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Abstract Weakly supervised video anomaly detection (WS-VAD) enables the identification and
localization of anomalous events using only video-level labels, demonstrating significant practical
value in various real-world applications. Although progress has been made in related research,

practical anomaly detection still faces substantial challenges arising from semantic diversity,
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ambiguity, and noise in video level labels. Current mainstream methods are predominantly based
on the multiple instance learning (MIL) paradigm, yet their performance is often constrained by
several critical bottlenecks. First, conventional methods rely on features derived from standard
action recognition, which lack the high-level semantic information necessary for capturing
complex, context-dependent anomalies. Second, the classic Top-£ instance selection strategy
tends to overemphasize the most salient anomalous segments, leading to insufficient learning of
weak anomalies with short duration or inconspicuous visual features, as well as multiple discrete
anomalous events within a single video. Finally, inherent noise in video-level labels where
anomalous videos frequently contain numerous normal segments, can easily misguide the model
optimization process. Collectively, these factors introduce significant uncertainty in learning
robust anomaly discrimination features. To enhance model focus on anomalous events under such
uncertainty, a weakly-supervised video anomaly detection method with uncertainty-guided dual-
path gating mechanism is proposed in this study. Initially, a contrastive language-image pre-
training (CLIP) model is employed to extract snippet-level features rich in high-level semantic
information. Learnable text prompts are introduced to adaptively fuse with visual features,
thereby enhancing the model’ s semantic understanding of specific anomalous events. Building on
this, an uncertainty-aware learning paradigm is further incorporated, utilizing a dedicated
uncertainty predictor to quantify the model’s confidence in its predictions for each snippet.
Concurrently, a dual-path gating selector mechanism is constructed: the soft path generates a
video-level representation that integrates global contextual information, while the hard path
adaptively determines the number of candidate key snippets. This enables the model to
dynamically focus on the snippets most relevant to anomalous events, effectively suppressing
irrelevant information or noisy interference in this process. Finally, to improve model robustness
and generalization under noisy labels, an uncertainty weighted binary cross-entropy (BCE) loss is
introduced, which dynamically adjusts each sample’ s contribution based on predicted confidence,
effectively mitigating noise interference by prioritizing training on high-confidence samples. The
primary loss operates synergistically with a class-robust temporal magnitude loss and a gating
regularization loss to enhance feature space discriminability and model generalization.
Experimental validation on three public benchmarks (UCF-Crime, XD-Violence, and Shanghai
Tech) demonstrates detection accuracies of 87.98%, 83.4%, and 98.5%, respectively,
confirming the effectiveness of the proposed method for video anomaly detection in complex real-

world scenarios.

Keywords  weakly-supervised; video anomaly detection; contrastive language-image pre-

training; uncertainty; dual-path gating mechanism
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Rz fLRE
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AN R T T AR AT R T AR R
Loon CRID TR R Lre (X 13) 0 BBK BRIEL
L 7E R 13RI 2R B IA A -

Lo = Leigneance T @(Lan + Luom ) + BL e raio
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YIZRAR AL 3954 LA (AR BEAAT SR 25 ) L ik
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4.1.2 VFAhiTER

R T A A R O R R L O S A T
VEFEAT N LU AR SR T A0 S i A I 45 3™
ZAE RS FE A

(D) #% %2 3 #: AF ¢ fE (Receiver Operating
Characteristic, ROC) fifi & T m 1 (Area Under
Curve, AUC) : X S PPk — 70 A VE B 5 1Y
PRz —. HHME2ER (True Positive Rate, TPR)
FURFHPE# (False Positive Rate, FPR) 4 .

TP FP

+ N TR T mpr oy Y
H H#, TP (True Positive) & B BH ] , FN (False
Negative) &, FP (False Positive) J2&f& FH 4,
TN (True Negative) &L [ .

ROC £k /& FPR il . TPR Sy P4l 2 il (14
2k, AUC ZIZ M Z T A .

1
AUC=| TPR(FPR(2))dz  (3D)
0

AR E A BEPLE £ — D IERE ARG & T
— AR R . X T UCF-Crime F
ShanghaiTech &4 . AUC-ROC J& T ZPEAh bR .

(2) FEXH5 B (Average Precision, AP) : X} 14
XD-Violence i% ¥ AJ BEAF 752 A1 i 5l # B OCTE
TR Co 8 =) & A% Ol B B 48 - AP J& — AN B
A B PEAL B AR MR 2R - A 7] R (Precision-

TPR=

Recall Curve, PRC) i & F A mm 2 . K5 o &K
(Precision) I [A] 2% (Recall) :
.. P P
Precmon—m, Recall—m (32)

e e rP 38 T 3 A TR [ 3K b AR B
PEAT AR5
APZZI:(R/,ika])P/E (33)
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G — H T Z I SC B0 e B R AT, HOAZ
FEAR AL ARG T A2 R e S 2
LRI
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4.3 FEMERER

T UL A AR ST B O VA A ot L O
TR SRS AR SE PR 37 5 v AT AR, AR 49 X A 7Y
ARSI 25 SR04 T W M4 M IR LR = A B R
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x1 SUAEFTENLLER

Sk P PP UCF-Crime XD-Violence Shanghai Tech
1. s SR
AUC(%) AP(%) AUC(%)
RTFM™ Iccvr2l 13D 84. 30 77.81 /
Watanabeetal. 2 ICIP’22 13D 84.91 / 95. 27
MSL! AAAT’22 13D 85. 30 / /
DAR™ TIFS’23 13D 85.18 / /
BE-WS-VADF! TCSVT’23 13D 84.05 78.08 95.00
NG-MIL™ WACV’23 13D 85.63 78.51 85.63
CLAV™! CVPR’23 13D 86. 10 81.30 /
Zhang et al. ! CVPR’23 13D 86. 22 78. 74 /
UMIL CVPR’23 13D 86.75 / 96.78
MGFN® AAAT’23 13D 6. 98 79.19 /
Fan et al. ©” TCSVT’24 13D 86. 19 83. 60 /
OE-CTST™! WACV’24 Video-Swin 86.99 81.78 /
CLIP-TSA® ICIP’23 CLIP 87.58 82.19 98. 32
TPWNG (AFEH 7 ) CVPR’24 CLIP 87.79 83. 68 /
IFS-VAD? TCSVT’25 CLIP 86.57 83. 14 97.95
VRS CLIP 87.98 83.40 98. 50

T DL He 7 iR 5 Ak B IRSC, /7 3R AR AR TR R T E 36 52 B ML AR e LA

4.3.1 IEGI5H

WA 3 FT7R 6 T & HLAL 5 A AT, A5
RUIE e AU Y = o Aot 2 L, TSR
BRI DRI 7 A 2 R = A B . T DLE
FI], &I RAE e s AR AL g 1 1) S i o B GlE A th 20
TEA IR S0 & A B E) B 9 S 2 e O 5 LS
S DX R O g 52 XSO = W) . R BB )
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[ Oy 2 e 5 DX 30O R 2 25 1T AU 26 KR 4. A
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ICR S
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T I AG AR SO R e PR T
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F| Ay 7E UCF-Crime, XD-Violence X 4 - A 43 £
15 & (Shanghai Tech F 48 42 M 1A 4R (A 5 —F
), 1T 7 B TC k2 BRI AR an & 4 B .

TEJF AR FFIE B IE (R 050 AN S (B 8 050
FEARM MR G B EMRAMES. RETLUE
H1 R A oy 38 IX Sl T R A SR A R B (HRE AR
HREAR Z [B) Bt Z T M0 & R MR AT A B R . Xk
W46 () CLIP RRE BAR B & T F 8 i UfE B,
(B N T X535 2% 10 L SRR S5 I8
Bri, A R IE 23 [B) 4540 T BE AN 2 A B S0 81
FRAAY 3 S

FEG AR S PRI SR A TR IE SR B 5
5 T 5 50 R Be A o A R B 1 o ks
MR orEtE . ATLIE B, IEEFEAS (SR 60 2D T78
AR 2 [B) Y SR8 DX IO O £ Hh B S T S B A AR
ORS00 50O WU ST 22 Wl 53 A 785 2 AN [ 8 DX, B3 T 1
T H S MBI RERN . RS PISFEA Z [T SR AT
TE— 8 B SCHT X GX s B T WS-VAD AT 55 1 [E A

SERE NS5 () Z R o AHAHAS T IR LR HRRAE , BT A 3
S B R AEAE AR I 2 B L R A 1 285 (1) - i A
IS R . X IR B T AR S A
T3 1 i e AR AN R PR B | R R S AS T 1P B R DA KL
PARARAL » BEAS AT R0 27 > 20 57 HL )0 M (9 R i
7~ WITHETH T XA 1% 5 5% 7 Beriae o
4.4 EHR#HRE

R T ARG M PTG AR SCEE M BN R 1 5 | A
He U1 P PEAIL T L S PRI e AR 3R £ SR 1) 5 34
P, I A A3 WAL B 2O BE A TR L AT R4 T
T —FRINERCR N3 2 s .

A S I S5 A AN E S A BT 4 BE
FE L] TR AR AR IR AR SR W L A5 A 1 B Gk
B (F 245 117) , 7 UCF-Crime . XD-Violence
H1 Shanghai Tech £ 4l 4 |53 5135 5] 87. 98 %0 AUC,
83.40% AP F198. 50U AUC. 24247 EKR TN
MEREAR R AL RIS, 7 — B 4R D YERE I R RE T
0.55%+0.50% F10. 07 % » 3 42 PR -y AN iff 2 P 7T LA
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1-SNE of Raw CLIP Features-UCF 1-SNE of Model Aggregated Features-UCF
& *Normal = +Normal
=g ae * Abnormal - Abnormal
. -
,-*3 R e ¢
= Y . v W
T Z o B Vo /
RY > o
\.: \.W
&
a: UCF-Crime 3l 42 5G4 E 15 1 B8 5 45 4E
1-SNE of Raw CLIP Featurcs-XD 1-SNE of Model Aggregated Features-XD
‘Normal ~Normal
*Abnormal +Abnormal
b: XD-Violence #4fs 42 FLARFFNE 15 A0 B 5 45 HE
K4 #ITEXT LY
*F2 HRMER
‘ n UCF #dig 4 XD $di 4 SH %S
AWE LS WA 45 DRI A SR A - -
AUC(%) AP(%) AUC(%)
N N NG 87.98 83.40 98. 50
N N 87.43V0.55 82.90 ¥ 0.50 98.43 ¥ 0.07
N NG 86.90 ¥ 1.08 83.02¥ 0.38 98.37¥0.13
N NG 86.78 ¥ 1.20 82.88 Y 0.52 98.36 v 0. 14
N 86.10v 1.88 82.27v1.13 98.33v0.17

VAT B AT , A R RS A TG X i AR 7Y
G RCHEE. 3T R T AR A,
E AN EHE 42 L MERE 4 0 R R 1.08%6.0. 38%0 FiI
0. 13 %% » 3 2 PR kg BE REAIL ) 726 412 0 0 ) 4 15 B 1kl
(I EHEVE T o 26 447 L0k T R s e,
REFMITRRET 1.20%.0.52% F10. 14 % A& 30 T A~
W S R RIE RE MRS I 35 . S L T
AR SC ) SERAETRY_E i AR 2 M5 | A (AL AN
B P TN %) L PERB U R B T 1,882 1. 13% Al
0. 17 %0 5 1, 5 il S 55 235 SL 175 T 2t 22 BT, A o
I FARHR XUT] 45 BE BRI L B VR SR AR 2R £ S s
= ARG AR AR, G [R] RARA PE RE R T T A W] B

4.5 BHEHSWH
4.5.1 BEYLATEREREN
RAEHESRRCR S A TR B 2 ) A1 A7 L 0
S R I S IE R N B R 10 5% 20, ANk 3 BT
N AN N U 9 5256 25 S B L 2 N=5 i), 570
1 UCF-Crime . XD-Violence #11 ShanghaiTech %¥
£ bR BE 4 9 K 87. 65 % AUC, 82. 96 % AP Fl
98.42% AUC , B} 75 25 i ANFa i o Al TR BE AR
M N=10 i, =3 PR 53 B 82+ 0. 28%6.0. 3224 il
0.06% 2 87.93%.83.28% H198.48% . &5 4 T
FaAE T 24 N=20 It , A3k B B NG L E— A0
fm0.05%. 0.12% #1 0.02%, i5 #| 87.98%.
83.40% F11 98. 50% » #1451 Fc NG



818 SREBCLE A 5 M A A DN < A S 5 R A XU AR 1 TR L ] 1729

®3 HEBTEEBEREN

N UCF #ufln % XD #dln e SH £ &
AUC(%) AP(%) AUC(%)
5 87.65 82.96 98.42
10 87.93 83.28 98.48
20 87.98 83.40 98. 50

4.5.2 BT T S8

R PR GE LB TR R 78 AS TR BN 4R 0 o
e BUAE » 52 56 41 X UCF-Crime. XD-Violence #l
ShanghaiTech =% 4 B A [ 5 70 A R Ak L 73
SIS E T ANFEE 38R IX 8], I LL0. 05 A K ik 17
DA 4 2% LA S 25 5 S X IO 1 e o {1 5 SR
FAPIR . TR R p W L BUE S5 5 4 1
SR AR FRAE R A OG . AN . UCF-Crime X
P B 7E 5 =0. 45 B} 35 B 5 L M BE . AUC e >
87.98% . ZBHELEMFH i Bol H K HAami
E S BN A3 B T AR S S B B . XD-
Violence 3 £ 75 n=0. 55 I} & LA, AP {5
83.40% . ZEBHREALE Z B H A KRB g
A BT R KA . A T4 T % 22 B S 59 4 [l
fit J1. ShanghaiTech (4l £E1E p=0. 35 i BUAS B Al
559, AUC R 98.50% 1 Tz B0H S A i 45 e HL

SR AR BN 7 BEA AN R M A T
x4 EOIATEF SO
YGRS R Rty POPIELYN
UCF-Crime 0.30-0. 70 0.45 87. 98AUC
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Background

As a fundamental task in computer vision, Video Anomaly
Detection (VAD) aims to automatically identify and localize
events that deviate from normal patterns in video sequences. With
the explosive growth of video data, VAD has become increasingly
valuable in application such as public safety, emergency
response, and content moderation. Early approaches to VAD
predominantly relied on fully supervised learning, which, despite
its effectiveness, demands costly fine-grained frame-level
annotations. Unsupervised and semi-supervised paradigms reduce
this annotation burden but often suffer from high false-positive
rates due to the lack of prior knowledge about anomalous events
and the inherent complexity and diversity of what constitutes
“normal” behavior in real-world scenarios. In contrast, Weakly-
Supervised Video Anomaly Detection (WS-VAD), which
requires only video-level labels during training, achieves a more
favorable trade-off between detection performance and annotation
cost, and has thus emerged as a prominent direction in recent
years.

Most existing WS-VAD methods are built upon the Multiple
Instance Learning (MIL) framework, where videos are treated as
“bags” and video snippets as “instances”. For example, a seminal
work introduced a ranking loss to maximize the score margin
between the highest-scoring instances in positive (anomalous)
and negative (normal) bags. Subsequent studies have adopted

Top-k selection strategies to jointly optimize multiple highly

salient anomalous instances. While these methods have advanced
the field, they still face several critical challenges. First,

conventional instance selection strategies tend to focus
predominantly on the most salient anomalous segments, often
resulting in insufficient learning of weak anomalies, those with
short durations or subtle features, or failing to capture multiple
discrete anomalous events within a single video. Moreover, when
faced with ambiguous or difficult-to-define events,

but

existing

models frequently produce overconfident erroneous
predictions, lacking the ability to quantify predictive uncertainty,
a limitation that hinders both reliability and interpretability.
Additionally,

numerous normal segments, such label noise can significantly bias

since anomalous videos inherently contain
the optimization process and degrade model performance.

To address these issues, this paper proposes a weakly-
supervised video anomaly detection method guided by an
uncertainty-aware dual-path gating mechanism. The proposed
approach explicitly estimates the prediction uncertainty for each
video segment and leverages this information to steer the dual-
path gating module and refine the loss function. Extensive
experiments demonstrate the effectiveness of the proposed
method, highlighting its potential to improve both detection
accuracy and robustness in real-world applications.
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