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Abstract We propose a simple and effective weakly supervised learning method for detecting anomalies in videos. We
propose a model to determine whether a video is normal or abnormal by using all the segments obtained from the video as
input, and introducing a self-attention mechanism to analyze all the input segments and extract features that are important for
determining normal/abnormal. The proposed method does not require MIL because it learns per video instead of per segment.
As a result, the implementation of the method is simple and the number of hyperparameters to be specified during training
is reduced, which improves the ease of use. During inference, the target video is divided into multiple short videos, and the
proposed method is applied to each divided video to detect normal/abnormal per short time. We evaluated the frame-level
detection accuracy of the proposed method on three benchmark datasets (UCF-Crime, ShanghaiTech, and XD-Violence),
and found that the proposed method can achieve the comparable accuracy as the state-of-the-art methods. In addition, the
accuracy can be further improved by ensembling with other methods. We perform MIL on features extracted from segments
by bidirectional LSTM to develop a novel anomaly detector for a short-term segment. We show that by averaging the results
of the long-term and short-term detectors, we can achieve better detection accuracy than state-of-the-art methods.

Key words Video anomaly detection, surveillance camera, weakly supervised learning, ensemble
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Fig.1 Overview diagram of the proposed method during inference. (a) The

input video is divided into segments, with 16 consecutive frames as
one segment. (b) Each segment is converted into a feature vector
through I3D [17] as the feature extractor. (c) Multiple feature vectors
(four in this figure) are put into one bag. (d) Each bag is input to
the Video Classifier model to calculate the anomaly score for each
bag. (e) We also input each bag into the Bi-LSTM+MIL model to
calculate the anomaly score for each segment in the bag. (f) The
Video Classifier and Bi-LSTM+MIL scores are integrated (averaged

here) to compute the final per-segment anomaly score (f).
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10-crop A —F 2 X ¥ F—3 a ¥ #fF»72. XD-Violence 7— &
v MZOWTRBEFEFE 4] LRI, BEENIH L S-crop
F—=—FaXvr—Yariiiork.

4.3 Video Classifier TT LD

F & X Video Classifier \ZBJ71H] LSTM 225 Z &, %7,
Video Classifier 7» & self-attention $§fEZ B D PR Z & 1B T
ZEBETo. XEZHDOXRKIZBWT, Lin & [18] DE
TANENGEREEZER L TV 35, KJ7H LSTM O#%IC
self-attention B HW LN TWB. ZhESZITH AL D Video
Classifier .2} W LSTM %M Z72E 7 V% Vv, BERHOE
[ERHMi % 1T o 72. BRI, 3.1 EETHRZE L 7= Video Classifier

— 5



T F; ZE# Atten-MLP1 ICA I LTWS (K2) DIcxfL, W
HTE LSTM #1272 EF AT F; % £ 3EA5E LSTM 12 A
71U, BT LSTM 56 O HJ1% Atten-MLP1 IZA 13 3.

EEER T 1127”7 F. UCF-Crime 7 —&X -+t v b & Shang-
haiTech 77— &t v b TIE BD XX > THLNFHEER®H
W7z, XD-Violence 7 — Xt v MIEFREREZATVED
T, 3D IZHNX, VGGish IZ& » THELNLRHUEE AW,
UCF-Crime 7— & » b ¥ ShanghaiTech 7— &t v FZDW
T, WA LSTM % FiW 3 self-attention $§AE D A% Flwv 72
EFNL (Bl BETEELLETL) 2D EWEHIEEZERK
L7-. XD-Violence 7— &+t v MIDOWTiX, MM LSTM ¥
self-attention B D /5% W= BT AN R D BVWRHEEE %
ER L. 23U XD-Violence 7 — Xt v b OKHENIIHFIE
WEEATWS 2, FAEGHICE L TRITH LSTM A3hEM
WKEW2D TRV LR T 5.

Bi-LSTM  Self-Attention ‘ UCF-Crime ShanghaiTech XD-Violence

v 81.72 92.90 75.92
v 83.96 95.40 75.43
v v 83.28 94.06 78.75

# 1 Video Classifier &7 WIZDWT, AT LSTM DB self-

attention MO FREICEE S 2 EER DR,
Table 1 Results of experiments on the addition of bidirectional LSTM and

the removal of the self-attention mechanism for Video Classifier

model.

4.4 UCF-Crime 7—4t v FDOERER

#£ 2 12 UCF-Crime 7— &t v MZBII 3 7L — LB TOD
AUC #E% /RS, Video Classifier €5\, % 721% Bi-LSTM+MIL
ETFTNERMTHWEZGEETD, MIL KESBIFEFEEHE
L, BLAFZENRID bEVRHKEZZER TETWS. [
U I3D RGB OFRE % W TW3 MIST[22] % Wu & [4] DF
L #8832 &, Video Classifier BARTH mWRHEE 2R L
TW5b., Y IIVERFERIZHED ST, Video Classifier 1% MIL
WHO S FHEBER O EDZERTRETH 5 2 L Hi7
M%. %72, Video Classifier ¥ Bi-LSTMA+MIL % §i& LU 7= Fik
(Ours) 1&, BHFFEROP TR O MERE DE D - 72 Tian 5 [20]
@D RTFM & D b 0.42% BWHHREEZER L TW5.

4.5 ShanghaiTech T—2t v F DREER

2 312 ShanghaiTech 7 — &t v MZBIF % 7 L — LB TD
AUC MEE% /RS, Video Classifier €7V, %721% Bi-LSTM+MIL
EFNEHMTHWESETY, MIL IZED S BIETFE L AE
b, HLAEZENRLD bEVRIEEEZERTETWA. Video
Classifier ¥ Bi-LSTM+MIL % #it& L7=FiE (Ours) 1&, BEFFE
DTS RHNEE D EH - 72 Tian 5 [20] D RTFM ¥ L#E L
T093% H 2R otz. LhL, YVTAREFTLTHS
Video Classifier ISEEZED WL D DFE L L T EWRH
FEEZRLTEBY, Video Classifier DEREZRLTWVWS.

4.6 XD-Violence ¥ —4%1 v b DREBRIER

% 41T XD-Violence ¥ — Xty MIBIF 2 7L — LHAT
D AP MREZ RS, 4.3 BTN K 512 XD-Violence 7 —

Supervision Method Feature Type | AUC(%)
Unsupervise SVM Baseline - 50.00
Conv-AE [5] - 50.60
Sultani et al. [19] C3D RGB 75.41
Zhang et al. [6] C3D RGB 78.66
Motion-Aware [8] PWC Flow 79.00
GCN-Anomaly [7] TSN RGB 82.12
CLAWS Net [9] C3D RGB 83.03
Weakly Supervised Wu et al. [4] 13D RGB 82.44
MIST [22] 13D RGB (Fine) | 82.30
RTFM [20] C3D RGB 83.28
RTFM [20] 13D RGB 84.30
Video Classifier 83.96
Bi-LSTM+MIL I3D RGB 83.14
Ours 84.72

# 2 UCF-Crime 77— &%t v MBI 2 7 L — LAHAD AUC PEREL
R, BHRbDEVEE, FAZHFHICEHEWBIEZRT. “Ours” &

Video Classifier ¥ Bi-LSTM+MIL %#i& L= FikERT.
Table 2 Comparison of frame-level AUC performance on the UCF-Crime
dataset. Blue is the highest value and red is the second highest

value. “Ours” represents the integration of Video Classifier and

Bi-LSTM+MIL.
Supervision Method Feature Type | AUC(%)
Conv-AE [5] - 60.85
Unsupervised Mem-AE [2] - 50.60
VEC[12] - 74.80
GCN-Anomaly [7] TSN RGB 84.44
Zhang et al. [6] 13D RGB 82.50
CLAWS Net [9] C3D RGB 89.67
AR-Net[13] I3D RGB&Flow | 91.24
MIST [22] I3D RGB (Fine) | 94.83
Weakly Supervised
RTFM [20] C3D RGB 91.51
RTFM [20] 13D RGB 97.21
Video Classifier 95.40
Bi-LSTM+MIL 13D RGB 94.06
Ours 96.28

# 3 ShanghaiTech 7— &t v MIBIT 2 7L —LHAID AUC HHELL
. D EVEE, FATEFEHICECBEEZRT. “Ours” 1X

Video Classifier ¥ Bi-LSTM+MIL %#& L7 FikERT.
Table3 Comparison of frame-level AUC performance on the ShanghaiTech

dataset. Blue is the highest value and red is the second highest
value. “Ours” represents the integration of Video Classifier and

Bi-LSTM+MIL.

Xty MIBEFRBEREEATWS 29, self-attention FEHE D i
WM T LSTM % F\W 7z Video Classifier €7 VD 15 R HAE
EAEN. D7 MI51E LSTM % 7= Video Classifier &
FLEDHEBITo72 (£ 4 D “Ourst”). 13D RGB F¥&E %
WzAESTIX Video Classifier €7V, Bi-LSTM+MIL &5 V3
12 Wu & [4] 2 RTFM [20] & B LT 2468 & o7z, 13D
RGB F &I 2 B EHRE HW5E1E, Video Classifier €
TV, Bi-LSTMA+MIL & 5 L3012 Wu & [4] ORMHEAEE 28 X
2. F7, MELEETAZHWESGSE, SAFE—XLR
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Supervision Method Feature Type | AP(%)
Unsupervised SVM baseline - 50.78
Hasanetal. [11] - 30.77

Sultani et al.[19] | C3DRGB | 73.20

Wu et al. [4] 75.68

RTFM [20] 77.81

Video Classifier | I3D RGB 75.13

Bi-LSTM+MIL 73.30

Weakly Supervised Ours 74.99
Wu et al. [4] 78.64

Pang et al [26] 81.69

VideoClassifire 13D RGB 75.43

VideoClassifiref +VGGish 78.75

Bi-LSTM+MIL 80.54

Ours 81.06

OursT 82.13

# 4 XD-Violance I2BF % 7 L — LHAiD AP WRELLE. FAHKDE
WE, FOAZFHICEWREZRT. “Ours” I Video Classifier
& Bi-LSTMAMIL Z#i& L7 FiE%E RS, “Ourst” 1% Video Clas-
sifier XU F] LSTM %381 L7z & 7V ¥ Bi-LSTM+MIL % $i&
L= FEELRT.

Table 4 Comparison of frame-level AP performance on the XD-Violance
dataset. Blue is the highest value and red is the second highest
value. “Ours” represents the integration of Video Classifier and
Bi-LSTM+MIL. “Ourst” represents the integration of a model that
adds bidirectional LSTM to Video Classifier and Bi-LSTM+MIL.

Dataset Method ‘ Feature Type ‘ AUC(%)
RTFM [20] +Video Classifier 85.21
UCF-Crime | RTFM[20] +Bi-LSTM+MIL | 13D RGB 84.24
RTFM [20] +Ours 85.11
RTFM [20] +Video Classifier 97.14
ShanghaiTech | RTFM [20] +Bi-LSTM+MIL | 13D RGB 97.40
RTFM [20] +Ours 97.48 -

K5 PHFTRCMELIHED AUC THRE

Table 5 AUC performance when integrated with existing methods

Bl o BEMHEICRHE L2 FIETH % Pang &5 [26] DFiLE L
LT 0.44% WIS EE 2R U 7z,

4.7 BIEFELOKE

Video Classifier 1 EHAN 2GR %Z > REMHIZTD 573,
BRI 7 X v MIcED K B—EMHES Bi-LSTM+MIL L&
T3 THEBELREEMHPAIREL 25 2 B/R L. Ly
L, ThoAHNOFEL BHET I I ARETHS. K51
TR HE LEED AUC HEE% RS . UCF-Crime 7 —
Kty MBI BHEERTIX, RTFM [20] ¥ Video Classifier ¥ @
AT E D, RTEM [20] BT OB ¥ H#E LT 0.91% ORERE
Ml_L %R T % 7-. ShanghaiTech 7 — Xt v MBI} 2 EBHT
&, RTFM ¥ Video Classifier ¥ Bi-LSTM+MIL ® 3 D DFED
AL D, RTRM HITHH U 72356 & HER L T 0.27% O
FETA R % R T & .

4.8 BEOBEI L OHAIMEE

UCF-Crime 7 — &+t v MZBIT 3, B 0RO AUC 1HEE

= Ours
s RTFM [20]

n  Assault Burglary Explosion FightingRoadAccidentsRobbery Shooting Shoplifting  Stealing Vandalism
Abncrmal classes in UCF-Crime

4 UCF-Crime 7'— &%t v MZHB) 2 BEREI AUC MERE
Fig.4 AUC performance by anomaly classes in the UCF-Crime dataset

81 Video Classifier
—e— Bi-LSTM+MIL
80
1 16 32 48 64 80 96
Split Size(l)

K 5 UCF-Crime 7— &+t v MBI 2 HEREOEESE Y4 X1 &

AUC 1REDBER

Fig.5 Relationship between the split size / and AUC performance on the

UCF-Crime datasets during inference
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95.71 94,74
3
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Video Classifier
—e— Bi-LSTM+MIL
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X 6 ShanghaiTech 7— &t v MIBI} 2 HEERIFOBIEDE A X1 &

AP HERED B R
Fig.6 Relationship between the split size / and AP performance on the

ShanghaiTech dataset during inference

X 41T T. $ERTEE Arrest, Arson, Assault, Burglary, Road-
accident, Explosion, Stealing @ 7 A0 FH 1233 T RTFM [20]
CHBLTEY, d LLERFOMEBELZEN TS 2
C%7z. T Arson, Assault, Explosion, Stealing @ 4 fE¥H1zD
W 5% BV E DR EZ2ZERTE L. b 4 fE
&, MR ANV o8 = 2 BRI T 2R Uit i
WERBETHZ0, ZOMRIIREFED LT RN
ERZONZZEERLTVEDOTERARV,LLHERT S, ¥
7z, Abuse, Burglary, Robbery @ 3 fEHIZDW\TIi& RTFM & [H
FDORE ¥ 72 572, Shoplifting, Vandalism @ 2 FFHIZDOWTIX

RTEM 1295 BiER & 72 o 7. IRBTFHRIIRYIN L 0% & EHIR
BOBEMET 2720, s 2@EICA NS XS 2N
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Fig.7 Visualization of anomaly scores of the proposed method and the existing method on the UCF-

Crime dataset. The blue line shows the anomaly scores of the proposed method, and the black

line shows the anomaly scores of Sultani et al.’s method [19]. The red blocks are ground truths

of anomalous events. Blue circles indicate correctly predicted frames, red circles indicate incor-

rectly predicted frames, and orange circles indicate incorrectly labeled frames.

REFIIH LU TOSEIHE L VO TR WL HEER T 5. £z,
RTFM I\ O8I = DRz LFIEA DN IFETHLI L
W5,

4.9 DEHAXOELLIREBEAOTE
FKAZ32ETHEI A X1 ZER L. RETHRIIHEGREE
N HORENRT SV m = N/LEDANY 70232729,
FNy 2 ORI A AoTWS., FEHY A X1
DIEIZ & > THRHEBENZE( T 2 DT, UCF-Crime 7— Xt v
b ¥ ShanghaiTech 7— &t v F ZHWT, | DZLHIMEFERE
KD ESICHEE 5250 %#E L. UCF-Crime 7— &
£y MBI AMEREZX 512, ShanghaiTech 77— &t v MZE
IARERER 6 1R, RCTHENZRREFIRCBI 2R
bEWRHEFEE %K T, Video Classifier, Bi-LSTM+MIL 312,
12320 AifRICHR 2 ETHIBEDL L2lo T3, EE50F
HEHRMN R RHERr P EE LTBD, H2EEDOZEY A X
WRAEI Z e b 5. Video Classifier 72N CIEEH T2 2, ¥
L5507 =2ty MZBWTHRBMHBEOSWASEIY A X
KBV THFOREHKDOF R AEOBMBBE L koTWw3.
Bi-LSTMAMIL 723 WCFEHT 2 2, ¥55607—XtEy MIB
WTH [ DBHEEEREVE FCRIEVHBREEZRLTY
3. ZHUILSTM ZHW3 Z & TENAZ RNV EIEX %
ZEMNTETVWEIELERLTWVWS, 2O0DETFTAERE LR
FHEOMRICEHT 2L, DEVAXIDPHEHEERENL &
X, FEVA X OECEDSTEVHEETEE IR TE 2
bbb, 2O0DFETLOMERITI LT, FHVAX
[ DEREAEINRY, ZELEEERHBIELATWS Z
EWRPB.

4.10 E 9 W

UCF-Crime 7— &t v MZBWT, BEFESTH L -BE
2a7 %K TIRT. HEBODICR CREEZ VTS L
7z Sultani & [19] DETFNVIC LB EERa7EBR L. £z,
7-d {2 DWW Tk Video Classifier &7 /VHAK, Bi-LSTM+MIL &

TOUBMIC I 2RBHER a7 dRT. BEFHEIRANLSEHL
I 2 R FIRICIT 2 o TWB o, X 7-a DEIEOD & 5
RE AV FREATRERZL2RZIRW X S REFH, 7-b
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DEPZWC T L =54 Y LT 2 X5 RKNDSD %55, MIL 12
Ho < Bi-LSTM+MIL € 7L Sultani & DFETIIEF 2 LT
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5 &
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