-7B, we employed the third quartile
(Q3) as the threshold for identifying Hijacking An-
chors, rather than the standard Q3+1.5×IQR. Ad-
ditionally, for MiniGPT-4, given its limited visual
sequence length (only 32 tokens), we calculated
the Hijacking Ratio using the entire set of visual
tokens, bypassing the top 5% attention filtering.

B.2 NHAR and HAR Distributions on
Additional Models

Figure 8 (a) illustrates the HAR distributions for
LLaVA-1.5 7B and 13B, confirming that halluci-
nated tokens are consistently associated with ele-
vated HAR scores. By synthesizing these results
with those in the main text (Figure 4), we observe
the varying severity of Vocabulary Hijacking across
the tested models: Shikra exhibits the most pro-
nounced susceptibility, while LLaVA-1.5 7B shows
the mildest effect.

To substantiate this observation, we present a
visualization of Vocabulary Hijacking on Shikra in
Figure 9. The attention map reveals that a predom-
inant portion of the model’s focus is captured by
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(a)  MiniGPT4

(b)  Shikra

(c)  LLaVA-1.5 13B

(c)  Qwen2-VL-7B

Figure 7: Validation of the HABI identification strategy across diverse LVLM architectures. Consistent with
the findings on LLaVA-1.5 7B, all tested models exhibit the characteristic long-tailed distribution of Hijacking
Scores (enabling Hijacking Anchor identification) and the bimodal distribution of Hijacking Ratios (facilitating
Inert Token isolation). The figure displays results for: (a) MiniGPT-4, (b) Shikra, (c) LLaVA-1.5 13B, and (d)
Qwen2-VL-7B.
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Figure 8: Supporting analysis of metric distributions on additional models. (a) HAR distributions for Shikra and
LLaVA-1.5 13B. (b) NHAR distributions for the same models.

…In addition to the motorcycles and 
people, there are also two handbags
visible in the scene. One is placed near 
the right side of the image, and the 
other one is on the left side.

Please help me describe the 

image in detail.

244

216
235

205

221254

7

Figure 9: Visualization of Vocabulary Hijacking in Shikra. Following the visualization protocol established in
Figure 2, this figure demonstrates a significantly more severe hijacking phenomenon: the vast majority of the
model’s attention is captured by Inert Tokens. This visual evidence aligns with the elevated HAR scores observed
in Appendix B.2, explaining Shikra’s higher susceptibility to hallucinations.

Inert Tokens. This visual evidence corroborates
the statistical trend of higher HAR scores and sug-
gests a potential mechanism underlying Shikra’s
inferior performance relative to the LLaVA series.

Figure 8 (b) presents the NHAR distributions
for Shikra and LLaVA-1.5 13B. Aligning with our
primary findings, real object tokens yield markedly
higher NHAR scores compared to hallucinated to-
kens across these architectures. This consistent dis-
tinction further validates the robustness and gener-
alizability of NHAR as a reliable criterion for iden-
tifying hallucination-critical attention heads.

B.3 Positional Distribution of Inert Tokens
To further investigate the properties of Inert To-
kens, we analyze their positional distribution
within the visual sequence. As shown in Figure 10,
we present the statistical distribution of the rela-
tive indices (from 0 to 575) for Inert Tokens in
LLaVA-1.5 7B and 13B. The results reveal that
Inert Tokens tend to be highly concentrated in
specific index ranges, rather than being uniformly
distributed. This positional bias suggests that the

emergence of Vocabulary Hijacking may be in-
trinsically linked to the underlying dynamics of the
attention mechanism itself.

B.4 Quantifying the Attention Attraction of
Inert Tokens

To empirically validate whether the semantically
rigid tokens identified by our method (i.e., Inert
Tokens) indeed act as attention sinks, we analyze
their attention weight distributions in Figure 11.
We categorize visual tokens into Inert and Normal
groups, further classifying them based on attention
magnitude (defining “High Attention” as the top
5% percentile).

A striking disparity is observed: while Inert To-
kens constitute a minute fraction of the total se-
quence (≈ 1%), a staggering 75% of them fall into
the High Attention category. In contrast, the vast
majority of Normal Tokens exhibit low attention
weights. This disproportionate concentration con-
firms our core motivation: Inert Tokens are not
merely semantically empty; they are the primary
drivers of attention hijacking, actively draining the
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Figure 10: Positional distribution of Inert tokens for LLaVA-1.5 7B and 13B within the 576-token visual sequence.
The plots show that Inert tokens are not uniformly distributed, but are instead highly concentrated in specific index
ranges. This suggests that the Vocabulary Hijacking phenomenon may be intrinsically linked to the mechanics of
the attention mechanism.

High Attention
(Top 5%)

Low Attention
(Remaining 95%)

Inert Tokens

Normal Tokens

74.9%
(N=3,169)

25.1%
(N=1,062)

4.0%
(N=11,232)

96.0%
(N=272,537)

Figure 11: Conditional Probability of Attention Dis-
tribution. Although Inert Tokens (top row) constitute
only ∼ 1% of the total visual tokens, over 75% of them
are concentrated in the High Attention (Top 5%) region.
In contrast, Normal Tokens (bottom row) follow a stan-
dard distribution. This confirms the hijacking nature of
Inert Tokens, demonstrating their capacity to actively
capture the model’s focus.

model’s focus despite their scarcity.

C Comparison with Visual Attention Sink

In this section, we clarify the relationship between
Vocabulary Hijacking and the Visual Attention Sink
(VAS) phenomenon. While both share certain be-
havioral characteristics, we demonstrate that our
proposed method offers a more precise identifica-
tion of underlying attention anomalies compared
to the activation-based method (Kang et al., 2025).

C.1 Verification of General Characteristics

We first verify that the Inert Tokens identified by
HABI share the defining characteristics typically
associated with the Visual Attention Sink (VAS)
phenomenon: negligible functional contribution

and background localization.

Low Functional Contribution (Zero-Ablation
Study). To assess the functional importance of
these tokens, we conducted a zero-ablation exper-
iment on a subset of the POPE benchmark. As
shown in Figure 12 (a), masking out either the In-
ert Tokens (identified by HABI) or the VAS tokens
(identified by Massive Activation) has a negligible
impact on the F1 score. This outcome confirms that
both token categories correspond to information-
ally sparse regions that are functionally redundant
for the generation task.

Background Localization. We quantitatively an-
alyze the spatial distribution of these tokens relative
to semantic regions. By utilizing ground-truth seg-
mentation masks, we define the image background
as the complementary area to all annotated objects.
As visualized in Figure 12 (b), both Inert Tokens
and VAS tokens exhibit a significantly higher prob-
ability of residing in background regions compared
to a random baseline. This empirical evidence con-
firms that both token types are predominantly lo-
calized within the background.

C.2 Analysis of Critical Properties
While background localization and functional re-
dundancy are observable symptoms, we argue that
they are merely secondary characteristics. The
definitive feature of this phenomenon is Persis-
tent Attention Attraction—the capacity of spe-
cific tokens to consistently monopolize attention
across multiple generation steps, disregarding the
evolving context.

To quantitatively evaluate which identification
paradigm better captures this core anomaly, we
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Figure 12: Comparative analysis of attention anomaly identification methods. (a) Zero-Ablation Verification:
Changes in POPE F1 scores when masking out specific token sets (Massive Activation vs. HABI), used to quantify
the functional redundancy of the identified tokens. (b) Spatial Alignment: The proportion of tokens falling within
image background regions (defined by segmentation masks) across different selection methods (Random, Massive
Activation, HABI). (c) Identification Accuracy: Evaluation of the alignment with the behavioral ground truth
(Gpersist). The chart reports Precision, Recall, and F1 scores, measuring the capability of each method to retrieve
tokens that exhibit persistent attention patterns.

constructed a behavior-based ground truth and per-
formed a comparative analysis between our Hi-
jacking Anchor-Based Identification (HABI) and
the Massive Activation method used in prior
work (Kang et al., 2025).

Constructing the Behavioral Ground Truth.
Given the absence of explicit annotations for at-
tention anomalies, we establish a behavioral ap-
proximation of the ground truth. Strictly speaking,
this constructed set represents a subset of the
true ground truth. We hypothesize that a true
hijacking token must consistently attract high atten-
tion during the initial generation phase. For each
image, we define the Persistent Attention Set, de-
noted as Gpersist, by computing the intersection of
the top-K attended vision tokens across the first
T decoding steps. Formally, let St be the set of
indices for vision tokens with the top-K attention
weights at step t. The ground truth is defined as:

Gpersist =
T⋂

t=1

St. (12)

In our experiments, we set T = 5 and K = 10,
aiming to capture tokens that act as stable attention
sinks during the critical initial captioning phase.

Comparative Results. We evaluate two identifi-
cation methods against Gpersist:

1. Massive Activation (Baseline): Identifies to-
kens where specific dimensions of the hidden

states exhibit anomalously high activation val-
ues (Kang et al., 2025).

2. HABI (Ours): Identifies Inert Tokens us-
ing the proposed Hijacking Ratio thresholding
(rhijack > τr).

We calculate the Accuracy, Precision, Recall,
and F1-score of both methods in retrieving the to-
kens in Gpersist. As shown in Figure 12 (c), our
HABI method significantly outperforms the Mas-
sive Activation baseline across all evaluated met-
rics.

Crucially, to quantify the distinctness of the iden-
tified anomalies, we highlight that HABI achieves
a Unique Ratio of 42.93%, meaning that nearly
half of the Inert Tokens we identify are completely
overlooked by the activation-based baseline.

This substantial divergence suggests that acti-
vation magnitude is an insufficient proxy for
attention anomalies. While many sink tokens do
possess large activations, a substantial portion of
“hijackers” (which persistently attract attention) do
not exhibit massive norms but are accurately de-
tected by our HABI. Thus, HABI provides a more
robust and mechanically grounded identification of
the attention hijacking phenomenon.

Case Study: Failure of the Activation-based
Method. To illustrate the limitation of the base-
line, we revisit the example from Figure 2, where
the model generated the token “phone”. Among
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Figure 13: Visualization of hidden state distributions for five identified Inert Tokens at layer 5. The red vertical
lines indicate the specific dimensions (1415 and 2533) used by the Massive Activation baseline to detect anomalies.
Crucially, while some tokens exhibit the expected spikes, tokens 105 and 198 do not show massive activation
in the designated dimensions. This absence demonstrates why the activation-based method fails to detect these
potent hijackers, whereas our HABI method successfully identifies them.

the top-10 most attended visual tokens, five (in-
dices 5, 105, 157, 198, and 559) were identified
as clear persistent sinks. We visualize the layer-
5 hidden state distributions for these five tokens
in Figure 13, specifically highlighting the massive
activation dimensions Dsink = {1415, 2533} iden-
tified by (Kang et al., 2025). The visualization
reveals a critical discrepancy: while several tokens
exhibit the massive activation pattern, tokens 105
and 198 do not show massive activation in the
designated dimensions.

Consequently, the activation-based method fails
to identify these two potent attention hijackers. In
contrast, HABI successfully flags them due to their
rigid Traces, demonstrating superior sensitivity to
the phenomenon’s true nature.

D Comparison with Concurrent Work:
AVISC

Following our analysis distinguishing Vocabulary
Hijacking from the Visual Attention Sink (VAS)
phenomenon in Appendix C, we now clarify the
relationship between our method and a concurrent
work, AVISC (Woo et al., 2025). While both works
aim to mitigate LVLM hallucinations, our concept
of Vocabulary Hijacking (driven by Inert Tokens)
and AVISC’s Blind Tokens represent fundamentally
distinct phenomena. We elaborate on these differ-
ences from two primary perspectives: mechanistic
behavior and empirical performance.

Comparison Pair Jaccard Dist Unique Ratio

Inert Tokens vs. Attn Sink 0.5596 0.4291
Inert Tokens vs. Blind Tokens 0.8302 0.0926
Attn Sink vs. Blind Tokens 0.8852 0.2942

Table 9: Three-Way Set Divergence Analysis. A higher
Jaccard Distance indicates less overlap between the iden-
tified token sets.

D.1 Fundamental Mechanistic Differences

Beyond the divergence from VAS discussed previ-
ously, quantitative set analysis demonstrates that
AVISC’s Blind Tokens and our Inert Tokens cap-
ture entirely disjoint subsets of visual features.

Set Divergence. We expanded our set divergence
analysis to include Blind Tokens, measuring the
overlap between different token sets via Jaccard
Distance and Unique Ratio. As reported in Table 9,
the remarkably high Jaccard Distance (0.8302) be-
tween Inert Tokens and Blind Tokens confirms that
they represent highly distinct subsets. Furthermore,
the distance between VAS (Attn Sink) and Blind To-
kens is even higher (0.8852), indicating that Blind
Tokens are distinct from both Vocabulary Hijacking
and the attention sink phenomenon.

Background Distribution Discrepancy. In Ap-
pendix C, we empirically established that both Inert
Tokens and VAS tokens are predominantly local-
ized within the image background (approximately
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Token Type Total Count In Background BG Ratio (%)

Inert Tokens 16,438 12,972 78.91
Attn Sink 15,030 11,903 79.19
Blind Tokens 8,785 6,127 69.75
Random 20,000 13,798 68.99

Table 10: Background Distribution Analysis. Unlike
Inert Tokens and Attention Sinks, which show a strong
tendency to concentrate in the visual background, Blind
Tokens align closely with a random spatial distribution.

79% for both). In stark contrast, as detailed in
Table 10, the background ratio of Blind Tokens
(69.75%) is merely on par with that of randomly
sampled tokens (68.99%). Because Blind Tokens
are heuristically defined by simple attention-score
thresholding, they are prone to mistakenly select-
ing foreground semantic targets. Conversely, In-
ert Tokens represent a highly specific, mechanis-
tically driven semantic collapse firmly rooted in
non-semantic background regions.

D.2 Empirical Superiority and
Computational Efficiency

The precision of our mechanistic identification di-
rectly translates into performance and efficiency
gains. As shown in Table 11, our HAVAE method
consistently outperforms AVISC across standard
hallucination benchmarks, including POPE, MME,
and AMBER.

To ensure a rigorous and fair setup during our
evaluation, we set the maximum generation length
to 512 tokens for AVISC, which accounts for the
numerical differences compared to their original
reported results. Despite this standardized setting,
HAVAE consistently achieves higher Accuracy and
F1 scores.

Crucially, HAVAE maintains a significantly
lower computational footprint. Unlike AVISC,
which relies on contrastive decoding and thus
requires an additional forward pass, HAVAE is
a single-pass intervention that selectively rein-
forces attention heads. Consequently, our method
achieves superior hallucination mitigation while
consuming approximately half the inference com-
puting resources required by AVISC.

E Additional Experimental Setups

E.1 Detailed Benchmark and Evaluation
Metrics

CHAIR (Rohrbach et al., 2018). The Caption
Hallucination Assessment with Image Relevance

(CHAIR) metric quantifies hallucination in image
captions by comparing generated object mentions
against a pre-compiled set of ground-truth objects
for each image. An object is considered a hal-
lucination if it is mentioned in the caption but is
absent from this ground-truth set. It comprises
two scores: instance-level (CHAIRI) and sentence-
level (CHAIRS), calculated as follows:

CHAIRI =
|{hallucinated objects}|
|{all mentioned objects}| , (13)

CHAIRS =
|{captions with hallucinated objects}|

|{all captions}| .

(14)

Our evaluation is conducted on 500 randomly
sampled instances from the MSCOCO 2014 vali-
dation set. To specifically assess long-form genera-
tion, we adopt the setup from PAI(Liu et al., 2024)
and Devils(Jiang et al., 2025), generating descrip-
tions with a ‘max_new_tokens’ of 512 using the
prompt: “Please help me describe the image
in detail.”.

POPE (Li et al., 2023). The Polling-based Ob-
ject Probing Evaluation (POPE) is a benchmark
designed within the VQA paradigm to assess ob-
ject hallucination. It evaluates LVLMs by posing
binary questions about object presence, such as
“Is there a <object> in the image?”. The
questions are constructed using objects from three
distinct sampling strategies to test different aspects
of model knowledge: random (objects chosen ran-
domly from the dataset), popular (frequently occur-
ring objects), and adversarial (objects semantically
related to those present in the image). Experimen-
tal Setup. We evaluate on 500 images from the
COCO test set, with 6 questions per split for each
image, reporting both Accuracy and F1 scores. Fur-
thermore, following (Liu et al., 2024), to compre-
hensively examine performance in conversational
contexts, we extend the evaluation to include both
single-turn and multi-turn dialogues, a setup we
term POPE-Chat.

MME (Fu et al., 2023). The MME benchmark
is a comprehensive evaluation suite designed to
assess the diverse capabilities of LVLMs. It com-
prises 14 subtasks organized into two primary capa-
bility types: Perception (e.g., existence, counting,
position, color, OCR) and Cognition (e.g., com-
monsense reasoning, numerical calculation). The
benchmark employs a concise Yes/No question for-
mat to minimize instruction-following variance and
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Method POPE MME AMBER

Acc. ↑ F1 ↑ Per. ↑ Cog. ↑ CHAIR ↓ Acc. ↑ F1 ↑
AVISC 83.2 84.1 1379.3 321.4 12.6 70.7 75.2
HAVAE(Ours) 86.2 86.3 1483.8 327.9 3.6 78.6 82.7

Table 11: Comprehensive performance comparison between AVISC and our proposed HAVAE across standard
hallucination benchmarks.

Model Method CHAIR POPE POPE Chat

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑

LLaVA-1.5-7B

Beam Search 47.6 13.0 79.0 84.7 85.4 85.3 83.2
PAI 21.6 6.2 75.8 85.1 85.7 88.1 87.0
Devils 29.0 6.8 80.1 84.9 85.6 88.4 87.6
VISTA 9.8 5.7 54.3 83.1 84.6 — —
HAVAE(Ours) 20.0−7.4% 5.8−6.5% 78.7 86.0+1.1% 86.2+0.6% 88.1−0.3% 87.1−0.6%

MiniGPT-4-7B

Beam Search 29.0 8.9 72.9 76.9 76.9 77.9 78.0
PAI 23.0 7.5 72.8 75.5 76.9 78.5 78.6
Devils 20.2 6.9 71.9 67.2 74.3 79.3 79.5
VISTA 15.4 4.6 67.4 76.3 77.2 — —
HAVAE(Ours) 20.0−1.0% 6.6−4.3% 74.3 77.1+0.3% 78.1+1.2% 79.7+0.5% 80.4+1.1%

Shikra-7B

Beam Search 56.6 14.1 77.0 81.1 81.6 77.3 78.5
PAI 35.4 9.2 77.1 82.0 81.3 77.4 77.3
Devils 21.2 8.1 73.6 80.3 80.5 76.9 78.0
VISTA 31.4 10.7 74.4 81.3 82.1 — —
HAVAE(Ours) 15.0−29.2% 3.4−58.0% 72.2 81.7−0.4% 82.2+0.1% 77.5+0.1% 78.9+0.5%

Table 12: Performance of HAVAE against baselines using beam search decoding. Best results are in bold. Pink
cells mark potentially unreliable CHAIR scores. Superscripts show the % change vs. the best baseline.

facilitate quantitative analysis. We conduct eval-
uations on the full MME dataset. To provide a
holistic view of model performance, we report the
aggregate scores for the two overarching categories:
Perception and Cognition. This split evaluation
allows us to verify that our intervention maintains
robust performance across both fundamental visual
recognition and high-level reasoning tasks.

AMBER (Wang et al., 2023). AMBER is a com-
prehensive benchmark designed to evaluate mul-
tiple facets of hallucination, including object, at-
tribute, and relation errors, across both discrimina-
tive and generative tasks. While its discriminative
tasks are evaluated using standard metrics (e.g.,
Accuracy, F1 Score), its generative tasks employ
a suite of four specific metrics to assess the qual-
ity and faithfulness of model responses. Let Robj
be the set of objects mentioned in the model’s re-
sponse, Gobj be the set of ground-truth objects, and
Hobj be a pre-annotated set of common human hal-
lucinations. The generative metrics are defined as
follows:

• CHAIR: Evaluates the proportion of hallu-
cinated objects among all objects mentioned
by the model. Note: This is equivalent to the
instance-level CHAIR, and is referred to as
CHAIRi in our main text.

CHAIR = 1− |Robj ∩Gobj|
|Robj|

. (15)

• Cover: Measures the proportion of ground-
truth objects that are correctly mentioned in
the model’s response (i.e., object recall).

Cover =
|Robj ∩Gobj|
|Gobj|

. (16)

• Hal: A binary metric that indicates whether
any hallucination occurred in the response.

Hal =

{
1, if CHAIR > 0

0, otherwise
. (17)

• Cog: Assesses the similarity between the
model’s hallucinations and those common to
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Model Method CHAIR POPE POPE Chat

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑ Acc. ↑ F1 ↑

LLaVA-1.5-7B

Sample 48.2 15.2 73.8 83.2 84.0 85.1 83.1
PAI 41.6 11.3 71.7 83.5 84.2 87.0 85.9
Devils 31.8 7.1 79.9 83.7 84.3 87.3 86.1
VISTA 16.0 7.9 65.7 82.6 84.0 — —
HAVAE(Ours) 24.8−22.0% 5.5−22.5% 77.2 84.0+0.4% 84.3±0.0% 87.0−0.3% 86.1±0.0%

MiniGPT-4-7B

Sample 33.8 10.4 71.4 67.2 68.2 74.2 74.2
PAI 28.4 12.2 69.1 65.9 68.9 75.4 75.4
Devils 22.2 7.7 71.9 63.0 68.0 75.0 74.5
VISTA 17.4 4.8 67.7 66.9 68.1 — —
HAVAE(Ours) 22.0−0.9% 7.8+1.3% 72.9 67.4+0.3% 69.1+0.3% 75.7+0.4% 76.7+1.7%

Shikra-7B

Sample 57.4 16.1 73.7 79.7 80.7 75.7 77.7
PAI 41.6 11.4 72.4 80.1 80.2 75.6 76.7
Devils 25.0 8.8 73.3 78.6 79.4 75.2 77.3
VISTA 32.6 11.0 72.5 80.2 81.0 — —
HAVAE(Ours) 18.2−27.2% 4.6−47.7% 71.3 80.1−0.1% 81.1+0.1% 75.5−0.3% 78.0+0.4%

Table 13: Performance of HAVAE against baselines using sample as decoding strategy. Best results are in bold.
Pink cells mark potentially unreliable CHAIR scores. Superscripts show the % change vs. the best baseline.

Model Method Generative Discriminative AMBER

CHAIRi ↓ Cover ↑ Hal ↓ Cog∗ ↓ Acc. ↑ F1 ↑ Score ↑

LLaVA-1.5-7B

Greedy 6.0 50.6 27.4 2.8 74.8 77.6 85.8
PAI 5.0 46.2 20.5 1.7 78.0 81.2 88.1
Devils 3.8 46.0 20.7 1.2 77.8 81.3 88.8
HAVAE(Ours) 3.6−5.3% 51.7+2.2% 20.2−1.5% 1.3+8.3% 78.6+0.8% 82.7+1.7% 89.6+0.9%

MiniGPT-4-7B

Greedy 15.3 63.3 65.2 11.0 64.9 65.1 74.9
PAI 12.3 60.8 51.3 7.2 61.4 61.3 74.5
Devils 11.5 58.8 49.2 6.4 58.0 56.4 72.5
HAVAE(Ours) 11.2−2.6% 61.1−3.5% 48.9−0.6% 6.1−4.7% 65.0+0.2% 65.2+0.2% 77.0+2.8%

Shikra-7B

Greedy 11.2 50.9 49.7 5.6 78.5 82.1 85.5
PAI 7.2 49.3 34.3 3.0 78.0 82.0 87.4
Devils 6.7 45.3 22.5 1.6 71.1 74.1 83.7
HAVAE(Ours) 3.6−46.3% 48.9−3.9% 17.8−20.9% 1.0−37.5% 78.6+0.1% 82.3+0.2% 89.4+2.3%

Table 14: AMBER benchmark results on LLaVA-1.5-7B, MiniGPT-4-7B, and Shikra-7B. Best results are in bold.
Superscripts show the % change vs. the best baseline.

humans.

Cog =
|Robj ∩Hobj|
|Robj|

. (18)

Finally, to provide a single, unified measure of
performance, AMBER also proposes the AMBER
Score, which combines the F1 score from discrimi-
native tasks and the CHAIR score from generative
tasks:

AMBER Score =
1

2
× (1− CHAIRi + F1) .

(19)
The final reported scores are the average values
of these metrics across all queries in the bench-
mark (Du et al., 2025, 2026).

F Supplementary Experiments Results

F.1 Performance with Alternative Decoding
Strategies

In this subsection, we present additional experi-
mental results for the beam search and nucleus sam-
pling decoding strategies, which were omitted from
the main text due to space constraints. For beam
search, we set the beam size to 5, and for nucleus
sampling, the temperature is set to 0.5. The detailed
results are presented in Table 12 and Table 13, re-
spectively. Overall, the findings are consistent with
the conclusions drawn from the greedy decoding
experiments in the main text: our method generally
outperforms all baseline approaches across these
different strategies.
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(a)

(b)

Figure 14: Ablation on hyperparameters α and K for Shikra (a) and MiniGPT4 (b). Red boxes highlight the
parameter combinations we used.

F.2 AMBER Results on Additional Models
In this section, we present the comprehensive ex-
perimental results on the AMBER benchmark. As
shown in Table 14, the findings align with the con-
clusions in the main text: HAVAE consistently
demonstrates clear superiority over baseline ap-
proaches, validating its robust generalization capa-
bilities.

F.3 Supplementary Ablation Results
In this subsection, we present the supplementary
hyperparameter ablation studies for the remaining
models, which were omitted from the main text
due to space constraints. Specifically, Figure 14
illustrates the results for Shikra and MiniGPT4.
These findings align with the trade-offs discussed
in the main paper, further verifying the criticality of
precise parameter tuning in long-context scenarios.

G Supplementary Experiments and
Analysis

G.1 Qualitative Validation via Clustering and
Visualization

In the main text, we utilized a composite quantita-
tive metric (Hijacking Score) combined with IQR
thresholding to identify Hijacking Anchors.

To corroborate the distinct properties of these
Anchors, we perform an unsupervised K-Means
clustering analysis on the visual tokens V , using
LLaVA-1.5 7B. Each visual token is represented
in the feature space defined by (Dominance, Fre-
quency, Attention). Subsequent to clustering, we
assign each unique vocabulary item (Anchor) to a

specific cluster based on the majority distribution
of its corresponding visual tokens.

The corresponding word cloud visualizations for
each cluster—comprising the Anchors assigned
to them—are presented in Figure 15. The results
validate our approach by showing that the feature
space naturally disentangles vocabulary items into
distinct functional roles (Du et al., 2024).

G.1.1 High-Attention Manifold: Anchors vs.
Content

The critical validation lies in the contrast between
Cluster 4 and Cluster 2. Both clusters are com-
posed of Anchors associated with high-attention
visual tokens, but they exhibit opposite representa-
tional stabilities.

Cluster 4: Hijacking Anchors (Ours). Signa-
ture: [Highest Dom, High Freq, Highest Attn]. An-
chors: kwiet, anch, ", фев.
This cluster corresponds precisely to our identified
Hijacking Anchors. The visual tokens mapped
to these Anchors peak in both Dominance and At-
tention. This unique combination confirms their
role as “Active Sinks”: they actively monopolize
attention yet remain representationally rigid. Com-
posed largely of meaningless artifacts and delim-
iters, these Anchors serve as fixed decoding end-
points rather than contextualized meanings.

Cluster 2: Semantic & Spatial Concepts. Sig-
nature: [Low Dom, Avg Freq, High Attn]. Anchors:
intersection, row, living, Airlines.
While sharing the high-attention profile of Cluster
4, the visual tokens associated with these Anchors
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Cluster 0: Syntactic / Environmental
[Low Dom, High Freq, Low Attn]

Cluster 1: Long-Tail Entities
[Lowest Dom, Lowest Freq, Avg Attn]

Cluster 2: Semantic & Spatial
[Low Dom, Avg Freq, High Attn]

Cluster 3: Generic Background
[Low Dom, Avg Freq, Low Attn]

Cluster 4: Hijacking Anchors (Ours)
[Highest Dom, High Freq, Highest Attn]

Cluster 5: Ignored / Noise
[High Dom, Highest Freq, Lowest Attn]

Figure 15: Word cloud visualization of token clusters identified via K-Means clustering on LLaVA-1.5 7B.
Tokens are grouped based on their behavioral signatures in the feature space (Dominance, Frequency, Attention).
Cluster 4 (Hijacking Anchors) distinctively isolates the rigid, high-attention artifacts (e.g., kwiet, ") identified by
our HABI method, separating them from the active semantic content in Cluster 2 and the ignored environmental
noise in Cluster 5. This qualitative separation confirms that our quantitative metrics align with the intrinsic semantic
structure of the model’s vocabulary.

exhibit Low Dominance. This signature indicates
active processing: the representations undergo sig-
nificant shifts as the model extracts meaning. The
presence of complex spatial and semantic concepts
(intersection, row) confirms that the model cor-
rectly distinguishes meaningful content from rigid
Hijacking Anchors in the feature space.

G.1.2 High-Frequency Manifold: Noise vs.
Substrate

This group differentiates frequent Anchors based
on the attention levels of their corresponding visual
tokens.

Cluster 5: Ignored / Noise Artifacts. Signature:
[High Dom, Highest Freq, Lowest Attn]. Anchors:
trees, dust, olas.
This cluster captures Anchors associated with en-
vironmental noise. The corresponding visual to-
kens exhibit High Frequency but Lowest Atten-
tion. Their High Dominance here reflects “Pas-
sive Stability”—these tokens remain static because
the model ignores them (bypassing computation),
which is mechanically distinct from the “Active
Rigidity” of Cluster 4.

Cluster 0: Syntactic / Environmental Markers.
Signature: [Low Dom, High Freq, Low Attn]. An-
chors: ., and, in, &=\.
Unlike Cluster 5, the corresponding visual tokens
in this cluster show Low Dominance. This sug-
gests that these tokens (decoding to syntactic mark-
ers like ., and, in) actively participate in local
structure formation ("syntactic glue") without cap-
turing the global attention reserved for Hijacking
Anchors or semantic targets.

G.1.3 Long-Tail & Generic Groups
The final category encompasses the broad spec-
trum of standard semantic content. It distinguishes
between specific, context-dependent entities and
generic background elements based on their fre-
quency and specificity.

Cluster 1: Long-Tail Entities. Signature: [Low-
est Dom, Lowest Freq, Avg Attn]. Anchors: EU,
Portuguese, Flags.
These Anchors represent rare entities and proper
nouns. The Lowest Dominance of their corre-
sponding visual tokens indicates extensive seman-
tic evolution. Unlike common concepts, these rare
entities require significant layer-wise refinement
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Method CHAIR POPE

CHAIRs ↓ CHAIRi ↓ F1 ↑ Acc. ↑ F1 ↑
HAVAE 18.2 3.7 76.7 86.1 86.2
w/o GT 18.6 5.0 78.1 85.9 86.0

Table 15: Ablation study on the necessity of ground-
truth (GT) annotations. “w/o GT” denotes the variant
where head selection relies solely on generated objects.
Results confirm HAVAE’s robustness to the absence of
external supervision.

and context aggregation to be correctly resolved,
preventing their representations from stabilizing
early.

Cluster 3: Generic Background Concepts. Sig-
nature: [Low Dom, Avg Freq, Low Attn]. Anchors:
on, table, plate, way.
These Anchors represent the statistical median.
While containing common visual objects (table,
plate) and prepositions (on), the Low Attention
of their corresponding visual tokens suggests they
often serve as common background elements rather
than primary attentional focal points.

G.2 Robustness to the Absence of
Ground-Truth Annotations

To validate the applicability of our method in sce-
narios lacking ground-truth (GT) object annota-
tions, we conducted a comparative ablation study.
Specifically, we modified the head selection crite-
rion in equation (10) by substituting the ground-
truth object set Oreal with the entire set of gen-
erated objects (i.e., the union Oreal ∪ Ohal). For
this setting, we adjusted the hyperparameters to
α = 0.5 and the number of selected heads to 550,
while keeping all other configurations unchanged.
The comparative results on the CHAIR and POPE
benchmarks are presented in Table 15. The empiri-
cal evidence demonstrates that HAVAE maintains
superior performance even without reliance on ex-
ternal ground-truth annotations, thereby confirming
its robustness and potential for broader scalability.

H Additional Case Studies

In this section, we present several additional
case studies to qualitatively demonstrate how our
HAVAE method concentrates attention on key vi-
sual content and effectively mitigates hallucination.
Figure 16 visualizes four distinct examples. For
each example, we contrast the attention map for a
hallucinated object token generated by the baseline

model with the attention map for a correspond-
ing real object token from our HAVAE-enhanced
model. It is important to note a key methodolog-
ical difference in these visualizations: the base-
line maps represent the average attention across
all heads, whereas the maps for our method show
the average attention of the 450 heads selected by
HAVAE.

Additionally, for three of these examples, we
provide logit lens visualizations in Figure 17 (fol-
lowing the approach in Figure 2) to further illustrate
the dynamics of Vocabulary Hijacking. These vi-
sualizations confirm that the model allocates dispro-
portionately high attention to specific Hijacking
Anchors when a hallucination is produced.

From these examples, we can clearly observe
a consistent pattern: when a hallucination occurs,
the baseline model’s attention is often hijacked by
irrelevant Inert Tokens. The effect of HAVAE is
visually evident, as it successfully refocuses the
model’s attention onto the grounded target object.

H.1 Qualitative Error Analysis

While our method successfully mitigates hallucina-
tions driven by Inert Tokens, we provide a quali-
tative error analysis to discuss a limitation of our
current observational framework.

Revisiting the third case presented in Figure 17,
we observe an intriguing anomaly: the 321st visual
token captures an anomalously high proportion of
the attention weights, despite being completely se-
mantically irrelevant to the currently generated text
token. Interestingly, however, this specific token
does not exhibit the characteristic Vocabulary Hi-
jacking phenomenon.

This counter-example indicates that while Vo-
cabulary Hijacking is a highly prevalent and action-
able indicator of LVLM hallucinations, it cannot
deterministically localize all instances of attention
misallocation. There remain atypical failure modes
where the model assigns incorrect attention with-
out triggering the semantic collapse associated with
Inert Tokens, suggesting that complementary mech-
anisms may be required to comprehensively resolve
these diverse attention errors in future work.

I Algorithms

For clarity and to facilitate reproducibility, this
section provides the detailed algorithmic proce-
dures for our proposed frameworks. We present the
Hijacking Anchor-Based Identification (HABI)
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framework in Algorithm 1 and the Hijacking-
Aware Visual Attention Enhancement (HAVAE)
framework in Algorithm 2.
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Please help me describe the image in detail.
LLaVA-1.5 7B

HAVAE (ours)

The image features a woman sitting on a bed in a bedroom. She is wearing a black 
dress and appears to be looking at something on her laptop, which is placed on her 
lap. The bed is covered with a white comforter, and there are two pillows on it. In 
the room, there are several items scattered around. A cat is present, located near 
the left side of the bed. A cell phone can be seen on the bed, closer to the center. 
Additionally, there are two bottles, one near the left edge of the bed and the 
other on the right side. A vase is also visible, placed near the left edge of the bed.

The image shows a woman sitting on a bed with a laptop computer in front of her. 
She is wearing a black shirt and is looking at the camera. The bed is covered with a 
white comforter, and the woman is sitting on a white bed. The room is decorated 
with a red wall and a black and white curtain. The woman is looking at the camera 
while using her laptop.

Please help me describe the image in detail. LLaVA-1.5 7B

HAVAE (ours)

The image features a small TV sitting on a wooden desk in a room. The TV is 
positioned towards the right side of the desk, and it appears to be turned off. The 
desk is also equipped with a remote control, which is placed near the left side of 
the TV. In addition to the TV and remote, there are two books on the desk, one 
located closer to the left side and the other towards the right side. A person can 
be seen in the background, partially visible on the left side of the image.

The image features a small TV sitting on a wooden desk in a room. The TV is placed 
on a silver stand, and it is situated next to a window. The television is turned off, 
and the room appears to be dimly lit. There are several remote controls on the desk. 
The room has a brown table, and the television is the main focus of the scene.

LLaVA-1.5 7B

HAVAE (ours)

The image features a group of three giraffes standing together in a dirt area. They are positioned close to 
each other, with one giraffe on the left, another in the middle, and the third on the right. The giraffes are 
standing under a tree, which provides shade and a natural environment for them.The scene also includes a 
bench located in the background, possibly for visitors to sit and observe the giraffes. The overall 
atmosphere of the image is serene and peaceful, showcasing the beauty of these majestic animals in their 
natural habitat.

The image features a group of three giraffes standing together in a zoo enclosure. They are surrounded by 
trees and plants, with two of the giraffes eating leaves from a tree. The giraffes are standing in a dirt area, 
which is their natural habitat. The giraffes are positioned in a way that they are facing each other, creating 
a sense of unity among them. The scene is set in a forest-like environment, with the giraffes standing near a 
tree and a fence.

Please help me describe the image in detail.

LLaVA-1.5 7B

HAVAE (ours)

The image features a woman standing outside, holding a donut in her hand. The donut is decorated with red, 
white, and blue colors, making it visually appealing. The woman is wearing a red shirt and appears to be 
smiling as she poses with the donut. In the background, there is a backpack placed on the ground, possibly 
belonging to the woman. The scene seems to be set in an urban environment, with a building visible in the 
background.

The image features a woman wearing a red shirt and holding a donut with red, white, and blue frosting. She 
is smiling and holding the donut in front of her face. The woman is wearing a backpack, and she is standing in 
front of a building. The scene is set in a city, and the woman is holding a donut in her hand.

Please help me describe the image in detail.

Figure 16: Additional qualitative comparison of attention maps. For each case, we contrast the attention map for
a hallucinated token from the baseline model (top row) with a corresponding real object token from our HAVAE-
enhanced model (bottom row), demonstrating HAVAE’s ability to refocus attention on salient objects.
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... In the background, there is a 
backpack placed on the ground, possibly 
belonging to the woman...

Please help me describe the 

image in detail.

565

460

413

389

... A cell phone can be seen on the bed, 
closer to the center. Additionally, there 
are two bottles...

Please help me describe the 

image in detail.

524

413

429

201

510

... A person can be seen in the 
background, partially visible on the left 
side of the image.

Please help me describe the 

image in detail.

191

293

441

321

Figure 17: Logit lens visualization for three case studies from Appendix H. These plots provide further qualitative
evidence that the model allocates disproportionately high attention to the identified Inert Tokens during hallucina-
tion.
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Algorithm 1 Hijacking Anchor-Based Identification (HABI)

Require: LVLM model M ; Calibration dataset D (e.g., 500 COCO images).
Ensure: The set of Inert Tokens Iinert for a given input image’s visual tokens Iv.

1:

2: /* Phase 1: Global Calibration & Anchor Discovery (Corresponds to Sec. 3.2 & 3.3) */
3: V ← ∅, AnchorMap← {}, AllScores← []
4: for each image I ∈ D do
5: Iv ← GetVisionTokens(M, I)
6: for each vision token vi ∈ Iv do
7: Tvi ← LogitLensDecode(M, vi) {Get Trace}
8: avi ← MostFrequentToken(Tvi) {Identify Trace Anchor}
9: Calculate metrics: Dominance D(vi), Frequency F(vi), Attention A(vi)

10: Shijack(vi)← D(vi) · F(vi) · A(vi)
11: Append(AllScores, Shijack(vi)) {Collect individual scores}
12: Append(AnchorMap[avi ], Shijack(vi)) {Group scores by anchor word}
13: V ← V ∪ {vi}
14: end for
15: end for
16:

17: /* Phase 2: Threshold Determination (Corresponds to Sec. 3.3 & HABI) */
18: /* 2.1 Identify Hijacking Anchors */
19: τs ← Q3(AllScores) + 1.5 · IQR(AllScores) {Outlier threshold based on global score distribution}

20: Ahijack ← ∅
21: for each unique anchor w ∈ Keys(AnchorMap) do
22: if Mean(AnchorMap[w]) > τs then
23: Ahijack ← Ahijack ∪ {w}
24: end if
25: end for
26:

27: /* 2.2 Determine Hijacking Ratio Threshold using Otsu’s Method */
28: Ratios← []
29: for each vi ∈ V if vi ∈ Top5%Attention do
30: rhijack(vi)← 1

|Tvi |
∑

t∈Tvi I(t ∈ Ahijack)

31: Append(Ratios, rhijack(vi))
32: end for
33: τr ← OtsuMethod(Ratios) {Find separation threshold in bimodal distribution}
34:

35: /* Phase 3: HABI Inference Function (Corresponds to HABI Implementation) */
36: function IdentifyInertTokens(Iv,M,Ahijack, τr)
37: Iinert ← ∅
38: for each vision token vi ∈ Iv do
39: Tvi ← LogitLensDecode(M, vi)
40: rhijack(vi)← 1

|Tvi |
∑

t∈Tvi I(t ∈ Ahijack) {Calculate Hijacking Ratio}
41: if rhijack(vi) > τr then
42: Iinert ← Iinert ∪ {vi}
43: end if
44: end for
45: return Iinert
46: end function
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Algorithm 2 Hijacking-Aware Visual Attention Enhancement (HAVAE) Framework

Require: LVLM model M ; Calibration dataset D; HABI function ‘IdentifyInertTokens’ (from Alg. 1);
Pre-computed Hijacking Anchors Ahijack, τr (HABI threshold); Hyperparameters K (num heads), α
(strength).

Ensure: A modified inference process with mitigated hallucination.
1:

2: /* Stage 1: Principled Head Selection (Offline) */
3: function SelectCriticalHeads(M,D,K)
4: Oreal ← CollectRealObjectTokens(M,D) {Correspond to Section 3.2}
5: NHAR← InitializeMatrix(L,H, zeros)
6: for each real object token yk ∈ Oreal do
7: Iv ← GetCorrespondingVisualTokens(yk)
8: I ← GetFullContext(yk)
9: Iinert ← IdentifyInertTokens(Iv,M,Ahijack, τr) {Call HABI function}

10: Aall_heads ← GetAttentionForAllHeads(M,yk)
11: for each head (ℓ, h) from (1, 1) to (L,H) do
12: /* Calculate NHAR for this step */
13: Aℓ,h ← Aall_heads[ℓ, h]
14: Attnvalid_visual ←

∑
vi∈Iv\Iinert

Aℓ,h,i

15: Attntotal ←
∑

vi∈I Aℓ,h,i

16: NHAR_score← Attnvalid_visual/Attntotal
17: NHARℓ,h ← NHARℓ,h + NHAR_score
18: end for
19: end for
20: NHAR← NHAR/|Oreal| {Eq. 10}
21: Htarget ← TopK(NHAR,K) {Select critical heads}
22: returnHtarget
23: end function
24:

25: /* Stage 2: Collective Attention Reinforcement (Online) */
26: function HAVAE_Attention_Forward(Aoriginal,Htarget, α)
27: {Injects this logic into the model’s attention mechanism during inference.}
28: L,H ← GetModelDimensions()
29: Aenhanced ← Aoriginal

30: for ℓ = 1 to L do
31: /* Calculate Layer-wise Mean Attention (Eq. 11) */
32: MeanAttnℓ ← Zeros(size = num_visual_tokens)
33: for h′ = 1 to H do
34: MeanAttnℓ ←MeanAttnℓ + |Aoriginal[ℓ, h

′, visual_indices]|
35: end for
36: MeanAttnℓ ←MeanAttnℓ/H
37: /* Apply reinforcement to target heads */
38: for h = 1 to H do
39: if (ℓ, h) ∈ Htarget then
40: Aenhanced[ℓ, h, visual_indices]← Aoriginal[ℓ, h, visual_indices] + α ·MeanAttnℓ

41: end if
42: end for
43: end for
44: return Aenhanced

45: end function
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