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Abstract  Different from traditional action recognition focused on single individuals, group activity
recognition aims to understand the complex semantics composed of individual actions and their
interactions within a scene. In recent years, the application of group activity recognition in various
domains such as public safety monitoring, sports video analysis, and social role understanding has
garnered significant attention from researchers. However, there is a scarcity of Chinese literature
providing a comprehensive overview of the research progress in this field, and the foundational
aspects for induction and analysis remain vague. This paper aims to fill this gap by offering a
thorough review of the progress in group activity recognition research over the past decade, with
a particular focus on developments facilitated by deep learning technologies. To begin, we establish a
clear problem definition for group activity recognition, differentiating it from individual action
recognition by highlighting the significance of understanding group dynamics and interactions.
Following this, we outline the basic pipeline common to most group activity recognition approaches,
which typically involves the detection and tracking of individuals, the extraction of features pertinent

to their actions, the recognition of individual actions, and the aggregation of these actions to infer
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group activities. Concurrently, we discuss the challenges inherent to this research field, such as
the variability in group sizes, the complexity of interactions, and the diversity of possible group
activities across different contexts. Delving deeper into the core aspects of group activity recognition
research, this paper then provides an in-depth analysis of two critical components: the extraction
of individual action features and their association modeling. We introduce several deep learning-
based methods for extracting video features that are commonly employed in the study of group
activities, These methods are adept at capturing the nuances of individual actions and the contextual
information necessary for understanding group dynamics. Following this, we categorize existing
approaches to modeling the associations between individual actions into three distinct types: linear
association, sequence association, and graph association. Each type offers a unique perspective on
how individual actions interact and combine to form coherent group activities, from simple linear
relationships to complex, non-linear interactions represented by graphs. Furthermore, recognizing
the importance of empirical research in advancing the field, this paper provides a comprehensive
list of 12 existing video datasets specifically curated for group activity research. These datasets
vary in terms of the scenarios they cover, from sports and public spaces to more controlled settings,
thereby offering diverse opportunities for testing and improving group activity recognition algorithms.
We also conduct a comparative analysis of existing methods using the two most popular datasets,
highlighting their strengths and weaknesses and providing insights into their performance. In
conclusion, this paper offers a comprehensive review of the advancements in group activity
recognition based on deep learning over the past decade. It covers the problem definition, research
challenges, feature extraction techniques, association modeling methods, evaluation datasets, and
future research directions. By consolidating and analyzing the existing knowledge, this review
provides researchers with valuable insights and guidance for further exploration and development
in the field of group activity recognition.

Keywords video understanding; action recognition; group activity recognition; deep learning;

attention mechanism; recurrent neural network; graph model
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BIRZ R AR HAZ R T AR R IRz g R
17 BE % S0 4f s PR A BEAR SR, X R K T IR Sk %
HeT 2R AT B OB A B LAE.

Sy —Ji Tl Azar AR RE L
LS B DA $RE A A 3 AR AR Ak 3R 7 0T . A AT] 43 i
16 RGB 235 Ot it ALl o' i pd AR 25 1 42 A~
TR VERFIE 2R 7R o FF R T 5 Ay a7 50 1) o R vl Ak 2 1



114 JeBAE . R TIRBE AR ST BRSO YU S0k 2559

B A N BER B VR . Hob LB A
B4 3 S AR GR35 5 3R s A o) T L S0 A AR
BRI, e » 25 A28 Tl 285 2R s Bl 5 ok B &
SN
40102 FETEFES B Sk OCHK Ty vk

b AR A O R R T A2 L
JRCAAR /A~ 1A Bl AR AR A 55 B AR 20 A 1) 15 o 17 et S BB
AL b AT REMEN kA — 2B AR A M. A
[i] HsF 220 [E) (1) £ 1 AN K B 5% W) s SR A S N 284 B
PRI B BRI A 2 3 T i — 25 o B A0
LR PRI AR Y R Bt s A L ORI — R0k
7k,

Qi Z NIRRT Z2 2 TR T HLE B R
JRI TR ARG - ) DLFE Ji 5% 5 B 20 1) S B A 9
) B FR A AR 5 B R 38 0 5 1 B AR SRy
FEAE AL Rl G AR S A R s MR O B —
WP AMER R RE WS ERER MBEENE
TE DA [a) AR 4 A il 1) 0 S HE IR ROR R G HE IR )
(-

SR 5 b 38 J5 3 v 7 58 BB 0B 4R 3R 1) ) A
Ja A HEAT B A, 2 T RE AR AT Sy R B R 2 IR
Bof 25 R A 30 G0 A A AR A 8] F0 B (4% J) 358 458 AiF (1] (1) B
25 k. R, Xu AR T — R TR A
JIHY Z B35 5 BB A6 A R SRR AE F0 T 2 R AE )2 T8
HRUEAT T I 28 Lotk EEARL. 1% 07 ¥R A A T RS
RSB FRAE (AL 3 AMILRRAE LA L & RRAE FDE 2
BIRFIE) Z [ 28 B G R AT 185, R 5 4 il 1 —
- SREF=-WINUIN NS Sy = k1] i LIRSS
F 5 DAAS [R) AT K T 9% 5 AT Rl G B A A% A A A 2
FIR.

SEBR b Bl B )R N £ L i A8 2R OB Y A
PO R A i IR AR R B R L S ek TR R
FHEE S 48— B IR AL S 4 37 5t vb 1 )R 3845 B (B0 4%
JH A 5 A~ 440 AR A AR Bl 1 =2 [ g DG K
4.2 RFIXBEFZE

JF 40 DG B A 32 R S FUAE A AR R AE T A (R A
AT BRI R O R TR R /N, R 4 O TR AR R
B oy g XL i) £ 8 I o 25 T 8% o S B

Wang 2 A1 0 DA S 3B A 3 £ v
KRB E AR T — DB 23 L 0 HAE
BOZHER =2 R SR BN AR ARG A
MG, Hh AP B EREFNE" A2
W R B BRI FIIEHZ . X B+
ShAE" AL e AR AR R A BN R g s AR
FIR. = 2R LR s B Rt LSTM kit f7

Fe 9 A A5 2 A% 386 o I K i 90 2R 3 5 U R AL i 3
T—NZEg%. Hd, =A R % i LSTM il 57 A 4t
= Ho By R AE Y R4 B BT HE S 3 5 g
LSTM {4 2R o 55 s i A Sy di 28 0 B0 AR 3 A R R
PLork.

R TIEN B UE T 5 56 Bk AE BE R B 4
oA SO L AH 22 2 G e A1) AR i R O A 3
B Yan S8 AM%0 R Tang % AW & B, 8 X Fh
B S HRAH T A~ 1A 3l A T A9 R AIE 3¢ B Al A R ] I 2
P& T EUR R IR 19 T 2 () BF 10 B 0% 4 T B B
It Yan 88 NSRS 56 N AR 3275 i s 2k
IR LA 4 i A, Wl T LSTM SR A A
6] 4 7 51 58 B AR AIE @il A, Tang 8 A0 0 &1 45
P HERR 5 09 A R SCBR R AR % A B LSTM 3E47 )7 41|
R AL AL

B4 Wang &5 AU H 1 O 06 i A 2 X e
H: il 2% (Generative Adversarial Network, GAN)
J5 s PP 9 SRR A T AR B AR b 2k A [\] 2 i 7
3l KK FR. Gammulle 8 NV R T Rl T4
 GAN 19 2 H T A= BT 48 (MLS-GAND ,
A8 A U R 2 TR AR AR HEZR L el T —
AP LSTM B A4 3l 15 47 AR A 37 55 FRAE 7 471 ik
SR — R RKOR AR JE T T A T RS T
(Gated Fusion Unit, GFU) X} fif 15 P )2 2% i) i FF 32
IR MRS AE TN 37 50 i BRI 347 e 91 DG BK
FELE ORI S g Bt 10724 ) A E 22 b L 25 8 EA
fy VE Gt B 17 55 AL 58 2 s R[] 79 1 428 il 45 B0 T
(GFU) A7 R AE Rl 5 LAAE R ) 26

[a]#f Hh , Bagautdinov 28 AN 1 F] ] RNN 454y
XF MR SRR AE AT SR BB A 3 3% 7 Bk A
IR I AA Bl VR 50 B R 2 1 U 55 A 45
B LA 55 U145 05 AL TH 17 A48 Sl ks i o &t
H5R T N8 BRSO  DAMERR AL T B AR Sh 1. Xk
F18) B AN RS T 7 30 G 0 B 9 T AR 448 ok i 3] i
YINZh LA AR B 4R 1) 0 AFE .

WAk Sy T HE— B s A\ W iE Bl 3R Ak
A TAER 7 4 QIR 45 4 4 e 2 Z RS 5. i, Li
SR IR G RGB WA URN X R 1 0% i R & A
BB AS A ) CNN LR 2 rf, I i Dy 2 3
AAE R BT A LSTM 5B (4 g AL LB, %5 1] LSTM
SEAE TR R 23 8] NS [ A 285 1 4 Jmy 3R 7 [a) 19 B¢
. ZJA ¥ 75 | LSTM A 19 £ il 7R 26 A B 7
LSTM 54 pro Hott — 20 5 DL B (4 3l 1 26
. T L A ST SHE— 2B R SCA RS HE 1Y
PRAA AR SR 18 S AR AT IR =5 ] LSTM 25 46t
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#L i 2024 4F

o
=B

B — 5T LSTM 1 SCA A i » DA — it o A= g
— BRI AR LSTM LIRS, FHF W B
R 1E.
4.3 BEXBFE

P 6 B4 3 5 v i A A AR Sl VR Ak 1 A e
— 7 RIS A R AT AR B AT DA A
T (14 PE 45 R 16 2. T SC T 3 4 S 16 A e 81 56 Bk T

i

1
1
1
5
1
N ) ETRAMERSIEXE O\

:/I,;ﬂﬂ}v 11\(1) "1+1 -
| B e
HRE S

Sl (d) HT B iR J)- EE R A B Rk

[ 7

403,01 RT3 A A 48 I 4 ) T DB O ik

P T 338 U P 25 09 24 TGk o L 4 D T AL SRR AR B
VRV [i) R v i) I 25 91 i a8l 7 Ca) Bl 31
A 7 0 T SR 3 I BT MU BE B 2 2
JP R A S5 R B e i A 3o U b T 45
590 Ak L P A 43 ) A4 AR

HAR T 5 . Biswas 48 AU 2 1 45 4 4k 3 19
#22 ® 2% (Structural Recurrent Neural Network,
SRNNMY DAL 7 i AS [ 24 A8 1 ) 2 =X A A
T2 48 37 5 0 N0 18] i B 28 F°F 3. SRNIN 5%
nodeRNN Fl edgeRNN F#4) . nodeRNN AKXt
SN AYITER P BB MAZIER IR edgeRNN
FH AL A [N 00 6] 4 G R B (AR %07 1A AT LA
TE N A AE S — S J A s g d 1) R S0k
Bk, BEAh, Biswas 58 AR SR T BIRIAE R (D) 5
edgeRNN J5 nodeRNN(SRNN-MaxNode) fl (2) 4
nodeRNN J5 edgeRNN(SRNN-MaxEdge). 25l H#h ,
Qi 5 U ) 45 4 k33 U5 b 2 0 28 DA i R S AR
CA A Sl VR 5000 s 28 ) W A 25 rh A o LOC R
Ik AR AT R ) B v 4 4 T BN AR 2
JG K X B A AR IR SRS A R R R H 2 Bk P A
J5 ¥ TP R A5 AR A s U 28 X 2% o) i s RS HRE ) Ak AR
IF A [ 28 1 BV 25 5 R 90 1 288 o 33 A8 1) % A
BAETE S TR B HE A

PRI A 2 38 T B 5 3 An ] PR A7 F 1A 3l VR 3 55 v
AR BAE ] (4 i 23 L g7, H 3 S By R K a8

AR A B DI04 4 491 o {EL R AT S A A — Be it 91
R WAI R K T — K00 kMt 5 8% BUE ar
TET L AR PR A0 20 A T AR 49 D0 B A [m] O G T S
9 [ S Ty v » L v Y P S I e A R AR B LA R L
P T BORSBLCNE 7 Bras) oA (D T RA
25 2 AR 3 U 5 (2) T A o [ 1 22 19 2% 5 (3) B
T H R T HLH.

, ,fHJEJ

~
\

i
HTI/
A7 B A3
VIR 7

! giel 3

T 1 ¢ 14l ‘.

] JOL !

el niicice
Zary |

(o) ETHEEANGINERRE S

-

O AMk454E
=> RIS
Q iEFEsl

/\ BEARRE

— TR

P 6 I S A 4y S ) 92 B X (R AR AL A AR 38 A R AR D

VSTt 2 19 2 BTG 1 Ry AT A4 32 22 A I A B 2
g LSRR A AN I 20 40 B8 37 57 9 2 4> N0 5.
Tang S N T — Al s T B A AR
Pl 45y LSTM #0454 (A N4 76 I 23 38
B A SRR AL i B HL b I Y B A RO AR R
AN 2501 24 A A RIS P A B — B 5 AR A8 3
23 0] AR L AR 1 AN I 2 A AR AR 5 s
] bR SO B — St XA B SOR A T
AT — > 220 B A A A AR AE AT 2R Shu 48 A
#H T Graph LSTM-in-LSTM (GLIL) M £% , AN 4L
PREF T IEISE Y LSTM B0, b B 51 A T B A 5k
ZEE I IR 25 LSTM s > N W) ) i 5% 22 e Ak
GLIL J&— 1 F-77 A7 340 € 75 J&y 8 AL 1A o
F ok AR 22 B R AR LSTM (A7 2E U284 |, 5%
4 Jey LT v A R AR 00 52 L Y TR LSTM (F
ZRAED.

TGV 2 1) Tt 45 )t Ul 28 ) 00 S
A A I 23 24 TR (1 ] A 3o 0 o 2 I 2 T T TR I
Gy v 1) I 25 1 SRR I 0 T e 3 7 R P9 003 ) AL
DRI S 28 U1 22 o 0% 0 L A A 5 24 HC 9 Ji D i s 25
F G SR 2 AL PR T 3 b 2 T 2% 1Y
VSR I T7 1 IF R BE A 3 24 F 1123 43 5% ) AL
V] o BR 9 A S B R S I o DAL T B gy 254 3t 2 S A A 3
RN ZAESEE.
4.3.2 FETEGBU K SCH O ik

UnTEL 7 Ch) B B 5 1 T N A WL AiE B
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VAR EPSYibEiIE N7 B E Yl A N age= 3| B P
B AL 28 060 375 50 SR W) 04T G T A A6, AT
T B £ FL M 4% (Graph Convolution Network, GCN)
FR 07 12 50 S A KR B B« R 0 7 B 0 B B
AUG Ik B B 30 07 58 22 0 4 1R A AR 2% i B
I T AR W ] 1 DG 36 g 452 AR bE T 2k 1k 57 41
DRI 75 17 2k WY b 189 25 5 00 5 vk O 46 2% & e o
il A 3t ¥ S 3 S e A AR ] 1 S 6 L A AR T 2R
FEEZ RPN P NI EA SRR

B B 2 B W 58 AW 5] BB 3h 1R
PRI 55 v iy 2 T AU Al T4 AT AE
FRAH L3 A N W 3G & &I (Actor Relation
Graph, ARG). 88 J5 5 It 5 A I A b i o P 25 B
2 AR R W AG L, T M A 2 )2 A B
SEIASR B AR ] A G 6 HE B R T 8 X S P Y
oK AT — 2B 4 T A5 [ R # ARG i (8] fif
Bl ARG RSB % R B B 7 g4k

ARG J7 B AR N Wy 7 i) 23 18 A2 o A% v i 2 fR
FE I, B — 235 ] 5C 28 TR 2 A LM ST Y. X A
SRIEAPF G RER SR L AE A . Itk G2 A A
X N ek, R ARG sh A B IE A
KA B DA 45 o 0 O 166 445 4 B3 00 B A A 3 1R R AE
I3 5 FRIERE N AT 53 21 55

AWF ARG X I AR N #8547 g A
Mao % NN R ) RO T oK 3 5 N9 LR 2%
M & o S T 4H FF R GON X 24> 73 41 it
17 OREE FE ML, Ak, Yuan 5 AN BEF ARGHY 42
H T —4# DR (Dynamic Rrelation) #& k& il DW
(Dynamic Walk) # 5 41 5l i1 2l 25 #f B () 4% DIN
(Dynamic Inference Network) & 32 B4~ A sl /E [a] 1)
B2 HE R 25 0 — A R AR A B 4 AT DR B oG &
FE R IF 1] DW 35000 3l 25 0 % . 388 2o A W 58 007, 4 A
REE 1 1t A 4 Jm) 0 F A R R DG B 28D Ml 2 T
ARG ,Duan 5§ \"W R B W& S HLH T
— AR IR SR AR T B R O s %07 A
PR Bl A 0 o R O K 4R i TR I L 491 £ B DR
IR BT v ity i AR R R L AR A Y
TR JBE SR 30 3 A 1Y) 2 B s 3D AR B TE B )AL
AT T PR A (A Sy 2 B A R G i 4
B,

IR IEN T g A G R BB OE i R
FBARM T Z AR AEA 1) 3% A AL AHTE B AR A
AT SR A5 B A SDAB I B B DR G A 22— 2D A
FH 5 Ak 27 > AL 2 =X Hh A 2 i) N 2 2048 TE A%
R AR Hu % A2 T —Fp 3k F s fboF

> T HE G 2R A 2] SR LA ST 408 TE AR N N 18] 1Y
R RAE UG R R TR E M R T —
AL il B 1 X 56 & B (Semantic Relation Graph,
SRG) R BN G AZ R SCR. T HR KR
P b B AR TC G 52 L AT T 1 7 A A 1 2K AT
RS AR A A RV AE 2848 (Feature Distilling .
FD)fRHEFIE & 14 (Relation-Gating . RG) AR HE, )
B AL SRG. 4 5E ARSI ERHE . 5 S5 ] FD AU
0 16t S AR RS B B AR R OR 5 SR R
TATEAGE SCE F I RG AR — 254 3k 5 IR
ZhHETE SO SR M AR A %2 B SRGFD fl RG =&
SEREAAL  FH E AR = PERE.

XoF W0 4 N 1 BEATORS A0 AR 18 TE R R T4 4R Al
BLEE (9 AN 5 80100100 AU X — o R R 0 ik
THH A SR 138 25 A PR BB A 2 3 R 2% TR = A5 AT
PAIAS ) 2 9 804t 1 st 8 2 )2 9 3 5 45
RN SR by 2 22 5k N W 6 2R B LA RD B AR 0K Bl
PE. HARTM S Lu AV B FRBRMSHE T £
JZ2 238 B (Multi-level Interaction Relation, MIR) ##
B HARTE ABATBE T b T O W Y &
2 (KeyPool) S e £ 14 3l £ vp 1 & 58 N9 LAY
AR R L ARG R T — R TG AW
i B it A JZ= (KeyUnPool) o 5 44 H 410kL B ¢ & 4.
I 3o AL A 2R B AR OC R B IR AT B R LU 3R 2
RAZH.

Lu 55 NV B A8 R [RDRLEE 16 408 vh 4 i 22 2
PN KRB 5 Z AR Pei 58 N 243 OR
[ e BB bl 2 F A C R I R4 T — 1
RO FR 45000 B B AN 9 4%, B 8 3 A
[% 2% (Position Distribution Network, PDN) Fi 4 i
5 Z M 2% ( Appearance Relation Network, ARN).
PDN A1 ARN 23 531 LA A {37 B 5 5 R 20 0 £ 2 AR
i A ) A AR K T A OAS [ S R i [ O R R
TN AR PR AN A TN R ROR.

AN F SCHR L1106 A ) 45 8 2t <7 42, Feng
SN Z RS E R ARG R MR B
AERZER R E G A — 2 5 AP R K
ST BN WI B IF . X — i B2 8 3K AN ()
N 56 2R T LA B A i B e AR Sl . B AR
Feng 45 A 5644 A~ 2 A S UL ARS A I 4R AIE 41
Rl o3 R TN U0 R AE S I8 IR U) R AE BF
1 AL TT. SRS A DeepGONE gl 25 4 7 ¢
ESUROR A ISV p A PR S A A R K
BRI MU B RO 4 Ll KNN 325 R4
NG R AR FE T R I AR 25 R IR R B
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Hl

7 2024 4E

o
=B

REE I RAR R AR Z 0] 19 5 2 90 SCC & TR
T RER AR

R TR AR XS AR N AT P OIS , 2
W1 Yysm N 24 NP 18] A X 2 B SC R O I Azar
A NPT — i 21 3 19 45 FLUG &R AL (Convolu-
tional Relational Machine, CRM) , [& = B¢ A ¥ 25
(] 37 O AR iR A B S IB6 AR rpr Al AT ) 4 o
ME A5 BE R B0 > N AL 8 15 B AR LB AR & Cactivity
map). X5 F I Z & BUZ A T B Boh A B 4i 4
A EZ S 8. fie i i a4 B2 5 9 1R 5 Ak 1 A
A4k S5 Y Sl 1 1 Rl LA S50 A A 3 A
4.3.3  JET A ER S HLE] A 18 SCHR 5 2

BT AL AT LA e Ry LA AR 2% Y — iz
I X, 322 DN TE T 4R 3 6 R 122~ J5 =X
B AU YOG R B T 2 W) an A . T A R L
il P Y O ZR B S O N ) AR Y. I, BTE R
JIHL BAT SR A 2R AR ) B 7 3B i R
TE I A REAR Sl AR U 7 12 vh & 52 75 Bk (A 181 7 (o)
Jr7R). B TR AL A B AR 52 B 35 B T A B
2o B E JR 38 AL R Transformer™ . 3 Jaj 3 g
B —Fh B2 33 8 1 Transformer A &
BT ZE AR IEAE.

BRI & » Wang 55 A5 F T & 1 HLHHE 5
FURRE B Z A AN [R) R AR i 22 8] i E R i O &%
A5 VA8 RN R AT ) 2 7 B i AR A B R G I L o
FATAR B R 3K X b A Sy 30 A5 7 ¥R B 1 A
PERA . Yan 5 AP 53 T — N2 A2 X
FHE JHL 1) 28 A ALy 1 IR B A L o S AR R IR Sl A =
AR B SRR BART S O 13 3R B 3l A 1)
BN S AE ] 1 785 7 I 28 RO AR A AT 3R s T — A
Ffi B 1 20 1 38 S BB B (Cross Inference Block,
CIB) R 25 AU v 114 2 i 3l 4 2. CIB A9 A% 0 R AR
W b AR Jng 0 I 265 v (B %% 2D B s 58 B TR 4K
N F A5 U R 52 (1D 23 )+ 1D WD, %07
EAEREAR Y S i R 1 2 2 SR i E JR) T 14 4
N RS E R R Ok T B S T

3R T7 2 RO EE JR R R A A A/ B A Bl AR
FRAE RIS A 1R )2 B SRk R, [A ], Transformer
ERITETT AL 8 S 2GR L J3 R TR 2 — R S
AR AR A R B R R AE T A R TR G B R
R

Pramono % A\ T —FofE B R IR
2514 Bt Ml % (Self-attention Augmented Conditional
Random Fields, SA-CRF). A i 3 i# & 71 #L i 2% >

Gy A RAE I e b 3 AR s R VR R D Al R A
PRTR] 19 2 ) M. AR J5 08 1 X 1) J@ - Transformer
it a ke 2 6 R BT X RE R R A LT R
RS VE .

AR F SA-CRF H ¥ Transformer ¥ % FA4~1&
BV B — kL B L 96 R AE Z 1, Zhu S8 TR
Transformer #i i€ T > 14 3 1 ¢ 4 19 2 A~ R0 B, LA
FuoT EEBCREAR B 7 5 N 2R EEAT O i L. BRI
Z A Gavrilyuk 8 AN 2% 3808 W T 2 LS
AR SR RRAE 2 b L2 3 A [R5 28 8] 1) T2 B A
F B BRI E » Gavrilyuk 48 A 56 LA A
FECH Z2 DB AR S AE R I RGB. G i #l
B R G H T H A Transformer #4814k 3]
VETR) 18 IR s A A ATTRE AN PIAE o0 545 B
FAEbRHE Transformer 2544 o (4 A7 B 2 65, H L T
RNN #{# CNN, Transformer F 9y B ¥ 2= S1 HLH
B3 A N EAA A IR J AR AR AR A R

FATF Yan 5 A bR o =l Jm 8 5 E 09 5
WCHE S L AR 5O il R R4 VB K% Transformer w11y
A YEIE R g 2R A T ) T 4 s A
R D i B A SRR AE A BE ). BRI 5 L Li
GNP ERHT — Rk R 2 A B 48 Transformer
(Clustered Spatial-Temporal Transformer, CSTT)
Of [7] S A8 25 ) 0 BT SC LA iR A A RO 1A R
7. CSTT A3 5 i B 2 F A% RS 245« 2 5 % 17 5 1S 14
SIVERRAE Hh 4 HAs (8] F0 406 5 i B s ] T 28 48
oy 1 ol N L1 5 S S N = S S A 3 NG 4
ToRAF BN AEF AR b e 42 3% 8 T 8 1 il
B I & J1 (Cluster Attention, CA) , T ¥k )
VERER R B T4, b R B AN
ey =WIK EEN I RE =W

AR AR S DA B — A B s e
AR EEL R R AP @ SR, Han 5 AN A0
AR A 3 VR 18 UK T 2 HE i 2 B &R IR 4R
T — O RE B B A W) 22 B (Dual-path Actor
Interaction, Dual-AD #E 2. Z HE 224 25 [6] f i 7 |
IORERE = WAN PSP R S N E R N
J7 b g G A TR B A AR 1 G AR AR R 3 5 A
PRI 58 B.36 R Fe3k. K. Du 55 A BT A
BIIALHN BT 1A ) R e T = ) 23 3 TR — 41
AR AN [F) A0 ] AR AT o s 37 B B S (R RN B R SRR
I X H A5 2R AT 20 . X 245 [ RAE K H i N
“RFAEXT A R IEREAS TR RRAE X R SR AR DA
A 2 TR AT LG 488 2% 5 X B0 7 R A1E D0 LA 2
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s ke S N DA DO 7 B A FIE - S R b
B MBI 31 B0 25 5 OO AR 1E IR AR 48 A
HE R OGE 18 A 1A 3 1 5 AIE , FH DA S5 28 1 3 0K 20 16
KA T LARG W 5 X T B B e 2
W) 1] ST A R4 i 2 A B R R A B Bt (2
YR AN R XSS T I I Pk R M D4R B AR IE.

SR E . B TEE LR BT AR AE R Y
2 JR MRS SR O T IR Bl A R R AL T R R %
By B0 T A6 5 FRAE S ) Ay 22 S A SCHR. B
BE Xz ) 8 A R SR X AR e A TR R T AL
PEAT B
4.3.4 BT AER-KEBIRG 8ROy %

i o 126 BRI 45 245 4 P DUER A o LA Ry 3
P 1) 1 235 4 S 6, T A o 3 R L DU AR T
A Jry T A RRAE. TR B B TR BL S R A R A AL
455G BERS UUHE 45 & ISR BRI B 19 & B p e (i
El 7(dFrzR).

B0, Yuan S 57 R A W 1R R 3l
VERFIE ) 1) 115G 166, DL A 46 FRE5 4 vh 11 2 X
e A& L BRI AR Transformer MK
AERHE gt bR SCRRAE. 4% 1 A AR A NP =
(] 57 5 R T SCRRAE T] 9 AR DL A i) 2 5C R A
FEHTE BRI TE b SCRHE R 4715 B A% 0. H
o, BT SO RS AR TR A R R AE 5 A AR AE
FEXS 5% - S8 05 (T I ML AT R AR SR . 1 R S
AR Bl A 2705 30 AS Jy BIR T i A A T AE P A L L T
J& AT DL SCI 3 A B8 22 ) B0 v AR R i T i b
s 1T B R AL R E G AR LA A S TR A5 AL
H W) 46 OC AR L AHL X I R 400 0 0k 181 46 AR b )R
KR S

Rt A 27 52 3 B 3 ) M 4% (graph attention
network) i Ji & T 8 T8 T 7 AL ] 46 18] 4 R 45 1
R R P 2 R G R A LA R A TE
LR A A3 B, Lu 28 ASH—R 1 T — A
HE S (Graph Attention Blocks, GAB) 4% A
B AR 25 Loy BT BER SR GADB B JH7E 1
AN JEFUREAR Z A I R Sh VR 3 R N AN S i 22 .
KERAENEZ . GAB FERE R R R 48 5T A
LR A SR RIS 2215 AN [R] 2 U 28 1. TEREAR 2
oL GAB TS VE X R R R B AN [ AR B AL

ST S BT A EE LR S K &R 50
P ORI T 3k B 6K AR JRy 3 B0 Jmy 38 R AIE 2R A5 44
T —MA VLRSS G . DAY FoRE R DG I A i i) 75 i
4.3.5  HETRRIE PR WL Y B OGIK Oy

ASTR) A o 1 T f e X 2%, A 2 T 1 2% 30l

W5 375 57 SR Sl AR 5 E DF 1 9 1) B0 4 B (L G0 4 %
o LI B SR s CHnIEL 7 Ce) B0

B4, Ibrahim % A 2 7 — A 0] H F#E A
E RN 5 R R W )2 g R W 45 (Hierarchical
Relational Networks, HRN). 45 %€ # iR I 1£ 3¢ H. &
AW EE5H 5 —1 % R )2 (relational layer) £ 57 K
A IR R BIE R BB IR0 B — A 19 S I
FR P ABAF T A H R A DG TR 1] 25 4 IR
ST 2 O] I T SR L 0 0 M b K R A 1 A A4 B
TR E SO ORI B R B RO RE B
HEST T2 A SR T 5 G A 5 A R ) A [
P T A7 18] G BK.

ANTE T HRN A [ 5 OG5k & 45 44 , Zhang 4§
OB T — Tl B 4 A DA I R A T AT 2 2
JRHR B 25 H. LR 5 Zhang 5 AU 4R — i ik
AR BRUR 2 19 (iterative latent embedding) 3R % 3 #4)
5N T A NP 1) B OGIE. FLART L 7R 45
Y SRR P b SR IR A AR Bl VR R AIE L 2% 07 5 P 4 =
FRRAE (3 5 RRAE » eSS R ERAE S L4830 T A7 A~ A
FFAE A8 8D A Al 1 BT SCAE L AT B A 1A
1) B 7B AL it 4 B

IR SR Ty 3 3 R A P A 1R O HR 1
BN RAZ WL T 2521 HE%
AR AR L T R D) 2 388 3 1 53 4.

4.3.6  FETE A5 H R R T ik

B T 3 TR S AR R A A O R Z 4,
A IR IR R ARSI 1 S5 RER 2850 18 X
Z A 1 B U B U i 1 5 &L B U2 ) 45 4
A B 7 1% 2 AR R A TR T A A B 1 2 3] T 45 AL
1T HE— 2B W A AL HE B 40 Deng 28 Al 4
TR 25 00 2 T80 375 5% A IR Sl F A IR 2 25 2001
I I =P U 25 R A A R 45 AL T B AR s DA
T A BEIR S AEhR % 56T It . Deng 45 AW 3F
— W T — Fh 45 49 #fE HL AL (structure inference
machine) , | J 328 )9 i 48 W 25 #4) 1 37 5 b A iR AN
Yy la) i i 250 A% 338 JF HLBh 1 1745 oR 2 LA 4 1l
SREAR SR TS AR N W15 B I 1 5 A OG5 2 Y
TiiE. 2, Shu 28 A B T — Bl E (S BE R 2
(confidence-energy) M 45 JZ G & 7n X5 o A B A4 3l 4
28 90 8 T 53 A e A S A 2 0 TN 45 SR Ak
e X288 1) 25 A 4 1 910 R DA AT 2 o] i
TR AN 1A 7 28 ) I B 3R 7 O P At 28 3 78 5
JE IR LSS 5 SR G TE R Al b AT HE R
4.3.7 T[] 55 bR TEBCE Y A & N OG5 vk

IR KR A3 5 B R AR i E A 1 AW iz Sk
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o
=B

SR BLBC R BIAERRAE AT FH T 5 22 G B B0
AEZ A ABLEAII B T bR 12 N W) 02 3l 308 A 1)
iR A R T e DL ] T Sk I 3 R St
Yan 55 AU WRER T 59 bR T BRI S MR BUNAT 55
AT 55 2SR B3k AR U AT An] N\ 40 L B2 i B 0 15 O
TSR A R S EU. % TAE R R TR
— ZR G T [ 55 B B R AR S AR U B S 55 AR
TEAE AR S 1 U A% O Bk S T A o] B 3 2% R R
PR N B 3l A 1 %) FE AT SR I A TG AT Ao 40
KL EE AW W BE B R 00T . A A D 7 3 HRE N
4 Jy B A H s X i A D AL AR R AR R AT ]
SRR, 5L T A — 2D I O L R A S A
P LIS 2 E 3 R B . PR AR SORF X8 i
P EEELDSES TIPS 0 i e <t N CI U
54,

Yan &5 AU B0 B BRI A R O v
it g N2 Nis sh Jul . Jf 3 7 — i
R AR (Social Adaptive Module, SAM) M\ T A
& NP Sl R AE e 4 JH O 0 20 HR A AR R A S 1R 3R
7 ABATTE ST S R Sl A 45 AR ) 9 S JR) A %% 4 OC
R ARG AR B Top-K A i BE IR A 55 a5 AR I
Wi i oG R L %5 ¥R RO T AR DA 55 bR A B0
T CTCARLEE A A N PIARTE) B RE AR Sl 1 U3

T AR I X A DU A ) A, W A
F B R Ty L A g R 2 o) B HERD . LU 3 5
N6 BRAL L I R A T A DX sl B A AR T )
O 56 2. B RAE VI ZRBi Bty 2 A Wiz sh HUB HE . JF

NEEA b7 5 v A B 6 BR A B S B BT bR SRR
fiE. %07 75 AT LAAR 8 AN 5] RUBE Ay X 3 B R AE 1 4K M
T 2 KOG Z2 o DI 5 A O 3 4 R 500 1 R ]
BT MR T AU SR b B ] 30 a8 B
ARV s B AR SR AN 1 R T

it Kim & A0 2238 i — 41> & f n] 24 3
i) i IR e RAE GBI SR S e e R . Bk
M & AEF 15T Transformer #AY, 1| F 3 5 7 HL
ST BEAR S AR R B 1N SCAF B R AT R AL R G B OF
B R BE 3R — 41 R38R SCRRAE 1) . SR )5
W 3K e REAE 1] 1 3R A B — A I B BRI RN L DR
A A TR SR ) BT 3C [ AR B A R B R
SCHRAE 1] 5 A s 8 AR o

Ub4h, Chappa % A" 223 3206 F A W& Jr
B X2 SR e 15 B AT 85 4R Y IROCHE A B, SR 5
A V7 7 32 L) S M ) B S 58 Bl UK L Dk
G R AIORLEE N PIAR I B AR, BRI & AR AN
[F] 25 (1] B R it 58 DA [i] — > WA R A e g 2 Jeg
142 Jry 1) B 23 0 BEURRAE o 64T B B X EL 29 .
4.4 it g

AR SN TR B 2 2T 1 sh AR U BIE 5 R R D R
SEEFEIE 8, I =i SIS (1 £t Bl A U A AR 2.
HARTIF » Ibrahim 2 AU 2 Y (14 43 J2 5 e 455 70
A I VE TR 43 A A B A 3 B FOREAR Bl 4 43 B
PIABY B I R T a8 — R AVWFIE. SR, Al AT] 22w
TS BR A RER Bl 1 O H OGP T o
SE 1.

.......................... AR RO ERERIE | o A B 0 Bt M

- < [F- /¢ SR e
iVD(brahimetal.) "1 i SPTS (Tang etal )"

P BIARERE D SIARNNHERECEE |
'HDTM( Ibrahim et al. )!'®} :SRNN(Biswas et al. )10}
i SIM (Dengetal )l & ¢ stagNet(Qietal )7 &

L PCTDM (Yan etal ) § 4+ 31 A B HERS A HORERS KB
HIGCIN (Yan etal )7 |

B RATEA | RS AR AERN |

% o =Vl ,
ShriE S SENBA Dataset; U EIGEKDE W SGAR:
SAM (Yan et al.)!" [ :

2009 2016 2017 2018 2(119 2020 2(121 2022 20f3 >
D RAEEEE 1 ISONRNNMEFAEE  BIAEREERRE ETEERNERE L ATARENSREE |
! CAD-v1(Choietal.)"™: i Recurrent Context 1 ARG (Wuet al, )l | DIN (Yuan et al. )" i ORI
INUS-HGA(Nietal )% 1 (Wangetal )l & =7 BT BRI R SRR {iSPARTAN(Chappa et al. )™,

i Actor-Transformers(Gavrilyuk et al. )1
TCE (Yuan et al.)®” H

Pl 8 TR A ST BRI S AR VR BT 8 A S S P AR

*2 FRHXBEEBMNIL
P & e
o WERER ARG RER Gk E A PR G T
R pom e 2 SRR M
g TG RV RAFIER R A I %
H 1 T T xR S b
pepe  PTVRMCAEBUTURIINSE 8L A BB O 5
et BERE S A

BT LRIEEBN TG RVIE N TIZH g5 Y
HEPR S = B SGHR 9 D B AR % 28Tk R0 H
b Je ART 2 2 19 05 0B 3 45 8 T N9 2 A R 1A
G RBEAT LR BUA BF 5838 H A T D AL
EEASSR B AR RFAE 7 > — A~ 55 T AbR 25 G I AR BE
PR3 AR N AL R BRI 207 3k R — A
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TR JZ I LA G A0 B ] 2 B A PR Sl AR e ik 5 A Sl £
0 Z 6] AR DG o DR 5 T 5 FL B/, AR L X
PR DT X TR S 5 R T AR E A
() 58 FLAT g o 5 SRS R X B A 0 A ke = TR 2 UK B
W AE— 2 N\ H R M5 T X R TTIE R
A R TR DA ) R, IR 2 SR 5 R A A
AR A 1] (9 SC IR DL K2 Ao P B A2 24k (1 6 7R 344 o
RPN/ PN i DE SN

T e A M AR AR S AR R Y R SCfE L
—BETTEE T AR IR R I T P 91 Rk 7 . X K07
53843 A 3 VA M 22 I 4% (RNIND (19 )7 51 22 455 e
R B R S AE [A) 1 SC I, JE ik RNNC 42 HL ]
X 8T 3% AT LA e 250 HRF A A R R 3 5GBS R
MR AT 1~ 2 2 A AT s B U A ORI
D795 R LA RO A 4 N Wy 1) 19 58 5 5C 2 o DA T B U
10 b S50 B AR Sl AL SR T, RNIN ) Bl 5 7 T JE 6 O
Frat s, DR sk 2 5 vk Mk LA Bl 9 i 2 K 19 e 31 G
BRI E A X R TR IE S s
I T 22 TR A QI 4 07 kR — b et
BETEAR S A A LT SO B 5 ik (EUR P B 45 4 1Y
AR IR T B AE By 81 s R I &L 1Y
INUIER

N TR R 1) AL — ORI 5 f T A Y
2 10 245 45 A O AR R R SR T U 15 P 9 RNIN &5
ey o 5] P A AU 22 ) 2% A0 9 T O T LA 4 S B A
TR AFEAT A 9 HLRE 0% Ab 31T K9 J3 51 A T
A8 JZ U AT i e 1 S 00 R A P ol L 3 1 1
T2 T ORI U5 v X R DT A B AR I R
NN (] B 1 52 A 38 B O A HLRB B 42 48 A [ 1
FEUR AT BR8] 1 250, X 2807 7R P IRAT 1Y

S8 e o b AN W I R e s 1 BB 1% 28 5k 1 Bk R
T A 2% B W S 0 RN 8 9 388 o v 22 - A
(BT XE DAL T AR 3 4R 19 S B i 5 o, B 2
TSI 1 J5 ¥ — MR B SR8 SO X5 {H A 1 [
L5 LR U v i 1 RE R B L X AT BB 2 T BB AU A
A BRI R8s Fad UG

L BT IR, = 2 SCHK T 3k X AR S AR PNAT 55
& A5 B 25— 07 1 s 2 SC IR R 51 QK 7 ik
VY SURGRY EROR R LS S E PN [ ESERL
RETIANKE. 73— i, [ ORI U5 i AT AR 8 1 22 N [
KAFBRRS BRI A KR EE S AR
Bods b7 A s LR R R B IF 52 AT RE A 2k —
A G A IR T L ML 2 SR T IR
TREA R B Be LA R A2 B4 Ak D S 2% 9 A AR Sl /R
BT 55

5 MXHBIEEDQM

— A0 A Kt SR TR HLALSE BT SR LT R
ORI B2 o [F B, B il 55 9k A A By 0 5 . TR B
TERIETERE A Sl AR PR I g s g o R A R AR
HE— . 5 NSEA R SR B
S N L e Sl AR S AR 2% X (AT v A A
PR VR INXE. BUA BE A SR B R R 2R T
Pl AT HLBRLL. A 828 T Rl T AT R
PRSI RPN A Rt 2 R AE SR 3 R TSR R R
A IR AE IR 9 /R T — S8R B REAS . (A3 R
2 78 N R Kt 4 O Aok T BLA BF s
REBRIEATIER LG 5o IREGE AR AL
)AL I AR AR B Tz .

®3 BEEFERINNHBEELS

GRS KATETE] Em THE A4 3 1 25 51 FEAEL A%
NUS-HGAL24] 2009 W BEAATAE HEOR SR O 7 UL VR4 T R ST AT E 476 6
) REME RIS A 5E I — ke E A AT 48 R e o
[125] A
BEHAVET™ 2009 H# TF B T A i T R BB 1 10
CAD-v1L19] 2009 H & i o AR GHEBN B AT B IR 24 2500 5
CAD-v2[126] 2011 H % o T R CHEBA AT VBRI 30 R 18 B 24 3300 6
CAD-v30127] 2012 H % B4 RN R R B HEBL £y 2000 6
UCLA Courtyard!!28] 2012 H & — R HEBA NS A E— R N SRR VR 25 120 6
Nursing Homel129] 2012 W IR NN 2990 2
Broadcast Field Hockey!!3) 2012 N1 PETCER AT 2 BROR i) Bk 58 3
Volleyball!®] 2016 liN=) I AL A AL e qnEk A5 dnek etk AL ek A 4830 8
~ . KRR — 1 2 e ek ARE A —d AR
_1Q[131] 2 -
RIT-18 2016 s B AR A AR A (6 195018
C-Sports!1#2 2020 [EN=) RAE REL R BT i E 2183 5
NBALT 2020 g OPRRORID SRR SRR AR kR i 0172 .

AR 3 BR- b R P R R M- ST S SR
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5.1 NUS-HGA"*"

TZEHE AR BT I [ 57 KA aE i AR = A R
CRZAF 437 WO R 43 31 1 0430 20 8, 34 55 0 300 it
Ay 25 FPS [ LA, T 391 A0 05 R 40 5 6 A R 1A 3)
VB R BER S AL 4~8 A AL B A Hods 42 3L
£ 476 Al bR AL BEREAS B 2007 1
294 80 M B A B2y 8s~15s.

5.2 BEHAVE"*'

RAR AR B T MR, 5 163 DA,
I3t 76 800 Wil A s A AL FE 10 FhEFAR SN AE. A
A E A 2~5 D AAVERN— /N H N B
EFFAE N B.S). BA 25 B8 NS 2 Blbrid
B AE S 125 A AW, 83545 A3 FHAE. i B
AR TRHA SR T R N SR A L DL A HEAR

AN FEE R 4 (CAD-v1H [ CAD-v2!%) [ CAD-v3!"#") | Volleyball Dataset™'® | Collective Sportst*?) FI NBAM™) v iy

AT R . B A A R B IR T 7 )
A ARE A2 R .
5.3 Collective Activity's' (CAD-v1)
LS 4R 2 H T 9% 8 TR S AR P S5 ol v e, I
44 DA H) . H AL 5 A NSRBI 8 A
NI J7 10 200 R B A 10 WidR i 37 Bt N
NP0 E FSIEAE B 54 3 5000 IR 30 4F 268 51 i
PR TFARBAE I J 2 19 28 B B AR B AR
POIME 55 iz i T Sz —.
5.4 Collective Activity Extended-'**! (CAD-v2)
AR RAE CAD-v1 [y 5Ll B4 3G w15 . It
i 75 AL 2T CAD-v1 H 25477 B 8 R
CEFAREA SR R R S 1E) . CAD-v2 il
BR TUCATT IR I T B RN B . A AR TR
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KX MA% S CAD-v1 —5.
5.5 New Collective Activity''?”] (CAD-v3)

AR B 32 AN BUA L A 6 FREEAR
IECINER 3 ) .9 Fl AN B O R (IR AH BT
AT TR T 3l B — HE AT HEE 55 . 3 e A 3l
fE AT E ViR IR B2 . [, 8l &£ 5 CAD-vl
PIA A A B 8 A A& bR 28, AH T AP A A,
CAD-v3 $& it 1 8 8 F & B bn T N 2.

5.6 UCLA Courtyard''?

B AR A — 04 TN A AR JE K AF IS AZ L
AR (1 4 3k 106 min 1) 75 40 SR A0 40, HoAu &
2 [ AR R A Bl A A B N B 1. I B HE 4R A
ET 6 MEEARSIME Nk 3 Frg) (10 Fl e A Bh1E &
17 Bk, Horb, BN SR £ 45 W 1 B L 59 B AT 4
BB A S MR S B B ORE RN A SR X
AR AR LA 1= 1 A Lo A0 43 S I 2 B Fn a4
5.7 Nursing Home'?-

ZRE R TIT TR BT 1 Wa ¥ R 1B AL
T 1IATRABRBE RS 13 > BR8] LA X
SRR 43 22 A B, 2t 2990 ot o 14 A
R BTGk .8 A B T, i B 4 it 1
FAEATE S AR B A EREAE N 5 P HRA
Sl TERE. [ I 4 A W o3 R A Bk 48 A i k4] A
250 s BVREAAR S AR 2 ). i B s AR AL & S B Bl
P HoRAE TR 5 5% PR m] MR
5.8 Broadcast Field Hockey "

BEIRER A T 5 E LR ER P 3k 58 4
AR B AR 1 11 B s S VE (e Bk s BT
FFNRCEE) F 3 R ARSI (e 3 e ). b, i
s 4RI E SCT IR ER LL 38 b 5 Fh 2l AW ff 5.
R E R E N RE TR B 5T MR E
s 4R o H Hy TR IR A 5 R0 2R 0 B AN BT LLOE
KLz A H.

5.9 Volleyball''*

B S 2 N 55 A HEBR b S O A A i g T
K, Heit 4830 ML EL. SR AL BN IR BRAL T
— AR BRI A R TR T T N AR
o A B LA AR 8 R A B/ (CAn sk 3 A
T RPN SAE (BT L A% JROBR A ok (B
AR
5.10 RIT-18"

I 4 & X Volleyball $ds £ 4 78, Y
T YouTube b4 51 SHEER L BRI S T A&

BRI U 2808 Z2 AL BR B B4 3 R 1k /9 1530 000 A
B, 4t 12035 Wi, 288 4R B AU Bt B TR
PR B VRS RN B[] 00 5L G048 18 A B A4 2l 1 25 5
e 3 FraD. R L — 2 F 5 T Volleyball
AR 58 1 2300 E SRR A B R BAKTH R
MR A Fr ez sh 5t

5.11 Collective Sports-'**

36 S NT - € LN = R S
THEBR EBR T ER L KER A AR IR AOEEK L HEBR AN
IKEREE 11 Mz 8l 23t 2187 A HUH L, 167 935 i, il
Rk /RS /ML 70 ) & A 1317,435,435 L
A e IR DU 43 ) A AN (R B i B 28 . R
AT & 22 DA AR S A B T L8755 3
10s. MAFRIC T 5 MRS Cn sk 3 Br o). B4
PUATES AR TE T K 5 18 20 28 AR 3 VR 200, 1%
ARG T 2K T iz 3. HIFAL 2 3 5B R
11 RPN AR SR AL T IR
5.12 NBA"

AR B 181 IR BR L FE A 4 A, 3k 9172
AP B Horp 7624 A T T I 4. 1548 A T
R IEE SR X R Bebnal T Ak 9 R IA
ECNER 3 FrFD . 8O S AR & TR 55 AR
R B8 I A0 000 % 1) b 3 S 3 R DL A i A
A BT A AR BE bR Can B N SR B A B R
A HAF B 3% 45 R 30 A SHUOIATE 55 40 % 1R
Pk ik

6 AR XMEREX LSS

AIE NG T RS VRPN bR R PR T
W dn MER R A B R UER R, - rh A g T
b AR TR A SR AT 55 0 B L H H b
A E I VD.CAD-v1 il NBA , H: A4 ¥ 4 9
AAT BN Ko R AT A = AN IR w0 0
#E Volleyball Dataset'™ (VD). Collective Activity
Dataset™'™ (CAD-vD) #l NBAY™ |-, %F B4 75 s 19 7k
AE 25 B0 RRAIE RSS9 A 2 B R 47 % L 43 1
6.1 FMNHIEHR

FE 1A 2 A U — AR A 23 2R AT 55 A B
5 O A PR R bR A A T D O A R
(Acc) FIE ) B2 UET 2K (Mean Acc.).

HEA 3 (Ace.) 5 SRR T ARE 22 45 K 114 26 1l
5 S BR2E BIAR R B R A 5 SREAS 1Y 4 L. oF- 2 4
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o
=B

UE B R (MeanAcce.) W) 22 7~ B A4~ 28 51 09 43 JS 1
REPE M B E s N AR C
AN H S A REAR R SEBR R G S50 25
H P

N
>1G,=P,

=1

BEA 2 ) 1 HE B R Ace. RO IE 20 A KB FE
ARG Z SN TR L. B R AR AR Ace. FN
MeanAce. 8% )12 A8 T HEAK 2 7 HONATE 55 b LT
fli L7 PE e 2 BL.
6.2 Xttt 54#r

AR SO T I AR R FE T R B 2 T BRI Bl AR

Acc. = (3
N ) W77 ¥ 1 H s 4 (R Volleyball #l CAD-v1) |
S Ace. F P 2 3. M A1 4590 VR T 162 B A 3D A U3y
MeanAce, = & (1) VIR R SRR 78 B AR R LR LS B
. PRI 3 AT TR 23 25 R i 2R AHLIX TR A 52 1 X 5 26 Ty
>1G,=P.=c X 5 A A, HAR M AR SO OGBS (R 4)
Aceo = (5)  MEARAE AT (F 5) KU BIAS (% 6) S bRk 1
2 Pi=c (& 7) P47 AT 0BT 5 %I
R4 UBEAFERNEREAYESE VDI R CAD-v1™ L& RGB EAMEBHRALE
TERE
IS ARy FRIEZE R PRISEL VDo CAD-v1015]
Acc. Mean Acc. Acc. Mean Acc.
Deng 4 A\ [119] 2016 D (AlexNet) 5] — — 81.2 —
Ibrahim 2§ A [16] 2016 @ (AlexNet+LSTM) 2 1 81.9 81.5
Shu 2§ A [16] 2017 @ (VGG-16+LSTM) 4] 83.3 83. 6 87.2 88.3
Bagautdinov % A L[4 2017 @ (IN-v3) izl 87.1 — — —
Wang 4 A L13] 2017 @ (IN-v3+LSTM) 27! — — — 90. 8
Gammulle 2 A [101] 2018 @ (RN_50+LSTM) ¥ 51) 93.0 92. 4 91.7 91. 2
Azar % A Lo 2018 @ F(IN-v3) 21 85. 4 — — —
Tang % A L60] 2018 @ (VGG+LSTM) 1 89.3 89.0 — 92.5
Yan % A [12] 2018 @ (AlexNet+LSTM) &M+ 51 86. 2 86. 1 91. 2
Kong % \[94] 2018 @ (IN-v3+LSTM) 21 85. 1 — 84. 3 —
Lu % A 95 2018 @ (IN-v3) 1 90. 6 — — —
Li & A [57) 2018 @ (VGG16) izl 38.7 — 83.7 —
Zhang % A\ [56) 2019 @ (ZF-net) 6] 86.0 83.8
Qi % A L8] 2019 @ (VGG16) 21 89.3 — 89. 1 —
Wu % A [101] 2019 @ (IN-v3) 92. 6 — 91.0 —
Azar %5 \[59] 2019 O (IN-v3+13D) & 92.1 — 83.4 —
Tang % A\ [45) 2020 @ (AlexNet+LSTM) & + % 51 89.3 93.0
Yan % A7) 2020 @ (RN18) 4] 94. 0 — — —
Shu & A 7] 2020 @ (VGG-16+1LSTM) — 93.0 — 94. 9
Hu % A [10] 2020 @ (VGG-16+RNN) & 91. 4 91. 8 — 93. 8
Yan %5 \[55] 2020 @ (RN18) %] 91. 4 92.0 93. 4 93.0
Gavrilyuk % A [61] 2020 D (I13D) 8] 93.0 — 92. 8 —
Lu % A\ [109] 2020 O (IN-v3) & 91.9 — 90. 6 —
Xu % A\ [99] 2020 O (IN-v3) 2k 92.8
Yuan % A\ [87] 2021 @D (VGG16) 4] 94. 1 94. 4 — 95. 4
Li 2 A\ [50] 2021 @ (I3D) 5] 94. 9 — 94. 7 —
Pramono 4 A [113] 2021 O (13D) &) 94. 8 — 94. 4 —
Yuan 2 A [106] 2021 D (VGG-16) % 93.6 93. 8 95.9
Han 4§ A\ [115] 2022 @ (IN-v3) & 94. 4 — — 96. 5
Li 4 )\ [120] 2022 @ (IN-v3) 93.5 93.9 96. 5 95. 3
Zhu % A 114 2022 O (IN-v3) & 94. 5 — 96. 8
Liu & A\ [133] 2022 @ (13D %] 91.9 — 90. 5 —
Mao % A 105 2023 O (IN-v3) 6] 93.1 — 92.5 —

1 : IN A% Inception, RN f# ResNet, O LR &L , @ (LR E -7 FIHHE.
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£S5 TEFEFERDIFBNERFER MW (LEER RGB EEEHE, IN 5% Inception, RN {3 ResNet)

PERE
DIREN 0y R AE 2 VDL CAD-v1115]
Ace. Mean Acc. Acc. Mean Acc.
VGG-16 91.9 — 90. 1 —
W 2 A 101122 2019 VGG-19 92.6 — — —
IN-v3 92.5 — 91.0 —
RN-18 93.1 — — —
Yan % 7] 2020
an FA IN-v3 94.0 — — —
RN-50 — 92.0 — 93.7
Shu & A7) 2020 VGG-16 — 91.1 — 92.5
IN-v3 — 93.0 — 94.9
AlexNet 88. 6 89. 4 92.5 92.3
Yan 4 A 155 2020
an A RN-18 91.4 92.0 93. 4 93.0
- VGG-16 94.1 94. 4 95.4
an % N7 2021
Yuan A IN-v3 93.3 93. 4 — 95.1
R RN-18 93.1 93.3 95. 3
Yuan & A\ [106 2021
van FA VGG-16 93.6 93.8 — 95.9
RN-18 96. 0
Han % A 115 2022
n FA IN-v3 — — — 96. 5
RN-18 93.2 93.7 95.7 95.3
Li &g ) [120] 2022
IN-v3 93.5 93.9 96. 5 95.3
R6 ARHEESHERAENEERIT
TERE
Tk 0y Bt VDL CAD-v1013] NBAM7
Acc. Mean Acc. Acc. Mean Acc. Acc. Mean Acc.
RGB 84.7 — — — — —
- ) + Optical Flow 88. 6 — — — — —
Azar % AL 2018
zar A + Warped Optical Flow 88.9
+Pose 90. 4 — — — — —
R RGB 89.3 89.0 92.5
Ta 2tz \[60] 2018
ang %\ RGB+ Optical Flow 90.7 90. 0 — 95.7 — —
o RGB 86. 2 86. 1 - 91.2 - -
Yan % 12 2018
w A RGB+ Optical Flow 87.7 88. 1 92.2
. RGB 90. 6 — — — — —
YNGR 201
Lu A 018 RGB+ Pose 91.2 — — — — —
RGB 38.7 83.7
Li 4 A\ 57 2018 Optical Flow 54.3 — 70.1 — — —
RGB+ Optical Flow 66.9 — 86. 1 — — —
RGB 92.1 83.4
Azar 4 \ 59 2019 Optical Flow 91.5 — 85. 4 — — —
RGB+ Optical Flow 93.0 — 85.8 — — —
RGB-+ Optical Flow 93.0 92.8
Gavrilyuk 4 A [61] 2020 RGB+Pose 93.4 — 91.0 — — —
Pose+Optical Flow 94. 4 — 91.2 — — —
RGB 92.8
Xu % A\ [o9] 2020 Optical Flow 91.9 — — — — —
RGB+ Optical Flow 93.5 — — — — —
RGB 94. 1 94. 4 95.4
Yuan 2§ A [87] 2021 Pose+ Optical Flow 92.9 93.2 94. 9
RGB-+Pose+ Optical Flow 94.7 95.0 96. 4
R RGB 94.9 — 94.7 — — —
FE PN 2021
LA 0 RGB+ Pose 95.7 — 96.3 — — —
RGB 94. 8 — 94. 4 — — —
Pramono % A 113 2021 RGB-+ Optical Flow 95.3 — 95.1 — — —
RGB+Optical Flow+Pose 96. 4 — 96. 0 — — —
RGB 94. 4 — — — 51.5 44. 8
Han ¢ A\ [115) 2022 Optical Flow — — — — 56.8 49.1
RGB-+ Optical Flow 95.4 — — — 58.1 50.2
RGB 91.9 — 90. 5 — — —
N Optical Flow 90. 4 — 89.7 — — —
Liu & [133] 2022
uFA RGB+ Optical Flow 93.3 — 92.3 - - -
RGB—+Pose+ Optical Flow 94. 4 — 93.2 — — —
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x7 BRERETHUEAZEREELIEE NBAY f1 VDU L& RGB #EHBMERIICE
bR EE) P RE

iR AR FRIER R R A 3 i 2 L 1 NBA VD

Acc. Mean Acc. Acc.

Wu 2 )\ [104] 2019 @ (RN-18) 5] — 59.0 56. 8 87. 4

Yan 2 A\ [17] 2020 @ (RN-18) JE 5 HE AR B 32 49.1 47.5 86. 3

Gavrilyuk % A 61 2020 @ (RN-18) 5] — 47.1 41.5 84.3

Pramono & A [62] 2020 O (RN-18) — 56. 3 52.8 83.3

Yuan % A [106] 2021 @ (RN-18) 5] — 61.6 56. 0 86.5

Han % A 115 2022 @O (IN-v3) — 51.5 44. 8 —

Kim 4§ A [122) 2022 @O (RN-18) 4] FFHEE I RT > 75. 8 71. 2 90.5

Wu 2 A\ 121 2023 @ (IN-v3) SRS =W T 49. 4 — 90. 2

Chappa 2 )\ [125] 2023 ® (ViT-16) &l ERE =3I 82.1 72.8 92.9

I : RN AU ResNet, O {UEEBUFIE , © A& BUFIIHRIL . O UK A B I 4$1E.

6.2.1  R[A] {5 1 el 45

PN 4 O AR —RE AT DL R [R] A
SV B Ay A 45 A I AR A s B R
B3R ST B0E 79 1 Sk 7 W i H T
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Background

Group activity recognition aims to understand the complex
activity composed of multiple persons and their interactions in
the scene. Different from traditional simple action recognition
(performed by a single person), group activity involves more
complex spatio-temporal dependency among persons in the scene
and more noisy visual information. Recently, the widespread
application of group activity recognition in public safety moni-
toring, sports video analysis, and social role understanding
has attracted the attention of researchers. However, there
are few Chinese literatures that can help researchers quickly
understand the research overview, and the basis for induction
and analysis is vague.

To this end, this paper aims to review the research
progress of group activity recognition based on deep learning
in recent years. We divide the whole complex recognition
system into three parts including person-level feature extrac-
and feature fusion. We mainly

tion, feature interaction,
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His main research

review and summarize person-level feature extraction and
feature interaction. After that, we also introduce more than
ten benchmarks that can be used for group activity recognition,
but only compare the existing methods on Volleyball Dataset,
Collective Activity Dataset and NBA Dataset, because most
benchmarks are not used in recent works. Finally, this paper
anticipates several practical and more challenging future
research directions. We hope this article can help readers
understand the research overview of group activity recognition,
its core research ideas, and future research trends.
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