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Abstract

Despite Video Large Language Models (Video-LLMs) hav-
ing rapidly advanced in recent years, perceptual hallucina-
tions pose a substantial safety risk, which severely restricts
their real-world applicability. While several methods for hal-
lucination mitigation have been proposed, they often com-
promise the model’s capacity for video understanding and
reasoning. In this work, we propose SmartSight, a pioneer-
ing step to address this issue in a training-free manner by
leveraging the model’s own introspective capabilities. Specif-
ically, SmartSight generates multiple candidate responses to
uncover low-hallucinated outputs that are often obscured by
standard greedy decoding. It assesses the hallucination of
each response using the Temporal Attention Collapse score,
which measures whether the model over-focuses on trivial
temporal regions of the input video when generating the re-
sponse. To improve efficiency, SmartSight identifies the Vi-
sual Attention Vanishing point, enabling more accurate hal-
lucination estimation and early termination of hallucinated
responses, leading to a substantial reduction in decoding
cost. Experiments show that SmartSight substantially lowers
hallucinations for Qwen2.5-VL-7B by 10.59% on VRIPT-
HAL, while simultaneously enhancing video understanding
and reasoning, boosting performance on VideoMMMU by
8.86%. These results highlight SmartSight’s effectiveness in
improving the reliability of open-source Video-LLMs.

1 Introduction
Recently, Video Large Language Models (Video-LLMs)
have demonstrated remarkable capabilities in visual percep-
tion, semantic understanding, and complex reasoning (Hu
et al. 2025; Sun et al. 2024). This has led to their widespread
deployment in real-world applications such as autonomous
driving and robotic manipulation (Zhao et al. 2025). De-
spite their impressive performance, Video-LLMs still face
a major challenge: perception hallucinations. Specifically,
they may misrepresent object attributes, fabricate nonexis-
tent content, or overlook critical video segments. This poses
serious risks to the use of Video-LLMs, especially in safety-
critical scenarios.

Although a few works have attempted to mitigate percep-
tion hallucinations in video perception by fine-tuning Video-
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Figure 1: Comparison between SmartSight and existing
methods in terms of hallucinations suppression, video un-
derstanding and reasoning. Lighter colors indicate lower
computational cost. Existing methods suffer from two main
limitations: (1) inferior transferability across models, show-
ing effectiveness only on LLaVA-NEXT-Video; and (2) re-
ducing hallucinations at the cost of impaired video under-
standing. SmartSight simultaneously suppresses hallucina-
tions and enhances video comprehension, achieving a more
favorable balance between accuracy and efficiency.

LLMs (Yang et al. 2024) or applying training-free methods
such as Visual Contrastive Decoding (VCD) (Leng et al.
2024), we found that these methods significantly compro-
mise the model’s essential ability for video understanding.
As shown in Figure 1, they suppress hallucinations only on
LLaVA-Next-Video, while severely impairing the model’s
ability to understand and reason. One contributing factor
is that inappropriate fine-tuning leads to catastrophic for-
getting (Li et al. 2024b), while training-free methods are
prone to misidentifying expected outputs as hallucinations
and introduce significant computational overhead during in-
ference (Huo et al. 2025). In this work, we take an initial step
toward bridging the gap between (1) mitigating perception
hallucinations and (2) preserving understanding and reason-
ing capabilities in Video-LLMs.

Our method is grounded in several key observations. We
reveal that hallucinated outputs are associated with a col-
lapse of attention onto a single frame or a semantically triv-
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Prediction2: … The video starts with an image of a “Virus” and 
a “CELL,” indicating that viruses infect cells. 

Prediction1: … The mRNA appears to be introduced into the cell. 
There is no indication of mRNA coming from a vaccine. 

Question: Where does mRNA come from in the video? Answer: Vaccines

frame 0 frame 12frame 7 frame 8frame 1

……

Over-focus on a frame

Fram
es

Fram
es Over-focus on a Segment

Output tokens

Output tokens

Figure 2: Illustration of hallucination in Video-LLM out-
puts. Prediction 1 exhibits an over-reliance on the first frame,
causing it to overlook crucial information in frame 12 and
leading to an incorrect output. Prediction 2 concentrates ex-
cessively on visually similar segments (frames 7–8), which
results in a misinterpretation of the video content.

ial segment – a phenomenon we term Temporal Attention
Collapse (TAC). As shown in Figure 2, in Prediction 1,
model allocates excessive attention to a single frame, caus-
ing it to overlook other important parts of the video. In Pre-
diction 2, it disproportionately focuses on a segment with
limited variation in object appearance or motion, leading to a
misinterpretation of event order. It is worth noting that over-
focused frames or segments are not necessarily equivalent
to key frames, as models need to leverage the video context
to understand semantics before identifying key frames. One
potential cause of TAC is the image bias inherent in Video-
LLMs, where certain frames resemble images in the train-
ing data, thereby drawing disproportionate attention from
the model (Yu et al. 2025). Furthermore, sampling multi-
ple responses uncovers the model’s capacity to generate out-
puts with fewer hallucinations, which is often obscured by
greedy decoding. As shown in Figure 3, for each question, at
least one of the ten sampled responses contains fewer hallu-
cinations than the response generated with greedy decoding.
In addition, we observe a turning point during generation
from which the model’s attention to visual information in
the input video drops sharply – referred to as Visual At-
tention Vanishing (VAV) Point. It marks a specific token
after which attention to visual inputs has already substan-
tially diminished. The majority of attention to visual tokens
is allocated before the VAV point. This reflects an inher-
ent property of rotary positional encoding, where attention
scores naturally decay as the relative distance between to-
kens increases (Su et al. 2024).

Based on these findings, we propose a training-free
method, dubbed SmartSight, that effectively mitigates hal-
lucinations while enhancing the model’s understanding and
reasoning abilities. SmartSight generates multiple candidate
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Figure 3: Comparison between greedy decoding and sam-
pling N=10 responses per query. We visualize 100 ran-
domly selected responses from VRIPT-HAL. The black
curve shows the hallucination level of responses generated
by greedy decoding. The blue and gray curves indicate the
least and most hallucinated among the sampled responses.
The shaded region illustrates that sampling can produce re-
sponses with lower hallucination.

responses to elicit less hallucinated outputs that are often
obscured by standard greedy decoding (Wan et al. 2025). To
facilitate the selection of a less hallucinated response, we
propose the Temporal Attention Collapse Score (TAC score)
as an introspective metric for evaluating the hallucination
severity of each candidate. Building on the observation that
hallucinated outputs tend to over-focus on semantically triv-
ial video segments or frames, the TAC score evaluates hallu-
cinations without relying on external models. To improve
efficiency, we further assess response quality at the pro-
posed Visual Attention Vanishing (VAV) Point, which en-
ables accurate estimation of hallucination severity via the
TAC score without waiting for full generation. Responses
with low TAC score at this point are terminated early, reduc-
ing the computational overhead in the decoding stage by up
to 79.6%, with negligible impact on overall response quality.
Experimental results demonstrate that our method consis-
tently enhances the understanding and reasoning capabilities
of 10 diverse Video-LLMs. With SmartSight, Qwen2.5-VL-
7B achieves performance competitive with Qwen2.5-VL-
32B and proprietary Gemini 1.5 Pro. As the model size in-
creases, SmartSight exhibits a favorable scaling property not
observed in existing methods. Overall, these findings high-
light SmartSight as a robust and plug-and-play solution for
improving the reliability of Video-LLMs in more challeng-
ing scenarios, such as harmful video detection, video-based
jailbreak attack defense, and video quality assessment.

In summary, our main contributions are threefold:

• We reveal that current hallucinations mitigation methods
may unintentionally impair the semantic understanding
and reasoning capabilities of Video-LLMs.

• We uncover the Temporal Attention Collapse phe-
nomenon in hallucinated responses, characterized by ex-
cessive attention to trivial temporal regions and consis-
tently observable across a variety of Video-LLMs.

• We propose SmartSight, a pioneering step to alleviate
perception hallucinations and improve video understand-
ing and reasoning capabilities in a training-free manner,
with impressive scalability and compatibility across a
wide range of Video-LLMs.
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2 Related Works
2.1 Video Large Language models
In recent years, Video Large Language Models (Video-
LLMs) have made rapid progress, leading to a wide range
of real-world applications (You et al. 2025; Sun, Li, and
Wang 2023; Chen et al. 2025). Video-LLMs encode video
frames using a vision encoder, concatenate their embeddings
across frames, and project them into the LLM’s linguis-
tic embedding space via a cross-modal adapter (Bai et al.
2025). This design enables Video-LLMs to perceive video
and understand its semantics (Hu et al. 2025). To further im-
prove their capacity for complex reasoning, recent efforts
such as Video-R1 (Feng et al. 2025), VideoChat-R1 (Li et al.
2025b), and TinyLLaVA-Video-R1 (Zhang et al. 2025b)
have introduced reinforcement learning and test-time scal-
ing strategies, inspired by the success of large-scale reason-
ing models like DeepSeek-R1 (Guo et al. 2025). Our method
further improves the understanding and reasoning capabili-
ties of these models by suppressing hallucinations.

2.2 Evaluation for Hallucination in Video-LLMs
Despite their impressive performance, Video-LLMs are
more prone to hallucinations than image-based models,
as the temporal dimension introduces unique challenges.
In addition to hallucinations in image tasks, Video-LLMs
may misidentify actions, confuse the sequence of events,
omit essential segments, or fabricate scenes that are not
present in the video. Existing hallucination evaluation meth-
ods for Video-LLMs primarily fall into two categories:
VQA-based (Zhang et al. 2025a) and caption-based ap-
proaches (Yang et al. 2024). VQA-based methods formu-
late multiple-choice questions that query the model about
the presence of plausible yet incorrect objects or events in
a given video, thereby assessing whether the model halluci-
nates content not grounded in the visual input.

While straightforward, Video-LLMs tend to exhibit
more hallucinations in open-ended text generation tasks
(e.g., video captioning) than in multiple-choice verifica-
tion (Rawal et al. 2025). To address this limitation, caption-
based evaluation methods quantify hallucination occur-
rence by comparing model-generated captions with human-
provided references (Yang et al. 2024). However, these
methods typically fail to account for the impact of halluci-
nation mitigation strategies on the model’s utility, such as its
capacity for semantic understanding and reasoning. Our pro-
posed method demonstrates competitive results under both
evaluation protocols, effectively reducing hallucinations and
enhancing the model’s usability.

2.3 Mitigation for Hallucination in Video-LLMs
Existing approaches for mitigating hallucinations in Video-
LLMs can be broadly categorized into training-based and
training-free methods. Training-based methods, such as
Vriptor (Yang et al. 2024), retrain models with densely anno-
tated video captions to enhance fine-grained visual percep-
tion. MASH-VLM (Bae et al. 2025) and Vista-LLaMA (Ma
et al. 2023) modify the self-attention mechanism to better

capture temporal dependencies, which requires model re-
training. PaMi-VDPO (Ding et al. 2025) constructs prefer-
ence data via data augmentation and applies Direct Prefer-
ence Optimization to fine-tune Video-LLMs. While effec-
tive, these methods involve architectural changes and fine-
tuning, which limit the generalizability of the fine-tuned
model across domains such as mathematical reasoning.

To overcome these limitations, recent efforts have ex-
plored training-free hallucination mitigation. Temporal Con-
trastive Decoding (Zhang et al. 2025a), inspired by Visual
Contrastive Decoding (Leng et al. 2024), perturbs the input
video to amplify potential hallucinations, then compares the
outputs before and after perturbation to identify hallucinated
tokens. However, improper perturbations may misidentify
correct content as hallucinations. DINO-HEAL (Li, Im, and
Fazli 2025) addresses this by leveraging DINOv2 (Oquab
et al. 2023) saliency maps to highlight key regions and sup-
press attention to background content. However, we find that
both training-based and training-free methods may under-
mine model usability. Furthermore, their effectiveness does
not generalize well to reasoning-oriented models such as
Video-R1 (Feng et al. 2025).

3 Methodology
Overview: As shown in Figure 4 (A), SmartSight elicits the
model’s self-introspective capabilities to generate outputs
with fewer hallucinations by sampling multiple responses.
To evaluate the faithfulness of each response to the video
content, we introduce Temporal Attention Collapse (TAC)
Score (Sec. 3.2, Figure 4 (C)), which assesses hallucination
severity without relying on external models. We propose the
Visual Attention Vanishing (VAV) Point in Sec. 3.3 (Fig-
ure 4 (B)), which facilitates early estimation of hallucina-
tion severity before full generation. Responses with higher
hallucination levels are terminated in advance, thereby im-
proving overall efficiency. For clarity, we first introduce the
notations used throughout this section in Sec. 3.1.

3.1 Preliminary
Input Formulation. Video-LLMs1 receive a sequence of
T frames V = ⟨f t⟩Tt=1 together with a textual question
X = ⟨xl⟩Ll=1 as input. They firstly divide each frame f t

into M patches f t = ⟨ptm⟩Mm=1, where each patch is then
encoded into a visual token vtm. Consequently, a video with
T frames yields T × M visual tokens in total. The textual
input is also encoded into textual tokens: F text = ⟨tl⟩Ll=1.
The visual tokens Fvid = ⟨vtm⟩M,T

m=1,t=1 and the text tokens
are concatenated to form the full input F=Fvid ∪ F text to
the language model.
Stochastic Sampling. Let p be a language model. Given in-
put F , the model generates a response y = (y1, y2, . . . , yl)
auto-regressively, where l is the number of tokens. At each
decoding step k, the next token is sampled from: yk+1 ∼
p(· | F , y≤k). Unlike standard greedy decoding, which de-
terministically selects the token with the highest probabil-

1Our study focuses on visual information, excluding subtitles
or audio tracks.
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Halt low-quality Responses

Attention collapse on a frame, stop.

Attention collapse on a segment , stop.

Keep Generation

V
ideo-LLM

Generating N responses in parallel

… hammer was used to shatter the car window.. 

… capabilities of the car, there is no hammer..

… hammer hitting a car without causing any

Question: What was 
the purpose of using 
a hammer to hit the 
car in the video?

Estimate hallucination at VAV Point

(A) Overview of SmartSight 

(C) Estimate Hallucination via Temporal Attention Collapse

Frame-level 
Collapse Score

Group based on 
inter-frame distance

Visual 
tokens

Temporal Attention 

Collapse Score (E.q 4) 

Segment-level 
Collapse Score

 Aggregate 
attention per 

frame

(B) Identify Visual Attention Vanishing Point    

Aggregated  
Text Attention

Text-to-vision 
AttentionsAggregated  

Visual Attention

See E.q (6)

Figure 4: Overview of the proposed SmartSight. Given an input video and a textual query, SmartSight generates N responses
in parallel. During generation, it dynamically detects the Visual Attention Vanishing Point and estimates hallucination severity
using the proposed Temporal Attention Collapse Score. Only one high-quality candidate is retained for continued generation,
thereby achieving a favorable balance between efficiency and effectiveness.

ity, sampling from the distribution promotes diversity and
avoids linguistic bias. We denote the full response sampling
process as y ∼ p(· | F). We then sample N i.i.d. responses:
y1, . . . , yN ∼ p(· | F), where yni is the i-th token of the
n-th response (Renze 2024).

3.2 Self-Introspective Hallucination Estimation
via Temporal Attention Collapse

In this section, we leverage the observed phenomenon
of Temporal Attention Collapse to evaluate hallucina-
tions solely on the model’s internal attention distribution.
Given a generated response y = (y1, . . . , yL) with L to-
kens, we compute the average attention received by each
frame during the generation of y, denoted as: at(y) =
1

ML

∑M
m=1

∑L
j=1 aj,(t,m)(y). To simplify notation, we re-

fer to aj,(t,i)(y) and at(y) as aj,(t,i) and at, respec-
tively, throughout this section. Next, we evaluate halluci-
nation severity from two aspects: Frame-level Collapse and
Segment-level Collapse.
Frame-level Collapse. To quantify whether attention is dis-
proportionately concentrated on a single frame, we define
the Frame-level Collapse Score Sf (y) for the response y :

Sf (y) = −
T∑

t=1

ât log ât, ât =
at∑T

t′=1 at′
(1)

The entropy of the normalized attention scores is used to
assess the distribution of attention across frames. A lower
Sf (y) indicates a sharp concentration of attention on one or
a few isolated frames, suggesting a stronger tendency toward
Frame-level Collapse.
Segment-level Collapse. To assess whether attention is dis-
proportionately allocated to segments with little variation

in object appearance or motion, we introduce the Segment-
level Collapse Score Sc(y). We begin by analyzing inter-
frame similarity based on video tokens Fvid to identify the
trivial video segments. However, a direct use of cosine sim-
ilarity between adjacent frames struggles to account for mo-
tion and fine-grained appearance differences. To address the
issue, we define a Motion-Aware Cost Matrix:

C
(t)
ij =

(
1− cos

(
vt−1
i , vtj

))
+ ∥ut,j − ut−1,i∥2 (2)

Here, vtj denotes the visual embedding of the j-th patch in
frame t, and ut,j is its normalized spatial coordinate. The
first term measures appearance dissimilarity between patch
i in frame t−1 and patch j in frame t via cosine distance,
while the second term captures their relative motion based
on spatial displacement. Using this cost matrix, we define
the inter-frame distance dt as the minimum total matching
cost under a one-to-one correspondence between patches:

dt =
N∑
i=1

C
(t)
i,π∗(i), π∗ = arg min

π∈BN

N∑
i=1

C
(t)
i,π(i) (3)

where BN denotes all possible one-to-one matchings be-
tween patches in frame t−1 and frame t.

A higher dt suggests a larger degree of dissimilarity be-
tween the two frames. We segment the video into K tem-
porally contiguous parts {sk|k ∈ {1, . . . ,K}} by select-
ing frame t as a boundary if its inter-frame distance dt ex-
ceeds a predefined threshold, i.e., dt > γ. For each seg-
ment, the attention it receives is aggregated and normal-
ized as âsk(y) = ask(y)/

∑K
ℓ=1 asℓ(y), where ask(y) =∑

t∈Sk
at(y). The Segment-level Collapse Score Sc(y) is

defined as the entropy of the resulting attention distribu-
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tion: Sc(y) = −
∑K

k=1 âsk(y) log âsk(y). Finally, the over-
all Temporal Attention Collapse Score is defined as:

S(y) = Sf (y) + Sc(y) (4)

A lower S(y) indicates that the model’s attention is more
sharply concentrated on isolated frames and semantically
trivial segments, suggesting a higher degree of hallucination.

3.3 Efficient Generation via Early Stopping at
Visual Attention Vanishing Point

We begin by generating N responses in parallel, denoted as
Y = {y1, y2, . . . , yN}, where each yn ∼ p(· | F) is a
response independently sampled from the model. This helps
the model to explore diverse reasoning paths and break free
from over-reliance on its biased prior, resulting in outputs
that better align with the visual content.

To improve efficiency, we assess the quality of each sam-
pled response based on its partial output truncated at the Vi-
sual Attention Vanishing (VAV) Point, instead of completing
the entire generation. The VAV Point marks the stage when
attention to visual tokens has substantially diminished. To
identify this point on-the-fly during the generation of n-th
response yn, we compute avis

j (yn) and atext
j (yn), which de-

note the attention that the j-th token assigns to visual tokens
and preceding text tokens, respectively.

avis
j (yn) =

T∑
t=1

M∑
m=1

aj,(t,m)(y
n),

atext
j (yn) =

j−1∑
l=1

aj,l(y
n) (5)

Here, aj,(t,m)(.) denotes the attention weight from the j-th
output token to the m-th visual token vtm in t-th frame, aver-
aged across all attention heads and layers. Similarly, aj,l(.)
represents the averaged attention from the j-th token to the
l-th generated token.

We define the VAV Point of response yn as the earliest
generation step jvav(y

n) at which the model’s attention to
visual tokens remains low for w consecutive steps:

jvav(y
n) = min

{
j

∣∣∣∣ avis
k (yn)

atext
k (yn)

< α, ∀k ∈ [j − w + 1, j]

}
(6)

The ratio avis
k (yn)/atext

k (yn) indicates the model’s relative
attention to visual input versus previously generated text at
step k. By requiring the ratio to remain below the thresh-
old α for w consecutive tokens, we ensure the VAV Point is
not triggered by short-term fluctuations in attention. We then
compute the TAC Score (Eq. 4) for each sampled response
truncated at its VAV Point and select the top-1 candidates:

n∗ = argmax
n

(
S(yn1:jvav(yn))

∣∣∣n = 1, . . . , N
)

(7)

The selected candidate response yn
∗

is then allowed to com-
plete generation and is used as the final output.By terminat-
ing the generation of suboptimal candidates early,we achieve
a favorable trade-off between performance and efficiency.

0 10 20 30 40 50 60 70
Number of Sampled Responses N
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50
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52.4
54.6

Gemini 1.5 Pro
Qwen2.5-VL-32B

Video-MMMU (Understanding and Reasoning Evaluation)

0 10 20 30 40 50 60 70
Number of Sampled Responses N
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55.1 57.0 58.4

Gemini 1.5 Pro

Qwen2.5-VL-32B

VRIPT F1 (Hallucination Evaluation)

Figure 5: Results of applying SmartSight to Qwen2.5-VL-
7B with different values of N . The figure shows that in-
creasing N enables test-time scaling, which is challenging
to achieve with prior methods. When N = 60, the 7B model
achieves performance comparable to the Qwen2.5-VL-32B
model and the proprietary Gemini 1.5 Pro.

4 Experiments
4.1 Experimental Settings
Implementation Details. We use temperature sam-
pling (Renze 2024) with a temperature of 0.7 to generate
N=10 candidate responses before early stopping. Hyper-
parameters α and w are set to 1.2 and 10, respectively. All
methods use 32 sampled frames with a fixed resolution of
392 for fair comparison.
Benchmarks. We assess hallucination mitigation on the
caption-based VRIPT-HAL (Yang et al. 2024) and VQA-
based EventHallusion (Zhang et al. 2025a) benchmarks. To
evaluate video understanding and reasoning capabilities, we
utilize two large-scale, long-form, and open-domain bench-
marks: Video-MME (Fu et al. 2025) and Video-MMMU (Hu
et al. 2025). For the VQA task, all methods adopt the same
chain-of-thought (CoT) prompt and the official evaluation
code. Following standard practice for isolating the contribu-
tion of the visual modality (Fu et al. 2025), we do not include
subtitles during evaluation.
Baseline Methods. We compare SmartSight against three
representative hallucination mitigation methods: two ap-
proaches specifically designed for video understanding,
TCD (Zhang et al. 2025a) and DINO-HEAL (Li, Im, and
Fazli 2025), as well as VCD (Leng et al. 2024), a method ini-
tially developed for images but transferable to video tasks.
All methods are implemented using the default settings as
described in their original papers.

4.2 Main Results
We evaluate our method on three representative Video-
LLMs: LLaVA-NEXT-Video (Li et al. 2025a), Qwen2.5-
VL (Bai et al. 2025), and Video-R1 (Feng et al. 2025).
Effectiveness in Hallucination Mitigation. Our method
achieves SOTA hallucination mitigation across both VQA-
based and caption-based evaluations. In contrast, exist-

9255



VRIPT-HAL EventHallu. Video-MME Video-MMMU
F1 (∆) R P Acc (∆) Overall (∆) Long Med. Short Overall (∆) Perc. Compr. Adap.

Qwen2.5-VL 47.9 35.6 75.0 60.4 54.8 45.4 52.5 66.5 45.7 56.0 50.0 31.0
+Dinoheal 47.3 (-0.54) 35.0 75.9 56.8 (-3.53) 54.6 (-0.19) 47.4 51.9 64.5 45.5 (-0.22) 58.3 48.0 30.1
+TCD 45.8 (-2.04) 33.4 76.2 61.4 (+1.01) 54.7 (-0.09) 44.1 53.1 66.8 44.7 (-1.00) 54.7 47.7 31.6
+VCD 48.7 (+0.83) 36.0 75.4 61.9 (+1.51) 54.8 (-0.02) 45.1 52.3 67.0 45.5 (-0.25) 59.3 46.5 30.5
+SmartSight 50.0 (+2.17) 38.5 73.8 63.1 (+2.78) 56.2 (+1.39) 49.3 53.2 66.1 47.6 (+1.85) 59.7 51.3 31.7

Video-R1 51.3 40.3 71.8 62.6 59.8 50.8 59.7 69.0 48.6 64.0 47.3 34.3
+Dinoheal 49.2 (-2.17) 37.8 71.3 62.6 (+0.01) 59.2 (-0.59) 50.1 58.6 69.0 46.3 (-2.23) 62.0 46.3 30.7
+TCD 49.3 (-2.02) 37.6 72.9 64.9 (+2.27) 59.7 (-0.07) 50.1 59.1 70.0 46.6 (-2.00) 63.7 44.3 31.7
+VCD 49.7 (-1.61) 38.1 72.9 65.4 (+2.78) 59.8 (+0.03) 50.2 59.9 69.4 47.5 (-1.01) 64.0 45.7 33.0
+SmartSight 52.9 (+1.57) 43.0 69.7 65.5 (+2.89) 60.2 (+0.41) 51.1 59.1 70.4 51.9 (+3.33) 66.0 50.7 39.0

LLaVA-NEXT 32.9 22.0 69.0 53.4 28.8 25.9 32.1 28.4 24.0 26.7 18.9 26.3
+Dinoheal 35.0 (+2.15) 24.3 66.6 53.9 (+0.51) 28.3 (-0.50) 28.1 28.1 28.6 22.8 (-1.19) 27.0 18.0 23.3
+TCD 34.3 (+1.42) 23.2 69.2 55.7 (+2.36) 31.1 (+2.39) 27.9 30.9 34.7 23.8 (-0.20) 27.3 16.7 27.3
+VCD 33.3 (+0.44) 22.5 68.7 53.1 (-0.25) 30.6 (+1.80) 27.6 30.6 33.6 24.4 (+0.47) 23.7 20.3 29.3
+SmartSight 36.8 (+3.91) 26.0 67.6 55.8 (+2.43) 34.0 (+5.22) 31.2 34.8 35.9 25.1 (+1.17) 27.1 22.0 26.3

Table 1: Comparison of state-of-the-art mitigation methods including DINO-HEAL (CVPR’25), TCD (arXiv’25), and VCD
(CVPR’24) on three Video-LLMs: Qwen2.5-VL-7B, Video-R1, and LLaVA-NEXT-Video-7B. VRIPT-HAL and EventHallu-
sion (binary QA subset) evaluate hallucination suppression, while VideoMME and VideoMMMU assess understanding and
reasoning capabilities. Higher scores indicate better performance. The most significant improvements are highlighted in bold.

Qwen2.5-VL Base TCD VCD SmartSight

3B VRIPT-HAL 28.3 28.8 29.0 30.7
Video-MMMU 37.3 34.9 35.0 38.3

7B VRIPT-HAL 47.9 45.8 48.7 50.0
Video-MMMU 45.7 44.7 45.5 47.6

32B VRIPT-HAL 59.1 58.4 57.2 59.4
Video-MMMU 52.1 49.9 45.3 52.2

Table 2: Performance across different model sizes on
VRIPT-HAL and VideoMMMU benchmarks. Base denotes
standard greedy decoding. SmartSight maintains its effec-
tiveness and efficiency trade-off as model size increases.

ing approaches improve performance only on closed-ended
VQA tasks, while exhibiting modest or even negative gains
in open-ended captioning. Moreover, these methods typi-
cally fail to generalize across different Video-LLMs.
Effectiveness in Complex Reasoning. On the challeng-
ing video understanding and reasoning benchmarks Video-
MMMU and Video-MME, almost all baseline mitigation
methods consistently degrade performance. Conversely, by
leveraging reasoning paths that are more faithful to the
video’s content, our method improves the reasoning capa-
bilities of nearly all evaluated Video-LLMs.
Generalization on Different Video-LLMs. As shown in
Table 3, SmartSight demonstrates effective hallucination
mitigation across various video-language models, including
Video-LLaVA (Lin et al. 2023), LLaVA-OneVision-7B (Li
et al. 2024a), and VideoChat-R1 (Li et al. 2025b). No-
tably, several open-source models achieve performance on

Model Base + Ours Gain

Gemini1.5 Pro 49.3 - -
Claude3.5-Sonnet 44.6 - -
Video-LLaVA 24.6 25.7 1.1
LLaVA-OneVision-7B 25.8 31.4 5.6
InternVL3-8B 30.4 34.1 3.7
Qwen2.5-VL-7B 47.9 50.0 2.1
VideoChat-R1 48.4 52.1 3.7

Table 3: SmartSight is applied to a range of video-
language models and consistently mitigates hallucinations
on the VRIPT-HAL benchmark. Notably, several open-
source models equipped with SmartSight achieve perfor-
mance on par with proprietary models.

par with proprietary counterparts after applying SmartSight.
For example, VideoChat-R1 and Qwen2.5-VL-7B surpass
Gemini 1.5 Pro. These results underscore the strong general-
ization capability of SmartSight across diverse architectures.

4.3 Computational and Scaling Efficiency
Computational Efficiency. As shown in Table 2, Smart-
Sight achieves efficiency by optimizing both the Prefill and
Decode stages of Video-LLM inference. In the Prefill Stage,
which accounts for a large portion of the total inference cost,
SmartSight processes only the original video input. This de-
sign avoids the extra computation introduced by contrastive
decoding methods, which typically forward both clean and
perturbed inputs during this stage. In the Decode Stage,
where cost grows linearly with the number of generated to-
kens (Kwon et al. 2023), SmartSight halts low-quality re-
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Figure 6: Comparison of early stopping strategies. Blue and
gray stars indicate the VAV early-stop points for VRIPT-
HAL and Video-MMMU, respectively. The proposed VAV
Point yields more accurate stopping decisions, resulting
in superior hallucination suppression and reasoning perfor-
mance compared to fixed-position stopping.

sponses early and continues only the most promising one.
This strategy results in early termination at an average of
20.8% and 12% of the output length on Qwen2.5-VL-7B
and Video-R1, respectively. Contrastive decoding methods,
on the other hand, perform predictions at every decoding
step using both clean and perturbed inputs, which results in
substantially higher computational costs.
Scaling with Model Size. As shown in Table 2, Smart-
Sight consistently mitigates hallucination and improves un-
derstanding across different model sizes. Unlike competing
methods, which are only effective on smaller models (e.g.,
3B or 7B) and degrade at larger scales, SmartSight remains
effective as model size increases, demonstrating favorable
scalability.
Scaling with the Number of Sampled Responses N .
Figure 5 illustrates the effect of applying SmartSight to
Qwen2.5-VL-7B under different numbers of sampled re-
sponses N . Increasing N consistently improves under-
standing on Video-MMMU and mitigates hallucination on
VRIPT-HAL, demonstrating the ability of SmartSight to
perform test-time scaling, which is difficult to achieve with
existing methods. Notably, when N = 60, Qwen2.5-VL-
7B achieves performance comparable to the Qwen2.5-VL-
32B while requiring significantly less computation, con-
suming 79.2 TFLOPs on VideoMMMU compared to 200.4
TFLOPs. It also performs competitively with the proprietary
Gemini 1.5 Pro (Team et al. 2024).

4.4 Ablation Study
Effectiveness of the VAV Point. As shown in Figure 6, fixed
stopping positions result in unstable performance on both
VRIPT-HAL and Video-MMMU, highlighting the challenge
of applying a one-size-fits-all truncation strategy. In con-
trast, early stopping at the VAV Point yields consistently bet-
ter results, underscoring its effectiveness in precisely deter-
mining the optimal stopping position for each response.
Component-wise Analysis. As shown in Table 4, we con-
duct a component-wise analysis on Qwen2.5-VL. Compared
to the Baseline and Greedy settings, using either the Frame-
level or Segment-level Collapse Score independently en-

Greedy Baseline +FLC +SLC +TAC +TAC +ES

VRIPT 47.9 41.2 48.2 48.3 50.1 50.0
-HAL +7.0 +7.1 +8.9 +8.8

Video 54.8 51.8 55.2 55.7 56.3 56.22
MME +3.4 +3.9 +4.5 +4.4

Table 4: Component-wise analysis on Qwen2.5-VL-7B.
Greedy uses greedy decoding without sampling, while Base-
line randomly selecting one response from N = 10 sam-
pled candidates. +FLC, +SLC , and +TAC select responses
based on Frame-level, Segment-level, and TAC Scores, re-
spectively. +ES applies early stopping at the VAV Point.

w 1 3 5 7 9 11 13 15 17 19

VRIPT 48.6 49.7 50.0 50.1 50.5 50.1 50.2 50.3 50.1 50.1
VMMMU 40.4 41.0 42.3 42.8 42.1 42.7 42.4 43.1 43.1 42.9

α 1.0 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9

VRIPT 47.3 49.2 50.0 49.7 49.2 48.8 48.4 47.8 48.6 48.7
VMMMU 45.9 46.1 47.6 47.3 47.7 46.8 47.9 46.7 47.1 46.8

Table 5: Performance comparison under different w and
α settings on VRIPT and VMMMU. VRIPT is short for
VRIPT-HAL, and VMMMU is short for Video-MMMU.

ables more accurate selection of high-quality responses. No-
tably, early stopping via the VAV Point reduces decoding
cost without significantly affecting performance.
Ablations on Hyper-parameters. As shown in Table 5, in-
creasing α from 1.0 to 1.2 and w from 1 to 15 leads to consis-
tent performance gains across both benchmarks, after which
the metrics stabilize. These results suggest that SmartSight
is robust to the choice of α and w.

5 Conclusion
In this work, we present SmartSight, a training-free method
that effectively mitigates perception hallucinations in Video-
LLMs without compromising their understanding and rea-
soning abilities. By introducing the Temporal Attention Col-
lapse score and the Visual Attention Vanishing Point, Smart-
Sight not only suppresses hallucinated outputs but also
achieves a favorable trade-off between computational effi-
ciency and accuracy. Extensive experiments across ten di-
verse Video-LLMs validate its effectiveness, demonstrating
notable gains in both hallucination reduction and video un-
derstanding performance. For the limitation, we note that
our method yields modest improvements on short videos
with simple scenes. This is primarily due to the fact that
hallucinations are less likely to occur in such videos. Over-
all, these findings position SmartSight as a promising and
generalizable solution for enhancing the reliability of Video-
LLMs in more challenging and realistic settings.
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