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Abstract: Video anomaly detection ( VAD) aims to identify
snippets or events that deviate from normal behavior in
video sequences. With the growing demand for public safety
and surveillance, this field has developed rapidly. In recent
years, weakly supervised VAD ( WSVAD ) has attracted
increasing attention. However, its performance remains
limited due to the challenges of multiple instance learning
(MIL) , including high dataset complexity and substantial
video noise, which severely hinder model learning. To
address these issues, we propose a WSVAD method guided
by anomaly representations. Specifically, our method
leverages anomaly-related representations to correct biases
in the learning process. It extracts key snippet and
anomaly category representations through the key snippet
learning module and anomaly classification module,
respectively. These two types of representations are then
embedded via an anomaly-guided attention mechanism.
Extensive experiments on the ShanghaiTech and UCF-
Crime datasets demonstrate that the proposed method
significantly improves detection accuracy and achieves
competitive performance.
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0 Introduction

Video anomaly detection (VAD) refers to detecting
snippets or events that deviate from normal behavior in
video sequences'''. Increasing concerns for public safety
and surveillance have greatly accelerated the development
of this field. VAD is typically studied under three
paradigms: supervised, semi-supervised, and weakly
supervised. Due to the difficulty of annotating video data
and the limited coverage of anomaly categories,
supervised methods are severely restricted and usually
impractical. Semi-supervised methods, also known as
unsupervised methods'>® | are trained only on normal
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videos and classify snippets based on their deviation from
learned normal patterns. In recent years, reconstruction-
based and prediction-based methods have been widely
applied in semi-supervised VAD. However, the scarcity
of normal video data, the unbounded diversity of normal
behavior and the lack of anomaly modeling limit their
effectiveness.

In contrast, weakly supervised methods leverage
video-level labels and train models on both normal and
anomalous videos to perform frame-level classification.
Weakly supervised learning has demonstrated significant
performance improvements with minimal annotation cost.
Current binary-classification weakly supervised VAD
(WSVAD) methods can be broadly divided into single-
stage methods based on multiple instance learning ( MIL)
and two-stage methods based on self-training.

However, WSVAD has not yet achieved satisfactory
accuracy under the mainstream MIL method. One key
reason is that the uncertainty of anomaly occurrence and
the diversity of visual manifestations in real-world
scenarios introduce substantial complexity into video
data. This introduces substantial temporal and visual
noise, making the task significantly more challenging. To
address this issue, we propose a novel anomaly-guided
learning framework for WSVAD, which incorporates
prior knowledge to guide the model in better
understanding challenging anomalous behaviors. The
guiding representations used in our method come from
two sources: key snippets and anomaly categories.

The main contributions of this paper are summarized
as follows.

1) We propose a key snippet learning module to
identify and exploit potential anomalous temporal
snippets, providing explicit temporal priors that guide the
model to focus on critical moments of anomaly
occurrence.

2) We introduce an anomaly classification module
that leverages anomaly category descriptions as high-level
semantic guidance, enabling effective cross-modal
alignment between visual features and text anomaly
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semantics.

3) We design an anomaly-guided attention module
that integrates key snippet representations and anomaly
category representations into a unified attention
framework, enabling the model to jointly capture local
temporal relevance and global anomaly semantics.

1 Related Work

1.1 Representative methods in WSVAD

Existing WSVAD methods can generally be
categorized into MIL-based single-stage methods and two-
stage self-training methods. The former directly optimizes
anomaly detection models under the MIL framework,
whereas the latter iteratively refines pseudo labels through
self-training to improve detection performance. To learn
anomaly representations under weak supervision, Sultani
et al.'"" were the first to adopt an MIL-based method. In
MIL, data are organized into bags, where each bag
contains multiple instances. A bag is labeled as negative
if all instances within it are negative, and as positive if it
contains at least one positive instance. Additionally,
Sultani et al. introduced the large-scale VAD dataset
UCF-Crime and improved the model > s ability to
distinguish between positive and negative snippets by
enhancing the ranking loss function. Tian et al.
proposed the robust temporal feature magnitude learning
(RTFM) method, which strengthened MIL’ s ability to
identify abnormal snippets through a feature magnitude
learning function. It also incorporated extended
convolutions and self-attention mechanisms to capture
temporal dependencies. Fan et al. '* introduced an
anomaly attention mechanism for WSVAD, optimizing
abnormal feature learning through snippet-level attention
and multi-branch supervision modules without relying on
pseudo-label supervision. Lv et al. " presented the
unbiased multiple instance learning ( UMIL ) method,
which removed context biases to learn unbiased anomaly
features, significantly enhancing WSVAD performance.

Apart from MIL-based single-stage methods, some
studies adopt two-stage self-training methods. Feng
et al."* proposed the multi-instance self-training ( MIST)
method, which generated reliable snippet-level pseudo-
labels through a sparse continuous sampling method. It
further combined self-guided attention to enhance the
feature encoder, enabling automatic focus on abnormal
regions to extract relevant features. Li et al."”’ introduced
the multi-sequence learning ( MSL) method and hinge-
based MSL ranking loss, leveraging Transformer
networks to learn video-level anomaly probabilities and
snippet-level anomaly scores, which were iteratively
refined through a self-training method. Zhang et al.'""
proposed a two-stage self-training method by utilizing
pseudo-label completeness and uncertainty. This method
incorporated a multi-head classification module and an
iterative pseudo-label optimization method, enabling the
coverage of more abnormal events and the progressive

refinement of pseudo-labels.
1.2 Prompt-enhanced methods in WSVAD

Recent advances in WSVAD have increasingly
explored prompt-enhanced paradigms that inject auxiliary
semantic guidance into model learning. Text prompts are
most widely adopted due to their flexibility and low
deployment cost.

To enrich the semantic expressiveness of text
prompts, Pu et al."""’ have leveraged external knowledge
bases to construct prompts by aggregating concepts across
multiple relationships. While such designs introduce
structured semantic priors, their reliance on predefined
knowledge sources inevitably limits semantic coverage,
potentially leading to biased prompt representations and
unclear performance gains. Alternatively, an increasing
number of studies'™™  replaced handcrafted or
knowledge-based prompts with learnable prompt
embeddings, enabling adaptive alignment between text
representations and specific datasets. For example,
VadCLIP'"* explores a vision-language formulation by
computing anomaly scores based on the similarity
between video snippets and anomaly categories, which
differs from MIL-based methods. Although this method
improved data-dependent compatibility, the resulting
prompts were often difficult to interpret and lacked
explicit semantic grounding. More recently, Zanella

15]

et al. employed vision-language models to generate
frame-level text descriptions as prompts, thereby
capturing fine-grained visual semantics. However,

generating text annotations for individual frames incurs
substantial computational overhead and limits scalability
in long video sequences.

In contrast to existing prompt-enhanced WSVAD
methods, anomaly-guided learning does not treat
anomaly-related text representations as predefined or
externally constructed prompts. Instead, the proposed
method predicts the anomaly category of each video
during training, and the corresponding category-level text
features are directly incorporated into the inference
process to guide anomaly detection. Furthermore, to
better exploit the temporal nature of video data, we
introduce an additional positional prompt stream by
learning auxiliary anomaly-related binary predictions
during training, which complements anomaly detection
with temporal localization cues.

2 Anomaly-Guided Learning

Figure 1 illustrates an overview of the proposed
method. We employ standard Inflated 3D ConvNet
(13D )" and contrastive language-image pre-training
(CLIP) "™ models to extract video and text features,
respectively , which are then fed into our framework. The
proposed model consists of three main components; the
key snippet learning module that provides critical
anomalous snippets, the anomaly classification module
that supplies anomaly category representations, and the



Weakly Supervised Video Anomaly Detection via Anomaly-Guided Learning 85

main backbone equipped with anomaly-guided attention
for anomaly detection. During training, the anomaly
classification module is supervised using ground-truth
video-level anomaly categories, which enables the model
to learn category-aware text representations and their
alignment with snippet features. During inference, the
anomaly category is first predicted by the anomaly

classification module, and the corresponding category-
level text feature is subsequently incorporated into the
anomaly-guided attention module to guide anomaly
detection. This design ensures that the proposed
framework does not rely on ground-truth category
representations at inference time and remains consistent
with the weakly supervised setting.
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Fig.1 Overview of proposed method

2.1 Key snippet learning

To provide the model with key snippet
representations, we design a module that remains as
lightweight as possible while selecting the most likely
anomalous snippets from each anomalous video. During
the key snippet learning process, the snippet feature F, is
fed into a two-layer feed-forward neural network and a
classifier to generate a coarse prediction p. The detailed
formulation of the process is presented as

P =fu(fun(F ), (D
where f,, (+) denotes the function of the two-layer feed-
forward neural network; f,, ( +) represents the function of
the classifier.

Instead of aggregating multiple top-k snippets to
compute a video-level prediction, we intentionally select
the top-1 scoring snippet from each video during training,
which enforces more targeted supervision for learning
discriminative key snippets, encouraging the module to
focus on the most salient temporal snippet associated with
anomalous patterns. This process is denoted as

1

) —2 (p;, y) =1 (if anomalous video) ,

p= kisTk (2)
max(p,, y) =0 (if normal video) ,

I<isN
1 &
Lyw(p,y)= - NZ [yi -In(p,) +
i=1

(1_yi) 'ln(l_ﬁi)]’ (3)

where p, € [0,1] is the prediction of the ith snippet; N is
the total number of snippets in a video; y € {0,11 is the

ground truth label; p is the aggregated video-level
prediction obtained from the snippet-level scores; k is the
number of selected top-scoring snippets; T, is the index
set of the top-k snippets with the highest anomaly scores.

The maximum value in p corresponds to the most likely
anomalous snippet, whose temporal position is then used
to provide effective key anomalous snippet representations
to the model.

2.2 Anomaly classification

The anomaly classification module is trained using
video-level anomaly category labels, which are available
in standard WSVAD benchmarks. The objective of this
module is to learn high-level semantic representations
associated with anomaly categories. These representations
are subsequently encoded as category-aware text features.
These features are used as auxiliary semantic guidance
within the attention mechanism to enhance feature
discrimination.

Based on the learned category-aware representations,
we quantify the correlation between videos and categories
through  cross-modal interactive  feature  fusion.
Specifically, pairs of F; and F are alternately used as the
query and the key-value pairs in cross-modal attention
CA( +) to achieve alignment. Afterward, the two aligned
feature sets are multiplied to generate a similarity matrix
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S, thereby constructing the cross-modal relationship
between videos and categories. This process is denoted as

C =Norm(CA(F,, F,) +F,), (4)
V =FC(Norm(CA(F,, F,) +F,)), (5)
S=CxV, (6)

where C is the category-aware cross-modal representation
obtained by attending F, to F,; V is the snippet-aware
cross-modal representation obtained by attending F, to F ;
S is the resulting similarity matrix that captures the cross-
modal relationship between video snippets and anomaly
categories. Both F, and F, are L2-normalized before
similarity computation. The similarity is implemented as
cosine similarity, ensuring that all similarity scores are
bounded within a consistent range.

To train this module, we adopt a method based on
the maximum similarity among anomaly categories,
allowing the model to focus on inter-category
distinctions. At each training stage, we extract the
maximum similarity value of each anomaly category from
the similarity matrix and convert the fine-grained video
annotations into binary labels via one-hot encoding: the
correct category j is assigned a label of 1, while all others
are assigned 0. This design ensures that the module
emphasizes the strongest association between each video
snippet and anomaly category, thereby guiding the
learning of discriminative features. We employ the L1
loss as the optimization objective, as it effectively
measures the similarity error between video snippets and
anomaly categories while maintaining robustness in multi-
category settings. Since both F; and F, are L2-normalized
and the cosine similarity is adopted, the similarity values
are naturally bounded within a fixed range, which avoids
scale ambiguity and ensures stable optimization when
using L1 loss. Compared with classification-based losses,
L1 loss allows the model to focus on relative similarity
alignment without enforcing overly confident predictions
at early training stages. The overall loss calculation
method and the L1 loss function are defined as

p= [max(sl,l’ S1,27”" Sl,N)’ max(Sz,l’ Sz,z» ) SZ,N)’
) maX(SJ,I’ S/,za T, SJ,N)]’ (7)
y = OneHot(j, J), (8)
1 K
Lll(y’p) =;z ‘y[_pi" (9)
i=1

where p is the predicted anomaly-category probability
vector; S, is the element at the Jth row and Nth column
of the similarity matrix ; y is the one-hot encoded ground-
truth category label generated by the OneHot ( - )
operation; K is the number of categories. The anomaly
classification module outputs the anomaly category
corresponding to each video, and the associated features T'
are used as text representations to guide the model.

2.3 Anomaly-guided attention

The attention mechanism''® can adaptively assign

weights to different video snippets and effectively model
long-range temporal dependencies, making it well-suited
for WSVAD. Moreover, it enables efficient alignment
and fusion of cross-modal features, which motivates us to
embed both key snippet and anomaly category
representations into the attention framework.

For the key snippet, we generate a temporal index
matrix M. The indexing formulation is

1
T+ wli g6

i (10)
where i and j denote the temporal indices within the
video; |i —j| represents the absolute distance between
each pair of temporal positions; m, ; is the temporal prior
weight that measures the relative importance between the
ith and jth temporal positions; w is a position weight that
controls the sensitivity of the temporal distance; b is a
bias used to adjust the peak position of the temporal
weighting function.

The temporal index matrix M is designed to encode
relative temporal relevance with respect to the key
anomalous snippet. Since the absolute temporal position
of anomalies varies significantly across videos, we adopt
a distance-based formulation to model transferable
temporal relationships within each video. The linear form
provides a general temporal prior, softly emphasizing
snippets closer to the anomaly center without imposing
strong assumptions on anomaly duration or continuity.
The position weight w and bias b are used to adjust the
strength of this prior when embedded into the attention
mechanism.

M is further integrated into the attention mechanism
to explicitly modulate the interaction between temporal
snippets. Specifically, M is embedded as a temporal prior
into the attention score matrix computed from the query
and key. This embedding does not alter the original
feature distribution but reflects local anomalous
representations. In contrast, category guidance provides
global semantic representations, aiming to measure
anomaly correlations at a global scale. To enable
effective interaction among M, T, and F,, we align T
with F; along the temporal dimension to obtain T, . T,
serves as the query, which interacts with the original
snippet features (key) to adjust the attention regions over
the video content. The original snippet features are then
updated through the attention layer embedded with
anomaly-guided representations, yielding new features
F,, which are subsequently fed into the classifier for
anomaly prediction. The process of this attention
mechanism is formulated as

A=softmax(fq(TexP)D.fk(Fi) +M|, (11)
F,=Norm(A - f,(F;) +F,), (12)

where f,, f, and f, represent the three distinct linear
layers; D, is the dimension of the hidden layer.
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Subsequently, F is passed through a two-layer feed-
forward neural network and a classifier to produce the
predictions. Then, the predictions are trained with the
same MIL-based loss. The training of the proposed
framework follows the standard MIL paradigm commonly
adopted in WSVAD, which is consistent with the learning
strategy used in the key snippet learning module.

In summary, during the training phase, the overall
objective function of our model is denoted as

L =Ly + o Lgew +B Ly, (13)

where a and S are coefficients to adjust the loss function;
L e represents the loss of the final predicted values;
L ycrr represents the loss of the coarse prediction.

3 Experiments

3.1 Experimental setting

Datasets. We conduct extensive evaluations of the
proposed method on two widely used public benchmark
datasets; ShanghaiTech'"’ and UCF-Crime'”'. UCF-
Crime consists of 1 900 long untrimmed surveillance
videos with a total duration of 128 h. It covers 13 real-
world anomaly categories, comprising abuse, arrest,
arson, assault, road accident, burglary, explosion,
fighting, robbery, shooting, stealing, shoplifting, and
vandalism. The training set contains 800 normal videos
and 810 anomalous videos, while the test set contains 150
normal videos and 140 anomalous videos. ShanghaiTech
includes 437 videos from 13 campus scenes. The original
version is designed for semi-supervised anomaly
detection, containing 330 normal videos and 107
anomalous videos. The dataset is later reorganized into a
weakly supervised setting, consisting of 238 training
videos and 199 test videos'®''. For fair comparison, we
follow prior WSVAD work and adopt the frame-level area
under the curve ( AUC) as the evaluation metric. A
higher AUC indicates better VAD performance.

Implementation details. Following Ref. [ 21 ], we
employ the I3D network pretrained on Kinetics-400 for
snippet feature extraction. To ensure fair comparison, we
adopt the 10-crop augmentation method, which includes
the center crop, four corners, and their horizontal flips.
For category text feature extraction, we use the pretrained
CLIP model to obtain the corresponding representations.
For hyperparameters, the hidden dimension of all
modules is set to 128. The two-layer feed-forward neural
network consists of two fully connected layers with 512
and 300 output units, respectively. All dropout rates are
set to 0. 1. For both ShanghaiTech and UCF-Crime, w is
sett0 0.6, issetto 0.2, « issetto 5, and B is set to
15. During training, the model is optimized using the
Adam optimizer'”’ with a batch size of 128 for 50
epochs. The initial learning rate is set to 5 X 107", and a
cosine decay schedule is applied.
3.2 Comparison with state-of-the-art methods

Table 1 presents the comparison between our

proposed method and other state-of-the-art methods on
both datasets. On ShanghaiTech, Su et al.'®’ achieved an
AUC of 96.88%, while on UCF-Crime, Thakare
et al."”" achieved an AUC of 83.56%. Moreover, AUCs
of 95. 00% and 84. 05% were achieved by the recent BE-
WSVAD method on ShanghaiTech and UCF-Crime,
respectively. In contrast, AUCs of 97. 85% and 84. 97%
were achieved by our proposed method on ShanghaiTech
and UCF-Crime, respectively, demonstrating its superior
performance in WSVAD tasks.

Table 1 Performance comparison with state-of-the-art methods
on ShanghaiTech and UCF-Crime

Method - AUC/% -
ShanghaiTech =~ UCF-Crime

GCN™” 84. 44 82. 12
CLAWS'>! 89. 67 83.03
Contrastive attention'?"’ 92.25 84. 62
MIST! 94. 83 82.30
RTFM"*! 97.21 84.30
CRFD'" 97. 48 84. 89
BN-SVP" 96. 00 83.39
BE-WSVAD'* 95.00 84.05
VPE-WSVAD'*! 96. 88 —
PEL" 97. 82 —
RareAnom' — 83.56
LAVAD'! — 80. 28
Ours 97.85 84.97

3.3 Ablation study

Multiple ablation experiments are considered to
validate the effectiveness of each component in our
model. Table 2 reports the impact of different modules.
The baseline consists of a single self-attention layer, a
two-layer feed-forward neural network, and a classifier.
Incorporating the key snippet representations yields an
absolute improvement of 1.35% and 1.51% on
ShanghaiTech and UCF-Crime, respectively. Further
introducing the anomaly category representations brings
an additional gain of 1.27% and 2.12%, respectively.
These results confirm that both types of guidance
contribute effectively to enhancing the model ’ s
performance.

Table 2 Ablation results on ShanghaiTech and UCF-Crime

Agsin;z;y— Key  Anomaly AUC/ %
attention,  STiPPet  category  ShanghaiTech  UCF-Crime
v x x 95.23 81.34
v Vv x 9. 58 82. 85
vV vV vV 97.85 84.97
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3.4 Sensitivity analysis of temporal prior parameters

The sensitivity of the proposed model is analyzed to
w and b by varying them within reasonable ranges on the
ShanghaiTech and UCF-Crime datasets. The results are
illustrated in Table 3. The performance across different
parameter settings remains stable, suggesting that the
proposed temporal index matrix is robust and does not
rely on precise hyperparameter tuning.

Table 3  Sensitivity analysis of temporal prior parameters on
ShanghaiTech and UCF-Crime

AUC/ %

v b ShanghaiTech UCF-Crime
0.2 0.2 97.41 84.52
0.4 0.2 97. 68 84. 81
0.6 0.2 97. 85 84. 63
0.8 0.2 97.85 84.74
0.6 0.0 97. 62 84.63
0.6 0.4 97.57 84. 69

3.5 Qualitative results

To evaluate the detection capability of the anomaly-
guided attention module and the classification capability
of the anomaly classification module, we visualize the
features before and after each module using t-distributed
stochastic neighbor embedding ( t-SNE) at both coarse-
grained and fine-grained levels, as shown in Fig. 2.
Figures 2 (a) and 2 (b) illustrate the inter-category
feature distribution before and after anomaly-guided
attention, while Figs. 2(c) and 2(d) present the intra-
category feature distribution of anomalies before and after
anomaly classification. These results demonstrate that the
two modules learn complementary discrimination
capabilities; the anomaly-guided attention module focuses
on separating anomalous events from normal ones, while
the anomaly classification module captures discriminative
representations among different anomaly categories.
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Fig.2 Distribution of discriminative features using t-SNE: (a) inter-
category feature distribution before anomaly-guided attention;
(b) inter-category feature distribution after anomaly-guided
attention; (c) intra-category feature distribution of anomalies
before anomaly classification; ( d) intra-category feature
distribution of anomalies after anomaly classification

Figure 3 further presents the predicted anomaly
scores of the anomaly-guided learning framework on
representative samples from the ShanghaiTech and UCF-
Crime datasets. The predicted anomaly score curves
exhibit clear and consistent responses that are well aligned
with the ground-truth anomalous snippets, while
remaining relatively low and stable in normal intervals.
This indicates that the anomaly-guided learning method
can effectively distinguish anomalous events from
background activities at the snippet level. Notably, even
in complex and long-duration videos from UCF-Crime,
the anomaly-guided learning method maintains reliable
temporal localization of anomalies, demonstrating its
robustness and strong temporal discrimination capability.

However, the predicted anomaly scores in certain
surrounding normal regions do not strictly collapse to
zero, as observed in Fig. 3(a). This indicates that the
model may produce elevated responses in temporally
adjacent normal snippets, leading to false positives and
imprecise anomaly boundaries. Such behavior is a
common limitation in WSVAD, where the absence of
frame-level supervision makes it challenging to enforce
sharp temporal localization. Therefore, addressing more
precise temporal boundary modeling and reducing false
alarms in normal regions remains an important direction
in future research.
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Qualitative results of anomaly detection performance on ShanghaiTech and UCF-Crime: (a) example of video ID 010051 in

ShanghaiTech; (b) example of video ID 030032 in ShanghaiTech; (c¢) example of video ID 050023 in ShanghaiTech; (d) example of
video ID Assault010 in UCF-Crime; (e) example of video ID Explosion022 in UCF-Crime; (f) example of video ID Fighting003 in
UCF-Crime (x-axis denotes frame index and y-axis represents predicted anomaly score)

4 Conclusions

In this paper, we propose an anomaly-guided
learning method for WSVAD. Specifically, we leverage
a key snippet learning module to capture critical
anomalous snippets and anomaly classification to obtain
text representations of anomaly categories. These two
sources of guidance are then integrated through an
anomaly-guided attention module, enabling the model to
achieve a more precise and comprehensive understanding
of anomalies from both global and local perspectives.
Extensive experiments on the ShanghaiTech and UCF-
Crime datasets validate the effectiveness of the proposed
guidance and its fusion mechanism. In future work, we
plan to explore more effective anomaly-guided methods
and deeper cross-modal interaction mechanisms to further
enhance WSVAD.
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