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Abstract

With advancements in visual language models
(VLMs) and large language models (LLMs),
video anomaly detection (VAD) has progressed
beyond binary classification to fine-grained cate-
gorization and multidimensional analysis. How-
ever, existing methods focus mainly on coarse-
grained detection, lacking anomaly explanations.
To address these challenges, we propose Ex-VAD,
an Explainable Fine-grained Video Anomaly
Detection approach that combines fine-grained
classification with detailed explanations of anoma-
lies. First, we use a VLM to extract frame-level
captions, and an LLM converts them to video-
level explanations, enhancing the model’s explain-
ability. Second, integrating textual explanations
of anomalies with visual information greatly en-
hances the model’s anomaly detection capabil-
ity. Finally, we apply label-enhanced alignment
to optimize feature fusion, enabling precise fine-
grained detection. Extensive experimental results
on the UCF-Crime and XD-Violence datasets
demonstrate that Ex-VAD significantly outper-
forms existing State-of-The-Art methods.

1. Introduction

Video Anomaly Detection (VAD) is an important technol-
ogy with a wide range of applications that cover areas such
as security surveillance, healthcare, autonomous driving,
and content auditing (Zhao et al., 2017; Wang et al., 2019;
Samaila et al., 2024). It aims to improve the safety and effi-
ciency of systems by automatically identifying anomalous
events or behaviors through the analysis of video data (Ren
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Figure 1. Recent research in VAD can be categorized into three
types: a) Traditional binary classification VAD, b) Multi-
classification VAD, and c) Training-free VAD. Building on the
optimization of these approaches, our Ex-VAD is presented as: d)
Explainable VAD based on VLMs and LLMs.

et al., 2021; Nawaratne et al., 2020). For example, rapid
detection of dangerous behaviors for timely intervention in
surveillance, detection of abnormal road conditions to avoid
accidents in autonomous driving, and identification of ab-
normal vital signs to provide timely assistance in healthcare
monitoring.

Traditional VADs (Huang et al., 2024; Wang et al., 2025;
Huang et al., 2023; 2022; Ramachandra et al., 2022; Liu
et al., 2024; Zaigham Zaheer et al., 2020; Yan et al., 2023)
typically coarse-grained analyze videos, determining only
whether a video contains abnormal behavior and catego-
rizing it as normal or anomalous. However, such ap-
proaches (Nguyen & Meunier, 2019) face significant limita-
tions in practical applications. First, coarse-grained detec-
tion fails to provide detailed descriptions of specific types
of abnormal behavior, which is inadequate in scenarios that
require tailored responses to distinct anomalies, for exam-
ple, addressing varying security threats in surveillance sys-
tems or diagnosing multiple abnormal conditions in medical
monitoring. Second, coarse-grained methods are easily in-
fluenced by the complexity of video backgrounds and the
diversity of scenes, making it challenging to pinpoint the
time and type of anomalies accurately. This deficiency com-



Ex-VAD: Explainable Fine-grained Video Anomaly Detection Based on Visual-Language Models

promises both the detection accuracy of the system and its
response efficiency.

Fine-grained video anomaly detection becomes particularly
important to distinguish different types of anomalous behav-
ior further and provide more targeted and interpretative de-
tection results. In recent years, visual-language pre-training
(VLP) models such as CLIP (Radford et al., 2021) have
significantly improved the semantic representation of im-
ages and text through contrast learning, driving advances in
visual representation. CLIP-based task-specific models have
excelled in various visual tasks, achieving unprecedented
performance breakthroughs. In VAD, some researchers (Wu
et al., 2024c;a) have used CLIP’s image-text alignment to
achieve fine-grained anomaly detection.

Despite advances, existing methods still struggle to explain
anomalous behavior effectively. Even when anomalous
events are successfully detected, models often fail to provide
clear explanations for the causes of the anomalies, posing
significant challenges to decision-makers. For example, in
security monitoring, the detection of abnormal behavior in a
specific area without a clear explanation can complicate sub-
sequent response efforts, leading to inefficiency and delays.
Consequently, enhancing the interpretability of VAD has
become a crucial focus in the field’s development. Recently,
the rapid progress in LLMs has introduced new possibilities
for VAD. Some researchers (Zanella et al., 2024; Ye et al.,
2024) have proposed training-free anomaly detection meth-
ods by generating descriptive text explanations of anomalies
using VLMs and LLMs. However, these methods primar-
ily rely on the generated text for anomaly detection, often
neglecting the full potential of the visual modality. Other
researchers (Lv & Sun, 2024; Kim et al., 2023a; Tang et al.,
2024b) have achieved interpretable anomaly detection by
fine-tuning large models. While effective, these approaches
often result in complex models that may be challenging to
deploy and maintain.

To address these challenges, we propose a novel method
called Ex-VAD, which is designed to overcome the lim-
itations of traditional VAD methods, particularly in fine-
grained classification and anomaly explanation. Specifi-
cally, we first propose an Anomaly Explanation Genera-
tion Module (AEGM), which extracts frame-level captions
from videos using VLMs, followed by a cleaning step to
refine the captions. The cleaned captions are then integrated
by an LLM to generate video-level anomaly explanations
through specific prompts, which enable the model to detect
abnormal behavior in the video and analyze its cause. Sec-
ond, we develop a Multimodal Anomaly Detection Module
(MADM), which encodes the text from AEGM and extracts
both temporal and spatial features between video frames.
These features are then fed into a coarse-grained anomaly
classifier to determine whether the video contains anoma-

lies. Finally, we employ a Label Augment and Alignment
Module (LAAM), which uses an LLM to expand anomaly
category labels into phrases, selects the top-k phrases seman-
tically most similar to the original labels, and aligns them
with the fused multimodal features to obtain fine-grained
anomaly categories. In summary, Ex-VAD effectively inte-
grates multimodal features, fine-grained classification, and
anomaly explanations, providing a comprehensive solution
to video anomaly detection with enhanced interpretability
and accuracy.

Our main contributions are summarized as follows.

* We develop an Anomaly Explanation Generation Mod-
ule (AEGM), which utilizes a VLM and an LLM to
generate explanations for video anomalies, allowing
the model to detect abnormal behavior and analyze its
cause, thereby enhancing its semantic interpretation.

* We propose a Label Augment and Alignment Module
(LAAM) that enhances label semantics, enabling the
model to better align videos with anomaly categories,
thereby improving fine-grained anomaly classification,
particularly for complex categories.

» Extensive experimental results show that our method
outperforms existing approaches in both coarse-
grained and fine-grained accuracy, improving overall
anomaly detection and classification precision.

2. Related Work
2.1. Video Anomaly Detection

According to the output of existing VAD, it can be divided
into binary-classification VAD (Ramachandra et al., 2022;
Liu et al., 2024), multi-classification VAD (Sultani et al.,
2019; Wu et al., 2024a;c), and interpretable VAD (Lv &
Sun, 2024). Traditional VAD methods classify videos as
normal or abnormal. They typically adopt a classification
paradigm. Firstly, pre-trained visual models are used to
extract frame-level features. Then, these features are fed
into a binary classifier based on Multiple Instance Learning
(MIL) for training. Finally, abnormal events are detected
based on the predicted anomaly confidences.

With the development of the CLIP model, some methods
have attempted to make improvements. VadCLIP (Wu et al.,
2024c) proposed a fine-grained Weakly Supervised Video
Anomaly Detection (WSVAD) method that can distinguish
different types of abnormal frames. VadCLIP encodes text
labels into class embeddings and calculates the matching
similarities between class embeddings and frame-level vi-
sual features to obtain an alignment map. Each input text
label represents a class of abnormal events, thus achieving
fine-grained WSVAD.
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Interpretability is of utmost importance in VAD, especially time-consuming and highly sensitive to template content.
in sensitive or high-stake applications. Early methods ofTo address this challenge and reduce the dependence on
ten relied on black-box models, and their prediction resulthand-crafted language designs, PEL4VAD (Pu et al., 2024)
were dif cult to trust. Recently, some methods have utilizedused ConceptNet de nitions to create prompt templates
Large Language Models (LLMs) and Vision-Language Mod-and expanded class labels through a conceptual dictionary,
els (VLMs) to generate understandable reasoning throughigni cantly improving open-vocabulary object detection.
semantic insights and textual explanations. For examplé&ased on this approach, this paper uses GPT4 (OpenAl &
VADor (Lv & Sun, 2024) ne-tunes the projection layer of etc, 2024) to generate rich semantics for simple labels, and
VideoLLaMA to integrate anomaly detection with seman-uses CLIP image-text alignment to allow the VAD model to
tic reasoning. HAWK (Tang et al., 2024a)enhances interachieve better performance in ne-grained anomaly classi -
pretability by integrating motion-based reasoning throughcation.
interactive VLMs. However, there are still challenges in
balancing the granularity of explanations and computationaé_ Approach
ef ciency.

3.1. Architecture

2.2. Visual Language Model in VAD As shown in Figure 2, the proposed Ex-VAD consists of

Vision language models (VLMs) offer a new perspectivethree components: an Anomaly Explanation Generation
for detecting anomalies in video anomaly detection (VAD),Module (AEGM), a Multimodal Anomaly Detection Mod-
especially in ne-grained classi cation and explanation ule (MADM), and a Label Augment and Alignment Module
of anomalous behaviors. Traditional VAD methods (Tian(LAAM). Ex-VAD processes input video¥ by rst utiliz-

et al., 2021a; Li et al., 2022b;a) mainly focus on identifying ing the AEGM to generate anomaly explanation €x{ his
anomalous behaviors in videos but lack detailed classi text serves two purposes: providing interpretative explana-
cation of these behaviors. (Wu et al., 2024c) leverage$ons for video anomalies and acting as the text modality
the pre-trained CLIP model to align video frames with input for the MADM, where it is fused with visual features
labels in VAD, enabling ne-grained anomaly classi ca- for coarse-grained anomaly detection. Finally, the LAAM
tion. Meanwhile, the use of LLMs in VAD is still in its in- re nes the detection by expanding and aligning labels to
fancy(Kim et al., 2023b) and LAVAD (Zanella et al., 2024) achieve ne-grained anomaly classi cation, ensuring both
implemented training-free VAD using pre-trained LLMs interpretability and accuracy in video anomaly detection.
and VLMs. This method ef ciently transforms LLMs into The implementation details are introduced as follows.
video anomaly detectors by generating textual descriptions

of each frame in the test video, which is combined with3.2. Anomaly Explanation Generation Module

rompting to activate LLMs for time series aggregation and _
prompling ggreg LAVAD (Zanella et al., 2024) demonstrated the feasibility

anomaly score estimation. Additionally, by referring to £ achievi v detection b ting VLM d
VLMs, we establish a strong complementary relationship0 achieving anomaly detection by prompting S an
LMs to generate text descriptions. Inspired by this ap-

between visual and textual modalities. This approach nolr h AEGM | h " hanism t
only enables the detection of anomalous behaviors but alsgroach, our ALV Improves the prompting mechanism to
uide LLMs in time series aggregation and the generation

provides clear explanations for each behavior, enhancin§ i . :
the explanation of anomaly detection f anomaly explanations. This not only helps the visual
) module enhance the performance of VAD but also serves as

an explanation for the causes of anomalies, further enhanc-
ing the interpretability of detection. As shown in Figure 3,
Prompt learning, a technigque for adapting prompt words tAEGM consists of two sub-modules: the Caption Extraction

t a speci ¢ task, was initially applied mainly in the eld and Cleaning Module, and the Explainable Modules Based
of Natural Language Processing (NLP) and has graduallpn LLM.

been extended to the visual domain. CLIP (Radford et al
2021) relys on xed hand-designed cues (e.g., a photo og

a class), which are suitable for open domains but not ex: ; ; : :
) ’ ; videos has become increasingly powerful. First, uniformly
ible enough. CLIP-COOP (Zhou et al., 2022a) 'erduce%ampIen frames from the vide®'. For each framé; 2 V.

learnable context vectors, enhancing performance with Im;}i/e use the SOTA captioning modet i.e. BLIP-2 (Li

ited samples but struggling with generalization. These a St al., 2023) and set appropriate prompts to generate
vances re ne prompt adaptation, improving vision-Ianguageframé_leveI text descriptions:

models across diverse tasks. In VAD, VADCLIP leverages
trainable textual templates to generate precise anomaly de-
scriptions. However, manually designing prompts remains Ti=Pc C(y): (1)

2.3. Prompt Learning

aption Extraction and Cleaning Module. With the rapid
evelopment of VLMs, the ability to generate captions from

3
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Figure 2.0ur Ex-VAD includes three components: an Anomaly Explanation Generation Module using VLM and LLM to generate
anomaly explanation text, a Multimodal Anomaly Detection Module combining enriched visual and textual features for coarse anomaly
classi cation, and a Label Augment and Alignment Module that re nes the detection by expanding and aligning labels to achieve
ne-grained anomaly classi cation.

Due to the randomness of VLMs, some irrelevant captionshe promptPs into the advanced LLM | to obtain the
may be generated, which may harm training. Since thexplanatiorE for videoV:

scenes in the video are captured by a static camera at a high E-p - 3
frame rate, the semantic content between frames overlaps to =Ps um (1) )
some extent. From this perspective, we alleviate the abowshereT = f Ty; T,;:::; T\ g: Through the above methods,
problems by designing an image-text alignment mechanisnve can obtain an anomaly descripti&rthat is more accu-
Speci cally, we use a vision-language encoder to encodeate semantically and temporally than the captibns

the captions of each frame. For each frame V, we

calculate its closest caption: 3.3. Multi-Modal Feature Fusion

Ti =argmaxfE, (I;) Er(T)g; (2)  This component primarily performs coarse-grained anomaly
Tar detection by entering the fused visual and text features into
wheref ; gis the cosine similarityE, is the image encoder an anomaly classi er. For visual features, we follow prior
of the VLM, E+ is the text encoder anl = fTy;::;; Ty g, work (Wu et al., 2024c) to uniformly sample dense video
This module allows us to generate fairly accurate text deframes from the input video at 16-frame intervals, obtaining
scriptions for each video frame. a video frame sequendé. The video frames are then
Explainable Modules Based on LLM. The cleaned cap- encoded by the frozen y|sual encodigrin CLIP to produce
. . . . frame feature§, . To bridge the gap between the image and
tions can describe frame information more accurately than. o
N . . o video domains in CLIP, we adopt the approach from (Wu
the initial captions, but they are only simple descriptions and

cannot describe abnormal phenomena in detail. Thereforgt al, 2024c), modeling the temporal dependencies of the

we prompt LLM i.e. LLAMA-3 (Touvron et al., 2023)to video frame sequence using the Local and Global Temporal

generate the required anomaly explanations. Speci caIIy',A‘dapter (LGT-Adapter).

we input the collectiorf* of cleaned frame captions and Fv = LGT (E, (V)): 4)
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