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Abstract

Video anomaly understanding (VAU) is critical
for real-world scenarios. Recent advances in
Video Large Language Models (Video-LLMs)
enhance the ability of VAU models to describe
and interpret anomalies. However, progress
in anomaly localization is still limited by two
key issues. First, most existing video anomaly
datasets only annotate segments that are clearly
inconsistent with the context, often omitting
subsequent segments that are semantically part
of the same abnormal event. Second, the
field lacks systematic evaluation protocols. To
bridge these gaps, we introduce VALU, a new
benchmark that explicitly defines anomalies
across five semantic levels and provides com-
prehensive temporal boundaries and detailed
textual descriptions for each. Based on these an-
notations, we design three evaluation tasks that
comprehensively assess models’ capabilities
across different dimensions, including temporal
grounding, anomaly localization, and anomaly
detail discrimination. Evaluation results reveal
persistent challenges in current models’ capa-
bilities on VAU. We further analyze and discuss
these findings, and hope that both VALU and
insights will advance research in VAU and the
development of Video-LLMs. Our benchmark
will be publicly available here.

1 Introduction

Video anomaly understanding (VAU) has extensive
applications across various domains, such as secu-
rity monitoring, industrial production inspection,
violent content analysis, and disaster incident warn-
ings (Cao et al., 2024; Zhu et al., 2024; Huang et al.,
2025). Traditional research (Wu et al., 2023; Zhang
et al., 2023; Wu et al., 2024b; Karim et al., 2024,
Zhang et al., 2024b) in this field mainly focuses
on video anomaly detection (VAD), which aims to
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Figure 1: Examples of annotations in existing datasets.
The top and middle videos are sourced from UCF-Crime
(Sultani et al., 2018) and MSAD (Zhu et al., 2024),
respectively. We selected 100 videos from these two
datasets for evaluation. As shown blew, when asked
“Which of the two segments contains the anomaly?”,
both models tend to select the unannotated segment.

identify abnormal frames in videos, but often lacks
the capability to provide semantic descriptions and
comprehensive analyses of the detected anomalies.

Recently, significant advances in Video Large
Language Models (Video-LLMs) have propelled
the development of VAU (Zhang et al., 2025c,a;
Zanella et al., 2024; Yang et al., 2024; Ye et al.,
2025; Ding et al., 2025; Shao et al., 2025). How-
ever, most existing efforts primarily focus on the
semantic interpretation of abnormal events, while
paying less attention to the anomaly temporal lo-
calization (Tang et al., 2024; Zhang et al., 2024a,
2025b). In fact, temporal grounding' and localiza-
tion” are fundamental capabilities of Video-LLMs
(Chen et al., 2024; Liu et al., 2024; Qian et al.,
2024; Zhu et al., 2025; Cheng et al., 2025). Thor-
oughly investigating these abilities is of great sig-
nificance for advancing the VAU field.

Systematic exploration of anomaly temporal un-

"Temporal grounding refers to aligning a given textual
description to its corresponding time segment.

2Temporal localization focuses on determining the tempo-
ral boundary of the specific target event.

1252

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 1252—-1296

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/Mr-xiu/VALU

(4.25~34.3s) A car stops in the middle of the road, and two men in black get out. They rob a man walking on the sidewalk and push him to the ground. Then they go

D Anomaly

==« Abnormal Event

sidewalk and push him to the ground.

=== Abnormal Action
=« == Abnormal Consequence

« == Subjects' Response awoman rushes toward him.

« == Abnormal Segment |sececccccccccccccennnne

(6.95~34.3s) Two men in black rob a man on the sidewalk and push him to the ground. Then the man lies motionless on the ground. Later,

back the car and drive away, but the robbed man lies motionless on the ground. Later, a woman rushes toward him.

(6.95~12.9s) Two men in black rob a man on the

(32.15~34.3s) A woman rushes toward the man :
lying motionless on the ground.

Figure 2: An example of the multi-level annotations of anomalies. The video is sourced from MSAD (Zhu et al.,
2024), where the originally annotated anomaly boundaries range from 4.5s to 16s.

derstanding capability remains constrained by two
major bottlenecks: semantic incompleteness of an-
notations and systematic lack of evaluation proto-
cols. 1) Most video anomaly datasets are originally
developed for VAD tasks, where only segments that
are explicitly inconsistent with the video context
are annotated as abnormal, while semantically re-
lated subsequent states are often ignored. As shown
in Fig. 1, segments like explosion or robbery are
labeled, but subsequent states such as a child stuck
in a well, or a man lying on the ground remain
unannotated. To examine the impact of incom-
plete annotations on Video-LLMs, we conducted a
preliminary experiment: when prompted to select
which segment contained an anomaly, both mod-
els tend to choose the unannotated segment (see
bottom of Fig. 1). This suggests that current anno-
tations cannot fully measure the ability to locate
and understand anomalies, as models may identify
abnormal segments beyond those annotated due to
their broader semantic understanding. 2) Existing
evaluation protocols (Du et al., 2024b,a; Ma et al.,
2025; Gani et al., 2025) assess models from a sin-
gle dimension, lacking a comprehensive evaluation
of anomaly temporal understanding.

To address the above issues, we propose the
VALU (Video Anomaly Localize and Understand)
benchmark, which defines anomalies across five
distinct semantic levels and provides detailed man-
ual annotations. Based on these, we design three
tasks to systematically evaluate the VAU capabili-
ties of Video-LLMs at different dimensions.

Specifically, we construct VALU based on UCF-
Crime (Sultani et al., 2018), MSAD (Zhu et al.,
2024), and ECVA (Du et al., 2024a). After process-
ing stage, we obtain a total of 1,019 videos. Then
we conduct multi-level annotations of anomalies:
1) identifying semantically complete abnormal
events within each video; 2) annotating explicit

abnormal segments within each event; 3) further
subdividing each segment into three semantic com-
ponents: abnormal actions, consequences, and
subjects’ responses. Through this process, we
provide manual temporal boundaries and detailed
textual descriptions for all five semantic levels of
anomalies (see Fig. 2 for an example). Based on
these detailed annotations, we design three tasks
to systematically evaluate models’ VAU capabil-
ities at different dimensions, including temporal
grounding, anomaly localization, and anomaly de-
tail discrimination.

We evaluate a range of models, from general
Video-LLMs (Bai et al., 2025; Zhang et al., 2025a;
Zhu et al., 2025; Yue et al., 2025; Wang et al.,
2025) to VAU expert models (Tang et al., 2024;
Zhang et al., 2025b), with sizes ranging from 1B
to 78B. The results show that these models exhibit
shortcomings across multiple dimensions. We fur-
ther analyze and discuss these results, providing
insights and directions for advancing the field.

The main contributions of this work can be sum-
marized in three key aspects:

* We propose the VALU benchmark, which sys-
tematically categorizes anomalies into five se-
mantic levels and provides detailed manual
annotations for each level.

* We design three evaluation tasks to compre-
hensively assess VAU capabilities of Video-
LLMs at different dimensions, including tem-
poral grounding, anomaly localization, and
anomaly detail discrimination.

* We benchmark a wide range of Video-LLMs,
revealing that existing models face significant
challenges in effectively handling comprehen-
sive VAU tasks, and provide findings, analysis,
and discussion to guide future work.
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Dataset&Benchmark #TV #TAV #INV Source Anno. Anomaly Localization T. D. MC.
Subway (Adam et al., 2008) 2 2 0 Single Surveillance Human Frame-level XX X
UCSD Ped (Li et al., 2014) 48 48 0 Single Surveillance ~ Human  Bounding-box-level X X X
CUHK Avenue (Lu et al., 2013) 21 21 0 Single Surveillance Human  Bounding-box-level X X X
SHTech Campus (Luo etal., 2017) 107 107 0 Single Surveillance ~ Human Bounding-box-level X X X
UCF-Crime (Sultani et al., 2018) 290 140 150  Multiple Surveillance ~ Human Frame-level XX X
XD-Violence (Wu et al., 2020) 800 500 300 Films/Online Human Frame-level XX X
UBnormal (Acsintoae et al., 2022) 211 158 53 Synthetic Human Pixel-level XX X
NWPU Campus (Cao etal., 2023) 242 124 118 Single Surveillance ~ Human Frame-level XX X
UCA (Yuan et al., 2024) 310 206 104  Multiple Surveillance ~ Human NA v X
VAR (Wu et al., 2024a) 200 140 150  Multiple Surveillance ~ Human NA XX X
MSAD (Zhu et al., 2024) 360 240 120  Multiple Surveillance ~ Human Frame-level XX X
HAWK (Tang et al., 2024) 786 634 152 Multiple Surveillance ~ LLM NA Xv X
CUVA (Du et al., 2024b) 200 200 0 Surveillance/Films/Online Human Segment-level X
ECVA (Du et al., 2024a) 2,174 2,174 0 Surveillance/Films/Online  Human Segment-level X
M-VAE (Ma et al., 2025) 200 200 0  Surveillance/Films/Online Human Segment-level 7 X
HIVAU-70k (Zhang et al., 2025b) 150 98 52 Surveillance/Films/Online LLM NA Xv X
VANE-Bench (Gani et al., 2025) 325 325 0 Surveillance/Synthetic LLM NA XX Vv
VALU 1,019 750 269 Multiple Surveillance Human Multiple Semantic-level VAR

Table 1: Comparison VALU with other video anomaly datasets and benchmarks. The abbreviations are defined as
follows: TV (Test Videos), TAV (Test Abnormal Videos), TNV (Test Normal Videos), Anno. (Annotation Method),
T. (Temporal Task), D. (Description Task), MC. (Multiple-Choice Task).

2 Related Work

Traditional Video Anomaly Datasets Most ex-
isting video anomaly datasets, such as SHTech
Campus (Luo et al., 2017), UCF-Crime (Sultani
et al., 2018), XD-Violence (Wu et al., 2020), UB-
normal (Acsintoae et al., 2022), NWPU Campus
(Cao et al., 2023) and MSAD (Zhu et al., 2024),
are designed for anomaly detection task. These
datasets typically annotate only whether each frame
is abnormal, and rarely provide semantic descrip-
tions. In addition, anomalies are labeled only for
segments that clearly inconsistent with the nor-
mal context, while semantically related subsequent
states are ignored. As a result, these datasets are
not suitable for assessing VAU capabilities.

Multimodal Benchmarks for VAU  With the de-
velopment of Video-LLMs (Lin et al., 2024; Maaz
et al., 2024; Li et al., 2025; Yu et al., 2025), many
benchmarks are constructed by enriching tradi-
tional datasets (e.g., UCF-Crime) with additional
descriptions. These benchmarks typically evaluate
models through video question answering (Tang
et al., 2024; Zhang et al., 2024a, 2025b; Gani et al.,
2025), video retrieval (Wu et al., 2024a; Yang et al.,
2025), and video caption (Yuan et al., 2024). In
addition, CUVA (Du et al., 2024b) and ECVA (Du
et al., 2024a) aim to evaluate the causation under-
standing ability and collect videos from online
video platforms. Ma et al. (2025) further con-
struct the multi-scene abnormal event extraction
task based on CUVA. Despite these advances, ex-

isting works still overlook the incompleteness of
annotations, provide insufficient exploration of fun-
damental temporal grounding and localization.

Unlike these works, our proposed VALU de-
fines anomalies across five semantic levels and
provides comprehensive manual annotations for
each, thereby addressing the incompleteness of an-
notations. In addition, VALU designs three tasks to
systematically assess Video-LLMs across different
dimensions, providing a comprehensive evaluation
protocol. Table 1 summarizes the comparison be-
tween our benchmark and existing video anomaly
datasets and benchmarks.

3 The Proposed VALU Benchmark

In this section, we introduce the VALU benchmark,
including its multiple semantic levels definition of
anomalies, construction process, and evaluation
tasks. We leave more details in Appendix A and B.

3.1 Multiple Semantic Levels Definition

To more thoroughly evaluate the video anomaly
temporal localization and understanding abilities,
and to address the incompleteness of existing anno-
tations, as shown in Fig. 2 and Appendix A.3, we
define anomalies into five distinct semantic levels:

Abnormal Event The semantically complete
event in the video involving anomalies. This level
includes not only the abnormal occurrence itself,
but also the actions and contexts leading up to the
event, its aftermath, and the reactions of relevant
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Figure 3: An example of watermark blurring. The video
is sourced from ECVA (Du et al., 2024a).

subjects such as people, animals, or vehicles.

Abnormal Segment The visually explicit sub-
event within an abnormal event where clear anoma-
lies can be observed in the video frames. Each
abnormal segment consists of three elements: ab-
normal actions, abnormal consequences, and sub-
jects’ responses. It excludes parts of the semanti-
cally complete abnormal event that do not visually
display clear anomalies.

Abnormal Action The specific action or behav-
ior that clearly deviates from the normal situation
and indicates the precise occurrence of an anomaly.
Abnormal action is the central component of an
abnormal segment.

Abnormal Consequence The consequence or
aftereffect directly resulting from the abnormal ac-
tion. It provides further context and evidence for
the identification of an anomaly. This is also a
constituent part of an abnormal segment.

Subjects’ Response The reaction or response of
people, animals, vehicles, or other subjects to ab-
normal actions or their consequences. This reflects
how subjects perceive and respond to the anomaly,
and it is a component of an abnormal segment.

3.2 Benchmark Construction

Collection of Videos We select videos from two
real-world surveillance datasets, UCF-Crime (Sul-
tani et al., 2018) and MSAD (Zhu et al., 2024).
Additionally, we filter real-world abnormal videos
in the ECVA benchmark (Du et al., 2024a). We
trim and segment repetitive sections within these
videos and remove videos without obvious anoma-
lies. Although VALU is surveillance-centered, it
covers diverse real-world viewpoints. More details
are provided in Appendix A.1. Overall, we collect
750 abnormal videos and 269 normal videos.

Blurring Watermarks Many videos contain wa-
termarks showing timestamps or anomaly infor-
mation, which may cause Video-LLMs to answer

anomaly-related questions based on these cues
rather than the video content. To address this,
as shown in Fig. 3 and more examples in Ap-
pendix A.2, we have blurred these watermarks.

Manual Annotation We develop annotation
guidelines and trained five annotators proficient
in English to conduct the annotation work. Annota-
tors are required to accurately mark the temporal
boundaries of different anomaly levels with a pre-
cision of 0.1 seconds and provide detailed textual
descriptions. For normal videos, annotators must
annotate at least one normal event per video. Sub-
sequently, annotators engage in cross-reviewing
and correcting annotations to ensure the temporal
boundaries and textual descriptions are accurate,
comprehensive, and correspond accurately. Please
refer to Appendix A.3 for more details.

3.3 Tasks Definition and Evaluation Metrics

In this section, we introduce the evaluation tasks
in VALU, along with the corresponding evaluation
methods and metrics. Table 2 provides an overview
of the three tasks and their corresponding metrics.
Additional prompts and implementation details are
included in Appendix B.

Temporal Description Grounding (TDG) This
task is designed to evaluate models’ ability to iden-
tify the start and end times of the video segment
based on the given description. We design two
subtasks: abnormal description grounding and nor-
mal description grounding. These aim to evaluate
Video-LLMs’ temporal grounding capabilities for
anomalies of different semantic levels and for nor-
mal events, respectively. Consistent with previous
work (Tang et al., 2022; Cheng et al., 2025), we
report the mean temporal Intersection over Union
(mloU) and the average recall values (mR) at dif-
ferent IoU thresholds: R@0.3, R@0.5, and R@0.7.

Anomaly Localization and Description (ALD)
This task assesses models’ ability to localize and de-
scribe anomalies of different semantic levels based
on given prompts. Models are required to predict
the temporal boundaries and describe the content
of detected anomalies. This directly measures their
capacity for both temporal localization and seman-
tic understanding of video anomalies. For evalua-
tion, we use DeepSeek-V3 (DeepSeek-Al, 2024)
to extract anomaly descriptions and corresponding
temporal boundaries from model answers, while
filtering out analysis components (more details are
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Task ‘ Model Output Capability Assessed

Metrics

TDG | Start/end timestamps of the given description

Temporal grounding of abnormal/normal video segments

mloU, R@0.3, R@0.5, R@0.7, mR

ALD | Temporal boundaries and anomaly descriptions Autonomous anomaly localization and semantic understanding mlIoU, R@0.3, R@0.5, R@0.7, mR; Coverage, Consistency

ADC | Multiple-choice option selection

Anomaly detail comprehension and discrimination

Accuracy

Table 2: Summary of the three evaluation tasks in VALU and their corresponding metrics.

Rejection

Matching
A. A postman throws a stack of letters forcefully at the black
dog in the yard when it starts barking at him.
B. A postman takes out a stick and beats the black dog in
the yard a few times in front of the mailbox.
C. A postman uses a spray bottle from his bag to spray the
black dog in the yard as it barks at him near the mailbox.
D. A postman drops his mailbag on purpose onto the black
dog in the yard while placing letters in the mailbox.
E. A postman aggressively kicks at the barking black dog in
the yard several times.
F. There are abnormal actions or behaviors in the video, but
none of the above options (A-E) accurately describe the
specific abnormal actions or behaviors observed.
G. There is no abnormal occurrence in the video.

Exclusion
A. A postman throws a stack of letters forcefully at the
black dog in the yard when it starts barking at him.
B. A postman uses a spray bottle from his bag to spray
the black dog in the yard as it barks at him near the
mailbox.
C. A postman drops his mailbag on purpose onto the
black dog in the yard while placing letters in the mailbox.
D. A postman aggressively kicks at the barking black dog
in the yard several times.
E. There are abnormal actions or behaviors in the
video, but none of the above options (A-D) accurately
describe the specific abnormal actions or behaviors
observed
F. There is no abnormal occurrence in the video.

=== Abnormal Action

A. While the dog is rummaging through the trash bin, a masked individual suddenly appears, smashes the security camera, and runs away.

B. As the dog is near the trash bin, a fire suddenly breaks out inside the bin, sending thick smoke across the corridor.
C. While the dog is eating trash, it knocks over the bin, and a resident slips on spilled garbage, falls hard, and injures their leg.

["] Anomaly

D. As the dog approaches the trash bin, a fight erupts between two neighbors nearby, resulting in broken furniture and one person being pushed against the railing.

E. There is an abnormal event in the video, but none of the above options (A-D) accurately describe the abnormal event as observed in the footage.

F. There is no abnormal occurrence in the video

Green Option: Correct Choice

Figure 4: Examples of ADC task. Both videos are from UCF-Crime (Sultani et al., 2018). The abnormal video
above is used for Matching and Exclusion tasks, while the normal video below is used for Rejection task.

provided in Appendix B.2). This extraction pro-
cess is fully automated, with no human intervention
involved in the scoring pipeline. Anomaly localiza-
tion performance is evaluated with the same met-
rics as the TDG task. To assess descriptive quality,
we follow Wang et al. (2024) by decomposing both
model-generated and ground-truth descriptions into
atomic units and calculating 1) Coverage, the ex-
tent to which the model-generated description cov-
ers the ground-truth, and 2) Consistency, the extent
to which the model-generated description correctly
represents the ground-truth. Both scores have a
maximum value of 2. For subsequent reporting, we
normalize these scores to a percentage scale.

Anomaly Description Choice (ADC) This task
is designed to evaluate Video-LLMs’ ability for
anomaly detail comprehension and discrimination
at different semantic levels. For each video, we use
DeepSeek-V3 to construct four distractor anomaly
descriptions that differ from the ground truth in
specific details. For normal videos, we create four
descriptive options depicting non-existent abnor-
mal events closely related to the scene context. All
generated descriptions are reviewed and refined
by annotators to ensure quality. We then assess
Video-LLMs on three capabilities using a multiple-
choice format (see examples in Fig. 4), namely
1) Matching, where models identify the ground-
truth anomaly description from several distractors
for abnormal videos, testing anomaly detail com-
prehension; 2) Exclusion, where models are pre-

sented only with incorrect descriptions for abnor-
mal videos and must select the exclusion choice
such as “anomaly present, but none of the descrip-
tions are correct”, measuring discrimination capa-
bility; and 3) Rejection, where models are pre-
sented with descriptions of non-existent abnormal
events for normal videos and must correctly select
the “no anomaly” option, testing their ability to
distinguish between normal and abnormal content.
We report the accuracy for each subtask.

4 Experiment Evaluation and Analysis

4.1 Experimental Setup

We evaluate a range of Video-LLMs, including gen-
eral models such as VideoLLaMA3 (Zhang et al.,
2025a), Qwen2.5-VL (Bai et al., 2025), and In-
ternVL3 (Zhu et al., 2025) (covering sizes from 1B
to 78B parameters), as well as models equipped
with reasoning capabilities, such as MiMo-VL
(7B) (Yue et al., 2025) and TimeZero (7B) (Wang
et al., 2025). We also benchmark VAU expert mod-
els, including HAWK (7B) (Tang et al., 2024) and
HolmesVAU (2B) (Zhang et al., 2025b), both of
which are trained on video anomaly datasets. For
all models, we use the official weights and settings
for evaluation, with 32 frames uniformly sampled
per video except for HolmesVAU, where we follow
the authors’ setup using 16 frames. In addition,
for MiMo-VL, we evaluate its performance with
thinking mode turned on and off.
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Abnormal Event

Abnormal Segment

Abnormal Action

Abnormal Consequence

Subjects’ Response

Normal Event

mR mloU Mat. Exc. mR mloU Mat. Exc. mR mloU Mat. Exc. mR mloU Mat. Exc. mR mloU Mat. Exc. mR mloU Rej.
1~3B Video-LLMs
InternVL3-1B 150 17.7 340 6.1 112 143 40.7 167 88 119 40.1 154 23 53 469 74 48 72 398 168 50 73 00
InternVL3-2B 18.0 193 446 287 133 148 483 20.0 10.7 125 537 435 6.8 94 40.6 569 59 83 168 71.7 92 10.8 60.6
VideoLLaMA3-2B 72 67 393 23 80 75 371 07 55 59 513 16 28 29 469 09 73 67 230 18 23 24 528
HolmesVAU-2B" 02 30 432 00 01 17 497 29 06 20 577 100 0.1 0.1 46.6 189 00 0.2 319 53 04 24 00
Qwen2.5-VL-3B 46.6 47.0 588 7.5 347 37.1 532 147 30.7 329 66.8 43.6 11.3 152 443 37.7 113 15.6 319 53.1 343 354 60.6
7~9B Video-LLMs
MiMo-VL (w/o think) 49.1 47.6 13.5 91.3 39.6 39.7 18.8 924 34.0 340 11.7 92.0 199 227 122 943 234 27.0 19.8 938 43.6 41.7 572
MiMo-VL (w/ think) 43.6 43.1 159 92.7 357 36.6 20.0 92.8 29.8 309 13.5 944 199 225 14.6 954 22.6 260 168 91.2 379 379 58.0
TimeZero 69.8 63.7 453 647 60.8 56.5 479 49.6 443 444 527 70.1 354 382 S51.1 63.1 37.0 39.8 36.3 558 533 50.0 929
VideoLLaMA3-7B 464 48.1 56.9 15.1 452 46.0 563 11.6 40.5 41.8 68.7 23.1 36.6 37.6 629 234 31.1 343 283 363 39.1 41.2 918
Qwen2.5-VL-7B 61.7 57.7 35.6 755 519 49.5 40.0 60.9 37.7 389 472 751 237 274 446 68.6 234 260 33.6 664 520 49.7 978
HAWK-7B’ 48 59 197 23 37 47 208 33 37 47 197 43 12 16 154 51 03 08 142 7.1 35 46 41
InternVL3-8B 259 287 640 59 21.1 237 577 29 183 200 662 151 88 120 643 83 93 129 584 133 312 322 959
InternVL3-9B 27.1 314 645 523 257 289 634 338 19.8 219 722 362 126 162 60.0 57.1 155 184 46.0 584 358 37.0 454
14~38B Video-LLMs
InternVL3-14B 39.8 40.8 634 223 33.6 346 626 17.5 255 270 713 179 145 175 63.1 21.1 172 19.1 54.0 159 485 46.1 100.0
Qwen2.5-VL-32B 61.6 58.1 55.1 95 477 47.6 52.1 152 404 409 54.1 183 233 263 463 174 232 279 46.0 23.0 57.6 56.0 99.3
InternVL3-38B 422 427 704 16.0 34.0 356 70.1 134 258 28.1 77.7 18.7 14.0 165 709 21.1 155 18.0 60.2 42.5 44.7 443 100.0
72~78B Video-LLMs
Qwen2.5-VL-72B 632 58.6 62.1 39.6 49.8 47.8 572 41.6 41.6 40.8 68.8 455 228 259 56.0 434 263 302 60.2 487 553 53.1 885
InternVL3-78B 29.1 327 724 199 254 281 668 20.0 202 226 750 272 94 13.0 68.6 283 11.9 149 699 30.1 240 272 96.3

Table 3: Evaluation results on TDG and ADC tasks in VALU. For TDG, we report mR (the average of R@0.3, 0.5,
0.7) and mIOU. For ADC, we report the accuracy of Matching (Mat.) and Exclusion (Exc.) across five levels of
anomalies in abnormal videos, and the accuracy of Rejection (Rej.) in normal videos. : trained on video anomaly

datasets. The results in red and blue represent the best and the second-best results, respectively.

Abnormal Event

Abnormal Segment

Abnormal Action

Abnormal Consequence

Subjects’ Response

mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con.
1~3B Video-LLMs
InternVL3-1B 00 0.0 115 185 50 62 94 164 00 0.1 159 191 06 0.7 148 169 0.0 00 16.6 187
InternVL3-2B 00 0.0 123 227 06 09 100 250 0.0 00 44 81 00 00 11.0 153 00 00 43 62
VideoLLaMA3-2B 103 109 6.7 103 13.0 137 6.7 13.6 253 26.6 13.6 189 167 174 9.2 12.6 381 39.1 154 17.7
HolmesVAU-2B' 00 05 134 216 00 03 99 216 03 1.1 57 125 00 00 83 123 00 02 57 88
Qwen2.5-VL-3B 21.7 27.0 102 234 145 19.1 64 216 98 123 96 185 15 27 7.7 106 59 79 96 107
7~9B Video-LLMs
MiMo-VL (w/o think) 3.7 4.0 160 247 147 159 17.1 310 06 08 17.3 185 132 149 168 185 2.1 3.0 10.8 10.8
MiMo-VL (w/think) 1.8 2.0 188 25.0 147 156 169 30.7 29 3.1 185 205 11.0 129 161 192 62 7.5 148 105
TimeZero 26.2 25.6 175 249 27.6 287 16.1 279 125 133 174 212 145 17.8 140 135 11.5 124 127 125
VideoLLaMA3-7B 87.1 80.5 199 302 705 66.5 17.3 268 44.5 473 19.0 23.8 384 41.8 12.7 154 369 40.7 19.8 21.2
Qwen2.5-VL-7B 38.8 382 19.8 274 237 239 153 25.8 235 249 183 21.8 126 149 14.0 153 165 174 147 152
HAWK-7B" 47 6.0 103 133 28 42 92 119 28 42 94 104 13 25 72 81 24 26 104 9.1
InternVL3-8B 19.6 239 17.0 32.8 158 205 14.1 334 26 3.1 209 261 89 113 63 100 09 09 174 206
InternVL3-9B 3.8 42 202 300 194 232 148 320 79 102 173 230 7.7 9.8 159 209 12 14 13.1 16.5
14~38B Video-LLMs
InternVL3-14B 23.0 282 11.0 299 21.7 259 12.1 30.3 169 195 21.0 304 142 16.8 10.6 213 1.5 2.0 187 16.7
Qwen2.5-VL-32B 53.6 52.1 203 254 39.8 414 152 274 394 40.8 179 193 235 262 14.1 139 31.0 34.1 155 164
InternVL3-38B 23.0 27.7 21.1 358 255 287 18.0 40.1 9.1 10.1 28.0 36.6 13.5 16.1 186 262 29 42 222 219
72~78B Video-LLMs
Qwen2.5-VL-72B 248 246 214 282 392 395 18.1 30.8 42.6 429 18.6 24.0 188 214 182 20.1 26.0 288 17.6 16.1
InternVL3-78B 1.5 21 119 363 6.0 9.0 124 356 164 193 30.0 31.6 12.1 156 132 230 32 46 259 214

Table 4: Evaluation results on ALD task in VALU. We report mR (the average of R@0.3, 0.5, 0.7), mIOU, as well
as the Coverage (Cov.) and Consistency (Con.) scores. T+ trained on video anomaly datasets. The results in red and
blue represent the best and the second-best results, respectively.

4.2 Evaluation Results and Findings

Table 3 and Table 4 present the evaluation results
across different tasks. More detailed results are
provided in Appendix D. Based on these results,
we summarize the following findings.

Performance of VAU expert models. Although
HAWK and HolmesVAU are expected to excel in

VAU, their performance on VALU is unsatisfactory.

Both models show almost no capability in temporal

grounding and anomaly localization, with mR and
mloU scores close to zero in the TDG and ALD,
respectively. Furthermore, their anomaly descrip-
tion performances do not surpass those of general
Video-LLMs of similar size. Their performance on
the ADC task is also weak, with scores of only 4.1
and O in the Rejection subtask, while most other
models achieve higher results.

One main reason is that their training data is in-
completely annotated, typically labeling only the

1257



most obvious abnormal segments. This causes the
models to focus on explicit anomaly actions but
lack the ability to identify or represent entire co-
herent events and consequences. On VALU, which
requires multi-level semantic localization and un-
derstanding of anomalies, their performance drops
significantly. Furthermore, these models often over-
fit to narrow objectives, such as simple anomaly
classification or fixed text generation, which lim-
its their semantic reasoning and task adaptation.
Overall, these results show that current datasets
and training strategies are insufficient for develop-
ing robust VAU capabilities, as models trained in
this way can detect salient anomaly patterns but
often fail on comprehensive event-level reasoning,
causal understanding, or nuanced semantic distinc-
tions essential for real-world VAU.

Performance of reasoning models. MiMo-
VL and TimeZero, which incorporate reinforce-
ment learning algorithms such as GRPO (Shao
et al., 2024) for post-training, demonstrate certain
strengths in deep thinking and video understand-
ing. Specifically, TimeZero achieves state-of-the-
art performance in the TDG task on the VALU
benchmark. However, neither model shows signifi-
cant advantages over other models in other tasks;
for example, MiMo-VL performs poorly in video
anomaly localization. Moreover, enabling the rea-
soning module in MiMo-VL does not consistently
improve performance across all VALU tasks. Over-
all, while current reasoning models achieve out-
standing results in some tasks, they have yet to
bring comprehensive improvements to VAU and
still leave substantial room for advancement.

Performance on TDG task. As shown in Ta-
ble 3, the Qwen2.5-VL series achieves competitive
temporal grounding performance among similar-
sized models, while all models show limitations
for the levels of abnormal consequence and sub-
jects’ response. Notably, scaling up from small to
medium models brings significant gains, but further
increasing yield only marginal or even negative re-
turns. These findings demonstrate that, although
recent Video-LLMs have advanced in grounding
textual descriptions with temporal segments, they
still lack deep semantic understanding of complex
anomaly scenarios, especially for less salient or
context-dependent aspects. This suggests that in-
creasing model size alone is insufficient, and tar-
geted improvements in semantic and temporal rea-
soning are required to achieve robust VAU models.

Qwen2.5-VL-78 [l 32 frames
100

764 frames VideoLLaMA3-78 [l 32 frames 180 frames

80
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Figure 5: Impact of the number of input frames.
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Figure 6: Impact of the proportion of abnormal action.

Performance on ADC task. According to Ta-
ble 3, many models achieve higher accuracy on the
Matching subtask than on Exclusion, showing they
are relatively good at selecting the correct anomaly
description but remain challenged in recognizing
when all provided options are incorrect. Larger
models tend to perform better on the Rejection sub-
task, more accurately distinguishing normal videos
from irrelevant anomalies. These results reveal that,
while Video-LLMs have some ability to match ex-
plicit descriptions, they still lack robust comprehen-
sion and discrimination of anomaly details across
different semantic levels. This reflects persistent
limitations in the models’ fine-grained semantic
understanding and flexible reasoning, which are
crucial for reliable VAU in real-world scenarios.

Performance on ALD task. Table 4 shows that,
except for VideoLLaMA3, most models perform
worse on anomaly localization in ALD than on
temporal description grounding in TDG. This gap
reveals that, while grounding textual descriptions
with time spans is already feasible, identifying and
temporally localizing anomalies across different
semantic levels remains much more complex for
current models. The persistently low coverage and
consistency scores for anomaly descriptions further
indicate that these models struggle to interpret both
the content and boundaries of anomalies in a com-
prehensive way. Overall, these findings underscore
the necessity to advance beyond basic grounding,
and pursue comprehensive temporal reasoning and
semantic understanding, which are essential for
capturing the complexity of anomalies in diverse
real-world applications.
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Abnormal Action: (6.9s~34.3s) A woman pushes over a cross. [_] Anomaly Correct Parts Incorrect Parts Irrelevant Parts Hallucinated Parts Predicted Temporal Boundaries

Qwen2.5-VL-72B

HAWK-7B

g 2 woman is seen walking into a church, where she begins to act abnormally by removing the cross from
the ceiling and placing it on the floor. She then proceeds to walk around the church, picking up the
cross and placing it on the floor again. The abnormal behavior continues until she leaves the church. The
abnormal actions in this video are the woman's behavior, which includes removing a cross from the ceiling
and placing it on the floor, walking around the church, and picking it up and placing it back on the
floor again. These actions are considered abnormal because they are not typical behaviors within a church
setting and could be interpreted as disrespectful or disruptive to the religious environment. The start of the
abnormal actions is when the woman enters the church and begins to remove the cross from the ceiling. The
e ——— end of the abnormal actions is when the woman leaves the church.

HolmesVAU-2B

0.0 - 21.3 seconds, A person is seen running down an aisle in a church while looking around. 21.5 - 27.6 seconds, The woman then runs up to a cross and = There is no anomaly in the
begins moving it around. 28.0 - 30.4 seconds, She then runs back down the aisle and out of frame. video.

VideoLLaMA3-7B

VideoLLaMA3-7B + explicit explanations of different semantic anomaly levels

0.1 - 25.3seconds, A woman is seen walking around a church pushing a cart and moving objects = 0 - 25.1seconds, A woman is seen walking around a church pushing a large cross

around. 18.4 - 33.7seconds, She then moves a large cross off the stage and back to its original spot.

around. 24.6 - 33.7seconds, She then pushes the cross over and walks away.

Figure 7: Qualitative results on ALD task. The video is sourced from MSAD (Zhu et al., 2024).

Qwen25-VL-7B I ucr MSAD I Ecva VideoLLaMA3-78
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60 60
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Figure §: Performance differences across video sources.

4.3 Further Analysis and Discussion

Based on the evaluation results and findings, we
further analyze and discuss the following aspects.

How does the number of input frames affect
Video-LLMs’ performance? As shown in Fig. 5,
increasing the number of input frames results in
only slight improvements across multiple subtasks,
and in some cases leads to marginal decreases. This
indicates that the primary bottleneck for VAU per-
formance lies in the models’ own capability rather
than the number of frames provided.

How do Video-LLMs perform on different pro-
portions of anomaly? To further examine mod-
els’ ability to localize and understand brief or
sparse anomalies, we analyze model performance
relative to the proportion of abnormal action du-
ration in the video. All samples are grouped into
(0, 0.3), (0.3, 0.7), and (0.7, 1) ranges by abnormal
action proportion. As shown in Fig. 6, model per-
formance in all tasks steadily increases with greater
anomaly proportion. When anomalies occupy only
a small part of the video, all metrics drop signifi-
cantly. These results suggest current Video-LLMs
are unsuitable for real-world surveillance, where
anomalies typically appear as brief segments in
long videos and require precise localization and
understanding.

How do Video-LLMs perform on videos from
different sources? We further investigate the per-

mR mloU Coverage Consistency

VideoLLaMA3-7B 555 55.4 17.7 235
w/ anomaly guidance 51.8 52.7 18.3 25.3
Qwen2.5-VL-7B 23.0 239 16.4 21.1
w/ anomaly guidance 30.0 31.4 17.1 22.3

Table 5: Impact of providing anomaly guidance in
prompts on ALD task. “w/ anomaly guidance” means
that, before the original prompt, we prepend explicit
explanations and definitions for each semantic anomaly
level to offer more semantic guidance to the model.

formance of Video-LLMs on videos from different
sources within VALU, as illustrated in Fig. 8 and
detailed in Appendix D.1. Both models perform
worst on UCF-Crime videos (except in the Exclu-
sion subtask). This disparity may be attributed
to the lower resolution, blurred visuals, and re-
duced frame rates of the surveillance videos in
UCF-Crime. This finding highlights that current
models are still limited for real-world VAU appli-
cations, where low-quality and challenging visuals
are common in surveillance footage, thus restrict-
ing their effectiveness in practical scenarios.

Does prompting with detailed anomaly guid-
ance enhance ALD performance? We further
investigate whether providing Video-LLMs with
explicit textual explanations of different semantic
anomaly levels in the prompt improves ALD perfor-
mance (see Table 5 and more details in Appendix
D.2). Results show that such guidance leads to
minor improvements in anomaly description scores
for both models, but has inconsistent effects on
localization, and sometimes even slightly hinder,
localization performance. This suggests that simply
supplying models with detailed semantic guidance
is insufficient to fundamentally overcome their lim-
itations in localizing and understanding anoma-
lies. Deeper integration of semantic knowledge
and more advanced anomaly temporal understand-
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ing capabilities remain necessary for robust VAU
in line with real-world needs.

Qualitative results. Fig. 7 presents qualitative
results on ALD task, with more examples available
in Appendix D.3. It can be observed that many
models struggle to localize and describe the core
abnormal actions in the videos. HolmesVAU in-
correctly determines that there are no abnormal
actions present, while HAWK fails to provide any
temporal localization for the abnormal temporal
boundary. Furthermore, they often describe behav-
iors or events unrelated to the actual anomalies, or
produce descriptions of hallucinated abnormal be-
haviors that do not exist in the surveillance video.

5 Conclusion

In this paper, we propose the VALU benchmark,
which systematically defines anomalies at five se-
mantic levels and provides three evaluation tasks
to comprehensively assess the VAU capabilities of
Video-LLMs. Extensive experiments reveal that
current models are still far from meeting the re-
quirements of real-world VAU applications, strug-
gling with localization and semantic comprehen-
sion across different tasks and anomaly semantic
levels. We hope that the multi-level annotations of
anomalies and multi-dimensional evaluation tasks
in VALU can support future research and the devel-
opment of more robust VAU models.

Limitations

This work still has several limitations. First, due
to constraints on cost and computational resources,
we are only able to evaluate open-source Video-
LLMs ranging from 1B to 78B parameters, and
have yet to assess state-of-the-art closed-source
models (such as GPT-5.4 (OpenAl, 2026)) or larger-
scale open-source models (like Qwen3-VL-235B-
A22B (Qwen Team, 2025)). This limits the com-
prehensiveness of our evaluation and discussion.
Second, VALU is still primarily centered on
surveillance-style anomaly videos. We make this
choice because surveillance remains the dominant
domain in real-world video anomaly understanding
applications, such as public safety, traffic monitor-
ing, and security inspection. However, this domain
focus may limit the benchmark’s generalization to
other video scenarios. Moreover, due to the scarcity
of publicly available raw surveillance footage, the
number of videos that can be included in VALU
remains limited. Although we have made our best

effort to curate high-quality videos from existing
datasets, broader source diversity is still needed.

Third, the ALD task adopts a free-description
paradigm to better reflect realistic VAU settings,
where models need not only localize anomalies
but also describe them in open form. While this
design enables richer evaluation of semantic under-
standing, it also introduces additional challenges
for standardized assessment, since open-form de-
scriptions may vary in wording and structure. To
mitigate this issue, we combine the open-ended
ALD task with more standardized TDG and ADC
tasks, and use an automated evaluation pipeline for
description scoring. Nevertheless, this trade-off
still remains a limitation of the current design.

In future work, we plan to evaluate stronger
Video-LLMs, expand VALU with more diverse
real-world source videos and viewpoints, and fur-
ther investigate how to improve Video-LLMs for
VAU tasks in practical applications.

Ethical Considerations

We conducted rigorous quality control to eliminate
any potentially discriminatory, biased, or otherwise
inappropriate language and content. All descrip-
tions were required to remain objective, neutral,
and fact-based. Additionally, we ensured that all an-
notators received fair compensation for their work
and that no exploitative or unfair labor practices
occurred throughout the annotation process. All
videos are collected from existing public datasets
(Sultani et al., 2018; Zhu et al., 2024; Du et al.,
2024a). When distributing and releasing VALU,
we will strictly adhere to the original licenses and
data use agreements associated with these datasets.
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A Details of Benchmark Construction

A.1 Details of Video Collection

Our proposed VALU benchmark is constructed
from three representative video anomaly datasets:
UCF-Crime (Sultani et al., 2018), MSAD (Zhu
et al., 2024), and ECVA (Du et al., 2024a). Below,
we provide comprehensive descriptions of these
datasets and explain the specific selection proto-
cols used in our benchmark.

UCF-Crime (Sultani et al., 2018) is the first
large-scale, real-world surveillance video anomaly
dataset, comprising 1,900 videos collected by an-
notators from the web. Its test set contains 140
abnormal videos and 150 normal videos. Over
ten annotators independently labeled the temporal
boundaries of abnormal segments in the test set,
with the final labels obtained by averaging their
annotations. However, as illustrated in Fig. 1 and
further in Fig. 9, many semantically abnormal seg-
ments in UCF-Crime remain unlabeled. Further-
more, some videos exhibit repeated or replayed seg-

-==Original Abnormal Segment = ==Unannotated Abnormal Segment  [_] Anomaly

nt explosion occurs
at the gas station

debris from the explosion is scattered
all over the ground

Figure 9: Examples of annotations in UCF-Crime (Sul-
tani et al., 2018).

Figure 10: An example of the video with repeated sec-
tions in UCF-Crime (Sultani et al., 2018).

=== Original Abnormal Segment = ==Unannotated Abnormal Segment  [_] Anomaly

the fallen woman sits on the ground
while a man comes to help

awoman falls from a chair

white sedan and bicycle are severely- -
damaged, and the cyclist sits on the hood

a white sedan crashes a cyclist
and smashes into the wall

Figure 11: Examples of annotations in MSAD (Zhu
et al., 2024).

Figure 12: Examples of videos where anomalies cannot
be identified from visual content in ECVA (Du et al.,
2024a).

ments, as exemplified in Fig. 10, we have trimmed
and split these sections.

MSAD (Zhu et al., 2024) is a recently introduced
multi-scenario real-world video anomaly dataset
encompassing 14 distinct scenes. Under its semi-
supervised protocol, the test set includes 240 ab-
normal and 120 normal videos; under the weakly
supervised protocol, there are 120 abnormal and
120 normal videos. We adopt all 360 test videos
from the semi-supervised setting for evaluation in
VALU. Similar to UCF-Crime, MSAD is designed
for the video anomaly detection task, resulting in
some semantically abnormal segments being unan-
notated. Additional examples are shown in Fig. 11.

ECVA (Du et al., 2024a) extends the CUVA
benchmark (Du et al., 2024b) and consists of 2,174
abnormal videos sourced from various domains, in-
cluding news reports, movies, vlogs, social media,
interviews, animations, and surveillance footage.
ECVA focuses on evaluating Video-LLMs’ causal
reasoning abilities. As shown in Fig. 12, many
videos contain anomalies that cannot be identi-
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MSAD Abnormal
23.7%
ECVA Abnormal
35.2%

UCF-Crime Normal UCF-Crime Abnormal
14.6% 14.7%

Figure 13: The distribution of video sources in VALU.

fied from visual information alone. To ensure that
our benchmark focuses on visually accessible real-
world scenarios, we select only those videos in
which the anomaly is clearly observable from video
content alone. This process results in a curated sub-
set of 349 real-world abnormal videos from ECVA.

The overall source distribution of videos in-
cluded in VALU is shown in Fig. 13.

A.2 Details of Watermark Blurring

We preprocess all videos to remove visible arti-
facts such as timestamps, news titles, and subtitles
that could reveal anomaly-related information and
potentially bias the outputs of Video-LLMs. Two
annotators use standardized video editing software
to conduct the blurring process, and three addi-
tional annotators subsequently review and refine
the results to ensure consistency. More examples
of this process are shown in Fig. 14.

Please note that videos presented in Fig. 1, Fig. 9,
Fig. 10, Fig. 11, and Fig. 12 are sourced from the
original datasets and have not been processed with
watermark blurring.

A.3 Details of Manual Annotation

The annotation work is performed by five anno-
tators with backgrounds in computer vision and
multimodal research, all of whom are proficient in
English. As illustrated in Fig. 15, all annotators
utilize PotPlayer to facilitate frame-level temporal
localization. Prior to annotation, all annotators re-
ceive training on the annotation guidelines and are
provided with definitions and examples covering
all five semantic levels of anomalies.

We provide an example of the annotation format
in Fig. 18. The distributions of average description
length (in words) are illustrated in Fig. 19, Fig. 20,

3https://potplayer.daum.net/

[J Timestamp  [J Anomaly Information

Blurring

A eee —> oo

Blurring

000 —> 000

Blurring
00— 000

il eee —> ooo

Blurring

000 —> o0

Figure 14: Examples of watermark blurring. The top
two, middle two, and bottom two videos are sourced
from UCF-Crime (Sultani et al., 2018), MSAD (Zhu
et al., 2024), and ECVA (Du et al., 2024a), respectively.

Fig. 21, and Fig. 22. The statistics for the aver-
age temporal length (in seconds) of the annotated
boundaries are shown in Fig. 23, Fig. 24, Fig. 25,
and Fig. 26. Additional annotation examples are
presented in Fig. 27 and Fig. 28.

B Details of Evaluation Tasks

In this section, we provide further details on the
evaluation tasks included in VALU.

B.1 Temporal Description Grounding (TDG)

The prompt template used for the TDG task is
shown in Fig. 29. For each instance, the “descrip-
tion” field is filled with the specific event descrip-
tion from our benchmark. Models are required to
analyze the provided video and output the precise
start and end times (in seconds) during which the
described event occurs.
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Playlist

Default

)
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| 3
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>
> 1
> 1
| 2
| 2

Figure 15: Annotation operation interface for frame-level temporal localization using PotPlayer.

Ground-Truth Description

A child throws a firecracker into the well, resulting
in a fierce explosion, and white smoke fills the
entire area. Then, a group of adults and children
rescue a small boy who is stuck at the mouth of the

well. (65.35~104.4s)

extract atomic units 10U, R@IOU...

1. A child throws a firecracker into the well.

2. The firecracker results in a fierce explosion.

3. White smoke fills the entire area.

4. The small boy is stuck at the mouth of the well.

5. A group of adults and children rescue a small boy.

10.2~130.4s

Model Answer

An explosion occurs, causing a large cloud of smoke and debris. The
explosion results in one person lying on the ground, and others gather
around to assist while a red car drives by. The anomaly at 10.2s -
130.4s lies in the sudden explosion and the reactions of the people,
which are clearly noticeable as unusual in the footage.

extract
temporal boundaries

extract atomic units

1. An explosion occurs, causing a large cloud of smoke and
debris.

2. One person is lying on the ground after the explosion.
3. Others gather around to assist the person.
4. A red car drives by.

| calculating coverage and consistency scores |

l 2 points, perfectly matches or involves.
1 points, partially matches or involves.

Coverage Score: 1.2

0 points, completely irrelevant or conflicting.

Consistency Score: 1.25

Figure 16: Example of the scoring pipeline for the ALD task. The relevant video is provided at the top of Fig. 1.

B.2 Anomaly Localization and Description
(ALD)

We provide the example of the scoring pipeline
in Fig. 16. The prompt templates for evaluating
anomalies at different semantic levels are presented
in Fig. 30, Fig. 31, Fig. 32, Fig. 33, and Fig. 34. Ad-
ditionally, Fig. 35 and Fig. 36 show the prompt tem-
plates for extracting atomic units from ground-truth
descriptions, as well as for extracting predicted
temporal boundaries and atomic units from the re-
sponses of Video-LLMs. The prompt templates for
the Coverage and Consistency score calculations

are illustrated in Fig. 37 and Fig. 38, respectively.
Our pipeline for computing Coverage and Con-
sistency scores is inspired by Wang et al. (2024).
To further assess the reliability of these met-
rics, we conduct a human consistency experi-
ment. Specifically, we select some model re-
sponses from Qwen2.5-VL-7B (Bai et al., 2025)
and VideoLLaMA3-7B (Zhang et al., 2025a), and
invite human experts to review each video and de-
termine which model provides a better answer. For
each case, we average the model’s Coverage and
Consistency scores to produce our overall evalua-
tion score, then quantify align between these scores
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Figure 17: Human consistency result in ALD task.

and the human judgments. We compare our scoring
approach to other metrics, including BLEU (Pap-
ineni et al., 2002), CIDEr (Vedantam et al., 2015),
METEOR (Banerjee and Lavie, 2005), ROUGE
(Lin, 2004), and the GPT-Guided score used in
HAWK (Tang et al., 2024) (proposed by Liu et al.
(2023)). As shown in Fig. 17, our scores demon-
strate a higher level of align with human judgment.

B.3 Anomaly Description Choice (ADC)

We present the prompt templates for the Match-
ing subtask in Fig. 39, Fig. 40, Fig. 41, Fig. 42,
and Fig. 43; for the Exclusion subtask in Fig. 44,
Fig. 45, Fig. 46, Fig. 47, and Fig. 48; and for the
Rejection subtask in Fig. 49.

C Open-Source Policy

VALU is constructed based on UCF-Crime (Sul-
tani et al., 2018), MSAD (Zhu et al., 2024), and
ECVA (Du et al., 2024a). We strictly adhere to the
relevant licenses and data use agreements of these
source datasets in all aspects of construction and
distribution. Upon acceptance of this paper, we
will open-source the VALU annotation and evalu-
ation data to facilitate further research. Before re-
leasing any watermarked-blurred evaluation videos,
we will consult with the authors of UCF-Crime,
MSAD, and ECVA, and make these videos avail-
able only in a manner that is fully compliant with
their licensing and stated terms of use.

D Details of Experiment Evaluation

D.1 Comprehensive Evaluation Results

The comprehensive evaluation results for the TDG
task are presented in Table 6 and Table 7. In addi-

tion, detailed results for TDG on videos sourced
from UCF-Crime, MSAD, and ECVA are shown in
Table 8, Table 9, Table 10, Table 11, Table 12, and
Table 13.

The comprehensive evaluation results for the
ALD task are summarized in Table 14. Detailed re-
sults for ALD on videos from UCF-Crime, MSAD,
and ECVA are reported in Table 15, Table 16, and
Table 17.

The comprehensive evaluation results for the
ADC task are shown in Table 18 and Table 19. De-
tailed results for ADC on videos from UCF-Crime,
MSAD, and ECVA are provided in Table 20, Ta-
ble 21, Table 22, Table 23, Table 24, and Table 25.

D.2 Implementation Details of Detailed
Anomaly Guidance

We present the system prompt used to implement
Detailed Anomaly Guidance in Fig. 50. Detailed
results are also provided in Table 26.

D.3 More Qualitative Results

We provide more qualitative results for the TDG
task in Fig. 51 and Fig. 52, for the ADC task in
Fig. 53 and Fig. 54, and for the ALD task in Fig. 55
and Fig. 56.
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{
"video": "example.mp4",
"abnormal_events": [
{
"description": "A car stops in the middle of the road, and two men in black get out. They rob

a man walking on the sidewalk and push him to the ground. Then they go back the car and drive away, but
the robbed man lies motionless on the ground. Later, a woman rushes toward him.",
"timestamps": [
4.2,
34.3

}
]’
"abnormal_segments": [
{
"description": "Two men in black rob a man on the sidewalk and push him to the ground. Then
the man lies motionless on the ground. Later, a woman rushes toward him.",
"timestamps": [

6.9,
34.3
|
}
]’
"abnormal_actions": [
{
"description": "Two men in black rob a man on the sidewalk and push him to the ground.",
"timestamps": [
6.9,
12.9
1
}
]7
"abnormal_consequences": [
{
"description": "The robbed man lies motionless on the ground.",
"timestamps": [
12.9,
34.3
1
}
])
"abnormal_responses": [
{
"description": "A woman rushes toward the man lying motionless on the ground.",
"timestamps": [
32.1,
34.3
]
}

Figure 18: An example of the annotation format. The relevant video is provided in Fig.2.
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Figure 19: Average number of words in VALU.

Average Number of Words
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Abnorma Abnorma Abnorma Abnormal  Subjects  Normal
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Figure 20: Average number of words in VALU for
videos sourced from UCF-Crime (Sultani et al., 2018).

Average Number of Words
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Figure 21: Average number of words in VALU for
videos sourced from MSAD (Zhu et al., 2024).

Average Number of Words
30
20
10
Abnormal Abnormal Abnormal Abnormal Subjects’
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Figure 22: Average number of words in VALU for
videos sourced from ECVA (Du et al., 2024a).
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Figure 23: Average average temporal length of anno-
tated boundaries in VALU.
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Figure 24: Average average temporal length of anno-
tated boundaries in VALU for videos sourced from UCF-
Crime (Sultani et al., 2018).
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Figure 25: Average average temporal length of anno-
tated boundaries in VALU for videos sourced from
MSAD (Zhu et al., 2024).
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Figure 26: Average average temporal length of anno-
tated boundaries in VALU for videos sourced from
ECVA (Du et al., 2024a).
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(20.7s~80.3s) A woman inserts the fuel nozzle into her car, waits inside briefly, then gets out to remove it. Then the nozzle suddenly catches fire, and the woman puts it
10 the ground and runs away in panic, but fuel nozzle on the ground is still buring: | _ _ . e ceccccacanaan cececccccccecencnaan

D Anomaly ~ gpeee®esssscccccdectecccccces

[}

« =« Abnormal Event : (62.35~67.2s) The fuel nozzle on the black car nozzle on the ground is
[}
[}

=== Abnormal Segment Suddenly catches fire. still burning.

« == Abnormal Action

nozzle away from the black car and puts it to

[}

(]

el H

« =« Abnormal Consequence :
]

’

= == Subjects' Response

(62.35~80.3s) As a woman pulls out the fuel nozzle, it suddenly catches fire. She then removes it to the ground and runs
away, but the fuel nozzle on the ground is still burning.

Figure 27: An example of the multi-level annotations of anomalies. The video is sourced from UCF-Crime (Sultani
et al., 2018), where the originally annotated anomaly boundaries range from 61.0s to 67.3s.

(9.1s~36.7s) A man gets out of a black car, quickly smashes the rear window of a nearby silver car, grabs a bag from it, then returns to his
car and flees. Later, a man and a woman get out of the silver car with the smashed rear window, look at the broken window, and glance

around.
fee-ctecccccccccccccccccccccnccccncnaacasaecaceccacccscacsccscoccececancacaaaano]

(12.25~18.2s) A man quickly smashes the (18.25~36.7s) A man and a woman get out
rear window of a nearby silver car, grabs a the silver car with the smashed rear windo
bag fi it to his black car. look at the broken window, and glance around

D Anomaly

=== Abnormal Event

« == Abnormal Segment

=== Abnormal Action . - -
H (17.35~34.6s) The rear window of the silver car is damaged.

= = Subjects’ Response (12.25~36.7s) A man quickly smashes the rear window of a nearby silver car, grabs a bag from it, then returns to his
d P car and flees. Later, a man and a woman get out of the silver car with the smashed rear window, look at the broken

window, and glance around.

« =« Abnormal Consequence

Figure 28: An example of the multi-level annotations of anomalies. The video is sourced from ECVA (Du et al.,
2024a), where the originally annotated anomaly boundaries range from 10s to 22s.
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Given a video and a description of an event, please analyze the video and accurately identify
the start and end times (in seconds) during which the described event occurs. The description
is:

{description}

Figure 29: Prompt template used for the TDG task in VALU.

Please identify and describe in detail the event involving an abnormal occurrence in the video.
Specify the start and end times (in seconds) for the event, and include the context, abnormal
actions or behaviors, and any subsequent developments or consequences observed.

Figure 30: Prompt template used for the abnormal event level in ALD task.

Please identify the abnormal segment that occurs in the video. Specify the start and end times
(in seconds) of the event and focus on describing the anomalous or unexpected aspect as seen in
the footage.

Figure 31: Prompt template used for the abnormal segment level in ALD task.

Please identify and provide detailed descriptions of the abnormal actions or behaviors observed
in the video. Specify the start and end times (in seconds) of abnormal actions or behaviors.

Figure 32: Prompt template used for the abnormal action level in ALD task.

Please identify and describe in detail the consequences or aftereffects resulting from the
abnormal behaviors or actions in the video. Specify the relevant start and end times (in
seconds) for the consequences.

Figure 33: Prompt template used for the abnormal consequence level in ALD task.

Please identify and describe in detail how people, animals, vehicles, or other subjects respond
or react to the abnormal actions or consequences in the video. Specify the start and end times
(in seconds) of these responses.

Figure 34: Prompt template used for the subjects’ response level in ALD task.
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You are given a descriptive paragraph about a video, which may contain several events.

Your task is to extract and separate each atomic event described, following these instructions:
- Each event should be an atomic and brief sentence, describing a single action, with subject
and predicate (optionally object).

- Do NOT merge multiple actions into one event; split as needed.

- Replace pronouns with the nouns they refer to.

- If no describable event exists, return an empty list.

- Output a JSON with a key “events” and a list of sentences as values, and nothing else.

Examples:
{Examples 1}

{Examples 2}
{Examples 3}

Now, process the following paragraph and output ONLY the JSON list of events:
{description}

Figure 35: Prompt template for extracting atomic units from ground-truth descriptions in ALD task.

You are given a model-generated paragraph that attempts to localize and describe abnormal
events in a video. However, the paragraph may contain extraneous text such as explanation,
commentary, discussion, or repeated descriptions, rather than strictly reporting time-stamped
abnormal events.

Your task:

1. If the model’s output contains time-stamped (start_time, end_time) event descriptions of
anomalies, extract each time stamp and its corresponding event description.

2. If the model’s output contains abnormal event descriptions without time stamps, extract each
event description as a separate event, assign both start_time and end_time as -1.

3. Ignore all analytical discussion, speculative statements, repeated descriptions, and any
non-event commentary. Only extract explicit abnormal events.

4. Output a JSON list, where each item is a dict with keys “start_time”, “end_time”, “event”.
5. If multiple events are described in one sentence, split them into separate items. Do NOT
include duplicate events.

6. Output only the JSON list. Do not include any explanation, prefix, or extra text.

Examples:
{Examples 1}

{Examples 2}
{Examples 3}

Now, here is the model-generated paragraph for you to process:
{paragraph}

Please process it and output ONLY the JSON list according to the rules above.

Figure 36: Prompt template for extracting atomic units from model outputs in ALD task.
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Given a list of ground-truth events (gt_events) and a list of predicted events (predicted_events)
generated by a model, analyze the relationship between each ground-truth event and the predicted
events. For each gt event, determine one of the following scores:

- 2: The predicted events contain a complete and precise coverage of this gt event.

- 1: The predicted events partially cover this gt event, i.e., contain a similar meaning but
are not fully complete.

- @: The predicted events do not mention or cover this gt event at all.

For each gt event, output your score and provide a concise reason for your decision.
OQutput a JSON in the following format:
{

“results”: [
{“gt_event”: “copy gt event here”, “score”: put_score_here, “reason”: “your reason here”},

3

Input:

gt_events:
{gt_events}

predicted_events:
{predicted_events}

DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only output the JSON.

Output:

Figure 37: Prompt template for calculating Coverage score in ALD task.
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Given a list of ground-truth events (gt_events) and a list of predicted events (predicted_events)
generated by a model, analyze the relationship between each predicted_event and the ground-truth
events. For each predicted_event, determine one of the following scores:

- 2: The predicted_event is fully and precisely covered or entailed by one of the gt_events.

- 1: The predicted_event is partially covered by one or more gt_events, i.e., its meaning is
similar but not fully complete.

- @: The predicted_event is not covered at all by any gt_event.

For each predicted_event, output your score and provide a concise reason for your decision.
Qutput a JSON in the following format:

{

“results”: [

{“predicted_event”: “copy predicted_event here”, “score”: put_score_here, “reason”: “your
reason here”},

b

Input:

gt_events:
{gt_events}

predicted_events:
{predicted_events}

DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only output the JSON.

Output:

Figure 38: Prompt template for calculating Consistency score in ALD task.
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You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to G), and select
the single best option (A, B, C, D, E, F, or G) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Please identify and describe in detail the event involving an abnormal occurrence in the
video. Which option best covers the context, abnormal actions, and subsequent developments or
consequences? Please select the most accurate event description.

Options:

. {A}

: {B}

: {C}

: {D}

: {E}

There is an event involving an abnormal occurrence in the video, but none of the above
options (A-E) accurately describe the entire event and its context, abnormal actions, and
consequences.

G: There is no abnormal occurrence in the video.

Mmoo O W >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 39: Prompt template for the Matching subtask in ADC at the abnormal event level.

You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to G), and select
the single best option (A, B, C, D, E, F, or G) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option most accurately identifies and describes the abnormal segment as it occurred in
the video? Focus on the anomalous or unexpected aspect as seen in the footage.

Options:

: {A}

: {B}

: {C}

: {D}

: {E}

There is an abnormal segment in the video, but none of the above options (A-E) accurately
describe the abnormal segment as observed in the footage.

G: There is no abnormal occurrence in the video.

Mmoo W >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 40: Prompt template for the Matching subtask in ADC at the abnormal segment level.

1276




You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to G), and select
the single best option (A, B, C, D, E, F, or G) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option best describes the abnormal actions or behaviors observed in the video?

Options:

: {AY

{B}

{C}

{D3

{E}

There are abnormal actions or behaviors in the video, but none of the above options (A-E)
accurately describe the specific abnormal actions or behaviors observed.

G: There is no abnormal occurrence in the video.

Mmoo W >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 41: Prompt template for the Matching subtask in ADC at the abnormal action level.

You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to G), and select
the single best option (A, B, C, D, E, F, or G) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option provides the most accurate description of the consequence or aftereffect resulting
from the abnormal behaviors or actions in the video?

Options:

: {A}

{B}

{C}

: {D3}

{E}

There are consequences or aftereffects resulting from abnormal behaviors in the video, but
none of the above options (A-E) accurately describe these consequences or aftereffects.

G: There is no abnormal occurrence in the video.

Mmoo O W >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 42: Prompt template for the Matching subtask in ADC at the abnormal consequence level.
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You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to G), and select
the single best option (A, B, C, D, E, F, or G) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option gives the best description of how people, animals, vehicles, or other subjects
respond or react to the abnormal actions or consequences in the video?

Options:
A: {A}

B: {B}

C: {C}

D: {D}

E: {E}

F: There are responses or reactions by people, animals, vehicles, or other subjects to abnormal
actions or consequences in the video, but none of the above options (A-E) accurately describe
these responses.

G: There is no abnormal occurrence in the video.

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 43: Prompt template for the Matching subtask in ADC at the subjects’ response level.

You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Please identify and describe in detail the event involving an abnormal occurrence in the
video. Which option best covers the context, abnormal actions, and subsequent developments or
consequences? Please select the most accurate event description.

Options:

A: {A}

B: {B}

C: {C}

D: {D}

E: There is an event involving an abnormal occurrence in the video, but none of the above

options (A-D) accurately describe the entire event and its context, abnormal actions, and
consequences.
F: There is no abnormal occurrence in the video.

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 44: Prompt template for the Exclusion subtask in ADC at the abnormal event level.

1278




You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option most accurately identifies and describes the abnormal segment as it occurred in
the video? Focus on the anomalous or unexpected aspect as seen in the footage.

Options:
A: {A}
B: {B}
C: {C}
D: {D}

E: There is an abnormal segment in the video, but none of the above options (A-D) accurately
describe the abnormal segment as observed in the footage.
F: There is no abnormal occurrence in the video.

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 45: Prompt template for the Exclusion subtask in ADC at the abnormal segment level.

You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option best describes the abnormal actions or behaviors observed in the video?

Options:

: {A}

: {B}

: {C}

: {D}

There are abnormal actions or behaviors in the video, but none of the above options (A-D)
accurately describe the specific abnormal actions or behaviors observed.

F: There is no abnormal occurrence in the video.

mo o w >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 46: Prompt template for the Exclusion subtask in ADC at the abnormal action level.
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You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option provides the most accurate description of the consequence or aftereffect resulting
from the abnormal behaviors or actions in the video?

Options:

: {A}

: {B}

: {C}

: {D}

: There are consequences or aftereffects resulting from abnormal behaviors in the video, but
none of the above options (A-D) accurately describe these consequences or aftereffects.

F: There is no abnormal occurrence in the video.

mooO w >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 47: Prompt template for the Exclusion subtask in ADC at the abnormal consequence level.

You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option gives the best description of how people, animals, vehicles, or other subjects
respond or react to the abnormal actions or consequences in the video?

Options:
A {A}
B: {B}
C: {C}
D: {D}

E: There are responses or reactions by people, animals, vehicles, or other subjects to abnormal
actions or consequences in the video, but none of the above options (A-D) accurately describe
these responses.

F: There is no abnormal occurrence in the video.

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 48: Prompt template for the Exclusion subtask in ADC at the subjects’ response level.
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You are an expert in video analysis.

Please read the following question, review all the answer choices below (A to F), and select
the single best option (A, B, C, D, E, or F) according to the video.

After your choice, briefly explain your reasoning based only on the video information.

Which option most accurately identifies and describes the abnormal event as it occurred in the
video?

Options:

: {A}

: {B}

. {C}

: {D}

There is an abnormal event in the video, but none of the above options (A-D) accurately
describe the abnormal event as observed in the footage.

F: There is no abnormal occurrence in the video.

moow >

Format your answer as:
Choice: <Your Option Letter>
Reason: <Short reasoning>

Figure 49: Prompt template for the Rejection subtask in ADC.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 23.6 132 80 150 17.7 199 9.2 44 112 143 160 6.8 35 88 119
InternVL3-2B 28.0 17.1 89 180 193 226 12.0 52 133 148 19.0 9.7 34 107 125
VideoLLaMA3-2B 9.2 73 52 72 67 10.5 8.4 49 80 175 8.7 52 28 55 59
HolmesVAU-2B' 0.4 0.3 00 02 3.0 0.3 0.1 00 01 17 1.1 0.5 0.1 06 20
Qwen2.5-VL-3B 69.3  49.1 213 46.6 470 552 333 156 347 371 492 303 127 30.7 329

7~9B Video-LLMs
MiMo-VL (w/o think) 68.7  49.7 288 49.1 476 59.6 389 20.1 39.6 39.7 529 332 159 340 34.0
MiMo-VL (w/ think) — 64.3 44.1 224 436 43.1 545 35.2 173 357 36.6 46.7 28.9 13.8 29.8 309

TimeZero 879 715 501 698 63.7 829 619 377 608 565 645 42.6 257 443 444
VideoLLaMA3-7B 712 444 23.6 464 481 703 419 23.6 452 460 664 379 172 405 41.8
Qwen2.5-VL-7B 76.0 648 443 61.7 577 708 523 327 519 495 551 369  21.1 3777 389
HAWK-7B' 8.5 4.5 1.2 48 59 75 2.7 1.1 37 47 6.9 33 09 37 47
InternVL3-8B 425 239 11.5 259 287 363 18.3 85 21.1 237 305 17.0 74 183 20.0
InternVL3-9B 46.6 240 10.7 27.1 314 427 235 109 257 289 327 18.8 79 198 219
14~38B Video-LLMs
InternVL3-14B 61.1 39.4 18.8 39.8 408 530 334 144 336 346 402 256 10.8 255 27.0
Qwen2.5-VL-32B 7177  63.1 439 616 581 676 473 283 477 476 575 409 229 404 409
InternVL3-38B 642 421 203 422 427 56.1 31.8 143 340 356 429 243 102 258 28.1
72~78B Video-LLMs
Qwen2.5-VL-72B 79.7 665 433 632 58.6 675 507 313 49.8 47.8 586 419 242 416 408
InternVL3-78B 49.8 279 9.7 29.1 327 447 227 87 254 28.1 36.1 18.2 63 202 226

Table 6: Detailed evaluation results on TDG task in VALU (Part I). We report mloU as well as recall values at
different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with their average, mR. ': trained on video anomaly
datasets. The results in red and blue represent the best and the second-best results, respectively.

Abnormal Consequence Subjects’ Response Normal Event
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 5.6 1.1 03 23 53 8.5 42 1.7 48 72 10.6 2.7 1.7 50 173
InternVL3-2B 12.7 6.2 14 68 94 11.9 5.1 08 59 83 17.3 8.0 23 92 108
VideoLLaMA3-2B 5.1 23 1.1 28 29 11.0 8.5 25 73 67 2.7 2.7 1.7 23 24
HolmesVAU-2B' 0.3 0.0 00 01 0.1 0.0 0.0 00 00 02 0.7 0.3 03 04 24
Qwen2.5-VL-3B 21.1 9.3 34 113 152 212 10.2 25 113 156 542 352 136 343 354

7~9B Video-LLMs
MiMo-VL (w/o think) 34.6 19.7 54 199 227 432 19.5 7.6 234 270 57.1 439 299 43.6 41.7
MiMo-VL (w/ think)  34.4 18.9 6.5 199 225 390 203 85 226 260 535 369 233 379 379

TimeZero 60.3  33.8 12.1 354 382 627 347 136 370 398 704 525 369 533 50.0
VideoLLaMA3-7B 577 369 152 36.6 376 559 263 11.0 31.1 343 668 326 179 39.1 41.2
Qwen2.5-VL-7B 41.1 223 76 237 274 424 220 59 234 260 65.1 528 382 520 497
HAWK-7B' 2.3 1.1 0.3 1.2 16 0.8 0.0 00 03 08 5.6 3.7 1.3 35 46
InternVL3-8B 17.2 6.8 25 88 120 186 7.6 1.7 93 129 488  30.6 143 312 322
InternVL3-9B 22.8 10.4 45 126 162 263 14.4 59 155 184 585 322 16.6 358 37.0
14~38B Video-LLMs
InternVL3-14B 23.7 14.4 54 145 175 271 17.8 68 172 191 638 498 319 485 46.1
Qwen2.5-VL-32B 389 223 8.7 233 263 390 237 6.8 232 279 688 578 462 57.6 56.0
InternVL3-38B 24.8 12.4 48 140 165 288 14.4 34 155 180 64.1 455 246 447 443
72~78B Video-LLMs
Qwen2.5-VL-72B 380 214 9.0 228 259 415 271 102 263 302 728 551 379 553 53.1
InternVL3-78B 18.6 7.3 23 94 13.0 237 9.3 25 119 149 405 213 103 240 272

Table 7: Detailed evaluation results on TDG task in VALU (Part IT). We report mloU as well as recall values at
different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with their average, mR. ': trained on video anomaly
datasets. The results in red and blue represent the best and the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 8.0 53 27 53 18 53 2.0 07 27 55 6.0 22 1.1 31 44
InternVL3-2B 10.0 4.7 1.3 53 78 8.0 2.7 1.3 40 56 7.1 22 05 33 46
VideoLLaMA3-2B 2.7 2.7 20 24 22 33 33 27 31 29 22 1.1 1.1 14 20
HolmesVAU-2B' 0.0 0.0 00 00 09 0.0 0.0 00 00 05 0.0 0.0 0.0 00 0.0
Qwen2.5-VL-3B 36.0 200 6.7 209 267 247 12.7 40 13.8 188 179 8.7 22 9.6 139

7~9B Video-LLMs
MiMo-VL (w/o think) 48.7 340 207 344 356 413 24.7 147 269 28.1 28.8 13.0 54 158 179
MiMo-VL (w/ think) — 43.3 30.7 16.7 302 322 36.7 23.3 10.0 233 262 223 10.9 27 120 16.0

TimeZero 740 573 347 553 515 673 453 227 451 435 413 266 9.8 259 279
VideoLLaMA3-7B 420 213 11.3 249 305 453 17.3 8.7 238 295 440 239 103 26.1 28.0
Qwen2.5-VL-7B 5277 433 260 407 40.8 487 327 16.7 327 333 31.0 18.5 7.1 18.8 224
HAWK-7B' 2.0 0.7 00 09 20 0.0 0.0 00 00 05 1.1 0.5 00 05 09
InternVL3-8B 21.3 10.7 6.0 127 16.1 140 6.0 40 80 113 152 7.1 33 85 98
InternVL3-9B 30.0 10.7 60 156 213 240 10.0 60 133 169 158 8.2 27 89 10.6
14~38B Video-LLMs
InternVL3-14B 340 213 10.0 21.8 256 26.0 17.3 47 160 185 168 10.9 33 103 115
Qwen2.5-VL-32B 620 473 30.0 464 465 520 300 12.7 316 345 342 19.6 6.5 20.1 229
InternVL3-38B 31.3 19.3 93 200 244 207 13.3 47 129 156 163 9.8 22 94 111
72~78B Video-LLMs
Qwen2.5-VL-72B 66.7 540 42.0 542 527 527 380 247 384 392 386 255 8.7 243 257
InternVL3-78B 29.3 16.7 60 173 215 233 14.0 6.7 147 17.0 168 9.2 27 96 115

Table 8: Detailed evaluation results on TDG task in VALU for videos sourced from UCF-Crime (Sultani et al.,
2018) (Part I). We report mloU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7,
along with their average, mR. ': trained on video anomaly datasets. The results in red and blue represent the best
and the second-best results, respectively.

Abnormal Consequence Subjects’ Response Normal Event
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 1.2 0.0 00 04 37 6.5 32 32 43 56 5.7 1.9 1.9 31 58
InternVL3-2B 4.8 3.6 00 28 5.1 6.5 0.0 00 22 39 16.4 8.8 25 92 107
VideoLLaMA3-2B 1.2 0.0 00 04 04 0.0 0.0 00 00 0.0 1.3 1.3 06 1.0 12
HolmesVAU-2B' 0.0 0.0 00 0.0 0.0 0.0 0.0 00 0.0 0.0 0.6 0.6 06 06 20
Qwen2.5-VL-3B 11.9 7.1 12 67 108 194 6.5 00 86 120 421 25.8 126 26.8 28.8

7~9B Video-LLMs
MiMo-VL (w/o think) 22.6 16.7 7.1 155 17.8 29.0 16.1 6.5 172 21.0 51.6 415 277 403 39.1
MiMo-VL (w/ think)  25.0 16.7 83 167 189 29.0 19.4 32 172 214 503 39.0 258 384 373

TimeZero 45.2 31.0 10.7 29.0 31.1 452 25.8 129 28.0 30.7 585 459 346 463 44.6
VideoLLaMA3-7B 38.1 22.6 10.7 23.8 26.8 29.0 16.1 9.7 183 236 484 27.7 15.1 304 325
Qwen2.5-VL-7B 22.6 15.5 24 135 190 226 9.7 32 11.8 17.1  59.1 48.4 36.5 48.0 45.8
HAWK-7B" 0.0 0.0 0.0 00 03 0.0 0.0 0.0 00 0.1 3.8 2.5 0.6 23 37
InternVL3-8B 13.1 7.1 24 75 938 9.7 3.2 32 54 87 39.0 25.8 10.1 249 27.0
InternVL3-9B 13.1 9.5 1.2 79 120 226 9.7 6.5 129 155 428 24.5 11.9 264 29.0
14~38B Video-LLMs
InternVL3-14B 14.3 11.9 48 103 122 194 9.7 6.5 11.8 142 49.1 340 20.1 344 348
Qwen2.5-VL-32B 33.3 19.0 1.2 179 221 452 19.4 9.7 247 28,6 61.6 54.1 39.6 51.8 50.3
InternVL3-38B 13.1 9.5 1.2 79 114 194 3.2 0.0 75 11.1 49.1 32.1 145 319 33.1
72~78B Video-LLMs
Qwen2.5-VL-72B 39.3 22.6 10.7 242 27.0 452 323 194 323 352 66.7 59.7 447 57.0 55.1
InternVL3-78B 13.1 7.1 1.2 7.1 103 16.1 3.2 0.0 65 107 302 17.6 57 17.8 213

Table 9: Detailed evaluation results on TDG task in VALU for videos sourced from UCF-Crime (Sultani et al.,
2018) (Part IT). We report mIoU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7,
along with their average, mR. T: trained on video anomaly datasets. The results in red and blue represent the best
and the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 25.3 17.0 120 181 199 183 10.0 50 11.1 143 146 6.7 33 82 118
InternVL3-2B 382 228 145 252 257 282 15.8 83 174 187 243 12.6 54 141 16.6
VideoLLaMA3-2B 12.4 10.4 7.1 10.0 93 18.3 133 62 126 122 184 10.0 38 107 114
HolmesVAU-2B' 0.4 0.0 00 01 47 0.4 0.0 00 01 24 2.1 0.4 00 08 29
Qwen2.5-VL-3B 788 610 224 541 528 614 369 162 382 399 603 364 134 36.7 38.6

7~9B Video-LLMs
MiMo-VL (w/o think) 747  52.7 28.6 520 50.6 664 @ 40.7 17.8 416 427 624 384 16.5 39.1 39.0
MiMo-VL (w/ think) 739  49.8 224 487 478 65.1 40.2 16.6 40.7 412 574 339 157 357 364

TimeZero 739 498 224 487 478 65.1 40.2 16.6 40.7 412 574 339 157 357 36.4
VideoLLaMA3-7B 83.0 506 249 528 528 822 473 245 513 501 803 414 163 46.0 464
Qwen2.5-VL-7B 776 660 41.1 615 56.6 705 49.0 278 49.1 473 60.7 36.8 20.1 392 405
HAWK-7B' 7.1 5.8 1.7 48 48 5.8 2.9 08 32 37 4.1 2.1 08 23 31
InternVL3-8B 456  26.6 112 278 30.1 41.1 19.9 83 231 249 322 17.2 7.1 18.8 204
InternVL3-9B 440 237 11.6 264 307 402 24.1 11.6 253 285 289 18.4 7.1 18.1 21.1
14~38B Video-LLMs
InternVL3-14B 693 465 220 459 449 560 349 16.6 358 363 43.0 293 124 282 29.6
Qwen2.5-VL-32B 826 656 432 638 602 68.0 444 237 454 465 628 426 231 428 434
InternVL3-38B 693 444 199 445 448 598 33.6 145 36.0 377 46.7 248 8.7 26.7 30.1
72~78B Video-LLMs
Qwen2.5-VL-72B 822 643 290 585 552 676 411 183 423 426 603 351 169 375 38.0
InternVL3-78B 515 270 83 289 327 427 212 10.0 246 272 343 18.6 83 204 224

Table 10: Detailed evaluation results on TDG task in VALU for videos sourced from MSAD (Zhu et al., 2024)
(Part I). We report mIoU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7, along
with their average, mR. ': trained on video anomaly datasets. The results in red and blue represent the best and the
second-best results, respectively.

Abnormal Consequence Subjects’ Response Normal Event
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 7.0 0.9 09 29 59 10.3 2.6 00 43 176 16.2 35 14 70 89
InternVL3-2B 14.9 4.4 1.8 70 90 154 7.7 00 7.7 103 183 7.0 21 92 109
VideoLLaMA3-2B 9.6 35 1.8 50 57 12.8 7.7 00 68 6.7 4.2 4.2 28 38 38
HolmesVAU-2B' 0.0 0.0 00 0.0 0.1 0.0 0.0 00 00 03 0.7 0.0 00 02 28
Qwen2.5-VL-3B 21.1 10.5 53 123 156 205 10.3 26 11.1 145 67.6 458 148 427 428

7~9B Video-LLMs
MiMo-VL (w/o think) 36.0 18.4 35 193 232 385 12.8 26 179 247 634 465 324 474 446
MiMo-VL (w/ think) 342  20.2 53 199 230 385 12.8 5.1 188 245 570 345 204 373 387

TimeZero 34.2 20.2 53 199 230 385 12.8 5.1 188 245 838 59.9 394 61.0 559
VideoLLaMA3-7B 60.5 35.1 7.0 342 368 69.2 20.5 7.7 325 366 873 38.0 21.1 48.8 51.0
Qwen2.5-VL-7B 41.2 19.3 9.6 234 278 41.0 20.5 0.0 205 239 718 5777 40.1 56.6 54.1
HAWK-7B" 4.4 2.6 0.0 23 34 2.6 0.0 00 09 1.0 7.7 4.9 2.1 49 57
InternVL3-8B 16.7 7.9 35 94 115 205 12.8 2.6 120 150 599 35.9 19.0 383 382
InternVL3-9B 21.9 9.6 6.1 126 159 20.5 12.8 5.1 128 167 76.1 40.8 21.8 462 459
14~38B Video-LLMs
InternVL3-14B 21.1 14.9 44 13,5 170 308 17.9 0.0 162 172 803 67.6 45.1 643 588
Qwen2.5-VL-32B 35.1 16.7 79 199 233 308 23.1 2.6 188 238 76.8 62.0 535 64.1 624
InternVL3-38B 22.8 7.0 35 11.1 142 308 20.5 26 179 19.8 81.0 60.6 359 592 56.8
72~78B Video-LLMs
Qwen2.5-VL-72B 27.2 12.3 53 149 192 333 15.4 0.0 162 20.8 79.6 50.0 30.3 53.3 50.8
InternVL3-78B 19.3 7.0 1.8 94 126 205 15.4 26 128 156 52.1 25.4 155 31.0 33.7

Table 11: Detailed evaluation results on TDG task in VALU for videos sourced from MSAD (Zhu et al., 2024)
(Part IT). We report mloU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@(.7, along
with their average, mR. ': trained on video anomaly datasets. The results in red and blue represent the best and the
second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 29.1 14.0 75 169 204 27.1 11.7 56 148 179 218 9.2 49 119 158
InternVL3-2B 28.8 18.4 84 185 197 249 13.4 47 143 16.1 216 11.6 35 122 137
VideoLLaMA3-2B 9.7 72 53 74 68 8.4 72 50 69 62 5.6 4.0 30 42 43
HolmesVAU-2B' 0.6 0.6 00 04 28 0.3 0.3 00 02 18 1.1 0.8 03 07 23
Qwen2.5-VL-3B 769 532 267 523 517 638 396 20.1 41.1 429 575 371 17.5 37.4 38.6

7~9B Video-LLMs
MiMo-VL (w/o think) 73.0  54.3 323 532 50.7 627 437 240 435 425 586 398 207 39.7 3838
MiMo-VL (w/think)  66.6 46,0 248 458 446 549 36.8 209 375 379 519 347 18.0 349 347

TimeZero 90.5 76.0 565 744 676 87.5 694 451 673 614 71.0 500 344 51.8 505
VideoLLaMA3-7B 75.5 499 279 51.1 522 727 485 29.2 50.1 50.1 68.5 425 21.2 44.1 457
Qwen2.5-VL-7B 84.7 73.0 540 706 655 802 627 426 61.8 577 634 460 288 46.1 46.1
HAWK-7B" 12.3 53 14 63 83 11.7 3.6 1.7 57 72 11.6 54 1.3 6.1 76
InternVL3-8B 492 277 14.0 303 33.1 425 22.3 10.6 25.1 28.1 369 21.8 9.7 228 247
InternVL3-9B 55.3 29.9 12.0 324 360 522 288 12.6 312 342 437 24.3 11.1 263 279
14~38B Video-LLMs
InternVL3-14B 67.0 422 204 432 444 623 39.1 17.0 39.5 40.1 499  30.5 13.5 313 329
Qwen2.5-VL-32B 81.1 68.0 50.1 664 615 73.8 56.5 379 56.1 537 656 503 309 489 483
InternVL3-38B 746 500 25.1 499 490 684 383 182 416 426 536 313 15.1 333 352
72~78B Video-LLMs
Qwen2.5-VL-72B 836 733 53.5 70.1 634 735 624 429 59.6 549 675 54.3 36.6 52.8 50.0
InternVL3-78B 57.3 33.2 123 343 375 550 274 87 304 333 469 224 6.7 253 283

Table 12: Detailed evaluation results on TDG task in VALU for videos sourced from ECVA (Du et al., 2024a) (Part
I). We report mloU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with
their average, mR. T: trained on video anomaly datasets. The results in red and blue represent the best and the
second-best results, respectively.

Abnormal Consequence Subjects’ Response
R@0.3 R@0.5 R@0.7 mR mloU R@0.3 R@0.5 R@0.7 mR mloU
1~3B Video-LLMs

InternVL3-1B 7.0 1.9 00 3.0 5.6 8.3 6.2 21 56 79
InternVL3-2B 15.3 8.9 1.9 87 119 125 6.2 21 69 94
VideoLLaMA3-2B 3.8 25 1.3 25 22 167 14.6 62 125 110
HolmesVAU-2B" 0.6 0.0 00 02 02 0.0 0.0 00 00 02
Qwen2.5-VL-3B 26.1 9.6 32 130 172 229 12.5 42 132 1838

7~9B Video-LLMs
MiMo-VL (w/o think) 40.1 22.3 57 227 249 562 27.1 12,5 319 327
MiMo-VL (w/ think) 39.5 19.1 6.4 217 240 458 27.1 146 29.2 302

TimeZero 682 414 16.6 42.0 428 750 417 18.8 45.1 479
VideoLLaMA3-7B 662 459  23.6 452 439 625 37.5 14.6 382 393
Qwen2.5-VL-7B 51.0  28.0 89 293 316 562 312 125 333 33.6
HAWK-7B’ 1.9 0.6 06 L1 09 0.0 0.0 00 00 1.0
InternVL3-8B 19.7 5.7 19 91 135 229 6.2 00 97 138
InternVL3-9B 28.7 11.5 5.1 151 18.6 333 18.8 62 194 216
14~38B Video-LLMs
InternVL3-14B 30.6 15.3 64 174 207 292 229 125 215 238
Qwen2.5-VL-32B 44.6  28.0 134 287 308 417 271 83 257 30.8
InternVL3-38B 325 17.8 7.6 193 209 333 16.7 62 18.8 21.0
72~78B Video-LLMs
Qwen2.5-VL-72B 452 274 10.8 27.8 30.1 458 333 125 30.6 34.7
InternVL3-78B 21.0 7.6 32 106 147 312 83 42 146 17.0

Table 13: Detailed evaluation results on TDG task in VALU for videos sourced from ECVA (Du et al., 2024a) (Part
II). We report mloU as well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with
their average, mR. : trained on video anomaly datasets. The results in red and blue represent the best and the
second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action Abnormal Consequence Subjects’ Response Normal Event

Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Re;j.
1~3B Video-LLMs
InternVL3-1B 34.0 6.1 40.7 16.7 40.1 15.4 46.9 74 39.8 16.8 0.0
InternVL3-2B 44.6 28.7 48.3 20.0 53.7 43.5 40.6 56.9 16.8 71.7 60.6
VideoLLaMA3-2B 39.3 23 37.1 0.7 51.3 1.6 46.9 0.9 23.0 1.8 52.8
HolmesVAU-2B* 43.2 0.0 49.7 2.9 57.7 10.0 46.6 18.9 31.9 53 0.0
Qwen2.5-VL-3B 58.8 75 532 14.7 66.8 43.6 443 37.7 31.9 53.1 60.6
7~9B Video-LLMs
MiMo-VL (w/o think) 13.5 91.3 18.8 924 11.7 92.0 12.2 94.3 19.8 93.8 57.2
MiMo-VL (w/ think) 159 92.7 20.0 92.8 13.5 94.4 14.6 95.4 16.8 91.2 58.0
TimeZero 45.3 64.7 479 49.6 52.7 70.1 51.1 63.1 36.3 55.8 92.9
VideoLLaMA3-7B 56.9 15.1 56.3 11.6 68.7 23.1 62.9 234 28.3 36.3 91.8
Qwen2.5-VL-7B 35.6 75.5 40.0 60.9 472 75.1 44.6 68.6 33.6 66.4 97.8
HAWK-7B' 19.7 23 20.8 33 19.7 43 15.4 5.1 14.2 7.1 4.1
InternVL3-8B 64.0 5.9 57.7 2.9 66.2 15.1 64.3 8.3 58.4 13.3 95.9
InternVL3-9B 64.5 523 63.4 33.8 72.2 36.2 60.0 57.1 46.0 584 454
14~38B Video-LLMs
InternVL3-14B 63.4 223 62.6 17.5 71.3 17.9 63.1 21.1 54.0 159 100.0
Qwen2.5-VL-32B 55.1 9.5 52.1 15.2 54.1 18.3 46.3 17.4 46.0 23.0 99.3
InternVL3-38B 70.4 16.0 70.1 13.4 71.7 18.7 70.9 21.1 60.2 425 100.0
72~78B Video-LLMs

Qwen2.5-VL-72B 62.1 39.6 57.2 41.6 68.8 455 56.0 434 60.2 48.7 88.5
InternVL3-78B 72.4 19.9 66.8 20.0 75.0 272 68.6 28.3 69.9 30.1 96.3

Table 14: Detailed evaluation results on ADC task in VALU. We report the accuracy of Matching (Mat.) and
Exclusion (Exc.) across five levels of anomalies in abnormal videos, and the accuracy of Rejection (Rej.) in normal
videos. T: trained on video anomaly datasets. The results in red and blue represent the best and the second-best
results, respectively.

Abnormal Event Abnormal Segment Abnormal Action Abnormal Consequence Subjects’ Response Normal Event

Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Re;j.
1~3B Video-LLMs
InternVL3-1B 24.7 6.7 29.3 333 36.7 30.0 34.9 13.3 38.7 19.4 0.0
InternVL3-2B 30.7 26.7 34.7 13.3 427 29.3 373 56.6 9.7 87.1 53.7
VideoLLaMA3-2B 17.3 2.0 16.0 0.0 313 0.0 49.4 0.0 29.0 0.0 36.9
HolmesVAU-2B' 36.7 0.0 42.0 1.3 50.7 8.0 51.8 22.9 22.6 6.5 0.0
Qwen2.5-VL-3B 50.0 8.7 453 17.3 60.7 42.7 41.0 54.2 22.6 58.1 51.7
7~9B Video-LLMs
MiMo-VL (w/o think) 13.3 96.0 7.3 97.3 9.3 97.3 9.6 98.8 9.7 90.3 41.6
MiMo-VL (w/ think)  14.0 97.3 8.7 96.0 12.0 98.0 8.4 100.0 9.7 83.9 41.6
TimeZero 32.0 68.7 39.3 48.7 42.7 72.0 39.8 81.9 29.0 71.0 90.6
VideoLLaMA3-7B 40.7 11.3 38.0 2.7 56.0 14.0 51.8 37.3 32 41.9 85.2
Qwen2.5-VL-7B 24.7 80.0 29.3 58.0 37.3 76.0 325 81.9 22.6 67.7 98.7
HAWK-7B' 20.7 1.3 227 2.0 227 1.3 19.3 9.6 16.1 9.7 4.7
InternVL3-8B 473 53 44.0 4.7 52.7 12.7 57.8 10.8 48.4 22.6 95.3
InternVL3-9B 52.7 56.0 54.7 34.7 64.0 373 55.4 67.5 355 71.0 30.2
14~38B Video-LLMs
InternVL3-14B 47.3 26.0 50.0 18.7 62.7 18.7 53.0 36.1 54.8 9.7 100.0
Qwen2.5-VL-32B 45.3 7.3 42.0 13.3 46.0 11.3 45.8 22.9 25.8 16.1 98.7
InternVL3-38B 52.0 15.3 56.7 14.7 66.7 11.3 61.4 24.1 54.8 45.2 100.0
72~78B Video-LLMs

Qwen2.5-VL-72B 513 42.7 42.7 44.0 62.0 473 482 65.1 419 419 85.9
InternVL3-78B 64.0 15.3 66.7 13.3 64.7 18.0 65.1 36.1 64.5 29.0 94.6

Table 15: Detailed evaluation results on ADC task in VALU for videos sourced from UCF-Crime (Sultani et al.,
2018). We report the accuracy of Matching (Mat.) and Exclusion (Exc.) across five levels of anomalies in abnormal
videos, and the accuracy of Rejection (Rej.) in normal videos. ': trained on video anomaly datasets. The results in
red and blue represent the best and the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action Abnormal Consequence Subjects’ Response Normal Event

Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Re;j.
1~3B Video-LLMs
InternVL3-1B 33.6 6.2 37.8 14.5 39.0 10.4 57.5 8.8 37.8 243 0.0
InternVL3-2B 40.2 37.8 45.2 24.5 51.9 51.0 345 55.8 13.5 75.7 69.2
VideoLLaMA3-2B 39.8 1.7 36.9 0.8 46.9 2.5 345 0.9 18.9 54 72.5
HolmesVAU-2B" 39.0 0.0 43.6 7.5 49.0 15.8 354 24.8 37.8 5.4 0.0
Qwen2.5-VL-3B 52.7 3.7 473 14.1 65.6 41.9 36.3 30.1 27.0 56.8 71.7
7~9B Video-LLMs
MiMo-VL (w/o think) 12.4 929 17.0 92.1 12.9 92.9 133 94.7 16.2 97.3 76.7
MiMo-VL (w/ think) 14.5 94.2 16.2 92.9 12.9 95.0 15.0 95.6 13.5 97.3 78.3
TimeZero 40.7 66.4 44.4 48.5 51.0 66.0 584 54.0 40.5 62.2 95.8
VideoLLaMA3-7B 49.0 13.3 51.0 10.8 66.8 19.5 58.4 18.6 29.7 40.5 100.0
Qwen2.5-VL-7B 31.5 76.3 36.5 60.2 46.1 71.8 50.4 62.8 324 78.4 96.7
HAWK-7B' 17.4 1.7 20.3 2.1 13.7 3.7 11.5 44 13.5 54 33
InternVL3-8B 62.2 54 53.1 33 64.7 12.4 65.5 8.8 54.1 10.8 96.7
InternVL3-9B 58.1 523 58.9 324 71.0 324 61.1 47.8 37.8 59.5 64.2
14~38B Video-LLMs
InternVL3-14B 60.2 23.7 57.7 19.9 66.8 19.5 69.0 15.9 40.5 21.6 100.0
Qwen2.5-VL-32B 544 10.0 523 15.8 50.6 19.1 47.8 12.4 514 29.7 100.0
InternVL3-38B 71.0 17.4 69.3 14.5 79.7 23.2 78.8 18.6 59.5 37.8 100.0
72~78B Video-LLMs

Qwen2.5-VL-72B 61.0 40.7 57.3 419 67.2 432 60.2 38.9 67.6 62.2 91.7
InternVL3-78B 68.9 228 64.3 249 74.3 27.8 68.1 30.1 73.0 29.7 98.3

Table 16: Detailed evaluation results on ADC task in VALU for videos sourced from MSAD (Zhu et al., 2024). We
report the accuracy of Matching (Mat.) and Exclusion (Exc.) across five levels of anomalies in abnormal videos,
and the accuracy of Rejection (Rej.) in normal videos. ': trained on video anomaly datasets. The results in red and
blue represent the best and the second-best results, respectively.

Abnormal Event Abnormal Segment Abnormal Action Abnormal Consequence Subjects’ Response

Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc. Mat. Exc.
1~3B Video-LLMs
InternVL3-1B 38.3 59 47.5 11.2 42.2 12.6 45.5 3.2 42.2 8.9
InternVL3-2B 534 23.5 56.1 19.8 59.5 44.4 46.8 57.8 24.4 57.8
VideoLLaMA3-2B 48.2 2.8 46.0 0.8 62.7 1.7 54.5 1.3 22.2 0.0
HolmesVAU-2B" 48.7 0.0 57.1 0.6 66.6 7.0 51.9 12.3 333 4.4
Qwen2.5-VL-3B 66.6 9.5 60.4 13.9 70.2 45.1 51.9 344 42.2 46.7
7~9B Video-LLMs
MiMo-VL (w/o think) 14.2 88.3 252 90.5 11.9 89.1 12.8 91.6 30.2 93.3
MiMo-VL (w/ think) 17.5 89.7 27.3 91.4 14.5 92.5 17.5 92.9 244 91.1
TimeZero 54.0 61.8 53.8 50.7 57.9 72.1 51.9 59.7 37.8 40.0
VideoLLaMA3-7B 69.1 17.8 67.4 159 75.2 29.2 72.1 19.5 44 .4 28.9
Qwen2.5-VL-7B 42.9 73.0 46.8 62.7 52.1 76.9 46.8 65.6 42.2 55.6
HAWK-7B' 20.9 3.1 20.3 4.7 22.6 5.8 16.2 3.2 13.3 6.7
InternVL3-8B 72.1 6.4 66.5 2.0 72.9 17.9 66.9 6.5 68.9 8.9
InternVL3-9B 73.7 50.8 70.1 344 76.5 38.3 61.7 58.4 60.0 48.9
14~38B Video-LLMs
InternVL3-14B 72.3 19.8 71.2 154 77.9 16.5 64.3 16.9 64.4 15.6
Qwen2.5-VL-32B 59.6 10.0 56.3 15.6 59.9 20.6 45.5 18.2 55.6 22.2
InternVL3-38B 71.7 154 76.3 12.0 81.0 18.7 70.1 21.4 64.4 44 .4
72~78B Video-LLMs

Qwen2.5-VL-72B 67.4 37.6 63.2 40.4 72.7 46.2 57.1 35.1 66.7 42.2
InternVL3-78B 78.2 19.8 68.4 19.6 79.9 30.7 70.8 22.7 71.1 31.1

Table 17: Detailed evaluation results on ADC task in VALU for videos sourced from ECVA (Du et al., 2024a). We
report the accuracy of Matching (Mat.) and Exclusion (Exc.) across five levels of anomalies in abnormal videos,
and the accuracy of Rejection (Rej.) in normal videos. ': trained on video anomaly datasets. The results in red and
blue represent the best and the second-best results, respectively.
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Abnormal Event

Abnormal Segment

Abnormal Action

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con.
1~3B Video-LLMs
InternVL3-1B 0.0 0.0 00 00 00 115 185 83 4.5 21 50 62 94 164 00 0.0 00 0.0 159 19.1
InternVL3-2B 0.0 0.0 00 00 00 123 227 12 0.5 01 06 09 100 250 00 0.0 0.0 0.0 44 8.1
VideoLLaMA3-2B 14.8 10.0 6.0 103 109 6.7 103 189 135 6.7 130 137 67 136 360 237 163 253 266 13.6 189
HolmesVAU-2B" 0.1 0.0 0.0 0.0 05 134 216 0.1 0.0 00 0.0 03 99 216 07 0.3 0.0 03 57 125
Qwen2.5-VL-3B 37.6  20.1 73 217 270 102 234 255 135 47 145 191 64 216 171 8.7 35 9.8 123 97 186
7~9B Video-LLMs
MiMo-VL (w/o think) 6.1 35 1.6 37 40 160 247 208 14.5 88 147 159 17.1 31.0 1.1 0.4 03 0.6 17.3 185
MiMo-VL (w/ think) 2.5 1.6 13 1.8 20 188 250 21.1 14.5 84 147 156 169 307 48 2.8 .1 29 18.5 205
TimeZero 355 257 175 262 256 175 249 44.1 25.6 129 276 287 16.1 279 192 11.9 6.4 125 133 174 212
VideoLLaMA3-7B 953 884 775 87.1 805 199 302 872 716 527 705 665 173 268 577 432 325 445 473 19.0 23.8
Qwen2.5-VL-7B 532 397 233 388 382 19.8 274 33.1 233 147 237 239 153 258 324 232 150 235 249 183 218
HAWK-7B" 9.1 3.7 1.3 47 60 103 133 63 1.7 05 28 42 92 119 52 2.5 07 28 94 104
InternVL3-8B 336 172 79 196 239 17.0 329 29.8 12.1 55 158 205 141 335 49 23 07 26 209 262
InternVL3-9B 6.3 33 1.7 38 42 202 30.0 346 163 73 194 232 148 321 140 7.2 25 79 102 173 23.1
14~38B Video-LLMs
InternVL3-14B 41.5 18.8 87 230 282 11.0 299 385 18.4 83 21.7 259 12.1 304 28.0 155 7.1 169 195 21.0 304
Qwen2.5-VL-32B 71.6 548 344 536 521 203 254 580 380 233 398 414 152 274 565 393 224 394 408 179 193
InternVL3-38B 433 18.2 75 230 277 21.1 358 42,6 239 10.0 255 287 18.0 40.1 154 8.4 35 9.1 10.1 28.0 36.6
72~78B Video-LLMs

Qwen2.5-VL-72B 348 245 152 248 246 214 282 568 40.0 208 392 395 181 30.8 585 403 289 426 429 18.6 240
InternVL3-78B 2.7 1.1 07 15 21 119 363 128 4.0 12 60 90 124 357 272 158 6.1 164 193 300 31.6

Table 18: Detailed evaluation results on ALD task in VALU (Part I). For anomaly localization, we report mloU as
well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with their average, mR. For
anomaly description, we report the Coverage (Cov.) and Consistency (Con.) scores. ': trained on video anomaly
datasets. The results in red and blue represent the best and the second-best results, respectively.

Abnormal Consequence

Subjects’ Response

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con
1~3B Video-LLMs
InternVL3-1B 1.1 0.3 0.3 06 07 148 169 0.0 0.0 0.0 0.0 0.0 16.6 18.7
InternVL3-2B 0.0 0.0 0.0 00 00 110 153 0.0 0.0 0.0 00 00 43 62
VideoLLaMA3-2B 27.1 16.2 6.8 167 174 92 126 63.7 36.3 142 38.1 39.1 154 17.7
HolmesVAU-2B' 0.0 0.0 0.0 00 00 83 123 0.0 0.0 0.0 00 02 57 838
Qwen2.5-VL-3B 3.1 1.4 0.0 1.5 27 77 106 124 44 0.9 59 79 9.6 10.7
7~9B Video-LLMs
MiMo-VL (w/o think) 22.8 11.7 51 132 149 16.8 185 3.5 1.8 0.9 2.1 3.0 10.8 10.8
MiMo-VL (w/ think) 19.7 9.7 37 11.0 129 16.1 192 124 5.3 0.9 6.2 7.5 14.8 10.5
TimeZero 26.5 12.3 48 145 17.8 14.0 135 17.7 12.4 44 11,5 124 127 125
VideoLLaMA3-7B 64.4 34.2 16,5 384 41.8 12.7 154 61.9 34.5 142 369 40.7 19.8 21.2
Qwen2.5-VL-7B 21.7 11.7 46 12.6 149 140 153 283 15.0 6.2 165 174 147 152
HAWK-7B' 2.8 0.9 0.3 1.3 25 72 8.1 6.2 0.9 0.0 24 26 104 9.1
InternVL3-8B 16.5 7.4 2.8 89 113 63 100 09 0.9 0.9 09 09 174 206
InternVL3-9B 14.0 7.1 2.0 77 98 159 209 2.7 0.9 0.0 1.2 14 13.1 16.5
14~38B Video-LLMs
InternVL3-14B 24.5 134 46 142 16.8 106 213 44 0.0 0.0 1.5 20 187 16.7
Qwen2.5-VL-32B 38.7 214 103 235 262 14.1 139 522 27.4 133 31.0 34.1 155 164
InternVL3-38B 239 12.3 43 135 16.1 186 262 53 2.7 0.9 29 42 222 219
72~78B Video-LLMs
Qwen2.5-VL-72B 30.5 16.5 94 18.8 214 182 20.1 41.6 26.5 9.7 260 288 17.6 16.1
InternVL3-78B 234 9.1 3.7 121 156 132 23.0 6.2 2.7 0.9 32 46 259 214

Table 19: Detailed evaluation results on ALD task in VALU (Part II). For anomaly localization, we report mIoU as
well as recall values at different tloU thresholds: R@0.3, R@0.5, and R@0.7, along with their average, mR. For
anomaly description, we report the Coverage (Cov.) and Consistency (Con.) scores.
datasets. The results in red and blue represent the best and the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con.
1~3B Video-LLMs
InternVL3-1B 0.0 0.0 00 00 00 64 133 60 2.0 00 27 44 41 100 00 0.0 00 00 01 68 102
InternVL3-2B 0.0 0.0 00 00 00 89 157 13 0.7 00 07 11 7.0 233 00 0.0 00 00 00 23 48
VideoLLaMA3-2B 73 1.3 07 31 45 18 49 127 9.3 53 91 98 36 77 253 113 47 138 183 56 109
HolmesVAU-2B' 0.0 0.0 00 0.0 01 113 190 0.0 0.0 00 0.0 01 6.0 148 00 0.0 00 0.0 00 54 117
Qwen2.5-VL-3B 37.6  20.1 73 217 270 102 234 255 135 47 145 191 64 216 171 8.7 35 9.8 123 97 186
7~9B Video-LLMs
MiMo-VL (w/o think) 4.0 2.0 07 22 30 101 163 12.0 6.0 40 73 105 79 218 13 0.0 00 04 07 70 9.0
MiMo-VL (w/ think) 2.0 0.7 07 LI 11 97 151 113 53 33 67 85 85 176 07 0.0 00 02 02 57 114
TimeZero 30.7 17.3 100 193 219 100 179 26.0 9.3 40 13.1 183 79 179 113 53 27 64 178 69 103
VideoLLaMA3-7B 853 713 547 704 67.1 124 205 713 520 327 520 512 89 153 313 14.0 80 17.8 249 89 123
Qwen2.5-VL-7B 24.7 133 87 156 203 116 172 173 4.0 40 51 72 176 162 140 73 27 80 110 72 115
HAWK-7B* 13 0.7 00 07 08 11.6 142 27 0.0 00 09 20 80 96 27 0.7 00 LI 26 104 9.1
InternVL3-8B 12.7 53 27 69 130 104 246 8.0 2.0 07 36 79 99 253 60 2.7 1.3 33 38 121 170
InternVL3-9B 6.3 33 1.7 38 42 202 300 346 16.3 73 194 232 148 320 140 72 25 79 102 173 23.0
14~38B Video-LLMs
InternVL3-14B 18.7 6.7 27 93 133 89 258 133 53 07 64 95 86 237 207 11.3 33 118 150 11.0 169
Qwen2.5-VL-32B 640 453 253 449 454 132 17.0 493 300 133 309 339 85 17.1 36.0 16.0 6.0 193 248 8.0 I11.1
InternVL3-38B 20.7 6.0 1.3 93 143 134 307 18.0 6.0 1.3 84 121 13.1 338 8.0 2.0 1.3 38 46 157 252
72~78B Video-LLMs
Qwen2.5-VL-72B 22.7 160 107 164 162 155 205 500 347 180 342 36.1 93 166 353 14.7 73 191 250 7.6 123
InternVL3-78B 6.7 33 20 4.0 51 89 303 80 2.0 00 33 66 91 278 93 53 20 56 81 150 17.1

Table 20: Detailed evaluation results on ALD task in VALU for videos sourced from UCF-Crime (Sultani et al.,
2018) (Part I). For anomaly localization, we report mloU as well as recall values at different tloU thresholds: R@(.3,
R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.) and
Consistency (Con.) scores. ': trained on video anomaly datasets. The results in red and blue represent the best and
the second-best results, respectively.

Abnormal Consequence Subjects’ Response

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con
1~3B Video-LLMs
InternVL3-1B 2.4 1.2 1.2 1.6 15 139 168 0.0 0.0 00 00 00 82 115
InternVL3-2B 0.0 0.0 00 00 00 97 143 0.0 0.0 00 00 00 15 20
VideoLLaMA3-2B 27.7 13.3 48 153 163 54 9.1 548 32.3 32 30.1 336 59 78
HolmesVAU-2B' 0.0 0.0 00 00 00 72 125 0.0 0.0 00 00 00 39 40
Qwen2.5-VL-3B 3.1 1.4 0.0 1.5 27 77 106 124 4.4 09 59 79 9.6 107
7~9B Video-LLMs
MiMo-VL (W/o think) 15.7 13.3 48 11.2 11.0 125 164 0.0 0.0 00 00 00 86 83
MiMo-VL (w/ think) 8.4 3.6 1.2 44 69 101 151 0.0 0.0 00 00 00 84 098
TimeZero 27.7 13.3 72 161 189 8.6 106 9.7 3.2 00 43 74 74 99
VideoLLaMA3-7B 62.7 38.6 193 402 399 9.1 136 51.6 32.3 32 290 345 7.1 10.1
Qwen2.5-VL-7B 14.5 6.0 24 7.6 88 120 13.7 226 6.5 0.0 9.7 120 10.6 10.7
HAWK-7B' 3.6 24 1.2 24 24 172 8.1 0.0 0.0 00 00 00 62 56
InternVL3-8B 8.4 1.2 00 32 53 50 82 3.2 32 3.2 32 23 102 147
InternVL3-9B 14.0 7.1 20 7.7 98 159 209 2.7 0.9 0.0 1.2 14 13.1 165
14~38B Video-LLMs
InternVL3-14B 13.3 7.2 1.2 72 9.0 129 247 0.0 0.0 00 00 00 90 122
Qwen2.5-VL-32B 50.6 30.1 108 305 325 11.1 12.1 484 16.1 6.5 237 285 127 134
InternVL3-38B 9.6 3.6 00 44 80 150 280 3.2 0.0 0.0 1.1 1.8 127 124
72~78B Video-LLMs
Qwen2.5-VL-72B 37.3 16.9 145 229 259 162 21.0 452 22.6 0.0 22.6 282 128 125
InternVL3-78B 14.5 7.2 2.4 80 11.0 134 225 0.0 0.0 00 00 13 11.6 129

Table 21: Detailed evaluation results on ALD task in VALU for videos sourced from UCF-Crime (Sultani et al.,
2018) (Part II). For anomaly localization, we report mIoU as well as recall values at different tloU thresholds:
R@0.3, R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.)
and Consistency (Con.) scores. ': trained on video anomaly datasets. The results in red and blue represent the best
and the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con.
1~3B Video-LLMs

InternVL3-1B 0.0 0.0 00 00 00 127 195 46 2.5 1.7 29 31 112 175 0.0 0.0 00 00 01 165 199
InternVL3-2B 0.0 0.0 00 00 00 140 260 04 0.4 04 04 05 100 233 0.0 0.0 00 00 00 88 152
VideoLLaMA3-2B 15.8 12.0 62 113 113 6.7 11.1 178 14.1 62 127 125 6.6 13.1 353 249 166 25.6 268 154 204
HolmesVAU-2B" 0.4 0.0 00 01 1.0 115 189 00 0.0 00 00 04 108 214 13 0.4 00 06 17 65 131
Qwen2.5-VL-3B 456 207 9.1 252 317 93 219 249 15.4 54 152 188 6.1 205 172 9.2 29 98 123 92 184

7~9B Video-LLMs
MiMo-VL (w/o think) 7.5 5.0 25 5.0 49 164 2061 241 17.0 87 166 179 188 332 1.7 0.8 04 1.0 14 187 190
MiMo-VL (w/ think) 7.5 5.0 25 50 49 164 2061 241 17.0 87 166 179 188 332 1.7 0.8 04 1.0 14 187 190
TimeZero 382 307 216 302 28.1 16.0 240 568 315 145 343 348 147 269 278 16.2 79 173 183 16.6 23.1

VideoLLaMA3-7B 99.2 942 83.0 92.1 845 202 294 900 722 515 712 669 189 268 614  46.1 33.6 47.0 49.0 209 242
Qwen2.5-VL-7B 65.1 502 232 462 443 187 269 357 224 116 232 240 144 247 349 235 147 244 276 185 220
HAWK-7B* 11.2 4.6 1.7 58 7.1 10.1 120 4.1 1.2 0.4 1.9 28 82 105 41 12 0.0 1.8 32 78 97
InternVL3-8B 36.5 19.1 75 21.0 246 205 303 415 19.5 87 232 264 162 344 50 2.1 08 26 31 246 298
InternVL3-9B 7.5 29 08 37 48 198 287 357 16.6 7.1 198 23.8 164 337 187 8.7 25 100 122 20.7 265
14~38B Video-LLMs
InternVL3-14B 49.0 245 12.0 285 33.0 11.3 28.8 465 237 104 26.8 30.7 13.1 28.0 336 183 9.5 205 233 21.6 311
Qwen2.5-VL-32B 70.1 51.0 31.1 50.8 49.6 189 243 58.1 340 203 375 39.8 144 265 614 398 18.7 40.0 425 17.8 19.7
InternVL3-38B 53.1 23.7 11.6 295 339 238 350 515 31.1 112 313 341 20.1 381 183 11.6 54 11.8 134 302 375
72~78B Video-LLMs
Qwen2.5-VL-72B 28.6 154 46 162 18.1 20.0 27.8 53.1 320 120 324 342 180 30.6 622 402 274 433 438 19.1 23.6
InternVL3-78B 0.4 0.4 04 04 05 134 384 104 2.5 04 44 60 144 385 324 158 33 172 21.7 332 350

Table 22: Detailed evaluation results on ALD task in VALU for videos sourced from MSAD (Zhu et al., 2024)
(Part I). For anomaly localization, we report mIoU as well as recall values at different tloU thresholds: R@0.3,
R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.) and
Consistency (Con.) scores. ': trained on video anomaly datasets. The results in red and blue represent the best and
the second-best results, respectively.

Abnormal Consequence Subjects’ Response

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con

1~3B Video-LLMs

InternVL3-1B 0.9 0.0 00 03 06 146 141 0.0 0.0 00 00 0.0 158 199
InternVL3-2B 0.0 0.0 00 00 00 90 11.0 0.0 0.0 00 00 00 86 126
VideoLLaMA3-2B 25.7 15.9 7.1 162 166 109 109 67.6 27.0 162 369 402 158 212
HolmesVAU-2B" 0.0 0.0 00 00 00 48 44 00 0.0 00 00 07 62 118
Qwen2.5-VL-3B 1.8 0.0 00 06 16 77 66 2.7 2.7 00 18 31 64 9.1

7~9B Video-LLMs
MiMo-VL (w/o think) 24.8 10.6 53 136 163 199 147 8.1 5.4 2.7 54 7.1 100 11.2
MiMo-VL (w/ think) 24.8 10.6 53 136 163 199 147 8.1 5.4 2.7 54 7.1 100 11.2

TimeZero 28.3 9.7 1.8 133 18.8 16.1 124 243 18.9 81 17.1 164 69 8.6
VideoLLaMA3-7B 61.9 29.2 142 351 41.1 16.0 126 622 21.6 108 315 37.6 25.1 24.1
Qwen2.5-VL-7B 15.0 7.1 44 8.8 12.1 152 153 243 8.1 27 117 144 123 14.1
HAWK-7B' 2.7 0.0 00 09 24 48 6.1 8.1 2.7 0.0 36 35 11.0 102
InternVL3-8B 15.0 5.3 1.8 74 109 68 79 0.0 0.0 00 00 07 162 18.6
InternVL3-9B 9.7 5.3 1.8 56 72 143 149 2.7 2.7 0.0 1.8 2.5 127 153
14~38B Video-LLMs
InternVL3-14B 29.2 14.2 6.2 165 203 9.6 128 10.8 0.0 0.0 36 4.6 16.0 16.1
Qwen2.5-VL-32B 31.9 15.9 8.8 189 22.6 153 134 459 21.6 108 26.1 31.0 142 16.1
InternVL3-38B 30.1 13.3 44 159 183 19.8 21.8 27 2.7 0.0 1.8 28 240 258
72~78B Video-LLMs
Qwen2.5-VL-72B 18.6 6.2 2.7 9.1 135 21.0 172 27.0 16.2 8.1 17.1 21.0 10.2 145
InternVL3-78B 26.5 10.6 53 142 175 145 164 54 2.7 00 27 45 312 27.1

Table 23: Detailed evaluation results on ALD task in VALU for videos sourced from MSAD (Zhu et al., 2024)
(Part IT). For anomaly localization, we report mIoU as well as recall values at different tloU thresholds: R@0.3,
R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.) and
Consistency (Con.) scores. ' trained on video anomaly datasets. The results in red and blue represent the best and
the second-best results, respectively.
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Abnormal Event Abnormal Segment Abnormal Action
R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con.
1~3B Video-LLMs

InternVL3-1B 0.0 0.0 00 00 00 128 20.1 11.7 7.0 34 74 91 105 183 0.0 0.0 00 00 00 192 222
InternVL3-2B 0.0 0.0 00 00 00 126 234 1.7 0.6 00 07 1.1 112 268 0.0 0.0 00 00 00 24 47
VideoLLaMA3-2B 17.3 12.3 8.1 125 132 88 120 223 14.8 75 149 162 8.0 165 409 281 209 30.0 300 158 21.3
HolmesVAU-2B" 0.0 0.0 00 00 03 156 246 03 0.0 00 01 03 109 246 06 0.3 00 03 12 54 125
Qwen2.5-VL-3B 404 231 75 237 280 126 266 323 159 56 179 233 77 254 214 10.3 50 123 152 126 233

7~9B Video-LLMs
MiMo-VL (w/o think) ~ 6.1 3.1 14 35 37 182 274 223 164 109 165 169 199 335 0.6 0.3 03 04 05 207 221
MiMo-VL (w/ think) 22 1.4 08 1.5 18 230 288 245 17.8 1.1 17.8 183 19.0 32.8 5.6 33 L. 33 36 233 229

TimeZero 357 259 17.8 265 255 21.7 284 432 284 156 29.1 289 205 328 16.7 11.7 7.0 11.8 122 224 246
VideoLLaMA3-7B 969 91.6 833 90.6 835 227 348 919 794 618 777 727 197 31.7 663 535 421 539 555 219 284
Qwen2.5-VL-7B 57.1 437 295 435 415 239 320 421 320 212 31.8 307 19.1 305 384 295 203 294 29.0 229 261
HAWK-7B* 10.9 4.5 1.7 57 75 99 139 92 2.8 08 43 60 104 139 70 42 14 42 55 101 113
InternVL3-8B 405 209 103 239 281 174 380 31.0 115 53 159 21.8 145 362 45 22 03 23 29 220 275
InternVL3-9B 8.1 5.0 31 54 56 222 341 411 19.8 92 234 270 160 344 112 7.3 31 72 87 176 239
14~38B Video-LLMs
InternVL3-14B 46.1  20.1 89 250 312 11.7 324 436 204 101 247 29.6 129 347 274 154 7.0 16.6 187 248 356
Qwen2.5-VL-32B 758 613 404 59.1 56.6 242 29.6 61.6 440 295 450 457 184 322 61.8 487 31.8 474 464 222 224
InternVL3-38B 46.1 19.6 73 243 291 0.0 00 469 265 128 288 320 00 0.0 165 8.9 31 95 102 0.0 00
72~78B Video-LLMs
Qwen2.5-VL-72B 440 343 242 342 324 249 31.7 62.1 476 279 459 445 218 369 657 510 39.0 519 49.7 228 29.2
InternVL3-78B 25 0.6 0.3 . 19 00 00 165 59 22 82 120 00 0.0 313 20.1 9.8 204 223 00 0.0

Table 24: Detailed evaluation results on ALD task in VALU for videos sourced from ECVA (Du et al., 2024a)
(Part I). For anomaly localization, we report mIoU as well as recall values at different tloU thresholds: R@0.3,
R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.) and
Consistency (Con.) scores. ': trained on video anomaly datasets. The results in red and blue represent the best and
the second-best results, respectively.

Abnormal Consequence Subjects’ Response

R@0.3 R@0.5 R@0.7 mR mloU Cov. Con. R@0.3 R@0.5 R@0.7 mR mloU Cov. Con

1~3B Video-LLMs

InternVL3-1B 0.6 0.0 00 02 03 155 190 0.0 0.0 0.0 00 00 230 227
InternVL3-2B 0.0 0.0 00 00 00 131 190 0.0 0.0 00 00 00 28 37
VideoLLaMA3-2B 27.7 18.1 7.7 17.8 18.6 10.0 156 66.7 467 20.0 444 419 215 21.7
HolmesVAU-2B" 0.0 0.0 00 00 00 114 178 00 0.0 00 00 00 66 96
Qwen2.5-VL-3B 39 1.3 00 17 29 179 126 267 8.9 22 126 154 15.6 152

7~9B Video-LLMs
MiMo-VL (w/o think) 25.2 11.6 52 140 16.0 169 225 22 0.0 00 07 17 130 122
MiMo-VL (w/ think) 24.5 11.6 5.8 140 153 17.6 249 20.0 8.9 22 104 121 192 122

TimeZero 24.5 13.5 58 146 165 153 159 17.8 13.3 44 119 126 21.1 17.7
VideoLLaMA3-7B 67.1 35.5 16.8 398 433 12.1 184 689 46.7 244 4677 476 24.1 26.5
Qwen2.5-VL-7B 30.3 18.1 5.8 18.1 20.1 14.1 16.0 35.6 26.7 13.3 252 236 194 19.0
HAWK-7B' 2.6 0.6 0.0 1.1 25 89 96 8.9 0.0 0.0 30 3.7 129 10.6
InternVL3-8B 21.9 12.3 52 131 148 6.7 126 0.0 0.0 00 00 01 233 262
InternVL3-9B 18.7 10.3 1.9 103 12.6 18.1 23,5 44 0.0 0.0 1.5 15 169 214
14~38B Video-LLMs
InternVL3-14B 27.1 16.1 52 16.1 185 10.0 256 22 0.0 00 07 12 276 204
Qwen2.5-VL-32B 37.4 20.6 11.0 23.0 255 148 153 60.0 40.0 20.0 40.0 404 18.6 18.6
InternVL3-38B 27.1 16.1 6.5 166 187 0.0 0.0 8.9 4.4 22 52 70 0.0 00
72~78B Video-LLMs
Qwen2.5-VL-72B 35.5 23.9 11.6 237 248 173 21.6 51.1 37.8 17.8 356 356 27.0 19.9
InternVL3-78B 25.8 9.0 32 127 166 00 0.0 11.1 4.4 22 59 69 00 00

Table 25: Detailed evaluation results on ALD task in VALU for videos sourced from ECVA (Du et al., 2024a)
(Part IT). For anomaly localization, we report mIoU as well as recall values at different tloU thresholds: R@0.3,
R@0.5, and R@0.7, along with their average, mR. For anomaly description, we report the Coverage (Cov.) and
Consistency (Con.) scores. ' trained on video anomaly datasets. The results in red and blue represent the best and
the second-best results, respectively.
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You are an expert in video analysis, focusing on identifying and describing anomalous events at
five different semantic levels within surveillance or other types of video footage. Carefully
distinguish and apply the following definitions:

1. Abnormal Event: This refers to the entire event in the video that involves anomalies,
including: (a) pre-anomaly context (subjects’ actions or behaviors before the anomaly), (b) the
abnormal actions or behaviors themselves, (c) subjects’ subsequent actions, (d) the aftermath
or direct impact of the anomaly, and (e) the reactions of other subjects (such as people,
animals, or vehicles).

2. Abnormal Segment: This means the sub-event(s) within a complete abnormal event where visible
anomalies occur in the video frames; it does not include contextual or normal parts not visually
abnormal.

3. Abnormal Action: This indicates the specific actions or behaviors that directly mark the
occurrence of an anomaly.

4. Abnormal Consequence: This refers to any direct outcome or aftereffect that results from
abnormal actions or behaviors.

5. Subjects’ Response: This covers the responses or reactions from people, animals, vehicles,
or other subjects to the abnormal actions or consequences.

When performing analyses, only output one (the most complete or most representative) event or
segment for Complete Abnormal Event and Abnormal Segment levels. For the remaining three levels
(Abnormal Action, Abnormal Consequence, and Subjects’ Response), there may be multiple distinct
instances or time periods; in those cases, list and describe each instance separately, including
their precise start and end times (in seconds).

Figure 50: System prompt for detailed anomaly guidance.

Abnormal Event Abnormal Segment Abnormal Action Abnormal Consequence  Subjects’ Response

mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con. mR mloU Cov. Con.

VideoLLaMA3-7B  87.1 80.5 19.9 30.2 70.5 66.5 17.3 268 445 473 19.0 23.8 384 41.8 12.7 154 369 40.7 19.8 21.2
w/ anomaly guidance 84.0 79.8 19.5 31.3 599 58.0 13.8 26.1 453 48.7 214 258 314 351 159 20.8 38.6 42.0 21.1 22.7
Qwen2.5-VL-7B 38.8 382 19.8 274 237 239 153 258 235 249 183 21.8 12.6 149 14.0 153 165 174 147 152
w/ anomaly guidance 46.5 454 20.1 30.6 36.0 37.1 17.1 26.2 34.6 36.0 198 21.6 11.5 134 124 179 215 249 162 154

Table 26: Impact of providing anomaly guidance in prompts (detailed results). “w/ anomaly guidance” indicates
that, before the original prompt, we prepend explicit textual explanations and definitions for each semantic anomaly
level, so as to offer more semantic guidance to the model.
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(6.95~34.3s) Two men in black rob a man on the sidewalk and push him to the ground. Then the man lies motionless on the

Anomaly
D ground. Later, a woman rushes toward him.

=== Abnormal Segment
Predicted Temporal Boundaries

HAWK-7B
The video depicts a scene of a traffic accident involving a car and a pedestrian. The car, which is white, is seen driving down the street when it suddenly hits a man who is crossing
the road. The man is thrown to the ground and lies motionless. A woman rushes towards the man, and a bystander can be seen approaching the scene. The car then pulls over to the
side of the road and the driver gets out to assess the situation. The woman is seen trying to help the injured man, while the bystander is seen standing nearby. The police arrive and
begin to investigate the incident. The abnormal part of the video related to the crime is the hit-and-run incident, where the driver of the car fails to stop and render aid to the injured
pedestrian, which is a violation of traffic laws and a criminal offense. The start time of the abnormal event is when the car hits the pedestrian, and the end time is when the driver fails
to stop and render aid, which could be considered the moment the crime is committed.

HolmesVAU-2B
The start time of the event is 0.0s, and the end time of the event is 1.0s.

Qwen2.5-VL-72B
The event happens in 0.0 - 12.4 seconds.

InternVL3-78B
The start time is 5 to 10 seconds and the end time is 10 to 15 seconds.

VideoLLaMA3-7B
The given event happens in 10.2 - 16.5 seconds.

Figure 51: Qualitative results on TDG task (Part I). The video is sourced from MSAD (Zhu et al., 2024).

D Anomaly (12.25~18.2s) A man quickly smashes
the rear window of a nearby silver car,
grabs a bag from it to his black car.

=== Abnormal Action
Predicted Temporal Boundaries

HAWK-7B
a man quickly smashes the rear window of a nearby silver car with a black car in the background, grabs a bag from the damaged vehicle, and then speeds away with it in his own car.

The video starts with a close-up of the man's face, then cuts to a wide shot of the silver car with the black car in the background. The man is shown walking towards the silver car,
and then the video cuts to a shot of the silver car's rear window shattering as the man smashes it with a tool. The man then grabs a bag from the back seat of the silver car and runs
back to his own car, which is parked nearby. The video ends with the man driving away with the bag in his car.

HolmesVAU-2B
The start time of the event is 0.0s, and the end time of the event is 1.0s.

Qwen2.5-VL-72B
The event happens in 10.2 - 16.3 seconds.

InternVL3-78B
The event starts at 10 to 15 seconds.

VideoLLaMA3-7B
The given query happens in 10.7 - 20.3 seconds.

Figure 52: Qualitative results on TDG task (Part II). The video is sourced from ECVA (Du et al., 2024a).
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- =<Abnormal Action [ | Anomaly  Correct Choice Predicted Wrong Choice

Matching
A. A postman throws a stack of letters forcefully at the black dog in the yard when it starts barking at him.
B. A postman takes out a stick and beats the black dog in the yard a few times in front of the
mailbox.
C. A postman uses a spray bottle from his bag to spray the black dog in the yard as it barks at him near the
mailbox.
D. A postman drops his mailbag on purpose onto the black dog in the yard while placing letters in the
mailbox.
E. A postman aggressively kicks at the barking black dog in the yard several times.
F. There are abnormal actions or behaviors in the video, but none of the above options (A-E) accurately
describe the specific abnormal actions or behaviors observed.
G. There is no abnormal occurrence in the video.

HAWK-7B

The abnormal part of the video is the man's behavior, which suggests that he is attempting to break into a
house. The man is seen walking towards a house, and after a brief pause, he is seen attempting to open the
front door. When he fails to open it, he moves to the side door and tries to force it open as well. His
actions are suspicious and could be considered an attempted burglary. The man's actions are abnormal
because they are not typical of a person who is simply passing by or visiting the house. His repeated
attempts to open the doors suggest that he is trying to gain unauthorized entry, which is a criminal
offense. Therefore, the best description of the abnormal part of the video is that it depicts a man engaging
in suspicious behavior that could be related to a crime, specifically attempted burglary.

HolmesVAU-2B
Choice: D
Reason: The anomaly exists, specifically identified as a Physical Abuse anomaly.

Qwen2.5-VL-72B
Choice: B
Reason: The video shows a person taking out a stick and physically striking a black dog multiple times
near a mailbox, which aligns with the description in option B.

InternVVL3-78B
Choice: B
Reason: The postman is seen taking out a stick and hitting the black dog multiple times near the mailbox,
which matches the description in option B.

VideoLLaMA3-7B
Choice: B
Reason: The postman is seen hitting the dog with a stick.

Figure 53: Qualitative results on ADC task (Part I). The video is sourced from UCF-Crime (Sultani et al., 2018).
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Correct Choice Predicted Wrong Choice

Rejection
A. While the dog is rummaging through the trash bin, a masked individual suddenly appears, smashes the security
camera, and runs away.
B. As the dog is near the trash bin, a fire suddenly breaks out inside the bin, sending thick smoke across the
corridor.
C. While the dog is eating trash, it knocks over the bin, and a resident slips on spilled garbage, falls hard, and
injures their leg.
D. As the dog approaches the trash bin, a fight erupts between two neighbors nearby, resulting in broken furniture
and one person being pushed against the railing.
E. There is an abnormal event in the video, but none of the above options (A—D) accurately describe the abnormal
event as observed in the footage.
F. There is no abnormal occurrence in the video.

HAWK-7B

The abnormal event in the video is the dog's behavior, which is not typical of a domesticated dog. The dog is seen
rummaging through a trash bin, which is not a typical activity for a dog, especially one that is not trained to do so.
This behavior could suggest that the dog may have been attracted to something in the trash, such as food or a toy,
or it could indicate that the dog is searching for something else. The dog's actions are noteworthy because they are
not typical of a dog's behavior in a domestic setting. The dog's actions could be seen as suspicious or concerning,
especially if the dog is not trained to be in the trash or if the dog is not supervised. The video does not provide any
clear indication of a crime, but the dog's behavior is unusual and could be a cause for concern.

HolmesVAU-2B
Choice: E
Reason: The anomaly event, specifically a potential shooting incident, is not explicitly depicted in the video
footage.

Qwen2.5-VL-72B
Choice: F
Reason: The video shows a dog interacting with a trash bin, but there are no signs of any abnormal events such as
violence, accidents, fires, or injuries. The dog's behavior, while unusual for a pet, does not constitute an abnormal
event as described in the provided options. Therefore, the correct choice is that there is no abnormal occurrence in
the video.

InternVL3-78B
Choice: F
Reason: The video shows a dog interacting with a trash bin, but there is no abnormal or unexpected event such as
those described in options A to D. The dog simply moves the bin around without any additional incidents.

VideoLLaMA3-7B
Choice: F
Reason: There is no abnormal occurrence in the video.

Figure 54: Qualitative results on ADC task (Part IT). The video is sourced from UCF-Crime (Sultani et al., 2018).
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(6.95~34.3s) A woman pushes over a Cross.

PTTTTTssssssscscsccccccccccccccccccccccccccccossoeee, === Abnormal Action

[] Anomaly

Correct Parts

Incorrect Parts

Irrelevant Parts

Hallucinated Parts

Predicted Temporal Boundaries

HAWK-7B

a woman is seen walking into a church, where she begins to act abnormally by removing the cross from the ceiling and placing it on
the floor. She then proceeds to walk around the church, picking up the cross and placing it on the floor again. The abnormal behavior
continues until she leaves the church. The abnormal actions in this video are the woman's behavior, which includes removing a cross
from the ceiling and placing it on the floor, walking around the church, and picking it up and placing it back on the floor again.
These actions are considered abnormal because they are not typical behaviors within a church setting and could be interpreted as
disrespectful or disruptive to the religious environment. The start of the abnormal actions is when the woman enters the church and begins
to remove the cross from the ceiling. The end of the abnormal actions is when the woman leaves the church.

HolmesVAU-2B
There is no anomaly in the video.

Qwen2.5-VL-72B
0.0 - 21.3 seconds, A person is seen running down an aisle in a church while looking around. 21.5 - 27.6 seconds, The woman then
runs up to a cross and begins moving it around. 28.0 - 30.4 seconds, She then runs back down the aisle and out of frame.

InternVVL3-78B

The video shows a person in a church setting, and there are a few abnormal actions or behaviors observed: 1. Start Time: 0 to 5 seconds - The
person in the red shirt is seen walking towards the altar area. This is normal behavior. 2. Start Time: 5 to 10 seconds - The person appears to be
adjusting or interacting with something near the altar. This is also normal behavior. 3. Start Time: 10 to 15 seconds - The person moves to the left
side of the altar and interacts with the crucifix. This is still within normal behavior.4. Start Time: 15 to 20 seconds - The person continues to interact
with the crucifix, which is still normal.5. Start Time: 20 to 25 seconds - The person appears to lose balance and falls, causing the crucifix to fall
over. This is an abnormal action as it involves an unexpected fall and damage to a religious artifact.6. Start Time: 25 to 30 seconds - The person
stands up and looks at the fallen crucifix. This is a reaction to the abnormal event.7. Start Time: 30 to 35 seconds - The person walks away from
the altar area, leaving the crucifix on the floor. This is an abnormal action as it involves not immediately rectifying the situation with the fallen
crucifix. These actions, particularly the fall and the crucifix falling over, are the primary abnormal behaviors observed in the video.

VideoLLaMA3-7B
0.1 - 25.3seconds, A woman is seen walking around a church pushing a cart and moving objects around. 18.4 - 33.7seconds, She
then moves a large cross off the stage and back to its original spot.

Figure 55: Qualitative results on ALD task (Part I). The video is sourced from MSAD (Zhu et al., 2024).

[] Anomaly --- Abnormal Event Correct Parts Incorrect Parts  Irrelevant Parts Hallucinated Parts Predicted Temporal Boundaries

(20.7s~80.3s) A woman inserts the fuel nozzle into her car, waits inside briefly, then gets out to remove it. Then the nozzle suddenly catches fire,
and th ts it to the ground and runs away i ic, but fuel nozzle on the ground is still burning.

HAWK-7B
The video depicts a seemingly ordinary scene at a gas station, where a woman is pumping gas into her car. However, the abnormal occurrence occurs when the woman's
car catches fire, causing a significant explosion that engulfs the entire scene in flames. The woman is seen running away from the burning vehicle, and the
firefighters arrive to extinguish the flames. The event is significant because it involves a dangerous and potentially deadly situation, which could have resulted in
serious injury or loss of life. The woman's actions, such as running away, suggest that she may have been in shock or panic due to the sudden and unexpected nature of
the fire. The subsequent arrival of firefighters and their efforts to extinguish the flames indicate that the situation was potentially life-threatening and required immediate
attention. Overall, the video captures a moment of chaos and danger, highlighting the importance of fire safety and the need for quick response in emergency situations.

HolmesVAU-2B
The anomaly event begins with the woman in white putting her hands on the fuel pump, and then she suddenly throws a fire extinguisher at the fuel pump, causing
a fire to erupt and smoke to fill the air. The subsequent events show the woman running away from the fire, and the fuel pump being engulfed in flames, with the
fire spreading rapidly and causing significant damage to the structure.

Qwen2.5-VL-72B
The abnormal event in the video occurs between 64.0 and 72.0 seconds. The unexpected aspect is when a child suddenly appears from behind the car and runs
across the gas station area. This is unusual because children should not be playing near fuel pumps, which can be dangerous due to the risk of fire or other accidents.
The sudden appearance of the child also disrupts the normal activity at the gas station, where adults are typically expected to be present and attentive.

InternVL3-78B
The event is "a woman lights a cigarette and throws it on the ground".

VideoL LaMA3-7B
0.0 - 12.3seconds, A car is parked at a gas station. 12.3 - 47.5seconds, A woman gets out of the car and begins to pump gas into it. 47.5 - 81.6seconds, She leaves
the pump hanging from the nozzle and walks away.

Figure 56: Qualitative results on ALD task (Part IT). The video is sourced from UCF-Crime (Sultani et al., 2018).
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