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Abstract Causality reflects the directional effect from the active actor to the passive actor and
commonly exists in group interactions. The difficulty in causality detection lies in the complex
temporal dynamics of sequential features of the interacting actors. Existing methods use recurrent

neural networks to describe the temporal dynamics of the interaction relations. Some methods use
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temporal attention mechanisms to describe temporal dependencies. They neglect to analyze the
dependency between two actors, and are hard to distinguish the active actor and passive actor in
the interaction. In this work, we design a Granger causality—based spatiotemporal graph model to
learn the active—passive relations between interacting actors. To detect the Granger causality, the
model designs an autoregression function for single individual temporal sequential features to
describe the dependence of action on the individual itself. The model designs a correlative
regression function for two individual temporal sequential features to describe the dependence of
action on two individuals. The model detects the correlative individual as an active individual and
the other as a passive individual by comparing the autoregressive error with the correlative
regression error, when the autoregressive error is significantly larger than the correlative
regression error, which indicates that the correlative individuals change the action of the other
individual. The correlative regression function considers two individual temporal sequential
features with multiple time delays, which can be used to learn the amount of time delay for actions
between two individuals. This time delay amount is used to align the active individual time
features with the passive individual time features. The temporally aligned active individual
features provide the temporal and spatial contextual features of the passive individual and are fused
with the passive individual features at the channel-wise level. The model constructs causal graphs
of multi-scale spatiotemporal features to fully describe the interaction between appearance
patterns, location constraints, and Granger causality among individuals. The multi-scale causal
graph embeds the contextual features into the individual features and group features with graph
inference. Experiments compare with state—of-the—art methods on Volleyball and Collective
Activity datasets. (1) The spatial relation pooling model, such as Hierarchical Deep Temporal
Model (HDTM). (2) The spatial relation graph models include Social Scene Understanding
model (SSU) , Convolutional Relational Machine (CRM) , Hierarchical Relational Machine
model (HRN) , Actor Relation Graph model (ARG) , Graph Attention Interaction Model
(GAIM) , Actor—Transformer (AT) , Position Distribution and Appearance Relation model
(PDAR) s Multi-level Interaction Relation model (MLIR). (3) The spatial-temporal relation
model includes Confidence-Energy Recurrent Network (CERN) , spatial-temporal attentive
graph network (stagNet) , Progressive Relation Learning model (PRL) , Graph LSTM-in-
LSTM model (GLIL) , Visual Context model (VC) . GroupFormer (GF) ., Partial context
embedding (PCE) ., Coherence Constrained Graph LSTM (CCGLSTM). Our Granger causality—
based relation detector can describe the relations between potential active actors and passive
actors. The channel-wise temporal causality graph inference module can enhance the feature of
the passive actor by fusing a temporal delayed feature of the active actor. The graph model use
Granger causality relation can describe effective interaction between actors and provide contextual

features for group activity recognition.

Keywords group activity recognition; Granger causality relation; temporal delay dependency;
spatial-temporal context; graph convolutional inference
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285 78 AT 2 FE AR B AR SO AE , FRATT
FH 2D CNN g 2 AR A FFAE , 3108 F ROT Align
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AT AT S 0 B ARME— O TR IE 238
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Hovp i S YRGS o j R BRI TP AH AR S 5 &
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S E AT A AR E IR B, 2B AT O B N ]
A& e—delay—m: k—delay-1].04,", J& A0 X 8] 4
ARV SH Ho j— i 308 0B MR 2 B 2R
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FPOREAS BERSR IR 22 05 AR S 0 G ek 0, R
e/ N ek T 250 )
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( |:xf,k—m:k—l,ml“j,k—dg/ay—m;/c—de/uy—1,(:|7 6&3&2» Hj €9

TER H 2230 18 Z2 1 ZVE s 1 25005 1 1 ] DAY
FVRR G ARV LR | A SCiHE— 20 43 Wik 22 A
AR T T T Granger Y F 4345 G AR K
PR AR AN F IR M Gaussian 4345 B9 BE L AL 2 1) F
TRV AT RN 3 * 5341 S I A pRESOE &~ J7 i Tl
IRZ AR 2 4315 . Granger A4 J5 PR A& A4 A DRI S0 2
ST IR 2SR HAT D 22 5, B M AR 4
BT e A AR I SR T F 20 A A T R gk
A R ) Granger JR R F Seitoh
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Residual) » 55775, F2 B 8] 7 56 BE m 1 AE IR i delay
LT R G ] DA (18 F000 158 22 1) ~F-J R G 22
SR I AR 7 Ak FA 53 8 A7 AR PR A OAS (] R 2R DG
RSN G FFDOIE, 277 R R NEIR B A [EH 3R

ZEFIASC BN 25 , T RRAIR F Geit i o 1 sk e il
W3 B AR AE PR AR AS W) 0 AR OCG &R FE S B b R ask
TR, WA/ 5351 B, T B O ST
SAZ Sy R B S TE] Hs A

3Bk A AL ER 53 o g, 2 AH DG ] ) A5 Y
FREAKICER , HRAIE ) (] YA 0 F00 15 2 23 =X, 7T LA
F B FEARRGE N n), = keco), A FNEBERIE A
FH B2 RIS 0 Z 80800 0 T F R DGR SR A 5 o
A —RIASHCFN LA H E0 S50, ) [ [ ) 455780 1Y
H R v, =2m + 157 F A G R A AR ER 43
X 5570 0 ST Gihenin F Vs LR x* 43415, Fo [ P B2
SR AR G I USRI [ (] ARS8 ) 250, 25 (i AE 4f
SIS () FE 3R 5 . M, FRATIRAF AR j 52 0 4 0 17
O 1Y Granger JiEA F oA i it ik, iZge i IR A
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¢ —2m— 1)2h T AR EERE T 2 N Z [
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X ST ABSE  EHFANAR j &AM 7 1) Granger JR [
AR SCHEHY Granger J5 R HERE HA LLF 34
5 (DAMAEZ 8119 Granger JERUEA =] 4 1T LA
THROARMERAFEMAT N Z B R AnEk0E 3 8h 1T
R SRR TN T AT A T AR Bk Y
J7 AT PR AL R A A7 L R IR T
B, TR AN A 37 20 52 AN AR 5 52 i AS 2 AR B I
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Sy, GEIR B FNEK 2 B BEAR A RS AT I TR G
LR UL AR T B2 5 A 38 rY i [a] A2 Bk L A g
FIHEEK [ B 2138 Pl A 67 & B SE BRI AR SR
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3.2 BiEZ A E E R E R
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i DAL 6 8 2 U 5553 30 U i R T AR AIE 22 (1] 1) DC i
FRBE 250055 R L, A SCRI T Granger AR [ b () Bsf
() 22 3R 5, S AT IR [R] [] 20 Ab 3, LAyt 2> g T 5 fR1AS
[R5 5 R A AR AE Rl 1R 2

I e D R v B S I SN DR P =
A )& Granger JRR S & L i ERIET S M E
AT R E LG M ST A 0 L R A Granger
Jirt PR S 2R 5 R i KB ) BRF 1) B 3R 1 . 4+ 1 3R 7 A (1]
FEIR A 145 8 PAIT 91 v 2> SiE 3R 1 1 Granger
Jir PRI MU 23 6 6% AR 4 4 I v R X T 2R R iR A R
Z BB N T 43T is 3l By AN [ B[] SE 3R G &R
FATI FH RE R 1 0 2k 4 B B[] [R] 25 A7 R R L
FHAER 55 1,2, 3R A IR A RS FE AU AR IR 5C &, T AR

it Granger Jit A 1) f5 R ABE 58 A1 i o e A2 1) ] SEE 3R
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[ delay; .., Pttt om = arg maX iy Pl (7D
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0 otherwise
Horpr, o2 R OC & AR DT B A5 1 1 PR AR R
ECreser ={ e ) AR R v A SCE 7 1 22 Fh e
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KE&.
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SO} A AL
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=
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(a) WHFFERE
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FEOESEAT IS ] FES
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KInw k—delay;.,<<1 (9)
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Horb, KR R SE IR 4 delay; . % F ST R R
TEVEAT A2 IRAF B Bh AT 3 i 0 ) R G R
R SCHRAE L £ R SRR 2 b =BT o ek
TPt i G R AAT R WL, BT k&
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A Al s 1, FEAR AR 4 16 220 2 14 T A 30 T 614 4 F
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Mo s SRR B R G5, dist, e RS R 1 3
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(4 SEVFRE A2 A AR AR SOl — 22l =2 2T Y
2 23 AL EA T IR FR A
Xgh = Elv X W gt (15

Horp Xept ={ al VR B R Z 5 SRR BNy =
{els bR B2 YRR R L X ={ )
SN ] [F) 28 IR AR W R BRI S8 %2
Boevr I A hE ERHE Z A A SC 2

Xt FAAEAT R 1 ek 2 RO AR REE
FEYERE s b IEAT BRI concat, (). 1 FH G 2 4 14 12 24
NIr AR FCs(e, w™ ), SEIRSEEWTMARFIE 9 7326
Horprw™ EAMALT N 3 RAS S HL B R A
P9 (P ST A5 A A AT U 4

. 1 .
yi = T >3, FCs(concat (28, ), w™) (16)

XFFREAAT R0, T 20 as 2 R 2 22
B TR Z A A P L R, RE A A R ) G i
A ARSI A RS S50 B A7 DR, AR
A RAT g 42 BSR4 5 #E 4T max pooling & 1 %
R 7 8 R A DA AR AR Bt (o T e 2B Ty 200k
[F f 2% J 22 A RUBE {2 4 3 22 J2 58 R4 A T
HRGME S FCs(,w ), oA w ™ ERERAT A 70
ES AliE S

1
ygmllp — ? E&FCS( concat,( 8 ¢ ), W )( 17
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3.4 HWKEH

AR SCHEHU Z2 15 28 2 U RAE AT LA [R]EEF A
PRAFAE 22 TR FE AR R 28 FRATT S A AT Sy
AT AT R F AR OCHY FE B AT A AT
ARSI L HE BRRRAE BR A% X 53 5 YRR MW sl AR A T
oy JRVEE  BERAT M AR S RS B I HE B RRAE X 43 5
TRAE B FEIRAT Ry AR SO A 401 2% R A IR B 25 08T
AT UG R RS T i i 2k .

L::NiMELELLAngme+-

Nl D LeCyim v (18)

oA w R YNGR R G5 N S I R 56 AT

B MR S L L () SR 58 LIRS 3 334

R PR — TR A AT R Lyl AT

N TARIE 5 IR BEARTT Uy 0, 2
BERAT A TARIC A8 U R BOE RN -
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4.1 HE&E

FATAE P AS 2 TF 0 3 20 A7 O 31 00 B A 4
(Volleyball £ #i& 5 Fl Collective Activity 20454 ) I
HEAT T 925, Volleyball Z4fs 5 1 55 37 HF R L 38
W Y 4830 LA A BEAL A Ferr A7 3493 IR A
B 1377 AN B AR B Y Hh
AR A T A A 08 i AT, AN AT R s 2 R AR A T
bR R AR AT bR A 9 L 4
Blocking. Digging. Falling. Jumping. Moving.
Setting . Spiking . Standing . Waiting. Ff &7 M AR A
8 B, 1 il )& : Right set. Right spike. Right pass.
Right winpoint. Left set. Left spike. Left pass. Left
winpoint. ZEFRATAY LI, AL H — K BN T
=10 B FRF [1] B 11 368 [0 bR 8 W RS T 5 WA 4 ot
ARV 1914320 FAE HHE DOz B AR S A i Bk
EISRACTENI

Collective Activity £ 4E i 44 S0 A L &L
2511 A R B S8 48 1673 A U125 R Be il
838N Fv Be A B 10 WA — A i
i T A AN 1 30 FERE AN IR AT g FORE AL AT Sl
6 A IRAT AR 2, 4 o4 - NAL Crossing.
Waiting . Queueing . Walking . Talking. 3t 5 1~ ¥ 41 i
g s % . 43 9l B« Crossing. Waiting. Queueing
Walking . Talking.
4.2 AT

AR S S 86 f ) TmageNet %55 5 b 15 Il 25 (1)
Inception—v3 P £ 4 Bt KRR AR 4E R0 1024,
BIVRFAIESE B RO 102408 T4 A BRI A L LA
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RSB 22X 2 B 2R RORAR UM [R] JRy ¥ A AL
H T 00 288 A A S A AR SRR R A R e
AETE BB TR 235 ROT Align J7 46 B e AR Uk
P R A AR S LI 3T %) DU A 8 R A A e A
KA E 70 0T3RS RAE s AL AR B HRAE 5 B
W 22X 2 RAE KUY FRAE HR R B — 4 ) i, AR AR
FHIE .

ASCH IRt B HE =AW B 2 — BT BEA %
JE GONBLH, B HA MARFE AT — 2 FC B4 2
256 MFFAEIE IE , B JS #EAT AN ARAT R S AR A AT
S B B 3 S A AR R E X A I
Al HH B/ 3 v N 2k Granger PRSR A i
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(] D AR 2 B0 A 5 — B BRI 2 o B I 25 2 4
(LA 5% = Bk — 25 U in e 1 2 PR R
HERR, 22 RUBE Ih s DR SR PRI, Ol FH 22 RUBE I 5 il
G Ja BRHIE AT AT R R T S R ) 2R
— B BRI 2R = [ B i FH A ] A0 463 2% pR B, 5 — B Be
) 285 55— B Bt TN 46 11 S 501

1E Volleyball £t ¥ 4E I . batch size i 8, 77 25 4%
JZ 1 dropout ZHK 0. 3. 35552k H Adam flifb 4% , 2%
> ) IR B E N Le-4, I 25 I 25 180 A4S JA 3 L
30/ M 2 2 0 S Z HT Y 0. 548, 2% 2 SRAE UK
TRV 155 1 VR E I S 24 TR R R PR A R 22 R
(13 B S0 0. 1,0. 2,0, 3,0. 4.
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16, 532545 2 1 dropout Z%40 0. 5. 52552k H Adam
P, WG4 21 %k 1e=3, M4 3112k 804~ 1 , 43
104 JRI 127 2] 30 Sy Z AT 0. 1A% 2% 2 S84 P9Ik
UG 155 L VR A I 24 AR DR AR IR AR R 2 R
I B R S0 0. 1,0. 2,0, 3,0. 4.

SEESTE 64 47 Ubuntu 16. 04 [ HEAT , i P FREE 1
$£ Python 3. 8, 5256 K H Pytorch 1. 8T8 2= V-1,
Bt & Intel Core 19-10900X@3.7 GHz 4b ¥ #5 1
64 GB NAE . BitAT 13 GeForce RTX 3090 &t F .
4.3 N AE

XFAARAT R FEEARAT U] R PR PPAR T
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Accuracy) , Je ARSI A9 8 6 =12 51 1 E 4
o A AR 50/ R AR B SR 5 SR LT B 4E
(2) ZZIEM R (MCA : Multi-Class Accuracy) » %%
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spiking #AT H, 437 Fl spiking HHOG [ = Fp 2258 H.
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2 N Z MG RE R B o #r )I ZRi 4 rh & 28 9 AH
VBTN

1 Right spiking F spiking—blocking i [F R 3 R4 45 R
FEERBE  0.90 0.90 0.95 0.95 0.98 0.98

Pk 1] ¢ ]S 3 4 3 4 3 4
R [A] 22 31 i
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2 22 42 12 24 5 12
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i) 7 RS 3 4 3 4 3 4
T[] B3R
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A, AT B LR A 1 R R 4.

(2) Bl A 3R w5 (3 0, PR OG R E0e /> 4B R
R O A B 2 90 B 22 1 DR IR G 3R BRI AT SR 8 2
7S K I 1Y 12 B 51 T ZE AR sk N AT S R
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e A2 A R ATE AL B L blocking A B A 7E WL ER
JEBA WA S i AT R AR Ak i DA B F AN 0 &
IR Z 118 RIS DG 2R S S 38 S 0 vy B4, fig
IR bR | A S 3R 1 25 R o RS Bk A Ty s FE L A
IRTEAE LRI 2 2 (4]

(3) PRI G 2R (B T4 3R 28 WU A7 R 1 1
AR, Y BE TS RIE 2 FIR R BIRED
SRS T AL PR R G 2R (R R IN [A] 78 1E1 OR/ AR
1k BB R R OC R A A B A ] R OC R R E T
ok Jh BHRH DC 55 79 22 L IRF (1] 74 840 e IR B (1]
PR R SRR DG A B LR S PR G R R (R
0. 95, /™A% FIWT R IR G &R L ik f | AMEFSCR
4.4.2  Granger PR A AR Y X7 HF 4447 A 1R 79
A1

TE 38 T8 2 B[] [ 20 R AR Rl b, FRATT 40 B =
AN TR s TRk 37 A B2 MR . CORFAE AR 48 2E R 5
R (TG F-A%) » (2OFFAE R [ 5 1 2E 8 1134 CF
1), JEIR 5 [F 2 0 1, (3D RFAER [ 18 I HE R
HOPAE CHIE R FS) 8 0 A 24 28 58 i LR
KFR PRI R AR IR A% T H
N TR R 2 R A T RO R K
W, A A PR SR DG R 6 P i s ) FR AT 43 AT A
[F) A DR SR O R BREAG O0 T » AN [R] A sk ] Ak 3875 X

FAG T LIRS ) b3 T 5, 7E 2 IR
HAEIE LT WIS T R IR0 TE B R A AT T R0
IER R Ho Granger PR FG AR 4. 4. 1795 h
1 1Y B A S 45 Rl A i 38 T8 LA o 2, fd
BRI BE B SR 0. 4.

x4 AEELEBEARESTEREHSHER TEEITAIR

AIAEITAHIRAN R
BERAT R MCA AL MCA
ZIEREAS B FB REM K FB BEM
T 1w PR TR I PR
delay=[0] 9.0 8.7 — 8L5 8L2 —
delay=[0,1] 9.8 9.2 92,1 821 8L7 823

delay=[0,1,2] 91.9 91.4 92.4 82.2 81.8 82.6
delay=10,1,2,3] 91.9 91.4 92.4 82.2 81.8 82.6

T & B COBFAN b, TESE IR 5 delay=0
I, NP FS R AR L P RS R A B 25 R 4L X2 R
delay=0 I H} 1) & Z IS A FREIY L AT FRAET
B o A AR I BB XTS5 . (2 FE delay=[0,1 i}, A
T2 NP B S S5 PR T A SHAR 4 S5 1) AR
[ HEF 7% 55 AN TASRRAE HE R SRS AFAE 4, 2 [

SRR ) delay=0 IR R EE 2T delay=
1R SR S R0 (3 FE delay=[0.1.2 ]}, H B &
I REAIE 8 TE 8 2k AR A, X2 R delay=2 & 3L
R IR R BB A PR delay=[0,1,2,3 8}, H H i
oF FEAE AN P30 s X2 R delay=3 & BRIR IR S ¢
FRIECA U I (ORI R T HEARTT R,
JE RS Z B BAT PG 0, AR A AR 2 2
Sy WO AdEFH 2 AR i i AL Rl RE 65k
o/ DB FRIE TP AEAE TR
4.4.3  JEIE H B REARTT A TN A5

W TR AT R 3 AT 52 B AT R 5
FRATTHe IR OC ZR B A AR R A 4R 47 38 il
KAWL ST A E B9 TR FRATR B L), Ok PR
il E AT R ERER 2 5 & T J 0 32 5
1T RHEWRES S N 1/d, 5 d R, W E 3017
HESHEUN ST IO R W F T R
fE 2R 05 BTSSR A 3R 47 BRER il 5 B9 SRR AOE S 7E
TSR A B T2 KRG .

RS ARENEE G TEEITARMNMAEIT AR ER

W LA BEAITAMCA MR N MCA
d=2 92.4 82.6
d=3 92.6 82.8
d=4 92.9 83.0
d=5 93.1 83.2
d=6 93.3 83.3
d=T 92.0 82.2
d=8 91.8 82.0

SLITEIN Sy 91.6 81.8

TS T AR IE H B 7 T BT AR
TNFNARAT AR 25 5 Ho Granger PR SR A4S I A%
BRI 4. 4. 19 P 9 i AES 40 1B 3R 5[0, 1,
2], 13 7 B[R] 7% L Al B RUBE [T BB B R S 8
0. 4.

HATEI . (DARIATZ ARG SeBEMRTT R
H% A O R REE , JEB AR T R R R R T R
THBIHER SRAEK () d=2 5 , T AT N R HE Ak
AT R REAE 38 RO A AR RS B R T R AT
R P RREAS A R i s AT ol 3 I RRE AR
EIIS N S i i e i 1 s R N EOE S 11
U, d=2 B s AR U] RS T A TR A R L
ANHEAT PR AR il A AR B vy (3D e 1) B 61 s LA
d="6, JLHTIREE T ) AT N ERHAE N 1/6, 9 ahiT
R RHE 5 5/6 BB i IR R S 5 38 B
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J5 B9AT R AHSE AR R R B H AT ol 3
W EHAEZ BN AR TN T AR A e 1 |
C AT (DFEE d 38, E3hTT R FEEs
1T RS B RGN AT R 4 3 R IR AE H AR 2
REROLT , IEAf R AT T B
4.4.4  Z R AN FEALT AU B9 52
IR RS L il B S FRLAR R B R A
FEESHESECR 0. 4.32 6 20 THE B8 S50 H )2 FiE
Bk R A Y Granger RIS G &, LUE A FHAS[R]
1 LA 78 Ofe 2 o] v (R REAE L FR AT [ A A Y
Granger ARG S50 Gl B LGS EL R 61
i — A7 4 RBEACH 5 R FF BT RIS FR I 4% .

F6 ARREMEEFERTHEETAIRANMAEITA

S F (D AS[AIFE B80T DA AN [R50 1Y)
AR R PR EREO T 0.4 REEZ [ 0. 1R
AL A L2 RS AR I, 0. 4 RUEE %S ] 4~
TRAT g FREARAT g PR SR R AT L 0. 1 LB 2S [|] Y
BRI S (O FERFIRAT v, 38 BAT R 28Uk A 4
BT BT ACRE S L R, RUBE R 0. 1 e R IR 248
KRR EERERIN B R A RN
R0 4 REH 0. 3REHH T, B H R R A
B, PRI, IE A R4 A PR (3) 2 RUEER A 0 7
TR R B RS 2 L i ELAE R TR B LS 8
KeF S R R A B B 22 AT A TR, 22 ROBERRARY L1
0. 4 REEASRIAT BE 5 Al 4 1
4.4.5 PRESC RIS T ARSI 500

TEIUA (1) EE FUREARA T AU b L R i 56 &R

10
P MR AR R A
i o o A P 12 WG B 5 R P 5 3% 1 0
o 0 1 o0 PRI TF 3 7 itk — b 1o 45 [ 51 56 2o ) P i 20
0.3 93.1 83.2 ()5 A RS OC R SO I R) 2 o 45 3R £ R
0.4 93.3 83.3 [0, 1.2 ], ARG R SE N 0. 95, Z RE IR B 2
[0.1,0.2,0.3,0.4] 94.3 84.2 Bem[0.1,0.2,0.3,0. 4.
x7 HERXFZMETERXRZTHEETAHIRANFIANETHIRA
Method #Param(M) FLOPs(G) Time/ms BEAITIMCA  AMAEFT R MCA
Backbone-Inception 0.261 0.634 59.2 89.8 80.9
+CR 1.311 0. 886 64.0 91.2 81.6
+MSGCN [27] 25.191 6.042 86.8 92.1 82.2
+CR+MSGCN 26. 241 6.294 95.9 94.3 84.2

(1) Backbone-Inception £ AY , £ $§ FC #E 17 4F
fE A2 $e AR AT S 43 26 i FBRE IR AT O a3 2R A
(2) Backbone+CR (Causality Relation) , & T %
AR R] SE 38 A PRR G 2R 64T T TR 2 A
FROERLG AP R 1 B S A Y IS [A] AR AIE S HSf
AR T AU 25 54 F Backbone—Inception [ 4%
. (3) Backbone+MSGCN (Multiple Scale Graph
Convolutional Network) 7£ Backbone—Inception 5 %4
FEA L BN N A LN 5 4 R g 22 R RIAR
B RYE ARG BRI 3 R 16 4> I 147 Y B AR 1Y
2] SRR Z ] 8 O FR L[] R 2R G 26 AR
FRE R AU 7 R A RO ZR I, AT RE S | A M
KF PRI R FH A WL AER 25, %k i [r] AR [
HEAT MR P G R M 53 o DTG 45 2R 0 T Ik ] PSR [T
(4)Backbone+CR-+MSGCN ¢ [H 5 E 6 [, %
JEIF[R]F- 3% 2 NRHIE RS S BRI 25 F 7R S
FEAE 5 [) Fsf A g (] B i 2 A 00 B2 5 DR SR 1 4 G

FEGEAT B JF— 2P 2 o) AR R 23 0] 1R SCRE
HE , AT Backbone +CR+MSGCN (- 51 E i 5 fix
B A X T Backbone+MSGCN #5% A | Backbone+
CRH+MSGCN B339 4 %6 (0. 252G/6. 042G)
AN TR B5F 1] 247 95. Oms » 4T3 8K AT 5 47
PHHRE

4.5 FKXTEE IR

2 SR T Volleyball 45 4 B9 BEARTT A L5
FARTT R U G5 5 6 L SE g b 2% 08 T OR[A Y 3
+ ¥ 2% (Backbone) £ it i 17 MR 1E . H JE T 2 &
CY /N DG RFE .

(1) 75 [8] ¢ Z2 AR A U T Sy 28 B WL ) 4 o
BRI HSEORE I L H R R JZ IR R
[ A5 78 CHDTIVD 3% A4 1 3 25 R 1E ) FH S A i
1158 B3 2 #4253k I 285 (SSUD XA~
IR BB ASVCECRFE , 1 A 2 758 B G 3R AR A
SC7 I AE A S REAE A ] U AR, 2 o) AR (R
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RS AT EMILA T IETE Volleyball 3B FHIXF L& R

RERTT BERAT N AMARTTA

Backbone  JGIAFE  FLOPs(G)

MCA MPCA MCA
23 [H] G FR AL R A
Hierarchical Deep Temporal Model (HDTM) 2016[25] AlexNet N 8.6 81.9 — —
Social Scene Understanding (SSU) 2017[26] Inception—v3 N — 90. 6 — 81.8
23 [H] G AR R BEAY
Hierarchical Relational Network (HRN)2018[5] VGG19-code N 0.9 89.5 — —
Graph Attention Interaction Model (GAIM) 2020[3] Inception—v3 N — 91.9 — —
Position Distribution and Appearance Relation (PDAR) 2021[7] Inception—v3 N — 92.2 — —
Actor Relation Graph (ARG) 2019[27] Inception—v3 N 6.0 92.5 — 82.8
Multi-Level Interaction Relation (MLIR) 2021[4] Inception-v3 N — 92.6 92.8 82.8
Actor-Transformers (AT) 2020[6] 13D Y — 93.0 — 83.7
Convolutional Relational Machine (CRM) 2019[28] 13D Y — 93.4 — —
28 G AR BT REAY
Confidence~Energy Recurrent Network (CERN) 2017[31] VGG16 N — 83.3 83.6 —
Spatial-Temporal Attentive Graph Network (stagNet) 2020[8] VGG16 N — 89.3 — 82.3
Coherence Constrained Graph LSTM (CCGLSTM) 2022[33] AlexNet N — 89.3 — —
Partial context embedding (PCE) 2022[32] Transformer N — 90.5 — —
Progressive Relation Learning (PRIL.)2020[9] VGG16 N — 91.4 91.8 —
Graph LSTM-in-LLSTM (GLIL) 2021[10] Inception-v3 N — — 93.0 —
Visual Context (VC) 2021[2] Inception-v3 N — 93.3 93.4
GroupFormer (GF) 2021[30] Inception-v3 N 408.5 94.1 — 83.7
AR Inception-v3 N 6.3 94.3 94.4 84.2

TR AR (R4 0C 2 HT TR AR F 30 /98 22 1
KFZ PR A SRR (A ERA T o U3 ) 228 DE 1 %
(MCA) (94.3%) , &t # # i HDTM™ (81. 9%) Fl
SSU™(90. 6 %) )5k .

(2) 25 0] ZR R v, (37 5 55 G 32 I 4%
(PDAR 202D\ A 38 B & R U T AP ULZE Z A7
BRI I T R E B W S IR e 2 2]
MMEZEH IR FR AT Bl A A R s 23 R AE R 27 2
Granger IR G R, IR IR CR HPUE R 7B
F A AE R BRI T, N2 PR 2R R AR 2
[EFFTEM S B R, NS IR R P 22 B X R A
AR 2238 H KR (MLIR 202D AN H KL R
FEAE T B AR Z 18] 38 2k e a5t Ay ok
et IS5 A v ) GRS i B N R IR R A
FZ 2R RO 22 2R RZR S B R AL
Ty AdE TR SR OG22 R BRI AR Z TR A2 B, AR DG &R
A LA R T AT 3 M sh AT 3 . T AERF IR 2
ANKZRZP R EZMNZEH K FR FE Volleyball £ 44
b ARSCIT R BERA T IR ) 2 28 IE R (MCA)
(94. 1Y) Ik H A B 5 4P SE R M 45 (PDAR 2021)7
(92. 2% MZJZZZ H X R MLIR 2021)(92. 6 %).

(DM 2 X REBR B LSTM jix &

LSTM M %% (GLIL 202D " B MA LS TM k242
AR Z B 38 B G R AR SCT7 1638 3 % B 2 AR AIE
A7) o] A AT, DA A A Z ] A RS
A ) B A 6 [T ASE R 5 22 /N F MR O [ [R1 I AR Y
BRZEIT AR Z T AR I S ) PR DG & L DT 2
ISR 3 MK DRI Bl R (AR D . 280 /B
HIRRMF T WG BRI B OCR 7
A F R SCEAE  Visual Context(VOP AR 3E H
KRR T G R 0 & R RRAE B 7 5 BUR AT
AR B ARSI ZH R —FERE LSTM
(CCGLSTM) 1A Jy 58 B 75 ZEWF 28 b F SCHRRAE
Yy s MG & R FRAE . (AR LS TM R 24 > i 25 52 |
KF L FFUING S AR & SR FRAE A T R R A T R R
S ARSI T 5 b AR Z ) 1) 32 8/ ok
KR KU T/l KR R e R R E
HE 8 T A 2003 18 37 5t b 19 G 8 48 B . GroupF ormer
(GF)F AR 28 B 56 2 T B )RR AR R 23 (R REAE A7 AR
A XA WA TR T T B 4S Transformer FEH ok 2% &
ANMREFE A8 AT )T R AR S 3 Rk e o] )1
RUSR AR A AERAE 22 1] (1) PR R DG 2R, S 56 0 B Bt 1)
(0] 1 PRI SR AR DG o AT $ DC T )RR S T A 50t il
W TAMEZ M AE B R FR  TTE Volleyball 54 45
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b A SO i i Y GroupFormer (GF) ™7 (94, 3% vs
94.1%). 3k 8 4 thh T A JFIE J5 % HDTM, HRN.,
ARG GF 73 1) FLOPs. AR 3C 5 s 5 % e ot st ] &2
% ISR R Aff 1

F 9L T Collective Activity B 5 O BEAR AT
SR AR T RN 25 5 AR ST A R e (] (]
VAABE R AR TP AS A AR 23 REAE AR A C R, B
JHE 3 T 2 B0 28 B OC FR Al T Y A5 18] 5C AR AR A5 Y
HDTM " A S5 AR P B 18] [ 3 A AR AR G 2R

R TR E R LR ZLEXRFZIES
A2 JF 2 s R Rl E, 22 R0 A TR L ok
Qb BB AR T RT R AF AE B 44 B ) AR AR TR Y 28 B
NS A N Ry D =R S T i S N 1] 3
LA Y 2SO &R BB (GAIMY L PDAR™
ARG™ AT CRM™) A SCJ7 1 19 52 24 ik (] 22 .
KR AP T AT LSTM HIR 58 5 & &R
(CERN"Y (GLIL"™), DA & 4 F Transformer A i} []
LHFZVCH .GF™).

R ARXFGEMILE FETE Collective Activity HIEE FRIXTEE &R

Backbone JCURRE PSS FRETT
MCA MPCA

23 [H] DG AR AL B AL
Hierarchical Deep Temporal Model (HDTM) 2016[25] AlexNet N 81.5 —
23 [H) G AR R BEAY
Convolutional Relational Machine (CRM) 2019[28] 13D Y 85.8 —
Multi-Level Interaction Relation (MLIR) 2021[4] Inception—v3 N 90. 2 90.0
Position Distribution and Appearance Relation (PDAR) 2021[7] Inception—v3 N 90. 3 —
Graph Attention Interaction Model (GAIM) 2020[3] Inception—v3 N 90. 6 —
Actor Relation Graph (ARG) 2019[27] Inception—v3 N 91.0 —
Actor—Transformers (AT) 2020[6] 13D Y 92.8 —
28 O AR BT REAY
Confidence-Energy Recurrent Network (CERN) 2017[31] VGG16 N 87.2 88.3
Spatial-Temporal Attentive Graph Network (stagNet) 2020[8] VGG16 N 89.1 —
Progressive Relation Learning (PRL) 2020[9] VGG16 N — 93.8
Graph LSTM-in-LL.STM (GLIL) 2021[10] Inception-v3 N — 94.9
Coherence Constrained Graph LSTM (CCGLSTM) 2022[33] AlexNet N 93.0
GroupFormer (GF) 2021[30] Inception—v3 N 93.6 —
Visual Context (VC) 2021[2] Inception-v3 N 95.1 —
ARSI Inception-v3 N 95.5 96. 3

4.6 T
4.6.1 PERMISCHR AL

K6 45 T Volleyball 4% 45 H Right spike.
Left pass FEARAT Ry 25 5 19 A4 G Z & A 6 15F 7]
R L E A IS OC R B ALE AN+
R 1) PRS2 50T 1056 R BT A O ZR I B R
HIE B ESHON 0. 4, R R R af R 112 4, 48
R [0, 1,21 PUERBIE N 0. 95 B R HA O
MLPRUE , 2R KA 5 RTE0F 1 XA
L FRATAT AL R(E S 0. 2.

(1)7E Right spike H , s [ia] 5 5% B FH s 7 R AE
KIAMFER A 5L (85 ) F AL i HEFE R (445
55 e G HERER A B (35 A A ] PR G 2R L
RS T FHIERAE DGR A B AR FEANISC R B
I EEAMAIY A I ORI, e T PR B -+

S 1] PSR P v AU ] PRI R A5 56
RS AT A RA MR HER AL (95105 Al A TAR
PR T 42 W0 7 X 1) 30 AP R R A o L 2
70 BAT ) AD A s ] DAL SR P T LA I 14 Bsf T AN [] 25
AIPRRSE AR A MR HNER R (8 5) Ml AL F+(75)
Qb FAREBCIRAS AT R REAE AN SRR AR HAT AH DG
T ZAGFFHNIER A DL Z 8], AL FAEAL BRI SR T
7% - WS ANER N BB HAT IFTRIIE IR G 2R L2 B 0] Y
PRI DG 2R I (1] DR SR P T LRSI H 7 A8 sl A 2 T
ARTC 5 PSR S 28, 0 2 R HEE N 51 (445
55 Z FFNBERA BT R 52 2 sl A, W 22 1)
HATFOCHI BT AR IC & S B R 51 6 () v
IpE RO R WA B T 85 H1 35 A DTG R
I 35 A BT BEBRAT 9 H Y TSR — R B
PRAT U 2 A0 AUk [ ARG 2R 8T, A
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I i) R SR % 5 1

6 T 9
‘o 5@ el
1 ® 1 s
10
3 @12
LA R S R
Q ® & .:;: %
o7 T+ b A0+ ] R SR R {or 0+ b A0+ ] ER R K R P
oY $%\e " °
® ® ’8\_. ®
¢ a o %o

(a) Right spikeBf{&iTH

(b) Left pass#f{&iTH

K16 APILIE R ETFI AL — o i) PR G R 4]

2 30 L 6 Sl A I, Y458 T A AR T (4
W EIEE L AMUIE R AR T 207 5 HE B 22 (] g S 7
KF AN A N IR TR e e R T o
I, 5546 1 35 NGO BFIAAT i T4 Rk, A u-
i 1) PR SR 56 2R P A 5 S B T T 6 Cad PR ARRAARA TR 1L

(2)FE Left pass H1 , Z8 - sf [a] AR ¢ & EIIA AT
(O Z A2 ZE MNP SFIER N B2 (44555 A AT TR AE [7]
i N Rl 4 AL R L E Ak A B SE O & B
PN AL (845 105 FE [R5 0] T A& 8l » A ] 78 H1 i
FIER B BE L DUEHEF T4 AR ER AE & 6 (b)Y Left
pass FHAAT Ry e, S BB RUA 240k T 205 8 &
SEAEMN 245 NG R ERRAS A ] AR G &R
B, 2 5 M 65 Z A R PR R L 6 SA1E k5l
AN 2 5 FRIE 0 OC R IG5 L IUR L 645 7 A I AR T
I Left set #— 2 A5 B2 A 3 5 I, An ] &5 45 40 0
PRI [R] PR SR (B ke L[] A 2-45 A 5L Fn 6 5 A Bt , 3
JBTH A 6 S ANARTT R 2 AN RET A B EEAE
AT SEER T ] S5 A 1 6 (b BEIARA T AR50
4.6.2 PRIER KR AT

P17 AT AR A A 22 T g s ] PSR S 2R AR (] 4iE

IR W] SR OC R B R AT WK I 2 N &, T
HOEBARRGER T2 AT LR .

(DE Right spike H1, 8 5 (U FN1EK1T R M BRI
(1) FEAT N W 8552 MmN GRS, 2 M RTHEEE X
AN G145 5% M8 85 7E4 3wk Bk, £ M A it
45 R 5 SRS A WUER I R RS Bk A T Ay o JLIS ] 42 38 1
g LH A A5 A7 R RRE B, 1 55 B 4
WP RRIERE — E PR T, 2338 1 5 5 B Ik ] 2R
KFR BT 45 I [R] LR OC R 225 HEER RN
135, B 8 55 ERER A BT 35 i H i 7 o
T2 5 Wt ia] TR A% 3, A5G0 L A ] B 3R Oy 2.
1E Right spike H . 0 & B8 1 Jo s [A] 2E 38 8 1 PR 5
F BUHEACT 95 F1 105 AT THE RN W 7 2 9 J5 1Y
7 1 AR I AT

(2)7E Left pass 11, ZE AR N 25 28k 1Y
FEAT R 5 25 B AT ] AR OC R YR AR
F65  HEZAT 5 SR MR Bk L LUK W
HEBR V5 A IR BUTESE 6 WDKK R A%
Tl o H W P BR S SR 7 WU T iRk, LA R
() SE 38 550y 1L [RI BN 255 me) 1 =N G 45 AT
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(a) Right spikeBfkiTH
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(b) Left passBHEATH

7 R R] PR 2RO AR [h) 2 R

W 5155 8947 Ry W3 B UG 3T Inl B 320 DL 45
TAETF BRI A B B AE Left pass L WAL T
85 i1 10 5 (1Y JC I i) 42E 3R 55 (1% DR 2R G R L AT T AE A
Wik s s ] T RSBk B I A

(DTEATE A Volleyball BEARTT A, A 51 C
FIEAT R TI & AR AR Ao, Frssk R 56
FHIBRA G AL FZ MM R B . ey nek
N GURIHER N G, $nER O 51 FERER N LI OC R FERE
PRAT R, SR OC ZR A AT SR S AR A T SR U0
1) F 2K .
4.6.3 ZANGEBERLR AU

SNy A TN N5 -Gl TSP S S valll B
Fl 845 th T UCSD Ped1 B 3C Granger F5 8 (1 44
KRS FRATHIMR LA AR FAE , Ak
Pl 1P ST T 2 B s 7 S [ 9 A R (A 1)
Granger J5L RUBESRAE . R I FRATTE RO 0. 52k 43
UIMNENSIEE S

&l 8 1, Granger & 1 T3k A s iy 7 AR 1Y
PR (DA SO vk A 0 A4 3 ) R AT . 77
BERVE T 1) AT E WA TR 2.5 B, B A
AT 20 I A AR 2 B AR TR 2 5977 R D
(2O 13 J2 ) B A9 55 42 N 01 2352 e 342 1
AR AR 12 94T R AR L3 AR 72 B v ok
B PR 12, T EE AR 12 19478 . (DA
10311 12#B 2 ) FATAE ANk 10 7E T 77 1M HLiz
SR A s AR SO A AR 10 2 A 11 A
AR 12 09 S DR A A I AR 11 RS A 12 2Z )
A B A o L (DM 14 15 9 1 M4 16017 9

(a) UCSD Pel %ﬂﬁﬁﬂéﬂﬂﬁ% -

123 4 E b 78 9101112131415161718192021

- 0.7
3
4F
11 06
6F
TF
gk 0.5
9
B 0.4
0.3
0.2
0.1

(b) Grangerﬁ Eﬁ&fﬁﬁﬁ
K8 UCSD Pedl WA Granger P 4 5 22 Kl

A7 A SO T DU AN 16,17 S 1K 14

A I S LA 15 B A
5 B %

AR AS R T SRy v LA IR PP R A A 0 22
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Eild 2023 4F

N O R B n) @, 42— Fh 3L T Granger A S B
25 PRI B vk SE BB AT o ) A SR T A
BB AU Stk 22 NAT R DR G Z A T PR SR A
TER G o 25 PR SR Pl L

R T SRR G A A, AR SO T IR
BRI Granger PR OC R G2 R B (0] 7
G [l AR LR [, A BT AR AT A 02 A5 B R B T 5
M EARALFE AR, [ B F 87>
SN R NSV ES Y S TS iV Yo E S B T 1
IRBREIR S B 2 AR 3 3 X A AR 1 22 ot B ) B HR
HEAT LU 53 B o R R DG 0] 09 15 22 2 A5 B b /N T
A [FHIR 2 A SCH) Granger R 56 RAERUFH F 43
ARG e TR R A MR (B AR SC Y Granger
KK FR T IR S R sh AT & Wiz sh 32 3 E 57
e AR

R T Y2 NAT R AR TE] 2 ), 3R AT
Granger K2R 5 2 i)™ 1) f7 IR (1] F2E 23 8 f) IRF i) A SR
KR FRATEI T 380108 0% it 1] PR SRR Rl L R 5
W E AT R FH R NAT R R RS Gz
F AT R F BB SRR A R AT 0 R S
FROE BBAE ST A1 T A T & s s) .

FAT BT 22 RUBE Asf 25 R SR PR e s e, il 1
R MR EN PSR AP ILOC R R
A LR AR B 28 B (o A OC R A
IR AR 2 [R] 14 BE 25 2 AR AR e 22 RUBE ALY
L, BE A HR AN A 22 1] i) B J2 WA L A3 7 24
FINE S S NNENS S W G B
T SCHAMARRRIE FIRFAARAFAE AR SCT7 ¥4 AE Volleyball
Hl Collective Activity #li 5_LA0 T 8043 BEAART T R0
ilpi g

AT EAE Volleyball £tdi84E [ REAS AL 12 A
I REAARTT U, 7€ Collective Activity BHli FE g 18
AR FE 2-14 NP REARAT AR e, 2 8T RUE /I
FUBSHEAARTE 31, 6 A W] LUE B S5 UL BER TS 20
N VR Z s AN RSN 53 BE 5 G V328 3
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Background

Group activity recognition aims at detecting the activity of
multiple people in a crowded scene, which is conducive to
maintaining the safety of public places. Group activity recognition
has many potential applications in Video surveillance, video
summarization, video retrieval. Unlike action recognition, group
activity recognition needs to extract the interaction relation
between actors. The interaction relation provides context
information for activity. However, the interaction relation is
hidden in the activity and its spatial-temporal feature is complex.
Therefore, spatial-temporal feature extraction in a group activity
is still an ill-posed problem.

Many methods use a graph model to estimate the interaction
relation in a group. They analyze the relation with appearance
feature, position feature, and motion feature. They estimate
symmetrical interaction relations between two actors and consider
the interaction is the same as each other. They cannot describe
the positive actor and the passive actor in the interaction and
cannot generate a reasonable interaction relation.

In this work, we design a Granger causality spatial-
temporal graph model to learn the complex interaction relation.
First, we design a Granger causality—base relation detector,
which has two regression sub-models. The self-regression sub-
model measures the temporal dependency with the actor itself
temporal features, and the related-regression sub—model
considers the actor as a passive one and measures the temporal

dependency of a directed relation with the temporal features of
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both itself passive actor and its potential active actor. When the
regression error of the related-regression sub-model is
significantly smaller than the regression error of the self-
regression sub—model, this suggests the potential active actor is
true and the relation is Granger causality relation. Second, we
design a channel-wise temporal causality graph inference with
the temporally delayed features. We extend the related—
regression sub—model in the relation detector to a temporal
delayed related-regression sub-model, which can provide the
temporal delay information and generate a temporal delayed
causality graph. We use the temporal delay information to obtain
a temporal delayed feature of the active actor and fuse it into the
feature of the passive actor with channel-wise concatenate
operation. To learn a spatial-temporal fusion feature for the
passive actor, we embed both the feature of the passive actor
and the delayed feature of the active actor with a channel-wise
dimension transformation and further discuss the channel ratio
between the passive actor and the active actor. Third, we
embed our Granger causality relation with multiple distance scale
and appearance relation. The enhanced graph divides the
relation into multiple distances and uses multiple graph
convolutional parameters to analyze these relations separately.
This research was supported by the Anhui Province Key
research and development plan (202004d07020004) , Anhui
Natural Science Foundation (2108085MF203) , the Fundamental
Research Funds for the Central Universities of China
(PA2021GDSK0072,JZ2021HGQA0219).



	目次
	Column
	Granger因果关系时空图推理的群体行为分析


	Contents
	Column
	Spatial-temporal Graph Inference with Granger Causality Relation for Group Activity Analysis



