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Abstract

While Video Large Language Models (Video-
LLMs) have recently demonstrated strong per-
formance, reliably evaluating their fine-grained
video understanding remains challenging. Ex-
isting benchmarks often rely on question an-
swering or ground-truth caption matching,
where models may succeed through superfi-
cial cues and incomplete annotations. To this
end, we introduce VidOmni-Bench, a bench-
mark that requires models to verify whether
each event in dense video captions is supported
by the video. VidOmni-Bench consists of 500
videos spanning five complexity types and di-
verse durations from 4 seconds to 90 minutes.
After collecting videos along these axes, we
use diverse Video-LLMs to generate dense
captions and obtain human-verified sentence-
level labels, where sentences containing incor-
rect events serve as hard negatives for evalu-
ation. Our experiments on VidOmni-Bench
reveal three key findings: (i) Video-LLM:s fre-
quently generate hallucinated descriptions in
dense video captioning; (ii) they also struggle
as verifiers, failing to reliably detect plausible
but incorrect event descriptions; and (iii) model
weaknesses vary across video complexity and
duration, revealing diverse, model-specific bot-
tlenecks in current Video-LLMs.

1 Introduction

Video Large Language Models (Video-
LLMs) (Tang et al., 2025b; Bai et al., 2025;
Wang et al.,, 2025b; Yang et al., 2025b) have

demonstrated strong capabilities in video under-
standing tasks such as question answering and
video retrieval. However, reliably evaluating
their fine-grained video understanding remains
challenging (Kong et al., 2025; Cai et al., 2024), as
videos vary widely in duration and visual dynamics.
A comprehensive evaluation should therefore
assess whether models can interpret diverse video
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Figure 1: Top: Previous benchmarks typically rely
on MCQA or sparse GT captions, allowing models
to succeed with limited temporal evidence. Bottom:
In VidOmni-Bench, models must verify each event in
dense captions against the video, enabling a more rigor-
ous assessment of fine-grained video understanding.

evidence across different temporal scales and
visual aspects, including object states, actions,
background changes, and scene transitions.

Recent temporal and long-form video bench-
marks mostly rely on Multiple-Choice Question
Answering (MCQA) (Fu et al., 2025; Fang et al.,
2024; Tan et al., 2025) or Ground-Truth (GT) cap-
tion matching (Rawal et al., 2025; Liu et al., 2026;
Lee et al., 2025). MCQA-based evaluations may al-
low models to rely on localized evidence, or textual
shortcuts without temporal reasoning (Feng et al.,
2025). Caption-matching-based benchmarks can
assess video understanding more rigorously, but
their focus on relatively short videos and human-
written GT captions limits scalable dense event-
level coverage across diverse video durations. Con-
sequently, existing benchmarks do not directly eval-
uate whether Video-LLMs can understand fine-
grained video events by integrating broad temporal
evidence across diverse durations.

To address these gaps, we introduce VidOmni-
Bench, a sentence-wise event verification bench-
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Figure 2: We introduce VidOmni-Bench, a novel benchmark designed to evaluate how well Video-LLMs distinguish
between correct and incorrect events across five types of spatio-temporal complexity and diverse video durations.
This structured framework enables a rigorous assessment of whether Video-LLMs can truly ground their reasoning

in the visual evidence across diverse scales.

mark where a model verifies whether each sentence
in dense video captions is supported by the video.
As shown in Figure 2, VidOmni-Bench consists of
500 videos curated across five complexity types and
diverse durations from 4 seconds to 90 minutes. For
each video, we use a diverse set of Video-LLMs to
generate dense captions, and human annotators ver-
ify each sentence to produce sentence-level labels.
Hallucinated or incorrect sentences are then used as
hard negatives for evaluation, resulting in a bench-
mark designed to assess event verification across
diverse types of video complexity and duration.
As shown in Table 2, VidOmni-Bench requires
models to inspect substantially broader portions
of the video than existing benchmarks, indicating
that VidOmni-Bench cannot be solved through su-
perficial cues. Furthermore, Figure 7 shows that
the captions in VidOmni-Bench provide dense and
complex event descriptions across the five complex-
ity types. These results support VidOmni-Bench
as a challenging benchmark for fine-grained video
understanding.

Our experiments on VidOmni-Bench reveal sev-
eral critical limitations of current Video-LLMs.
First, Video-LLMs frequently produce hallucinated
descriptions during dense video captioning, indi-
cating unreliable video-grounded generation. Sec-
ond, they also struggle as verifiers, failing to reli-
ably detect plausible but incorrect event descrip-
tions within these captions. Third, model weak-
nesses vary substantially across video complexity
and duration, revealing diverse, model-specific bot-
tlenecks rather than a single uniform failure mode.

These findings indicate that current Video-LLMs
still lack robust, temporally grounded event under-
standing needed to faithfully interpret dense and
diverse video content.

2 Related Works

Video Large Language Models. Following the
success of Large Language Models (LLMs) (Yang
et al., 2025a; Grattafiori et al., 2024), multi-
modal understanding has expanded from static im-
ages (Liu et al., 2023; Chen et al., 2024b) to dy-
namic videos (Li et al., 2024a,b; Chen et al., 2024a;
Bai et al., 2025). Recent Video-LLMs can generate
detailed video descriptions, but their outputs often
contain subtle hallucinations (Gao et al., 2025). We
use these generated descriptions for sentence-wise
event verification, with human annotators labeling
hallucinated sentences as hard negatives.

Video Understanding Benchmarks. Recent
benchmarks have advanced the evaluation of tem-
poral and long-form video understanding (Ben Ami
et al., 2026; Ha et al., 2026; Li et al., 2026; Cai
et al., 2024; Kong et al., 2025), but many remain
based on MCQA formats. Such positive-selection
formats can be affected by language priors or par-
tial visual evidence (Feng et al., 2025), and provide
limited evidence of whether models can reject plau-
sible but incorrect events. VidOmni-Bench instead
evaluates dense event verification beyond sparse
question-answer pairs.

Hallucination in Video Understanding. Several
studies evaluate video captioning and hallucination
detection by comparing model outputs with human-
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Figure 3: Construction pipeline of VidOmni-Bench. We collect videos from public datasets and YouTube along
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pairs then undergo a multi-stage annotation phase for sentence-wise error (hallucination) labeling, where annotators
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Figure 4: Our dataset consists of 500 videos, with ex-
actly 100 videos allocated to each of the five complexity
types. Within each type, we maintain a balanced distri-
bution across Short, Medium, and Long duration.

written GT captions (Liu et al., 2026; Rawal et al.,
2025; Lee et al., 2025). While useful for assessing
factual consistency, such sparse references limit
dense event-level coverage across diverse domains
and durations. Motivated by Saito et al. (2025),
VidOmni-Bench uses Video-LLM-generated dense
descriptions and human-verified negatives to ana-
lyze hallucination patterns across video complexity
and duration.

3 VidOmni-Bench

To evaluate the fine-grained understanding of
Video-LLMs, we introduce a sentence-wise event
verification task. This task requires models to act
as rigorous verifiers, determining both the factual
occurrence of described events and their temporal
consistency within the video. To provide a granu-
lar diagnosis of model capabilities, we constructed
VidOmni-Bench by carefully disentangling spatio-
temporal complexity from video duration. Rather
than relying on human-written GT captions, we
generate dense captions using diverse Video-LLMs
and verify them at the sentence level. The fol-
lowing sections define the task, describe the video
collection and annotation process, and present sta-
tistical analysis. Overall construction process of

VidOmni-Bench is illustrated in Figure 3.

3.1 Task Definition

Sentence-wise event verification evaluates whether
each sentence in a video caption is factually sup-
ported by the video. Formally, given a video V'
and an n-sentence caption C' = {s1,$2,...,5,},
the goal is to predict binary labels y =

{y1,y2,...,yn}. For each sentence s;, we define
y; € {0,1} as:
0, if s; is factually supported by V,
yi = ey

1, otherwise.

Thus, a Video-LLM must verify each sentence
against the video evidence and determine whether
it contains hallucinated or incorrect content.

3.2 Video Collection

To enable a granular diagnosis of Video-LLMs, we
curate videos by controlling spatio-temporal com-
plexity and video duration as two separate axes.
We collect videos from diverse public datasets,
covering egocentric actions (Grauman et al., 2022;
Damen et al., 2018; Sener et al., 2022), anomaly
events (Sultani et al., 2018; Wu et al., 2020), and
long-form content (Caba Heilbron et al., 2015; Fu
et al., 2025). We further supplement these sources
with targeted YouTube crawling to fill underrepre-
sented combinations of duration and complexity.
For crawled videos, we only retain content released
under Creative Commons licenses.

Our collection is stratified into five predefined
spatio-temporal complexity types: (1) Static World,
(2) Body Motion, (3) Hand-Object Interaction, (4)
Crowd Action, and (5) Multi-Scene Dynamics. As
shown in Figure 4, each complexity type is bal-
anced across three duration brackets: short (< 3
min), medium (4-30 min), and long (> 30 min).
This design enables us to analyze the effects of
complexity and duration separately. The resulting



VidOmni-Bench contains 500 videos, 433 of which
include audio tracks. Detailed definitions of com-
plexity types and data sources are provided in the
Appendix B.

3.3 Annotation Pipeline

To overcome the limited coverage of human-
written GT captions, we use modern Video-LLMs
to generate dense descriptions and repurpose their
human-verified hallucinations as hard negatives.
We use five Video-LLMs with diverse architectures
and parameter scales: InternVL3.5 (Wang et al.,
2025b) (38B), Qwen3-VL (Bai et al., 2025) (32B),
video-SALMONN 2+ (Tang et al., 2025a) (72B),
Keye-VL 1.5 (Yang et al., 2025b) (8B), and Gem-
ini 3 Flash (Google, 2025). For each video, one
of five specialized chat templates (e.g., “Describe
the full content of the video in detail.””) is ran-
domly assigned to each model, producing 2,500
video-caption pairs in total. Using multiple models
and prompts diversifies the generated descriptions
and reduces dependence on the output of a single
model.

These raw captions serve as the basis for a two-
stage human annotation process. In the first stage,
five independent annotators verify the factual cor-
rectness of each sentence and label it as Correct,
Incorrect, or Unknown. Final labels are determined
by majority vote, and Unknown cases are excluded
to maintain reliable evaluation.

In the second stage, we perform word-level error
annotation for sentences labeled as Incorrect. An-
notators identify the incorrect words within each
sentence and assign each error to one of ten cate-
gories: five related to static-frame understanding
(Object, Relation, Location, Direction, and Illu-
sion) and five related to temporal understanding
(Action, Order, Causality, Frequency, and State
Change). The resulting human-verified incorrect
sentences serve as hard negatives for sentence-wise
event verification. Details for dense captioning, and
annotation process are provided in the Appendix B.

3.4 Data Statistics and Analysis

Basic statistics. Table 1 summarizes VidOmni-
Bench, which contains 64K annotated sentences.
We report the Video Incorrect Rate, defined as the
proportion of video-caption pairs in which the gen-
erated caption contains at least one hallucinated
sentence, along with the average sentence-level In-
correct Rate per caption. The results show that
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Figure 5: Word-level error statistics per category.
The consistent high frequency of temporal errors in
dense video captioning highlights a fundamental bottle-
neck in video understanding.

—e— InternVL 3.5 Gemini 3.0 Flash —e— Qwen3-VL
video-SALMONN 2+ —e— KeyeVL 1.5

Type 5 Long

80

3
=)

=
1=}

'S
1=

[ ]
=3

Incorrect / Caption (%)
Incorrect / Caption (%)

=}

Short Medium L(;ng 1 2 3 4 5
Duration Complexity Type

Figure 6: Effect of video complexity and duration on
hallucination. Plots show the average sentence-level
Incorrect Rate per caption. Left: across durations for
Type 5 videos. Right: across complexity types within
Long videos. Dashed lines indicate overall trends.

Video-LLMs frequently generate hallucinated cap-
tions, with Incorrect rates remaining high across
all models, thereby providing a sufficient pool of
hard negatives for sentence-wise event verification.
Error category distribution. As shown in Fig-
ure 5, temporal errors such as Action, Order, and
Frequency account for a substantial portion of hal-
lucinations, suggesting that current Video-LLMs
struggle with fine-grained temporal reasoning. Fig-
ure 2 further shows that a sentence can appear plau-
sible in isolation but become Incorrect when veri-
fied against the broader video context.

Effect of complexity and duration on dense cap-
tioning. By controlling video complexity and du-
ration, we analyze hallucination patterns in dense
captioning (Figure 6). The sentence-level Incorrect
Rate per caption generally increases with complex-
ity type within each duration bracket, while Type 5
remains consistently high across all durations. This
suggests that hallucinations are driven not only by
video length, but also by the difficulty of reasoning
over complex event dynamics.

Caption characteristics differ across complex-
ity types. We analyze how caption properties and



KeyeVL 1.5 InternVL 3.5 Qwen3-VL video-SALMONN 2+ Gemini 3
Params. 8B 38B 32B 72B N/A
Total Sentences 18974 5542 11868 18974 9485
Video Incorrect Rate (%) 92.6 85.6 94.0 92.2 91.1
Incorrect / Caption (%) 40.6 39.5 26.5 449 24.1

Table 1: Statistics of incorrect sentence in generated captions. VidOmni-Bench provides a large set of annotated
incorrect sentences for evaluating sentence-wise event verification. Sentences labeled as Unknown are excluded.
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Figure 7: Caption characteristics across complexity
types. Higher-complexity videos lead to longer captions
and a higher Video Incorrect Rate for temporal error
categories, while also requiring broader video evidence
in sentence-wise event verification of VidOmni-Bench.

verification requirements vary across the five com-
plexity types in VidOmni-Bench. Figure 7 shows
that higher complexity is associated with longer
captions and higher Video Incorrect Rates over tem-
poral error categories(Action, Order, Causality, Fre-
quency, and State Change). We further report Cer-
tificate Coverage following Video-MME (Fu et al.,
2025), showing that sentence-wise event verifica-
tion generally requires broader video evidence as
complexity increases. Details for calculating Cer-
tificate Coverage are provided in the Appendix D.

Comparison with existing benchmarks. Figure 1
and Table 2 position VidOmni-Bench among ex-
isting video understanding benchmarks. Moving
beyond MCQA-based evaluation (Fu et al., 2025;
Ben Ami et al., 2026; Li et al., 2026), VidOmni-
Bench performs sentence-wise event verification
over dense descriptions. Compared with bench-
marks based on human-written GT caption match-
ing (Rawal et al., 2025; Lee et al., 2025; Liu et al.,
2026; Ma et al., 2025), VidOmni-Bench spans
broader video durations. Its higher Certificate
Coverage further shows that verification requires
broader video evidence, while the Appendix D
shows that VidOmni-Bench captions are more com-
plex than those in prior benchmarks.

Cert.

Benchmark Evaluation Task Duration

Cov. (%)
TimeBlind (Li et al., 2026) MCQA < 25s 323
NOAH (Lee et al., 2025) GT Matching/ MCQA < 12m 30.8
ARGUS (Rawal et al., 2025) GT Matching <3m 25.0
HERBench (Ben Ami et al., 2026) MCQA < 6m 24.8
Video-MME (Fu et al., 2025) MCQA < 60m 34
CAPAbility (Liu et al., 2026) GT Matching / MCQA < 50s 2.0
VideoEval-Pro (Ma et al., 2025) GT Matching > 30m 0.9

VidOmni-Bench (Ours) Sentence Verification < 90m 54.0

Table 2: Comparison with other benchmarks in task
design and temporal evidence. VidOmni-Bench evalu-
ates sentence-wise event verification over longer videos
and requires broader temporal evidence, indicated by
higher Certificate Coverage (Cert. Cov.).

4 Experiments

In this section, we evaluate a wide range of Video-
LLMs on VidOmni-Bench to assess their fine-
grained video understanding. We first present quan-
titative results, followed by a detailed analysis of
model performance across different dimensions. In
summary, our analysis yields five key findings: (i)
VidOmni-Bench reveals verification weaknesses
not captured by existing benchmarks, showing that
models often fail to consistently identify halluci-
nated sentences; (ii) scaling model size mainly im-
proves verification of static-frame-related errors,
whereas temporal ordering and causal reasoning re-
main major bottlenecks; (iii) current Video-LLMs
exhibit a distinct self-preference bias, showing un-
reliable verification behavior when judging their
own generated sentences; (iv) audio often provides
verification-relevant information complementary
to visual evidence, and models that effectively in-
corporate these cues achieve stronger performance;
and (v) model vulnerabilities are multidimensional,
with performance depending on model-specific sen-
sitivity to both complexity and duration.

4.1 Experimental Setup

Benchmark coverage and evaluation protocols.
We evaluate Video-LLMs on VidOmni-Bench to-
gether with three existing video understanding
benchmarks: Video-MME (Fu et al., 2025), Video-



Video-MME Video-MMMU LVBench

Video-LLM Modality

VidOmni-Bench

QA-Acc. (%) QA-Acc. (%) QA-Acc. (%) Precision (%) Recall (%) F1-Score (%)

Open-Source Models

Keye-VL 1.5 8B v 73.0 66.0 35.11 19.1 8.4 96
InternVL 3.5 2B v 584 41.81 30.5° 6.0 1.8 23
InternVL 3.5 8B v 66.0 48.91 3421 26.4 13.9 14.7
InternVL 3.5 14B v 67.9 54.87 35.17 323 18.1 19.4
InternVL 3.5 38B v 70.9 57.9% 38.11 25.0 12.7 14.1
Qwen3-VL 2B v 61.9 419 47.4 5.5 42 3.6
Qwen3-VL 4B v 69.3 56.2 56.2 229 11.7 12.7
Qwen3-VL 8B v 71.4 65.3 58.0 25.9 13.6 14.7
Qwen3-VL 32B v 76.6 719 63.8 35.4 19.6 21.7
video-SALMONN 2+ 7B v 67.81 46.0 49.7 13 1.1 1.1
video-SALMONN 2+ 7B v,a 73.4 50.27 4781 0.1 0.2 0.1
video-SALMONN 2+ 72B v 74.01 62.0° 55.5 8.3 5.4 5.8
video-SALMONN 2+ 72B v, a 79.7 60.8" 55.21 5.7 3.4 3.7
Closed-Source Models
Gemini 3 Flash v 7321 80.3" 74.31 54.6 37.2 39.8
Gemini 3 Flash v,a 86.11 75.3" 76.91 54.7 39.9 41.7
GPT 5 mini v 71.0 56.7 57.8% 39.3 33.2 28.9

Table 3: Main results on VidOmni-Bench. We report verification Precision, Recall, and F1-Score for VidOmni-
Bench, alongside QA Accuracy (QA-Acc) for Video-MME, Video-MMMU, and LVBench. Models are evaluated
under video-only (v) or video+audio (v, a) settings. T denotes reproduced performance.
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Figure 8: Performance of Video-LLMs across error
categories. This visualization highlights the relative
strengths and weaknesses of current Video-LLMs in
detecting specific static and temporal discrepancies.

MMMU (Hu et al., 2026), and LVBench (Wang
et al., 2025a). Since these benchmarks are for-
mulated as Question Answering (QA) tasks, we
report QA accuracy following their original eval-
uation protocols. In contrast, VidOmni-Bench is
formulated as a sentence-wise event verification
task, where sentences labeled Incorrect are treated
as the detection target. For the i-th video-caption

pair (¢ = 1,..., N), we compute Precision, Recall,
and F1-Score over all sentences within the pair:

. TP; TP;
Precision; = ——, Recall; = —————,

F1-Score; = 2- Pn‘ec.isioni . Recalli‘ @)
Precision; + Recall;

We then report the averaged scores over all IV pairs.

Evaluated models. To analyze how model charac-
teristics affect verification performance, our model
selection in evaluation is guided by three criteria.
First, we include models with varying parameter
scales to examine the impact of model capacity.
Second, for audio-capable models, we evaluate
both video-only and video+audio settings to assess
the contribution of audio signals to event verifica-
tion. Third, we evaluate powerful closed-source
models, including GPT 5 mini (Singh et al., 2025),
as strong reference points for current model per-
formance. Detailed model configurations and the
evaluation prompt are provided in Appendix C.

4.2 Overview of Results

Table 3 presents the quantitative evaluation of di-
verse Video-LLMs on VidOmni-Bench, together
with their performance on existing benchmarks.
Qualitative examples of Video-LLM outputs are
shown in Figure 9.

VidOmni-Bench enables rigorous evaluation be-
yond existing benchmarks. Our sentence-wise
event verification task effectively differentiates
Video-LLM performance. High leaderboard scores
on existing benchmarks such as Video-MME (Fu
et al., 2025), Video-MMMU (Hu et al., 2026), and
LVBench (Wang et al., 2025a) do not necessar-
ily translate to strong performance on VidOmni-
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Next, the cook returns to the stove and
adds oil to a clean pan, preparing it for
the next set of ingredients. Correct
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\blue cutting board. _ Action, [llusion]
The chopped vegetables are then added
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Sentence-wise Event Verification Results

“ InternVL3.5 38B
Incorrect. The cook does not add oil to a new pan; they
continue cooking in the same pan.
Incorrect. The vegetables being chopped include bell
peppers, onions, and green beans, not carrots and
zucchini.

Correct. The chopped vegetables are added to the pan
and sautéed.

§72 Qwen3-VL 328
Correct. The cook adds oil to a clean pan on the stove.

Correct. The cook chops bell peppers, carrots, and
zucchini on a blue cutting board.

Correct. The chopped vegetables are added to the pan
and sautéed with oil.

l'..ll video-SALMONN 2+ 72B

Correct. Correct. Correct. The video description
provided is entirely consistent with the visual content
shown in the video. Each sentence accurately describes
the elements and actions observed in the kitchen
setting, such as the modern kitchen design, the cook's
attire, the cooking process involving various vegetables,
and the emphasis on cleanliness and organization. There
are no discrepancies or hallucinations in the description;

€ Keye-VL 1.58B

Correct. The cook returning to the stove and adding
oil to a clean pan is consistent with the video.
Correct. The cook chopping colorful vegetables,
including bell peppers, carrots, and zucchini, on a
blue cutting board is accurate.

Correct. The chopped vegetables being added to the
and sauteed with oil is consistent with the video. The
cook adds the vegetables to the pan and stirs them.

& Gemini 3 Flash
Correct. The sentence is faithful, showing oil being
added to the pan after the chicken is removed.
Incorrect. The sentence contains a hallucination; the
vegetables being chopped are bell peppers and onions,
not carrots or zucchini.

Correct. The sentence is faithful, describing the
chopped vegetables.

@ GPT 5 mini

Correct. The cook returns to the stove and pours oil
into a clean pan (visible in several frames).

Incorrect. Carrots and zucchini are not clearly
present in the frames, so that part is incorrect.

the oil. Correct
video.

all details align with the visual evidence presented in the

Correct. The choaped vegetables are poured/added
into the pan and then sautéed with oil - that is visible.

Figure 9: Qualitative examples of sentence-wise event verification on a Qwen3-VL caption. Video-LLMs may
produce the same prediction while relying on different reasoning, revealing varying degrees of video understanding.
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Figure 10: F1-Score variations by video duration
under fixed complexity. Each column represents a
specific complexity type, illustrating how performance
changes across Short, Medium, and Long durations.

Bench. We further observe a significant gap be-
tween Precision and Recall across most models,
indicating that they often fail to consistently iden-
tify hallucinated sentences. These findings show
that VidOmni-Bench provides a more challenging
testbed for fine-grained video understanding than
existing evaluation benchmarks.

Performance comparison. Gemini 3 Flash shows
the highest overall performance when using both
video and audio inputs, serving as the strongest ref-
erence point among evaluated settings. Among
open-source models, Qwen3-VL 32B performs
best, while the InternVL3.5 family also shows com-
petitive results. However, Figure 8 shows that In-
ternVL3.5 38B is particularly strong at verifying
static-frame-related hallucinations but weaker on
temporal errors. This suggests that strong frame-

level understanding does not necessarily translate
to robust temporal reasoning.

Examples of Video-LLMs’ output. Figure 9
shows sentence-wise event verification results from
multiple Video-LLMs on a Qwen3-VL-generated
caption. Each model outputs a sentence-level pre-
diction together with reasoning, allowing us to qual-
itatively compare not only the final judgments but
also the evidence used to support them.

Effect of scaling model size on event verification.
Performance generally improves with model scale
within the same family. Larger models achieve
higher F1-Scores, suggesting that increased param-
eter capacity enhances their ability to detect subtle
discrepancies between hard negative sentences and
the corresponding video evidence.

Effect of audio modality on event verification.
As shown in Table 3, adding audio consistently de-
creases the F1-Scores within the video-SALMONN
2+ family, indicating that audio may introduce
cross-modal noise when it is not properly grounded
with visual evidence. In contrast, Gemini 3 bene-
fits from audio input, where audio often provides
verification-relevant cues complementary to visual
information. This suggests that audio can improve
sentence-wise event verification when models ef-
fectively identify and integrate audio evidence rele-
vant to each caption sentence.

4.3 Detailed Analysis

Success cases of event verification. As illustrated
in Figure 9, successful verification is often tightly
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Figure 11: Recall gain by error category as model
size increases. The heatmap shows the improvement
in Recall for InternVL3.5, Qwen3-VL, and video-
SALMONN 2+ when scaling up parameters.

coupled with factually grounded reasoning. This
indicates that the model’s output is based on an
integrated understanding of the video content.

Failure cases of event verification. We observe
two primary failure patterns. First, models may pre-
dict an Incorrect sentence as Correct by overlook-
ing its mismatch with the video evidence. Second,
even correct predictions can be accompanied by
incomplete or factually flawed explanations. These
cases highlight the need to examine both predic-
tions and explanations when assessing whether ver-
ification is grounded in the video evidence.

Video-LLMs have their own weak complexity
and duration. Figure 10 shows that performance
trends across complexity and duration differ by
model. For example, Gemini 3 Flash exhibits a con-
sistent F1-Score decline as duration shortens within
high-complexity types, while Qwen3-VL shows
different vulnerabilities depending on the complex-
ity type. These results demonstrate that VidOmni-
Bench diagnoses multidimensional, model-specific
weaknesses beyond a single difficulty axis. Further
analyses are provided in the Appendix C.

Category-wise performance gains from model
size scaling. To examine where performance im-
provements arise as Video-LLMs scale, we mea-
sure Recall gains across error categories when in-
creasing model size for InternVL3.5 (2B to 38B),
Qwen3-VL (2B to 32B), and video-SALMONN
2+ (7B to 72B). Figure 11 shows that scaling con-
sistently improves Recall more for static-frame-
related errors than for temporal-related errors.
These results suggest that increasing model size
within the same family mainly improves verifica-
tion of static visual attributes and spatial relations,
whereas temporal errors remain challenging.

Verifiers F1-Score (%) 50
5
trernVL | 3y I Cross-Source Verification

40{ [ Self-Verification

135 1208 138 93

KeyeVL Ba1y 54 71 15

30
R 362 [ 209 166

20
video-
SALMONN| 193 10 38 22

10

Gemini 3 5 )
el 445 421

/o)

F1-Score (%

470 446 |EHE)

IntenVL KeyeVL Qwen3
35 15

video- Gemini3 -, TnternVL KeyeVL  Qwen3 Gemini 3
VL SALMONN Flash ~ Caption Source 55 is v
2+

video-
VL SALMONN  Flash
2+

Figure 12: Self-preference bias in self-verification.
Left: The heatmap shows F1-Scores for sentence-wise
verification, with the y-axis representing the evaluated
models and the x-axis representing the caption source
models. Right: The bar chart compares the performance
on cross-source verification versus self-verification.

Video-LLMs struggle to detect their own hallu-
cinations. As shown in Figure 12, Video-LLMs
perform worse on their own captions than on cap-
tions generated by other models. This trend is
clear even for Gemini 3 Flash, the best-performing
model. Its F1-Score exceeds 40 on captions from
other models but drops by nearly half on its own
captions. This suggests a strong self-preference
bias, where models tend to judge their own gener-
ated sentences as Correct. Further analysis in the
Appendix C shows that ensemble-based verifica-
tion can mitigate this bias. These results indicate
that self-evaluation remains a significant challenge
for current Video-LLMs.

Additional analysis in the Appendix. The Ap-
pendix C provides additional robustness analyses
for VidOmni-Bench. Increasing the input frames
does not yield clear performance improvements,
indicating that the benchmark’s difficulty cannot
be resolved simply by sampling more frames. We
also evaluate a subset excluding YouTube-sourced
videos and observe similar trends, suggesting that
the strong performance of Gemini 3 and GPT 5 is
unlikely to be driven primarily by data leakage.

5 Conclusion

We introduced VidOmni-Bench, a sentence-wise
event verification benchmark for fine-grained video
understanding in Video-LLMs. By requiring mod-
els to verify dense caption sentences across video
complexity and duration, VidOmni-Bench reveals
model-specific vulnerabilities and self-preference
bias. These findings show that even strong mod-
els still struggle with reliable, temporally grounded
event verification. We hope VidOmni-Bench serves
as a rigorous evaluation standard for more faithful
fine-grained video understanding.



Limitations

VidOmni-Bench has several limitations that sug-
gest directions for future work. First, verifying
dense video captions inevitably involves some am-
biguity, especially for complex temporal events.
We mitigate this issue by introducing an Unknown
category and using a multi-step labeling protocol,
but complete agreement can still be difficult in
borderline cases. Second, our analysis reveals
self-preference bias in Video-LLMs, suggesting
that model-based caption generation and evaluation
may benefit from more diverse caption sources and
cross-verification protocols. Third, the benchmark
construction depends on the generative capability
of current Video-LLMs and requires human verifi-
cation to ensure data quality, which may limit scal-
ability. Despite these limitations, VidOmni-Bench
provides a useful diagnostic resource for studying
current gaps in fine-grained video understanding.
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Appendix
A Attribution of Icons

The icons used in the figures are sourced from Flati-
con (https://www.flaticon.com/). We grate-
fully acknowledge the creators for providing these
visual assets, which are utilized in accordance with
their licensing terms to enhance the clarity of our
technical illustrations.

B Construction of VidOmni-Bench

B.1 Video Collection

More details of video collection. Before collect-
ing videos for VidOmni-Bench, we first define a
taxonomy that categorizes videos according to the
complexity of their spatio-temporal dynamics. The
taxonomy consists of five complexity types, where
each type progressively introduces an additional
source of difficulty: motion, fine-grained action,
multi-agent binding, and scene transitions.

This design results in five complexity types.
Static World videos contain little or no temporal
change, so they can largely be understood from
static visual content. Body Motion videos intro-
duce temporal changes caused by human or object
motion, such as walking, running, or turning. Hand-
Object Interaction videos further require under-
standing fine-grained local actions, such as grasp-
ing, placing, or manipulating an object. Crowd
Action videos involve multiple agents acting simul-
taneously, where the model must correctly asso-
ciate each action with the corresponding subject
or object. Finally, Multi-Scene Dynamics videos
contain shot changes or multiple scenes, requir-
ing the model to connect events across temporally
discontinuous segments.

We note that these types are not intended to be
mutually exclusive definitions of intrinsic video
complexity. Instead, our taxonomy is designed as a
controlled diagnostic dimension, where each type
emphasizes a different source of spatio-temporal
difficulty. As shown in Figure 16, this taxonomy
provides a useful axis for examining how Video-
LLMs behave under different video dynamics. Ta-
bles 4 and 5 summarize the complexity taxonomy
and the public video sources used for each type.

Compity otn P Mikihet S
Type 1 X X X X
Type 2 v X X X
Type 3 v 4 X X
Type 4 v v v X
Type 5 v v v v

Table 4: Complexity taxonomy of VidOmni-Bench.

Video Source

Complexity Name (Public Dataset)
Video-ACID (Hosler et al., 2019)
Type 1 Static World Spatial VID (Wang et al., 2026)
Mannequin Challenge (Li et al., 2020)
Type 2 Body Motion ActivityNet (Caba Heilbron et al., 2015)
Assembly101 (Sener et al., 2022)
Type 3 Hand-Object Interaction  Epic-Kitchens (Damen et al., 2018)

Ego4D (Grauman et al., 2022)

UCF-Crime (Sultani et al., 2018)
Sports-1M (Karpathy et al., 2014)

Video-MME (Fu et al., 2025)
XD-Violence (Wu et al., 2020)

Type 4 Crowd Action

Type 5 Multi-Scene Dynamics

Table 5: Data sources of each complexity type in
VidOmni-Bench. Videos are primarily collected from
public datasets. We further supplement underrepre-
sented types and duration ranges with videos sourced
from YouTube.

B.2 Dense Video Caption Generation

Captioning setups. Table 6 summarizes the Video-
LLMs used for caption generation. Open-source
models are deployed with official implementations
and publicly available weights. Input Frames Per
Second (FPS) and the maximum number of in-
put frames are set following reported configura-
tions from Video-MME (Fu et al., 2025), Video-
MMMU (Hu et al., 2026), and LVBench (Wang
et al., 2025a) whenever available. Otherwise, we
carefully set configurations that cover as much
video content as possible within each model’s con-
text length. We fix the generation seed for repro-
ducibility. For the Video-LLMs used for dense
captioning, we randomly select one of the instruc-
tions in Figure 13.

Model Provider Open/Closed FPS Max Frames Release
Gemini 3 Flash Google Closed 1 - 2026/02
Qwen3-VL 32B Alibaba Open 2 2048 2026/01
InternVL 3.5 38B OpenGVLab Open 1 32 2025/12
video-SALMONN 2+ 72B  ByteDance Open 1 768 2025/11
Keye-VL 1.5 8B Kwai Open 1 1024 2025/03

Table 6: Details of Video-LLMs chosen as caption-
ing engines. We use five Video-LLMs with diverse
providers, accessibility, FPS, and maximum number of
frames (Max Frames) to generate dense captions.
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1. Describe this video in detail, focusing on the
spatio-temporal dynamics. Describe exactly how
objects and agents move, change, and occupy
space over time within the scene.

2. Give a detailed account of everything shown in
the video, capturing all visible specifics. Describe
events in the exact order they appear over time.
Ensure that you describe the sequence of events
exactly as they occur, without skipping any steps.

3. Describe the video in detail, paying special atten-
tion to how objects and people interact with each
other. Capture the precise timing and nature of
every contact, movement, and reaction shown in
the footage.

4. Thoroughly describe the video’s visual narrative,
capturing every visible detail from start to end.
Emphasize how actions unfold and how the scene
transitions logically over time.

5. Provide a thorough description of every detail,
explicitly prioritizing spatio-temporal dynamics.
Capture all visual elements, and focus on their
spatial positions, movement trajectories, and how
the scene evolves over time.

Figure 13: Prompt templates for dense video caption-
ing. We use five prompt templates to generate dense cap-
tions for each video, reducing the potential instruction
bias that may arise from relying on a single captioning
prompt.

B.3 Sentence-wise Annotation

Annotator. We recruit five annotators specifically
for our multi-stage labeling task, which requires
meticulous reading and temporal reasoning to iden-
tify hallucinated sentences within dense captions.
All candidates are required to demonstrate high-
level English proficiency and the ability to detect
subtle spatio-temporal inconsistencies. These qual-
ifications are rigorously verified through a pilot
annotation task involving 10 videos prior to the
main annotation phase.

Voting and quality control. The authors review
all pilot annotations, and only those who demon-
strated high accuracy in identifying hallucinated
sentences are designated as trusted annotators for
the main task. Each trusted annotator is assigned
between 500 and 1,000 video-caption pairs. To
ensure objective and robust annotation, each pair
is independently evaluated by at least two annota-

tors, including a minimum of one trusted annotator.
Once at least two annotations are collected for a
sentence, the final label is determined through ma-
jority voting. Furthermore, the authors conduct sys-
tematic audits for every batch of 100 video-caption
pairs. If a batch fails to meet our criteria, annota-
tors are required to re-evaluate the entire set before
proceeding.

Inter-annotator agreement. We evaluate inter-
annotator agreement on VidOmni-Bench using
Fleiss’ kappa (Fleiss, 1971) with labels (Correct, In-
correct, Unknown). The overall agreement reaches
k = 0.50 with an observed agreement of Py, =
0.764. While these values indicate a moderate level
of agreement, we prioritize data integrity through
a rigorous manual adjudication process. To ensure
the absolute reliability of the benchmark, authors
meticulously review and resolve all disputed labels
and cases with low confidence, establishing a high-
quality ground truth for subsequent evaluation.
Annotation interface. We customize the Label
Studio (Tkachenko et al., 2020-2025) interface for
our two-stage annotation pipeline. Figure 17 shows
the interface for sentence-wise correctness annota-
tion (Stage 1), while Figure 18 shows the interface
for word-level error category annotation (Stage 2).
Word-level error categories. Table 7 provides
detailed descriptions for each error categories used
during our annotation process. For every sentence
labeled as Incorrect, annotators are instructed to
pinpoint the specific errors at the word level and
classify them according to these categories.

B.4 Edge Case Handling Guidelines

Due to the length and complexity of generated cap-
tions, we establish internal guidelines to maintain
consistency, particularly for ambiguous or repet-
itive sentences that are difficult to classify using
our error categories. These guidelines function as
a decision rules to help annotators navigate edge
cases systematically.

Handling repetitive sentences. A common fail-
ure mode in Keye-VL 1.5 (Yang et al., 2025b) and
video-SALMONN 2+ (Tang et al., 2025a) is that
a model repeatedly generates the same or simi-
lar sentences. In such cases, we evaluate the first
occurrence based on its correctness. If the video
progresses to a new event but the model continues
to repeat the previous sentence, all subsequent rep-
etitions are labeled Incorrect and assigned the Fre-
quency error. This ensures the annotation reflects
the model’s inability to track temporal progression.



Type Description

Example

Object Misdescriptions of the object itself including
its attributes (color, text, count, etc.).

Relation Misdescriptions of spatial relationships be-
tween objects.

Location Misdescriptions of an object’s position.

Direction Misdescriptions of orientation or direction
of an object.

Illusion Mentioning non-existent objects, events, or
actions.

Action Incorrect or incomplete description of ac-
tions over time.

Order Misdescriptions of the temporal order of
events or actions.

Causality Misdescriptions of causal relationships
among events.

Frequency Incorrect tracking of the frequency of re-
peated actions.

State Change  Misdescribing an object’s state transition.

There are two blue cars, but described as “three red
cars.”

A cup is under the table, but described as “on the
table.”

A cup is on the right side, but described as “on the
left.”

A person is looking to the right, but described as
“looking to the left.”

No bird is present, but described as “a bird flying in
the sky.”

A person is walking, but described as “running.”

Sat down after opening a door, but described as “door
opened after sitting down.”

Describing that rain was caused by people opening
umbrellas.

A person jumped once, but described as “jumped
three times.”

Traffic light changed from red to yellow, but de-
scribed as “yellow to red.”

Table 7: Word-level error categories in VidOmni-Bench. We group word-level errors into five static-frame-
related categories(Object, Relation, Location, Direction, and Illusion) and five temporal-understanding-related
categories(Action, Order, Causality, Frequency, and State Change).

Distinguishing temporal errors. We provide ex-
plicit instructions to help annotators distinguish
events that are temporally misplaced from those
that are entirely hallucinated. For example, if a
model describes an event that does not occur at
the specified timestamp but happens elsewhere in
the video, it is labeled as an Order error rather
than an Illusion error. This distinction is crucial
for diagnosing whether a model suffers from to-
tal hallucination or merely temporal shuffling of
frames.

Resolving visual ambiguity. In cases where the vi-
sual evidence is too ambiguous to make a definitive
judgment, annotators utilize the Unknown category
or seek final adjudication through discussions with
the authors. This collaborative feedback loop en-
sures that the final dataset remains a reliable ground
truth for fine-grained video understanding.

C Details of Experimental Setups

C.1 Details of Evaluation on VidOmni-Bench

Source of models. For open-weight models, we
use checkpoints available on Hugging Face (Wolf
et al., 2020) and base our code on the Hugging
Face Transformers package. For GPT 5 mini and
Gemini 3 Flash, we use their official APIs.

Prompt for sentence-wise event verification. To
ensure a fair and consistent evaluation, we apply
a unified chat template across all evaluated Video-
LLMs. The full prompt template is shown in Fig-

ure 14. For each inference, the prompt remains
identical except for the specific target caption pro-
vided for sentence-wise verification.
Computation. At most four H200 GPUs are used
for inference of a single model.

Evaluation configs. As in our captioning pipeline,
we set FPS and the maximum number of input
frames following each benchmark’s reported set-
tings whenever available, and otherwise sample as
many frames as possible up to each model’s native
context limit, as detailed in Table 8.

Model Provider Open/Closed FPS Max Frames Release
Gemini 3 Flash Google Closed 1 - 2026/02
GPT 5 mini OpenAl Closed - 256 2026/03
Qwen3-VL 32B Alibaba Open 2 2048 2026/01
InternVL 3.5 38B OpenGVLab Open 1 768 2025/12
Video-SALMONN 2+ 72B ByteDance Open 1 32 2025/11
Keye-VL 1.5 8B Kwai Open 1 1024 2025/03
Table 8: Details of Video-LLMs evaluated on

VidOmni-Bench. We list the provider, accessibility,
FPS, and maximum number of input frames (Max
Frames) for each Video-LLM evaluated on VidOmni-
Bench.

D Additional Analysis
D.1 Caption Analysis in VidOmni-Bench

Details for Certificate Coverage. We follow
Video-MME (Fu et al., 2025), which defines Certifi-
cate Length as the minimum video span required to
solve a task. For sentence-wise event verification,
we annotate the minimum video intervals needed



You are an expert in Video Hallucination Detection.
You are given a video and a caption that consists
of multiple sentences. Your task is to evaluate each
sentence individually to determine if it contains a
hallucination based on the visual evidence.

For each sentence, assign a binary label (0 or 1) ac-
cording to the following definition:

- Label 1: The sentence contains a hallucination. This
means it describes something not present or incorrect
regarding the video.

- Label O: The sentence is faithful to the video. This
means it correctly describes the visual content.

Please first output the dictionary of labels before ex-
plaining the reason for your judgment.

Output format requirements:

1) First line must be a valid JSON dictionary with
keys sentence_1, sentence_2, ... and values O or 1.

2) Then explain the reason for each sentence.

Caption:

Figure 14: Sentence-wise event verification instruc-
tion. The prompt asks Video-LLMs to assign a binary
label to each caption sentence before providing sentence-
level reasoning.

to determine whether each sentence is supported by
the video. Certificate Coverage is then computed as
the ratio of the annotated Certificate Length to the
full video duration. Since annotating Certificate
Length is highly labor-intensive, the Certificate
Coverage reported in Figure 7 and Table 2 is com-
puted on a randomly sampled subset of 30 videos
for each benchmark.
Captions of VidOmni-Bench are more complex
than other benchmarks. We compare the informa-
tiveness of captions in VidOmni-Bench with those
from ARGUS (Rawal et al., 2025), NOAH (Lee
et al., 2025), and CAPAbility (Liu et al., 2026).
We first conduct a lexical and syntactic analysis
using spaCy (Honnibal et al., 2020). As shown
in Table 10, captions in VidOmni-Bench contain
substantially more words, information units, noun
chunks, and verbs than captions from prior bench-
marks.

In addition to these surface-level statistics, we
further assess caption informativeness through
a pairwise LLM-as-a-judge evaluation follow-

ing Prometheus-2 (Kim et al.,, 2024). Given
the predefined informativeness rubric and prompt
shown in Figure 15, the judge compares each
VidOmni-Bench caption with a caption from an-
other benchmark and selects the more informative
one. VidOmni-Bench captions win in 96.0-99.6%
of pairwise comparisons, suggesting that they pro-
vide richer and more detailed event descriptions for
sentence-wise event verification.

D.2 Additional Experiments on
VidOmni-Bench

VidOmni-Bench remains challenging beyond
frame sampling. Table 9 reports type-wise F1-
Scores of Qwen3-VL 32B under different FPS from
1 to 10. Overall, F1-Scores show no consistent im-
provement as FPS increases, indicating that poor
performances in Table 3 are not primarily driven
by insufficient frame sampling.

Video-LLM FPS Typel Type2 Type 4

27.32 16.21 22.18 37.08 2522
15.19 14.44 10.25 33.36 21.22
18.38 15.99 31.75 37.71 22.24
18.38 20.09 20.14 29.04 24.63
18.38 23.06 19.74 28.49 24.02

Type 3 Type 5

Qwen3-VL 32B

0 B -

)

Table 9: Effect of frame sampling rate on Qwen3-VL
32B performance across complexity types.

Aggregated performance across all complexity
levels and durations. Figure 16 reports the F1-
Score of each Video-LLM across the complexity
and duration axes of VidOmni-Bench. The results
show that Video-LLM performance varies substan-
tially across different combinations of video dy-
namics and temporal scale. This reveals multidi-
mensional weaknesses, where models do not fail
uniformly but instead exhibit different vulnerabili-
ties depending on the required visual reasoning and
temporal coverage.

YouTube leakage analysis. Table 12 compares
model performance on the full VidOmni-Bench
test set and a subset excluding YouTube-sourced
videos. F1-Scores remain consistent across the
two settings, indicating that the results in Table 3
are not substantially driven by YouTube-sourced
videos. This suggests that potential YouTube data
leakage or source-specific bias has limited impact
on the reported performances.

Ensemble can mitigate self-preference bias in
self-evaluation. As shown in Table 11, cross-
model ensemble substantially improves F1-Scores
under self-evaluation settings. In this strategy, a



Avg. Info Noun LLM Judge Win Rate (%)
Benchmark Words Count Chunks Verbs (vs. Ours)
ARGUS (Rawal et al., 2025) 477.5 336.4 134.3 63.1 4.0
NOAH (Lee et al., 2025) 48.0 34.2 13.8 8.0 0.6
CAPADility (Liu et al., 2026) 3.2 2.4 1.1 0.3 0.4
VidOmni-Bench 578.9 400.6 159.3 82.1 -

Table 10: Comparison of caption informativeness across benchmarks. VidOmni-Bench achieves substantially
longer captions, higher information counts, and more noun chunks and verbs than prior benchmarks. The last
column reports the percentage of pairwise LLM-as-a-judge comparisons in which the baseline caption is preferred
over the VidOmni-Bench caption in terms of informativeness.

F1-Score (%)

Video-LLM Ensemble Verifier

Self-Verification Cross-Ensemble (+p.p)
Qwen3-VL 32B  + InternVL3.5 38B 53 26.2 (+20.9)
InternVL3.538B  + Keye-VL 1.5 8B 7.7 24.6 (+16.9)
Gemini 3 Flash + GPT 5 mini 21.9 25.1 (+3.2)

Table 11: Effect of cross-model ensemble on self-verification. Cross-model ensemble verification consistently
improves F1-Score over self-verification across caption sources. These gains show that combining judgments from
other Video-LLMs can compensate for the low verification performance observed when models evaluate their own

captions.

generated sentence is marked as Incorrect if either
the captioning model or an external verifier pre-
dicts it as Incorrect. The consistent gains suggest
that self-evaluation failures are largely caused by
missed hallucinations, and that external model ver-
ification can partially mitigate this self-bias.

VidOmni-Bench Subset Video-LLM F1-Score (%)
Gemini 3 Flash 41.69

Full Test Set GPT 5 mini 28.93
Qwen3-VL 32B 21.74
Gemini 3 Flash 42.46

w/0 YouTube Videos GPT 5 mini 29.15
Qwen3-VL 32B 23.21

Table 12: YouTube data leakage analysis. The similar
F1-Scores across the two settings suggest that the re-
ported results are not driven by leakage from YouTube.

Analysis of audio modality in verification. To
investigate the impact of audio information on
sentence-wise event verification, we conduct an
ANOVA (St et al., 1989) across three audio cat-
egories defined by the type of content they con-
vey: Speech (meaningful spoken content), Sound
Effect (semantically relevant non-speech sounds),
and Background (uninformative audio). As shown
in Table 13, for Gemini 3 Flash, audio input sig-
nificantly improves F1-Score in both Speech and
Sound Effect, while causing no significant change

in the Background. In contrast, F1-Scores of video-
SALMONN 2+ decline across these categories.
These results suggest that while Gemini effectively
leverages audio as a complementary signal, video-
SALMONN 2+ tends to treat audio as a distractor.



Task Description:

Compare Response A and Response B using the rubric. Write one short feedback sentence, then end with exactly one
result tag. The final line must be exactly either:

[RESULT] A
[RESULT] B
Instruction:

Describe this video in detail, focusing on the spatio-temporal dynamics. Describe exactly how objects and agents move,
change, and occupy space over time within the scene.

Response A:

{response_A}

Response B:

{response_B}

Rubric:

Does the model’s response provide a sufficient amount of relevant and substantive information for the given query?

Score 1: The response is severely lacking in information. It is vague, overly generic, or omits essential details, leaving
the query largely unaddressed.

Score 2: The response provides minimal information. It touches on the topic but lacks depth, with significant gaps or
important aspects left uncovered.

Score 3: The response provides a moderate amount of information. It covers the core of the query but may lack depth in
some areas or omit secondary details that would add value.

Score 4: The response is informative and substantive. It thoroughly addresses the query with relevant details, with only
minor opportunities for additional depth or coverage.

Score 5: The response is highly informative and comprehensive. It fully addresses the query with rich, relevant, and
well-elaborated detail, leaving little need for follow-up.

Feedback:

Figure 15: Prompt for pairwise caption informativeness judgment. We use Prometheus-2 7B to compare captions
from VidOmni-Bench and other benchmarks under a predefined informativeness rubric. Given the captioning
instruction, two captions, and the rubric, the judge selects the more informative caption.

Video-LLM Audio Category F1-Score Gain (%) t Significant
Speech +3.3 +3.9 HkE
Gemini 3 Flash Sound Effect +4.2 +3.6 HkE
Background —0.8 -0.9 n.s.
Speech -0.3 —-1.7 n.s.
video-SALMONN 2+ 7B Sound Effect -1.5 -2.5 *
Background -0.9 2.7 Hox
Speech —22 —4.2 HkE
video-SALMONN 2+ 72B  Sound Effect 2.4 -2.6 *
Background —-1.6 —2.6 *ok

Table 13: F1-Score gain when audio is added by audio category and model. For each model and audio category,
we compute the F1-Score gain (with audio - without audio) and test whether this gain is significantly different from
zero using a one-sample t-test. *p < .05, ¥*¥p < .01, ***p < .001, n.s.: not significant p > .05.
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Figure 16: Performances of Video-LLMs across all complexity types and durations. The results reveal
multidimensional and model-specific weaknesses, indicating that current Video-LLMs exhibit different failure
patterns depending on both video dynamics and temporal scale.



Video Evaluation Interface

Sentences to Evaluate

Sentence 1

The video begins with a close-up view of green leaves and branches, set against a
backdrop of a cloudy sky.

Correct  Incorrect  Unknown

Sentence 2

The camera slowly pans to the right, revealing more of the tree's foliage and some small,
round fruits or buds hanging from the branches.

Correct  Incorrect  Unknown

10f172 @ > > 00:00:00  00:07 Sentence 3

The scene is serene and natural, focusing on the intricate details of the leaves and
branches.

Figure 17: Annotation interface for sentence-wise correctness (Stage 1). Annotators label each caption sentence
as Correct, Incorrect, or Unknown based on the video evidence. An additional memo field is provided to collect
detailed notes and ambiguous cases during dataset construction.

Video Evaluation Interface

Sentence 19

| Object | Relation | Location  Direction | iusion | Action | Order | Causaity | Frequency
| state Change

They are all looking towards the camera, holding their signs.

Correct [ Incorrect  Unknown

Sentence 20
| Object | Relation | Location  Direction | fusion | Action | Order | Causaity | Frequency

| sttecrange

The central sign, held by a woman in a blue sweater, reads: "WAR HAS LIMITS.

Correct  Incorrect  Unknown
s

9160f3127 & @ < > 00:38:03  02:10: Sentence 21

[[Obiect [ Reton [ Locatin | Diection | husion. [ Action [ Order | casaty. [ ooy

| sats crange
LET'S ACT SO THEY ARE RESPECTED." The camera zooms in on this final message as the video ends.

Correct  Incorrect  Unknown
7

Figure 18: Annotation interface for word-level error category (Stage 2). For each sentence labeled as Incorrect in
Stage 1, annotators identify the erroneous words or phrases and assign them to predefined error categories, enabling
fine-grained analysis of hallucination types.
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