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Abstract: Objective Video action detection is one of the challenging tasks in computer vision and video recognition,

which aims to locate all actors and recognize their actions in video clips. However, two major problems are required to be
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resolved in the real world: First, there are pairwise interactions between actors in real scenes, so it is suboptimal to per-
form action recognition only in terms of their own regional features. Specifically, explicitly modeling interactions may be
beneficial to the performance of action detection. Second, action detection is a multi-label classification task because an
actor may perform multiple types of actions at the same time. We argue that it is beneficial to consider the inherent depen-
dency between different classes. In this study, we propose a video action detection framework that simultaneously modeling
interaction between actors and dependency between categories. Method Our framework proposed consists of three main
parts: actor feature extraction, long short-term interaction and classification. In detail, the actor feature extraction part
first utilizes the Faster region based convolutional neural network (Faster R-CNN) as a person detector to detect the poten-
tial actors in the whole dataset. After this, we only keep the detected actors which have relatively high confidence score.
Furthermore, we take the SlowFast network as backbone to extract features from the raw videos. For each actor, we apply
the RolAlign operation on the extracted feature map based on the location of the actor and the corresponding feature of the
actor is generated. To include the geometric information, the coordinates of actors is embedded into their features. The
actor-related features are as the input of following steps. The long short-term interaction part includes short-term interaction
module (STIM) and long-term interaction module (LTIM). The STIM can leverage the graph attention network (GAT) to
model short-term spatio-temporal interactions between actors, and LTIM can use long-term feature banks (LFB) to model
long-term temporal dependency between actors. For short-term spatio-temporal interaction modeling, the intersection over
union (IoU)-tracker is used to connect the bounding boxes of the same person in temporal. For optimization, we propose a
decoupling mechanism to handle spatial and temporal interactions. The interaction between nodes of different actors at the
same time step is defined as spatial interaction, and the interaction between nodes of the same actor at different time steps
is recognized as temporal interaction. The graph attention network (GAT) is applied for each of them, where the nodes are
the actor features, and their pairwise relationships are then represented via the edges. For long-term temporal dependency
modeling, a sliding window mechanism is used to obtain a long-term feature bank, which can contain a large scale of tempo-
ral contexts. Current short-term features and the long-term feature bank can be transmitted into the non-local module,
where the short-term features are used as queries, and the features in the long-term feature bank are used as key-value pairs
to extract relevant long-term temporal context information. The classification part is based on a class relationship module
(CRM), which first extracts class-specific feature for each class of each actor. The features of different classes of the same
actor can be passed into the self-attention module to compute the semantic correlation between action classes. Finally, we
propose a two-stage score fusion (TSSF) strategy to update the classification probability scores on the basis of the comple-
mentarity of different modules. Result We carry out quantitative and qualitative analysis on the public dataset atomic visual
actions version 2. 1(AVA v2.1). For the quantitative analysis, the evaluation metrics is the average precision (AP) with
an loU threshold of 0. 5. For each class, we compute the average precision and report the average over all classes. The
results of our method in all test sub-categories, Human Pose category, Human-Object Interaction category, and Human-
Human Interaction category are 31.0%, 50.8%, 22.3%, and 32.5%, respectively. Compared to the baseline, it
increases by 2. 8%, 2.0%, 2.6% and 3. 6% each. Compared to actor-centric relation network (ACRN) , video action
transformer network (VAT) , actor-context-actor relation network (ACAR-Net) and other related algorithms, our method is
optimized by 0. 8% further. For the qualitative analysis, the visualization results demonstrate that our method can capture
the interaction accurately between action performers, and the rationality and reliability of the class dependency modeling
can be reflected as well. To verify the effectiveness of the proposed modules, a series of ablation experiments are con-
ducted. Additionally, the methods proposed are all end-to-end training, but the method proposed in this paper uses a fixed
backbone, which has a faster training speed and lower computing resource consumption. Conclusion To fully interpret the
interaction between actors and dependency between classes, a video action detection framework is illustrated. The effec-
tiveness of our proposed method is validated according to the experimental results on AVA v2. 1 dataset.

Key words: video action detection; multi-label classification; interaction relationship modeling; two-stage fusion; deep

learning; attention mechanism
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Fig. 2 Overall architecture of the proposed model
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Fig. 6  Structure of LTIM module ((a) flow chart of long-term interaction module; (h) composition of non-local block )

0 10 20 30 40 50 60 70
BRSNS S

K7 UIRAEA R bR L85 B

Fig.7 Label co-occurrence information of training samples

J 7, v 6 B )AL R s ) A0 g S B
ARy, A A A B vl O 122 K SR 1) T A sl A1
AR PR 2 5 I U

Rl , AR SCE T3 T Bl 6 2 ] A4 G
Fo Dp(jli) = 1, BEWIEE s j F & s e i ey
ARE R I & AR BT Z MAE AR et 6 A 5E 52 5 2)
p(jli) = 0, VL4 5E SR j AN A& AF a1 i B AN n] RETR
IR BT Z A AEHERR SC 2 53)p()]0) € (0, 1),
i W] 45 5 S j 020 sl AR o — 5 OB [R] I &
A EMZ A EERELR .

CRM BB A 2 10 45 FI 3l il ~] Sl 3R

13 B AR — I 24N W) Sl VR 26 Z ) Y i SCRHOGHE , A
T b3 R AN SIE S I RAE , T T 245 2 03
KMPERE . JUHERT IEREA R R LA i sh VR
& . M AT BEARAES ~] BIAG A HL S I 280 RAE , )tk
I AT LA 5 22 DRI PR A b S s M vy 1 A
SRl R R RS 19 J7 2CHE R A B O RAE, 32
EOMERR R . R A G5 BT 8 IR
X EIVEPAT 1Y d QEFFAE 1) 1 AT C IR Ze M2
(COABIEZMNED , 73 S B> Sh VRS il Y R AL 5
SRS A R L B[R] Sh VR0 Z 8] (4
SCAHIEME . BAARSR UG, 8 Se X R ik A T e Pk
53 5345 B R BY query, key Fl value, Ff-4351ic A
Qy, Ky, MV,yo KI5, 715 0,5 K, Z I8 R4 ]
N Z 1) A 2RI B . P2 05, 1) A DG
FE XV AT A, 45 3 14 98 5 19 28 BRI . B
Jo G SRS R IR f AR o 2 b, T L R B
VEFMMERAG57 .
2.3.2 WBrBesrE & g TSSF

G ARAR T T CRM AL, I AN R 3li/E 2
T Z ] AR A8 G X RRAE EA T3 8, DGR B2 Tt 2
PRA I IERER) H Y o A SR AT # 54T T
TREMEIR R T IEREARECR D B SRS, 4%
AT DLRE 25 By b 2 ) B HGRAE ok Ab 1565 1 By BOFRAE
AU IR



$28% /5558 /2023 £5 A

ST

IRE, KA, TFE/EEIEXREINRBE (ELN

al

! F@ e

Nxd NxCxd
_______________________________________________ 1
1
—{l O A :
1
I
" ) 4 1
s o
1
H X NCxC NeCed
1

8  CRMAELHLHY
Fig. 8 Structure of CRM module

H T 55 1B BOM DB REA 9 X 7 RE 1 AN 5
T 3 BOEA RS T CRMABEHAE S 2 B B v 4t
X b O T A, T DA LR AU B A R G R
W X A Bl A 2AS B T 43 B A T R L T AR R
T/ IME i KB ECE - B Y )5 3075 21 B A i i
OrE, BARH
min (s, s?)
s, = ymax(s.,s!) (5)
avg (s, s;)
Ao, s B2 3 2R S L B B R AS 2 B B sl /2 ¢
TIN5, 5. Fen Rl G 2 IS R4S
AR B 1 B B I S HLAR 4 A 2 B By
AR R IR A IR a0, R B SR pR B

L=L, +1L, (6)
134G, _ _

L= = 2 21y log (/) + (1 = y)log (1 = /)]
(7)

I ox (i) (@) (@) (@)

— i 2(i i 2(i
Lz__NZZ[yj log(sj )+(1 Y )10g(1 - )]
(8)

A, L ML, 73 50 9 56 1 B Be AR 2 B B AU e
B, Lo IX A B B S A BRI, 1 B R
S A SIS L ARRs ) F 7 20301 2 1 B B
FIER 2 By BeAE 55 i ARSI 58 4> s AR 26 L i 7

3 SRS

3.1 HIEE
ASCHE AVA v2. VB AR b7 S2 s i 8 i 4

i M YouTube 51 £E 14 430 0045 2H i, e rp )1 25
FUT 235N, BIFEA T 644, Wik £ F
131 A, B 3 FeA91 43 300 55% . 15% F130%. R T4
AN, BEHR 15 min (4 [ 2 K BE A TARTE , RARSIR
M1 Hz, BN 405 900 S Bt FpiEit, %
ST IR BT SRR T, B — i s )
R B W S ERR S . BRSNS E
PRAEIL 8O B, H B ERE R 325, 5 1 K NIk
BHRGE AW E 14N TFHE 2R NN HD)
VE A& A9 T2 3N A— AR HhE 15
17T A SR S 5 2 m] 43 B 7 A sh A b
25 ALHE T NRBEHFREE 0~3 D N—H) 28 H bR
MO~3 1 A— AL HFRZ . 25 1, AVA v2. 1 54
BRI T 211 kA UNZRSEH] 57 kAN B E S B RN 117 k
AN S ), AR F2 TR RS AR SCFE I 455
Sy R E7 N Y o o S SR A U O
3.2 iEMIEER

AR SCR B AELHC 0. 5 BsF %) ot 2% 349 1 - 20K i
(frame-level mAP@IoU 0. 5)1E N TEM 8 Hr , 7E B &
(285 SR PPAR I ARG G0 — O HE I , 35 BT 56 4 S 4
AT 2509 60 BIEZS , 206 T 90 UE AR S b
T 25 (A 20 D EnES
3.3 KEGE

S B TR 2% 2] HE R pytorch 1. 6. 0 FB 55, £
AU I 25 ATt i A2 45 36 T pytoreh S . AR SCH
5 L 30 Mt /s F g7 2R 5k 40550 108 A b o, O R Y
H ] T AE S oA S BT 5 AR i 8 R B0 G 1Y) Faster
R-CNN [ 2% 7€ S 8t i _b % sh A AT # 647 B bk
T, A5 30— ZR B RS ALE 14 57 B AR b A S VEPEAS 40 5 B
Jei RN 2R 17 (9 SlowFast 15T 0 4 42 B A #6101



1508

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 5,May 2023

E X 7 1 DX B E , DI 2 ik e B S VR PR 1 00 AR T
0. 9 BYASIMAE L K ground-truth HE , 32 I A FH 75
AR F 0.8 By Rz HE . 53 Ab, SE G #E NVIDIA
Geforce GTX 1080Ti(11 GB NFF) [ 58 i, 1 U % J
Adam (adaptive moment estimation ) fif, fb#% il B Y1 2k,
W R 2 2 3% B 4 0. 000 01, 454> YN 2Rt £ &
16 ZHE I, 56 B 50 YIS0
3.4 XWHER

R T B UEAR SO A B A RO L AT T
— Z A IH RS, 3% LD SlowFast g BE R A | EAK
R DU STIMALHL ; 2) B STIM AL, 43 252835
A3 USTIN CRM AR H IR FH TSSF S W 53) ¥ it STIM A5
HA LTIM #5355 4) %30 STIM A B 1 LTIM B 5k, 43
AR TR WS I CRM BB IR ] TSSF S . [A] I 7
AVA v2. B kA7 e o i . SR
AT 5 A AR SN VE R 5 2 iR AT X L, SRR
ARSI E I et
3.4.1 ERSH

T SE XA SCBE R AT Al S, A A ALY

A AL UER 73 0 e TR RE RO RZ R, A5 SR SR 1 BT
o SRIFON T HIRA MY BT, S35 R4l T 4%
B AE AL N —W S H 2R A— A
SEH G EAPERE AF R IR 2 s . Ak, %3
B T A SRR R U R 45, IR A
B AR R AR IELE L idebr . R TER 4T
25 T A BB A 2 Bk R BE B B S B it
FIRY RS 0 R

1 AEMEREBEATEAVA v2. 1I8IFE R ERE

Table 1 Performance of different module combinations on
the validation set of AVA v2. 1

WIReS mAP/%
SlowFast 28.2
SlowFast + STIM 29.8
SlowFast + STIM + CRM 30.1
SlowFast + STIM + LTIM 30.6
SlowFast + STIM + LTIM + CRM (Z4<30) 31.0

T L P SRR e a2

R2 AFEEBN—IWZEMA—AZELEFBIHERLSH (mAP)

Table 2 Ablation analysis on Human Pose, Human-Object Interaction and Human-Human

Interaction categories in terms of mAP

1%

i NI S N—W5cH. AN—AZH.
SlowFast 48.8 19.7 28.9
SlowFast + STIM 49.9 20.9 31.6
SlowFast + STIM + CRM 50.1 21.2 31.8
SlowFast + STIM + LTIM 50.5 22.1 31.8
SlowFast + STIM + LTIM + CRM (4 3) 50.8 22.3 325
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Fig. 9 Per-category results for the proposed model and the baseline on the validation set of AVA v2. 1
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Table 3 Results on the validation set of AVA v2. 1

considering different parameter combinations

SHAE mAP/%

Dim =32, Layers =2 30.3

Dim =32, Layers = 3 30.4
Heads =2

Dim = 64, Layers = 2 30.6

Dim = 64, Layers = 3 30.5

Dim = 32, Layers =2 30.9

Dim =32, Layers = 3 30.7
Heads = 4

Dim = 64, Layers =2 30.6

Dim = 64, Layers = 3 30.5

Dim = 32, Layers = 2 30.8

Dim = 32, Layers = 3 31.0
Heads = 8

Dim = 64, Layers = 2 30.6

Dim = 64, Layers = 3 30.7
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Table 4 The parameters and inference speed of our model

Tk RN I [ /ms
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Fig. 10 Visualization results for the proposed model and
the baseline on the validation set of AVA v2. 1

((a) baseline model; (b) ours)
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Fig. 11 Visualization examples of class dependency
attention maps on the validation set of AVA v2. 1
((a) ground-truth; (b) class dependency attention map ;

(¢) 10 x 10 subset of the attention map)
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Table 5 Experimental results of different methods on
the validation set of AVA v2.1

LT mAP/%
ACRN(Sun%%,2018) 17.4
VAT(Girdhar % ,2019) 25.0
LFB(Wu%,2019) 27.4
Context-Aware RCNN(Wu %5 ,2020) 28.0
SlowFast(Feichtenhofer 4%,2019) 28.2
ACAR-Net(Pan%$,2021) 30.0
LSTC(Li%,2021) 30.0
IGMN(Ni %,2021) 30.2
A3 31.0
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