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Abstract

Understanding anomalous human behaviors at a fine-grained
level remains a major challenge in complex scenarios. Exist-
ing video anomaly understanding (VAU) methods often rely
on coarse frame-level cues or overlook structured modeling
of individual actions, limiting their capacity for reasoning
about human interactions and accountability. To address these
challenges, we propose TargetVAU, a multimodal anomaly-
aware reasoning framework designed for individual-level
anomaly recognition and explanation. TargetVAU first ex-
tracts both global-level and human-centric visual features us-
ing a frozen Vision Transformer (ViT) encoder. An Anomaly-
focused Temporal Sampler is then employed to select be-
haviorally informative frames via a density-aware strategy
guided by predicted anomaly scores. A Spatio-Temporal In-
teraction Graph is constructed to explicitly model interac-
tions among individuals across time and space. These struc-
tured representations are fused with prompt embeddings via
a frozen Q-Former to form a unified semantic representa-
tion. Finally, a large language model fine-tuned with low-rank
adaptation (LoRA) performs instruction-guided reasoning to
identify anomalous individuals and generate natural language
explanations. Extensive experiments on UCCD and HIVAU-
70K demonstrate that TargetVAU significantly outperforms
existing methods in both accuracy and interpretability, ad-
vancing the state of individual-level anomaly understanding
in surveillance videos.

Introduction

In traditional video anomaly detection (VAD) methods,
anomalies are usually identified based on the predicted
anomaly scores when only pre-defined video-level anomaly
categories are provided. However, such methods can only
roughly tell us whether an anomaly exists, but it is difficult
to deeply reveal what happened and why it is considered
an anomaly. Therefore, in order to understand anomalous
events more thoroughly at the semantic level, it is necessary
to break out of the limitations of simple detection. With the
rapid development of multimodal technology, large models,
and the continuous promotion of higher security standards,
the single existence of anomalies is no longer sufficient to
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Figure 1: Comparison of three paradigms of video anomaly
analysis.

meet actual needs; instead, a more comprehensive insight
into the anomalous events themselves is required. Based on
this, video anomaly understanding (VAU) came into being
and became an indispensable task in the fields of public
safety, monitoring, and risk prevention. It not only focuses
on whether there are anomalies in the video, but also fo-
cuses on the specific circumstances of the anomalous events,
thereby providing favorable support for subsequent compre-
hensive analysis.

Recently, researchers have explored more about VAU (Du
et al. 2024a,b; Zhang et al. 2025), mainly by integrating mul-
timodal information such as vision and text to capture richer
semantics and provide interpretable anomaly descriptions.
These approaches aim to shift anomaly recognition from
rigid classification toward more flexible semantic under-
standing. However, most existing methods remain limited to
video- or event-level analysis, offering only coarse-grained,
global explanations. This is because they often treat the en-
tire video as a unified whole or focus solely on high-level
scene features, overlooking individual behaviors and inter-
actions. However, in densely populated or public surveil-
lance scenarios, anomalies frequently stem from complex
interpersonal interactions. Without capturing the behaviors
and relationships of individuals within the scene, it becomes
difficult to comprehensively identify anomalous elements
and accurately localize the key actors responsible for the



anomalies. To address this limitation, we propose the task of
Anomalous Target Behavior Understanding (ATBU). This
task aims to enable fine-grained, individual-level anomaly
recognition and interpretation by modeling the appearance
attributes, behaviors, and interaction dynamics of each in-
dividual. It seeks to answer the critical questions of who
is doing what, and why the behavior is considered anoma-
lous. This new perspective not only facilitates a deeper un-
derstanding of anomalies in complex scenarios but also sup-
ports timely intervention, offering more effective decision-
making strategies for surveillance and public safety manage-
ment.

In order to solve the problems of difficulty in identifying
individual behaviors, lack of interactive relationship mod-
eling, and insufficient semantic interpretation capabilities
faced in the ATBU task, we propose TargetVAU, a multi-
modal framework for the identification and behavior under-
standing of anomalous individuals in videos. This frame-
work focuses on modeling and interpretation at the indi-
vidual level, aiming to improve the ability of model to un-
derstand who is doing what and why in complex anoma-
lous events. Structurally, TargetVAU uses pre-trained vi-
sual models to extract global features and human-centric
features from videos, and combines text semantic infor-
mation encoded by language models to construct individ-
ual interaction graphs across time and space to capture be-
havioral changes and interactive relationships between in-
dividuals. On this basis, its instruction-based multimodal
large language model (MLLM, LLM) is inferred to gener-
ate individual-level anomaly identification and natural lan-
guage interpretation, thereby achieving a more fine-grained,
more readable and interpretable understanding of anoma-
lous events. Figure 1 illustrates three different paradigms
of video anomaly analysis, namely the detection-oriented
paradigm based on VAD, the coarse-grained understanding
paradigm based on VAU, and the proposed TargetVAU based
on ATBU.

In summary, our main contributions are as follows:

* We introduce a novel task, Anomalous Target Behav-
ior Understanding, which aims to detect anomalous in-
dividuals in videos and interpret their behaviors at a fine-
grained level.

* We propose TargetVAU, a multimodal reasoning frame-
work that extracts both global and individual-level fea-
tures, integrates textual semantics and relational cues,
and performs joint identification and explanation of
anomalous behaviors.

e We conduct extensive experiments on UCCD and
HIVAU-70K datasets, demonstrating the effectiveness of
our approach in both accurately localizing anomalous in-
dividuals and generating interpretable explanations.

Related Work
Video Anomaly Detection

Video anomaly detection aims to temporally identify anoma-
lous frames in untrimmed video sequences. Existing meth-
ods generally fall into three main categories: unsupervised,

weakly-supervised, and fully-supervised approaches. Unsu-
pervised methods (Gong et al. 2019; Xu et al. 2017; Yang
et al. 2023; Liu et al. 2018, 2021) focus on modeling nor-
mal patterns by training exclusively on normal videos, em-
ploying self-supervised strategies such as reconstruction-
based (Gong et al. 2019; Xu et al. 2017; Yang et al. 2023)
or prediction-based techniques (Liu et al. 2018). Weakly-
supervised methods (Feng, Hong, and Zheng 2021; Li, Liu,
and Jiao 2022; Sultani, Chen, and Shah 2018; Tian et al.
2021; Wu et al. 2022, 2020; Zhou, Yu, and Yang 2023;
Wu et al. 2025a, 2024c; Tian, Li, and Xu 2020; Ghadiya
et al. 2024) use both normal and abnormal videos with
only video-level labels, significantly reducing the annota-
tion cost. Fully-supervised methods (Landi, Snoek, and Cuc-
chiara 2019; Liu and Ma 2019) rely on precise frame-level
annotations to achieve accurate localization, yet their prac-
tical deployment is limited due to high annotation expenses.
However, traditional video anomaly detection methods pre-
dominantly depend on single-modal visual data, thus re-
stricting their ability to interpret complex scenarios and con-
textual relationships. Multi-modal approaches address these
limitations by integrating complementary visual and textual
information, thereby enhancing the ability of model to un-
derstand and accurately characterize anomalies.

Multimodal Video Anomaly Understanding

Traditional video anomaly detection methods usually ne-
glect deeper semantic understanding, while multimodal ap-
proaches offer richer context beneficial for anomaly retrieval
and interpretation. Wu et al.(Wu et al. 2024a) introduced
the Video Anomaly Retrieval task, using detailed textual
descriptions or synchronized audio to identify anomalous
segments within untrimmed videos, and proposed anomaly-
guided sampling and masked phrase modeling to establish
cross-modal associations. To further improve retrieval accu-
racy, Wu et al.(Wu et al. 2025b) developed VarCMP, lever-
aging cross-modal pre-trained models with unified hierar-
chical alignment at video, frame, and patch-levels, and an
anomaly-biased weighting mechanism. Zhang et al.(Zhang
et al. 2025) concurrently proposed Holmes-VAU for com-
prehensive anomaly understanding at clip, event, and video-
levels, constructing the hierarchical HIVAU-70K dataset and
integrating anomaly temporal sampling with multimodal
large models. Zhou et al.(Zhou et al. 2024) developed the
human-centric UCCD dataset with detailed person-level be-
havioral annotations, supporting fine-grained analysis of in-
dividual behaviors in surveillance scenarios. Unlike these
methods, our research specifically targets the detection,
identification, and explanation of individuals involved in
anomalous events, emphasizing fine-grained human behav-
iors and interactions, representing a challenging yet practi-
cal advancement toward real-world anomaly interpretation.
interpretation.

Methodology

Overview of TargetVAU

The overall pipeline of TargetVAU is illustrated in Figure 2.
Given an input video, frames are sampled and processed



m 1 ensi i i| Pick out
DDDEID 2 % ;’ ?awo:l i frames
DDDDD 3 fanomaly (551 Sampler 3
4 scorer ~
Vfg/aba/ t &, S() 't - 4
frames Anomaly-focused Temporal Sampler (AFTS) sampled frames

human-centric regions

§ ...Then 3 hit 2's face
{ Are there any anomalous ! [ with his hand. 3 fell
i behaviors or targetsin —— (EEGOE s i to the ground from
: the video? i 5% 2 St the chair. 3's hand
prompt ! §' P Jgsp = was lifted up by 2...
Vicuna-78 Xa
Q|4
o4
- ] b=}
! Outside, a man in — 8 |3 2
e Inside, a manina M 0 = (O ; KO EE T
A% white shirt and (00000 8 T < (De— 4——8& 2 4
" brown pants sat 00000 a Graph a |2 % =7
=} while 1 grabbed - X, Transformer f ) 1 2 3
o
captions E% §_. v Juman
Spatial-Temporal Interaction Graph (STIG) ol |8

Figure 2: The pipeline

by ViT-L/14 (Dosovitskiy et al. 2021) to extract global and
human-centric visual features. The Anomaly-focused Tem-
poral Sampler (AFTS) selects keyframes with high anomaly
potential. A Spatio-Temporal Interaction Graph (STIG) is
then constructed to model individual behaviors and inter-
actions, which are further encoded using a Graph Trans-
former (Dwivedi and Bresson 2020). Visual features are
fused with textual prompts through Q-Former (Li et al.
2023), and the resulting representation is passed to Vicuna-
7B (Zheng et al. 2023) to identify the anomalous individual
and generate an explanation.

Video and Text Embedding

The frozen ViT-L/14 from CLIP is adopted as the visual
backbone ¢,,. For each input video, frames are densely sam-
pled at a fixed interval of 16. From every sampled frame,
two types of visual features are extracted: global-level fea-
tures obtained by feeding the full frame into the encoder, and
human-centric features derived from processing the cropped
regions corresponding to detected person instances. The
global-level features are computed as:

global — d)v (Vfull) (1)

where denotes the full image of frame ¢. In parallel,
we extract human-centric features by cropping each detected
the bounding box of person from the frame and processing
these cropped regions individually through the same visual
encoder:

thull

vl = 60 (Vi) @

where V; represents the cropped region of person ¢ in
frame t. Hence, each frame yields both a global-level rep-

crop

of our proposed TargetVAU.

resentation capturing the overall scene context, and human-
centric embeddings that focus on individual appearances and
actions.

The text encoder ¢; is initialized from Vicuna-7B and
consists of a tokenizer and a textual embedding layer. Given
a video caption and a prompt, the text encoder converts them
into separate textual embedding sequences:

X, = ¢¢(Caption), X, = ¢,(Prompt) 3)

These global-level and human-centric visual features,
along with the textual embeddings, form the multimodal in-
puts for the subsequent modules in our anomaly understand-
ing framework.

Anomaly-focused Temporal Sampler

Building upon the previously extracted global-level visual
features, we introduce the AFTS to selectively identify
keyframes that are most likely to contain anomalous behav-
iors. The AFTS module is composed of two components: a
lightweight anomaly scorer and a density-aware sampler.
The anomaly scorer ¢, is implemented as a feature-based
video anomaly detection network, following the efficient ar-

chitecture DMU (Zhou, Yu, and Yang 2023). It takes the se-
quence of global class tokens {v7/"* pgletal ,vgf(’bal}
as input and produces anomaly scores for each frame:

= ¢ ("), s, €0,1] 4)

where s; denotes the predicted anomaly score for the ¢-th
frame. These scores collectively form a temporal sequence
S = [s1,52,...,57], where each s; reflects the anomaly
likelihood of the j-th video frame.



3
Spatio-Temporal 4

t (0000 (/"1,Y1,W1,h1) Interaction Graph t (X3,Y3,W3,h3)

(5TI6)

w N
<—+

<-->temporal edge
<-->spatial edge
<—>semantic edgi

P! :
(XLY1,W1,"\1) .
&

Figure 3: Illustration of node attributes and edge types in the
STIG.

To concentrate computational efforts on informative re-
gions, we adopt a density-aware non-uniform sampling
strategy. Rather than directly summing scores as in tradi-
tional cumulative sampling, a piecewise normalized cumu-
lative anomaly curve is computed:

S 22:1(81' +7)
S(t) = &i=1\Zi 7).
=5 (<)

Here, 7 is a small smoothing constant that prevents zero gra-
dients and controls sampling dispersion. During inference,
the sampler applies 7 = 0.1 to smooth anomaly scores. The
denominator aggregates the adjusted anomaly scores across
all frames, ensuring S (¢) is normalized to the range [0, 1].
We then select N equally spaced anchor points
{a1,a2,...,an} from the range [0, 1], and for each an-
chor point a;, identify the closest timestamp ¢; such that

§(tj) > a;. The resulting set of sampled frame indices is
denoted as:

&)

G:{t17t27"'7tN} (6)

Denser sampling is encouraged in time segments with high
anomaly likelihood, while minimal coverage is maintained
elsewhere. The selected keyframes G then serve as the tem-
poral backbone for downstream spatio-temporal interaction
modeling and prompt-based reasoning.

Spatio-Temporal Interaction Graph

Based on the temporal sampling results from the AFTS mod-
ule, we construct a STIG to model individual behaviors and
their interactions over time. This graph serves as an inter-
mediate representation that captures fine-grained human dy-
namics and supports multimodal reasoning.

Each node in STIG corresponds to a detected person in
a sampled keyframe. For each individual ¢ in frame ¢, we

extract a human-centric feature vM4™" = ¢, (V;"F), where

Vi is the cropped region of the person. This is concate-

nated with bounding box coordinates (z,y,w, h) and cat-
egory labels to form the node feature. To enhance tempo-
ral consistency, person features across sampled timestamps

G = {t1,ta,...,tN} are aggregated using temporal atten-
tion pooling.

Edges in STIG capture spatial, temporal, and semantic re-
lationships. Spatial edges are constructed based on bound-
ing box overlap and distance within a frame. Temporal edges
link individuals across keyframes if their bounding boxes are
similar, preserving motion continuity. This approach helps
address person occlusion. When an individual is temporarily
occluded and later reappears, temporal co-referencing edges
enable correct association by linking nodes that represent the
same person across different time steps. Semantic edges are
derived from caption embeddings X. = ¢;(Caption), which
are parsed into triplets and mapped to corresponding nodes
to form directed interaction edges. Figure 3 provides a de-
tailed illustration of node attributes and the three types of
edges in STIG. A Graph Transformer encodes the sequence
of structured graphs to model the temporal evolution of in-
dividuals and their relationships, enabling downstream mul-
timodal understanding and reasoning.

Projector and Grounding-aware Reasoning

Building on the spatio-temporal interaction representa-
tions H from the Graph Transformer, the framework inte-

grates three modalities to enable grounded reasoning about

individual-level anomalies: global visual embeddings v&™"

from the AFTS module, human interaction features H, and
textual prompt embeddings X, from the Vicuna-based text
encoder ¢,. These modalities respectively capture the global
scene context, structured human interactions, and instruction
semantics.

To combine global and individual-level cues, a hierarchi-
cal fusion strategy is adopted. Human-centric features are
first used to construct nodes in STIG and aggregated into
‘H, while global scene features are preserved in a separate
branch. The three representations, vflObal,’H, and X,, are
concatenated and projected into a shared semantic space via
a frozen Q-Former-based module ¢,,, enabling joint reason-
ing over detailed behaviors and the holistic scene.

To enhance semantic consistency between modalities,
a grounding-aware contrastive learning objective aligns
human-centric visual features with their corresponding tex-
tual descriptions.

The resulting unified embedding Xj,s is then fed into
a Vicuna-7B LLM, fine-tuned using LoRA for efficiency,
which generates the final output X, = {x1,x2,...,2} in
an autoregressive manner, as formulated below:

L
p(Xa | Xins) = HLMa(zi [{z1,. ., zic1} Xing), (D

i=1

where 6 denotes the LLM parameters. This process yields
two outputs: the identity of the anomalous individual and a
natural language explanation of the reason.

Loss Functions

TargetVAU is trained with a unified objective combining
anomaly detection, grounding-aware contrastive, and cap-



tion generation losses, which guide anomaly localization,
visual-text alignment, and language generation, respectively.

The anomaly detection loss guides the anomaly scorer ¢
in the AFTS module. Given predicted scores s; and ground
truth labels ¢, from the UCCD dataset, the loss is defined as:

T
Las =— Z(St log g + (1 — s¢) log(1 — ) (8)

t=1
This encourages higher scores for abnormal frames and sup-
ports effective temporal sampling.
The contrastive loss promotes alignment between visual
features v; and corresponding textual descriptions ;. For
matched pairs (v;,t;) € P, the loss is:

exp(sim(vs, t;))

‘Ccontrast - - ]og .
(Ui%):ep Ztk exp(sim(vs, tk))

©))

Here, sim(-, -) is the cosine similarity, and the denominator
includes all negative samples .

To supervise caption generation, we apply a token-level
cross-entropy loss. Given the fused embedding X;,,s and an-
swer tokens X, = {x1,xz2,..., 2}, the loss is:

L
»Ccaption = _Zlogpe(wi‘Xins,<iaXa,<i) (10)

i=1
where 6 are the trainable parameters of the Vicuna-7B model

under LoRA fine-tuning.
The total training loss is a weighted sum:

Etolal - /\OLAS + >\1£contrast + )\ZECaption (1 1)

with Ag, A1, and A2 controlling the weight of each compo-
nent. We initially set them as 1, 1, and 0.5, allowing us to
observe and adjust them subsequently.

Training and Testing

Training. We train TargetVAU on the UCCD dataset in two
sequential stages. In the first stage, we optimize only the
anomaly scorer ¢ using £ 45, leveraging the ground truth
frame-level labels to learn reliable anomaly scores. In the
second stage, we freeze the parameters of ¢ and train the
remaining components of the framework using the full set of
caption and prompt annotations from UCCD. The Q-Former
¢p is kept frozen, while the Vicuna-7B language model is
fine-tuned using LoRA to preserve its general capabilities
while adapting to the anomaly reasoning task.

Testing. During inference, given an input surveillance video
and a textual prompt, TargetVAU outputs the index of the
anomalous individual, along with a natural language expla-
nation describing the anomalous behavior. This output is
conditioned on the fused global-level, human-centric, and
textual information and strictly adheres to the instruction of
users.

Experiment
Experiment Setup

Datasets. We evaluate VAU performance using two datasets:
UCCD (Zhou et al. 2024) and HIVAU-70K (Zhang et al.

2025). UCCD contains 1,012 surveillance videos with 7,820
annotated individuals across 13 anomaly types, supporting
fine-grained behavior and identity analysis. HIVAU-70K in-
cludes over 5,400 videos and 70,000 clips with hierarchi-
cal annotations at the clip, event, and video levels, enabling
multi-level semantic information. We also assess VAD per-
formance on UCF-Crime (Sultani, Chen, and Shah 2018)
and XD-Violence (Wu et al. 2020) datasets.

Evaluation Metrics. We evaluate VAU performance on the
UCCD dataset, which is repartitioned to ensure a balanced
distribution of behavior categories, with 262 videos in the
test set. Six metrics are used: BLEU (Papineni et al. 2002),
CIDEr (Vedantam, Lawrence Zitnick, and Parikh 2015),
METEOR (Banerjee and Lavie 2005), ROUGE (Lin 2004),
BERTScore (Zhang et al. 2019), and ParaScore (Shen et al.
2022). BLEU, CIDEr, METEOR, and ROUGE assess lexi-
cal and structural similarity with human-annotated captions,
while BERTScore and ParaScore evaluate semantic consis-
tency. The model is also tested on the HIVAU-70K dataset
using the official train-test splits, focusing on video-level
captioning for consistency. Additionally, we evaluate VAD
performance on UCF-Crime and XD-Violence using AP and
AUC as metrics. Qualitative analysis is further conducted to
assess how well the model captures individual behaviors and
interactions.

Implementation Details. For the constructed TargetVAU
framework, we adopt Vicuna-7B as the backbone lan-
guage model, given its superior performance in fine-
grained anomaly detection and explanation. In comparison,
InternVL2-2B demonstrates lower accuracy in semantic rea-
soning on UCCD and HIVAU-70K, justifying our choice.
The Anomaly-focused Temporal Sampler is optimized in-
dependently using the Adam optimizer with a learning rate
of le-4. For instruction tuning, we train the model with a
batch size of 512 for 1 epoch using the AdamW optimizer,
employing cosine learning rate decay and a warm-up phase.
LoRA settings are defined as: r = 64, & = 128, and learn-
ing rate = 4e-5. All experiments are conducted on 4 NVIDIA
A100 GPUs.

Main Results

Anomaly Understanding Results. We evaluate the quality
of anomaly-related text generated by TargetVAU in compar-
ison with state-of-the-art general MLLMs (Zhang, Li, and
Bing 2023; Lin et al. 2023; Maaz et al. 2023; Zhang et al.
2024; Wang et al. 2024; Chen et al. 2024)on the UCCD
and HIVAU-70K datasets. As shown in Table 1, under the
zero-shot setting, TargetVAU achieves slightly better per-
formance than existing approaches on surface-level simi-
larity metrics. In addition, Table 2 shows that TargetVAU
performs competitively on semantic similarity metrics. Al-
though it falls slightly behind Holmes-VAU on CIDEr and
ParaScore, the model demonstrates overall robustness and
effectiveness across both datasets. Furthermore, after fine-
tuning on the UCCD training set, TargetVAU surpasses all
baselines across all metrics reported in Table 3, highlight-
ing its capabilities in anomalous target recognition and be-
havior understanding. These improvements are attributed to
its fine-grained interaction modeling and instruction-guided



UCCD HIVAU-70K
Method Params | BLEU | CIDEr | METEOR | ROUGE | BLEU | CIDEr | METEOR | ROUGE
Video-LLaMA (2023) 7B 0.086 | 0.013 0.036 0.085 0.104 | 0.017 0.057 0.090
Video-LLaVA (2023) 7B 0.043 | 0.008 0.007 0.031 0.055 | 0.013 0.014 0.045
Video-ChatGPT (2023) 7B 0.062 | 0.008 0.023 0.076 0.066 | 0.013 0.044 0.079
LLaVA-Video (2024) 7B 0.093 | 0.026 0.075 0.093 0.120 | 0.031 0.096 0.106
QwenVL2 (2024) 7B 0.102 | 0.038 0.098 0.112 0.155 | 0.044 0.112 0.137
InternVL2 (2024) 8B 0.127 | 0.029 0.093 0.107 0.145 | 0.035 0.101 0.122
Holmes-VAU (2025) 2B 0.463 | 0.432 0.103 0.281 0.566 | 1.437 0.121 0.355
TargetVAU (Ours) 7B 0.582 | 0.665 0.212 0.317 0.613 | 1.424 0.357 0.482

Table 1: Comparison of understanding performance with state-of-the-art Multimodal Large Language Models on UCCD and
HIVAU-70K datasets. BLEU denotes the cumulative score from BLEU-1 to BLEU-4.

UCCD HIVAU-70K
Method BeScorePaScoreBeScorePaScore
Video-LLaMA (2023) | 0.708 | 0.752 | 0.752 | 0.793
Video-LLaVA (2023) | 0.725 | 0.771 | 0.778 | 0.823
Video-ChatGPT (2023)] 0.713 | 0.762 | 0.771 | 0.819
LLaVA-Video (2024) | 0.752 | 0.798 | 0.806 | 0.851
QwenVL2 (2024) 0.768 | 0.813 | 0.814 | 0.859
InternVL2 (2024) 0.762 | 0.808 | 0.802 | 0.846
Holmes-VAU (2025) 0.795 | 0.832 | 0.834 | 0.909
TargetVAU (Ours) 0.862 | 0.891 | 0.879 | 0.901

Table 2: Comparison of semantic-level performance
with state-of-the-art Multimodal Large Language Models.
BeScore corresponds to BERTScore, and PaScore corre-
sponds to ParaScore.

Method BLEU|ICIDErMETEORROUGE
Video-LLaMA (2023) 10.294| 0.371 | 0.130 0.020
Video-LLaVA (2023) |0.317|0.309 | 0.124 0.171
Video-ChatGPT (2023)|0.336| 0.301 | 0.128 0.194
LLaVA-Video (2024) |0.348|0.432 | 0.164 0.201
QwenVL2 (2024) 0.361|0.446 | 0.182 0.217
InternVL2 (2024) 0.382|0.439| 0.175 0.231
Holmes-VAU (2025) |0.529|0.613 | 0.193 0.286
TargetVAU (Ours) 0.582] 0.665 | 0.212 0.317

Table 3: Comparison of understanding performance of vari-
ous MLLMs fine-tuned on UCCD dataset.

multimodal reasoning mechanisms.

Anomaly Detection Results. We compare our method with
state-of-the-art VAD approaches, including non-explainable
models like RTFM (Tian et al. 2021), MGFN (Chen et al.
2023), and VadCLIP (Wu et al. 2024d), as well as ex-
plainable multimodal models such as LLAVA-1.5 (Liu
et al. 2024), LAVAD (Zanella et al. 2024), and Holmes-
VAU (Zhang et al. 2025). Table 4 summarizes their per-
formance on UCF-Crime and XD-Violence. Our method
achieves an AP of 87.82% on XD-Violence and an AUC
of 89.57% on UCF-Crime, slightly outperforming Holmes-
VAU and all other baselines. While methods like VadCLIP
and CLIP-TSA perform well in detection, they lack inter-
pretability. In contrast, our model offers both accurate local-

XD-ViolencelUCF-Crime
Methods Backbone AP% AUC%
Non-explainable VAD
GODS (2019) 13D N/A 70.46
Wau et al. (2020) 13D 78.64 82.44
MIST (2021) 13D N/A 82.30
RTFM (2021) 13D 77.81 84.30
S3R (2022) 13D 80.26 85.99
MSL (2022) 13D 78.28 85.30
GCL (2022) ResN N/A 71.04
DYANNET (2023) 13D N/A 84.50
MGEN (2023) 13D 79.19 86.98
UR-DMU (2023) 13D 81.66 86.97
CLIP-TSA (2023) ViT 82.19 87.58
VadCLIP (2024d) ViT 84.51 88.02
Yang et al. (2024) ViT 83.68 87.79
Wu et al. (2024b) ViT 66.53 86.40
Explainable Multi-modal VAD
Zero-Shot CLIP (2021)  ViT 17.83 53.16
LLAVA-1.5 (2024) ViT 50.26 72.84
LAVAD (2024) ViT 62.01 80.28
Holmes-VAU (2025) ViT 87.68 88.96
TargetVAU (Ours) ViT 87.82 89.57

Table 4: We compare detection performance with state-of-
the-art video anomaly detection methods, including both ex-
plainable and non-explainable approaches.

ization and fine-grained semantic understanding of anoma-
lies. Compared to explainable models like LAVAD, which
lack supervised anomaly learning, our method benefits from
structured multimodal modeling and anomaly-aware repre-
sentations, enabling more effective and interpretable VAD.

Ablation Study

Impact of Visual Feature Types. We evaluate the impact of
using global and human-centric visual features in our frame-
work. As shown in Table 5, human-centric features alone
offer modest gains, emphasizing the value of individual ap-
pearance and motion. Combining both types of features sig-
nificantly improves performance, showing that global con-
text and detailed individual cues complement each other and
enhance model representation.
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Video-ChatGPT: Yes, an anomalous
behavior is occurring in the scene,
where one individual violently assaults
and drags another person on the
ground,” this behavior is clearly
abnormal as it involves physn_c%I
aggression and forceful contact, whicl
are strong indicators of a pq\‘enﬁml
crime or emergency situation in a
public setting. (recognize behaviors)

eAr‘e ;rher‘e any anomalous behaviors or target:
ﬁmﬁ m mﬂﬁm ViSO Je
1 i

Normal video

Video-ChatGPT: Yes, there are
anomalous behaviors in the video.
Multiple individuals disappear quickly
across frames, indicating sudden. One
person in red remains stationary while
others leave. These suggest potential
anomaly in individual acfivity. JJBehavior
recoghition error)

TargetVAU(Ours): Yes, there is an
anotalous target in the video. 2 in the
white shirt violently attacks and drags
3 on the ground, which indicates an
aggressive and anomalous act. 1 walks
past the scene without intervening and
does not exhibit anomalous behavior.
(identify anomalous targets)

TargetVAU(Ours): No, there are no
anotalous behaviors or targets in the
video. The observed actions are
consistent with normal behaviors
typically seen in mall environments.

he scehe does not exhibit any clear
signs of abnormality or unexpected
activity. (Correct behavior recognition)

Figure 4: The figure shows a comparison of visualization
results between TargetVAU and another method.

Xﬁ“%ﬁf}fﬁr‘fs AFTS | STIG | Q-Former | BLEU | CIDEr
v v Ve 0.443 [ 0.526
v v v 0.509 | 0.591
v v v 0.472 | 0.553
v v v 0.521 | 0.603
v v v v 0.582 | 0.665

Table 5: Effectiveness of designed modules on UCCD. Glo
and Hu denote global and human-centric features.

Impact of the Anomaly-focused Temporal Sampler. We
evaluate the effectiveness of the Anomaly-focused Temporal
Sampler by comparing the full model with a variant that re-
places AFTS with uniform frame sampling. As shown in Ta-
ble 5, removing AFTS leads to a CIDEr score drop from
0.665 to 0.591, along with a decrease in BLEU score, in-
dicating that the absence of anomaly-guided keyframe se-
lection reduces temporal focus and introduces redundancy.
These results demonstrate that selecting keyframes based on
predicted anomaly likelihood enables the model to focus on
behaviorally informative moments and enhances overall per-
formance.

Impact of Spatio-Temporal Interaction Graph. We
further investigate the importance of explicitly model-
ing spatio-temporal interactions through the STIG module.
Without STIG, the model relies solely on visual and textual
information fusion, causing a noticeable performance drop.
This decline demonstrates that explicitly modeling individ-
ual interactions and temporal continuity through structured
graph representations significantly contributes to under-
standing complex human behaviors and identifying anoma-
lous individuals.

Impact of Q-Former. We evaluate the effectiveness of the
Q-Former-based multimodal fusion strategy. Removing the
Q-Former and directly concatenating the embeddings of
each modality using a simple linear projection reduces the
performance to BLEU 0.521 and CIDEr 0.603. The signif-
icant performance gap compared to the full model demon-
strates that the frozen Q-Former module can effectively align
the features of each modality into a unified semantic space,
thereby facilitating more efficient multimodal reasoning and

Loss ratio of A\g:A1: A2 BLEU CIDEr
1:1:1 0.572 0.658
2:1:1 0.556 0.641
1:2:1 0.564 0.649
1:1:2 0.582 0.665

Table 6: The impact of the weight of each loss ratio on
UCCD.

more accurate anomaly explanation generation.

Impact of Loss Function Weights. We conduct an abla-
tion study to analyze the impact of different weight ratios
among the three loss terms: anomaly detection, grounding-
aware contrastive, and caption generation. As shown in Ta-
ble 6, equal weighting yields balanced results with BLEU
0.572 and CIDEr 0.658. Increasing the anomaly detection
or contrastive loss degrades performance, indicating that ex-
cessive local supervision weakens global reasoning. In con-
trast, emphasizing caption generation gives the best results,
highlighting the importance of language-aligned optimiza-
tion and balanced supervision across perception, alignment,
and generation.

Qualitative Comparision

Identifying anomalous individuals in complex scenes re-
quires fine-grained reasoning over visual cues and interac-
tions. As shown in Fig. 4, TargetVAU outperforms base-
lines like Video-ChatGPT, which often misidentity individu-
als or miss the true anomaly. TargetVAU accurately localizes
the responsible person, provides clear reasoning, and distin-
guishes bystanders. It also correctly detects normal scenes,
demonstrating strong robustness. These results show that it
combines multimodal cues and structured reasoning for ac-
curate, interpretable anomaly identification.

Conclusion

We present TargetVAU, a multimodal reasoning framework
for individual-level anomaly understanding in videos. It ex-
tracts global and human-centric features via a frozen ViT
encoder, selects keyframes using an anomaly-focused tem-
poral sampler, and builds a spatio-temporal graph to model
human behaviors and interactions. Structured visual features
are fused with textual prompts through a frozen Q-Former to
form a unified representation. A Vicuna-7B language model,
fine-tuned with LoRA, performs instruction-guided reason-
ing to identify anomalous individuals and provide explana-
tions. Experiments on two datasets confirm the effectiveness
of the framework in both accuracy and interpretability.
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