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Abstract
Multimodal large language models excel at
vision-language tasks but suffer from halluci-
nations that undermine their reliability. Exist-
ing mitigation methods apply uniform heuris-
tics at the output or attention level, overlook-
ing the heterogeneous causal roles of attention
heads and their dynamic behaviors during in-
ference. We revisit hallucination from a causal
perspective and identify it as competition be-
tween two pathways: a direct path from vi-
sual evidence to outputs, and an indirect path
dominated by knowledge priors. When visual
evidence weakens, MLLMs increasingly rely
on parametric knowledge priors—such as spu-
rious correlations learned during pretraining.
This over-reliance causes attention heads re-
sponsible for visual grounding to drift toward
language-driven patterns, resulting in genera-
tions consistent with the language model but
unfaithful to the image. We propose Causal
Head Gating, an inference-time framework
that separates visual evidence from knowledge
priors by modeling their causal contributions
at the attention-head level. Under this frame-
work, we introduce CHERI (Causal Head Ev-
idence Reweighting and Intervention), which
identifies attention heads whose visual contri-
butions weaken under hallucination and dy-
namically restores their influence. Specifi-
cally, CHERI reinforces heads that propagate
visual evidence while suppressing those domi-
nated by knowledge priors, strengthening the
direct causal effect of vision on generation
and attenuating spurious indirect effects. Ex-
periments across multiple benchmarks show
that CHERI consistently reduces hallucina-
tion rates across diverse task formats while
preserving overall generation quality and task
performance.

1 Introduction

Multimodal Large Language Models (MLLMs)
have become the de facto standard for vision-
language tasks. Yet, a persistent issue undermines

their reliability: hallucination—the generation of
text that is consistent with the language context
but unfaithful to the image. This disconnect poses
a severe risk for real-world deployment.

The community’s approach to this problem has
evolved significantly. Initially, solutions leaned
heavily on training, utilizing Supervised Fine-
Tuning (SFT) or Reinforcement Learning (RLHF)
to align models. While effective, these methods
impose heavy computational burdens—often re-
quiring hundreds of GPU hours—and risk catas-
trophic forgetting. Consequently, the field has
pivoted toward inference-time intervention, which
corrects model behavior on the fly without param-
eter updates. However, current inference strate-
gies, such as Contrastive Decoding, suffer from
two major flaws. First, they operate at a coarse
granularity (e.g., shifting entire logits or attention
maps), which often inadvertently suppresses valid
visual details. Second, they are computationally
expensive at runtime; many require multiple for-
ward passes per token, making them impractical
for latency-sensitive applications.

We argue that resolving this dilemma requires a
microscopic view of the model’s internal mecha-
nism: the attention heads. We reframe hallucina-
tion through a causal lens, modeling it as a conflict
between two distinct flows: a Direct Visual Path-
way grounded in image features, and an Indirect
Knowledge Pathway driven by parametric priors
and spurious correlations. Our analysis reveals a
distinct layer-wise functional division: early lay-
ers act as a perception stage focused on visual ex-
traction, whereas deeper layers form a reasoning
stage where strong knowledge priors often over-
ride weak visual signals.

Guided by this insight, we propose Causal Head
Gating, a fine-grained, inference-time framework.
Unlike static methods that apply blanket penalties,
our approach uses lightweight probes to intervene
only when necessary. We design a Visual Percep-
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tion Probe (VPP) to boost heads with weak vi-
sual grounding during perception, and a Knowl-
edge Prior Probe (KPP) to dampen heads domi-
nated by spurious biases during reasoning.

Our method, CHERI (Causal Head Evidence
Reweighting and Intervention), distinguishes itself
through surgical precision. By regulating informa-
tion flow at the head level, CHERI effectively mit-
igates hallucinations without compromising gen-
eral generation quality. Our contributions are:

• Fine-grained Head-Level Control: We
move beyond coarse-grained interventions,
targeting specific attention heads to fix hal-
lucinations with minimal impact on correct
tokens.

• Dynamic Gating Mechanism: Instead of a
“one-size-fits-all” approach, our lightweight
probes dynamically determine when and
where to intervene, ensuring efficiency.

• Causal-Based Architecture: By model-
ing hallucination as a competition between
Knowledge Prior and Visual Pathways, we
design stage-specific interventions. This en-
sures that amplification and suppression are
applied in accordance with the model’s layer-
wise specialization.

• Inference Efficiency: CHERI avoids the
high latency of contrastive methods. It re-
quires no additional forward passes and no
expensive fine-tuning, offering a seamless
plug-and-play solution.

2 Related Work

Hallucination in Multimodal Large Language
Models. Despite the remarkable capabilities of
Multimodal Large Language Models (MLLMs)
in vision-language tasks (Liu et al., 2024c; Bai
et al., 2023), they are prone to hallucinations—
generating text that conflicts with visual con-
tent (Liu et al., 2024b; Bai et al., 2024). Unlike
unimodal hallucinations, MLLM errors often arise
from a misalignment between visual perception
and linguistic generation (Li et al., 2023b). Re-
search indicates that these failures are frequently
driven by object co-occurrence biases (Zhou et al.,
2024; Zhong et al., 2024) and the “snowballing” of
language priors, where models rely on parametric
knowledge rather than visual grounding (Zhong

et al., 2024; Jiang et al., 2023). Mechanistic in-
terpretability studies have further localized these
issues, identifying specific network components,
such as middle layers (Jiang et al., 2024) or atten-
tion heads (Gong et al., 2024; Arif et al., 2025), as
critical stages where hallucinations emerge. More-
over, recent works suggest that internal model
states (Chen et al., 2024a; Zhang et al., 2025a)
and cross-modal information flows (Zhang et al.,
2025b) retain detectable signals of these errors.
Our work leverages these causal insights to distin-
guish between valid visual evidence and spurious
knowledge priors at the attention head level.

Training-based Mitigation Strategies. A stan-
dard mitigation paradigm involves refining mod-
els through high-quality data interventions. Ap-
proaches range from robust instruction tuning (Liu
et al., 2024a; Zhang et al., 2024) to construct-
ing datasets that specifically penalize toxic vi-
sual instructions (Yu et al., 2023a; Yin et al.,
2024b). Reinforcement learning from human
feedback (RLHF) and Direct Preference Opti-
mization (DPO) have also been adapted to align
MLLMs with factual visual grounding (Sun et al.,
2024; Yu et al., 2023b; Yang et al., 2025b; Fu
et al., 2025). Additionally, some methods em-
ploy logic-closed loops (Wu et al., 2024) or cross-
level interventions (Chen et al., 2025) to uncover
and correct inconsistencies. Post-hoc correction
frameworks like Woodpecker (Yin et al., 2024a)
further refine outputs using external tools. While
effective, training-based methods incur significant
computational costs and risk catastrophic forget-
ting of general capabilities. In contrast, our ap-
proach focuses on inference-time intervention, of-
fering a lightweight, plug-and-play solution with-
out parameter updates.

Inference-time Intervention and Decoding.
Inference-time strategies dynamically rectify
model behavior during generation, avoiding
the need for retraining. A prominent direction
involves Contrastive Decoding (CD) (Li et al.,
2023a), which has been adapted for MLLMs to pe-
nalize statistical biases. For instance, VCD (Leng
et al., 2024) contrasts logits from original and
visually distorted inputs, while IBD (Zhu et al.,
2024) and M3ID (Favero et al., 2024) leverage
image-biased or instruction-level contrasts. Other
variants include ICD and CATCH (Kan et al.,
2024), which further refine contrastive objectives.
Beyond contrastive methods, attention- and

10701



logit-based interventions have gained traction.
OPERA (Huang et al., 2024) introduces an
over-trust penalty and a retrospection-allocation
mechanism to disrupt hallucination patterns in
self-attention. Recent advancements include
DeCo (Wang et al., 2025) , which employs
dynamic correction decoding, and ADHH (Yang
et al., 2025a), which utilizes modular attribution
to guide intervention. Other notable approaches
include reweighting attention to image-centric
tokens (Liu et al., 2024d; Xing et al., 2024), ap-
plying classifier-free guidance (Zhao et al., 2024;
Chen et al., 2024b), or utilizing coarse-to-fine
feedback. Our method, CHERI, advances this
frontier by introducing a fine-grained, causal
gating mechanism that specifically targets the at-
tention heads responsible for the conflict between
visual evidence and knowledge priors.

3 Methods

3.1 Empirical Analysis: When Visual
Evidence Meets Knowledge Priors

To understand how hallucinations emerge in
MLLMs, we examine attention patterns across dif-
ferent transformer layers during generation. Our
preliminary experiments on MLLMs uncover two
key observations.

Functional specialization across layers. The
model’s internal layers exhibit clear functional di-
vision. Layers 1-16 serve as the perception stage,
where the model extracts visual signals from im-
age tokens. At this stage, attention concentrates
on visual grounding, though semantic composition
remains limited. Layers 17-32 constitute the rea-
soning stage, where the model integrates learned
knowledge to produce fluent language. This stage-
wise specialization suggests that different layers
require tailored intervention strategies.

Knowledge priors override visual evidence.
The example in Figure 1 shows that even when the
model attends to the suitcase in the background
and generates partial tokens like “suit” in layers
25-28, the final output becomes “handbag” in later
layers. This happens because the co-occurrence of
“restaurant” and “girl” in training data creates a
strong bias toward “handbag,” overwhelming the
visual evidence for “suitcase.” A similar pattern
appears with “cup”—while the model generates
this correct token, attention maps show it focuses
on wrong spatial regions. The description con-
tains errors in both quantity and location, indi-

cating the token came from parametric knowledge
rather than visual grounding. In other words, this
is getting the right word for the wrong reasons.

Insufficient visual attention during halluci-
nation. Figure 2 compares attention heatmaps
for hallucinated tokens (e.g., “handbag”) and
non-hallucinated tokens (e.g., “sandwich”) across
all layers and heads. An obvious phenomenon
emerges: when hallucination occurs, attention to
image tokens remains notably weak throughout
the perception stage (layers 1-16). This insuffi-
cient visual attention lets knowledge priors dom-
inate generation, as the model lacks strong visual
evidence to counter linguistic biases. The heatmap
shows sparse, diffuse attention to visual tokens
when generating “handbag,” while “sandwich”
triggers concentrated attention in corresponding
visual regions.

These findings point to an imbalance between
two causal paths: a direct path from visual ev-
idence to outputs, and an indirect path driven
by knowledge priors. When visual evidence
weakens—through image ambiguity or inadequate
attention—the model falls back on prior-driven
generation. This motivates our design: amplify vi-
sual evidence during perception and suppress spu-
rious priors during reasoning. Detailed analysis
appears in the Appendix.

3.2 Causal Head Gating
Building on the empirical observations in Sec-
tion 3.1, we introduce Causal Head Gating, a
framework that separates visual evidence from
knowledge priors at the attention head level. Each
attention head is equipped with a lightweight
probe to quantify its reliance on either visual evi-
dence or knowledge priors. We design two types
of probes tailored to different functional stages:
Visual Perception Probes (VPP) for the 512 heads
in the perception stage (layers 1-16), and Knowl-
edge Prior Probes (KPP) for the 512 heads in
the reasoning stage (layers 17-32). Here we use
LLaVA-1.5-7B as an illustrative example.

Visual Perception Probe (VPP). VPP esti-
mates the probability that a head suffers from in-
sufficient visual evidence. We construct training
pairs by pairing each clean image with its noisy
counterpart, where noise is added following the
DDPM formulation with 30% Gaussian noise in-
jection. For each head (l, n) at layer l and head
index n, we train a binary classifier parameterized
by θ(l,n) using standard cross-entropy loss. The
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Figure 1: Focuses on the "Knowledge Priors override Visual Evidence" aspect. (The Shift from "suit" to "handbag")

Figure 2: Focuses on the "Insufficient Visual Evi-
dence" aspect. (The Attention Map comparison be-
tween "sandwich" and "handbag")

probe outputs a probability:

pv = sigmoid(⟨θ(l,n), H(l,n)⟩) (1)

where H(l,n) = a(l,n)W
(l,n)
O ∈ R1×d is the head’s

output projected into the residual stream, with
a(l,n) ∈ R1×dh its head-space output and W

(l,n)
O ∈

Rdh×d the corresponding slice of the output pro-
jection. A higher pv indicates that the head oper-
ates with weak visual evidence, similar to process-
ing a degraded image.

Knowledge Prior Probe (KPP). KPP quanti-
fies how strongly a head is driven by knowledge
priors rather than visual input. We adopt a log
probability increase metric to measure each head’s
causal influence on token prediction. Specifically,
we compute:

∆ logP(l,n)(B) = logP (B | h(l−1) +H(l,n))

− logP (B | h(l−1))

(2)

This measures how much head (l, n) shifts the
probability toward a specific token B. To isolate
heads influenced by knowledge priors, we need to
distinguish between heads that promote correct to-
kens and those that push toward hallucinated ones.
We construct two token sets B+ and B− as fol-
lows:

For yes/no questions, B+ contains the ground-
truth token. For caption tasks, we generate mul-
tiple captions and partition tokens into grounded
set G and hallucinated set H via automated fil-
tering. At each generation step t, we extract the
top-k logits to form candidate set Ct. If the cur-
rent token is grounded, B+ is the current token
and B− = Ct ∩H . If the current token is halluci-
nated, B− is the current token and B+ = Ct ∩G.
Neutral tokens are excluded from training.

The final head-level score is:

s(l,n) = max
(
0, ∆ logP(l,n)(B

−)

−∆ logP(l,n)(B
+)

) (3)

A per-head linear regressor ŝ(l,n) is trained on this
target, and gating uses

p̂ k = sigmoid(ŝ(l,n)). (4)

Since ŝ(l,n) is unconstrained (unlike s(l,n)), a
higher p̂ k indicates stronger knowledge-prior
dominance, and p̂ k > 0.5 iff ŝ(l,n) > 0.

Training details. Both probes are trained on
10,000 samples from MS-COCO that do not over-
lap with our evaluation datasets. The probes re-
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main frozen during inference and serve as diag-
nostic tools to identify when and where interven-
tion is needed.

3.3 CHERI: Causal Head Evidence
Reweighting and Intervention

With probes pv and p̂ k quantifying visual evidence
insufficiency and knowledge prior dominance, we
now describe how CHERI performs targeted in-
tervention at each stage.

Perception stage: Visual evidence reweight-
ing. When VPP detects weak visual evidence
(pv > 0.5), we amplify the head’s attention to vi-
sual tokens. Let vs and ve denote the start and end
indices of visual tokens. We first compute a nor-
malized attention distribution over visual tokens:

Ā(l,n) =
A(l,n)[:, vs:ve]∑ve

j=vs
A(l,n)[:, j] + ϵ

µ(l,n) = Ā(l,n) V(l,n)[vs:ve]W
(l,n)
O

(5)

where A(l,n) is the attention matrix of head
(l, n) and V(l,n) its value matrix; ϵ prevents divi-
sion by zero. The renormalized weights Ā(l,n) re-
distribute attention solely over visual tokens, and
the projection by W

(l,n)
O places µ(l,n) ∈ R1×d in

the same space as H(l,n), making the interpola-
tion in Eq. (7) well-defined. We then interpolate
between the original head output H(l,n) and µ(l,n)

using an adaptive scaling factor:

α = α0 · pv (6)

Hnew
(l,n) = (1− α) ·H(l,n) + α · µ(l,n) (7)

The scaling factor α grows with pv, ensuring
stronger intervention when visual evidence is
weaker. This reweighting pushes the head toward
visual grounding without discarding its original
function entirely.

Reasoning stage: Knowledge prior suppres-
sion. In the reasoning stage, we take a different
approach. As shown in Figure 4 (left), most heads
exhibit low p̂ k values, indicating that only a small
subset strongly relies on knowledge priors. Ag-
gressive intervention across all heads risks degrad-
ing linguistic coherence and performance on tasks
requiring factual knowledge (e.g., MME bench-
marks). We therefore apply selective suppression
only when p̂ k > 0.5:

β = β0 · p̂ k, Hnew
(l,n) = (1− β) ·H(l,n) (8)

This dampens the influence of heads dominated
by knowledge priors while leaving other heads in-
tact. Figure 4 (right) visualizes the resulting inter-
vention pattern: only a sparse set of heads receives
substantial suppression, preserving the model’s
overall reasoning capacity.

Adaptive gating mechanism. The key advan-
tage of CHERI lies in its adaptive gating, which
addresses both when and how to intervene. Un-
like static methods that uniformly modify all heads
regardless of context, CHERI uses runtime diag-
nostics (pv and p̂ k) to determine whether inter-
vention is necessary for each head at each gener-
ation step. This case-by-case adaptation is crucial
because attention heads exhibit context-dependent
behavior—a head’s function shifts with different
prompts and generation stages. For instance, a
head that encodes spatial relationships in one con-
text may contribute to linguistic fluency in an-
other. Treating all heads uniformly ignores this
functional heterogeneity.

Moreover, attention heads operate in a cou-
pled manner, where one head’s behavior depends
on others. Aggressive intervention across all
heads disrupts these intricate dependencies, lead-
ing to degraded internal representations. This
over-intervention problem manifests as incoherent
language or reduced performance on knowledge-
intensive tasks (e.g., MME benchmarks). By cou-
pling intervention strength with probe confidence,
CHERI selectively modifies only the heads that
exhibit problematic patterns—those with weak vi-
sual evidence or strong prior dominance—while
leaving others intact. This selective approach pre-
serves the model’s overall reasoning capacity and
linguistic coherence.

4 Experiments

4.1 Experimental Setup

Evaluation Benchmarks. To comprehensively
validate the effectiveness of CHERI, we con-
duct experiments on three hallucination evaluation
benchmarks: POPE, CHAIR, and MME. These
benchmarks assess hallucination mitigation from
different perspectives. Full benchmark details are
in Appendix.

4.2 Hallucination Mitigation Performance

We compare CHERI against four mainstream
inference-time intervention methods across all
benchmarks. Results demonstrate that CHERI
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Figure 3: A qualitative example where CHERI eliminates hallucinated tokens while enriching visual details. After
applying CHERI, the generated caption no longer contains fabricated objects. More importantly, the model now
captures fine-grained visual elements that were previously missed—it correctly identifies the person’s tattoos and
glasses, both of which are small and easily overlooked. The intervention also prevents spurious associations: the
baseline model hallucinates “car” when it sees a train, and produces “handbag” when a suitcase appears in the
image. CHERI stops these errors by strengthening visual grounding in the perception stage and suppressing prior-
driven predictions in the reasoning stage. Additional qualitative results are provided in the Appendix.

Figure 4: Intervention pattern visualization. Left: Dis-
tribution of p̂ k values across heads in the reasoning
stage, showing most heads have low knowledge prior
dominance. Right: Resulting intervention strength,
where only sparse heads with p̂ k > 0.5 receive sub-
stantial suppression.

consistently achieves the best performance while
generalizing robustly across two multimodal ar-
chitectures.

POPE Results. Table 1 presents POPE evalua-
tion results for CHERI on LLaVA-1.5 and Qwen-
VL-Chat, respectively. On LLaVA-1.5, CHERI
achieves the best performance under all three sam-
pling strategies. Specifically, under the Random
setting, CHERI attains 90.74% accuracy and 88.72
F1 score, improving over the baseline by 7.23
and 6.43 percentage points, respectively. Un-
der the more challenging Popular setting, CHERI
achieves 87.27% accuracy and 86.48 F1 score,
surpassing the second-best method ADHH by 2.52
and 2.06 percentage points. Under the most diffi-

cult Adversarial setting, CHERI maintains its lead
with 85.66% accuracy and 84.07 F1 score, repre-
senting gains of 9.62 and 7.80 percentage points
over the baseline. On average, CHERI achieves
87.89% accuracy and 86.42 F1 score, demonstrat-
ing stable hallucination detection capability.

On Qwen-VL-Chat, CHERI also obtains the
best results. Under the Random setting, it achieves
90.15% accuracy and 89.03 F1 score; under the
Popular setting, 88.71% accuracy and 87.58 F1
score; and under the Adversarial setting, 86.17%
accuracy and 84.73 F1 score. It is worth noting
that CHERI achieves consistent performance im-
provements on both models with different archi-
tectures, which validates the generalization capa-
bility of our method. Compared with logits-based
intervention methods (VCD) and attention-based
intervention methods (OPERA, DeCO, ADHH),
CHERI maintains more stable performance advan-
tages across different difficulty settings through its
head-level dynamic gating mechanism.

CHAIR Results. Table 2 presents object hal-
lucination evaluation results on the image cap-
tioning task. On LLaVA-1.5, CHERI reduces the
sentence-level hallucination rate CHAIRS to 26.6,
a 46.9% reduction from the baseline’s 50.1. The
instance-level hallucination rate CHAIRI is re-
duced to 7.2, a 53.2% reduction from the base-
line’s 15.4. Compared with the second-best
method ADHH, CHERI achieves improvements
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Table 1: Experimental Results Comparison, Qwen-VL-Chat and LLaVA-v1.5-7B in POPE Benchmark.

Methods Random Popular Adversarial Average

Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑
LLaVA-1.5 83.51 82.29 79.99 79.35 76.04 76.27 79.85 79.30
+VCD 86.85 86.25 82.66 83.39 77.33 79.31 82.28 82.98
+OPERA 87.55 86.47 84.23 83.50 80.91 80.70 84.23 83.56
+DeCo 88.67 87.32 84.73 84.92 81.40 81.77 84.93 84.67
+ADHH 88.40 87.61 84.75 84.42 81.54 81.91 84.90 84.65
+CHERI 90.74 88.72 87.27 86.48 85.66 84.07 87.89 86.42

QWen-VL-Chat 85.47 83.22 83.43 81.40 80.53 79.96 83.14 81.53
+VCD 86.51 84.62 85.30 83.37 83.01 81.24 84.94 83.08
+OPERA 87.43 86.52 85.77 84.38 83.24 81.70 85.48 84.20
+DeCo 88.99 87.54 85.23 85.10 83.99 82.07 86.07 84.90
+ADHH 88.73 87.68 86.64 85.83 84.12 82.86 86.50 85.46
+CHERI 90.15 89.03 88.71 87.58 86.17 84.73 88.34 87.11

Table 2: CHAIR Metrics Comparison across Different Methods.Lower is better (↓).

Methods
LLaVa QWen

Vanilla +VCD +OPERA +DeCo +ADHH +CHERI Vanilla +VCD +OPERA +DeCo +ADHH +CHERI

CHAIRS↓ 50.1 47.8 42.4 37.8 33.2 26.6 46.0 44.8 42.8 38.2 33.3 27.1
CHAIRI↓ 15.4 14.6 11.6 11.1 9.4 7.2 13.5 13.3 12.6 10.7 9.0 7.3

of 6.6 and 2.2 percentage points on CHAIRS

and CHAIRI , respectively. On Qwen-VL-Chat,
CHERI also performs well, achieving 27.1 on
CHAIRS and 7.3 on CHAIRI , both the lowest
among all methods. These results indicate that
CHERI not only accurately identifies object hallu-
cinations but also effectively suppresses the gen-
eration of false objects in open-ended generation
tasks.

MME Results. Table 3 shows CHERI’s per-
formance on the comprehensive MME bench-
mark. CHERI scores 1519.32 on perception tasks,
370.03 on cognition tasks, and achieves a to-
tal score of 1889.35, all the highest among all
methods. Compared with the baseline model,
CHERI improves by 10.32 points on perception
tasks and 14.33 points on cognition tasks. Notably,
methods like OPERA often compromise cogni-
tive reasoning capabilities when suppressing hal-
lucinations, achieving only 310.73 on cognition
tasks. In contrast, CHERI maintains cognitive rea-
soning ability while enhancing visual perception
through its stage-wise selective intervention strat-
egy. This result validates our design principle pro-
posed in Section 3.3: reinforcing visual evidence

Table 3: Performance Comparison across Different
Metrics in MME. Higher is better (↑).

Methods Perception↑ Cognition↑ Total↑
Vanilla 1509.0 355.7 1864.7
+VCD 1514.0 358.9 1872.9
+OPERA 1473.6 310.7 1784.3
+DeCo 1495.7 316.4 1812.1
+ADHH 1493.6 318.7 1812.4
+CHERI 1519.3 370.0 1889.4

during the perception stage and selectively sup-
pressing knowledge priors during the reasoning
stage achieves a better balance between hallucina-
tion mitigation and task performance.

4.3 Ablation Study

We validate the effectiveness of the two core com-
ponents, VPP and KPP, through ablation experi-
ments. As shown in Table 4, on LLaVA-1.5, using
VPP alone improves the average F1 score from the
baseline’s 79.30 to 83.26, an improvement of 3.96
points. Using KPP alone yields a more substantial
gain, achieving 84.72 F1 score with an improve-
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Figure 5: Parameter sensitivity analysis. The upper
panel shows the impact of visual evidence amplifi-
cation factor α0 in the perception stage on average
F1 score, while the lower panel shows the impact of
knowledge prior suppression factor β0 in the reasoning
stage. Experiments are conducted on LLaVA-1.5-7B,
with the average F1 score across three POPE settings
as the evaluation metric. Results indicate that optimal
performance is achieved at α0 = 0.3 and β0 = 0.2.

Table 4: Ablation study results. Experiments are con-
ducted on LLaVA-1.5 and Qwen-VL-Chat, reporting
average F1 scores on the POPE benchmark.

Components Model

VPP KPP LLaVA-1.5 Qwen-VL-Chat

✗ ✗ 79.30 81.53
✓ ✗ 83.26 84.25
✗ ✓ 84.72 85.14
✓ ✓ 86.42 87.11

ment of 5.42 points. This indicates that knowl-
edge prior suppression in the reasoning stage con-
tributes slightly more to hallucination mitigation
than visual evidence amplification in the percep-
tion stage. When both components are enabled,
the F1 score further improves to 86.42, a gain of
1.70 points, validating the complementary nature
of the two-stage intervention strategy. The same
trend is observed on Qwen-VL-Chat, where the
complete model improves by 2.86 and 1.97 points
over using VPP or KPP alone, respectively.

Figure 5 presents the sensitivity analysis for hy-
perparameters α0 and β0. For the perception stage
amplification factor α0, performance peaks at 0.3,
with both smaller and larger values leading to per-

formance degradation. When α0 is too small, vi-
sual enhancement is insufficient; when too large,
it may overly suppress language modeling capa-
bilities. For the reasoning stage suppression factor
β0, the optimal value is 0.2. Excessive suppression
(β0 > 0.2) harms the model’s reasoning ability,
which aligns with our selective intervention prin-
ciple proposed in Section 3.3—suppressing only
the small subset of heads dominated by knowl-
edge priors while preserving the normal function
of most heads.

4.4 Causal Validation
Section 3.1 and Appendix A establish the two-
pathway account through attention statistics,
which are correlational. To test the mechanism
causally, we directly manipulate the strength of the
visual pathway and measure the resulting change
in model behavior.

Intervention protocol. For a selected set of
heads, we attenuate their access to visual evidence
by scaling the post-softmax attention weights on
visual key positions by a retention coefficient ρ ∈
(0, 1] and renormalizing over all key positions;
ρ = 1 recovers the unmodified model and smaller
ρ denotes stronger attenuation. We evaluate on
POPE negative samples that the vanilla model
originally answers correctly as “No”, and report
the No→Yes flip rate: the percentage of such sam-
ples whose answer flips to “Yes” after interven-
tion. This metric isolates the extent to which
weakening visual evidence alone induces object
hallucination. By construction the flip rate is 0.0
without intervention.

Head-level intervention. Table 5 attenuates the
heads selected by VPP in the perception stage
(layers 1–16), and compares against a layer-
matched control set of randomly chosen heads of
equal size.

Layer-wise intervention. Table 6 instead atten-
uates all heads within each disjoint four-layer in-
terval at a fixed ρ = 0.50, localizing where in the
network the visual pathway is load-bearing.

Findings. The results support the proposed
mechanism along four dimensions. (i) Dose-
dependent causality. The flip rate increases
monotonically as ρ decreases (8.5 → 15.8 →
23.2 on LLaVA-1.5), indicating that weakened vi-
sual evidence causally induces hallucination rather
than merely co-occurring with it. (ii) Head-level

10707



Table 5: No→Yes flip rate (%) after attenuating visual-
token attention in the perception stage (layers 1–16).
VPP-selected heads are those whose average pv on a
held-out subset exceeds 0.5; “Random (matched)” is a
random control set of equal size drawn from the same
layers. Evaluation is restricted to POPE negative sam-
ples that the vanilla model answers correctly, so the
flip rate is 0.0 by construction without intervention.
Bold marks the pair compared at identical attenuation
strength.

Head set ρ Rand. Pop. Adv. Avg.

LLaVA-1.5-7B
No intervention 1.00 0.0 0.0 0.0 0.0
VPP-selected 0.75 5.6 8.3 11.7 8.5
VPP-selected 0.50 10.8 15.6 21.1 15.8
VPP-selected 0.25 16.5 23.0 30.0 23.2
Random (matched) 0.50 3.4 4.9 6.8 5.0

Qwen-VL-Chat
No intervention 1.00 0.0 0.0 0.0 0.0
VPP-selected 0.75 4.7 7.0 9.8 7.2
VPP-selected 0.50 9.1 13.4 18.0 13.5
VPP-selected 0.25 14.2 19.8 26.2 20.1
Random (matched) 0.50 2.9 4.2 5.7 4.3

specificity. At the same attenuation strength (ρ =
0.50), attenuating VPP-selected heads induces
roughly 3× more flips than the layer-matched ran-
dom control (15.8 vs. 5.0 on LLaVA-1.5; 13.5
vs. 4.3 on Qwen-VL-Chat), confirming that the
imbalance is concentrated in the specific heads
our probes identify rather than diffused across the
perception stage. (iii) Layer-wise localization.
The effect is concentrated in the perception stage,
peaking in its middle layers (7.4 at L9–12 for
LLaVA-1.5; 6.4 at L13–16 for Qwen-VL-Chat),
and drops sharply throughout the reasoning stage
(≤ 2.8 for L17–32). This substantiates the func-
tional division posited in Section 3.1 and justifies
applying visual reweighting only in early layers.
(iv) Consistency with the prior pathway. Flip
rates follow Adversarial > Popular > Random on
both models, exactly as predicted: once visual ev-
idence is weakened, splits built from stronger co-
occurrence priors are more readily captured by the
indirect knowledge pathway.

4.5 Inference Latency Measurements

As shown in Table 7, CHERI requires only 0.3
GPU hours for probe training—67× less than
POVID—while achieving the best AVG POPE
F1 (86.42). At inference, CHERI adds no extra
forward passes, running at 45.7ms (×1.1), ver-
sus VCD at 109.6ms (×2.6), OPERA at 89.8ms
(×2.1), and DeCo at 52.4ms (×1.2). This demon-

Table 6: No→Yes flip rate (%), averaged over the three
POPE settings under the same sample selection as Ta-
ble 5, after attenuating (ρ = 0.50) all heads within
each four-layer interval. Bold marks the peak for each
model. The effect is concentrated in the perception
stage and decays in the reasoning stage.

Intervened layers LLaVA-1.5-7B Qwen-VL-Chat

None 0.0 0.0

Perception stage
L1–4 4.8 3.0
L5–8 6.3 4.6
L9–12 7.4 5.2
L13–16 5.6 6.4

Reasoning stage
L17–20 2.1 2.8
L21–24 1.3 1.5
L25–28 1.7 2.0
L29–32 0.8 1.1

Table 7: Training and Inference Cost Comparison.

Method Training Inference AVG POPE F1

VCD – 109.6ms (×2.6) 82.98
OPERA – 89.8ms (×2.1) 83.56
DeCo – 52.4ms (×1.2) 84.67
POVID 20.0 hours 42.6ms (×1.0) 86.12
V-DPO 2.3 hours 42.6ms (×1.0) 85.89

CHERI 0.3 hours 45.7ms (×1.1) 86.42

strates a uniquely favorable trade-off among train-
ing cost, inference speed, and hallucination miti-
gation.

4.6 Generalizability
Further generalization results are deferred to the
Appendix.

5 Conclusion

In this work, we trace the root of hallucinations
to the causal imbalance between visual evidence
and knowledge priors. Crucially, our analysis re-
veals that this imbalance is not random but fol-
lows a clear functional progression: early layers
handle perception, while deeper layers drive rea-
soning. We leverage this natural division to de-
sign CHERI. It selectively intervenes on specific
attention heads—amplifying visual signals when
perception is weak and suppressing spurious pri-
ors when reasoning goes astray. We believe that
such a causally-aware, low-latency approach of-
fers a more viable path for deploying reliable mul-
timodal systems in real-world scenarios.
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Limitations

White-box model access. CHERI requires di-
rect access to the internal attention states of the
model—specifically, the per-head output repre-
sentations H(l,n) and attention matrices A(l,n)—
to run the VPP/KPP probes and perform head-
level interventions. This requirement precludes
its application to closed-source, API-only mod-
els such as GPT-4V or Gemini. We note, how-
ever, that this is a shared constraint among vir-
tually all attention-based inference-time interven-
tion methods (e.g., OPERA, ADHH, DeCo), and
does not limit applicability to the broad class of
open-weight MLLMs.

Use of Large Language Models

This article was written with the assistance of
Large Language Models (LLMs) for text polish-
ing and expression optimization to improve read-
ability and fluency. All core arguments, ideas, and
content are original work by the author(s).
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Appendix

(a)

(b)

Figure 6: Impact of visual evidence strength and
knowledge priors on attention allocation. (a) Under
DDPM noise injection, the attention ratio to visual to-
kens in layer-0 decreases continuously from 0.50 to ap-
proximately 0.23 as diffusion steps increase, then sta-
bilizes (mean standard deviation σ = 0.0125). The
shaded area indicates the variation range of attention
ratios across different samples. (b) During caption gen-
eration on the CHAIR dataset, the averaged attention
ratio in layer-0 exhibits a monotonic decline from 0.54
to 0.35 across generation steps (mean standard devi-
ation σ = 0.0254 over 195 generation steps). The
shaded area represents attention fluctuation across sam-
ples at each generation step. Both experiments are
conducted on 1,000 samples, validating the influence
of weakened visual evidence and dominant knowledge
priors on the model’s attention mechanism.

A Quantitative Analysis: Dynamic
Interplay Between Visual Evidence
and Knowledge Priors

To further quantify the relationship between visual
evidence and knowledge priors, we conduct con-
trolled experiments on 1,000 samples, focusing on
attention pattern variations in layer-0. We analyze
this from two dimensions:

First, we examine how visual evidence strength
affects attention allocation. Figure 6(a) demon-
strates that under DDPM noise injection, the at-
tention ratio to visual tokens decreases continu-
ously from an initial 0.50 to approximately 0.23 as
the diffusion step increases, then stabilizes. This
pattern indicates that when objects in images are
small or occluded—that is, when visual evidence
weakens—the model’s reliance on visual drops
significantly. Generated descriptions in such cases
lack detail, with many accessories and small ob-
jects overlooked, leading to increased hallucina-
tion rates. This result directly validates the critical
role of the Direct Visual Pathway (V → Y ): suf-
ficient visual evidence is a necessary condition for
hallucination suppression.

Second, we analyze the mechanism by which
knowledge priors operate during generation. Fig-
ure 6(b) presents the evolution of averaged atten-
tion ratio in layer-0 across generation steps on the
CHAIR dataset. The results show a monotonic
decrease from 0.54 to approximately 0.35. This
declining trend reveals an important phenomenon:
although visual evidence for “suit” exists in the
image, the proximity of “restaurant” in the se-
quence activates knowledge priors that dominate
the generation process. This validates the exis-
tence of the Indirect Prior Pathway (K → Y ),
where K is jointly determined by visual input V ,
textual instruction X , generation history Yt−1, and
model-inherent bias C. Here we specifically illus-
trate how Yt−1 triggers knowledge priors, demon-
strating that co-occurrence patterns in context can
override current visual evidence.

Synthesizing both dimensions, we observe a dy-
namic equilibrium between visual evidence and
knowledge priors: when visual signals are strong,
the model relies on the direct pathway for accu-
rate visual grounding; when visual signals weaken
or context introduces strong linguistic biases, the
indirect pathway dominates, causing the model to
generate content consistent with linguistic statis-
tics but unfaithful to the image.

B Benchmark Details

POPE (Polling-based Object Probing Evalua-
tion). POPE reformulates hallucination detec-
tion as a binary classification task by querying
the model with questions such as “Is there an X
in the image?” The benchmark employs three
negative sampling strategies with varying diffi-
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culty levels. The Random strategy selects non-
existent objects randomly from the dataset as neg-
ative samples. The Popular strategy chooses ob-
jects that frequently appear in the dataset but are
absent in the current image, such as “person” or
“tree,” based on statistical bias. The Adversarial
strategy selects objects that co-occur with exist-
ing objects in the image but are not present in the
current instance, such as “chopsticks” or “bowl”
in a restaurant scene. Since the Adversarial strat-
egy exploits statistical co-occurrence patterns in
the training data, it presents the highest difficulty,
while Random is the easiest. We evaluate model
performance under all three settings and report
Accuracy and F1 Score.

CHAIR (Caption Hallucination Assessment
with Image Relevance). CHAIR evaluates ob-
ject hallucinations in image captioning tasks. Ob-
jects mentioned in generated captions but absent
from the image are considered hallucinations. The
benchmark provides evaluation at two granular-
ities. CHAIRS measures sentence-level halluci-
nation rate, computed as the proportion of sen-
tences containing hallucinated objects over all sen-
tences. CHAIRI measures instance-level halluci-
nation rate, computed as the proportion of hallu-
cinated objects over all mentioned objects. These
two metrics offer complementary insights into the
reliability of generated descriptions.

MME (Multimodal LLM Evaluation). MME
is a comprehensive benchmark comprising 14
subtasks designed for multimodal large language
models. These tasks are divided into two cat-
egories: perception and cognition. Perception
tasks assess fine-grained visual understanding, in-
cluding existence, count, position, color, poster
recognition, celebrity recognition, scene recogni-
tion, landmark recognition, artwork recognition,
and optical character recognition. Cognition tasks
evaluate high-level reasoning abilities, including
commonsense reasoning, numerical calculation,
text translation, and code reasoning. All questions
are formulated as yes/no binary classification. Fol-
lowing the official implementation, we report the
sum of Accuracy and Accuracy+ as the evaluation
metric.

C About VPP/KPP

We report per-head probe performance on a held-
out MS-COCO validation set. As expected, the
degree of detectability varies across heads, re-

flecting the functional heterogeneity of attention
heads:

• VPP (binary classification): Classification
accuracy across heads ranges from 71.2% to
87.6%.

• KPP (regression): The Pearson correlation
coefficient between predicted and ground-
truth ∆ logP scores ranges from r = 0.43
to r = 0.69.

Ultimately, probe accuracy is not the end
goal—the consistent gains across three bench-
marks and two architectures demonstrate that even
heads with moderate probe accuracy contribute ef-
fectively under selective intervention.

D About Generalizability

To further validate the generalizability of CHERI
beyond the primary evaluation settings, we con-
duct two additional experiments: cross-domain
generalization and cross-architecture generaliza-
tion.

Cross-domain Generalization. Table 8 re-
ports zero-shot cross-domain performance on A-
OKVQA and GQA, where all models are trained
on COCO only and evaluated directly without
any domain-specific fine-tuning. On LLaVA-
1.5, CHERI achieves 84.02% accuracy and 83.75
F1 on A-OKVQA, and 84.96% accuracy and
84.01 F1 on GQA, outperforming the second-
best method DeCo by 3.38 and 1.88 points on
A-OKVQA accuracy and F1, and by 2.21 and
1.62 points on GQA accuracy and F1, respectively.
On Qwen-VL, CHERI similarly achieves the best
performance across all four metrics (84.21/83.60
on A-OKVQA, 85.16/84.18 on GQA), surpass-
ing DeCo by 2.33 and 1.64 points on A-OKVQA,
and by 3.35 and 2.01 points on GQA. These
results demonstrate that CHERI’s causal head
gating mechanism generalizes robustly across
datasets without requiring any task-specific adap-
tation, confirming that the learned probes capture
generalizable patterns of visual evidence insuffi-
ciency and knowledge prior dominance rather than
dataset-specific artifacts.

Cross-architecture Generalization. Table 9
presents CHAIR hallucination results on two ad-
ditional MLLM architectures: InstructBLIP and
MiniGPT-4. CHERI consistently outperforms

10712



Table 8: Zero-shot cross-domain generalization on A-OKVQA and GQA. Networks are trained on COCO only
and evaluated directly without domain-specific fine-tuning.

Model Method A-OKVQA Acc A-OKVQA F1 GQA Acc GQA F1

LLaVA-1.5

Vanilla 78.13 78.10 77.89 78.13
+VCD 79.99 81.30 80.16 81.67
+DeCo 80.64 81.87 82.75 82.39
+CHERI 84.02 83.75 84.96 84.01

Qwen-VL

Vanilla 78.31 79.18 78.15 79.22
+VCD 80.07 80.96 80.65 81.43
+DeCo 81.88 81.96 81.81 82.17
+CHERI 84.21 83.60 85.16 84.18

Table 9: More mllms results

Method
InstructBLIP MiniGPT-4

CHAIRS ↓ CHAIRI ↓ CHAIRS ↓ CHAIRI ↓
+DeCo 39.3 12.6 32.4 9.6
+CHERI 27.4 7.9 23.7 6.8

DeCo on both architectures and both metrics. On
InstructBLIP, CHERI reduces CHAIRS from 39.3
to 27.4 and CHAIRI from 12.6 to 7.9, achieving
reductions of 11.9 and 4.7 points respectively. On
MiniGPT-4, CHERI reduces CHAIRS from 32.4
to 23.7 and CHAIRI from 9.6 to 6.8, correspond-
ing to reductions of 8.7 and 2.8 points. These con-
sistent improvements across architecturally dis-
tinct models further confirm that CHERI’s head-
level intervention strategy is not tailored to a spe-
cific model design, but rather targets a general
mechanism of hallucination that manifests across
diverse multimodal architectures.

E Other examples

Additional examples are presented below.
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Figure 7: Additional qualitative examples comparing LLaVA-1.5-7b (baseline) and our method CHERI across
diverse scenes. In each case, the baseline generates hallucinated objects driven by language priors (highlighted in
red), such as confusing positional relationships or fabricating non-existent items. CHERI corrects these errors and
produces descriptions that are more faithful to the visual content (highlighted in green), demonstrating consistent
improvements in both hallucination suppression and fine-grained visual grounding.
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