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Abstract

Recent advancements in weakly-supervised video anomaly
detection have achieved remarkable performance by apply-
ing the multiple instance learning paradigm based on multi-
modal foundation models such as CLIP to highlight anoma-
lous instances and classify categories. However, their objec-
tives may tend to detect the most salient response segments,
while neglecting to mine diverse normal patterns separated
from anomalies, and are prone to category confusion due
to similar appearance, leading to unsatisfactory fine-grained
classification results. Therefore, we propose a novel Disen-
tangled Semantic Alignment Network (DSANet) to explicitly
separate abnormal and normal features from coarse-grained
and fine-grained aspects, enhancing the distinguishability.
Specifically, at the coarse-grained level, we introduce a self-
guided normality modeling branch that reconstructs input
video features under the guidance of learned normal proto-
types, encouraging the model to exploit normality cues inher-
ent in the video, thereby improving the temporal separation
of normal patterns and anomalous events. At the fine-grained
level, we present a decoupled contrastive semantic alignment
mechanism, which first temporally decomposes each video
into event-centric and background-centric components using
frame-level anomaly scores and then applies visual-language
contrastive learning to enhance class-discriminative represen-
tations. Comprehensive experiments on two standard bench-
marks, namely XD-Violence and UCF-Crime, demonstrate
that DSANet outperforms existing state-of-the-art methods.

Code — https://github.com/lessiYin/DSANet

1 Introduction
Weakly Supervised Video Anomaly Detection (WS-
VAD) (Sultani, Chen, and Shah 2018) aims to temporally de-
tect anomaly segments in a long untrimmed video with only
video-level labels (i.e., indicating whether a video contains
an anomaly), drastically reducing annotation costs com-
pared to its fully supervised counterparts (Wu et al. 2024a;
Abdalla et al. 2024; Nayak, Pati, and Das 2021), and has
received considerable attention in recent years (Wang et al.
2021, 2022; Shi et al. 2025; Wang et al. 2025a; Zhu et al.
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Figure 1: Schematic diagram about motivation. We identify
two main issues: 1) limited understanding of normality, and
2) category confusion. We address them through normality
modeling and decoupled contrastive semantic alignment.

2024; Liang et al. 2023). The predominant approach in WS-
VAD is built upon the multiple instance learning (MIL)
framework (Tian et al. 2021; Lv et al. 2023; Chen et al.
2024). The general pipeline involves first extracting deep
features for each video using a pre-trained backbone like
I3D (Carreira and Zisserman 2017) and CLIP (Radford et al.
2021), and then feeding the obtained features to a binary
classifier to generate instance-level anomaly scores (Yu et al.
2025; Wang et al. 2025b,c). For example, CLIP-TSA (Joo
et al. 2023) uses CLIP’s visual encoder with multi-scale tem-
poral aggregation and a multiple instance learning branch
for detection. VadCLIP (Wu et al. 2024b) employs a bi-
nary classifier for anomaly detection and text prompts for
anomaly types identification. PEMIL (Pu et al. 2024) de-
signs anomaly- and context-aware prompts to model com-
plex event boundaries. ITC (Liu, Lam, and Bao 2024) intro-
duces learnable textual cues in a dual-branch framework for
robust cross-modal anomaly recognition.

Despite its recent success, the prevailing WS-VAD ap-
proaches based on multiple instance learning still suffer
from two fundamental limitations. At the coarse-grained
level, the discriminative nature of MIL results in an incom-
plete understanding of normality. By focusing exclusively
on identifying the most salient anomalous segments, such
models fail to construct a robust and explicit representation
of the diverse normal patterns present within a video. This
deficiency compromises the model’s ability to distinguish
between true anomalies and complex yet benign events,

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

12027



leading to ambiguous decision boundaries and an increased
false positive rate. At the fine-grained level, anomaly classi-
fication remains challenging due to the possible visual simi-
larity among different abnormal events and between anoma-
lies and normal contexts. In the absence of frame-level su-
pervision, models often confuse co-occurring background
patterns with true anomalies. The learned representations
for different anomaly categories often become entangled in
the embedding space, leading to semantic confusion and re-
duced inter-class separability. This confusion ultimately lim-
its the model’s ability to perform accurate anomaly catego-
rization and discriminative localization.

To address these challenges, we propose DSANet that
enhances WS-VAD through synergistic normality modeling
and disentangled contrastive semantic alignment, as shown
in Figure 1. To resolve the lack of explicit normality un-
derstanding, we introduce a Self-Guided Normality Model-
ing (SG-NM) branch. Inspired by the observation that even
within anomalous sequences, local regions still exhibit in-
trinsic normality (Luo et al. 2025) (e.g. normal backgrounds
with visual consistency), SG-NM dynamically mines a com-
pact set of normal prototypes directly from each input video,
without relying on an external memory bank (Zhou, Yu, and
Yang 2023). These prototypes supervise a reconstruction ob-
jective that drives the model to learn video-specific normal
characteristics in a generative manner. This design enhances
the discriminative detector with an internal understanding of
normality, enabling the model to better distinguish normal
behavior and more accurately identify anomalies. The SG-
NM branch is self-contained, memory-free, and requires no
dataset-level priors, making it scalable and data-efficient. To
mitigate category confusion caused by visual similarities be-
tween different anomaly classes and normal contexts, we de-
sign a Decoupled Contrastive Semantic Alignment (DCSA)
mechanism. Guided by initial anomaly predictions, DCSA
explicitly disentangles video features into an event-centric
and a background-centric prototype. A dual contrastive ob-
jective then aligns the event prototype with its corresponding
anomaly class, while consistently aligning the background
prototype with a universal “normal” class. This disentangle-
ment yields more discriminative representations, enhancing
the model’s ability for fine-grained anomaly classification
and precise temporal localization.

In summary, our main contributions are as follows:

• We introduce Self-Guided Normality Modeling, a gen-
erative reconstruction module that dynamically mines
video-specific normal patterns without external memory.
By incorporating normality cues overlooked by MIL-
based paradigms, it facilitates more accurate and com-
plete coarse-grained anomaly detection.

• We propose Decoupled Contrastive Semantic Align-
ment, a mechanism that explicitly separates event- and
background-centric prototypes and aligns them with re-
spective semantic targets, addressing semantic confusion
and improving fine-grained anomaly classification.

• Extensive experiments verify the effectiveness of the pro-
posed DSANet, which outperforms existing state-of-the-
art methods on two standard WS-VAD benchmarks.

2 Related Work
2.1 Vision-Language Pre-training
Vision-Language Pre-training (VLP) has become a domi-
nant paradigm for learning joint representations from large-
scale image-text data, enabling remarkable zero-shot trans-
fer capabilities (Ho et al. 2025). Pioneering works such as
CLIP (Radford et al. 2021) and ALIGN (Jia et al. 2021)
use dual-encoder architectures trained with contrastive loss
to align visual and textual embeddings. Recent trends aim
to improve capability and efficiency. One line adopts uni-
fied encoder-decoder frameworks that jointly handle under-
standing and generation tasks, exemplified by BLIP (Li et al.
2022), which introduced a data bootstrapping method to
denoise web captions, and CoCa (Yu et al. 2022), which
combines contrastive and captioning losses. Another focuses
on parameter efficiency by leveraging powerful, frozen uni-
modal models. Flamingo (Alayrac et al. 2022) bridges
frozen vision encoders and large language models with a
Perceiver Resampler and trainable gated cross-attention lay-
ers, while BLIP-2 (Li et al. 2023) introduced a lightweight
Querying Transformer to link frozen components with min-
imal training cost. VLP models have been widely applied to
downstream tasks such as text-video retrieval (Wang et al.
2024; Tian et al. 2024), visual question answering (Zou et al.
2024; Li et al. 2024), and open-vocabulary action recogni-
tion (Huang et al. 2024; Jia et al. 2023). In this work, fol-
lowing previous practices (Wu et al. 2024b; Dev, Hazari, and
Das 2024), we construct DSANet based on CLIP (Radford
et al. 2021) for weakly supervised video anomaly detection.

2.2 Weakly Supervised Video Anomaly Detection
This task was first formalized by Sultani et al. (Sultani,
Chen, and Shah 2018) as a multiple instance learning (MIL)
problem, introducing a deep ranking framework that enables
the model to assign higher anomaly scores to abnormal seg-
ments under weak supervision. Subsequent works have ex-
panded and refined this paradigm (Tian et al. 2021; Zanella
et al. 2024; Zhang et al. 2025). To enhance temporal mod-
eling, RTFM (Tian et al. 2021) integrates temporal convo-
lution and self-attention to capture multi-scale temporal de-
pendencies. To mitigate contextual bias in MIL, UMIL (Lv
et al. 2023) introduces a strategy to learn stable representa-
tions across “confident” and “ambiguous” samples, thereby
improving classifier robustness. To address the weakness
of the supervision signal, Feng et al. (Feng, Hong, and
Zheng 2021) propose a two-stage self-training framework
that refines discriminative feature representations by using
a multiple instance pseudo-label generator to train a self-
guided attention encoder. With the rise of vision-language
pre-training (VLP) models, WS-VAD has been transition-
ing from traditional statistical pattern recognition towards
semantic-aligned reasoning. Early approaches adopted VLP
models (e.g., CLIP) as visual feature extractors (Joo et al.
2023). Recent efforts (Wu et al. 2024b; Pu et al. 2024; Liu,
Lam, and Bao 2024) incorporate prompt-based or learnable
textual cues into the MIL framework to facilitate anomaly
type recognition and enhance event-level discrimination.
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Figure 2: Overview of the proposed DSANet. The model consists of three collaborative branches. The Anomaly Detection
Branch produces initial frame-level binary scores using a MIL framework. The Self-Guided Normality Modeling Branch en-
hances the model’s understanding of normal patterns by mining Dynamic Normal Patterns within the video to guide feature
reconstruction, improving its ability to distinguish normal from abnormal. The Anomaly Classification Branch aligns video
features with textual category embeddings for fine-grained classification, using Lightweight Text Adapters for adaptation and a
Decoupled Contrastive Semantic Alignment mechanism to distinguish various anomaly types from normal categories.

3 Methodology
3.1 Overview
Problem Definition. We address the task of WS-VAD,
where the input is a video set V = {vi}ni=1. Each video
vi has video-level labels: (i) a binary anomaly indicator yi ∈
{0, 1} and (ii) an anomaly category label ci ∈ {0, 1, . . . , C−
1}. A video is normal if yi = 0 and ci = 0; otherwise, it con-
tains at least one anomaly and ci denotes its category. Under
weak supervision, two subtasks exist: coarse-grained WS-
VAD assigns anomaly scores to frames, while fine-grained
WS-VAD identifies categories and localizes anomalies.

Overall Framework. As illustrated in Figure 2, our model
has three branches: Anomaly Detection, Self-Guided Nor-
mality Modeling (SG-NM), and Anomaly Classification.

Anomaly Detection Branch generates coarse-grained,
binary frame-level anomaly scores based on the multiple
instance learning (MIL) framework. Following (Wu et al.
2024b), we use a frozen CLIP image encoder to extract
frame-wise features Fclip ∈ RN×D, where N is the num-
ber of frames and D is the feature dimension. To augment
the CLIP features with temporal information, the frame-
wise features are fed into a two-stage temporal modeling
module: (1) a local Transformer, which restricts attention to
non-overlapping temporal windows to capture short-range
dynamics, and (2) a dual-channel GCN for long-range de-
pendencies, whose edges are constructed based on feature
cosine similarity and relative temporal distance. The tempo-
rally contextualized video representation Fvideo ∈ RN×D

is then passed through a binary classifier to produce coarse-
grained anomaly scores Sdet ∈ RN×1. Finally, frame-level
anomaly probabilities pi = σ(si) are aggregated by averag-
ing top-k scores for video-level prediction p̄, with loss:

Ldet = −
∑

c∈{0,1}

yc log p̄
c(1− p̄)1−c, p̄ =

1

k

∑
i∈Itop-k

pi, (1)

where Itop-k denotes the indices of the top-k scoring frames.
SG-NM Branch addresses the deficiency in normality

modeling within the Anomaly Detection Branch, whose dis-
criminative MIL objective tends to focus on the most salient
anomalous segments while neglecting the diverse and infor-
mative normal patterns in the video. Specifically, we mine
the video-specific normal prototypes to guide a reconstruc-
tion learning process. It computes a reconstruction-based
anomaly score Srec, which is aligned with the anomaly de-
tection score Sdet, forming a self-distillation mechanism
that strengthens the model’s normal representation.

Anomaly Classification Branch enables fine-grained
category-aware anomaly detection through visual-text align-
ment. In existing works (Wu et al. 2024b), all category la-
bels (e.g., ‘Abuse’) are embedded into the text feature space
Ttext ∈ RC×D using the frozen CLIP text encoder. A frame-
category alignment map Salign ∈ RN×C is then computed
between the category embeddings and video features, and
supervised by the category label under the MIL strategy: the
top-k values in each column M:,c are averaged to get video-
level category scores Sc. The alignment loss Lalign is de-
fined as the multi-class cross-entropy between predicted p
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from Sc and the one-hot category label vector:

Lalign = −
C−1∑
c=0

yc log (p̄c) , p̄c = softmax (Sc/τ) , (2)

where Sc = 1
k

∑
i∈I(c)

top-k
Mi,c. Following (Wu et al. 2024b),

before computing the alignment map, we use a Vision-Text
Enhance module that injects video-derived visual cues into
the text embedding to enhance event-specific semantics.
Technically, frame-level features Fvideo are first aggregated
into a global video representation V using anomaly score-
guided weighting: V = Norm(S⊤

detFvideo), where Norm(·)
denotes L2 normalization. This visual cue V is then fused
with Ttext via a skip-connected feed-forward network to
generate enhanced category embeddings Ttext−enh.

To reduce semantic confusion between visually similar
anomalies and normal contexts, we introduce a Decoupled
Contrastive Semantic Alignment mechanism to decouple
visual features for category-aware alignment. We also pro-
pose Lightweight Text Adapters to obtain domain-adaptive
text representations. We next detail the proposed modules.

3.2 Self-Guided Normality Modeling
The MIL-based Anomaly Detection Branch focuses on only
the most salient video parts (i.e., top-k frames), leading to
an incomplete understanding of rich normal patterns and
blurring the boundaries between normality and anomaly. In
contrast, the SG-NM branch, which operates only during
training, explicitly models video-specific normality to guide
video feature reconstruction. This reconstruction pathway
complements the detection branch by leveraging inherent
normal cues in the video, improving the temporal separation
between normal and anomalous events.

We first extract representative normal patterns directly
from the input video to ensure contextual relevance and
adaptability, rather than relying on external memory banks
to model dataset-level normality (Zhou, Yu, and Yang 2023).
Specifically, we use initial anomaly scores Sdet from the de-
tection branch to select the frame features with the bottom-
M lowest scores, forming the candidate normal feature set
Fn ∈ RM×D. To extract representative normal patterns
from Fn, we apply a single-layer cross-attention module. A
set of K = 16 learnable queries Qlearn ∈ RK×D attends
to Fn (used as both key and value), extracting K distilled
Dynamic Normal Patterns (DNPs), denoted as P ∈ RK×D.
To ensure that DNPs purely represent normal features and
resist contamination from anomalies within the candidate
set, we introduce a Normalcy Concentration Loss Lcompact.
This loss encourages each feature in Fn to be close to at
least one DNP. It is a self-supervised objective that forces
the DNPs to become compact and representative centers of
normal patterns. The loss is defined as the average minimum
distance from each feature in Fn to the set of DNPs:

Lcompact =
1

M

M∑
i=1

min
j∈{1,...,K}

d
(
Fn(i), P (j)

)
, (3)

where d(·, ·) represents the cosine distance, Fn(i) is the i-th
feature in the candidate set, and P (j) is the j-th DNP.

Guided by the extracted normal patterns, we then design
a multi-layer cross-attention decoder that reconstructs the
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Figure 3: Detailed structure of the proposed Decoupled Con-
trastive Semantic Alignment module.

video feature for anomaly detection. Video features Fvideo ∈
RN×D are first mapped via an MLP and used as the query,
while DNPs P serve as key and value. To prevent anomaly
leakage, the first attention layer excludes residual connec-
tions, ensuring that reconstruction relies solely on normal
patterns. Each decoder layer applies cross-attention between
transformed video features and the DNPs, followed by a
feed-forward network. The final reconstructed features Frec

are compared to the original features Fvideo, and a frame-
level anomaly score Srec ∈ RN×1 is obtained by computing
their cosine distance, normalized to [0, 1]. A higher recon-
struction error indicates greater deviation from normalcy.

To unify the discriminative and generative anomaly views
(Sdet and Srec), we introduce a consistency loss Lconsist
based on mean squared error. This acts as a form of knowl-
edge distillation, where each branch guides the other.

Lconsist =
1

N

N∑
i=1

(Sdet(i)− Srec(i))
2 . (4)

This consistency objective encourages mutual refinement
between branches by combining MIL’s focus on anomalous
segments with the SG-NM’s modeling of intrinsic normality,
promoting a holistic understanding of video anomalies.

3.3 Decoupled Contrastive Semantic Alignment
Fine-grained anomaly detection under weak supervision is
challenged by visual similarity among anomaly types and
interference from surrounding normal frames, leading to
semantic confusion and poor class separability. To resolve
this, we propose a Decoupled Contrastive Semantic Align-
ment (DCSA) mechanism shown in Figure 3 for fine-grained
cross-modal alignment between event-background decou-
pled visual features and text features, thus enhancing cat-
egory discrimination and temporally localization accuracy.

Specifically, we first decouple visual features. Given
video features Fvideo, we compute event-centric prototype
Fevent and background-centric prototype Fbkg using frame-
level anomaly scores Sdet produced by the detection branch:

Fevent = w⊤
eventFvideo, Fbkg = w⊤

bkgFvideo, (5)

where wevent = Softmax(Sdet), wbkg = 1 − wevent. This
performs a context-preserving soft decoupling via weighted
aggregation of all frame features, shifting the focus to either
salient events (Fevent) or the background (Fbkg).
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Subsequently, we decouple text features. The class text
embeddings Ttext = {t0, t1, . . . , tC−1} represent the
“normal” class (t0) and the C − 1 anomaly classes
(t1, . . . , tC−1). To promote a clear margin in the semantic
space, we use a separation loss that pushes the “normal”
class embedding t0 away from all abnormal class embed-
dings {ta | a ∈ {1, ..., C − 1}}. This is achieved by mini-
mizing the absolute cosine similarities:

Lsep =

C−1∑
a=1

∣∣∣∣ t⊤0 ta
∥t0∥∥ta∥

∣∣∣∣ . (6)

Finally, we apply fine-grained cross-modal semantic
alignment to enhance class-discrimination. Given a video
label y ∈ {0, 1, . . . , C − 1}, we define a dual contrastive
alignment loss as:

Ldcsa = Levent + Lbkg. (7)

The event alignment loss encourages Fevent to align with its
ground-truth class tc, while contrasting it against others:

Levent = −
C−1∑
c=0

yc log
exp (sim(Fevent, tc)/τ)

C−1∑
j=0

exp (sim(Fevent, tj)/τ)

, (8)

The background alignment loss consistently aligns Fbkg
with the “normal” embedding t0, serving as a semantic reg-
ularizer to encourage a stable representation for normality:

Lbkg = − log
exp (sim(Fbkg, t0)/τ)

C−1∑
c=0

exp (sim(Fbkg, tc)/τ)

. (9)

Here, sim(·, ·) denotes cosine similarity. This decoupled for-
mulation addresses both abnormal and normal cases:
• Abnormal video (y = k ̸= 0): Fevent ↔ tk, Fbkg ↔ t0.

• Normal video (y = 0): Fevent ↔ t0, Fbkg ↔ t0.

This decoupled contrastive semantic alignment helps dis-
entangle anomaly-relevant features from shared contextual
patterns, which reduces cross-category semantic confusion
and enhances class-discriminative representations.

3.4 Lightweight Text Adapter
To enable domain-specific adaptation while preserving the
general knowledge of CLIP, we insert lightweight adapters
into the early Transformer blocks of the text encoder. Specif-
ically, adapters are placed in the first L layers, and a fu-
sion weight ωt controls the contribution of the adapted fea-
tures. Each adapter operates in parallel with the original self-
attention and feed-forward layers. Given the intermediate
feature x, the adapter produces an output xadapt, which is
fused with the original as follows:

xout = (1− ωt) · x+ ωt · Norm(xadapt). (10)

This modulation preserves the original feature norm while
allowing directional adaptation in the embedding space.

3.5 Training and Inference.
Training. The model is optimized with a unified loss bal-
ancing learning objectives across all branches:

Ltotal = Ldet + λLalign + Lconsist+

Lcompact + Ldcsa + Lsep,
(11)

where λ balances different loss terms.

Inference. For coarse-grained WS-VAD, we directly use
Sdet from the Anomaly Detection Branch, which provides a
reliable frame-level binary confidence for detecting anoma-
lies. For fine-grained prediction, we propose a Hierarchi-
cal Belief Modulation strategy that integrates temporal cues
from the Anomaly Detection Branch’s Sdet with seman-
tic cues from the Anomaly Classification Branch’s Salign.
Specifically, Sdet serves as a temporal prior. This anomaly
score is then distributed over the C fine-grained classes ac-
cording to their relative likelihoods predicted by Salign. This
design ensures that the final predictions are anchored to the
robust temporal boundaries identified by the Anomaly De-
tection Branch, while the Anomaly Classification Branch’s
expertise is precisely targeted at resolving ambiguity be-
tween different anomaly classes. The process is calibrated
by a single hyperparameter, the temperature ratio β.

4 Experiments
4.1 Experimental Setup
Datasets and Evaluation Metrics. We evaluate our
method on two widely-used WS-VAD benchmarks: XD-
Violence (Wu et al. 2020) and UCF-Crime (Sultani, Chen,
and Shah 2018), both providing only video-level labels for
training. For coarse-grained evaluation, we follow standard
protocols using frame-level AUC for UCF-Crime and Aver-
age Precision (AP) for XD-Violence. For fine-grained eval-
uation, we follow previous work (Wu et al. 2024b), comput-
ing mean Average Precision (mAP) under IoU thresholds of
0.1 to 0.5 with step 0.1, and report average mAP (AVG).
Implementation Details. To ensure a fair comparison with
existing methods (Wu et al. 2024b; Dev, Hazari, and Das
2024), the frozen CLIP (ViT-B/16) is adopted to extract fea-
tures. Temperature scaling factors in Eq. (2), (8) and (9) are
set to 0.07. The text adapter is set to L = 3 with fusion
weight ωt = 0.1 for UCF-Crime and L = 1, ωt = 0.6
for XD-Violence. An 8-layer cross-attention decoder is used
in the SG-NM branch, where M is set to 80% of the video
length to select candidate normal frames. During inference,
the temperature ratio β is set to 5.0 on UCF-Crime and 1.0
on XD-Violence. The loss weight λ for the unified objective
is 1.1 on UCF-Crime and 5.0 on XD-Violence. We use the
AdamW optimizer with batch sizes of 64 (UCF-Crime) and
96 (XD-Violence) to optimize the model. All experiments
are conducted on a single NVIDIA 4090 GPU using Py-
Torch. Training lasts 10 epochs with learning rates of 7e−5
for UCF-Crime and 1e−5 for XD-Violence.

4.2 Main Results
Coarse-grained WS-VAD Results. Tables 1 and 2 show
coarse-grained results on XD-Violence and UCF-Crime.
On XD-Violence, DSANet achieves 86.95% AP, surpass-
ing ReFLIP (85.81%) and ITC (85.45%). On UCF-Crime, it
reaches 89.44% AUC, outperforming ITC (89.04%) and Re-
FLIP (88.57%) with the same backbone. These results vali-
date the strong reasoning capabilities of DSANet in coarse-
level anomaly detection under weak supervision.
Fine-grained WS-VAD Results. We assess DSANet’s clas-
sification and localization ability in fine-grained anomaly
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Category Method Features AP(%)

Un LTR(Hasan et al. 2016) - 30.77

Weak

RAD(Sultani, Chen, and Shah 2018) C3D 73.20
RTFML(Tian et al. 2021) I3D 77.81
ST-MSL(Li, Liu, and Jiao 2022) I3D 78.28
LA-Net(Pu and Wu 2022) I3D 80.72
DMU(Zhou, Yu, and Yang 2023) I3D 82.41
PEL4VAD(Pu et al. 2024) I3D 85.59
CLIP-TSA(Joo et al. 2023) CLIP 82.19
TPWNG(Yang, Liu, and Wu 2024) CLIP 83.68
VadCLIP(Wu et al. 2024b) CLIP 84.51
ITC(Liu, Lam, and Bao 2024) CLIP 85.45
ReFLIP(Dev, Hazari, and Das 2024) CLIP 85.81
DSANet(Ours) CLIP 86.95

Table 1: Coarse-grained comparisons on XD-Violence.

Category Method Features AUC(%)

Un LTR(Hasan et al. 2016) - 50.60

Weak

RAD(Sultani, Chen, and Shah 2018) I3D 77.92
RTFML(Tian et al. 2021) I3D 84.30
LA-Net(Pu and Wu 2022) I3D 85.12
ST-MSL(Li, Liu, and Jiao 2022) I3D 85.30
DMU(Zhou, Yu, and Yang 2023) I3D 86.75
PEL4VAD(Pu et al. 2024) I3D 86.76
CLIP-TSA(Joo et al. 2023) CLIP 87.58
TPWNG(Yang, Liu, and Wu 2024) CLIP 87.79
VadCLIP(Wu et al. 2024b) CLIP 88.02
ReFLIP(Dev, Hazari, and Das 2024) CLIP 88.57
ITC(Liu, Lam, and Bao 2024) CLIP 89.04
DSANet(Ours) CLIP 89.44

Table 2: Coarse-grained comparisons on UCF-Crime.

detection. As shown in Table 3, it consistently outperforms
prior methods on XD-Violence across all IoUs, with an aver-
age mAP of 28.87%, surpassing ReFLIP (27.36%) and ITC
(26.83%), demonstrating robustness in capturing temporal
anomaly boundaries. On the more challenging UCF-Crime
(Table 4), DSANet achieves the best performance with an
average mAP of 13.01%, outperforming ReFLIP (9.62%)
and ITC (7.90%), with clear gains across all IoU levels
(e.g., 21.39% at 0.1 and 8.00% at 0.5). These results con-
firm DSANet’s effectiveness in capturing cross-modal fine-
grained semantics for precise anomaly classification and lo-
calization.

4.3 Ablation Studies
We conduct ablation studies on XD-Violence to dissect our
model and validate the contribution of its key components.
Effectiveness of Components. Table 5 shows module-wise
impact. Based on the VadCLIP (Wu et al. 2024b) baseline,
adding the Adapter improves AP / AVG to 84.75% / 28.31%,
showing the value of task-specific text adaptation. Introduc-
ing the Self-Guided Normality Modeling branch raises per-
formance to 85.94% / 28.84%, showing its effectiveness in
anomaly detection. Adding the Decoupled Contrastive Se-
mantic Alignment mechanism yields 85.70% / 28.60%, con-

Method mAP@IOU(%)

0.1 0.2 0.3 0.4 0.5 AVG

RAD(2018) 22.72 15.57 9.98 6.20 3.78 11.65
AVVD(2022) 30.51 25.75 20.18 14.83 9.79 20.21
VadCLIP(2024) 37.03 30.84 23.38 17.90 14.31 24.70
ITC(2024) 40.83 32.80 25.42 19.65 15.47 26.83
ReFLIP(2024) 39.24 33.45 27.71 20.86 17.22 27.36
DSANet(Ours) 40.93 34.63 28.21 22.70 17.89 28.87

Table 3: Fine-grained comparisons on XD-Violence.

Method mAP@IOU(%)

0.1 0.2 0.3 0.4 0.5 AVG

RAD(2018) 5.73 4.41 2.69 1.93 1.44 3.24
AVVD(2022) 10.27 7.01 6.25 3.42 3.29 6.05
VadCLIP(2024) 11.72 7.83 6.40 4.53 2.93 6.68
ITC(2024) 13.54 9.24 7.45 5.46 3.79 7.90
ReFLIP(2024) 14.23 10.34 9.32 7.54 6.81 9.62
DSANet(Ours) 21.39 14.96 11.74 8.98 8.00 13.01

Table 4: Fine-grained comparisons on UCF-Crime.

firming its role in semantic alignment for better localiza-
tion and classification. DSANet with all modules reaches
86.95% / 28.87%, surpassing baseline by 2.44% AP and
4.17% AVG, with strong component synergy.
Effectiveness of Text Encoder Tuning. Table 6 compares
CLIP text encoder adaptation strategies. Using a frozen
encoder with class labels performs moderately (81.38%
AP, 27.60% AVG). Manual prompt(“a video of <label>”)
slightly improves AVG but reduces AP. Learning prompt
(e.g., CoOp-style) improves to (82.69% AP, 28.66% AVG),
while our Adapter-based tuning performs best (86.95% AP,
28.87% AVG), confirming that internal adaptation offers
more expressive and task-aligned features than others.

4.4 Qualitative Results
t-SNE Visualization of Category Separability. To assess
feature discriminativeness, we visualize UCF-Crime using t-
SNE in Figure 4. Compared to original CLIP features (left),
which show a heavy category overlap, our model’s fea-
tures (right) exhibit clearer inter-class boundaries and tighter
intra-class clusters. This improved separability demonstrates
that our model enhances class-discriminative representa-

Adapter SG-NM DCSA AP(%) AVG(%)

Baseline 84.51 24.70
✓ 85.00 28.15
✓ ✓ 85.94 28.39
✓ ✓ 85.67 28.25
✓ ✓ ✓ 86.95 28.87

Table 5: Ablation studies on model components. “SG-NM”
denotes Self-Guided Normality Modeling, and “DCSA” de-
notes Decoupled Contrastive Semantic Alignment.
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Method AP(%) AVG(%)

No tuning 81.57 27.60
Manual Prompt 81.05 28.05

Learning Prompt 82.88 28.26
Ours(Adapter) 86.95 28.87

Table 6: Effectiveness of Text Encoder Tuning.

Raw CLIP Feature Distribution DSANet Feature Distribution

Figure 4: t-SNE visualizations for UCF-Crime.

tions, especially for visually similar anomaly categories.
Effects of Dynamic Normal Patterns. To evaluate the qual-
ity of our Dynamic Normal Patterns (DNPs), we measure
the minimum cosine distance from each frame to its video’s
K DNPs, assuming normal frames are closer to this DNP-
defined space. We compute distributions of these distances
across all frames in the test set. Figure 5 shows that normal
frames concentrate at lower distances (mean: 0.35), while
abnormal ones lie farther away (mean: 0.69), confirming that
DNPs form a compact and discriminative representation of
normal patterns. This validates the reconstruction pathway
guided by DNPs (Sec. 3.2), where using only DNPs as key
and value ensures high reconstruction errors for anomalous
frames, making anomalies readily detectable.
Effects of Decoupled Contrastive Semantic Alignment.
We evaluate the Decoupled Contrastive Semantic Align-
ment(DCSA) by analyzing the alignment behavior of
learned event-centric and background-centric prototypes.
On UCF-Crime, we compare DSANet with VadCLIP (Wu
et al. 2024b), which is adapted to compute both prototypes
using our formulation (Eq. 5). For each video, its two pro-
totypes are aligned with 14 class-level text embeddings, and
the closest match is taken as the predicted label. Figure 6
compares the confusion matrices of the event-centric pro-
totype. VadCLIP shows severe misclassification among vi-
sually similar categories and often defaults to the “normal”

Distance to Nearest 'Normal' Pattern

D
en
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ty

Normal Frames
Anomaly Frames
Normal Mean
Anomaly Mean

Figure 5: Comparison of Frame Distances to DNPs.
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Figure 6: Comparative results of semantic alignment matrix.
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Figure 7: Comparison of coarse-grained anomaly detection.

class. In contrast, DSANet produces a much stronger di-
agonal dominance, reflecting improved class separability.
For the background-centric prototype, DSANet achieves a
99.63% alignment accuracy with “normal” class, outper-
forming VadCLIP’s 87.63%, confirming its ability to isolate
background information from event content. These results
demonstrate that DCSA effectively reduces class confusion,
leading to more precise and disentangled representations for
fine-grained anomaly detection.
Results on Coarse-Grained Anomaly Detection. We vi-
sualize the anomaly detection results of DSANet and Vad-
CLIP in Figure 7. As shown, VadCLIP often captures only
the most salient anomaly segments, resulting in fragmented
predictions and misaligned temporal boundaries. This aligns
with our observation that MIL-only methods tend to focus
on peak activation regions, leading to imprecise localization.
In contrast, DSANet produces predictions that align more
accurately with the ground truth, accurately covering abnor-
mal events while maintaining clear separation from normal
regions. This improvement stems from leveraging learned
normality prototypes, which guide the model to better cap-
ture temporal structure, thereby complementing the detec-
tion branch and enhancing localization precision. These re-
sults confirm that explicitly modeling normal patterns is
beneficial for stabilizing anomaly predictions and reducing
boundary ambiguity in coarse-grained detection tasks.

5 Conclusion
In this paper, we present a novel framework named DSANet
for WS-VAD that disentangles normal and anomaly se-
mantics at both coarse-grained and fine-grained levels. By
integrating self-guided normality modeling and decoupled
contrastive semantic alignment, DSANet achieves improved
temporal localization and class discrimination. Extensive
experiments validate the efficacy of the proposed DSANet,
achieving state-of-the-art anomaly detection performance.
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