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Abstract

Hallucination in Large Vision-Language Models (LVLMs)
remains a critical challenge, undermining their reliability in
real-world applications. Existing studies have investigated the
causes of hallucination at the modality level and proposed ef-
fective strategies. However, interaction patterns beyond the
modality level remain insufficiently explored. In this paper,
we conduct a token-level analysis and identify two key phe-
nomena: (1) a small subset of textual tokens in LVLMs ex-
ert disproportionate influence in the visual-active layers, sur-
passing that of the visual modality and potentially misleading
visual understanding; (2) while LVLMs can correctly iden-
tify key visual information, insufficient focus on these cues
can sometimes lead to hallucinations. Based on such obser-
vation, we attribute hallucinations in LVLMs to two token-
level causes: the disproportionate influence of certain tex-
tual tokens (phantom tokens) and the underutilization of crit-
ical visual cues (anchor tokens). To mitigate these issues, we
introduce Token-Asymmetric Filtering (TAF)—a training-
free, plug-and-play method that modulates intermediate at-
tention maps in LVLMs. TAF isolates the influence of phan-
tom tokens and emphasizes the influence of anchor tokens
in the visual-active layers. Experimental results across multi-
ple benchmarks demonstrate that TAF significantly mitigates
hallucinations across a range of state-of-the-art LVLMs.

1 Introduction
Large Vision-Language Models (LVLMs) have demon-
strated remarkable capabilities in a variety of multi-modal
tasks, including visual question answering, image caption-
ing, and open-ended visual dialogue (Chen et al. 2023b; Li
et al. 2023a; Liu et al. 2023b; Zhou et al. 2022; Zhu et al.
2023). However, despite these impressive advances, halluci-
nation—i.e., the generation of outputs that are unfaithful to
the visual input—remains a persistent and critical challenge.
Such a phenomenon can severely undermine the trustwor-
thiness of LVLMs in safety-critical or knowledge-intensive
applications (Hu et al. 2023; Wang et al. 2023; Chen et al.
2024b; Liu et al. 2023d).

To mitigate the hallucination problem in LVLMs
(Agrawal, Batra, and Parikh 2016; Agarwal, Shetty, and
Fritz 2020; Biten, Gómez, and Karatzas 2022), supervised

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

fine-tuning approaches have garnered significant attention,
often relying on large-scale annotated datasets and incurring
substantial training costs (Zhao et al. 2023; Yu et al. 2024;
Sun et al. 2023; Liu et al. 2023a; Lyu et al. 2024). As more
efficient alternatives, inference-time strategies such as con-
trastive decoding and attention-based modulation have been
proposed (An et al. 2024; Xing et al. 2024; Huo et al. 2024;
Gong et al. 2024; Zhao et al. 2023).

Recent studies have approached hallucination at the
modality level, examining how imbalance or misalignment
between the visual and linguistic modalities leads to factual
inconsistency in LVLMs (Chen et al. 2024a; Yin, Si, and
Wang 2025; Jiang et al. 2024). While prior studies have ad-
vanced understanding of hallucinations in vision-language
models, they overlook fine-grained token-level behaviors,
limiting the flexibility and effectiveness of hallucination mit-
igation. We address this gap by conducting a token-level
analysis that identifies more precise and actionable origins
of hallucinations in LVLMs.

We employed the saliency analysis to observe the behav-
ior of individual tokens in the layers of LVLMs, abstracting
the trends as shown in Figure 1(a). Our observations reveal
that, in hallucination scenarios, certain textual tokens exert
disproportionately misleading influence on the model’s vi-
sual understanding, dominating the attention dynamics by
several times more than the visual tokens. These tokens pose
a risk of interfering with the visual context in the interme-
diate layers, distorting the model’s perception of the image.
We term these disruptive elements phantom tokens. Mean-
while, as shown in Figure 1(b), we observe that a few anchor
tokens from the visual modality are sufficient to steer the
model’s attention toward semantically meaningful regions
of the image. However, when visual attention is dispersed
or misaligned, the model may fail to extract the necessary
evidence, which can result in hallucination. These observa-
tions reveal a token-level asymmetry: (1) while the language
modality contributes interpretative flexibility for reasoning,
a small number of phantom tokens can disproportionately
influence and misguide the model’s visual understanding;
and (2) the visual modality provides factual grounding, only
a small number of anchor tokens often carry the essential
visual evidence required for accurate grounding.

Based on the above analysis, we identify two token-level
causes of hallucination in LVLMs: (1) misleading reasoning
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Figure 1: (a) Token-level interaction analysis. Each curve corresponds to the influence of one token. Text-to-Vision (T2V) curves
and Vision-to-Vision (V2V) curves represent the influence of textual and visual tokens, respectively, on visual understanding.
Visual understanding primarily emerges in the intermediate layers of the LVLM, highlighted in yellow. (b) Example results
and corresponding attention map visualizations. In the first row, emphasizing anchor tokens enables the model to focus more
effectively on critical regions of the image while suppressing attention to irrelevant areas, thereby facilitating a clearer and more
grounded visual understanding. In the second row, isolating phantom tokens prevents the model from mistakenly interpreting
the “roof” as a “ceiling,” effectively suppressing unreliable textual influence on the visual understanding.

induced by phantom tokens in the language modality, and
(2) insufficient focus on key visual evidence due to underuti-
lization of anchor tokens. To mitigate these issues, we pro-
pose Token-Asymmetric Filtering (TAF)—a plug-and-play,
training-free mechanism that dynamically modulates atten-
tion maps in the visual-active layers of LVLMs. TAF iden-
tifies phantom and anchor tokens based on the influence be-
tween modalities. As shown in Figure 2(b), TAF mitigates
hallucinations from two perspectives: it isolates the influ-
ence of phantom tokens on visual attention while emphasiz-
ing anchor tokens to guide the model’s focus toward relevant
visual content.

By rebalancing token contributions without retraining,
TAF mitigates hallucination and improves interpretability.
Experiments on multiple benchmarks and LVLM architec-
tures show that TAF consistently improves factual align-
ment, confirming its effectiveness and generality.

Our main contributions are summarized as follows:
1. We propose a token-level analysis of hallucinations in

LVLMs, utilizing saliency scores to analyze the interac-
tions between visual and textual tokens in the intermedi-
ate layers of the model.

2. We attribute hallucinations in LVLMs to two token-level
causes: the disproportionate influence of certain textual
tokens and the underutilization of critical visual tokens.

3. We propose Token-Asymmetric Filtering (TAF), a
training-free method that modulates attention maps by
isolating the influence of phantom tokens and emphasiz-
ing the influence of anchor tokens.

4. Extensive experiments across multiple LVLM architec-
tures and benchmarks demonstrate the effectiveness and
generality of TAF in mitigating hallucination.

2 Related Works
2.1 Large Vision-Language Models
Unlike earlier models such as BLIP (Li et al. 2022, 2023a)
and BERT-based vision-language models (Devlin et al.
2019; Liu et al. 2019), Large Vision-Language Models
(LVLMs) have significantly enhanced their understanding
capabilities by integrating the rapidly advancing Large Lan-
guage Models (LLMs), enabling them to perform complex
vision-language reasoning tasks (Bai et al. 2023; Grattafiori
et al. 2024; Liu et al. 2024; Chen et al. 2024c, 2023a).
In general, recent LVLMs consist of three components: a
visual encoder, a connector, and a pre-trained LLM. Re-
searchers connect the visual encoder with the LLM through
various connector modules, such as linear projections (Liu
et al. 2023b) or Q-formers (Zhu et al. 2023). These models
typically undergo two training phases: a pre-training phase
and a fine-tuning phase. Early attempts, such as Flamingo
(Alayrac et al. 2022), Gemini (Team et al. 2023), and BLIP-
2 (Li et al. 2023a), have already demonstrated promising re-
sults. More recent studies, such as LLaVA-v1.5 (Liu et al.
2024), Qwen2.5-VL (Wang et al. 2024), and xGen-MM
(Xue et al. 2024), have further advanced the field and sig-
nificantly enhanced model capabilities. To further improve
vision-language representation abilities, the latest research
includes using higher-resolution visual encoders, larger and
more powerful LLMs, and methods such as Reinforcement
Learning with Human Feedback (RLHF) (Ouyang et al.
2022; Yu et al. 2024).

2.2 Hallucination Mitigation in LVLMs
In the field of Natural Language Processing (NLP), halluci-
nations are typically defined as the phenomenon of generat-

8207



Figure 2: (a) Layer-wise visualization of token influence across the Transformer layers of LLaVA-1.5-7B. (b) and (c) show the
saliency maps corresponding to hallucination and no-hallucination scenarios, respectively.

ing erroneous or meaningless content (Ji et al. 2023; Wei-
jia et al. 2023). In the context of LVLMs, object halluci-
nation refers to the occurrence where the text generated by
the model is semantically coherent, but inconsistent with the
actual objects present in the accompanying image (Huang
et al. 2024b; Rohrbach et al. 2018; Wu et al. 2024). Exist-
ing studies have identified several potential causes of hallu-
cinations, including data biases and misalignment between
visual and linguistic information, and have proposed corre-
sponding strategies. One approach involves fine-tuning the
model using preference-based data, further calibrating the
model’s behavior by introducing high-quality labeled data
(Li et al. 2024; Yu et al. 2024; Pi et al. 2024; Zhou et al.
2024), although this strategy requires significant computa-
tional resources. Another strategy captures richer visual de-
tails using auxiliary inputs such as depth and segmentation
maps (Jain, Yang, and Shi 2024; Lee et al. 2024; Zhao et al.
2023), though these approaches lack cross-task generaliz-
ability. Other methods introduce additional visual models
(Biten, Gómez, and Karatzas 2022; Yin et al. 2024). Recent
research improves the decoding process by inducing halluci-
nations through transformations like blurring, rotation, and
cropping of the original visual input, and penalizing halluci-
nation tokens during decoding (Chen et al. 2024d; Chuang
et al. 2023; Leng et al. 2024; Woo et al. 2024; Zhong et al.
2024), though this increases inference time. Recently, some
studies (An et al. 2024; Liu, Zheng, and Chen 2024; Jiang
et al. 2024; Yin, Si, and Wang 2025) have explored atten-
tion mechanisms. Existing research remained at the modal-
ity level. We explore token-level behaviors during inference
and modulate them to effectively mitigate hallucination.

3 Token-Level Origins of Hallucinations
3.1 Measuring Token-Level Influence
We employ the representative saliency-based technique to
measure the influence of individual tokens across different

layers of the model. We define I l,jv2v to denote the Vision-to-
Vision (V2V) influence of the j-th visual token at l-th layer,
while I l,kt2v represents the Text-to-Vision (T2V) influence of
the k-th textual token on visual tokens at the same layer. The
computation of both quantities is given by the following:

I l,jv2v =
1

NV

∑
i

∑
h

Al
h,i,j ⊙

∂L
∂Al

h,i,j

, i ∈ V, j ∈ V, (1)

I l,kt2v =
1

NV

∑
i

∑
h

Al
h,i,k ⊙

∂L
∂Al

h,i,k

, i ∈ V, k ∈ T , (2)

where the set V refers to the indices of visual tokens, and
T denotes the indices of textual tokens. NV is the number
of visual tokens and serves as a normalization factor. Let
Al

h,i,j denote the normalized attention weight from the i-th
query token to the j-th key token in the h-th head of layer
l. The gradient term ∂L/∂Al

h,i,j measures the sensitivity of
the loss L to each attention weight. The operator ⊙ denotes
the element-wise product, and the summation aggregates the
results into a single scalar value.

To analyze the distinct behaviors of the two modalities in
the intermediate layers of the model, we first examine the av-
erage token-level saliency for each modality at every layer.
Specifically, we define I lv2v and I lt2v as the mean scores for
the V2V influence and T2V influence at layer l, respectively.
These values are computed as follows:

I lv2v, I
l
t2v =

1

NV

∑
j

I l,jv2v,
1

NT

∑
k

I l,kt2v , j ∈ V, k ∈ T ,

(3)
where NT is the number of textual tokens. Using LLaVA-
1.5-7B as an example, Figure 2(a) visualizes the average
token-level influence across layers. It reveals a clear asym-
metry between the two modalities: the T2V influence dom-
inates most layers, while the V2V influence is largely con-
fined to a limited range of intermediate layers. Layers with
active V2V influence are defined as visual-active layers.
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Figure 3: Manifold curvature visualization of T2V and V2V Influence. (a) and (b) compare the T2V Influence of each textual
token under no-hallucination and hallucination scenarios. (c) and (d) compare normal tokens with phantom candidates under
both conditions. (e) and (f) contrast the T2V Influence of phantom token candidates with the average T2V and V2V Influence.

In LVLMs, the visual modality is primarily responsible
for providing factual grounding, while the language modal-
ity contributes to logical reasoning. An excessive dominance
of the language modality risks overwhelming or misguid-
ing the visual signal, potentially leading to hallucinations.
Therefore, it is crucial to leverage the visual modality ef-
ficiently within the visual-active layers to preserve factual
consistency and enhance multimodal alignment.

3.2 Visual Attention Dispersion
In Figures 2(b) and 2(c), we visualize the saliency maps of
visual tokens in the intermediate layers. Leveraging the pow-
erful understanding capability of the LLM, the model often
identifies the key regions in the image most relevant to the
answer (with the highest saliency values shown as yellow
blocks). Comparing the hallucination scenario in (b) with the
no-hallucination scenario in (c), saliency in (c) is more fo-
cused on the critical regions. Therefore, we infer that while
LVLMs know where to look, a lack of sufficient focus on
these regions may be a potential cause of hallucinations.

3.3 Textual Token Asymmetry
Textual tokens, being central to generation, attract stronger
query attention than visual tokens. To better understand
hallucination-related dynamics, we analyze the saliency of
individual textual tokens across layers, specifically focus-
ing on the T2V influence I l,kt2v . The visualization results are
shown in Figure 3. As shown in Figure 3(a) and (b), com-
pared to no-hallucination cases, the hallucination examples
exhibit the emergence of certain tokens with abnormally
high influence. The saliency values of these tokens in the
visual-active layers exceed those of visual tokens by sev-
eral folds, suggesting a strong potential to mislead the visual

context. We refer to such tokens as phantom tokens.
As illustrated in Figure 3(c) and (d), to further investi-

gate this phenomenon, we compare the phantom token can-
didates with normal tokens, whose influence levels are close
to the average. In Figure 3(e) and (f), we also include the
average V2V and T2V influence scores as references. Phan-
tom tokens show overwhelmingly dominant influence across
multiple layers. To prevent phantom tokens from overshad-
owing or distorting visual facts, suppressing or decoupling
them in visual-active layers is necessary.

3.4 Insights
The preceding analysis, using LLaVA-1.5-7B as an exam-
ple, reveals key dynamics in LVLMs. The activation range
of the visual modality is narrow, primarily providing fac-
tual information within a limited set of intermediate lay-
ers. Furthermore, there are two potential token-level causes
of hallucinations in LVLMs: (1) the model knows where
to look but lacks sufficient focus, leading to inadequate at-
tention on critical visual tokens; (2) a small subset of tex-
tual tokens exhibits disproportionately high influence in the
visual-active layers, potentially introducing misleading lin-
guistic noise. Similar phenomena have been observed in
other LVLM backbones, and further analyses of additional
LVLMs are provided in the Appendix.

These observations underscore the need for a targeted
mechanism that both promotes the effective utilization of
visual evidence and mitigates the disruptive effect of over-
dominant textual tokens.

4 Method
Based on the above analysis, we propose a plug-and-
play, training-free hallucination mitigation strategy, Token-
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Figure 4: (a) and (b) illustrate the identification and filtering
of phantom and anchor tokens, respectively.

Asymmetric Filtering (TAF), as illustrated in Figure 4, 5.
TAF aims to suppress disruptive T2V signals and enhance
the critical visual cues within the visual-active layers.

4.1 Identifying Phantom and Anchor Tokens
We first identify two types of critical tokens: (1) phantom
tokens (set P): textual tokens that exert abnormally high in-
fluence on visual context; (2) anchor tokens (set A): visual
tokens that serve as important reference points for factual
alignment.

To compute the influence signals used for token identifi-
cation, we define the average V2V and T2V attention scores
at each layer l as:

V l,j =
1

NV

∑
i

Al
i,j , i ∈ V, j ∈ V, (4)

T l,k =
1

NV

∑
i

Al
i,k, i ∈ V, k ∈ T , (5)

where Al
i,j denotes the attention weight from the i-th token

to the j-th token, and NV is the number of visual tokens.
Anchor Tokens. We define the anchor score, Sl,j

A = V l,j , as
the average V2V attention scores received by the j-th visual
token from all other visual tokens. Anchor tokens are classi-
fied with a dynamic criterion, allowing automatic adaptation
to the score distribution:

Al = {j ∈ V | Sl,j
A ≥ µl

A + λA · σl
A}, (6)

where λA = 1 by default, µl
A and σl

A denote the mean and
standard deviation of {Sl,j

A }j∈V at layer l.
We define the maximum value of Sl,j

A at layer l as Λl
A,

and the maximum value across all layers as ΛA. The set of
visual-active layers Lv is defined as those layers l satisfying
µl
A > 0.35ΛA.

Phantom Tokens. We define the phantom score Sl,k
P by

comparing a token’s T2V attention scores against the aver-
age score µl

A:

Sl,k
P =

T l,k

µl
A + ϵ

, j ∈ V, k ∈ T , (7)

Figure 5: Illustration of the proposed TAF mechanism ap-
plied to the attention map.

where ϵ is a small constant to prevent division by zero. Un-
like anchor tokens, phantom tokens should only be identified
when the attention distribution exhibits extreme outliers. To
achieve this, we employ a dual-condition thresholding strat-
egy. For each layer l, Sl,k

P have a mean of µl
P and a standard

deviation of σl
P . Only when σl

P ≥ 1.5 · σl
A do we apply the

adaptive thresholding rule:

P l = {k ∈ T | Sl,k
P ≥ µl

P + λP · σl
P}. (8)

Otherwise, we set P l = ∅. We set λP = 1.5 by default.
This design ensures that phantom tokens are only assigned
in genuinely extreme cases, consistent with their definition
as rare but disproportionately influential tokens.

4.2 Modulating Token Influence via Asymmetric
Filtering

Having identified the sets of anchor tokens A and phantom
tokens P , we introduce Anchor Emphasizing and Phantom
Isolation to selectively filter the signals. Given our primary
objective to maintain the integrity and focus on critical vi-
sual facts, we restrict this filtering to the visual-active layers
Lv . During inference, we adjust the unnormalized attention
logits ξlh rather than the normalized Al

h. Specifically, the at-
tention score is formulated as the following:

Al
h = softmax(ξlh) = softmax

(
Ql

hK
l⊤
h√
d

)
, (9)

where ξlh is computed as the scaled dot product between the
query and key matrices: Ql

h and Kl
h, respectively. The di-

mension d refers to the size of the query / key vectors.
Anchor Emphasizing strengthens attention to anchor to-

kens by positively adjusting the attention logits ξlh along
pathways from these anchors to all visual tokens. Phantom
Isolation operates by decoupling attention logits ξlh associ-
ated with the attention pathways from phantom tokens to all
visual tokens. For each attention head h at layer l ∈ Lv , we
apply the following adjustment:

ξlh = ξlh + α ·M l
A,h ◦ ξlh −M l

P,h ◦ ξlh, (10)

where ◦ denotes element-wise multiplication, and α is a pos-
itive scaling coefficient used to emphasize anchor tokens.
The binary masks M l

A,h and M l
P,h specify attention paths
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Methods LLaVA-1.5 Qwen-VL Qwen2.5-VL
Random Popular Adversarial Random Popular Adversarial Random Popular Adversarial

Regular 82.63 79.12 76.84 82.95 79.66 77.13 83.21 80.17 78.74
DoLa (Chuang et al. 2023) 84.13 80.89 76.33 84.78 81.25 77.82 83.89 80.45 79.57
OPERA (Huang et al. 2024a) 86.46 83.27 80.24 86.58 83.68 80.64 85.81 84.24 81.22
VCD (Leng et al. 2024) 86.45 83.01 78.55 86.94 83.59 80.03 86.41 84.56 82.33
AGLA (An et al. 2024) 87.13 83.92 81.42 87.69 84.28 83.14 88.45 86.13 84.96
ClearSight (Yin, Si, and Wang 2025) 88.69 84.68 81.04 88.53 85.01 81.43 89.24 85.79 82.57
Ours 90.47 88.03 86.21 90.72 88.74 87.69 91.18 89.52 88.47

Table 1: Comparison of the average F1-score evaluation results on the offline POPE benchmark. Higher F1-scores indicate
better performance, with the best results highlighted in bold.

Figure 6: Effect of (a) anchor emphasizing and (b) phantom isolation. In (a), anchor emphasizing corrects the predicted shape
of the table from “rectangle” to “oval.” In (b), phantom isolation revises the predicted number of chairs from “two” to “three.”
The Phantom Isolation Ratio quantifies the proportion of attention logits suppressed for identified phantom tokens.

associated with anchor and phantom tokens, respectively.
These are defined as:

M l
A,h(i, j) = I(i ∈ V, j ∈ A), (11)

M l
P,h(i, k) = I(i ∈ V, k ∈ P), (12)

where I(·) is the indicator function. The attention enhance-
ment of anchor tokens encourages the model to more effec-
tively focus on critical visual cues, strengthening attention
to semantically significant image regions. The influence of
phantom tokens to the visual modality is cut off in the atten-
tion maps, thereby suppressing the introduction of textual
noise in the visual-active layers without disrupting the fac-
tual cross-modal alignment.

5 Experiment
5.1 Benchmarks
Following the practice in prior works (Chen et al. 2024d;
Leng et al. 2024), we evaluate the hallucination mitiga-
tion performance of our proposed Token-Asymmetric Fil-
tering (TAF) on three widely adopted benchmarks: the of-
fline Polling-based Object Probing Evaluation (POPE) (Li
et al. 2023b; Chen et al. 2024d), Caption Hallucination As-
sessment with Image Relevance (CHAIR) (Rohrbach et al.
2018) on MSCOCO dataset (Lin et al. 2014), and general-
purposed Multimodal Large Language Model Evaluation
(MME) benchmark (Fu et al. 2024).

POPE formulates hallucination detection as a binary clas-
sification task, where models are prompted with simple
yes/no questions such as “Is there a chair in the image?”.
Following prior research (Chen et al. 2024d), we primarily
evaluate hallucination-related behaviors using the F1-score.

The CHAIR benchmark measures hallucination in im-
age captioning from both sentence-level (CHAIRs) and
instance-level (CHAIRi) perspectives. Recall is also re-
ported to assess the model’s ability to correctly identify and
describe visual entities.

MME is a comprehensive benchmark that includes ten
perception-related tasks and four cognition-related tasks,
with all tasks evaluated using accuracy. The results of the
MME benchmark are presented in the Appendix.

5.2 LVLM Backbones
To assess the generalizability and effectiveness of our
TAF, we conduct experiments on LVLMs from three dis-
tinct cross-modal architectures: linear projection, Q-Former-
based bridging, and single-tower Transformer. The models
utilizing linear projection include LLaVA (Liu et al. 2023c)
and the Qwen-VL (Bai et al. 2023; Wang et al. 2024) se-
ries, while MiniGPT-4 (Chen et al. 2023a) and InstructBLIP
(Dai et al. 2023) use Q-Former, and mPLUG-Owl2 (Ye et al.
2024) employs a single-tower Transformer. Following prior
works (Yin, Si, and Wang 2025; Leng et al. 2024), we evalu-
ate our approach on a set of representative models, including
LLaVA-1.5-7B (Liu et al. 2023c), Qwen-VL-7B (Bai et al.
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Methods LLaVA-1.5 MiniGPT-4 mPLUG-Owl2
CHAIRs ↓ CHAIRi ↓ Recall ↑ CHAIRs ↓ CHAIRi ↓ Recall ↑ CHAIRs ↓ CHAIRi ↓ Recall ↑

Greedy 47.6 15.1 76.6 39.5 15.6 55.8 53.7 17.9 72.3
OPERA (Huang et al. 2024a) 47.8 14.2 77.1 40.3 15.4 57.6 56.2 18.0 70.3
VCD (Leng et al. 2024) 51.4 15.8 76.0 39.9 16.2 54.2 64.1 19.2 71.6
DoLa (Chuang et al. 2023) 49.5 14.9 77.2 39.6 16.0 58.1 54.1 16.9 71.4
AGLA (An et al. 2024) 46.6 14.5 76.5 39.1 14.7 57.2 53.4 17.6 72.5
Ours 42.5 13.0 77.8 35.0 11.5 56.3 52.7 16.8 73.5

Table 2: Results of CHAIR hallucination evaluation for the open-ended caption generation task. Lower CHAIRs, CHAIRi

scores and higher Recall scores indicate better performance.

Figure 7: Ablation results of (a) anchor emphasizing coeffi-
cient α and (b) phantom isolation ratio.

2023), Qwen2.5-VL-7B (Wang et al. 2024), MiniGPT-4-
7B (Chen et al. 2023a), and mPLUG-Owl2 (Ye et al. 2024).

5.3 Implementation Details
All experiments are conducted on NVIDIA A6000 GPUs
with 48GB VRAM. We apply TAF as a plug-in module dur-
ing inference without modifying the model’s pre-trained pa-
rameters. The anchor emphasizing coefficient α is set to 0.2
unless otherwise specified. Our TAF remains stable across
λA, λP , and other hyperparameters, with evidence in the
Appendix. All evaluations are conducted using five random
seeds, and results are reported as averages across runs.

5.4 Comparison with Existing Methods
POPE Evaluation. We compared the performance of vari-
ous existing methods and our TAF under different settings,
namely Random, Popular, and Adversarial, on the offline
POPE benchmark (Li et al. 2023b; Chen et al. 2024d). The
results, as shown in Table 1, demonstrate that our TAF con-
sistently outperforms all baseline methods across all set-
tings. These results underscore the effectiveness of our TAF
in handling diverse conditions.
CHIAR Evaluation. We evaluated the effectiveness of
our model on open-ended caption generation using the
CHAIR benchmark (Rohrbach et al. 2018). Specifically,
we employed the input prompt “Please describe this im-
age in detail.” The evaluation metrics included instance-level
CHAIRi, sentence-level CHAIRs, and Recall, with exper-
imental results presented in Table 2. It is evident that our
TAF achieves competitive performance across all three eval-
uation metrics. These results demonstrate the robustness of

our TAF in generating accurate image captions across differ-
ent evaluation levels.

5.5 Ablation Study
We conducted ablation studies on the POPE benchmark us-
ing LLaVA-1.5-7B as a representative model.
Anchor Emphasizing Coefficient. We evaluated the effect
of varying the Anchor Emphasizing Coefficient α. This ra-
tio controls the extent to which anchor tokens are amplified
within the attention mechanism during the filtering process.
As shown in Figure 7(a), increasing the Anchor Emphasiz-
ing Coefficient enhances hallucination suppression, peaking
at α = 0.2. Further increases yield diminishing returns.
Phantom Isolation Ratio. The Phantom Isolation Ratio
controls the suppression strength applied to the T2V atten-
tion logits of phantom tokens in the visual-active layers.
When the ratio is 0, no isolation occurs, while 100% corre-
sponds to complete isolation, where phantom tokens have no
influence on the visual modality in relevant layers. As shown
in Figure 7(b), higher isolation ratios greatly improve hallu-
cination mitigation, with the best performance achieved at a
ratio of 100%, corresponding to complete isolation.

5.6 Effectiveness of LFM Components
Figure 6 illustrates how LFM mitigates hallucinations
through its two key components. In (a), raising α corrects
the table’s shape from “rectangle” to “oval,” reinforcing vi-
sual grounding. In (b), increasing isolation ratio, revising the
chair count from “two” to “three.” Anchor emphasizing and
phantom isolation thus jointly enhance robustness.

6 Conclusion
In this work, we conduct a token-level analysis to investi-
gate the potential causes of hallucinations in LVLMs, identi-
fying disproportionate influence from certain textual tokens
and insufficient utilization of critical visual cues. To address
these issues, we propose a training-free, plug-and-play hal-
lucination mitigation strategy, Token-Asymmetric Filtering
(TAF). TAF focuses on the visual-active layers, selectively
filtering unreliable text-to-visual signals and enhancing crit-
ical visual cues. Experimental results demonstrate that TAF
effectively mitigates hallucinations, significantly improving
the alignment between textual and visual modalities without
the need for additional training.
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