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Research progress on skeleton-based human abnormal behavior
recognition and detection

ZHU Hong-lei, WEI Peng-juan, XU Zhi-gang®
(School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: The technology of human abnormal behavior recognition and detection has been widely applied in various
fields. Due to the problems such as object occlusion, illumination and visual angle changes and complex background in
video, lightweight human skeleton becomes a competitive tool for processing such real-time tasks. Most researches have
reviewed the methods relevant to this task from different perspectives, but there is a lack of work on human skeleton.
Based on skeleton data, this paper systematically reviews the methods of human abnormal behavior recognition and
detection under the background of deep learning. Firstly, according to the different number of targets in the application
scenario, human pose estimation algorithms are classified and summarized. Secondly, based on the different feature
extraction networks, the abnormal behavior recognition methods are divided into five categories, which are compared
and analyzed around the CNN, RNN, GCN, Transformer and hybrid models. Then, from the perspective of data and label
mapping learning, three types of abnormal behavior detection methods are discussed. Finally, the baseline datasets and
the performance of related algorithms are introduced, and the challenges and prospects facing this task are discussed in
order to provide reference for future research in this field.

Keywords: human skeleton; abnormal behavior recognition; abnormal behavior detection; deep learning; pose estimation

algorithm; attention mechanism
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BTN T T v T GON I J v K 4
SER R IR DR A AR TV SR, B SRR FE T A
N ERsEaT A

T S e AF R I 2 (1 LR 1S S, Tang 2505
P2 — P I i SR R O SR A A ) ik

DPRL, & i 5 4k % 3 A 7 51 Hh 4 B o 0 (1
ST, TR H N B GON H kAR AT . %05 VR
A7 TSR I AT A TR, R O B o ) 3o A
5] e 2z 25 O Hh H6 5 B ) I (3 R 2T IEENTU
RGB+D60 %4 5 CS CV YA b vhE T [ 1 551 Ay 2
43 B E]83.5 %+ 89.8 Y.

Yan S5E060 15 PR T B p 28 2% 8 TN
B BRI AT R Bl B A, 3 L I A AR R 4% ST-
GCN (G W £ 1530 41 18] 5 i 7), Bh 2 () A0 B[] o AR A
AN YN NS e ey o= SR I R R A RS
I P B A R S 3 e A0 1) 250 2 ke B X 2 51 SR 0
&R, R ARG R R Iz G D). BT BB
(1) I 52 B A PR, 1% 7 v R e AR A A1 5 T A 1 A5 ()
REAE 5 50 I8 SRR AL, BRI 7 X 42 JR) I 2 R AIE 1) 2
3], % )7 :4E NTU RGB+D60 #4542 CS. CV i b
TR TR VA 2243 ) i 51 81.5 % 88.3 %.

5% ST-GCN# HUE 22 {5 BB K, 5 8 2
TAECLH A EER IE 34T 1 04k, 3 s B ) 42 5
RSO RS B ST R ), E RS BT E ST-GON A&
fitlh Al HE A, $ R N O R P A AR R 4 I 4% ST-
AGCN, SEHL T B B 11 23 [R) 45 M REAE I $E ORI 42 JR) |
TN S TR S PR JEABE, S Ja Bk 22 5 A R A DR AR L 1)

5 | e . ; £
|::>} T o ' ’:> = Running
‘ } e - =
| {Tal oS 18 1 —=
Pose | v ! Action =
Estimation \ / Classificati N
Input Video B e o e S - Classification
ST-GCNs Class Score

5 ST-GCN g 1& 510l
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Fa B S ER. %77 1 1E NTU RGB + D60 $#i 4 CS. CV
PR BRI T TR R 22 73 015 31 86.4 %+ 92.1 %.

R A IR A B A R, B AL S B A
T K25 55 I SRS B T V2 P W 3 A5 08 4 th —
b = 2 5 A 5 08 B 1 1 S AT O R AR B,
% = Yt B AU HLAG I (8] 5 25 ) AN SRR 4E B, T
ST B L S A A B A R EG SN E R
JIH TR R B R T TR A DG R DGV AR
BT HIEM., REMATNE B T IEENTU
RGB+D60 4 4 CS+ CV VP Ar e T (915 51 A 5%
4394 89.43 %+ 93.3 %.

B AE i 2R R) DG st A v = L, 38 4
TR FAE T I 380 2 36 3 4 DA S SRR A SR EL. N
T A2 IR AL, EREDV R H— R B S RAT N
WA STFE-GCN, 43 Al AE 2 3 ANy e A8 A B
EAHUH) SR A A B Y, I SOt T T R T 4,
SEHLE KRR R A R B SCRFAE R AL % T VA AE
NTU RGB+D60 %4 5 CS. CV P-4 b5 R (114 51
YR 73 1 9 89.8 %+ 96.0 %; /£ NTU RGB+D120 %¢
P 4L C-Sub. C-Set PFAT AR AE T B R A AERA 2253731 A
84.1%- 86.3 %.

B SCE BT R S AT R A O E
Ye ZE000 |- N SC i W 48 i N R B2, B &
Z A BT S ) 45 48 3 B 2 GCN, =52 B 3y 31 3 1)
o) 0000, K BB R S 4 T IR HE R 5 S B
oS 1)L 3% 7 E NTU RGB+D60 $45 4 1) CS.
CV I FRUE T 2 BIIEE 91.5 %+ 96.0 % [T .

TRFEAR BAE R 45 B 78, ol B B T e A
FiH. Ding OV H H — P 5 T 0 2 R R IE 24T N
WA LIRS I 2% AR AE A8 B Skt & 5 kA2 28
& B8] 2 S W AT . %R R T B ML IR

FEAG THI7 R BT SR S B, R H 5a i
OpenPose $i2 U — 4t SLAABR AH 45 G T il = 4 i 42
Bl 2 5, I BG4 SO 3 3RSk
X R AR I N AR ZEAEAE HEAT 0 28 1% VEAE B AL
PEAE b (R B HER R K 51 99.5 %, {H N FH 37 55N B

KGR X 25 PR L 0/, TR v B AU N |
ZR R R A )z R BRI SR VA PR R L
137 R AR AEAE — Lok e SRR AE TR A
B AHE R A R oS E B AR H BB W] LS
FI| 22 BRACHS, (H 15553 2% B AT Ak A FE Bt 2 38 . ok
UbZ oh, BG4 E e Ab B AL AR S B IR B RE 1 5
52 B MEFR A AT RS 1) 5.
2.4 ETF Transformer IR EITAHIRA L

Transformer ¥ 45 J& — Fp & Ty E & Sy AL 7] FF
A7 A4k A B HHE 1 TR B A 2 I 251920 2017 4E
Googlel®3 4 H LA, 75 H R 18 5 ARG T E
KT, 51 T L5 U 70 13 7=, IR L 8
TG 5 RI64651 | H ARAG 0] 1 S 431671 A Ao
i 681 25 2 K LA DAL 55, [RII, Transformer A
fr AR VINI®(video transformer network) tH 1 7
BB FAT R IR BT 50731,

TE LA 5 1 AT 9 A 0 433, Transformer 75 22 []
I 2% 5] B 2R 0 S T SR 3015 B AR P Bl A 15 . &
X A AR K 48T 41, Shi S0 B — B IR R R
Transformer 4T A TR AR B STAR, FH: /X 25 45 784 4 ]
6 BT 7. Z A5 Y i 72 (8] G 5 28 R B [R) 4t L) 28 2H 1, 0
il N FH R R SR 2 B B R R L BA YD T AR
P A7 BRI, %5 106 NTU RGB+D60 5 5 /1 CS.
CV M FRUE T 73 A £ 83.4 %o 89.0 % HIHER %, 7E
NTU RGB+D120 #4541 C-Sub. C-Set PFAT 5 1HE T
I3 B3R5 78.3 %+ 80.2 % [HIHERG .

Temporal Transformer Encoder | -~

-~

- .| Spatial Transformer Encoder e [ ( _ ST-Transformer block x N

LY
1

Spatial Transformer
Encoder Layer

context
"_atlention 1

Context
Attention

:
2
3
3

(]

(a) Temporal Transformer Encoder
Layer: The attention module is

a Segmented Linear MHSA isa Spare MHSA

(b) Spatial Transformer Encoder
Layer: The attention module

(¢) The architecture of our
model: Consisits of N
ST-Transformer block

6 STARM4&HEHIT]

S 4% Gt 46 B Rz BT /N R BR A, Sun 250761 fif
H Transformer # 1€ 45 1, LR 192 2% B LR HF
SRR NS A | B il = o Y5 Al NG VA= )

FH%F Transformer MW 2% ST-RT H iF AT 4R L F2 BN . Rl &
K. AR g A AN R R ERE 8 G B, e T2
AFEE . Plizzari U7V H — PR 1 I5F 22 Transformer
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TR I TSA, 43 i) AR T P AN [8] 995 2 [a] R AH
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B A 2 (B AT 8] b 5G9 18 SUE BAS — B0 i)
B, Qiu 2578 2 Y — M i 25 1 4H Transformer, £ FH B
B TR TG A O A SARALE, R i
[E) A A 5 A AR s L A . 1% 7 vk AT R AR I R il rp
AN[E] ST T8 R 26 2, AT X 23 A ABAT 9, AT 42 1
R AR R, HAENTU RGB+D60 % ¥ 4 (1) CS. CV
T AR e R 43 513K 31 92.3 % F196.5 % (1 HE i 2 7F
NTU RGB+D120 ## 5 f) C-Sub. C-Set PP b5 ifE T
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Transformer & B £ 3k [ 1 B ALHIE 58 T RFAESE
W A T M, AE BRI, AT s B A0, (R
Z NAKRE SR ) e i 5% Z HARAS T R 3 4,
15 & K. SwinTransformer X 25071 2 &7 23 [6] J5 #
PERR S B 2 IR AN, R 30
75 2 S UG 2 R RHE, 7T B RS R R R AR .
Video-SwinTransformer # 439 3£ F SwinTransformer
BEHE) e SR VR R D U B DA R e A
B, A4S HAE AL FE R AAT 55 b 5 R . R, 5
Transformer [ HATAE LAY 2 G 90 B A A Se = 3L

25 ETREEFEENFEITHRANGE

CNN 4b B B 28 K 4 I, 3 5 75 45 5 LSTM W 4%
PL7E 43 SR B 2545 B, GON 15 28 T 3 JE R B
B0 EA, AT 78 40 B N A2 B B2 40 0 B0 RO RRAE.
Transformer %25 FH DU $12 328 25 B9 277 R 1 25 [Al45 &
KA (0] 7 I A S AL 45 & 2 D 4%
AIAL Y, DL AR =F B I B SRR f b R SGE X
AR, AT AT T A b B — B B A7 R 5UR.

¥ LSTM $2EL ) 77 R 308 3015 55 CNN 8L
GCN $EHUI 725 (8] 25 1415 B AH 25 A DA FE 0 SR HU 2245
BB BRI T IRt FEAS G WS 1] 7. Zhou %510
FIH EHARR FEAG THE IR R BN ARALE = 2 7 [/ v 1R
FEAE B, B R FE A B AN — kg R AR bR A R = 4R (S
S SR 5 A R 2 T I 2 B A AN ) LSTM A B =4
BT AME BIFHEAT 7325, HAE NTU RGB+D60 £ 45
LI CS CV PO BRI T 70 )35 31 74.1% F181.5% (1)
HER 2.

HH T~ GCN B 8 n] v U B 4L s ) S5 4 45 R,
1Ml Transformer % £ 7] 47§ S5 A0 4 1 B 38080 2545 12,
BT AR Z2 W FUN 2 5 R I 28 25 DA S 9 N 25 0
fiE. Liu S8 58— Fobz vE & B & B AR Y 4 KA-
AGTN (WL 7), #I H 2 3k B3 B 7 R @A 1 A i
R BT . e Ab, BN TR R 3 B R FH B SRR AR AR R A
J 38 TE T R A, R T IN RS B E B 5AE ST
FAE PR A 2% A0 L, B 22 I Transformer 2 ER 7] 4 %4 3
PRI 715 B I BR B AOOC 2R, I G2 A~ e )
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4 ==
‘ SGT SGT A sorr="
2 il =l =i 7=
L L= L il > %_

) 64x64 128x128 e =
Joints/Bones ST-SFE-1 ST-SFE-4 ST-SFE-5 J-S Streams Scores
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e e e e e e e e e e e W= == S e ™~

/ Skeleton Graph Transformer Block(SGT) Temporal Kernel Attention Block(TKA)

Adaptive Graph Spatio-Temporal Graph Convs Layer
Strategy S-Conv BN T-Conv BN SGT

|
|
|
| Skeleton
| Tensor |,

\ Residual "

Graph Transformer Layer

Residual

BNFENBN I ==

(b) SGT

ﬂaﬂ Spatio-Temporal Skeletonff | Skeleton Graph
~¥ Feature Extractor Transformer Block
Batch Normalization SoftMax Layer
Layer g ¥

Temporal Kernel Adaptibe Graph Spatial or Temporal Spatial Graph Feed Forward (== Temporal Kernel ff] Global Average
Attention Block G S |

CNs Transformer Layer Network Attention Pooling

Element-Wise ®R°LUA“§V3“°M\\ Element-Wise
Summation Function —* Multiplication

B 7 KA-AGTN/4giEHs1

3 NEERFRFEATNEMITE
TESEHAT AU 55 o, i TS LA AT
530, 58 SURFI— AT 9 R (R RN 45 SR . S

RE YRR A 25 5] 6 — SRAT D9 (KRR AL, 5 L B 0% 44 Afy
PEENAT NI, T I WHZ AN AT R 15 5
TSR AT AU A 55 DU 5 AR R S R S ) i, B
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TE A 43 B (R RS 7 41 v AT o 67 1) 53 54T 8. (EAT
VR AR, DA AR & B T R ITIEAS 2 T T
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FE T BN T FAT MR I L 8 AT K
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I BT v 5 (1) BB M A e AL S AT . 3 BRI 2R 72
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B 5 R e 3
3.1 BHRERBITARMNSGE
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FH B o5 418 3 ok 25 G W] AR T 2L A A5 2R R AIE 1)
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FAY A 44 ) 250 P A SR AN B
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B EIE B SR )G, I Softmax JZ A A AL 2 40 A1
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Ja AN 4 JR AL
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W) 26 SR B HIURFAIE, B 9 22 T e AR Ji R 1 45 A 4
1, AT 36 5 1 RS TR PR R AE SR B RE 77, 48 J5 il ik 2 i
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RSB ) SRR BE 77, Sun SE B AR
BEAE RIS BN R IR, FE S B AR AE & S R
W75 B E a8 1 o AR 7 AT
N ZAE RV BT EE T AT AR 22 R 1, TR
A X 7 53 5 AH R E SAUREAR.

FETA B R AT AN AR ENKRES

PR B 2 2] — R R AE, B B 1R UR,
{EHZ AR R R 4.
32 S[MBRBITARNGE

55 B 7 R FR IR A AR IE R S AT
NI AT 20 b 25, 1 0 s AR 4 030 281045 — i ) S
153 SR W IR 15 Ry S8 o

2 79 % 5] MIL R R 35 43 1E 57 A T A
(10 R, 1% 7 A A 5B SO AL B 2 A R
A, S LA BRI AR D IE A, TF AT AR R 1
PR oA, AL 2 /b AL — B R AT N, T A A
AN S H R B Feng BV T —ANZ R 5
SRAELE, oo Pl bR 25 A6 3 R FH A 70 482 R S s
7 AR B R AT BbR 2, 8 FH VA R AT G B
2 E ) IR IR 1 578 X, R B IURE AT 45 3R
71N, AT 8 e i 2

5 BRI 5 AR B, 55 W B 7 VR TR AL
(bR 25, T 3BE G VI 25 B30 FE A ) S,
3.3 EIERBITAENSGE

T B 7 v ) B R RS I SR AT IR,
NI 2 2) 1B F AT AR R R, TR IR A 5 IE
B AR 1) i 25 R S SRR ) 55 . 2 O A i TRk
AL AR TN 2 R I 4% % TR A AR R 1) T VAR
MSFATN.
331 ETREMRET AN TE

AR 5 5] IR W AT NREARRIE SR 2, i A
W N A 5 7 r o F9 B B ORAS I S 8 . Markovitz
LGSy S R B AL A A T EE SR AR B, R E
N AR B 2 AR G D % ST-GCAE i #2541 vh 56 75 i) 4k
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Ll i ECAE ot A B P SR S 0 4 S R AGE, H JL AE Bs
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Li Z507 4t —Ff 2 ROFE 18 4 42 X 4% DMGNN.
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SIS S IR FLOPs J A% R 4 450 A 1 16 46 PRI S L 2 A
Wk 2 fron. o, 40 & M FLOPs RAE AR A (1) 1155
IR AR B S RAE S I BR. A Hr R 2 vl A,
TR ) 25 $ B e FLOPs i 44 5 [ fa 34, 36 i A 7Y
TRk, B E A T R MR BT S



%8 H

RaFH F AT HEEGARTEF TR IR 5N 53R 2495

®1 BOFBITARMNEEAELRFTREIER LAACC (%) &I

NTU60 NTU120
J5 i Ay
X-Sub X-View X-Sub X-View X-Set
GCA-LSTMP! 2018 76.1 84.0 - - -
SkeleMotion!*”! 2019 76.5 84.7 67.7 66.9
VA-RNNDB2! 2019 79.8 88.9 - - -
ST-GCNP¢! 2018 81.5 88.3 81.9 — 71.3
STAR!™ 2021 83.4 89.0 783 - 80.2
DPRL+GCNNP! 2018 83.5 89.8 - - -
SR-TSL!%8! 2018 84.8 92.4 - - -
ST-GCN+PM-STFGCN!! 2020 85.4 89.7 - - -
STA-GCNI! 2021 86.3 93.7 - - -
ST-AGCND7! 2020 86.4 92.1 - - -
HCN! 2018 86.5 91.1 — - -
CA-GCNI! 2020 86.5 94.1 — - —
ATT+ST-GCNI!2! 2021 87.2 94.7 - - -
VA-CNNB2! 2019 88.7 94.3 - - -
ST-TR!"" 2021 88.7 95.6 85.1 - 87.1
AGC-LSTMI['3! 2019 89.2 95.0 90.2 - 96.2
JT-AGCNU!4] 2021 89.3 95.5 82.9 83.7 -
ATT+3DGCND8 2021 89.4 93.3 — — -
PTF-SGN!!13! 2022 89.7 95.2 81.3 - 83.5
SGN+GCNI!¢! 2021 89.9 94.7 82.1 — 83.8
KA-AGTNI®! 2022 90.4 96.1 86.1 - 88.0
Shift-GCN!'!7) 2020 90.7 96.5 85.9 - 87.6
DynamicGCNI®} 2020 91.5 96.0 87.3 88.6 -
25-AGCN+PM-STFGCN!®! 2020 91.7 96.2 - — -
STTFormer!”®! 2022 923 96.5 88.3 - 89.2
25-AAGCNI!8] 2022 923 97.5 - - -
CTR-GCN!?! 2021 92.4 96.8 88.9 - 90.6
ST-GAT!!?") 2022 92.8 97.3 88.7 — 90.4
PoseC3D ! 2022 94.1 97.1 86.9 - 90.3

T2 BORBITRHRANELISHE FREERYREHRZ &I

WARiA A ZHE (M) FLOPs(G) T8 %

VA-CNNP2 2019 24.09 -

AGC-LSTM!!3 2019 22.90 54.40 -
DynamicGCNL! 2020 3.60 -

ST-GCNP® 2018 3.10 8 NVIDIA GTX TITAN X GPUs
KA-AGTNI$! 2022 2.70 NVIDIA Tesla V100 SXM2 32GB GPU
ST-AGCNI7! 2020 - NVIDIA GTX 1080Ti
CA-GCN[!H 2020 1.87 -

ST-TRU"! 2021 1.74 -

CTR-GCN!'™! 2021 1.46 —

STAR?! 2021 1.26 2 NVIDIA GTX TITAN X GPUs;TITAN RTX GPU
STTFormer!’®! 2022 - 2 NVIDIA GTX 3090 GPUs
PTF-SGN!!13! 2022 0.79 —

SGN+GCNI! 2021 0.77 -

VA-RNNP2! 2019 0.47 —

PoseC3D) 2022 0.24 —

42 FEITARNBIESE

HI T AL B AT DRI 2 — S HE BUHT OB 7T
WU, A FFEE S BUD. AN, TR T B R AT
55 o, SR B 2R AR B SR A 73 % 25 A ey ) K A
Hole &, AR, B 7o, AT N B A 2R
HKRZ H R 55 B, #5547 Dy xe LAl e 72

SRk, B AT AT R R v RO SR R D, R HE AR
45 UCSDI2N $i 4 4 . CUHK Avenuel'?2] 4 4 J¢
ShanghaiTech!'3] £ 4 4. v, UCSD £ 45 4 K 3 7>
HEZ IR, ANIE T 52 U B8, 585 AR LA (A
A A I S A B i AUC (%) & BT LG 43 A
IR 3 PR, d  FAE S AR & R S iR 4 s,
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=3 BOREITHERNEEEARBBIESE ERAMK AUC (%) R
ik Fopy ShanghaiTech HR-ShanghaiTech CUHK Avenue HR-Avenue
MPED-RNN! 2019 73.40 75.40 - 86.30
Normal Graph!®®! 2021 74.10 76.50 87.30 —

Markovitz®*! 2020 75.20 - - —
MemWGAN-GP!!! 2023 75.30 78.00 83.70 88.50
STGCAE-LSTM! 2022 75.60 77.20 83.70 86.30

MSTA-GCN!24 2023 75.90 76.80 87.60 -

Rodrigues!®!! 2020 76.03 77.04 82.85 88.33
Skeleton-Transformer'?! 2022 — 77.65 — 86.70
GraphConv-Clustering!®! 2022 78.90 79.30 88.40 -

MoPRLP# 2021 81.26 82.38 - -

HSTGCNNPY 2023 81.80 83.40 87.51 88.65

GRU-FFN[®! 2021 82.60 - 91.70 —

CycleGANP®! 2022 - - 87.80 90.20

STGformer!*’! 2022 82.86 86.97 88.83 89.67

HSC®3 2023 83.40 — 93.70 -
STG-NF®¢ 2022 85.90 87.40 — -
T4 BOFBITARNERESE RS EAEE IR E E . NARAT IS N 22 e PR 2 1)
i o —— HEBUE « RS e S5 3 47 A i LA s SCEL 0 o L R
e s S . /
Ganokratanaal®) 2019  NVIDIA GeForce GTX 1080Ti Bk Z CARE I VI ZRBE 5 3R, SERE T A7 AR T 1Y
1B 531 2019 NVIDIA GTX 1080Ti GPU e s I
i =Eo 2020 NVIDIA GTX 1080 GPU - . . e .
1 RNEhA-BEEH A VR BF 2L S
Liu™® 2020 NVIDIA RTX2080 . ) % *% - m% - X BJ‘ H E i i %_& /?k Eae jfi A
Rodrigues’®'! 2020 NVIDIA RTX 2070 R R, 2 RS BB B 5 W AT iR S R AT
Zhou[”)l[sgl 2021 8 NVIDIA GTX 1080Ti GPUs S A e S Horp RGBS B 25 5 40 4ME
GRU-FFN 2021 NVIDIA GTX 3080 e o N . o
Bt s B A B R AT, R RS
HSTGCNN®! 2021 NVIDIA GTX 2070 = 7%/}“4{;:1 u%%ﬁﬁ% u'f;:l uEHjZ:ﬁ Z_\‘IEMQJE% hi&
Al N A) ,i, N e M2 )
Qiul*? 2022 NVIDIA GTX 1660Ti Wi 2 () B B AME, Wi 45 512 H 2 P s 20 sk i
STGfomer™) 2022 NVIDIA GTX 1080T: TR A2 AL RE S, T S AER AR U 5 4T
STG-NF 2022 NVIDIA TITAN XP GPU
ok B A A=
Fan'” 2022  NVIDIA GeForce GTX TITAN N, R T A
STGCAE-LSTM!'™ 2022 NVIDIA RTX TITAN GPU 2) SIZHF PRGN S B R AR S AT A AT
MSTA-GCNI!24! 2023 NVIDIA RTX 2080Ti GPU

5 BE5RE

H A, 56 NS R G SR AL 1 N A4 57 4T
DIV AN T 12 BLARHAS T e AR B, H T
I YRR S BRI 25 G, DT R T SR A
MIRES). BLAM BEE T T T RN E 4. A F
R 2 AU S, 18 V) 7R EER AT R DU
EE A 7 3 AR BT AR Hs, B 2 RE NS i ROt
RIENKIZBNE R, B a4, X We 5 H 5 4
P, 38 ] T AR BESRIN AR 55 NSl 3R A AR E SR AR
SRR DN T 9 (IR 0, AR SCRER 18R 21 55t
NRIARSC AR, B, AR TR AR B 2R Al
THEL, SR RS BRI 5 SR S A AT 55
FIPERE. 7 BLREAIL b, XoF 57 8 AT D9 iR 0 5 kel g 92k
AT T REBRN T, XS LG TR T IR R H S
ESTR

SR, BT B A TR SRR AR TR

K — N REE RN R 50 R AEF LR
AN [, S5 B A e A DN 75 2 5 vy P FE ANV 2. R i
G AEE R T DUAT 20 i v AR AR ) SI N, D v B AR
0, PR TR B S AR T HL S L

3) BERL AT H fE 14 Transformer A 7Y ff) 2, 45 11
SV B A9UI80HT SR BT 1) K FE L&, Transformer 5 Y
AH BG5St 1 26 AR 280 ) 48 A5 2 B A o v 1P A 0 2K
FFE LR P 4. Transformer M FLATAE R (1
Video SwinTransformer) &% 2t 2 B A7 51
(RIS 23 R AE, Rl S5 A S AT 9 B At T R A TR
P IR TT 2.

4) VEE JIHLHIOCA: & 28 7 51 18] 1 I 25 A3 P
o NAER T AT R A S5 A AT 55 b ) B LR AIE. &%
TopE AT R 88 A A5 Mt A 2 G 71 T PR B 25 A S
P2 e o N ) 7R A R R AR R SR, Y R AL e 1
IOTF AR, 7 ZEAE WOR AR, FE 2 (B 34T 1, 4 fg
1A BB G (PR I M e DR B, el e Ak 3 R I ML BA
P& R R ) £ 285 2R RS AT SR 2 3 R T A
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