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Abstract

Hallucinations in large multimodal models
(LMMs), where responses appear correct but
are factually wrong, limit their reliability in
practical applications. This paper focuses
on hallucinations in video understanding, a
more dynamic and challenging domain than
static modalities. We present HAVEN, a
comprehensive benchmark with 6K ques-
tions spanning three dimensions: hallucina-
tion causes, aspects, and question formats.
Then, we systematically evaluate 18 LMMs
and analyze seven influential factors affect-
ing hallucinations, including video duration,
model size, and reasoning capabilities. Ad-
ditionally, we explore two reasoning-based
strategies to reduce hallucinations in LMMs:
(1) text-based reasoning via rejection fine-
tuning on reasoning datasets and segment-
weighted Direct Preference Optimization,
and (2) video-based reasoning through a tool-
augmented frame-level operations on video
optimized via supervised tool learning and
Hallucination-aware Group Relative Policy
Optimization (HGRPO). Extensive experi-
ments and analyses demonstrate the effec-
tiveness. Remarkably, video-based reason-
ing strategy improves the Qwen2.5-VL-7B-
Instruct by 10.16% in accuracy and reduces
the bias score by 4.89%.

1 Introduction
In recent years, the success of Large Language
Models (LLMs) (Touvron et al., 2023a,b; Jiang
et al., 2024a, 2023) has significantly advanced
the development of Large Multimodal Models
(LMMs)(Yin et al., 2023; Liu et al., 2023b; Ope-
nAI, 2023; Anthropic, 2024; Reid et al., 2024; Liu
et al., 2024b; Dai et al., 2023a). By integrating
vision and audio modules with LLMs, LMMs are
capable of generating accurate responses based on
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users’ textual prompts, visual inputs, and even au-
dio data (Shao et al., 2023; Sammani et al., 2022;
Fu et al., 2025a; Zhou et al., 2024; Gupta and Kem-
bhavi, 2023). However, LLMs are found to suffer
from hallucinations—providing responses that ap-
pear correct but are actually incorrect—especially
when faced with questions that conflict with their
training data (e.g., contradictions with factual
knowledge, where presented cartoons depict cats
as smaller than mice while in reality cats are larger
than mice) (Li et al., 2023a; Zhang et al., 2023c).
Despite the advancements in LMMs, they also ex-
perience similar hallucination issues in both text
and image understanding (Huang et al., 2025b; Ji
et al., 2023; Dai et al., 2023b). This phenomenon
undermines user trust in LMMs and limits their
applicability in high-stakes areas such as health-
care (Liu et al., 2023a) and autonomous driv-
ing (Tian et al., 2024). In response to these chal-
lenges, a series of studies (Zhu et al., 2024a; Zhang
et al., 2023b; Han et al., 2024; Xu et al., 2024b;
Chen et al., 2024a; Lee et al., 2023) have been
proposed to evaluate and mitigate hallucinations in
both LLMs and LMMs.

However, previous research on hallucinations of
LMMs has primarily focused on image understand-
ing (Li et al., 2023d; Liu et al., 2025; Guan et al.,
2024a; Jiang et al., 2024b; Lovenia et al., 2024;
Huang et al., 2024; Kaul et al., 2024; Fieback et al.,
2024), as earlier LMMs could not process video
inputs. These benchmarks are designed to eval-
uate hallucinations involving factors such as ob-
jects, relationships and attributes in a single image.
With advancements in multimodal technologies,
numerous LMMs now support video processing.
Although many of these models do not incorpo-
rate audio inputs from videos, most can effectively
process the visual content of video. Unlike im-
age understanding, videos consist of sequences of
multiple image frames over time, making video
understanding more complex. It requires the anal-
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ysis of continuous temporal dynamics, including
sequential changes in human actions, object move-
ments, and scene transitions. Hence, hallucinations
in video understanding also differ from those in
images.

To address the concern above, we first pro-
posed a benchmark for HAllucination in Video
UndErstaNding (HAVEN). Fundamentally differ-
ing from Track2Act (Bharadhwaj et al., 2024),
which predicts point tracks from videos for general-
izable robot manipulation, HAVEN is meticulously
designed to quantitatively evaluate hallucinations
in video understanding. To this end, HAVEN is
constructed based on the following dimensions:
(i) Three causes of hallucinations: conflict with
prior knowledge, in-context conflict, and inher-
ent capability deficiencies of LMMs. (ii) Three
types of hallucination aspects in a video: object,
scene, and event. (iii) Three formats of ques-
tions: binary-choice, multiple-choice, and short-
answer. HAVEN represents a systematic distil-
lation of hallucination dimensions into a unified
framework rather than a simple combination of ex-
isting resources. By synthesizing scattered dimen-
sions into a coherent taxonomy and enabling cross-
dimensional comparison under consistent proto-
cols, HAVEN reveals insights and interactions dif-
ficult to observe from isolated benchmarks.

Our evaluation of 18 existing LMMs reveals that
GPT-5.1 and OpenAI o1 demonstrated the lowest
hallucination rates and superior response consis-
tency among all models tested. The analysis further
indicated that model performance is influenced by
several factors: accuracy initially increases then de-
creases with longer video duration, decreases with
more complex questions, improves with increased
frame sampling, and generally shows reduced hallu-
cinations and higher consistency with larger model
sizes. Besides, chain-of-thought (CoT) reasoning
can reduce hallucinations in LMMs.

In addition, we explore two reasoning-based
strategies to mitigate hallucinations inspired by re-
cent advances in CoT. We develop (1) text-based
reasoning, which strengthens long CoT to encour-
age iterative thinking and self-revision; and (2)
video-based reasoning, which encourages LMMs
to actively leverage external tools for frame-level
video processing and visual exploration. For text-
based reasoning, we perform Rejection Fine-tuning
(RFT) with distilled reasoning data from OpenAI
o1, then apply segment-weighted Direct Preference

Optimization (DPO) to reduce hallucinations in
the reasoning process. For video-based reasoning,
we construct a multi-round tool-augmented reason-
ing pipeline with three operations—temporal inter-
val segmentation, replay, and bidirectional tempo-
ral sliding—and optimize tool utilization through
Supervised Fine-tuning (SFT) and our proposed
Hallucination-aware Group Relative Policy Opti-
mization (HGRPO) algorithm. Extensive experi-
ments on Qwen2.5-VL series models demonstrate
that our reasoning-enhanced approaches yield sub-
stantial improvements in both reducing hallucina-
tions and enhancing response consistency.

2 Related Works
Large Multimodal Models (LMMs). Recent
LMMs primarily focus on visual-language under-
standing, which can be categorized into image-
language (Liu et al., 2023b; OpenAI, 2023; An-
thropic, 2024; Liu et al., 2024b) and video-
language models (Lin et al., 2024; Maaz et al.,
2024a; Zhang et al., 2023a; Reid et al., 2024).
Early visual-language models, designed for single-
image inputs (Radford et al., 2021; Jia et al.,
2021; Li et al., 2019; Kim et al., 2021), followed
two main approaches: self-supervised learning
with image-text pairs (Radford et al., 2021; Jia
et al., 2021), and adding image adapters to exist-
ing LLMs followed by alignment fine-tuning (Li
et al., 2019; Kim et al., 2021). Subsequent re-
search extended to multi-image processing capabili-
ties, naturally evolving into video-language models,
which leverage frame-by-frame processing inher-
ited from image-language models to achieve video
understanding through text-video alignment (Lin
et al., 2024; Maaz et al., 2024a; Zhang et al., 2023a,
2024c; Xu et al., 2024a; Li et al., 2024c; Cheng
et al., 2024; Chen et al., 2024b). VideoLLaVA (Lin
et al., 2024), for example, incorporates a Language-
Bind encoder to align visual features from both im-
ages and videos into a unified space for joint video-
text encoding. Recent developments have further
expanded to modalities including audio (Cheng
et al., 2024; Huang et al., 2025a) and 3D point
clouds (Xu et al., 2025).

Hallucination Benchmarks. Hallucination is
widespread in large models (Touvron et al.,
2023a,b; Jiang et al., 2024a, 2023), and the rele-
vant benchmarks primarily target LLMs and VLMs.
Hallucination benchmarks for LLMs(Han et al.,
2019; Li et al., 2023a; Lin et al., 2022; McKenzie
et al., 2023; Wei et al., 2024; Ravichander et al.,
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Figure 1: Construction protocol of HAVEN. The left section outlines the three dimensions of data
construction and the associated categories within each, while the right section details the evaluation
process and metrics. “Conflict with Prior” illustrates scenarios where visual facts (e.g., a cat befriending
a mouse) contradict the model’s internal priors (e.g., predator-prey relationship).

2025) mainly focus on identifying factual inaccu-
racies, deviations from original contexts and the
self-awareness. For VLMs, hallucination refers to
the phenomenon that the generated text responses
are inconsistent with the corresponding visual con-
tent (Bai et al., 2024). Numerous benchmarks (Li
et al., 2023d; Liu et al., 2025; Guan et al., 2024a;
Jiang et al., 2024b; Lovenia et al., 2024; Huang
et al., 2024; Kaul et al., 2024; Fieback et al., 2024;
Jing et al., 2024; Cui et al., 2023; Wang et al.,
2023, 2024a; Chen et al., 2024c; Cha et al., 2024;
Sun et al., 2024) have been developed to evalu-
ate these hallucinations. Early benchmarks (e.g.,
CHAIR (Rohrbach et al., 2018) and POPE (Li et al.,
2023c)) primarily target object presence, while
later ones like HallusionBench (Guan et al., 2024b)
and MMHal-Bench (Sun et al., 2024) also evaluate
object relationships and scene understanding. Re-
cent studies (Jing et al., 2024; Wang et al., 2024c;
Liu et al., 2025; Cui et al., 2023) have begun ad-
dressing factual hallucinations in image-language
models, yet most approaches focus on single image,
neglecting continuous content. To bridge this gap,
several benchmarks on video have been proposed
from different perspectives—general video hallu-
cination (Wang et al., 2024d), event hallucination
(Zhang et al., 2024a), motion hallucination (Kong
et al., 2025), and caption hallucination (Choong
et al., 2026)—but they typically focus on a sin-
gle dimension or a specific task format, lacking a
comprehensive multi-dimensional, cross-task eval-
uation framework.

Hallucination Mitigation. Approaches to miti-
gating hallucinations can be broadly classified into
two categories based on the stage at which they

intervene. The first category deals with the training
phase, which focused on creating datasets specif-
ically for hallucination-related tasks (Gunasekar
et al., 2023; Gunjal et al., 2024; Liu et al., 2024a;
Yu et al., 2024a; Tang et al., 2025; Shen et al.,
2021; Raunak et al., 2021) and developing novel
training objectives or methodologies aimed at miti-
gating hallucinations (Chen et al., 2024a; Lee et al.,
2023; Shi et al., 2024). Although these methods
have demonstrated effectiveness, they often require
extensive training processes, making them both
time-consuming and resource intensive. The sec-
ond category focuses on the inference phase, usu-
ally involves CD-based (Li et al., 2023b) novel
decoding strategies (Chen et al., 2024d; Chuang
et al., 2024; Kim et al., 2024a; Liu et al., 2024c;
Phan et al., 2024; Kim et al., 2024b; Woo et al.,
2024b; Park et al., 2024; Zhao et al., 2024; Zhu
et al., 2024b). Another approach is to detect po-
tential hallucinations while generating and cor-
rect them (Kuhn et al., 2023; Nikitin et al., 2024),
among others (Li et al., 2024a; Yue et al., 2024;
Woo et al., 2024a; Zhang et al., 2024b). In ad-
dition, some researchers tackle hallucinations by
manipulating attention weight assigned to the im-
age (Zhu et al., 2024a; Zhang et al., 2023b; Xiao
et al., 2024; Huo et al., 2024; Wu et al., 2024b),
and prompt-based methods (Han et al., 2024; Xu
et al., 2024b; Wang et al., 2024b; Qu et al., 2024;
Wu et al., 2024a; Wang et al., 2024d). Concurrent
work (Wang et al., 2026) explores an agentic frame-
work for active video perception in long videos to
improve VLM video understanding performance.
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Benchmark Hallucination Causes Hallucination Aspects Question Types Position Bias # of Ques
Prior Conf. In-context Conf. Capability Object Scene Event T/F MC SA

VideoHallucer (Wang et al., 2024d) ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✗ 1800
HallusionBench (Guan et al., 2024d) ✓ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✓ 1129
EventHallusion (Zhang et al., 2024a) ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✗ 711
MHBench (Kong et al., 2025) ✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓ 3600
VIDHAL (Choong et al., 2026) ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ 4000

HAVEN ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 6497

Table 1: Comparison of Video Hallucination Benchmarks

3 HAVEN Benchmark
Recent video understanding benchmarks (Fang
et al., 2024; Fu et al., 2025b; Li et al., 2024b) have
advanced the evaluation of the general capability
of video perception and understanding. However,
they are not designed to assess hallucinations in
video understanding, motivating us to introduce
HAVEN, a dedicated benchmark for evaluating and
analyzing video hallucinations.

3.1 Data Sources

Our video data comprises videos from three pub-
lic video datasets (COIN (Tang et al., 2019),
ActivityNet (Caba Heilbron et al., 2015), and
Sports1M (Kang and Wildes, 2016)) and 260 manu-
ally collected video clips from YouTube (YouTube).
All the questions and answers are manually anno-
tated by human experts. To ensure correctness,
each example is independently checked by at least
two annotators for answer correctness, category as-
signment, and video-grounding validity; disagree-
ments are adjudicated before inclusion. Further
annotation details and quality-control statistics are
provided in Appendix A.

3.2 Construction Protocol
As shown in Fig. 1, we first constructed a
dataset based on three dimensions—hallucination
causes, hallucination aspects, and question for-
mats—before implementing an automated evalua-
tion process along with two metrics.

3.2.1 Hallucination Causes
Drawing on and synthesizing insights from
prior hallucination studies in both LLMs and
VLMs (Choong et al., 2026; Guan et al., 2024d;
Han et al., 2019; Li et al., 2023a; Lin et al., 2022;
McKenzie et al., 2023; Ravichander et al., 2025;
Wang et al., 2024d; Wei et al., 2024; Zhang et al.,
2024a), we organize HAVEN around three opera-
tional hallucination-source categories: conflict with
prior, in-context conflict, and capability deficien-
cies. These categories summarize and unify com-
monly discussed hallucination factors in existing

MC

T/F

SA

47.8%

34.7%

17.4%

Answer: A

Answer: B

Answer: C

No Answer
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Figure 2: Question format distribution. Per-
centage share of each format-binary-choice (T/F),
multiple-choice (MC), and short-answer (SA)–and
the proportion occupied by the detailed answer.

literature into a taxonomy tailored for video under-
standing.
Conflict with Prior. When the content extracted
from the video contradicts the model’s inherent
prior knowledge acquired during training, the
model may rely on its prior knowledge learned
from established facts or widely accepted knowl-
edge, leading to incorrect responses that don’t align
with the provided information. Following prior
work on hallucination evaluation in VLMs (Guan
et al., 2024c; Li et al., 2023c), we approximate
model priors using commonly shared world knowl-
edge, as such knowledge is widely represented in
large-scale pretraining corpora. Based on this as-
sumption, prior-conflict examples are manually an-
notated as cases where the video evidence contra-
dicts expectations derived from world knowledge.
In-context Conflict. When task components con-
flict—such as discrepancies between the question
and options or between the video and the ques-
tions/answers—valid answers cannot be derived
from the given material. In such instances, the
model should indicate uncertainty by responding
with “I don’t know/no answers”. However, mod-
els prone to hallucination often produce fabricated
responses by focusing on limited contextual cues.
Capability Deficiencies. Most LMMs struggle
with numerical tasks, often leading to quantifica-
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tion errors in videos. For example, they might label
a scene as having four cars when there are actually
three, or miscount the number of people present.
Such inaccuracies can undermine the reliability of
video analysis due to incorrect quantitative details.

3.2.2 Hallucination Aspects
According to the components of a video, halluci-
nation aspects can be categorized into three types:
object, scene, and event hallucinations.
Object. Object hallucinations involve inaccura-
cies or fabrications related to the entities present in
the video. This primarily includes the presence of
objects, their inherent attributes such as size, color,
and shape, as well as the emotions of characters.
Scene. Scene hallucinations involve inaccuracies
related to the overall setting and environment of the
video. This includes errors concerning the back-
ground, location, season, time of day, lighting con-
ditions, and the general context in which events
take place. For example, a scene-level hallucina-
tion might mistakenly depict an indoor setting as
outdoor, alter the time of day, or misrepresent envi-
ronmental factors such as weather conditions.
Event. Event hallucinations involve distortions
or false representations of the actions and occur-
rences within the video. This includes inaccuracies
in the sequence of events, the nature of interactions
between characters, and the specific actions taking
place. For instance, an event-level hallucination
might depict a character performing an action that
does not actually occur in the video or misrepresent
the timing and order of events.

3.2.3 Question Types
We classify questions into three types: binary-
choice(T/F), multiple-choice(MC), and short-
answer(SA). Binary-choice questions are phrased
as interrogative sentences (e.g., “Is there a dog?”)
requiring a “yes” or “no” answer. Multiple-choice
question present a set of options, while short-
answer question need concise reply. For any ques-
tion that lacks a definitive answer, the LMM should
respond with “no answer” or “I don’t know.”.

3.3 Data Post-processing
To evaluate the inherent response biases of lan-
guage models—namely their predisposition toward
particular responses in binary-choice questions and
multiple-choice questions—we implement a sys-
tematic question transformation protocol. For each
binary question, we generate two complementary

Cause/Aspect Object Scene Event #Total

Prior Conflict 2162 686 1763 4569
In-context Conflict 94 82 404 538

Capability 1107 121 78 1156
#Total 3363 889 2245 6497

Table 2: The Statistics of HAVEN.

variants: one where “yes” is the correct answer
and another where “no” is correct. Similarly, we
transform each multiple-choice question into three
parallel versions, with each version designating
a different option (A, B, or C) as the correct an-
swer. This approach aims to neutralize potential
positional biases in model responses.

3.4 Dataset Statistics

As shown in Table 2 and Fig. 2, HAVEN con-
tains 6,497 questions. The three question for-
mats are distributed approximately in a 5:2:3 ra-
tio. The prior-conflict category accounts for the
largest share, while the three hallucination aspects
are distributed roughly as 3:1:2. This imbalance
mainly stems from the benchmark construction pro-
cess. Prior-conflict examples can often be identi-
fied from naturally occurring inconsistencies be-
tween visual evidence and commonly shared world
knowledge. In contrast, in-context conflict and
capability-deficiency examples typically require
more deliberate manual construction and tend to
become increasingly repetitive when scaled up. To
account for this bias, we report both overall and
category-level results.

Figure 3 shows the distribution of our data in
terms of duration, frame count, and question length.
The duration spans from 0 to 70 seconds, with most
instances falling within the 0–20 second interval.
The frame count ranges from 0 to 1200 frames,
with the majority concentrated between 0 and 400
frames. The question length is computed based on
the token count obtained via GPT-4 tokenizer, with
a dominant range of 10–15 tokens.

The main comparison between HAVEN and ex-
isting benchmarks is presented in Table 1. As it
shows, HAVEN is the largest and most comprehen-
sive benchmark, covering different hallucination
causes, hallucination aspects, and question types.
Importantly, HAVEN is not merely an aggregation
of existing resources but a unified evaluation frame-
work that integrates multiple hallucination dimen-
sions within a single cohesive benchmark. This
systematic approach allows us to conduct cross-
dimensional analyses under unified protocols, un-
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Figure 3: Distribution of duration time, frame count, and question length.

covering novel patterns and interactions between
different hallucination types that were previously
obscured when studied in isolation.

4 Analysis of Video Hallucination
4.1 Settings
We evaluated 17 LMMs in total: one 3B model,
nine 7B models, three 13B models, one 34B model,
and three API models. To ensure a fair compar-
ison, we maintained the original settings for all
baselines, including frame counts and generation
hyperparameters. Details of these LMMs can be
found in Appendix D.

4.2 Hallucination Evaluation
Table 3 demonstrates a performance comparison of
various LMMs in hallucination evaluation across
different dimensions with accuracy. Higher scores
represent lower levels of hallucination. The evalua-
tion results are categorized into three causes (prior
conflict, in-context conflict, and capability defi-
ciencies), with each category assessing three video
aspects (object, scene, and event).

GPT-5.1 achieves the best overall performance
with 74.11% accuracy, outperforming OpenAI
o1 (68.24%) and GPT-4o (63.34%), particu-
larly on prior-conflict and capability-related ques-
tions. In contrast, Video-LLaMA-2-13B and
VideoChatGPT-7B show the weakest performance,
particularly struggling with in-context conflict sit-
uations. We present some failure cases in Fig. 11
and 12 of Appendix.

4.3 Consistency Evaluation
Table 4 shows consistency evaluation with bias
scores, where lower values indicate better per-
formance. GPT-5.1 achieves the lowest overall
bias score (13.33%), outperforming OpenAI o1
(27.03%) and Qwen2.5-VL-3B-Instruct (27.66%).
It also performs best on binary-choice tasks, while
Qwen2.5-VL-3B-Instruct achieves the lowest bias

on multiple-choice tasks. In contrast, VideoChat2-
7B and PLLaVA-7B showed the weakest perfor-
mance in consistency evaluations.

4.4 Influential Factors of Hallucination
We analyzed seven influential factors affecting hal-
lucinations, as follows:
Length of Videos and Questions. To analyze
the relationship between LMM hallucination and
various factors of input data, we conducted an anal-
ysis examining how accuracy varies with respect to
video duration, frame count, and question length.
As illustrated in Fig. 4, an increase in video dura-
tion or frame count initially enhances performance,
but beyond a certain point, the performance de-
clines. This trend may be attributed to the fact
that longer videos provide additional information;
however, if the video is too long, the model may
fail to sample the most relevant frames, leading to
information loss.

Conversely, as the length of the question text
increases, the model’s performance consistently
deteriorates, possibly because the additional textual
information shifts the model’s multimodal attention
toward the text, diverting it away from the visual
content. To empirically verify this, we conducted a
further analysis using Qwen2.5-VL averaged over
10 samples. As shown in Fig. 6a, visual attention
notably decays as prompt length increases, while
Fig. 6b reveals that the output similarity between
real and blank videos rises to a high saturation level.
These trends indicate that excessive text causes
the model to marginalize visual inputs in favor of
textual priors, driving the observed performance
drop.

Sampling Number of Frames. As video infor-
mation is frame-dependent, we examine the rela-
tionship between the number of sampled frames
and model performance. We choose three mod-
els to demonstrate overall trends with mean val-
ues and variances. Fig. 7 shows that model hallu-
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Model/Type Prior In-context Capability Total
Object Scene Event Object Scene Event Object Scene Event

VideoChatGPT-7B(Maaz et al., 2024b) 34.78 43.88 38.00 17.02 13.41 17.57 32.52 47.11 20.51 34.69
Valley-Eagle-7B (Wu et al., 2025) 68.55 75.95 63.52 24.47 43.90 15.10 57.36 55.37 47.43 61.29
VideoLLaVA-7B (Lin et al., 2024) 47.55 57.29 50.59 14.89 12.19 10.15 35.68 33.88 34.61 43.73
VideoChat2-7B (Li et al., 2025a) 43.20 48.98 43.00 30.85 26.83 26.00 26.74 28.92 33.33 39.11

ShareGPT4Video (Chen et al., 2024b) 51.48 62.24 48.27 17.02 19.51 8.91 43.00 38.84 32.05 46.28
LLaMA-VID-7B (Li et al., 2024c) 48.75 56.71 50.09 20.21 21.95 21.78 37.76 42.98 29.49 45.31
LLaMA-VID-13B (Li et al., 2024c) 47.82 54.23 49.29 12.76 29.26 5.20 40.65 38.01 32.05 43.91

PLLaVA-7B (Xu et al., 2024a) 44.26 60.93 41.41 20.21 37.80 9.90 43.63 15.70 32.05 40.17
PLLaVA-13B (Xu et al., 2024a) 62.02 69.39 56.55 21.28 50.00 15.10 48.60 46.28 44.87 54.87

Qwen2.5-VL-3B-Instruct (Team, 2025) 52.36 65.31 49.12 20.21 37.80 5.20 43.63 15.70 32.05 46.85
Qwen2.5-VL-7B-Instruct (Team, 2025) 55.97 60.05 50.25 20.21 32.93 8.66 53.39 44.63 34.61 50.19

LLaVA-NeXT-Video-DPO-7B (Zhang et al., 2024c) 49.35 57.58 49.86 15.96 31.71 12.62 38.12 43.80 41.03 45.25
LLaVA-NeXT-Video-DPO-34B (Zhang et al., 2024c) 52.59 60.79 47.42 22.34 34.15 7.67 45.17 41.32 26.92 46.81

Video-LLaMA-2-13B (Cheng et al., 2024) 28.95 40.96 30.80 11.70 9.76 12.62 16.71 21.49 26.92 26.97
GPT-4o-mini (Hurst et al., 2024) 52.87 59.47 54.79 58.51 64.63 62.13 63.50 52.89 60.26 56.80

GPT-4o (Hurst et al., 2024) 64.62 65.25 59.19 63.37 67.46 64.12 66.45 55.97 63.97 63.34
OpenAI o1 (Jaech et al., 2024) 69.38 72.59 63.61 65.86 69.27 65.28 72.85 60.05 67.73 68.24

GPT-5.1 (OpenAI, 2026) 77.85 76.58 77.87 64.29 70.00 61.82 64.96 77.78 53.85 74.11

Table 3: Hallucination Evaluation. Accuracy of LMMs on questions of different hallucination targets
across three causes. The bold indicates the best performance, and the underline indicates the second-best.
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Figure 4: The impact of video duration, frame count, and question length on LMM hallucination.

Model/Type Binary-choice Multiple-choice Total

VideoChatGPT-7B 57.58 39.19 46.97
Valley-Eagle-7B 42.41 17.99 28.31
VideoLLaVA-7B 59.08 43.62 50.16
VideoChat2-7B 52.43 49.75 50.88

ShareGPT4Video 60.11 20.90 37.48
LLaMA-VID-7B 52.15 40.20 45.25
LLaMA-VID-13B 59.83 30.75 43.05

PLLaVA-7B 61.14 42.51 50.38
PLLaVA-13B 52.62 24.02 36.11

Qwen2.5-VL-3B-Instruct 41.67 17.39 27.66
Qwen2.5-VL-7B-Instruct 48.50 19.90 31.99

LLaVA-NeXT-Video-DPO-7B 51.13 41.41 45.52
LLaVA-NeXT-Video-DPO-34B 49.06 18.90 31.65

Video-LLaMA-2-13B 66.48 24.32 42.14
GPT-4o-mini 34.08 29.95 31.69

GPT-4o 35.46 31.54 33.19
OpenAI o1 32.36 23.14 27.03

GPT-5.1 8.51 30.77 13.33

Table 4: Consistency Evaluation

cinations first decrease then increase with more
frames, as performance gains from extra con-
text are eventually offset by the train-test frame-
count mismatch. This phenomenon is particu-
larly pronounced in models trained with fixed
frame counts (e.g., VideoLLaVA-7B with 8 frames,
Video-LLaMA-2 with 16 frames), while models
using dynamic frame sampling strategies show
greater robustness to frame count variations. Fig. 8

demonstrates that Qwen2.5-VL achieves consis-
tent gains as frame counts increase, showing no
performance decay and peaking with 32 frames.

Model Size. Fig. 9 illustrates how accuracy and
bias scores change as parameter number increases
across different model categories. We selected four
distinct types of models across various sizes and
presented the regression lines. Most LMMs fit the
trend that larger models tend to experience fewer
hallucinations and exhibit lower levels of bias, al-
though a few LMMs don’t align perfectly.

Co-impact of Each Two Dimensions. In Fig. 5,
we visualize the co-impact of each pair of dimen-
sions by calculating the average accuracy across
all models for corresponding categories in each di-
mension pair. The results demonstrate that halluci-
nations caused by in-context conflicts consistently
show the most significant impact across all combi-
nations. Additionally, short-answer questions con-
sistently exhibit lower performance scores across
all combinations.

Chain-of-Thought Reasoning. To explore
whether enhanced reasoning capabilities could
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Figure 5: Accuracy heatmap along two dimensions.
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Figure 6: Quantitative Analysis of Textual Diver-
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(a) visual attention allocation and (b) the model’s
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Figure 7: Relationship between number of sam-
pling frames and model performance for model
trained with fixed frame counts.

reduce model hallucinations, we conducted a
comparative study of three LMMs, evaluating
their performance before and after implementing
Chain-of-Thought (Wei et al., 2022)(CoT) by
appending the prompt “Let’s think step by step.”
to the original question. As shown in Table 5, all
LMMs demonstrated improved accuracy via CoT,
indicating reduced hallucinations. Additionally,
bias scores decreased for the majority of LMMs,
suggesting improved consistency.

Figure 8: Relationship between number of sam-
pling frames and model performance for model
trained with dynamic frame counts.
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Figure 9: Model size vs. performance.

5 Mitigating Video Hallucination
As shown in Section 4.4, CoT may offer a path to
enhance the reliability of LMMs by promoting step-
wise, verifiable inference. We thereby explore two
reasoning strategies for video understanding: (1)
text-based reasoning, which strengthens long CoT
to encourage iterative thinking and self-revision;
and (2) video-based reasoning, which encourages
the LMMs to actively leverage external tools to
perform frame-level video processing for visual
exploration and reasoning. Figure 10 provides an
overview of our approach.

5.1 Text-based Reasoning
The o1-like large reasoning models (LRMs) (Jaech
et al., 2024; Guo et al., 2025; Team et al., 2025)
have demonstrated that long text CoT can signifi-
cantly improve the reasoning capabilities of large
models by revealing their thinking process. Hence,
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Figure 10: Our two reasoning-based strategies for mitigating video hallucinations. Top: text-
based reasoning via rejection fine-tuning (RFT) and segment-weighted DPO for fine-grained preference
learning (PL). Bottom: video-based reasoning with frame-level tool augmentation—SFT on tool-usage
trajectories followed by Hallucination-aware Group Relative Policy Optimization (HGRPO) with accuracy,
hallucination, and tool-use rewards.

Model/Type Accuracy ↑ Bias Score ↓

PLLaVA-7B 40.17 50.38
+CoT 44.95 40.38

LLaMA-VID-7B 45.31 45.25
+CoT 46.05 50.20

LLaVA-NEXT-Video-7B 45.25 45.52
+CoT 49.56 45.15

Qwen2.5-VL-3B-Instruct 46.85 27.66
+CoT 50.49 31.89

Qwen2.5-VL-7B-Instruct 50.25 31.99
+CoT 53.98 29.97

Table 5: Comparison of the model before/after in-
corporating CoT.

we begin by unlocking reasoning abilities via RFT
on reasoning datasets distilled from LRMs, and
subsequently minimize hallucinations through Pref-
erence Learning (PL).
Unlocking Reasoning Ability. To unlock the rea-
soning capabilities of LMMs, a straightforward

and efficient method is RFT with distilled rea-
soning data (Guo et al., 2025) from video o1-
like models (Feng et al., 2025; Li et al., 2025b;
Zhang et al., 2025). The reasoning dataset D =
{(vi, xi, ri)}Ni=1 is constructed by feeding video-
question pairs (vi, xi) to o1-like models to obtain
appropriate responses ri through reject sampling.
Specifically, we generate K candidate responses
{rk}Kk=1 per sample using temperature sampling
and select the first candidate response satisfying
F(r) = I[correct(r) ∧ length(r) ≤ τlen]. In
our work, we leverage OpenAI o1 (Jaech et al.,
2024) to generate reasoning outputs for video-
text inputs, enhancing the reasoning capabilities
of LMMs. During RFT, we optimize model pa-
rameters θ by minimizing the cross-entropy loss
LRFT = −

∑N
i=1 log pθ(ri|vi, xi) over the video-

text-reasoning triplets in D.

PL on Hallucination. Although RFT endows the
LMMs with reasoning capability, the reasoning
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Model/Type Prior In-context Capability Total
Object Scene Event Object Scene Event Object Scene Event

GPT-4o-mini 52.87 59.47 54.79 58.51 64.63 62.13 63.50 52.89 60.26 56.80
GPT-4o 64.62 65.25 59.19 63.37 67.46 64.12 66.45 55.97 63.97 63.34

OpenAI o1 69.38 72.59 63.61 65.86 69.27 65.28 72.85 60.05 67.73 68.24
GPT-5.1 77.85 76.58 77.87 64.29 70.00 61.82 64.96 77.78 53.85 74.11

PLLaVA 44.26 60.93 41.41 20.21 37.80 9.90 43.63 15.70 32.05 40.17
+CoT 49.44 53.50 44.13 35.10 58.54 38.37 36.77 33.88 29.49 44.95

LLaMA-VID-7B 48.75 56.71 50.09 20.21 21.95 21.78 37.76 42.98 29.49 45.31
+CoT 50.04 58.45 50.54 24.47 25.61 26.98 35.50 39.67 30.77 46.05

LLaVA-NeXT-Video-DPO-7B 51.48 62.24 48.27 17.02 19.51 8.91 43.00 38.84 32.05 45.25
+CoT 52.08 64.28 50.88 36.17 51.22 34.41 41.01 47.93 37.18 49.56

Qwen2.5-VL-3B-Instruct 52.36 65.31 49.12 20.21 37.80 5.20 43.63 15.70 32.05 46.85
+CoT 53.91 67.51 51.46 31.06 54.86 32.34 42.36 36.09 34.81 50.49

+Text Reasoning 56.42 69.26 52.75 36.47 56.68 38.14 44.16 37.64 35.08 52.66
+Video Reasoning 58.16 68.14 52.36 35.28 56.14 40.14 46.78 38.08 36.85 53.59

Qwen2.5-VL-7B-Instruct 55.97 60.05 50.25 20.21 32.93 8.66 53.39 44.63 34.61 50.19
+CoT 58.07 62.93 52.98 39.06 56.48 36.06 51.74 46.29 37.36 53.98

+Text Reasoning 62.63 64.57 58.52 58.56 59.48 41.62 56.15 52.64 46.43 58.83
+Video Reasoning 63.45 63.56 60.65 56.43 58.27 42.65 60.43 52.18 49.62 60.35

Table 6: Hallucination evaluation of base models trained by two strategies compared with other LMMs.

process still exhibits hallucinations. Drawing in-
spiration from fine-grained PL in RLHF-V (Yu
et al., 2024b), we consider this approach partic-
ularly well-suited for reducing hallucinations in
reasoning steps for two key reasons: hallucina-
tions typically appear as isolated incorrect items
within the CoT, and reasoning steps have natural
segmentation that allows us to assign different pref-
erence weights based on each segment’s hallucina-
tion severity. Therefore, we use segment-weighted
DPO method tailored for the reasoning process
for fine-grained PL. Given a video v and a corre-
sponding question x, we initially employ the LMM
to generate a response y. We then construct pref-
erence data D = (xi, vi, y

+
i , y

−
i )

N

i=1 where y− is
the original model-generated response, and y+ is
the manually revised response with hallucinated
reasoning steps removed or modified. We score
the response as a weighted aggregation of the fine-
grained thinking segments. Specifically, the likeli-
hood of generating an output response y given an
input question x and video v is defined as:

log π(y|x, v) = K

[ ∑
yi∈yo

log p
(
yi | x, v, y<i

)
+ γ

∑
yi∈yh

log p
(
yi | x, v, y<i

)] (1)

where yo and yh respectively denote the token sets
corresponding to the original and human-corrected
segments. Unlike the standard DPO—which uses

the likelihood log π(y | x, v) =
∑

yi∈y log p(yi |
x, v, y<i) as action score—treats all segments
equally, the segment-weighted DPO assigns greater
weight to the corrected reasoning steps, thereby re-
inforcing the human preference for responses that
are factually grounded. Tradeoff hyperparameter
γ can increase the emphasis on the corrected seg-
ments. As with RLHF-V, we also use normaliza-
tion constant, K = 1/(|yo| + γ|yh|), where |yo|
and |yh| denotes length of the original and human
corrected segments, preventing longer responses
from receiving disproportionately high scores.

5.2 Video-based Reasoning
Text-only CoT can not compensate for missing or
noisy visual evidence, especially in long videos.
Prior work (e.g., OpenAI o3 (OpenAI, 2025))
shows that augmenting LMMs with tools like crop-
ping and zooming improves visual understanding.
We extend this idea to video by adding frame-level
tool augmentation to reduce hallucinations via tar-
geted frame extraction. Concretely, we equip the
model with a frame-level tool interface supporting
three operations—temporal interval segmentation,
replay, and bidirectional temporal sliding— to ac-
tively retrieve and reason with visual evidence.

Learning to Use Tool. We construct a multi-
round tool-augmented reasoning pipeline for data
generation with three operations: (i) tempo-
ral interval segmentation (select a subclip by
start–end timestamps), (ii) replay (re-examine
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a specific frame in the video sequence), and
(iii) bidirectional temporal sliding (shift the
interval forward/backward to locate missing
cues). Given a video–question pair (V0, T0),
the agent iteratively produces a trajectory τ =
{T1, C1, V1, . . . , Tn, An} across n rounds, where
Ti is textual reasoning, Ci is a structured tool call
(operation + parameters), and Vi is the returned vi-
sual evidence. At round k, the LMM consumes the
history {Ti, Ci, Vi}ki=0 and outputs Ok = fLMM(·),
which is parsed into the next reasoning–tool tu-
ple (Tk+1, Ck+1) = p(Ok); the toolbox executes
Ck+1 and yields Vk+1 = gtool(Ck+1). For each
sample, we generate K = 5 responses with temper-
ature τ = 1.0 to diversify trajectories, and retain
only moderately difficult instances by discarding
cases where all responses succeed or all fail. This
data generation process creates a supervised fine-
tuning dataset Dtool = {(Vi, Ti, τi)}Ni=1 containing
video-question pairs paired with successful tool-
usage trajectories. We then perform supervised
fine-tuning on this dataset to teach the LMM when
and how to leverage the frame-level tools for en-
hanced video understanding, optimizing the cross-
entropy loss LSFT = −

∑N
i=1 log pθ(τi|Vi, Ti) to

align the model’s behavior with the demonstrated
tool-usage patterns.

Reinforce Tool Using. Unlike CoT, tool re-
sponse provides accurate and reliable visual ev-
idence without introducing excessive hallucina-
tions. Moreover, SFT alone is insufficient to en-
dow LMMs with the capability to actively explore
and leverage visual evidence for enhanced rea-
soning. Therefore, we further optimize tool uti-
lization through reinforcement learning with our
HGRPO algorithm. For each sample, we gener-
ate G = 8 rollouts and compute rewards R(τ) =
Racc(τ) + Rhall(τ) + Rtool(τ). The accuracy re-
ward Racc(τ) measures how well the model’s fi-
nal answer matches the ground truth. The hal-
lucination penalty Rhall(τ) detects and penalizes
reasoning steps that cannot be fully supported by
the corresponding visual evidence. We employ
an ensemble of LMMs as hallucination evalua-
tors that collectively assess whether each reasoning
step can be completely justified by its associated
video segment. The evaluation process uses ma-
jority voting among multiple LMMs to determine
hallucination instances, computing: Rhall(τ) =

−α
∑|S|

i=1 I
[

1
M

∑M
j=1 hj(si, vi) > 0.5

]
, where si

represents the i-th reasoning step, vi is its corre-

sponding extracted video segment, M is the num-
ber of evaluator LMMs, hj(si, vi) ∈ {0, 1} indi-
cates whether the j-th evaluator judges step si as
hallucinated given visual evidence vi, and α con-
trols the penalty strength. The indicator function
triggers when the majority of evaluators flag a rea-
soning step as unsupported by its visual context.
The tool reward Rtool(τ) incentivizes successful
tool calls that retrieve relevant visual evidence to
ground the reasoning. LMM is optimized by:

JHGRPO(θ) =

E(v,x)∼D,{τk}G
k=1∼πθold

[
1

G

G∑
k=1

πθ(τ
k|v, x)

πθold(τ
k|v, x)

Ak

− βDKL(πθ∥πref)

]
(2)

where advantages Ak are computed from these
hallucination-aware rewards, enabling the model to
learn when and how to leverage tools for reducing
hallucinations in video understanding.

5.3 Experiment Result

Main Result. We adopt the 3B and 7B versions
of Qwen2.5-VL-Instruct as our base models to
evaluate the proposed reasoning strategies. As
shown in Table 6, compared with the base mod-
els, video-based reasoning strategy achieves 6.74%
and 10.16% improvement for the 3B and 7B ver-
sions respectively. Table 7 presents the consistency
evaluation results measured by bias scores, where
video-based reasoning strategy achieves 0.28% and
4.89% bias score reduction compared with the base
models. Notably, video-based reasoning strategy
consistently outperforms text-based reasoning strat-
egy across both metrics and model sizes. Both pro-
posed methods demonstrate substantial superior-
ity over CoT. Furthermore, video-based reasoning
strategy also maintains a competitive advantage
over API models like GPT-4o-mini.

Ablation on Text-based Reasoning. To investi-
gate the individual contributions of different com-
ponents in our text-based reasoning strategy, we
conduct ablation studies examining the necessity
of both RFT and PL stages. As shown in Table 8,
applying only RFT without PL achieves lower per-
formance than the full strategy. This demonstrates
that while RFT equips models with reasoning ca-
pabilities, the PL stage is essential for eliminating
hallucinated content within the reasoning process
through segment-weighted preference optimization.
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Model/Type Binary-choice Multiple-choice Total

GPT-4o-mini 34.08 29.95 31.69
GPT-4o 35.46 31.54 33.19

OpenAI o1 32.36 23.14 27.03
GPT-5.1 8.51 30.77 13.33

PLLaVA 61.14 42.51 50.38
+CoT 48.32 34.56 40.38

LLaMA-VID-7B 52.15 40.20 45.25
+CoT 65.70 38.86 50.20

LLaVA-NeXT-Video-DPO-7B 51.13 41.41 45.52
+CoT 56.84 36.58 45.15

Qwen2.5-VL-3B-Instruct 41.67 17.39 27.66
+CoT 43.46 23.42 31.89

+Text Reasoning 40.12 21.26 29.23
+Video Reasoning 39.41 18.56 27.38

Qwen2.5-VL-7B-Instruct 48.50 19.90 31.99
+CoT 45.14 18.86 29.97

+Text Reasoning 42.57 18.04 28.41
+Video Reasoning 39.94 17.69 27.10

Table 7: Consistency evaluation of base models
trained by two strategies vs. other LMMs.

Method Stage Accuracy ↑ Bias Score ↓

Qwen2.5-VL-7B-Instruct Base 50.19 31.99

Text Reasoning
+RFT 55.26 32.28

+RFT&DPO 58.83 28.41

Video Reasoning
+Toolbox 52.41 33.26

+SFT 55.58 30.85
+SFT&RL 60.35 27.10

Table 8: Ablation of both reasoning strategies.

Ablation on Video-based Reasoning. We con-
duct ablation studies on our video-based reason-
ing approach to examine the effectiveness of su-
pervised tool usage learning and HGRPO. As
shown in Table 8, using only supervised tool us-
age learning achieves limited improvements com-
pared with the complete pipeline, confirming that
supervised learning establishes fundamental tool
usage patterns while HGRPO refines these behav-
iors through hallucination-aware rewards, making
both components indispensable. Interestingly, sim-
ply providing tool usage without training can yield
measurable performance gains, highlighting the
inherent value of tool availability in our strategy.

6 Conclusion
In this study, we present HAVEN, a comprehen-
sive benchmark for evaluating hallucinations in
video understanding for LMMs, featuring 6,497
questions across three key dimensions. Exten-
sive evaluation across 18 models reveals insights
into how factors such as video/question length,
frame sampling and model size collectively im-
pact model hallucinations. Furthermore, We pro-
pose two reasoning-based mitigation strategies:
(1) text-based reasoning with long-CoT RFT and
segment-weighted DPO, and (2) video-based rea-

soning using a tool-augmented reasoning pipeline
with HGRPO optimization. Both strategies effec-
tively improve hallucination evaluation accuracy
and reduce bias scores effectively.
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A Annotation Details and Quality Control

Annotation Team. The annotation process was
conducted by a team of six annotators with research
backgrounds in multimodal large language models
(MLLMs), computer vision, and natural language
processing. The team consisted of two undergradu-
ate annotators, two graduate annotators (Master’s
and Ph.D. students), and two senior annotators who
served as adjudicators during the annotation pro-
cess.

• Primary Annotators. The primary annota-
tion team consisted of two undergraduate an-
notators and two graduate annotators (Mas-
ter’s and Ph.D. students). All annotators com-
pleted the same training program before for-
mal annotation. The undergraduate annotators
had prior research experience in multimodal
learning, while the graduate annotators each
had more than two years of research experi-
ence in multimodal learning and prior experi-
ence in vision-language dataset construction,
annotation, and evaluation.

• Senior Annotators. The two senior annota-
tors had extensive experience in multimodal
dataset construction, large-scale data quality
control, and MLLM research. Throughout the
annotation process, they were responsible for
reviewing difficult cases, resolving annotation
disagreements, adjudicating conflicting labels,
and maintaining consistency across hallucina-
tion categories and annotation criteria.

Annotator Training. All annotators underwent
guideline training and participated in pilot annota-
tion sessions to align their understanding of halluci-
nation definitions, category boundaries, and video-
grounding requirements. Representative examples
from all hallucination categories were reviewed
collectively, and annotators discussed challenging
cases to establish consistent annotation standards
before large-scale annotation began.

Video Preprocessing. Before annotation, all
source videos underwent a preprocessing stage.
Videos with severe visual corruption, missing con-
tent, duplicated segments, or insufficient visual
evidence were removed. To reduce distractions
from irrelevant context, each video was temporally
trimmed to retain only the segment necessary for
answering the target question.

Annotation Procedure. Each example in
HAVEN was constructed following a predefined
hallucination annotation framework. Annotators
first reviewed the video and identified visual
evidence corresponding to a target hallucination
category and hallucination-aspect category.
The identified evidence served as the basis for
subsequent question construction.

After grounding the relevant evidence, annota-
tors designed a probing question intended to expose
a specific type of hallucination behavior. Questions
were required to be answerable solely from the
video content and to focus on the targeted hallu-
cination phenomenon. Annotators then manually
wrote a reference answer strictly grounded in the
observed visual evidence, avoiding the use of ex-
ternal knowledge or subjective interpretation.

Following the initial annotation stage, all
question-answer pairs entered a multi-stage quality
control pipeline.

Quality Control. To ensure annotation quality
and category consistency, every question-answer
pair was independently reviewed by at least two
annotators.

After the initial annotation, each example was
cross-checked by a second annotator, who inde-
pendently verified the visual evidence, reference
answer, hallucination category, and hallucination-
aspect category. Reviewers verified the correctness
of the visual evidence, reference answer, halluci-
nation category, and hallucination-aspect category.
When disagreements were identified during cross-
checking, the example was forwarded to a senior
annotator for adjudication.

Final labels were determined through discussion
and consensus. Examples that remained ambiguous
after adjudication, or for which a unique category
assignment could not be established with sufficient
confidence, were excluded from the benchmark.

Annotation Statistics. The average inter-
annotator agreement was 88.3%. During
adjudication, 972 examples (13%) were removed
because they could not be assigned to a category
unambiguously.

B Evaluation Details

Our evaluation is conducted using GPT-4o (Hurst
et al., 2024) by comparing human-generated an-
swers with model responses to determine correct-
ness.
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For models using CoT, we found that long rea-
soning process might affect GPT-4o’s judgment
in multiple-choice and binary-choice questions.
Therefore, we first use GPT-4o to extract a con-
cise answer from the model’s reasoning process
based on the given options in the question. Then,
we can conduct our evaluation based on the extract
answer. For multiple-choice questions, we let GPT-
4o directly assess whether the model’s response
aligns with the intended meaning of the correct
answer based on its reasoning process. Multiple-
choice questions are evaluated using the prompt in
Table 10, binary-choice questions using the prompt
in Table 11, and short-answer questions using the
prompt in Table 12.

For models without CoT, responses can be di-
rectly compared using GPT-4o. Multiple-choice
questions are evaluated using the prompt in Ta-
ble 14, binary-choice questions using the prompt
in Table 13, and short-answer questions using the
prompt in Table 15.

C Reliability of Automatic Evaluation

To assess the reliability of GPT-4o as an automatic
evaluator, we conduct a human audit on a held-
out subset of model responses. The goal is to ver-
ify whether GPT-4o judgments are consistent with
human assessment when evaluating hallucination-
related responses in HAVEN.

Human Audit Setup. We sample responses
from three representative MLLM families, namely
Qwen, LLaVA-NeXT-Video, and GPT-4o-mini.
For each model family, we randomly select 1,200
responses, resulting in a total of 3,600 audited sam-
ples. To ensure that the audit subset remains repre-
sentative of the benchmark, the sampled questions
follow the same distribution as the full benchmark.
Specifically, binary-choice (BC), multiple-choice
(MC), and short-answer (SA) questions are sam-
pled according to the original 5:2:3 ratio.

Human Evaluation Protocol. The sampled re-
sponses are independently evaluated by the two
graduate annotators. Annotators are instructed to
determine whether a model response is semanti-
cally consistent with the corresponding reference
answer under the same evaluation rubric used by
GPT-4o.

For BC and MC questions, responses are consid-
ered correct if they clearly express the semantics of
the correct option, regardless of the exact wording

used. For SA questions, annotators assess whether
the response is factually supported by the video ev-
idence and semantically equivalent to the reference
answer.

Disagreements between human annotators are
resolved through discussion, and the resulting con-
sensus labels are treated as the reference judgments
for reliability analysis.

Agreement with Human Evaluation. Table 9
reports the agreement between GPT-4o and human
evaluation. GPT-4o achieves an overall agreement
of 96.31% with human evaluation. Agreement re-
mains consistently high across all question formats,
reaching 96.78% for BC questions, 98.47% for MC
questions, and 94.07% for SA questions. Most dis-
agreements arise from short-answer responses that
are partially correct, underspecified, or expressed
using uncommon wording.

Overall, these results support the use of GPT-4o
as a scalable evaluator for HAVEN while highlight-
ing the importance of answer extraction for reliable
assessment of free-form reasoning outputs.

Subset #Samples Agreement (%)

Overall 3600 96.31
BC 1800 96.78
MC 720 98.47
SA 1080 94.07

Table 9: Agreement between GPT-4o evaluation
and human auditing on the held-out subset. BC,
MC, and SA denote binary-choice, multiple-choice,
and short-answer questions, respectively.

D Implementation Details of the LMMs

The LMMs evaluated in our experiment are listed
as follows:

The open-source models Video-ChatGPT (Maaz
et al., 2024b), Valley-Eagle (Wu et al., 2025),
Video-LLaVA (Lin et al., 2024), VideoChat2
(Li et al., 2025a), ShareGPT4Video (Chen
et al., 2024b), LLaMA-VID (Li et al., 2024c),
PLLaVA (Xu et al., 2024a), LLaVA-NEXT-Video-
DPO (Zhang et al., 2024c), and Video-LLaMA2
(Cheng et al., 2024), all of which strictly follow
the protocol proposed in VideoHallucer (Wang
et al., 2024d): each model uses the default frame-
sampling rate and input resolution reported in its
original paper, and no additional prompt engineer-
ing or post-processing is applied to guarantee fair
comparison.
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In addition, we evaluate both the 3B and 7B vari-
ants of Qwen2.5-VL-Instruct (Team, 2025), which
sample 2 frames per second from each video as
visual input.

For the API models GPT-4o (Hurst et al., 2024)
and OpenAI o1 (Jaech et al., 2024), we uniformly
sample 32 frames from each video and resize them
to 768 pixels while preserving the original aspect
ratio, with all other parameters kept at their default
settings.
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Binary-Choice:

(1) Extracting Answer:
This is a multiple-choice question. Based on the given question and reasoning process, extract the
corresponding answer of the reasoning process.
Question: {question[idx]}
Reasoning Process: {res[idx]}
Instructions:
1. Identify the correct answer based on the reasoning process.
2. If the reasoning process explicitly states ”yes” or ”no”, return direct ”yes” or ”no”
3. If the reasoning process concludes that the correct answer is ”no answer” or ”I don’t know”,
return ”no answer”.
5. Return only the final ”yes” or ”no”, without explanation or additional text.

(2) Judging:
You are a professional homework grading tool. I will provide you with four rules for grading
1. This is a yes/no question. The Standard Answer is only Yes/No, please directly compare the
standard answer with ’yes’ or ’no’ in the predicted answer.
2. No matter what kind of questions, only response with one of 1 or 0. No more explaination.
3. 1 means correct (they are the same), 0 means wrong (they are different).
For example, if the prediction conveys the same meaning as the standard answer, you should respond
with 1.
Based on the question, is the prediction correct? If yes, only return 1, otherwise only return 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {extract answer}

Table 10: The evaluation prompts for Binary-Choice questions employed in the experiment for models
with CoT.
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Multiple-Choice:

(1) Extracting Answer:
This is a multiple-choice question. Based on the given question and reasoning process, extract the
corresponding answer of the reasoning process.
Question: {question[idx]}
Reasoning Process: {res[idx]}
Instructions:
1. Identify the correct answer based on the reasoning process.
2. If the reasoning process directly mentions one of the given choices (A, B, or C), return the
corresponding letter along with the full text of that option (e.g., ”A. Option text”).
3. If the reasoning process provides an answer that does not explicitly mention A, B, or C, compare
its meaning to the given choices and return the best-matching option in the format ”Letter. Option
text”.
4. If the reasoning process concludes that the correct answer is ”no answer” or ”I don’t know”,
return ”no answer”.
5. Return only the final answer, without explanation or additional text.
6. Foucs more on the final summary sentence.

(2) Judging:
You are a professional homework grading tool. I will provide you with four rules for grading:
1. This is a multiple-choice question. Judge the correctness based on selected letter and actual
content of the provided answers.
2. Regardless of the question type, respond only with either 1 or 0, without any additional
explanation.
3. 1 means the prediction is correct, and 0 means it is incorrect.
4. If the predicted answer matches the correct answer in meaning, even if it is phrased differently,
consider it correct.
For example, if the prediction conveys the same meaning as the standard answer, you should respond
with 1.
Based on the question and its standard answer, is the prediction correct? If yes, return only 1;
otherwise, return only 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {extract answer}

Table 11: The evaluation prompts for multiple-choice questions employed in the experiment for models
with CoT.
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Short-Answer:

You are a professional homework grading tool. I will provide you with four rules for grading
1. The Standard Answer is a sentence. Compare the provided predicted answers based on their
meaning rather than exact wording. The prediction is correct if it conveys the same intent.
2. If the question asks about identity or species, the predicted answer is correct as long as the core
identity or species is correct, even if descriptive adjectives differ.
3. If the question asks about a scene, the predicted answer is correct if the described scene exists in
the standard answer or is similar.
4. If the answer indicates that the asked character, object or event is not visible or does not exist, it
should be considered as ”No answer.”
5. Regardless of the question type, respond only with either 1 or 0, without any additional
explanation.
6. 1 means correct, and 0 means incorrect.
For example, if the prediction conveys the same meaning as the standard answer, even if phrased
differently, you should respond with 1.
Based on the question, is the prediction correct? If yes, return only 1; otherwise, return only 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {res[idx]}

Table 12: The evaluation prompts for Short Answer questions employed in the experiment for models
with CoT.

Binary-Choice:

You are a professional homework grading tool. I will provide you with four rules for grading:
1. This is a yes/no question. The Standard Answer is only Yes/No, please directly compare the
standard answer with ’yes’ or ’no’ in the predicted answer.
2. No matter what kind of questions, only response with one of 1 or 0. No more explanation.
3. 1 means correct (they are the same), 0 means wrong (they are different).
For example, if the prediction conveys the same meaning as the standard answer, you should respond
with 1.
Based on the question, is the prediction correct? If yes, only return 1, otherwise only return 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {extract answer}

Table 13: The evaluation prompts for Binary-Choice questions employed in the experiment for models
without CoT.
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Multiple-Choice:

You are a professional homework grading tool. I will provide you with four rules for grading:
1. This is a multiple-choice question. Judge the correctness based on the selected letter and actual
content of the provided answers.
2. Regardless of the question type, respond only with either 1 or 0, without any additional
explanation.
3. 1 means the prediction is correct, and 0 means it is incorrect.
4. If the predicted answer matches the correct answer in meaning, even if it is phrased differently,
consider it correct.
For example, if the prediction conveys the same meaning as the standard answer, you should respond
with 1.
Based on the question and its standard answer, is the prediction correct? If yes, return only 1;
otherwise, return only 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {extract answer}

Table 14: The evaluation prompts for multiple-choice questions employed in the experiment for models
without CoT.

Short-Answer:

You are a professional homework grading tool. I will provide you with four rules for grading
1. The Standard Answer is a sentence. Compare the provided predicted answers based on their
meaning rather than exact wording. The prediction is correct if it conveys the same intent.
2. If the question asks about identity or species, the predicted answer is correct as long as the core
identity or species is correct, even if descriptive adjectives differ.
3. If the question asks about a scene, the predicted answer is correct if the described scene exists in
the standard answer or is similar.
4. If the answer indicates that the asked character, object or event is not visible or does not exist, it
should be considered as ”No answer.”
5. Regardless of the question type, respond only with either 1 or 0, without any additional
explanation.
6. 1 means correct, and 0 means incorrect.
For example, if the prediction conveys the same meaning as the standard answer, even if phrased
differently, you should respond with 1.
Based on the question, is the prediction correct? If yes, return only 1; otherwise, return only 0.
Question: {question[idx]}
Standard Answer: {answer[idx]}
The Predicted Answer: {res[idx]}

Table 15: The evaluation prompts for Short Answer questions employed in the experiment for models
without CoT.
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Question

What is the cat holding in the video? 
A. Sword. B. Fish. C. Mouse.

The cat is holding a mouse in the video.

ResponseAnswer
A. Sword. C.Mouse

Extracted

VideoChatGPT

Question

What is the color of the man's car? The color of the man's car is black.

ResponseAnswer
I don't know/No 
answer

Black

Extracted

Question

What item did the man immerse in 
the water? 

The man immersed a glass of water in 
the water.

ResponseAnswer
Alarm clock Water

Extracted

Videollama-7B

Question

Is the object in the video a brown 
balloon?

Yes, the object in the video is a brown 
balloon.

ResponseAnswer
No Yes

Extracted

Question

Did the poker tower on the table 
in the video collapse?

Yes, the poker tower on the table in the 
video collapsed.

ResponseAnswer
No Yes

Extracted

LlamaVid-7B

Question

Who is holding a bouquet of flowers?
A. Mouse. B. Blue cat. C.  Boy.

A. Mouse

ResponseAnswer
B.Blue cat A. Mouse

Extracted

Figure 11: Case of response from evaluated baseline LMMs.
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Question

What is placed on the wooden table? 
A. Bookshelf. B. Cup. C. Lamp tube.

A

ResponseAnswer
C. Lamp tube. A. Bookshelf.

Extracted

PLLaVA

Question

Which is larger in the video? 
A. The person. B. The airplane.

B

ResponseAnswer
A. The person. B. The airplane.

Extracted

Question

Is there an individual in a 
wheelchair?

Yes, there is an individual in a 
wheelchair present in the video.

ResponseAnswer
No Yes

Extracted

Video-LLaVA

Question

What did the man place in the suitcase? 
A. Clothes. B. Suitcase. C. Shoes.

A. Clothes.

ResponseAnswer
 B. Suitcase A. Clothes.

Extracted

Question

What is the item positioned on 
the boy's head?

The thing that is placed on the boy's 
head is a hat.

ResponseAnswer
A pot. A hat.

Extracted

VideoChat2

Question

What did the man wear on his hands? 
A. Bag. B. Socks. C. Gloves.

The man in the video wore gloves on 
his hands.

ResponseAnswer
B. Socks. C. Gloves.

Extracted

Figure 12: Case of response from evaluated baseline LMMs.
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