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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
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extraction of features pertinent to their actions, the recognition of individual actions, and the aggregation of these
actions to infer 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.

Key words video understanding; action recognition; group activity recognition; deep learning; attention

mechanism; recurrent neural network; graph model
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CRAE BRI RS 2 8] (1 50K
4.2 FHIREKFE

F 9 SRk (14 2 B A R AR A AR AR AL 1 A 8]
AR R, LRt EE AN KE T4
e SR FH B[] B[] ) 328 VA 480 22 X 2% SRS B o

Wang % N1 LS B SRR (A ) 1R
MATEEE, R T MEARZ R TR EAE
2o ZHERM =R BRSO EAHM, SRS MAL
HP I 5 HHARSE R “T8E”
HZ W, WP BRMEE “TaifE” A, X
L TR ALRARYE BRI 4 SRR 433 3%
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Hitms ----- ES
BRUERH — BIMXE

SINe

B 7 BRBREB ARSI (R AF A ARA FRE D

NWAMEEIR . = Z 90 B 0 B2 @t
LSTM SkitAT 21 A5 BAL 3, R 7 51 R v 15
MR BN — N ESR. Hd, =ABE9hm
LSTM ML AIEEE,  HAMANRFAE T s d2 A B I
HEF o St LSTM ()R 3 59 s AR A e A O
EEER L.

b3k 75 G T B S A B SR TR
WA R, AR 2 YT AR T 75 v AR
#i. Yan 25 NPT Tang 5 \MSUL B, Rk A T
FI SRIFAL T AR B AR 8] 1 4R A1k 52 L 3 A5 B mT I
ERFBEARRBIRE, R0 A8 4% ) 1T 5 Rk
A, B, Yan 25 NFAEURT 037 5 W AMA R R
B M G AR B EEAMA, A T LSTM kg
FEANARIA] (157 51 A2 TR AE il £« Tang 25 A Moy
P25 HE SR S 1M SCIRRFIE IR N B LSTM #E47 7
FIRIRERA

Ak, Wang 2 N PHR 7 EE I AT
"B 4% (generative adversarial network, GAN)
i, FEAIREBRERE AT LAR B AR M A BAS [F) 2 21
B R . Gammulle 2 NUOUHRH T —FpdE 4%
f# GAN 1112 A o Hi i 2% (MLS-GAND,
B A LA A 3 o FEAE ARAESE Y, B e
— AN P LSTM ARSI ERHE AN 7 SRR AR 5 41 Bt
SRR —MERR; REWIT TR 1ERE T
(gated fusion unit, GFU) X} T3 /)2 2% (I - 3=
7~ (MEBIERg 50 $ IO BT AT 7 51 CHE,
HAE ARSI E RS . RN AAESE S, e B
A E gAY A R, AR E T T3 Rl
g6 (GFU) HEATHRFIERRA DAL 532K

[FlREHE, Bagautdinov 25 A\ M5 F§ RNN 4544
XAMRBNERFE AT R AL . Aoy ik

NI ASMAEERA] S ARSI R BHUE S5 A4S
& ARSI T 8T T MR IZ S U ) 5
&, W9 T AWK, DAERR AL T REA S .
KFE I G AEAT T SN SRE, TR 281 i £
S 2L I £ DA A i R AR ARG ATE

URA, DN T S AR N s R (1A
P, A TARR e FI SR ER G 40 i 2 2 RS M
it Li 25 APPLRL A6 RGB MUATIURIS B (37
FE S BB AR CNN B2 o, Jfdg
H PO RF R NI 25 LSTM AL 3N o DR, 28
[A] LSTM S5 44 Fl TR R 2 0 WA RS ) 2 JR 2R
IR . 5, FasE LSTM AR R 2 ikomis

NI LSTM Sy rpoi Heatk— 2D 3, ATRAE (A
BRI T, Li ARG — SR A

RS 75 B B AR AR B A 198 SCo ARATT S T I 2 1)
LSTM & l— AT LSTM I SCARA R as, W
— it AR B — BRI IR IE NE T LSTM LR &
F T TR S o
43 BEXEFE

BICIR 7 5 b BT MBS ER T i, 4% 1R
— E FUMAEIX LT s AT S B AR, DU g
TEMIBEISE ML R o T SCRTIR 2 1 IR 7 51 S ]
DIARAE BB R, E B AT S e — BRI S A
R IE R R T —RINE & 5825, MAEdT
T U AEVELH 2B o 1 AR 7 T 2 [ o 3 1 2 S |
MBI SCER T2, A BIOCOE AR 2 BB LU R L
P T BRI Cnll 7 fros), BFE: 1 &+

HAMNSARPE#E; 2) HETFRUERMZEM %, 3)
S RERa WALk IR

431 BT AR I 4 I SRR T
T 32 VA 190 0 0 2% TG R A LR D T A B R A
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SR ) 18] R B 2 e A s . il 7- (ad it
7N, U Tl R R H H T B SO RE R 2
LAHT N 5T s B A AR
O 2% 43 59 A BB i 61 25 1) 4 i i oo

FAATI S, Biswas 2 AL 45 ¥y Ak it ) o
2 W %% ( structural recurrent neural network ,
SRNNUST) DIt Pl [ 8 B 2 s 2
M2 98 37 5 9 NP TE) B 25 12 R SC. SRNIN L &7
nodeRNN £ edgeRNN #i 54>, nodeRNN F k%1%
5NN NAE R T RS BE ROR
edgeRNN FH KA AN [E] NP IA] QB . AR,
ZJTE AT LAAE NP Ia) AL gt — AN B A I 5 I 46
(i FFSCoEmE. ok, Biswas 25 N UE R T
B A 4k . 1), %t edgeRNN J5 nodeRNN
(SRNN-MaxNode)F12), 5 nodeRNN /5 edgeRNN
(SRNN-MaxEdge). M, Qi 2 AR 4 #
1038 VH #2228 AL 5t R SCAS (AN B AR Ti0 A
25 MRS EE ORI, HFENZER AT
BRI EAMARE: )5, HIXEME
FHIESE G N R R . (H2 BRI R 4t
A 3585 VA1 4 2 TR 4% 568 I 2 5040 A Ak BRAK TH 2 A [F] 28
(), BRI 250 SRR, X AR T 0 RSN R TR X
R JEE PR

DRl b 27 3 T 0 o0V o el R R AR B 1 37 3¢
ARSI R “ ISR, H B S 7
W 38 U i 22 ) 24 B TS T D ] BL4E 2 24N HI P
NIEER, DASCREEFEAN N ZI A B 5N 24 A W)
FFAE. Tang@e NIPUR I T — ANy “It-457 BI54)
TR P 2548 LST MR T R EAR AR AN W) AE I 25 gk
BN REGEA S . Hrh, NP BEEARSER
FEREAS S AR 2 B RRAE O PR E ) — 20k A
M, A EAS QA T2 N AMERHE S
FoAsia] bR SCRR ) Btk . 1K B BRSOk
H T A — 2 Fx MERFIERIE S . Shuss
A T Graph LSTM-in-LSTM (GLIL) %,
AMAREE T B4 ILSTM G, &g 5I N T B
VR IEERE B IR 2 LSTMR 52 1 N0 5%k 22 s
fEo GLILzE—Fh “f5 E-F54"7 28H), "E7E RN
B SR A4S B ) MALS TM (37 A2 4R ),
B A AL B T AR AR 0 A B EILSTM . (15
FLEHD

TC Y 2 T 5 ) A ) 3 ) e 428 oA 5 BIO8 i
AT I 23 LY 510 B PR ) e 22 R 2 171, A S A
s B 23 B OGRSy, AR T I A ™ B A Rl i)

e R IR 28 5t LLITAT AL, L4 B it
TN G, THRAERESEAC. Bk, FETESEAme
IR 2% (1) B R BR iR R BB 200, 2214y 4y %
[Fa) ) FH Pl AR 5 A SIS S, T B vy 28t A A
BRI =N 2 NEIAZE.,

432 FT BB E R %

WE7- (b) B, A IERET NN FE
FEEA B AG B EWIE NP R R AR, REE iz
J= BB M 28 0637 5 N AR N IEAT RS . B
HETEERM L (graph convolution network,
GCN) 75T B3 AN KR B B a7 B 8
FHBY BOF G BHCGEE B B . 57 2 2 2 BB R X
28 1] BN AR N IE] ) SRR 8L, AHEL T4k
BT HI BRI S W ok e . 5T EIT RS R
QAT 5 A AL A s i AR TR SRR A, 1T AE
. SAMBIEMZ B E AN,

B2 IE A IS YN | DNE Nl (el
BTSRRI, SETANAALE, 14 R HIER
HBAH LT A NP 58 R & (Actor Relation
Graph, ARG). #RJ5¥; 5% & B Abn vk B 6 A4
25 P AREOR RAE W ARME , JF 2 R BB R
SEIUANMARBIE ] () S BRHERR o R 7 3 A2 X S R
ok, AATTHE— DR T E] R ARG AN 8] B AL
ARG SEIL A K 2 B KM A, o

ARG J7 AR B8 N P AE I 23 78 A0 ok i s 2] £
R R, T— 2R RE MM, X
HIR AT SRR E R AR . BRIk, 5856
AN st it 7 i DOPIORIOT ey g e, - A 3 B A
1E AWK 5 B L F-15 S A0 S Tk 45 4 B o B 4 3l
VEFFIE, JFdid R0 A#F AT 73 H 5%

AT ARGIIRS I Mk NS EAT i,
Mao 2 N[OV RBE ¥4 37 5t A LR 2K
TWREN5 T4, FERA GCN Xf 24 kAT
KA. B4k, Yuan S \FOEF ARGHH
7 —/f1 dynamic relation (DR) #5tfl dynamic
walk (DW) 4 5 1 2h A& HEBE P 4% (dynamic
inference network, DIN) SRSZIIA N BIAETE] B 25
B, 5 —NRE A HIR, fHH DR T ¢ &5
FEFEH DW Tl 2h & wfe . adid AW 58T, BiAlge
WAt tH B A RS BRI ORGSR, T
ARG, Duant"4 A EE & S WL T —
PR IR & REEAME T BB T7 . ZI7TEDAME
B B E R BN AR, F4 I ] e LA R B 546 0%
FE b )RR R R A I . MRS R B
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FE R IB I A B i A% B 20 A5 1 B R IRGE,
AT T A E LT 2 (BRI AR A A 40k
Begtd).

R b OO e i A o 2R S IE i AR
F BT Z IR IEARAL, (BAERREEA
WA SRS B BB IER B . (RIE, B2 dt—0
I B Ak 27 ST AL ) gk Xt AE 23 [a) )y 2 2B A8 IR N
Vi ZE. BARTE, Hu S A1 7 —Fidt T
SR A 27 ST IR TR O 2R 2 21 SR DA S o0 A8 IE B AR Y
N R R AE LB %75 1 9 245 1108
Ryt 7 — Al i LG AR ] (semantic relation
graph, SRG) kXA G NZ MK FR N T
THER KRB BHA TGRS H, AT T AN
TSR] R R AR, RIRFIEZETE (feature
distilling, FD) fRHAISC R [14% (relation-gating,
RG) fAH, LLZHAML SRG. 45 MESHEHFLE,
1S FD ARHELRE H S B3 & AR UGS B 1 A
RETR: REREATENGE - A RG QL
— D IR AR BN AE 1 SCM SR I AN T A B
SRG. FD M RG =FHAZ&tk, HEIRESIERE.

SR UE N B HEAT RS Ak i & IE A AT 92 38
UKL I N ok % VOIROSIOOINOT -y i — 5t FE 7
RGO BRI aE A . Bk, H%EI 6
% R A5 AT LLMAS A B BRI O B 2 2 4
MEh SRRk @ 2k N R, DL
BEARREAENME . BT, Lu 28 NDOLET K5
W & # @ T £ J2 222 H (multi-level interaction
relation, MIR) B, FAKINE, ABAT¥ T 7 —Fb
BT o NG )R (KeyPool) SRk #EH 44
BNVEFIOCE A LI S AR R G R AR5 3R
H 7 — T AY R RItALE  (KeyUnPool)
R EE AL H AR o0 R . BT R 2 R EE R RO R
BT BRIk 2 2 B

Lu 25 N[OV 25 PR [RIAL P I Bl i i 2 2
FNYFRE . SZARKRE, Pei 2 NMI2ut
ANFRBEAR R 2 P NG R, IFR T —
AN BRI AR S AN T I 4%, BV Ar B
A% (position distribution network, PDN) Al
HMULSE £ M 4% (appearance relation network, ARN ).
PDN I ARN 435l AAMARL B A5 BANSMIUE BAE A
N, FH ESAR ROR F R R R B R R
N, BEPHE ZEHENRAH T IR AR R

ARF SRS ARG ST 8, Feng &5
NS0 2 25 B I A, RS IRl E R g s

RERWEER, BE—EHHiAYxRE @
HRBEAWPAZIE . X —TFEH AR IREUCA R A
Yok R B A B AN PR g B AR s /E . AR S, Feng
2t NS A (A Sl A LA A0 ML BB AR 45 1) 43
KBTIV RE, HAE PR R RRE B N
HHE AT SR 5 R DeepGCNIM s st e R i,
B0 FEAS AR = B 4l R S e Rt Ak BE
GimZ IR R ¥, (A KNN BI85 RETA
SE AR SR A, RN AR 2 AR IR R BB R
CERIRAR BB Z A = 208 SRR, AR
HEAARZNE .

FIRTFEAEX AR NP AT B O A, 2
W& 1 s N 2 NPIE AR AL B R R . N,
Azar 25 NV T — B B35 10 35 B % R KL
(convolutional relational machine, CRM), [zl
F NP2 (AT B G RN BRI AR A . AhATTF
R v BT R R R O A A EAE B A a1
Kl Cactivity map). RERHZNERZEE T
B AW b A IRz E R . fEilid SRR
WIGE R BRI 44K 5 1) 2 A P e DAL 44 )
k.

433 FHT HVER NIRRT %

H R S LA LB D B o AR R 245 1) — Fof
A, FEXGE TR REER Y207
o BB IC RIEFER Z A NWIaa40, A
BAHLEI  OC R R B IE R AR . B
I, BRI EA R R R Ae ) T X
SR, EU ARSI E R Tk & 52 R
CanfE 7- (o) FiR). BRSNS R RS
2 H WM R R, B IR s B A
Transformer™. JE /& M EAE A — Bl 2 F1E SR
1§, 1M Transformer W33 1 2 )2 HER J1#1E.

FAT ., Wang 256 NPVRI T & WLl #E 35
FURFE B 2 EAEARIRHIE S RN FE R R R,
545 B AR ) 7R B A I s . IS,
FEAVR B R X M R R B A T VAN B T
AR, Yan 2 NP T — AN ER
A XAHERE WX 28 KA ISR . B NS ERIEEARB)
VE=AN RIS RHE . BARTT S, N T iRk
SAE AR 5N B AR 8] BV R I S (60, 1R A3
TN R R A8 X AE B A EL (cross inference
block, CIB) RKEAbrHEM 2@ HER . CIB 1%
O SEAE R B ARUE AR R B R % O i R s 2D I A e
B, BN XEMEAZH (1D Z[A+1D i



12 it Bl R

7). EITEER R st iR T 2 2R
e EHEEE, ARSI ER R R TR E5ET, .

IR Tk R F AR R R AR AN AR B
FROER A TR E ORI R . [, Transformer
SERITETH RN AU R, AR T EE— R
T A/ WM A s {1 A 1) ) R 2 PR R
A o

Pramono % NS T —Fioks [ 7 3 730
K12 4BENLS (self-attention augmented conditional
random fields, SA-CRF). FIIS i JIHLH| 2>
Yyse pAMELERT B RTEAS,  FH 2 ()R R R
A TA] ) 2 TR AR A o R ) 4 XL 3@ - Transformer
GRS AR SR R BT RE B R A LT
HEAERBIE I o

AT SA-CRF HUB Transformer #) % TNk
AR B — R SR AE 2 b, Zhu 25 NP
Transformer # J& T /MEZNERHE 2 AR, DA7s
oY A SIE ) 5 A B 2 RLEEAT NIE L. BRIk
4, Gavrilyuk 25 N M550 H R - 2 A s 1A
N VERFE 2 b D20 A [R5 8] R VR J2 BAME
Ho BT S, Gavrilyuk 25 N\ & 2 WAL N\ b 42
B Z S AMESIER R, W RGB. Y fli4
. RIGHEHTH EH Transformer ¥ T AMESHE
[ BRI . A, A TR NIAE A0 i A5 B
FIEFRHE Transformer S5y A B 4wid. MHELT
RNN 3% CNN, Transformer #1 ) [ i3 & S pLI T
&N RE AR A R R AR AR B A AN Rl

AT Yan 25 NIk 3E 7 #4815 1 MR i 2k
i, Li 25 NP SR 2640 Transformer H ) 4
pUSS N = PE = WA ST 5 = s WA PN (T LY i
A BB MRS ERHIE IR 1. BAT S, L
e NPOUR Y T — R JE K10 %5 Transformer
(clustered spatial-temporal, CSTT) 3k [F]i} g4k
[ FNES 7 bR SCPA s MR R R OR . CSTT &
T AR ARRD S, i a8 51 5T ARSI ERRAE T
PRI (BRI AR AT &% FH T 20 46 23 8] R 3¢
AET 7 R XE R b, R T ERKETL R ER
BN, EENTEbRHESIEBEER TSN R R
77 Ccluster attention, CA), T MESIERAE R
N T, R R AEANEE M
HIAER AT

3R T PO TS L e R £ I 4 3
BAMENEL R R ER, SR, Han 2 A\ )y
AR SIE TR UK T 2RSS AR R, FHiRH

T MpOsRURE I X% N ) A2 B (dual-path actor
interaction, Dual-Al) HEZE, ZAHELLKE 2 [A) Fl P I
(R VR R PR D B TR 3 M 2 7 79 R A T 6 T b
NG s B B AN R I 25 B A PR I B8 R AAE SR 5
AMAE RS B R R L. b, Du % AT
H R AL T S A ER 13, AE
— ANPEAT AN 5] AR P R A e S 2 B 2 ] R e
PN, FRX IR RHATAI N . 0T 25 (A RHE,
KR “CHRREXS” MR IEREAS, WilE] “REAEXT”
MR AFEA,  DARGEE H 28 (AR LE g s T
FPRFAE,  JUI A S 75 2 g H ot [ B 3 A0 sionet Lt 43
%o AT Bk B BB UIZRE £ M2 52 B
RRIE, FEARIE NIHESR UG N ARSI VERFAE, F LA
A NBRSIE 25 ML T DRI 7%, 1Rt
T B BB N 2 AR B R T & E
BHURMEN B (B2, U EA R, XK
TV RENE M LA BILRAIE -

SIRE, BER IS E T8 RHE M 1)
2RO, RSN E AR T R B2
B, (H 20 7 AR RS R A 2= A Ok . AL,
Bt izl B, A R SR bt v L]
BTG
434 T HEREI-EBRREG T B IE

P BSR4 250 ] DU A B B A R
RS E O SEEY PSP TR i (S be = WAL N LUE (2
TARFTARE. Bk, B BEE LS ESEH
SikgE G, BRI AE 4SS P R B AL % AL 5
(I 7- () Fis).

a1, Yuan 2 NBR A G & A7 SEAMASH R
FHAEA] Y BIOCHR, DU AR 1 il s S
KEK. BfAmE, MAIAH Transformer MAMA
SMERAE g B R SCRAE . 400 FARYE A
6] 57 B A BN SCRFAE (] IR AR DL A B 23 K R A
HHEERM L E B SCRE R g7 (5 Bk, H
W, TR ORI A B R A SR REAE S AR R i
ITX55, SRJE R B INUEEATRE R & . Y58
Ja BIMMESIER S HA R R T AR AE R E R,
T A2 W] LSRG 38 J&] [ 5 22 () F R AR I 17748
WiEH T HIEEINSIRESR, DA BSR4
RGO R B I I RANR S0 BE R R
AR RIS

Bk, A58 % 2 B & 1M 4 (graph
attention network) FJE &, FH E = JIHLE] & 6
LA R ZHEE T P R A E, DA
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TR NIITE 2 2R A AT H . Lu 25 NP
TR /iR (graph attention blocks, GAB)
FHRN B BRI 2% b DL S AR 21 . GAB 5
RTE T AR ZFEEARZ D2 IR R S E s s A
PSR R FEMEZET, GAB fERH AL R ITR
TR, MAHERIIAME S ER R h A AN R 2R IR
H. fERHEZ T, GAB it AMESIEX B AR R 1)
ANFRIFEFERE HL

BRI S, T BEREINHS EERLEE 1
BIRER 7V, BRI R R o) S e 5 & 4 AR
IT—FENNE S, DY A o A .
4.35 BT HRFAEPHEIR I B OCER i

ANF TR B 2 /2%, AT AR R iE
¥ WAME S ERAE PRI o dmts (Lban 4
) DB SRR (- (o) B

i, Ibrahim %5 \FSHR T —ANAT A TR
AMAE R G R RKZEH K RM L Chierarchical
relational networks, HRN). %5 %€ filiid i fE A H K R
ME LR, B—KRE (relational layer) 6 5ok
BRI MMEBNE R R B B 3 — AN i o8
PR, EAERENZE, KA SRR ELH
FAERTT2EIW, 2 BRI AHART) <A
7 B TR 8 SONE RER. I HES 2R
RIZ, BAEY TR R, e iME
[ FAN[F RS 7R [A] GG

ANFT HRN A [E i GBI 4574, Zhang 55 A
OV 77— o I 3 4 B AT A0 S Y 77 T 27 50 (1
e 4k . BRI &, Zhang 25 APCHR 1 —Fhik A
Fassigmtd Citerative latent embedding) M KAy 2
s A NI B G, BRI S, R4 E M
Wy SRR B R B AMA SV ERHE, 207 PHE =
FRRFIE seR-AE,  FEAAMAERRIE 2 AR fir i A
RESAERIIIME) RME B R UE R, i EH A
AN R BB AL B Y i o

bR Y B T vk O R R R I DGR )
TEE N EAZ RIGOLT RE AT, (A1E
AR NTE L v ) 28 BT SO
4.3.6 F:TE SR E ST

BT 3T AMASERIE B R 24, A
B PR RN VE SR ANTE S5 B A HIE L2 (8]
e BB ALK R BRI S5 b
J7 75 AR AR AR R A R 3 1 28 31 T 45 gk A7 3t — 25
(R LE R AR . 4, Deng % ANYM 5 AR 0 42 10
&R MESIERAME LSRR, JFHET =

Toh TR0 25 TR 2 PR 5 M T B BT i e A
IREARSIERR . 35T 0k, Deng 2 A —ib4r
T — Rl ML Cstructure inference machine),
I FEL 338 VA 44 20 D) 8% ) S 3 5 A A A0 D DB 25 3 5
3, IF BT 71 R B AR S B SR T R
AR NPAE B3G50 S B R IE . 288l Shu
25 NV T — R B {5 A6 B2 (confidence-energy) M
B JE RN L (TR B A 28 0 A T 43 A o, HEEE
HEB A MTRINGE . thah, Baso I S M A HERE 7532
(201 g DA AT 2% 3 7 S ) 0 M Ak 3 1 6 31 S A 2%
N, JERERER GRS S, S5 A
AT R
4.3.7 [ [ G5ARE B Y. B DR T

IR TR R 43 T R A A AR R HE R I AN s sh
IERSEHAMABIVERHE, I A T J5 S B A AN
FHIESR G o (HAERAEHE iR NIz 30z A
Wi, fEAF ERT7EEME LA R T S8 g 5. i,
Yan 2 NV AR I T S FRE AR SIVE IR BIAE S,
T2 AT 55 B SR VR AE T AT AT N W 4Bk B2 e B 1 4% O
T, TR NEEESIER . ZTAER K TG
SR — KA A §9hR3F W B IR SIE R BT 7. 55
PRy AR B AR 1R 0 0 % Co B R AE - e B 36 V. ek
SR N S8 NV FEX0 AT RIC AR . AT
BRI N B BT OL T, AT R R
B A R B ok, TR R AL LA R AR
AT BISCHR A, e T It s — P St . RA L
AERAE, DU HIE RN H 1. Bk, AL
KX M7 R IRy B & N ERER,  FRE AT
TEYH Bl 5 4

Yan 2 N R FEILR K B AT R AN BR B S A
Tt N2 Nisahihial, JHEE 17— MEASE R
B (social adaptive module, SAM) M A 5E
N PSR AIE o+ 2 - 0 e A R B AR Bl VR 3R
o MATE STt R AME SV ERE B B AE 3B AL K
ZE, SRIEIRTE Top-K A& B SRR s BASREX
WK R ZITEFER N T I RAE SRS O
~ CRgBRLEEAME NbRE) IR E R .

AT RO TIE (A, W 2 \ 12
R B S LR R a] 2 ST RS, BLE A5t
WAPERRAL B, FFFH B A XS VR (8] £
WK R B REVIZRM B 7R 2 Vis sh U AE,
IENEEA Gy e e AL 2RO B S B aTH R T 5
FHIE o 1% 77325 AT DARRHE AN [R] ROBE () X SsHURFAE H 28
HHERTH RO &R, TR RS IR B 1 B



14 DA 1=

(B2, ZIEMAR TR ELEN G BUEH B2 5)
U bRE, IR SRANE R .

Ntk Kim 25 NP2t i — 2 b B T 2
] B NN s R SRR B N R i e e R . BuAk
M, YEEANIZET Transformer A, FIFEE
WL BEAR S SR 5 1 SUE B AT e A A gl
TG A BEE s N — 4R N U . AR
S P X BREAIE ) B SR A B — N R AR R R, B
SBREEA TR ZN RIS, FIRHE SR /S
N SCHRFAE ) O R AR AR

ite4h, Chappa 25 NMPI2e s B 148 1 (B 7
EF 2 RS S TR R B R, Ra
7 B LR PR i s B RN, DL
o X AORLFE N Db AR . BT &, A AT TR
AN TR) 72 ) e R B8 28 M [R] — AN PR AIRE AR Hh A 4
JR R AN A R IR I 25 IR R ALE s R AT B IR BT LR 2
o
4.4 e

RSO BT IR 2 ST B R I 78 R R T
FRBGETERE 8, Fk =P oA A sk SO 7
% 2. BAKTT S, Ibrahim 25 A3 H ()4 2 I R A
COLYst 308 (A S 1 R 59 2 AR BN PR AR 20 A A 5
ERHTA B, JaR T RS —RYIEFF. SR,
AT 208 1 SRR s b BEAR SR 18 2 AR
AV eE 1.

FET LM T W RN T 2 5ch
SRR AR R B R BR I D B A . SRR RO
H b LART 24 2] 1 5 3B 4245 N R N4 e AU
DAGE H GHRAT Nk . BA W FLiE % A EE AL
HREAS MRS RFE 2% 5] — A 5 BEARAR 28 LBk
FERERR 7y, FHRAE NERFERL & IOk HE . LA R
TN I 26 1 g 15 B AT 2 B AR B R AE 5

AR SR I 2 Ta A G, DA T ST 4 B
No BRI, IXRPEAR T A RS T ARSI T
ZAFAER NS BAT N, SRR A S 11 sk
ZRIZIRBER . KL, fE— S NS H R 137 5%
T, RXERTTERIAE. AT Rz, A5
B GNP B SRR S N Ta] ORIk DA LA A
B R AR RLOR G AR R AE N SQ K B Rk g
730

N T RGBSR R R SCE -
— B E T IR IR R TP BRI T . XSRS
AR B IF A R 45 (RNND PP 712 RE 7
A BAA S E R AR . 8 RNN BT 2B,
XL TR A] DA RO AR I R R IBGE R
W A 12 BRI IA R U ROR . X
JHETT LV RO NI I SE BRI B v
T TN A o SR, RNN Sk RAE T T0iEF
TSR, DRI 27 v e DLl ¥ i 22 K e 31
TR R T, XBR TR IEE R ks
R BTS2, 2T AR ik — Fe 2k
EAREASIE A B B B TNE, (HREFFIIZH
I TH SRR PR ) 18 A SR 81 B R R TR L
IR

N T IRPAZIR) R, — e hif 7 el Al At i
2 X 2 S R RAREE e A S IV HH ) RNIN 457,
BRI B2 9 28 A0 IR ML S o X S
ATUAIFHAT S, I HRENS AL R S (1 Fr 51 AT RE VR )
R, I TR Em e . ksl
TR TRRBNTE, RETTEE MR
WA IBEE RS R C E R R, HREWAZ A 7
FEVR AR TR AR 2 X ST VRAE AT /Y
Ha T e AW eV fe . ZSRITR M SR 2

SINEEAERENERE . | B EMBRRTIREIEER

RIHEE
VD (Ibrahim et al.) [16]

PCTDM (Yan et al.) [42]
SPTS (Tang et al.) [60]

SINREEE
HDTM (lbrahim et al.) [16]
] SIM(D!_er_lg e_t al.)[_119] ]

S| ARNNFEREXEX
SRNN (Biswas et al.) [102]
stagNz_et (Ql et al_._) [97]_

f

SIABEEISRERER
HIGCIN (Yan et al.) [55]

BINBSHTHEN + a4 R T o I EERI
JFEUREE NBA Dataset
SAM (Yanetal)[17]

DFWSGAR (Kim et al.) [122] |

2LI)9 2016 2EI7 2018 2(119
RnEEE SIARNNIGERFFIXER SIAGTUGEEXEL | |

CAD-v1 (Choi et al.) [15]
NUS-HGA (Ni et al.) [124]

Recurrent Context (Wang et al.) [43]: ARG (Wu et al.) [104]

2020 2121 2022 2023
BFESRMEXE BFaLEBNEREE
DIN (Yuan et al.) [106] ErithiaaE S g

; BEFEIEHREXER . SPARTAN (Chappa et al.) [123]
Actor-Transformers (Gavrilyuk et al.) [61].  ~ .
: TCE (Yuan et al.) [87]

8 FETURBL S > A SRR W TE IR A e i e
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®3 BHEASERIINEEELR
K4 KA SRR BHASES FEAY M
BT ATRE
HX > 53 . s 4
[125] e REMEAKD), MBI, —&E M LITHW K
PEHAVE 2008 S SNV A e e Ry N L R
CAD-v1*! 2009 H HEEE. SR R BT R #) 2500 5
CAD-v211%! 2011 H# SRR, SERF. HEBA. SDAT. BEEE. SCHR. 18H1 #£93300 6
CAD-v3*" 2012 H#& B RiIE. MEL —RECS. B7Z. #) 2000 6
UCLACourtyard[128] 2012 El,—I%, ;%ﬁ&i\ ﬁHy\\ /J\gH-LTJ‘-l//I{\‘\ él‘é?j_iv—ﬁx /J\gﬂ;»—ré1%':\ z{] 120— 6
~F U
Nursing Homel*?*! 2012 Wz ERAR], TCRRAR 2990 2
ot 0 2012 BE  HIOR. ERESRAITIR 8. 3
Volleyball[®! 2016 iy g;ﬂi AL eAnER. ANk, efhEk. Atk 4830 8
LRI E—A%. LA, Efek, E#d. £—
- 1q[131]
RIT18 2016 WH g emek, AR . Gk Aty 0 18
C-Sports**? 2020 h R R MR BGE. R 2183 5
ZONER-I S A ER-RIG-B SR IR =Bk
NBAM 2020 (N1 W-BEBCE AR . WY ER- Bl BiAER- RIE-R 9172 9

-1 < B b %

THA R R L REE I 5 9 NP AR 1 1 it 5215
BRI, DA N SR Sebrdzsst b e B
A BT B SRR U5 1% — WRaB SR A AT BE ks 5 EL R
B, DERBCE stERERIL, XTRER 3
BB RAEA IR R8s Bt 0.

i EPriR, =IRBIIFRASE R S5
15 A2 — T, el R 8157 i
BRI, EXTRE S N 2 N a A H
FEREAIA L 7T, EEORIBIE R AT IR 2
NIRISRRRILRE ST, (HHBR RO K HA 5 1
A BREEE B A SIS . AR TTR] BE R 2
BB AR IRRIBITIEII S, R IERITTE
& T SRAS R B UL ) 25 Bl At o 22 O A A
EERBIESS

5 FEXHHEEE

— ML A Bt B T UL SE BT T AT BT
JEHIHTHR, RIS B I e S A A A e 75 e PR
Ub, FEWETCREARSI NS, H i e AR A2
EHEER D SRASEME, HASIEY &
B NLLAsEEEE IR 2%, X1
R AR R R E N A . A BRI ERIR R RS
KA T WA B R A ELARU . AT 5128 1+ Fh
ARSI RO RS, FFER 3 e T

IS BHNEBAZER 9 R T — SR BIFEA .,
ERERINE, 76 N R SR E P D HeE FH T3
AT, KEHIREAERES 56 R
AREAR RS, RGBT ZMAH.

51 NUS-HGAR

2 EHE A B N 3k [ oK A i i A = A
5 (CREHEEY) WHESRIMAMA R, HadhH
WM N 25 FPS FRIATA . B3 IS L2 6 Rtk
e, BABASIE LS 4-8 M. BAEUEE
S S 476 NFFRE R BOREA, RN RAIT
21 80 NS B, A FBEY) 8-15 7.

5.2 BEHAVE!®!

ZHIEE SR T IR, 5 163 MEA,
JLit 76800 M. HdEEF IS 10 MEHASE.
ANV EE A 2-5 N AMER—A/NEL, AN
HIMAFENDES . 4055 B N2 br
o FIAKE, $EA5 125 AN A, 83545 NMAFAE. 1%
PAETE X NTIL (S NSRBI ER AV
HEARMAT AR . 25 R AR R D, R
TR 2 ST HARHE AR V2 R A
5.3 Collective Activity™(CAD-v1)

AR I T TR L e, St
A4 ANRIFH . For & 5 AN SIS AN 8 A
NI E TR ZERSES 10 WithrE g5
WAL BEREEE R, AR EIBASI R
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B 9 AE%IEE (CAD-vI®, cAD-v2l%, CAD-v3, \olleyball Dataset*®. Collective Sports™™*3F1 NBAL) w1 ff4
BER B ERE AR 51

BORFAMREIES A I 2 125 12500 4 2 TR B)
VEARBUESS o il e —
5.4 Collective Activity Extended™®(CAD-v2)
ZEHESEETE CAD-v] Fy3EAl Y Emss, 3t
it 75 M. KT CAD-v1 H “HBAT” [f5E U
B CE RN ASEMAERASIE), CAD-v2
MR T “BAT” FRRINT CHREET A0 <1287, H
fibrd I A A% 5 CAD-v1 —EL.
5.5 New Collective Activity™"(CAD-v3)
ZHIRAE D 32 ML B, B 6 FhEE
REIE (INZE 3 5D, 9 R AMIAIE X R (JEIE.
MURITEATE X s —HEM I HEES, 3
P NENME (AT7E #ILAEE) . AN, 28
5 CAD-v1 #ifT A 8 M EARSE . ML AT

PIANRAS, CAD-v3 42t T 8 N AR N 4.
5.6 UCLA Courtyard!*?®

AR — MR T I AR JE WK 2K 2
WL Bk Tl Kk 106 238 i vy 70 R i, A
G L ANERE AR BR S E R NS . %5 4
FRvE T 6 MlEtAshE (dnk 3 FrdiD. 10 M Az)h
TER 17 Fptk. Hob, S ABEEHRE: W,
i EAT E AR E . MRES . g, B R
TRV RS o 2B AL, 101 B LR BRI 2 )l
SRR MR .
5.7 Nursing Home**)

GRS RETIT bR T R R . R
T 1A RNBEIRAINGS 13 NG AR AR .
X LRI R 3y 22 A B, Heat 2990 i, Horp
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144 B TR, 8 N BRIt 4 4k
POt T ARATAE . SN AR . ESTEAIEREILE A 1Y
5 AN ASIETERE . RIS AW A AR R
BB, BIBEARSIESRI . SR AN
AN B B FUOREE TR e 5, IRk nl A %
fi.

5.8 Broadcast Field Hockey!*”

ZARSCRA T 5 WESHiREkILZE, It 58
AN B, BRI T 10 FPEFBEhE (fEBk. J8ER.
ST ) A 3 FhEREHE (nEk 3 FTaD.
UbAh, ZER AR s ST IR ER L FE T 5 R A
Wi, ZEIRERE N RETREEZIImR T
FERSIERERSE, (Hl 0] A BRRIAER
N, BTCAFR AR A
5.9 Volleyball™®

AR M 55 ANHERR L SR IS AR T Sk
it 4830 MSIEL. $ROEE N MR T
ANBEARSNVEZI, TEASI P ) ibR i T s NS 1SR
W R HATE . REEE 8 FEAhE (Fk 3 B
7 R NEIE (. AL, Rk, BAVE. HER.
[ERER N NEPR
5.10 RIT-18M4

AR N Volleyball BEE N 7, ik
7 YouTube - 51 SZHERRELFRMAN, $2ECT M
RIRTFUE 25 2 AL IR B 21550 A1k 1530 MR
BB, 3% 12035 M. %50 S N RN AT B
BT RHASIER BRI A, A 18 ANEEAS)
EKR) (N 3 Fid. ZHRER S FEET
Volleyball #i#i4E, 478 7 5 £ 3850 e SORFE A%
&, [HIKIHRRTREAN ez st
5.11 Collective Sports™*

AR S s USRI AR, TR T
WER. EER. PRk vKER. KiREER. BMEER. HE
BRAIKERSE 11 Fhizzh, it 2187 M, 167935
it Y1 ZRER TR AR IO B 73 70l 5 1317 435, 435
AN R GRAT I AR 3  EE R [F] s 3 2%
Ao AU AR S BT T8y
N5 F] 10 B, MAIARC T 5 REEASIE (N 3
FEB) . BEANRATAR B bRiE T 1R 5 18 3h ) F e A
SIERA . ZHIRERE T 2MIEEIZE, NI
235 FBEAAT IR B AR A T
512 NBAM!

ZHARLE H 181 WK L FRANZ B, 3L 9172
AT B, Horb 7624 AN IR, 1548 T

Tk ZEE R BRI BObRic 13501 9 63
EnfE (g 3 gD, HIEERIEEA1RIE S
PRE, RSB BRI FObRIE, AGROLLAE R 4R
S MR R AR R ARE (n B ABfE . A
BEEMZEER). ZREFHASERIE Sk
THTHIPRAL

6 MBEFEMREX LS

AT AN E T BEARSAE U R
I FEbR: MEFRANCE SRR, i
BT+ ] T RS E R BT S5 I A 4R
EHAHNE F A VD. CAD-vl Al NBA, HA
BIREFE RGN Jeo L, A3 HE =N
F 5 34 4E Volleyball Dataset™ (VD). Collective
Activity Dataset™ (CAD-v1) 1 NBAM |-, %3
A 7 M BE 2R I RE I AASE 7Y A 4 E 47 0
o3 #T -

6.1 TEMNIEFR

BRI VE IR AR — AP UER 22 28455, BB

TP T R TR AR T B R R R, BV R
(Acc.) FIF¥RZRHEREZ (Mean Acc.).

AR (Acc.) 8 U BTN A 26 5 K (124
5 SR AR R R A G S BEAR E 4 b 3
FRMERF (MeanAcc. ) TR REEA R 732K
HERR P IME, BREaR R ES N ML, 3t
HCAZIN, HAEIAMERNSERENAG,,
MR P, W

noe _ 2uC =P -
cc.=4=i2 L1
N
° Acc.
MeanAcc.= =L ¢ (4)
C
Zi’\ilGi - P' =C
Acc., ==L (®)
P=c

=11

AN R R AcC., Rom IEHR 2 %R FEAR
Bz LR AR LB IR 4EAR Acc.
MeanAcc. #3218 T #EARZNVE RIAT % DAV
AL RE R T
6.2 ttb5aHh

ARSI T T AR R T IR 2 S I B B A
U7 AR H P BE4E (R Volleyball. 1 CAD-v1)
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ERTERERIL. SRS R, BRI IR O RSShnERE GR 7T, WA AT oM S X .
PITEF RGN, ERAENEL ML 6.21 AR SREGEE

HH. Bk, RPAEHERREK, HRXIHFAKR M 4 A RIBREERL” — A2 0] LUE BUAS R K4
XHRETHARIR LS 7t BARH, ASCMSRIBE RShE SRR T SAE S I i K. 5230
B (R 4D, BIERHEGRID (R 5). HEEMES (R 6)  RIRTH ), FETLrtald o i Bk iZu o

R4 PETEEANEREERIEE VD F1 CAD-v1™ E{XEA RGB RS BUIRAIFRICE (INKFK Inception, RN K&
ResNet, ORFEFRUFIE, QRFER-FHIH1E)

4 B

WA/ oy RFIESRAY RIRERAL vD" CAD-v1"™

Acc. MeanAcc. Acc. MeanAcc
Deng & A\ [ 2016  (D)(AlexNet) ] - - 81.2
Ibrahim 25 A\ 1161 2016 (2)(AlexNet+LSTM) £k 1k 81.9 - 81.5
Shu %5 A\ 149! 2017 (@)(VGG-16+LSTM) [ 833 836 87.2 883
Bagautdinov 2 A 2017  (D(IN-v3) idl 87.1
Wang 2 A 13 2017 ()(IN-v3 +LSTM) 7% - - - 90.8
Gammulle 25 A2 2018  (2)(RN-50+LSTM) /%41 930 924 91.7 912
Azar % N\ 2018 (D)(IN-v3) 2k 85.4
Tang %5 A\ [50] 2018 (2)(VGG+LSTM) ol 89.3  89.0 . 925
Yan £ A\ 142 2018 (2)(AlexNet+LSTM)  Zkit+/¥%] 862  86.1 - 91.2
Kong % A4 2018 (2)(IN-v3+LSTM) ol 851 - 84.3
Lu & A\ 2018 (D)(IN-v3) ol 90.6
Li %5 A\B7 2018 (2)(VGG16) igil 387 - 83.7
Zhang A9 2019 (D(ZF-net) & 860 - 83.8
Qi 25 N\ 18 2019 (2)(VGG16) oL 893 - 89.1
Wu %5 A 104 2019 (D(IN-v3) ] 926 - 91.0
Azar 4 N\ 2019 (D(IN-v3+I3D) ] 921 - 83.4
Tang %5 \[#] 2020 (@)(AlexNet+LSTM) KE+5%] - 89.3 - 93.0
Yan %5 \ M1 2020 (D)(RN18) ] 94.0
Shu 2 A4 2020 (2)(VGG-16+LSTM) - 93.0 - 94.9
Hu %5 A\ [ 2020 (2)(VGG-16+RNN) 914 918 - 93.8
Yan %5 \ P9 2020 (D)(RN18) ] 914 920 934 930
Gavrilyuk 25 A 61 2020 (1)(13D) 930 - 92.8
Lu % A\ [0 2020 (D(IN-v3) 919 - 90.6
Xu & A\ 2020 (D(IN-v3) LR 92.8
Yuan 25 A7) 2021  (D(VGG16) 941 944 - 95.4
Li 25 A0 2021  (D(13D) 949 - 94.7
Pramono £ A3 2021  (D(13D) K 94.8 94.4
Yuan 2 A 110¢] 2021 (D(VGG-16) 936 93.8 - 95.9
Han % A 1] 2022  (D(IN-v3) 94.4 96.5
Li & A0 2022  (D(IN-v3) K 935 939 96.5 953
Zhu 25 A 114 2022  (D(IN-v3) 94.5 96.8
Liu &% A\ 1233 2022 (D(13D) & 919 - 90.5
VEVEINE. 2023  (D(IN-v3) e 931 - 92.5




PP ST IR SRR R R 2RA 19

T2 BEAR R E A S AL HAG B HIXE
T FT AR N AS HOR RIBONTRT B, AR e
£ ERMRIRPUE S| T . ik, T KSR
Ji % H 2019 SEFFURLE A SE RN BB FL b X .
2TV RE N TR L2 48 AR B0 A 3% = N 78 1 45 1
WAEE, fE=AAREEE EARRE 0 IS R
W, &2 EANNE . A, WEFLERKRE,
B SCIT7 A AE s bR iR RS (B VD il CAD-vD)
A IE B FIRES , (EAE 55 bRy B R 45 (R NBA)
iR E AR A A A A, FEASHER AN
EEERE N BTG OL R, el A 82 38 B
2R 3 IF AT BB ALK SR A FREdE — P IR NI
Fo

SR L RTIR, FEF LR BT B K I TV i A
A RAY R AR 5t N 2 AN AW R38R )2 58 BAK 3t
KR, AT B KRB R IR FE 1240 2 N Y]
1A HARR S RARTH R AR Ry o BRI, ARSCAH
BE T B G R BB AR 22 2 ARk TLAE BE R B 1 17
IO N Bivty R W (2 K s s 2 i 72~ BTN
THERE,
6.2.2 AFRIZMERE IS

T 4 Fldr “HRRERAL” —F=dpn] OS24
[ 77 ¥ P SR FH ERR PEAR AR FIE 2R B % AN AR ] o KD
I3 FTAEATAT B AN TR B T 28 AR Hh 2 BRI o
i, A 2 7 3058 2 g 5 2 o ) 245 425 WO S OUAR [
B (WRmAEEsSs) MRERR. 1EF—5 0
W, fERRIRERMZ (Flan VGG, Inception
) PR BRI R 1A ] — S5 1 2 AR 4%
(fFlhn AlexNet) Fri3RIHIRHIE. BEETHE TIHH2
T+, B AT SOR 7R R BRI 2D 4 3D M
YA

N T RFCNA —AT7 G AN [R)IR B P 2% 45 46 )
TR BB, ASCAERR b GRitil sl T A SOk
Hh SR FHAS R R 2 S5 e ) S B 45 5 . AR 5 TR T DA
(R, XTR—ATNEME,  ReEgm b /25 54
R 2%, BEAR SR O e Bk . i,
Incpetion k. ResNet F4k, {H VGG Al Incpetion Jit i
e BN, BOREE SR A 10 0 2% S5 K e DAL AT
Bl v SRR B = o AR, (H B SRR
EBOUH RS AEAG AN S Ak, PSR ot S 45 AR B))
PRV R A 2834 3 TS 140 Yuan 25 A\ B
{45 FH 17 B 1Y) ResNet-18 W45 M AETE = AN HE S 4R

*5 AEEMEFFERDIRX TR ERMERER MM (XL RGB #RASHIE, INK Inception, RN {3k ResNet)

T fe
Jiik Ay FFIEZRAY vD" CAD-v1"”
Acc. Mean Acc. Acc. Mean Acc.
VGG-16 91.9 - 90.1
Wu 2 \ [2041022] 2019 VGG-19 92.6
IN-v3 92,5 - 91.0
U RN-18 93.1
Yan 25N\ 2020
IN-v3 94.0
RN-50 92.0 - 93.7
Shu 2 A4 2020 VGG-16 91.1 - 925
IN-v3 93.0 - 94.9
AlexNet 88.6 89.4 925 92.3
Yan 25 \ 5 2020
RN-18 91.4 92.0 93.4 93.0
VGG-16 94.1 94.4 - 95.4
Yuan 2& A 871 2021
IN-v3 93.3 93.4 - 95.1
106 RN-18 93.1 93.3 - 95.3
Yuan % A\ [106] 2021
VGG-16 93.6 93.8 - 95.9
RN-18 96.0
Han 2 A\ [19] 2022
IN-v3 96.5
RN-18 93.2 93.7 95.7 95.3
Li 2= \ 120 2022
IN-v3 93.5 93.9 96.5 95.3




20 DA 1=

* 6 NEBIBERSWERG ENIMERER N

e
Jrid: T BERES VDUl CAD-v1[* NBAL
Acc. MeanAcc. Acc. MeanAcc. Acc. Mean Acc.
RGB
84.7 - - - - -
Azar % A\ 2018 + Optical Flow 88.6 - - - - -
+ Warped Optical Flow 88.9 - - - - -
+ Pose 90.4 - - - - -
Tang s 150 2018 RGB - 89.3 89.0 - 925 - -
RGB + Optical Flow 90.7 90.0 - 95.7 - -
Van 4 \ 2] 2018 RGB 86.2 86.1 - 91.2 - -
RGB + Optical Flow 87.7 88.1 - 92.2 - -
MEINS 2018 o0 200 ) ) ' ' '
RGB + Pose 91.2 - - - - -
RGB 38.7 - 83.7 - - -
Li 2 A\B7 2018 Optical Flow 54.3 - 70.1 - - -
RGB + Optical Flow 66.9 - 86.1 - - -
RGB 92.1 - 834 - - -
Azar %5 \ 15 2019 Optical Flow 915 - 85.4 - - -
RGB + Optical Flow 93.0 - 85.8 - - -
RGB + Optical Flow 93.0 - 92.8 - - -
Gavrilyuk 2 A3 2020 RGB + Pose 93.4 - 91.0 - - -
Pose + Optical Flow 944 - 91.2 - - -
RGB 92.8 - - - - -
Xu &z A1 2020  Optical Flow 91.9 - - - - -
RGB + Optical Flow 935 - - - - -
RGB 94.1 94.4 - 95.4 - -
Yuan %5 A\ [87] 2021 Pose + Optical Flow 92.9 93.2 - 94.9 - -
RGB+ Pose + Optical Flow ~ 94.7 95.0 - 96.4 - -
Li 2\ 50 2021 RGB 94.9 - 94.7 - - -
RGB + Pose 95.7 - 96.3 - - -
RGB 94.8 - 94.4 - - -
Pramono 25 A3 2021  RGB + Optical Flow 95.3 - 95.1 - - -
RGB + Optical Flow + Pose  96.4 - 96.0 - - -
RGB 94.4 - - - 515 44.8
Han % A\ 1] 2022 Optical Flow - - - - 56.8 49.1
RGB + Optical Flow 95.4 - - - 58.1 50.2
RGB 91.9 - 90.5 - - -
i &\ 03 2022 Optical F|O\-N 904 - 89.7 - - -
RGB + Optical Flow 93.3 - 92.3 - - -
RGB + Pose + Optical Flow 94.4 - 93.2 - - -

FHAARKAER. KEREBENARRSBFIT UG — RO REREEES A S, &
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TH B o B RSN T T &

ZR ERTd, SR T R I X 4 SR A B 2 R )
BASEE, R RBHADER AT R i, (H
E A R A0 fa] 45— HL v 280 A AT ECHE Hh 4 B
MR ERFEAT R AR R
6.2.3 AIFEIERHE

AT i) RGB. G AL EE(S
SR UBEARSERRA, BT AW B AN
HARFEARZNIE . ASCTER 6, L8 THUA TR
KT T 2 SHAE, E = R B L
XFEEEE R, DR FAN R B A 0 R B V1R 3 1)
SN, TR AR, Azar 25 N POE S R
SR RBATHESTES IEA, AR . bk
4k, NBAMHGREBGE, KB/ ORI R A %5
£ BT 2 BESEAR T LT

Jtii (Optical Flow) ### G865 2 i A7 4R
MAm Y Riz s, R RKEZHEHE
R TT R E IR . MR 6 T LUR I, AR
5 O E B S AR BE O IR FEA B I PERE . 7E4E
FAAHE I RHAE AL S5 I DL R, W H 5 RGB
B A, RERE TR 1%~4%PH 38 25 . Azar
2t NIV o il Y T — RS SR KOG M S (Warped
Optical Flow), {Hfd B yam it 7E#E
WRIER SR E IR ER.

B3 (Pose) H¥EREW ZIiHE 12 3 NI A 25
PT84k, A BRI E R 7 i T i
— B ITR ARSI ERRAE A . Lu AP L

i NPORIOAIE T 28355008 T LA A RGB. $udis (b
7o, AT DU AR ARSI IR A A 2 .
4k, Gavrilyuk 25 NP8 1 Set 45 B, A
FCUURFAE ATy R () 1 2 RS 2, (R RS R4
FEAR FLASIE R RS ARG . BE 41, A Gavrilyuk 25 A\ 168
BTSSR ae 25 SR O, A P 8 S A B AE BE %
A AETERE, B RARRF A AT AR EFTHEIT
RN RGB WS, 1M F 58 s AU L A4
#. Yuan 25 A7, Pramono 2 AN Liu g A1
AR IR s R, [FIRHMEH] RGB. YGRS
ol e RS AP RE

BRI S, FOMIESEEREE—eRE L
SRR AR BRI A Ll & . 1%
B A BUEREA AR /N CAD-vL ¥ 45 2 3
(IR AR . & 2BIAS(E B AR B S VR IR Bl ok
—ENIE AT, HHRERA S iy, PR ) S BR B
ARG BeAh, BT ME RS S Al R AR
B —ANEANGE— RN, 308 TR ST
EEANE A
6.2.4 SHFRIERE

S5 FRVE B E N AR S AE R BARYE 75 & SE bR
N TR, TR RTTRIZHAT . i,
KAER 7 Git T A S50 AR T 216 NBA Fl
VD HdE4E Fsei g . Hrpgg gy gyygklio U 162
1081 [81 ot B iy Kim £ \'2I5E T RGB o3 31,
FLARSRAE T T 1 Yan 25 AR g Nk HEAE
WBES AR TR FfE. Kk, H “HERNT

K7 BIRERETIASAEEERIEE NBAF1 VD" _E{UEF RGB HASHIBAIAIRIULE RN XK ResNet, DRE
EREHE. OQRFER-FIWHE. ORTBIEENHD

(H9hRE) PERE

. , EpeAvd
Jrik Ey O FHFERI SRR X NBA VD
JREERL
Acc. MeanAcc. Acc.
Wu 25 A\ [0 2019 (D(RN-18) - 59.0 56.8 87.4
Yan & A\ 117 2020 (D(RN-18) M EEFRAEABIE R 491 47.5 86.3
Gavrilyuk Z A1 2020 (1)(RN-18) 47.1 415 84.3
Pramono 25 A 2020 (D(RN-18) A 56.3 52.8 83.3
Yuan % A\ [108] 2021 (D(RN-18) 61.6 56.0 86.5
Han %5 A\ 1129] 2022 (D(IN-v3) [ - 515 44.8
Kim 25 A\ [122 2022 (D(RN-18) K BEFHEEAMERSES] 758 71.2 90.5
Wu % A\ 021 2023 (D(IN-v3) & EREN -k A L] 49.4 90.2
Chappa £ A1 2023 ()(ViT-16) K H B2k 82.1 72.8 92.9
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LN FBONT .

HIELT Yan 2 NUR L RE eSS B, 1525 4%
TR 1K) I S BHE B S 4, 5704 5 gy oA 1A 00l R
HEAT NIDRE TR SO0 R, AR SR RE RIS AN EE I 1
B AN, Wu S NP B R T 2 S I R A 4
BIEROCHE B, (AR A X RT3 H] 1)
& SRR SR B A S E O F AR,
T e IEA H

Kim % A2 5 ) i/ & “ 5 (Prototype)”
FooR HIE N R R 2R 28R, TE N TIARTESL
e EERELE T R E M PEREFE S . BE4h, Chappa
E YN Y GV IDN = k=[5 L g
BHRAIRE S, IR TR EREIE R . (EE
B, XEAITVEAE B T BRI B R M
#& (Transformer) X354 B Ao {5 B AT St
ORI, X R I I 58 K1) Transformer M4
BUE BT BN B RO ORI SRR, A
i e A B0 RE AR AT S U BB A b BE N AR 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 monitoring, 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 extraction,
feature interaction, and feature fusion. We mainly review and

summarize person-level feature extraction and feature
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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 \olleyball 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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