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Abstract: This appendix provides additional discussions
(Appendix A), implementation details (Appendix B), run-
time complexity (Appendix C), additional experiments (Ap-
pendix D), additional results (Appendix E) and future works
(Appendix F).

A. Additional Discussions
A.1. Motivation

Traditional VAD models operate within fixed scenarios and
closed-set anomaly taxonomies. In contrast, real-world
VAD applications demand systems that can detect previ-
ously unseen anomalies, avoid predefined taxonomies, and
continually acquire new knowledge without interruption.
This open-world capability is essential for intelligent video
systems in surveillance, autonomous driving, industrial in-
spection, and safety-critical monitoring. More fundamen-
tally, open-world VAD forms a key component of world

models, enabling them to perceive, interpret, and adapt to
unexpected events and environmental shifts.

A critical challenge is the extreme scarcity of video
anomaly data, stemming from the low occurrence rate of
anomalies and privacy or security constraints that prevent
data disclosure. As shown in Tab. 1, existing public VAD
datasets predominantly consist of simulated campus scenar-
ios or movie clips, which diverge significantly from real-
world conditions and contain only fixed anomaly types,
making them inadequate for training truly open-world mod-
els. By contrast, video segmentation data collection faces
no such constraints, and the sources are readily accessible
as they come from publicly available videos.

Dataset Scenario

Subway Subway Surveillance
UCSD Ped Campus

CUHK Avenue Campus
ShanghaiTech Campus Campus
UCF-Crime Crime Surveillance

Street Surveillance
Online Videos & Movies
Synthetic data

Campus

Street Scene
XD-Violence
UBNormal
NWPU Campus

Tab. 1. Scenarios of existing VAD datasets.

Our motivation is to transcend these closed-set limita-
tions and develop a VAD model capable of open-world de-
ployment.

A.2. Comparison with LL.M-based Video Segmen-
tation Models

LLM-based video segmentation models [2, 16, 18] produce
pixel-level predictions conditioned on text prompts. In seg-
mentation tasks, targets are precisely described, with the
objective being to localize targets and delineate their bound-
aries. In contrast, VAD tasks exhibit infrequent anomalous
events that occupy minimal frame areas, with variable target
types and quantities. The primary objective in VAD shifts
from localization to anomaly detection. Consequently, di-
rectly applying segmentation methods to VAD tasks yields
poor performance.

As demonstrated in Fig. 1, LLM-based video segmen-
tation models exhibit poor performance on VAD tasks. De-
spite training on the subset of their training data without any
VAD-specific samples, our model significantly outperforms
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Fig. 1. Evaluation of LLM-based video segmentation models
on VAD tasks. We assess the performance of Visa, VideoLISA,
and Sa2VA across multiple VAD benchmarks. AUC is employed
as the evaluation metric for UBnormal, ShanghaiTech, and UCF-
Crime, and AP is utilized for the XD-Violence.

these methods, demonstrating the effectiveness of our train-
ing strategy for VAD tasks.

A.3. Comparison with LLM-based VAD Models

While training-free VAD methods offer strong general-
ization capabilities via MLLM, they commonly extract
anomaly scores from the LLM’s frame-wise or clip-wise
text outputs. This approach introduces two critical limita-
tions that hinder their practical applicability:

¢ Prohibitive Time Complexity: Consider an LLM with
hidden dimension d. For an image containing /N patches,
the time complexity of a single forward pass is O(N2d +
Nd?) ~ O(N?d). For training-free methods, predicting
frame-level or clip-level outputs requires iterative forward
passes. Given a video with T' frames, where predicting a
single score requires M iterative forward passes, the to-
tal time complexity becomes O(- Zi]\il(TN +1i)% - d) ~
O(M3T?N?d). With the use of KV cache, the runtime
complexity can be reduced to O(MT?N?2d), which is
also prohibitive for practical applications. In contrast, our
model requires only one forward pass per video segment
for pixel-level predictions, yielding a total complexity of
O(T?N?d). Detailed runtime complexity analyses are
presented in Sec. C.

¢ Coarse-Grained Anomaly Localization: For VAD
tasks, precise anomaly localization is crucial. Traditional
VAD methods typically localize anomalies using local re-
construction errors, text-image similarity, or activation
values. However, other LLM-based VAD methods ex-
tract anomaly scores from frame-wise or clip-wise text
outputs, yielding only temporal scores without spatial lo-
calization. Our model directly predicts pixel-level out-
puts, enabling precise anomaly boundary delineation.

B. Implementation Details

B.1. Datasets

Our training dataset comprises of several semantic segmen-
tation datasets, encompassing: 1) image-based datasets:
ADE20K [19], Mapillary [11], CityScape [3], refCLEF,
refCOCO, refCOCO+ [6], and refCOCOg [10]; 2) video-
based datasets: YouTube-VOS [17], Refer-YouTube-VOS
[12], MeViS [4], and Refer-DAVIS-17 [7]. The evaluation
dataset includes UBNormal[ 1], ShanghaiTech Campus [8],
XD-Violence [15], UCF-Crime [13], and UCSD Ped2 [14].

B.2. Training Pipeline

The training process adopts an end-to-end pipeline. We
freeze the parameters of both the CLIP text encoder and vi-
sion backbone to preserve their pretrained representations.
The MLLM is finetuned using LoRA for efficient param-
eter updates, while the multi-scale semantic projector and
SAM?2 mask decoder undergo full parameter training.

B.3. Training and Inference Setting

We train our model on a single NVIDIA 80G A800 GPU
with training code based on Accelerate [5]. The AdamW [9]
optimizer is employed with both learning rate and weight
decay set to 1e-5. We adopt WarmupDecayLR as the learn-
ing rate scheduler with warmup iterations set to 100. The
loss weight A¢y¢, Aseq are both set to 1. The batch size is
set to 2. For video data, we set each video clip to contain
8 frames. For large-scale datasets such as XD-Violence and
UCF-Crime, we sample every 32 frames and use the score
of the sampled frame as the anomaly score for all frames
within the corresponding sampling interval. The training
procedure involved 10 epochs, with each epoch comprising
2,000 batches, requiring approximately 8 hours of training
time in total. The total number of model parameters is 8.5B.

B.4. Evaluation Metrics

We adopt standard evaluation metrics commonly used in
video anomaly detection. Specifically, for frame-level anal-
ysis, we employ frame-level Area Under the Curve (AUC)
as the evaluation metric on UBNormal, ShanghaiTech, and
UCF-Crime datasets, whereas Average Precision (AP) is
utilized for the XD-Violence dataset. For pixel-level anal-

ysis, we use pixel-level AUC as the evaluation metric on
UCSD Ped?2 dataset.

B.5. Model Details

Anomaly Exposure Sampler: The maximum sampling
number for anomaly categories max (Kg) is set to 30, and
the anomaly probability p is set to 0.5. The examples
of prompts for the sampled pseudo-anomalies and normal
samples are shown in Fig. 2.



Label: 1
Prompt:

a human sorting dishes.
A: Sure, it is <SEG>.

Q: Find abnormal events in this video. Abnormal events include dog sitting on the ground near a human,
shifting sea, the vehicle moving in the right direction, horse standing, person drive, a boy is squeezing his
fists , panda climbing branch, the duck that was initially at the back, man sitting shaking head shaking arms,

Label: 1
Prompt:

A: <SEG>.

Q: Detect anomalies in this video. Target types: a dark white monkey is sitting on a black rock, a cat playing
with a toy on a chair, a person in the back of a pack of bikers in black shorts with white writing, a giant
panda at the top of a tree, a person fell down from his bike and stand and ride again, a red train on the tracks,
a boat with many people in yellow jackets.

Label: 1
Prompt:

bottom, cow, orange.
A: 1t’s <SEG>.

Q: Monitor anomalies in this video. Anomalies include left girl, fridge door, toddler in front, person in front
with blue clothes, dude on the right, brown chair, woman far left, brown shirt guy, brown boat fourth from

Label: 0
Prompt:

A: The result is <SEG>.

Q: Please find the anomalies in this video. Abnormal cases contain a man with a black backpack, a man
snowboarding wearing a black jacket, a black rope, a person capturing video while walking, a man on the
left wearing a white tshirt, a man performing a windmill move.

Fig. 2. Prompt for pseudo anomalies sampled by the anomaly exposure sampler. A label of 1 denotes an anomalous sample, and a
label of 0 denotes a normal sample. Pseudo-anomalous categories are shown in red and correspond directly to the video content, while
normal categories are shown in green and are unrelated to the video content.

Anomaly Semantics Extraction: To capture high-level
semantic feature of video anomalies, we utilize the Qwen2-
VL-7B model as the semantic feature extractor. The model
outputs semantic feature representations fy.,, € R3%84
For parameter-efficient adaptation, we employ LoRA fine-
tuning with rank » = 8 and scaling factor o = 16.

Anomaly Categories Feature Encoding: We employ the
text encoder of CLIP-ViT-Base-Patch32 to extract semantic
features for anomaly categories ¢;, yielding feature repre-
sentations f, € RE*P¢ where K is the number of cate-
gories and D; = 512 denotes the text embedding dimen-
sion. The parameters of the text encoder are kept frozen
during training.

Visual Feature Encoding: In the feature encoding stage,
visual inputs x; are encoded into representations f, €
RT*NpxDv - The visual encoder, initialized from SAM2’s
Hiera-based vision encoder, generates multi-scale features
with dimensions D,, € {32, 64,256} across different hier-
archical layers. We utilize the deepest layer features with
D, = 256 as input to the Multi-Scale Semantic Projector.

The parameters of the visual encoder are kept frozen during
training.

Multi-Scale Semantic Projector: The Multi-Scale Se-
mantic Projector adopts a two-way transformer architecture.
We employ a 5-layer projector to progressively refine the
multi-scale semantic features. In our implementation, the
attention hidden dimension is set to d, = 768, the output
feature dimension is D,,, = 256, and the number of learn-
able queries is configured as 48.

Multi-level Mask Decoder: The Multi-level Mask De-
coder is initialized from SAM2’s prompt encoder and mask
decoder. We incorporate an additional embedding layer into
the prompt encoder to project fp,o; into the feature space of
the mask decoder. The decoder outputs both pixel-level and
frame-level anomaly predictions.

C. Runtime Complexity

As shown in Tab. 2, our model exhibits substantially lower
time complexity compared with other LLM-based zero-shot
VAD approaches. Consequently, it achieves a significantly



Processing Time Per-frame (ms)

Methods Time Complexity FPS
Visual Embedding LLM Forward Mask Decoding Others
LAVAD O(MT?N?d) 1.02 - - - -
AnyAnomaly — O(MT?N?d) 2.67 - - - -
Ours O(T?N2d) 7.33 58.65 26.96 44.08 4.07

Tab. 2. Runtime complexity analysis. 7', N, d denote the number of video frames, the number of patches per frame, and the hidden
dimension respectively. M represents the number of LLM forward iterations in a single response.

Train Datasets Performance

ShanghaiTech  UCF-Cri XD-Viol UB 1

Image VOS RefVOS MeViS RefDAVIS  oisnattec rume tolence norma
(AUC) (AUC) (AP) (AUC)
X v v v v 83.34 79.00 88.15 74.63
v X X X X 61.58 54.57 45.75 52.84
v v v v X 80.21 73.31 86.08 70.17
v v v X N 74.38 70.96 83.80 68.65
v v X v v 75.70 71.62 85.11 71.98
v X v v v 81.06 77.25 88.65 73.44

Tab. 3. Ablation studies on the training sets selection. The datasets utilized are denoted by v', and those omitted are marked as x. The
evaluation metrics employed remain consistent with those described in Sec. B.4.

higher FPS than those methods.

In terms of runtime distribution, the majority of the com-
putational cost comes from three components: visual em-
bedding, LLM forward passes, and mask decoding. Other
modules—such as token compression and multi-scale pro-
jection—incur only 4 ms, accounting for only 3.1% of the
total runtime.

D. Additional Experiments

D.1. Analysis of the Visual Token Compression

D.1.1. Impact on Visual Token Embedding

To investigate the effect of visual token compression on the
visual token embedding process, we visualize the embed-
dings of test dataset before and after token compression.
The result is shown in Fig. 5. Before token compression, the
token features are densely clustered and lack discriminabil-
ity due to the influence of background tokens. After token
compression, the background information are reduced, re-
sulting in a more distinct separation between token features,
which facilitates the model in recognizing non-background
objects.

20 Before Token Compression
After Token Compression

10

=20 =10 0 10 20
PC1

Fig. 3. Impact of visual token compression on visual token em-
bedding. The points represent the coordinates of visual token fea-
tures after PCA dimensionality reduction, with the kernel density
estimation overlaid.

D.1.2. Impact on Runtime

The primary impact of token compression on runtime lies
in its ability to reduce the LLM forward time. As shown in
Tab. 4, when the token compression rate is set to 0.2, the



Compression Ratio 1 0.5 0.2 0.1

LLM Forward Time (ms) 31.71 29.33 26.96 26.78

Tab. 4. Impact of token compression on runtime.

90.0%

88.0%
.
—_— . .\
—
~ 86.0%
S N
o
=2
< 84.0%
82.0% .
80.0% & J A © “ D 2 Vv > o
‘\'Q Q- Qr Q- Q- Q- Q- Q Q Q- Q

Compression Ratio

Fig. 4. Impact of visual token compression on pixel-level pre-
diction. We evaluate the effect of different compression ratios on
pixel-level AUC using the UCSD Ped?2 dataset.

LLM forward time is reduced by 15.17%.

D.1.3. Impact on Pixel-Level Prediction

We further assess the influence of visual token compres-
sion on pixel-level prediction using the UCSD Ped2 dataset.
As shown in Fig. 4, setting the compression ratio to 0.1 re-
sults in only a 1.3% drop in pixel-level AUC compared with
the non-compressed baseline. This suggests that, when the
compression ratio remains above 0.1, the impact of visual
token compression on pixel-level performance is minimal.
In contrast, when the ratio becomes smaller than 0.1, the
pixel-level AUC exhibits a noticeable decline, indicating
that more aggressive compression begins to substantially
compromise prediction accuracy.

D.1.4. Cross-Task Analysis

To investigate the impact of visual token compression on
MLLMs, we apply it to video anomaly understanding tasks.
Specifically, we integrate visual token compression into
Qwen2-VL and examine how it affects the model’s compre-
hension ability, as illustrated in Fig. 7. The results show that
when the compression ratio is larger than 0.1, both answer-
ing and explanation abilities remain almost unaffected. Ata
compression ratio of 0.1, the model occasionally produces
incorrect explanation. However, when the ratio is reduced
to 0.05, the MLLM frequently fails in both anomaly judg-
ment and interpretation. These findings indicate that com-
pression ratios above 0.1 introduce negligible degradation,
whereas smaller ratios substantially impair MLLM perfor-
mance. This is consistent with the effect of token compres-
sion on VAD tasks observed in the experiment section.

D.2. Analysis of the Impact of Video Resolution

In this section, we elucidate the reasons for our method’s in-
ferior performance on the UCF-Crime dataset compared to
other datasets, and analysis the influence of video resolution
on our model.

Dataset Resolution Total Pixels
UBnormal 1200x720 864k
ShanghaiTech 856x480 410k
XD-Violence 625%330 206k
UCF-Crime 320x240 76k

Tab. 5. Video resolution of VAD datasets. The resolution and to-
tal pixel counts are both computed as average values derived from
the test sets of each dataset.

Conventional VAD methods typically utilize sequence
models to capture video dynamics for identifying anoma-
lous events; however, due to inherent scene variations,
these approaches often suffer from limited generalization.
Nonetheless, by incorporating temporal dependencies in the
data, such methods demonstrate reduced sensitivity to input
video resolution.

In contrast, the efficacy of our model in anomaly detec-
tion primarily stems from the visual semantic comprehen-
sion capabilities of the MLLM, which confers robust gener-
alization while diminishing reliance on inter-frame tempo-
ral relationships, thereby rendering our model more suscep-
tible to variations in video resolution. VAD datasets exhibit
diverse resolutions, with average values for each dataset
presented in Tab. 5. The UCF-Crime dataset features a
substantially lower resolution compared to others, imped-
ing MLLM’s ability to accurately interpret the semantics of
smaller anomalous targets under insufficient visual informa-
tion.

To further elucidate the influence of resolution on model
efficacy, we systematically varied the input video frame
resolution for MLLM, with outcomes illustrated in Fig. 5.
When the input resolution exceeds the original, detection
performance remains largely stable, with only minor degra-
dation. In contrast, performance declines rapidly when the
input resolution falls below the dataset’s original. Notably,
at resolutions comparable to that of UCF-Crime (76k pix-
els), the model exhibits slightly inferior performance on
ShanghaiTech compared to UCF-Crime, corroborating our
hypothesis that inadequate resolution primarily accounts for
the suboptimal results on UCF-Crime.
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Fig. 5. Impact of video resolution to model performance. We evaluate the efficacy of our model across varying resolutions, with the
original resolutions of each datasets denoted by dashed lines in the figure.

Layers UBnormal ShanghaiTech UCF-Crime XD-Violence
AUC (%) AUC (%) AUC (%) AP (%)
1 55.86 62.85 57.11 59.24
2 62.04 79.75 78.14 89.40
3 68.47 79.65 78.03 88.28
4 71.95 82.30 79.32 90.30
5 76.30 84.46 82.06 90.51
6 77.12 83.52 80.06 87.70
Tab. 6. Ablation study about the number of projector layers.
D.3. Ablation Study bility using the average correlation across anomaly category

D.3.1. Analysis of the Train Datasets Selection

We have detailed the training datasets employed in this
study in Sec. B.1. To systematically evaluate the impact of
each training dataset on the model, we conducted ablation
experiments. Specifically, we performed these experiments
by excluding datasets from the training process, while main-
taining all other configurations unchanged. Then we evalu-
ated the performance of the resulting models post-training.
The empirical results are presented in Tab. 3.

It can be observed that the video datasets play a dom-
inant role in the training process. Since the evaluation
is conducted on video data, image datasets provide only
marginal performance gains, and training solely with image
data yields very limited improvement for the VAD tasks.
Among the video datasets, the VOS dataset contributes less
compared to the other three referring datasets. The incorpo-
ration of referring data enhances the global comprehension
and relational understanding between objects in MLLMs,
which is also beneficial for the VAD tasks.

D.3.2. Analysis of the Multi-Scale Semantic Projector

Our proposed Multi-Scale Semantic Projector can effec-
tively integrate video-level semantic features with frame-
level anomalous information. The frame-level anomalous
information is manifested through the frame-level feature
fa € RTXEXDa We measure its anomaly perception capa-

dimensions, denoted as p,.. When anomalous events occur,
dimensions corresponding to the anomaly category deviate
significantly from others, causing p,. to decrease.

Fig. 6 shows the temporal variation of p,., with detected
anomalous people marked in green. The results demon-
strate that p,. remains high during normal periods but drops
significantly when anomaly occurs, with the decline mag-
nitude proportional to the anomaly’s spatial extent. This
validates the Multi-Scale Semantic Projector’s capability to
perceive temporal anomalous information.

Tab. 6 illustrates the impact of projector layer depth on
performance. The results show that the model’s zero-shot
performance initially improves with increasing layers be-
fore subsequently declining. This trend can be attributed to
that while additional layers increase learnable parameters
and facilitate the capture of more complex data patterns.
And excessive depth leads to convergence difficulties dur-
ing training, ultimately resulting in performance degrada-
tion.

D.3.3. Analysis of Video Clip Length

Tab. 7 demonstrates the impact of video frame count within
a single clip on model performance. As clip length in-
creases, the model exhibits slight performance improve-
ments, which we attribute to the MLLM’s enhanced ability
to capture contextual information across frames. However,



UBnormal ShanghaiTech UCF-Crime

XD-Violence

Processing Time Per-frame (ms)

Clip Length FPS
AUC (%) AUC (%) AUC (%) AP (%) Mask Decoding Others
75.77 81.59 80.27 88.66 4.78 44.08 165.27
8 76.45 85.26 81.26 90.51 7.33 45.31 91.10
12 76.04 84.35 81.54 90.30 8.80 44.59 69.02
16 75.93 83.40 82.04 89.57 11.31 45.16 43.26

Tab. 7. Effect of video frame count in a single video clip.

Fig. 6. Temporal dynamics of p,.. To facilitate the distinc-
tion between normal and abnormal people, the detected anomalous
people are highlighted in green.

performance marginally decreases beyond a certain thresh-
old, likely due to the MLLM’s diminished capacity to pro-
cess fine-grained local information when handling exces-
sive input frames.

As for runtime, the MLLM performs only a single for-
ward pass for each video clip, making this component
largely insensitive to the clip length. As the clip length in-
creases, the average per-frame cost of this part decreases,
thereby improving the overall FPS. In contrast, mask de-
coding operates on a frame-by-frame basis, and its runtime
does not diminish as the clip length grows.

E. Additional Results

Our objective is to perform video anomaly detection in
open-world scenarios. Fig. 8§ demonstrates the performance
of the proposed method on standard VAD datasets, while
Fig. 9 illustrates the detection effectiveness of our approach
in open-world settings.

F. Future Works

Our method currently faces the following issues, which we
plan to address in future improvements:

* Expanding Model Interpretability: We aim to further
enhance the interpretability of the MLLM for anomaly
detection. By incorporating anomaly understanding
datasets and causal reasoning capabilities, we entend to
enable the model to not only provide precise localiza-
tion but also generate human-interpretable explanations
for the underlying causes of detected anomalies.

¢ Enhancing Long-Range Temporal Dependency Mod-
eling: Currently our model processes each video clip
independently. Although it achieves strong performance,
it lacks the ability to capture broader contextual informa-
tion across the entire video. In future work, we aim to
strengthen the model’s capability for global video under-
standing rather than focusing solely on isolated clips.

Through these improvements, we expect to further en-
hance the performance of our method and broaden its ap-
plications, thereby providing more possibilities for research
and practice in the field of video anomaly detection.
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answer explanation

Yes, there is an abnormal event in this video. The image shows a large explosion occurring in a

answer explanation

Compression  snowy landscape, which is not a typical natural occurrence. Explosions in such environments are v v .
Ratio: 1 usually caused by human factors, such as accidents, intentional acts, or nlmnl disasters. The c";"’f‘"“"‘ Yes. v v
presence of f energy, which co
require immediate attention and investigation to determine the cause and ensure safety.
‘Yes. The video shows a large explosion occurring in a snowy environment. This is an abnormal Campression . Yes The abnormal event inthis vido s that  man in  whit i is being beaten by a group of
Comprenion [ e e e ] atio: 0.2 people.
Ratlos 0.1 catastrophic and they are not commonly seen in natural or everyday settings like a
snowy llnd!upa e presence of fire and smoke further indicates that this is an unexpected and
dangerous situation. ‘Compression  Yes. The abnormal event in this video the white shirt is being pushed by the v v
Yes, there is an abnormal event in this video. The image shows a large explosion occurring in a Ratio: 0.1 Jeopearpinhing
Compress ‘snowy landscape, which is not a typical natural occurrence. Explosions in such environments are
Ratio: 0.05  yually caused by human factors, such as accidents, intentional acts, or natural disasters. The V v
presence of fire and smoke indicates a significant release of energy, which could be dangerous and Compression Yes: The video shows a group of people standing in a room, with one person in a white shirt and
require immediate attention and investigation to determine the cause and ensure safety. Ratio: 0,08 Dlack pants standing in the center. The person in the white shirt is holding a knife and appears to
be threatening the other people in the room. This is an abnormal event as it involves a potential
Compression  Yes. The video shows a large explosion occurring in a mountainous arca. This is an abnormal act of violence and could be dangerous for the people present.
Ratio: 0,01 event as explosions are typically unexpected and can cause significant damage and harm. The v
resence of smoke and fire in the video further suggests that the explosion was intense and
possibly dangerous.
P ettt ~
f \ \
| N | 1
| | |
' | |
' | |
| |
| Q: Is there any abnormal event in this video? Please answer yes or no, and analyze the reasons. ) ,
N e e e e e e e e e e e o o2 -
answer explanation answer explanation
Compresslon Yes, The video shows two men fighting, which is an abnormal event. v v Compression. | Mo g S YD v v
Compression  Yes: The reason for this is that the image shows a group of people in a crowd, and it appears that
C;mr;rf?l;n Yes, two people in the video are fighting, and the movements are very intense. This is usually not a v “Ratios 0.2 one person is being pushed or shoved by another. This could potentially lead to a physical V v
atio: normal event. altercation or injury, which is an abnormal event in this context.’
. . Compression
c Yes. The reason is the black shirt s with the person in the blue jacket, v v e ™ Yes. The reason i that the police are holding guns.
Ratlo: 0.1 | \THis ivan abnormal event because £ 1 niof a common or expectat behavior.fnia fyplcal video:
No-Thevideo shows 3 person walking anasdevat, v N Lo BT (St
Bl oo T R TG D Compression  police station or a similar faci dividuals are dressed in casual clothing, and there is no
Compression .,“.,, unexpected occurrences. The person appears to be wal i tion of any abnormal mm or dnlnrbnncc in the scene. The atmosphere seems calm and
Ratio: 005 204 there are no or hazards in refore, based on ‘with no signs of confict o disorder.
L
happening in the video.
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! Q: Is there any abnormal event in this video? Please answer yes or no, and analyze the reasons. ) ! Q: Is there any abnormal event in this video? Please answer yes or no, and analyze the reasons. ,
N e e e e e e e e o e e e o e . N e e o e o e o e e e e e 2.
answer explanation answer explanation
C""I"_F‘:;“'“" Yes. The video shows a car crashing into a motorcycle, which is an abnormal event. v v C"gx::f““ o v v
. The video shows a car and a motorcycle colliding, which is an abnormal event. The car is
Compression driving on the lft ide of he roud, while the motorcycl s o the ight sie. The e Is moving Compression  No- The video shows a person driving a car on a road with a clear view o the seering wheel,
2 R g M e et ey e Ry e et et e et et e Ratos 03 dashboard, and the road ahead. There are no visible sigas of an abnormal event such as a crash,
i s accident, or any - The to be a typical driving scenario.
Yes. The abnormal event in this video is that the motoreyele is riding on the wrong side of the _ No.The video shows a person driving a car on a road with a green grassy area on the left side.
ression T0ad. In most countries, motoreycles are required to ride on the left side of the road, while cars Compression  The steering wheel is visible, and the person is holding the steering wheel with both hands. The
Ratio: 0.1 and other vehicles are required to ride on the right side of the road. This is to prevent collisions v x Ratio: 0.1 roaq appears to be clear, and there are no visible signs of any abnormal events such as accidents,
and ensure the safety of all road users. By riding on the wrong side of the road, the motoreycle collsions, or unusual behavior. The scene appears to be a typical driving scenario on a road."
rider is putting themselves and others at risk.
Compression | No. The video shows a person driving a car on a road. There is no indication of any abnormal v v
Comy he video shows a ear driving down a street with a motoreycle following behind. There is no Rato: 005 o
Ratio: 0.05  indication of any abnormal event in the video.
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Comeo N v v Compressio
res o. mpression
Ratio: 1 Rior 1 No.
Compression No. The video shows a group of people stting on a train, with one person standing up and another V v Compmnun No. The video shows a list of starting Lineups for wo basketball teams, the Toronto Raptors and
Ratio: 0.2 person reading. There is no indication of any abnormal event occu video. Ratio: 02 the Golden State Warriors. The players' names and positions are listed for each team. V v
Compre No. The, a train, with the man reading a newspaper and the No. The video shows a basketball game with the teams Toronto (TOR) and Golden State (GS)
Ratio: 0.1 woman are leaving. There is no indication of any abnormal event in the video. Compression  playing against each other. The game is in the 1st quarter with 8:29 remaining, and the score is
Ratio: 0.1 tied at 7. There are 13 timeouts for Toronto and 7 for Golden State. The game is being.
broadeasted on ESPN.
- aon
ompressior uch a unusual behavior. The passengers appear to
005 pe engagsd n yplea iy reading and looking outside. c | No. The video shows a basketball game in progress. The score I tied at 7-7 in the 1t quarter, with
ampressla" 14 seconds remaining in the game. There are 11 timeouts for the Toronto Raptors and 7 timeouts
Ratio: 0.05 ST =

for the San Antonio Spurs. The game s being broadcasted by NBA TV.

Fig. 7. Impact of visual token compression on video anomaly understanding. ~We assess the accuracy of the MLLM’s anomaly
judgments and explanations by progressively decreasing the compression ratio. Correct assessments are denoted by v/, while incorrect
ones are indicated by x.
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Fig. 8. Additional results on VAD datasets.
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Fig. 9. Additional results in open-world scenarios.
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