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Abstract: Weakly supervised video anomaly detection aims to identify abnormal events
in video sequences without requiring frame-level supervision, which is a challenging task
in computer vision. Traditional methods typically rely on low-level visual features with
weak supervision from a single backbone branch, which often struggles to capture the dis-
tinctive characteristics of different categories. This limitation reduces their adaptability to
real-world scenarios. In real-world situations, the boundary between normal and abnormal
events is often unclear and context-dependent. For example, running on a track may be
considered normal, but running on a busy road could be deemed abnormal. To address
these challenges, RelVid is introduced as a novel framework that improves anomaly detec-
tion by expanding the relative feature gap between classes extracted from a single backbone
branch. The key innovation of RelVid lies in the integration of auxiliary tasks, which
guide the model to learn more discriminative features, significantly boosting the model’s
performance. These auxiliary tasks—including text-based anomaly detection and feature
reconstruction learning—act as additional supervision, helping the model capture subtle
differences and anomalies that are often difficult to detect in weakly supervised settings.
In addition, RelVid incorporates two other components, which include class activation
feature learning for improved feature discrimination and a temporal attention module
for capturing sequential dependencies. This approach enhances the model’s robustness
and accuracy, enabling it to better handle complex and ambiguous scenarios. Evaluations
on two widely used benchmark datasets, UCF-Crime and XD-Violence, demonstrate the
effectiveness of RelVid. Compared to state-of-the-art methods, RelVid achieves superior
performance in both detection accuracy and robustness.

Keywords: vision-language model; Adapter; weakly video anomaly detection; feature learning

1. Introduction

In real-world applications, anomalies are not only widespread but also potentially
harmful, which makes anomaly detection a critical challenge. The diverse nature of anoma-
lies, coupled with their infrequent occurrence, complicates the acquisition of sufficient
labeled data for training robust models. This has fostered an increasing interest in weakly
supervised video anomaly detection (WVAD). Unlike semi-supervised methods that do
not require labels, WVAD relies on a small number of video-level labels to provide more
accurate and reliable anomaly detection results.
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Traditionally, the anomaly detection pipeline involves dividing a video into multiple
segments, extracting global features from each segment using pre-trained vision models,
and then applying multi-instance learning (MIL) followed by binary classification, as
demonstrated in Figure 1. With the evolution of deep learning models, vision models
have advanced from earlier approaches such as C3D [1-3] and I3D [4-8], In addition
to RGB information, inspired by action recognition [9], some studies [10,11] also utilize
optical flow features. Subsequently, many have continued to adopt MIL (multiple-instance
learning) methods, with some focusing on feature aggregation to enhance the model’s
capability. For instance, RTFM [12] uses top-k scores instead of the highest score to improve
score prediction. UMIL [13] learns unbiased anomaly features, which contribute to the
improvement of WSVAD by mitigating the effects of contextual variations. However,
relying solely on image information poses significant limitations, as it heavily depends
on the quality and quantity of available images, which can restrict the model’s overall
performance and generalization ability. Specifically, in the case of videos, in addition
to image data, there are other valuable sources of information, such as audio and text.
Consequently, leveraging diverse types of information to detect anomalies has become a
recent focus of research in the academic community, and integrating different types of image
information is a commonly used approach [10]. With the introduction of larger datasets like
XD-Violence [5], which includes more diverse information such as audio, there has been
a shift toward utilizing multiple data modalities. Some studies, such as by Fan et al. [14],
used both image and audio information by employing VGGish to process audio data and
concatenating it with image features for video anomaly detection. Wu et al. introduced
AVVD [15], a method that enhances anomaly detection by integrating image, optical
flow, and audio data through a three-branch neural network architecture. This approach
improves cross-modal anomaly detection by leveraging the complementary information
from these diverse data sources. However, it faces challenges in effectively modeling
the relationships between these modalities, which limits its efficiency and robustness.
While features from diverse modalities can provide valuable information, they also risk
introducing more noise and necessitate complex structures to balance effectively. Therefore,
some studies, such as [16,17], adopted a two-stage training process utilizing pseudo-labels.
In this approach, a pre-trained model is refined through a self-learning mechanism, which
adaptively selects high-confidence abnormal regions as pseudo-labeled data to enhance
anomaly detection. However, since the labels are derived from model predictions, their
authenticity remains uncertain, which could affect the model’s reliability. Additionally, the
need for two rounds of training significantly increases the overall training time, posing a
potential drawback in terms of computational efficiency.

Building on the above considerations, in this paper, RelVid is introduced as a novel
framework that employs a dual-branch structure to separately extract and integrate visual
and textual features, thereby enhancing the model’s ability to detect anomalies more
effectively. Since feature extraction is typically trained on image datasets, it is not well-
suited to capture temporal dependencies in videos. Adapters are efficient components that
assist the feature extractor in acquiring useful information, enabling the model to capture
long-range temporal relationships from multiple perspectives. Temporal dynamics are
crucial for anomaly detection, as abnormal events often manifest through subtle variations
over time. Moreover, the video anomaly recognition auxiliary tasks further optimize the
alignment of visual and textual features under weak supervision, preserving pre-trained
knowledge while enhancing the model’s generalization ability, particularly in scenarios
with limited labeled data. Several auxiliary tasks, including anomaly recognition and
reconstruction, are incorporated to improve feature extraction and assist the model in
distinguishing between normal and anomalous events.
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Figure 1. Illustration of the core feature adjustment process in WVAD: “Hard examples” are data
points that are difficult to classify correctly and typically lie on the boundary between the normal and
anomaly domains, contributing to reduced accuracy.

The key contributions of this paper are as follows:

1.  To incorporate additional modalities of information to guide model training, a new
framework is proposed, consisting of three key components: the class activation
module to improve feature discrimination, the Adapter for capturing temporal de-
pendencies, and two auxiliary tasks that adapt the pre-trained model for weakly
supervised anomaly detection;

2. To ensure that the features obtained from the fine-tuned feature extractor are more
suitable for the video anomaly detection task, the Adapter is proposed to learn class-
specific features and capture the temporal dependencies of different video events
more flexibly and accurately.

3.  To enhance the model’s ability to capture diverse information, auxiliary tasks that
leverage both textual and visual patterns are proposed, while reconstruction tasks
further support feature learning, improving the model’s overall performance.

4.  The effectiveness of RelVid is demonstrated on two widely used benchmarks, UCF-
Crime and XD-Violence, where it achieves state-of-the-art performance with unprece-
dented results: 87.71% AUC and 80.76% AP, surpassing most previous methods by a
significant margin.

This paper is structured as follows: Section 2 reviews related work; Section 3 de-
fines the problem and presents the RelVid framework; Section 4 details the experimental
setup, results, and discussion; and Section 5 concludes with a summary and directions for
future work.

2. Related Work

The video anomaly detection (VAD) task has garnered significant attention, result-
ing in various approaches based on different supervision modes. Among these, weakly
supervised methods have gained prominence, offering substantial potential in this field.
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2.1. Weakly-Supervised Video Anomaly Detection

Compared to semi-supervised VAD methods [6,18-21], weakly supervised VAD bene-
fits from the availability of video-level labels, which improves model accuracy and provides
clearer guidance during training. Early approaches, such as DeepMIL [1], laid the foun-
dation for this methodology. Over time, multiple-instance learning (MIL) has become the
standard technique for weakly supervised video anomaly detection (WVAD). The primary
objective of WVAD is to maximize the score gap between normal and abnormal events.
Score distance learning methods [10,22] aim to minimize intra-class variation and enhance
inter-class separation by focusing on the highest and lowest anomaly scores. While these
methods have demonstrated strong performance, MIL-based approaches face inherent
limitations, particularly their reliance on high-scoring segments and regression outputs,
which do not incorporate feature-based decision-making.

To address these limitations, Tian et al. [12] proposed amplifying the feature magni-
tude differences between classes, while Wu et al. [23] improved feature distances using
center features. Later, reconstruction methods [24-26] from semi-supervised learning
were adopted to obtain class-specific features and improve class separation. Further ad-
vancements have incorporated temporal relationships through self-attention models and
Transformers [27], which capture more complex temporal dynamics and make the model
more sensitive to semantic and structural information in a video context. For example,
Zhong et al. [11] introduced a graph convolutional network-based approach to model
feature similarity and temporal consistency across video clips. Despite these advances,
the ability to discriminate difficult examples through methods like feature enhancement
remains limited, highlighting the need for more robust solutions.

2.2. Vision-Language Learning in VAD

Early VAD methods mainly relied on visual data for feature extraction using pre-
trained models like C3D [1] and 13D [4], focusing exclusively on RGB frames. However,
these models overlooked the textual information that could further enhance anomaly
detection. CLIP [28] revolutionized these approaches by mapping both textual and vi-
sual data into a shared latent space using similarity-based learning, enabling effective
cross-modal interaction. CLIP set new benchmarks across vision-language tasks and
showed great promise in downstream applications like image classification and object
detection [29]. Recent efforts to incorporate CLIP into VAD have mostly focused on feature
extraction, neglecting the potential of combining text and visual information for more
robust anomaly detection.

Based on this, CLIP has been extended to video analysis, providing new avenues for
VAD. Traditional video anomaly detection methods primarily focus on visual features, but
these approaches often struggle with providing meaningful labels or explanations for de-
tected anomalies. To address this gap and improve anomaly categorization interpretability,
textual features alongside visual data are integrated. For example, VideoCLIP [30] used
temporally overlapping video—text pairs to align video and text representations, enhancing
contrastive learning with hard negatives. Building on this, Zanella et al. [31] integrated
textual features into their models, applying multiple-instance learning (MIL) strategy for
improved anomaly classification. While parts of CLIP’s capabilities have been utilized, its
potential for both feature extraction and detailed anomaly labeling was not fully explored,
which is addressed in this work.
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3. Framework

The generalized framework follows the multiple-instance learning (MIL) models,
where a positive bag signifies an anomaly and a negative bag represents normal instances.
The components that comprise this framework are detailed in the subsequent subsections.

3.1. Overview

In WVAD, both normal and abnormal videos are assigned a video-level label,
Y = {0,1}. The dataset is represented as

D = {(«,0)}, U{(x, 1)} Ly, 1)

where N < M and y € {0,1}. Here, x' and x/ denote the feature representations of
individual video snippets, with y = 1 indicating that at least one frame within the video
snippet contains an anomalous event. The goal of WVAD is to utilize these coarse video-
level labels to predict anomaly scores for each individual frame within the dataset.

RelVid, as shown in Figure 2, adopts a dual-branch structure. The upper branch pro-
cesses normal visual data, while the lower branch handles textual information. The entire
structure consists of three main components: feature extraction, the Adapter component,
and auxiliary tasks. The feature extraction component leverages a pre-trained model to
extract both visual and textual features from the video and text. The Adapter component is
responsible for enhancing temporal modeling, enabling the model to capture long-range
dependencies and better distinguish between normal and anomalous events. Lastly, the
auxiliary tasks help in fine-tuning the model by applying additional learning strategies,
such as category-specific feature activation and alignment between visual and textual cues,
thus improving the model’s overall performance in weakly supervised settings.
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Figure 2. The framework of RelVid.

3.2. Feature Extraction

Compared to traditional feature extractors, the CLIP [28] model excels at linking
vision and language, mapping features from different modalities into a unified space,
as illustrated in Figure 3. By using CLIP as a single pre-trained model, the challenges
associated with employing multiple models for extracting information from different
modalities and balancing them are effectively mitigated. This approach allows the model
to leverage cross-modal knowledge, enhancing anomaly detection. This is particularly
valuable in weakly supervised settings, where explicit labels are scarce, and multimodal
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data can provide additional context, leading to more accurate predictions. This can be
formally represented as the following contrastive learning objective:

eXp(Sim(fimage(xi)/ftext(ti)))
Zjlil exp(Sim(fimage(xi)rftex’t(tj)))

@)

Leontrastive = -1

where sim(a, b) is the similarity measure between the image feature a and the text feature
b, and fimage(x') and frext(t') are the feature representations of the i-th image and its paired
text, respectively. This objective ensures that matching pairs (image-text) are closer in the
embedding space than mismatched pairs.

CLIP employs a Transformer-based architecture to jointly process images and text.
A Vision Transformer (ViT) is used for image encoding, and a Transformer is employed
for text encoding. The model is trained by optimizing the contrastive objective to align
the image and text modalities. During the training process, the image and text encoders
learn to map images and texts into a shared embedding space, allowing CLIP to generalize
across various domains and tasks.

In the context of this framework, CLIP serves as a powerful feature extractor, cap-
turing both visual features and the semantic relationships between images and text. The
multimodal learning capability offered by CLIP significantly enhances the performance
of anomaly detection tasks, where textual descriptions can provide valuable context for
interpreting video sequences.

Abuse M
Vandalism H Clip
Text
Encoder
Normal =
T I, T3 T
Clip
Image
e Py Pi-Ty | Py-Ty | Py T P T,
Abuse

Figure 3. CLIP model architecture at the inference stage: alignment of modalities into a joint
embedding space via contrastive learning.

3.3. Adapter
3.3.1. Feature Activate Module

To identify abnormal events in video segments with weak supervision, it is crucial to
learn discriminative features that distinguish normal and abnormal classes. While previous
methods extract features using a backbone pre-trained on large-scale action recognition
datasets, these features often lack the capacity to effectively differentiate between classes.
Additionally, a single backbone struggles to model inter-class variations, making class-
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specific processing difficult. To address these limitations, we propose an implicit class
activation module inspired by [32], which uses domain-specific activation weight differ-
entiation in cross-domain face recognition. This module enables adaptive class-specific
feature differentiation, improving the model’s ability to detect anomalies in weakly labeled
video data without requiring explicit architectural modifications.

The T segments passed through the backbone produce D-dimensional features
B € RT*D, which are then input to the FA (Feature Activation) module running in time

RT*2D according to

order. As shown in Equation (3), the channel size of B is expanded Be
the number of categories, where f4 is the feature activation (FA) module with parameters
¢, and B= {I;l, by,..., BT}. Then, in Equation (4), each feature vector Bi is split into 19’1 and

b5 to achieve maximum activation. The specific frameworks are shown in Figure 4.

B — £{4(B) B e RZXTXD (3)
bl; = B[0], b2; = B[1] 4)
fi = fp,(max[b1;, b2,]) +B, (i=12,...,T) )

Through the max operation in Equation (3), class-representative information is implicitly
aggregated from the backbone features B. Only the weight of the activated element is
propagated to the gradient a?){’;ﬁ when bly; > b24, and 32]2(:11 otherwise. This activation,
customized to the specific characteristics of each class, has a notable impact on the simple

configuration of a single Conv1D layer.

Adapter
S N
Q
K  Local
D vV attention

FA

Figure 4. The structure of the Adapter module.

3.3.2. Local Attention

To model local temporal dependencies in video sequences, we introduce a window-
based Transformer encoder layer following the extraction of frame-level features f; € RT*D
from CLIP’s frozen image encoder, where T represents the video length and D denotes the
feature dimension. While the feature activation process enhances discriminative power,
it inadvertently fragments temporal continuity by suppressing inter-frame relationships.
To address this limitation, we implement a local self-attention mechanism within over-
lapping temporal windows—an approach inspired by the localized receptive fields of
convolutional operations.
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Specifically, the temporal dimension of frame-level features is partitioned into fixed-
length windows with overlapping segments. Within each window, self-attention computa-
tions are confined to establish local temporal correlations, while the explicit information
exchange between adjacent windows is intentionally restricted. This design achieves dual
objectives: it preserves the positional sensitivity of convolutional architectures through
constrained receptive fields, effectively capturing short-range temporal patterns; and the
window-based computation reduces the quadratic complexity of standard global self-
attention from O(T?) to O(T x W), where W denotes the window size, enabling efficient
processing of long video sequences. The overlapping window strategy further mitigates
potential boundary effects while maintaining temporal coherence across adjacent segments.

3.4. Auxiliary Tasks

Reconstruction task: The feature F(F,, F;), implicitly activated by the FA module, is
passed through the fully connected (FC) layers to predict the anomaly score S(S,,, S, € RT).
In the feature extraction process, a reconstruction loss function Ly.co, is introduced to
align the features of each class in a consistent manner. The reconstruction-based approach,
commonly used in semi-supervised VAD [24-26], reconstructs training data consisting
solely of the normal class through an encoding-decoding process. The model learns the
underlying data patterns or distributions by minimizing the difference between the input
and the reconstructed output.

Building on this method, as shown in Figure 2, the reconstruction modules, RCN and
RCA, are introduced to reconstruct the D-dimensional feature F (comprising F, and F,),
where F, and F, represent the normal and abnormal input snippets, respectively. This is
done through two fully connected (FC) layers. The resulting features are then passed into
their respective reconstruction modules for normal and abnormal instances, ensuring that
each module processes the corresponding feature set effectively.

{I—}l,T Czi}i:topk for RCN and {F,f 2 }i—topk for RCA, (6)
which are then used by each module for reconstruction into a single class feature as F,;wpk
and F,;mpk, respectively. In Equation (7), the reconstruction loss L;eco, utilizes an L1 loss
to minimize the discrepancy between the predicted output features and the class-specific
discriminative features Fi-P* = {F}i—topx and FioPk = {F:}i—topk thereby ensuring that
each class feature captures the relevant representative information. These reconstruction
modules with Ly.con act as auxiliary branches that are discarded during the test phase.

Lrecon = Ll (F;;Opkr Fr,ztopk) + Ll (Féopk, Fa,topk) (7)

The use of L1 loss in the reconstruction loss function Lyeqo, minimizes the discrepancy
between predicted and class-specific features while promoting sparsity, helping the model
focus on the most discriminative features for anomaly detection. L1 loss is also more robust
to outliers than L2 loss, making it suitable for handling noisy or anomalous samples in
video anomaly detection, ultimately improving the model’s ability to distinguish between
normal and abnormal features during training.

Video Anomaly Recognition Task Accurately constructing textual prompts that
describe various video event categories is essential for aligning text with corresponding
video frames. However, writing detailed textual descriptions for a wide range of videos is
impractical. To address this challenge, a structured approach leveraging anomaly labels as
a dictionary can be employed, wherein each label is systematically matched to every image
to maximize textual alignment with diverse visual content. Inspired by CoOp [33], deep
learning techniques can be employed to learn adaptive prefixes that align more effectively
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with a broader set of video frames. This approach enables the generation of more flexible
and efficient textual prompts, improving the alignment between text and video content.
A learnable template can be represented as follows:

liext = (€1, €2, ..., €, Tokenizer(label)) 8)

where €; represents the ith learnable vector. The Tokenizer function converts all labels, such
as ‘fighting’, “‘vandalism’, or ‘road accident’, into vector representations. Additionally, to
enhance the informativeness of Iy, location information is incorporated. The following
method illustrates this approach:

Fiext = gtext(POSitiOH D ltext) (9)

This integration ensures that I,y is enriched with more relevant information, facilitat-
ing a better alignment between textual and visual representations.

By leveraging the image and text matching capability, a multiclass alignment score can
be obtained. This score can then be used to guide the training of our model. The MIL-Align
mechanism is proposed, which is similar to vanilla MIL. Specifically, an alignment map
M is considered, which expresses the similarity between frame-level video features and
all class embeddings. For each row, the top K similarities are selected, and the average is
computed to measure the alignment degree between the video and the current class. A
vector S = {s1,...,5s,} is then obtained, representing the similarity between the video and
all classes. The goal is for the video and its paired textual label to emit the highest similarity
score among all others.

To achieve this, the multi-class prediction is computed as follows:

pi= SRE/T) (10)
Y.jexp(s;/T)
where p; is the prediction with respect to the i-th class, and T refers to the temperature
hyperparameter for scaling.

3.5. Objective Function

The top-K mechanism, as utilized in previous works [1,12], is employed to select
the K highest anomaly confidences from both abnormal and normal videos as the video-
level predictions. Subsequently, binary cross-entropy is applied between the video-level
predictions to compute the classification loss Lice.

Overall, the final total objective of RelVid is given by the following;:

L = Lyce + Lnce + Lrecon (11)

4. Experiment
4.1. Datasets

The proposed model was evaluated on the following benchmark datasets:

UCF-Crime Dataset: UCF-Crime is a large-scale real-world dataset designed for
WVAD. It spans a total of 128 h and includes 1900 surveillance videos, covering 13 anomaly
event categories. Of these, 1610 videos with video-level labels are used for training, while
290 videos with frame-level labels are reserved for testing.

XD-Violence: XD-Violence is another extensive dataset for violence detection, collected
from a variety of sources, including movies, online videos, surveillance footage, and CCTV
systems. With a total duration of 217 h, it contains 4754 videos across 6 anomaly event
categories. Of these, 3954 videos are designated for training, with the remaining for testing.
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4.2. Evaluation Metric

For each dataset, the evaluation metrics recommended by the dataset authors are followed.

For the UCF-Crime dataset, performance is evaluated using the area under the curve
(AUQ) for both the frame-level receiver operating characteristic (ROC) and anomalous
videos (Ano-AUC), as outlined in [1]. Ano-AUC specifically assesses the model’s ability to
detect rare anomalous events, which is particularly important in the presence of class imbalance.

For the XD-Violence dataset, due to significant class imbalance, the AUC metric tends
to yield overly optimistic results. Therefore, we use the precision-recall curve (PRC) and
average precision (AP), which focus on the positive class (violent events), to provide a more
accurate evaluation, following the recommendations in [5].

For fine-grained WSVAD, we adhere to the standard evaluation protocol in video
action detection, computing the mean average precision (mAP) at different intersection-
over-union (IoU) thresholds ranging from 0.1 to 0.5 with a step size of 0.1. The average
mAP (AVG) is also reported, with mAP values computed only for anomalous videos in the
test set.

4.3. Implementation Details

In this work, the network structure utilizes a pre-trained CLIP (ViT-B/16) model
for both image and text encoders. The image encoder is kept frozen, while only the final
projection layer of the text encoder is unfrozen for fine-tuning. Both encoders share a feature
dimension of 512, ensuring consistent representation across modalities. The architecture
incorporates a standard feedforward network (FEN) layer from the Transformer, with GELU
activation replacing ReLU. The hyperparameters are set with 7 as 0.07 in Equation (10),
and a context length [ of 20. In the Adapter, the window length is set to 64 for XD-Violence
and 8 for UCF-Crime. RelVid is trained on a single NVIDIA RTX 3090 GPU using PyTorch
2.1.2, with an AdamW optimizer and a batch size of 64. The learning rate is set to 2 x 10~°
and the total epochs are 20 for XD-Violence, while for UCF-Crime, the learning rate is set to
1 x 107° and the total epochs are 10. The experimental setup consists of an NVIDIA RTX
3090 GPU with 24 GB memory, an Intel Xeon Platinum 8362 CPU with 28 virtual cores, and
90 GB of RAM, maintaining consistency across all experiments.

4.4. Comparison with State of Art

The comparison of the proposed method with other state-of-the-art methods, including
the semi-supervision method [18,19] and weakly-supervision methods [1,9,12,14-16], on
the UCF-Crime dataset is detailed. The results are presented in Tables 1 and 2. The
methods are evaluated based on the area under the curve (AUC) and anomaly AUC (Ano-
AUC) for the UCF-Crime dataset and average precision (AP) for the XD-Violence dataset.
Additionally, we include a comparison using the fine-grained MAP@IOU metric. The
experiments are divided into two parts: the first focuses on coarse categorization, while the
second addresses fine categorization.

Coarse-grained WVAD Results: Based on the comparison results of the UCF-Crime
dataset presented in Table 1, it is clear that the top three semi-supervised models, which use
the same extracted features as our model, perform simple binary classification. However,
all of them exhibit AUC scores around 50%, indicating that the extracted features alone
do not contain sufficient distinctive information. This suggests that the features lack both
temporal coherence and inter-class discriminative power. The absence of meaningful fea-
ture relationships and class separability underscores the importance of feature refinement
and class-specific modeling, which our approach addresses through fine-tuned feature
extraction and enhanced feature disentanglement. Later, most methods employing self-
supervision improve their scores to near 80%. However, they still lag significantly behind
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the WVAD method, which demonstrates that textual guidance is crucial for achieving
superior performance.

Among the weakly supervised learning methods we evaluated, RelVid demonstrated
a significant performance improvement. Compared to other methods, RelVid performed
exceptionally well in both AUC and Ano-AUC metrics. Specifically, the method by Sultani
et al. [1] achieved an AUC of 84.14% and an Ano-AUC of 63.29%; RTFM achieved an
AUC of 85.66% and an Ano-AUC of 63.86%; and AVVD achieved an AUC of 82.45% and
an Ano-AUC of 60.27%. More importantly, among all comparison methods, AVVD used
fine-grained class labels, but it did not obtain a higher score. It shows that the risk coexists
with the introduction of different modal features. Therefore, it is crucial to employ other
strategies to balance these diverse modal features. Ju et al. [9] achieved an AUC of 84.72%
and an Ano-AUC of 62.60%; UMIL achieved an AUC of 86.75%, but did not report Ano-
AUC; Zhang et al. [16] and Fan et al. [14] achieved AUC values of 86.22% and 86.19%,
respectively, with no Ano-AUC values provided. Fan et al. [14] relied solely on an attention
mechanism, and by placing greater emphasis on anomalies, the model’s performance was
significantly enhanced, resulting in a satisfactory score. RelVid achieved an AUC of 87.71%
and an Ano-AUC of 69.29%. These results demonstrate that RelVid outperforms all the
compared methods in both AUC and Ano-AUC, with particularly notable improvement in
Ano-AUC, highlighting its superiority in weakly supervised learning tasks.

Table 1. Comparison results with other methods in UCF-Crime datasets.

Category Methods VAD VAR AUC (%) Ano-AUC (%)
SVM baseline v X 50.10 50.00
OCSVM v X 63.20 51.06
Hasan et al. [19] v X 51.20 39.43
Semi BODS v X 68.26 N/A
GODS v X 70.46 N/A
S3R v X 79.58 N/A
GCL v X 71.04 N/A
Sultani et al. [1] v X 84.14 63.29
RTFM v X 85.66 63.86
AVVD v X 82.45 60.27
Juetal. [9] v X 84.72 62.60
Weak v v x 86.75 68.68
Zhang et al. [16] v X 86.22 N/A
Fan et al. [14] v X 86.19 N/A
RelVid (Ours) v v 87.71 69.29

The bold text indicates the highest score.

To further evaluate the proposed method, an experiment was also conducted on the
XD-Violence dataset, and the results are presented in Table 2. The evaluation for this
dataset is conducted using the average precision (AP) metric, as recommended by the
dataset authors [5].

For semi-supervised methods, the results further demonstrate that the extracted
features provide limited useful information for the model in identifying anomalous events.
Additionally, most semi-supervised models focus on small and relatively simple datasets.
Due to the training modes requiring significant time and computational resources, these
methods have not been evaluated on large, complex datasets like XD-Violence, which
involve more diverse and challenging scenarios. Among the seven weakly supervised
methods, only Fan et al. [14] and RelVid achieved an AP surpassing 80%. Close behind are
Zhang et al. [16], with an AP of 78.74%, and AVVD, with an AP of 78.10%. These results
also reinforce our previous discussion namely, incorporating multimodal information
inevitably introduces the risk of noise. The XD-Violence dataset, with its more diverse
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sources, presents greater challenges for anomaly detection. However, the inclusion of
text guidance, to some extent, provides a form of constraint, drawing upon knowledge
previously learned to refine the detection of anomalies. This illustrates the complex trade-
off between leveraging additional modalities and managing the noise they may introduce.

In summary, RelVid introduces new methods that improve the performance of video
anomaly recognition and detection, making it a promising approach for anomaly detection
tasks in video data.

Table 2. Comparison results with other methods on the XD-Violence dataset.

Category Methods VAD VAR AP (%)
SVM baseline v X 50.80
Semi Hasan et al. [19] v X 28.63
OCsvM v X 31.25
S3R v X 53.52
Sultani et al. [1] v X 75.18
RTFM v X 77.81
Weak AVVD v X 78.64
Juetal. [9] v X 76.57
Fan et al. [14] v X 83.59
Zhang et al. [16] v X 78.74
RelVid (Ours) v v 80.76

The bold text indicates the highest score.

Fine-grained WVAD results: For the fine-grained WVAD task, RelVid is compared
with previous works, AVVD and Sultani et al. [1,15], in Tables 3 and 4.

Table 3. Comparison of mAP@IOU results on the UCF-Crime dataset.

mAP@IOU (%)
Method
0.1 0.2 0.3 0.4 0.5 AVG
Random Baseline 0.21 0.14 0.04 0.02 0.01 0.08
Sultani et al. [1] 5.73 4.41 2.69 1.93 1.44 3.24
AVVD 10.27 7.01 6.25 3.42 3.29 6.05
RelVid (Ours) 13.68 7.34 5.39 412 3.61 6.83

Table 4. Comparison of mAP@IOU results on the XD-Violence dataset.

mAP@IOU (%)
Method
0.1 0.2 0.3 0.4 0.5 AVG
Random Baseline 1.82 0.92 0.48 0.23 0.09 0.71
Sultani et al. [1] 22.72 15.57 9.98 6.20 3.78 11.65
AVVD 30.51 25.75 20.18 14.83 9.79 20.21
RelVid 42.30 34.66 28.04 20.94 15.70 28.33

RelVid achieves the best performance on the UCF-Crime dataset, demonstrating
substantial improvements over Sultani et al. [1] and AVVD At an IoU of 0.1, RelVid’s
mAP@IoU is 13.68%, surpassing AVVD by more than 4 percentage points. At higher IoU
thresholds, RelVid continues to outperform other methods, reaching an average mAP@IoU
of 6.83%, which is significantly higher than AVVD and Sultani et al. [1]

RelVid also excels on the XD-Violence dataset, achieving the highest mAP@IoU values
at all thresholds, with a significant improvement over Sultani et al. [1], AVVD, and the
Random Baseline. Specifically, RelVid reaches a mAP@IoU percentage of 42.30% at 0.1,
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much higher than the next best method, AVVD, which achieves 30.51%. Furthermore, the
gap in the average mAP@IoU indicates RelVid’s superior overall performance, with an
average of 28.33%, while other methods remain around 20%.

In summary, these results highlight that RelVid demonstrates superior performance
across both the XD-Violence and UCF-Crime datasets, establishing it as a highly effective
method for weakly supervised learning tasks.

4.5. Ablation Study

An ablation study was conducted to evaluate the contribution of individual compo-
nents to model performance, as summarized in Table 5. In this study, Auxiliary Task 2
utilizes text information to assist the model in completing the VAR task. Feature activation
(FA) and local attention serve different roles within the model, with FA enhancing feature
representation and Local Attention improving contextual focus. The combination of these
two components strengthens the model’s capability beyond what each module can achieve
individually. However, this indicates the need for additional operations to balance the
contributions of both components. To address this, we progressively introduce Auxiliary
Task 1 and Auxiliary Task 2. Comparing the results, we find that Auxiliary Task 1 effectively
balances the effects of FA and Local Attention, achieving a performance score of 87.30%.
Ultimately, combining all components yields the best performance, further demonstrating
the importance of their synergistic integration.

Table 5. Comparison of different components.

FA Local Attention Auxiliary Task1 Auxiliary Task 2 AUC (%)
v 84.64
v 86.37
v v 85.73
v v 86.86
v v v 87.13
v v v 87.30
v v v v 87.71

4.6. Discussion

Cross-database quantitative results. Since the types of anomalies present in both
datasets are similar, the generalization ability of video anomaly detectors is crucial for
real-world applications. This is because operations in different environments can vary
significantly from the training and testing data. To evaluate the model’s performance across
different data domains, experiments were conducted to assess its generalization ability,
as shown in Table 6. These experiments demonstrate the model’s adaptability to domain
differences by training on the source dataset and evaluating its performance on the target
dataset. Specifically, while both the UCF-Crimes and XD-Violence datasets share similar
definitions of abnormal events, XD-Violence is a larger dataset with a broader range of
video types, including sports, surveillance, and movies. As a result, when XD-Violence
is used as the source and UCF-Crimes as the target, the performance drop is minimal. In
contrast, the reverse scenario is more representative of real-world environments. In this
case, the proposed method shows a smaller performance drop compared to RTFM. This
result highlights that RelVid is better equipped to handle domain differences than methods
that focus solely on temporal dependencies, such as RTFM.
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Qualitative Visualization. The qualitative visualizations of the coarse-grained WS-
VAD are presented in Figure 5, where the blue curves represent the anomaly predictions
and the pink regions indicate the ground-truth abnormal temporal locations. In Figure 5,
the anomaly scores are normalized to the range of [0, 1] for easier comparison, as the
score distributions vary for each method. From the plot, it is clear that the proposed
method achieves more accurate temporal localization. As shown, RelVid successfully
detects abnormal regions across different categories with high precision.

Table 6. Cross-database experimental results on the UCF-Crimes and XD-Violence datasets.

Source UCF-Crimes XD-Violence XD-Violence UCF-Crimes
Target UCF-Crimes XD-Violence
RTFM 84.48 68.59 (18.80% ) 76.62 37.30 (39.32% |)
Ours 87.71 84.61 (3.1% 1) 80.76 62.87 (17.89% 1)
Arrest Arson
Assault Explosion

Figure 5. Examples of qualitative results on the UCF-Crime dataset.

Feature visualization. The features of the UCF-Crime dataset were visualized using
t-SNE, as shown in Figure 6. The results reveal that, while the CLIP model demonstrates
strong capability in capturing general features through the learning of image-text pairs,
it struggles to effectively differentiate between WVAD categories due to the inherent
complexities of the task. In contrast, after optimization with the RelVid model, the visual
feature distribution exhibits more distinct category boundaries. Notably, the features of the
normal category are clustered in the upper-left corner, with no scattered abnormal features,
indicating that the RelVid model is more effective at distinguishing between normal and
abnormal categories.



Sensors 2025, 25, 2037

15 of 17

Abuse
Arrest
Arson
Assault
Burglary
Explosion

o Abuse
Arrest
Arson

e Assault

o Burglary
Explosion

Fighting

Normal

RoadAccidents

Fighting
*  Normal

RoadAccidents
Robbery
Shooting
shoplifting
* o Stealing
Vandalism

Robbery
Shooting
shoplifting

o stealing
Vandalism

Figure 6. Visualization of final features on UCF-Crimes. The brown stars represent normal data, while
the other colors indicate different types of anomalies. Compared to the left graph, the brown points
(normal data) show fewer outliers. The features of other anomaly categories are also better clustered.

5. Conclusions

This paper introduces RelVid, a novel paradigm for weakly supervised video anomaly
detection (WVAD) that leverages pre-trained knowledge and visual-language associations
from a frozen CLIP model. The framework incorporates two auxiliary tasks: reconstruc-
tion and text-guided anomaly recognition. To capture more comprehensive class-specific
temporal information, an Adapter is proposed alongside a feature activation (FA) mecha-
nism designed to selectively activate class-specific features. Furthermore, relative distance
learning is employed to enhance class separation, while the introduction of local attention
improves the model’s ability to capture rich contextual information.

Compared to existing semi-supervised models, RelVid effectively addresses the chal-
lenge of handling large-scale, complex datasets. Traditional semi-supervised models often
struggle with such datasets due to their resource-intensive training processes and their
focus on small-scale data for training and evaluation. An extensive comparison with state-
of-the-art semi-supervised methods reveals that these methods consistently lag significantly
behind the WVAD method in both accuracy and the computational resources required
for training.

Experimental results show that WVAD significantly improves model performance
with a limited number of video-level labels. By incorporating text-guided information,
RelVid provides an additional basis for classification, greatly enhancing feature refinement
and enabling the model to more effectively distinguish anomalous events. RelVid performs
well, particularly on the UCF-Crime dataset, but faces challenges when applied to the more
complex XD-Violence dataset. This highlights that while integrating multimodal informa-
tion is beneficial, further refinement is necessary to prevent the introduced information
from interfering with the original image features. Without such refinement, excessive infor-
mation may increase noise, ultimately hindering the model’s ability to capture meaningful
features and temporal dependencies effectively.

Future work will focus on applying visual-linguistic pre-training to open-set VAD
tasks and exploring its use in real-world scenarios with diverse and difficult-to-define
anomalies. Additionally, the research will address how to preserve image recognition
capabilities when integrating other modal information, such as text, to ensure the model
remains robust in anomaly detection.
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