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Temporal proposal optimization for temporal action detection

Xiong Chengxin, Guo Dan, Liu Xueliang
School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Abstract: Objective With the ubiquity of electronic equipment, such as cellphones and cameras, massive video data of
people’ s activities and behaviors in daily life are stored, recorded, and transmitted. Increasing video-based applications,
such as video surveillance, have attracted the attention of researchers. However, real-world videos are consistently long and
untrimmed. Long untrimmed videos in publicly available datasets for temporal action detection consistently contain several
ambiguous frames and a large number of background frames. Accurately locating action proposals and recognizing action
labels are difficult. Similar to object proposal generation in object detection task, the task of temporal action detection can

be resolved into two phases, where the first phase is to determine the specific durations ( starting and ending timestamps) of
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actions, and the second phase is to identify the category of each action instance. The development of single-action classifi-
cation in trimmed videos has been extremely successful, whereas the performance of temporal action proposal generation
remains unsatisfactory. The phase of candidate action proposal generation experiences time-consuming model training.
High-quality proposals contribute to the performance of action detection. The study on temporal proposal generation can
effectively and efficiently locate the video content and facilitate video understanding in untrimmed videos. In this work, we
focus on the optimization of temporal action proposals for action detection. Method We aim to improve the performance of
action detection by optimizing temporal action proposals, that is, accurately localizing the boundaries of actions in long unt-
rimmed videos. We propose a temporal proposal optimization (TPO) model for the detection of candidate action proposals.
TPO utilizes the advantages of convolutional neural networks (CNNs) and bidirectional long short-term memory ( BLSTM )
to simultaneously capture the local and global temporal cues. In the proposed TPO model, we introduce connectionist tem-
poral classification (CTC) optimization, which excels at parsing global feature-level classification labels. The global action-
ness probability calculated by BLSTM and CTC modifies several inexact temporal cues in the local CNN actionness probabil-
ity. Thus, a probability fusion strategy based on local and global actionness probabilities promotes the accuracy of temporal
boundaries of actions in videos and results in the promising performance of temporal action detection. In particular, TPO is
composed of three modules, namely, local actionness evaluation module ( LAEM), global actionness evaluation module
(GAEM), and post processing module (PPM) . The extracted features are fed into LAEM and GAEM. Then, LAEM and
GAEM generate the global and local actionness probabilities along the temporal dimension, respectively. LAEM is a tempo-
ral CNN-based module, and GAEM predicts the global actionness probabilities with the help of BLSTM and CTC losses.
LAEM outputs three sequences. Starting and ending probabilities are found in addition to local actionness probabilities. The
crossing of starting and ending probability curves builds the candidate temporal proposals. Thus, GAEM captures global
actionness probabilities, which is auxiliary to LAEM. Then, the local and global actionness probabilities are fed into PPM
to obtain a fused actionness probability curve. Subsequently, we sample the actionness probability curves through linear
interpolation to extract proposal-level features. The proposal-level features are fed int a multilayer perceptron) to obtain the
confidence score. We use the confidence score to rank the candidate proposals and adopt soft-NMS ( non-maximum supres-
sion) to remove redundant proposals. Finally, we apply an existing classification model with our generated proposals to
evaluate the detection performance of TPO. Result We validate the proposed model on two evaluations of action proposal
generation and action detection. Experimental results indicate that TPO outperforms other state-of-the-art methods on Activi-
tyNet vl. 3 dataset. For the proposal generation, we compare our model with the methods, including SSN ( structured seg-
ment network) , TCN (temporal context network ) , Prop-SSAD ( single shot action detector for proposal), CTAP (com-
plementary temporal action proposal) , and BSN (boundary sensitive network) . The proposed TPO model performs best
and achieves average recall @ average number of proposals of 74. 66 and area under a curve of 66.32. For the temporal
action detection task, we test the quantitative evaluation metric mean average precision@ intersection over union ( mAP@
IoU) . Compared with the existing methods, including SCC (semantic cascade context), CDC ( convolutional-de-convo-
lutional ) , SSN and BSN, TPO achieves the best mAPs of 30. 73 and 8. 22 under the tloUs of 0. 75 and 0. 95, respectively,
and obtains the best average mAP of 30.5. Notably, the mAP value decreases with the increase in tloU value. The tloU
metric reflects the overlap between the generated proposals and the ground truth, where a high tloU value indicates strict
constraints on candidate proposals. Thus, TPO achieves the best mAP performance under high tloU values (0.75 and
0.95) . This result validates the detection performance. TPO generates accurate proposals of action instances with high
overlap on the ground truth and improves the detection performance. Conclusion In this paper, we propose a novel model
called TPO for temporal proposal generation that achieves promising performance on ActivityNet v1. 3 to resolve the action
detection problem. Experimental results demonstrate the effectiveness of TPO. TPO generates temporal proposals with pre-
cise boundaries and maintains flexible temporal durations, thereby covering sequential actions in videos with variable-length
intervals.

Key words: temporal action detection; temporal action proposals; actionness probability; connectionist temporal classifica-

tion (CTC) ; convolutional neural network (CNN) ; bidirectional long short term memory ( BLSTM)
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I 7 SRR, 72 58 B B L0 _E VIl % BLSTM LI
PRI A5 R, S B 0 O M AR T 4% 1) 300 AR
RN 3 4 o 1 TIUI , 2 i A SR B 04 3h 7R
A 1 DX IR AT 5E A ¢ 08 DX IR A B A 2. K 1
Fe7s AR SCHR i TPO ) 28 5 7 1y 3 4> 32 238 )
N Jry B B A A 5 PF Al A B (local actionness

e e e

evaluation module, LAEM) | 4= R ShAEHE R PEAL A5 B
(global actionness evaluation module, GAEM ) 15 4b
A Bt ( post processing module, PPM) , LAEM #%
Al SR A 1) J ¥ IR R AL, 0 0 DAl A AN I
AL B 2 5 (FE R Sl RS I s N2 o ) A8 A
E R RREAS, TR 41 20 A 50k 1y 3k ok ik DX I
GAEM H e Jgf $2 0055 K 1) 5 510 v A b e 56 Bk e
PEAGALAT b B4~ I Py 62 I Bl AR 8. PPM AR B
A4 T LAEM #EH0RT GAEM 455 He 10 Y 3 18 HE %
o2, Al 1 i 8 X 1 R AE I X i 3k
PEATHER

______________________________

RGB ;’ DR TR ARME (i e FEALSBUAPPM
s | | i | [ CONV, (3123.ReLU) [ IR 2 | Rdtocooooooas SR o
X H N ey 1 HER — @ ® 1
{[ CONV,GI23ReLU) |, ol | - R
LY TS : igmoi A7 22 ,‘;I Fa i
1 HOCH AL : CONV,(3,1,sigmoid) I_ A g;‘: i - 1%{@ . i
{— ' p— I ¥
1 [ ] 1
MPY P s mommmmemmoenees T a— ===~y Kl e | |
' : l c}l Uz‘ ﬁmwwmzﬂim‘]ﬁﬂiGAEMi : i 250,49 & i
1 I Rl ¥ A |
- f | "BLSTM HTC] Qo0 2RI AT | roes o] =
,}i"L 'Y b e o= |
w =>| PR LA FeAf o Pl o |E] 1092 [N &
< £ . 1 I ° ﬁ :
e oo e emee e e e emenmenns [ \bmowprisien
K1 TPO P28 A5RIZ,
Fig. 1 The basic architecture of the proposed model TPO
2.1 BEEMETNER LAEM B P IR RAEIC SR P W P HR R BT A DALY
B A% SO IR M 4 ( Simonyan il Zisser- S sBERAHA AT 0.5 x P {15 AT (46 45

man , 2016 ) £ Ay 457 AF 3 U , K5 S LA 6 46 Ay - B
BHFFIEIFS) F o= [ f1 L Hob T O E K B,
MW IR %EN G = (R, C,), Hi, R, =
(ro b B ESL BRI 2 AR, C, = et
HEE S TIRRES, N U b 345 Sl i Bk
) B AR R I ) 0 B A e, e, )0 UK,
& 1 ik, LAEM #idhy 3 4> 1 e BUR 4R, i f
BRUZHIE KN 1, BRI 3, 3, 1T
T2 R0 512, 05 — 2 m e 3, 43 5%t
E Y 3 SR 2. BRI, R TR
2% CNN, LAEM K B 08 v B4 12 =) 5 R AE 1L
PEMT R 3 R 2R AR 2k . 1) AR 1
SRR Ps = {p) |11 52) P 10 45 A 2R il
L Py = {prl]53) LM SERE R L P =
[ 1, BRI TSR

RIGE A RER PSS RBER PS5 0853 558
i 45 M2 DL 0 4% 11 45 00 1 30 DX S S A 1)

BUR AR LAY 8 o FREZR AR AT ST AR Blfr A
WO B By = (o, )i, I FREA P
B B o 2) 4 IR RIRE I 0 5 A5 R R i X
AR BT LR B = (1,1, ) AP
FT AR . 3) B IG 7 B AR B RNZE A E AR
BRI SRS e R 0, - 1, > 005X
Xof FE Gy 5 RN 2 AR A AT DA B — A BE X 8, e P
SRR I 3k XN o, = (1, 1o, po, pe) s L
A 2,43 )2 B B[] A5 RN &85 SRR R] 55, p, A p, S
TR USSR 45 B FE RS AR R R i 28 P RN 25 AR
Mk Py 1 ShERESRAS )
2.2 £RIEMEFRAELR GAEM

GAEM HEHCR F A ) 41 24 i 22 X 28 BLSTM >k
XTI PR B 74t o LSTM 7 s E 51 (Song 45,
2018; Xu %, 2019 ) F1 2 7 Kz Ml ( Singh 4§, 20165
Soomro 45,2019 ) S5 AT 55 v & A AR 4 (9 3% 8L, 1M
BLSTM AJ LA [m] s ) FH 4o 2 B 220 0 >k s 200 5 A~ 7
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) _F A 8, DRI RE 08 v i A B B I 301 b g s
KERYE, WA 1 PR 76 BLSTM J5 3% 4 4 i 432 2 Al
sigmoid JZ , I 5| A CTC O AL 7 i KA e b iy 155
W )37 5, DASRAS A~ I P A6 B 75 BT A s VR 2801 1y
HrE AR R b T CTC (Cui 55,2017 )
Tos WX R 55, AT 3 25 B ) 48 PR AR i
B, DT T 42 A HS e ROARE 238 1) o 90 28 0 T 4
CTC 5| ABFFF S E I ] &, M\ 4 Jay B 3 A AT 14 £
i SRIBOCHARIE S F o= {f,}] St shiiEd
SIF ) (hR%E) C, = e, 1), Z a] B X R ) L,
GAEM #EHU 5 i Py = {ph |- 2N A
BT A ShVEZR ] py b [R5, FRd Py B4y
SERES M 2, SRms R AR AT LA 3
1, B Py BRI (L + 1) x T,1 RRaEH
KOHE R NS, T KRR PR, X
THRAWFALE ¢, EFHAE L A0 E i i e
IHVERSERE ARGy i, B pf = max(Py) o KAl
SRS VE R R i 2R Ul PS = pEl L B P =
{max(Py) |0 30 v, MAERTIE] ¢ WL o it
IR

AT X SRR RN 7 WG mel,
8T TE5R ¢ BP0 . WA R — 45 B8 A% = 1)
A A 1sF 200 SO0 000 381) 6k 107yt 10 ABE 3R ) 34 fe
R Ep

T T
P(ml F) = [[P(m | F) =[]y, Ya el
t=1 =1

(1)

GAEM A Ex P(C, I F) @4, (1) F

St AR ASRRRAE , C, 2 B AR P91, 10X 55 75

5 CAFAEZ X — BB G2 UL 21 H 471781 C,
HIMERE T A B 12 o IORESR Z 0, R

P(C,I F) = Y P(xlF) (2)

7B I(Cy

X, (C) I F 3] C 1T 45 4 55 05 2
L N THENMAF, A Bl C, 1 5% 1%
Higm, B s KA P(CVF) (1 A2 By
fiff A7 B AR, A SCHU B R AR FE B AR AR O & ] I )y
J¥ 3,
2.3 jFAIEEL PPM

PPM Bl 7 GAEM 3Rl LAEM 235
W) ZNVERE RS 2 i 2, A 1 i 208 IX B 0] )
fiE, FF R e X S T E R AL B o

2.3.1 PPM gy TAERFE
PPM i) CAERAR AN T
1) GAEM Sl 4 4 7 I 747 8., LAEM #523
TR AR ALE P L, PRI 5 TT LA e B 3
58 PPMBEHR U B 05 P 2 B 1 R A A3 1Y) 3 1
BERMZ Py = (L AP = (pfl L RIS
JE SRR P BAR
P, = %(Pl"‘l’f)/z%tll (3)
FUH py RN AR SR TS I 1 S8 I 1 7 B 7 o
5 SRR, py s R 42 R ) e £ 2 U i)
TER AL E ¢ A5 SITERIAEER
2) MU AR S E AR % Py A0 2. 1 19 gk
IBUA A0 26 D3, o, SR A X I RN RRAE f, 0 LA
O TR ¢, = (i, t., p,, p.), HXEK
fEd =1, - 1o ESGRIGXI r, = [0, - d/5, 1+
d/5 ] ERIXIr, = [t - d/5, 1.+ d/STRIGLIX
Whyr,= [, )0 RIGTE r JEE N DLZMEAG (7
Xf Py AT RAE A SCILIRC 49 NMEfE A . 8 T e
A A Fe 1 SOIE L 78 r A r ST N
RAE 25 A RAER LA o SRIGXS £ f AN f A L
4 AMER T IE, Fe 2R3 3 A ) i i Ok P
AL DI A AFE B f = (fo s F) o
3) R DX I B RFAE 08 A 22 T2 R e i Y
(multi layer perception, MLP ) £ 3t 3¢ PE Ak 45 i 16
L o, (B E R poe LI AMIETE o, T L)
TN P, = (1, 0., Dy Py Peot) o IHT 0. F 0,02
B VE 321 5, p Ak MM A 34 119 2 T 7 S s MR 3Rt 2k
Py A543, p. 2 A 35 1Y) 45 R e 7R 25 O A8 il 26
Py IR IT ,p oo BN L 1Y B AR AR 70 0 IEI 3%
T e X 5 o, HIMEZRA5 534
Pr = Dot Pe Peow (4)
A P A5 B py e X S B8 W, =
P 0, 2, @ RS IX A Lt
4) & H soft-NMS ( non-maximum suppression )
(Bodla 55,2017 ) 3200 fe i XA 70 A T AL 2R, 52
B DI ) B A HE Y o AP BRINT < B Ak
W eI O K B o, XTI A
TR e D o B S o T SR N T
BB X I, soft-NMS $42 2 Hr g ok 2R 50326 U1 3
PR R A, b s R B A IR
iou (¢, ;) < 0

, P
P = { iou(y, )2 (5)
Prit € iou’('lln"/’i)z =0
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A, e BT RBSHL, 0 J2 5 JF L (intersection-
over-union, ToU) B{H , iou (4, o) F P X [0 HY3E
KSR R

S)AE FIR T 5, 45 B b5 B0 A e i DX
I BB o, AT ARERIR o, = (1, t.,p7) 2P}
PR I B 245943, B T PEAG BV i Ja IX
A AT 5 I AR B B DXCIBHE Y o S 1 PR I R B A
ISR , $ BB 491 ( Lin 58,2018 ) , AR SORE A Y
e XI5 Xiong 55 A (2016) f 73 BB RIAHEE 5
BRI S, Gt UG 70 d5c i i 2R 5045534 p.y s H
TP I 3 SRS U 1 RE A S A2 R R A5 7 i ot
X W)

Pr = Pi* P (6)
Ao, pi Ay B A i 42 e 2 (5) Ab B S ) AE R
1351
2.3.2 AL R EL

A, B R A R SR ] LAEM A5 2 A

GAEM #7525, B
L =Ly + Loy (7)

T, Ly F Loy 7351 0 LAEM BT GAEM 45
Yty BAReR AL, L X PR 4 1) S AR R Bl B
SRR SR F T XSRS A FFAE f , F1 Xiong 55 A
(2016) {73 AR AT 43 28 BEARY R ] MLP {5
Ak B A BRE Ly 2K U S5 I 300000 46 2 DX 3887 515
857

1) LAEM B i, b 7528 LAEM itk
rh s B bR 2 ) D0 Ak BRE, AR SR Bl A 19 30 bR 4%
R,= {r,, 0y =147 P . XtFafEXE r,,, 5
SERFEIN d = 1, - b, o BCAR TR AT AR B
E X r, il S ER G X r, = [, -
/20, 1, + d/20] FHEL RN = (1, -
d/20, 1, .+ d/20 ], BLAM, X FAREEPALE ¢ e
o WS K 7, 0B K A Cintersection-
over-anchor, 1oA) I iE WLl T84 p2, s Horkr
ToA {ELE SRS IX ]SSR BE S B 77 & ¢ i IX
FEE R e fE . A SRS R 28l P, =
L e b, A TR, 7 FAE R
W B 5 EEAS PO E ¢ 5 ToA {8, 5 2| s fEE
WIS Pos = {po, b o RS RA MR % Py, =
P e

LAEM #EHu s i 3 24 P PoAI Py,

L Py P T P TR MR BRHCE X
Liww =2 X LG + LI + L7 (8)
R, Ly J SRR LA X

L
1 « 1
L, = — — b +In(p,) +
bl lw ; (a+ i (P,,)

Lo -b) cm1-p) (9)
o

X p 2 Py P Pyl 2% RO, b — A A R
B, 2Ry

b, = sign(p,, — 1) (10)
K, p, ia Po o Po sF P 126 ERYME, IFLL 7 204
(DR A 25t BB AR 3 e 4 10,1} 1, FRORFEA
KRBT o Ao 3 RERAR SR T BREA
SRR BN T 7 BIREAS S BREAR I LL ] ik s 2
BUEN TP IE AR RS i B, A 7
WHO0.5,

2) GAEM B fb i . GAEM LI shERY
FAEE C, = ol ) ERBREE, I CTC fE2H
M RREICR 0 B A B 7 B SRR 4,
AR

Lren :—lnP(Cgl F) (11)
K, F i AR AE 7 91, C, o B b5 br 25 )7 51,
P(C,|F)FRIETFH AT F WM E] C, i) 51k
o CTCBEr Xf iy A Y50 25 1 7 51 09 Bir 4 %) 5%
T5 AT S A HLR B 8L B A e AT, A5 B 4 )R i
DLt B4 /Bt 7741 .

3) MLP AR 1k bR %, MLP F5030] i 1E X 5 1)
BT EEARIY poons » R TR 2EAE AN SR B, F Ao
YEX IR o, 5 A Sl AR DX R B Sk ToU {EAE R i A~
ik AR 2% p, , BI

L
1 [

Lyyp = N 2 (Peont _Pg)z (12)
train i=1

2.4 ANHE
AT B IR
A PURHEIY O F = 4f ) s 4

G = (R,,C,)
. SR X o, MARRARIER 0 i
1) for epoch = 1,2, -+, E do
2) forwvideo = 1,2, -, Ndo

3) Ry RS VE R PR LAEM B0 1%
MU AR MER 2k P, SR MER L Py, SRR 3l
TERER I P, ;
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4) 4 Jry Sl VR A 38 T B e GAEM 4K 43
CTC iAo A B 1% 235 S 00 32 40 A3 1) 4 J) 3 1 A 48
ik Py,

5) W= (7)—(10) , IHERAN BREL loss,
S AE R I SRR A

6) end for

7) end for

8) LSRR AR AN L Py, Pty ik
£ v,

9) Py= (Py+ P)/2; /P R I3
A £k 5

10) f, = PPM(P,, W,); //PPM JyJ5 ik 3
e 5 DX IR 5

11) p, = MLP(fpl) ; //MLP }y PPM W% )2
JEGNES A e XA 5

12) soft-NMS i e 5w , a5 Ao 15 73 I HET 5

13) 455 0 RRAG B i A SR NS 73 P o

3 KBEKRERSH

3.1 HiE&

1E ActivityNet v1. 3 345 5 F 30 uE A SC AR
AR, CLAE DAL Bl e 28 DX sl AR o A Sl AR A6 1Y)
PERE, ActivityNet v1. 3 Z{4l54E 1 A\ YouTube U
19 994 AR I, 2L 200 DS, X &
3 RN Sk A 3 A4, B by Hesl e ok
50% \25% F125% . BRI 1A ShIES
], d5 22 g 24 SRSV, S1E oA 22 R BUR
AT Y BE D 116. 7 s il 1,579 s, 3%
KA 975 s, - B I 2 /0 A7 i i 36% 1Y)

GE LU

3.2 iFMIEER

X% AR@ AN ( average recall@ average number
of proposals) , AUC ( area under curve ) | 3¢ ] mAP
('mean average precision ) FIAS[A] BF{E T B8 ¥ {H 15
K5 (mAP@ ToU) 55 4 A48 br X A 3CT5 vk #4731
i, BT H R VPA A 7808 A o 12 XS 55, S5
AN FEBRVEAL SE SR AT 55 . AR@ AN PEAl A
[m] 3 e e DI B H  OE B o - 4 A (RT3 (aver-
age recall, AR ) 7] D& fit fis 16 DX 48 A - 35 i
(average number, AN) [ pR %5, F& B8 T il 453 51
(Zhao 55,2017 ) , AJCIE AN 2 100, ToU [ {H 4R

H[0.5:0.05:0.95]; iH5E A B {E T /9 AR, H
AR HMEAE S AR@ AN, AUC R AR@ AN
IR . mAP@ ToU " ffi FIRY ToU B {EL2E
[0.5,0.75, 0.95} , V-5 mAP rpfifi H] 1% 15 {5 5 Ky
[0.5:0.05:0.95],
3.3 RENGE

AR SCH AT LAt ] & DI HI RS B s T F B
FP3,6 BB N 165 A XA B 2% (Simonyan F1
Zisserman ,2016 ) $EILAURAIE ; e f5 , AR 4fE Lin S5 A
(2017) Fi ) Ay 2 M 4 0 180 M AR R IE K BE 52
—JEF) 100,80 7 = 100, 2.3. 1 Y& (% MLP
hy R — 2P 2 JT RGEZ 1 MLP, 18RI 2ot
/1, K F Adam (‘adaptive moment estimation ) f5 % I,
s B U SRt & 16 2 840, Il 25 20 %6,
LAEM 8 GAEM BEHHEATHR 5 VI 25, 9 427 )
YN 0.001, LAEM Fidlfg 7 4627 ) R R N W) bk
{EY 1710, GAEM e & 10 48 27 > 28 5 4]
IHMERY 1710, PPM #ikrh MLP Y] 4G 2 > N
0. 01,7655 10 %89 2k J5 4% 4 0. 001, pEAh, soft-
NMS Fikh S8 e B R 0.75, [H{H 60 X E 4 0.8,
3.4 ZHHR
3.4.1  FERHE I BEAL

Fi AT 5 SSN (structured segment network )
(Zhao %%,2017) . TCN ( temporal context network )
(Dai %£,2017) . Prop-SSAD ( single shot action detec-
tor for proposal ) ( Lin %,2017) ,CTAP ( complementa-
ry temporal action proposal) ( Gao % ,2018) FiI BSN
(boundary sensitive network ) ( Lin £%,2018 ) £ 77 1
& ActivityNet v1. 3 Bffs e b R A7 iy du DX Ak i e
AEXT HESEH, 4 2R A0SR 1 s o wl LI Y, AR SO ik
TEVHNFEFR AR@ 100 F1 AUC Fp 2940 T HoAl 7 125
5 HAW 5 v b R B AF 1 BSN AH L, A SO K
AR@ 100 #7705 AUC 545 M 66. 17 425 5
66. 32, AR HA 7 i [A) A SR UL 00 2% $i B A 4t
FRAE RSO AR GE, o HAl 7k RAH T
BRZ A BRIz B A AR — ) H e B
R —/NBE X, R R T AL 4 R A B
fodert) bR SUE B MAEA Sy 2 rh, LAEM B
BT CNN, i 8 I 1 £ 5 14 Jmg & AR ik w1z, 5 1) ]
Jry BB A 5, T i ok DX S8 1Y 320 S MR R R S AR R
GAEM BEHHET BLSTM,, A1) I Aij J& [al i i 342 50T
Aib FRACRLAT H ) I DI , Al SR ALY 42 ey £ .
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F&1 7 ActivityNet v1. 3 ##E&E FRYAHE X E
HE R EREXTEE
Table 1 Comparison on ActivityNet v1. 3 in
temporal proposal generation
/%

Tk AR@ 100 AUC
SSN 63. 52 53.02
TCN — 59. 58
Prop-SSAD 73.01 64. 40
CTAP 73.17 65.72
BSN 74. 16 66. 17
£ 74. 66 66. 32

T L PR LA 3, —" FOR AR

FEUHERR TN 8 DI SV EE R . B T I ek
X R ER R B AR E BRSSO AR LA S
R LA B HAT T ERR T RIE 0 SR L A
VEIX I, AT LA S s 22 A B 18] B ) sV
3.4.2 W ShEAIIEAY
WAL 5 SCC ( semantic cascade context)

(Heilbron 45,2017 ) . CDC ( convolutional de-convolu-
tional network ) ( Shou £¢,2017) .SSN( Zhao %,2017)
F1 BSN( Lin 4%,2018 ) 45 )57 1 7E ActivityNet v1. 3 %§
Pt b kAT I e 2l A A I BE X L S5, 45 R 40
2 iR, P BIERR PRI LS 923 E il
SRR, BIERE N 0.5 i, RA 5 HL i X [
ISR RN Z LR T 172 Bfesse K3 A REWH) 2
RIEREA; M7 B A 0.95 B, LA EER KT
0. 95 B X S A REBL ) Iy IEFEAS o (R BR ,
7 3 2 PR

2 7E ActivityNet v1. 3 HiiEEE_FRIRSF BNER T IEREXT L

Table 2 Comparison on ActivityNet v1. 3 in

temporal action detection

/%
1o {EL
WiReS SF-34 mAP
0.5 0.75 0.95
sce 40 17.9 4.7 21.7
CDC 43. 83 25. 88 0.21 22.77
SSN 39. 12 23. 48 5.49 23.98
BSN 46. 45 29. 96 8.02 30. 03
TPO 46.23 30.73 8.22 30.5

E L PR Bl a2

M2 W LAE Y, S BE Y 0.5 i, ATk
F1 53 A ERRAR T BSN, BEK A 16 % 51 45 Ji SR B¢
IR, BSN RE % 45y 1 ffy 3t 4 12 Jms B0 1) 1 5 6L, 2
BOEZ 7745 26 PR e ok X3, Y BI{E N 0.75 K
0. 95 I}, AR 3CT7 ¥k 52 LAY HOR A T HAb Y A5 J7 3%
FEORAE TETR L S5 AR/ M F, BSN LR Y JRy 0 B 915
S Bz i B, A SO LSS A T Rl 715
SRRy A R, RE A8 TN B Sy v 1) Sl 1 ik a2k
X3

R B2 P48 mAP SRR A 0.5 2 0.05 ¢
0.95 3% 10 4~ B{E L (9 mAP 94, WA 2 froi, b
B A3, mAP {7 AR

50

N
=
T

mAP/%
[ (9%
(=] (=)

T

S [}
T

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 090 095
ToU

K2 mAP 5 IoU LR E
Fig.2  The relation between mAP and loU

1) mAP ZEA VAL TR RLZEAS [R5 A0 T R
&I, 5 SCC .CDC SSN J BSN %5 )5k AHEL , A
SCHTIE W2 mAP Sy G4 T 8.8% (7.73% |
6.52% 0.47% , Hrh SCC @S RMESY
K IMES SR Z IR R R Mg (H AN T
IMES SEZ [ B 6 £ CDC 2 7E14 48 3D CNN
ekt — R R A — AN TS 2 S8 R
A, PR 25 2 T R B T 910 o 1) B DG B PE 5 SSN
MA—win (5 BRE - RFENELR, ZAdZnt
J¥15 B, ; BSN 52 BR T A FR i CNN Jaj 0 J8e 32 HF KDy,
BRI T AR R BB AR S, BT — R
EER TR A R AT B AR SOy AR T A
LR Je 0 4 AU Wik 07 D 4 SR ) B O IBE M, DR L A
X X 3 5 B S B A 1 5 e FE OR e, B
SR ST ZI B, B8 % 52 B L LAt vk A ASUR
25 F B R SCT7 ¥R e 8 AR R T AR A X
B, AR T SRR I A ROR .

3.4.3 Bk XA R nT AR )

R T 2B R WA SO A SRk X B A

Bk B 3 g5 T AR U v A A g 326 DX 3B AT A
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Bl . 1B 3 (a) B B A 4% — Beshi VRS 4o,
SRk T P 3 (b) BB & T 2 Bl
VRS, ShVERIE T e . AT, Wkt s 1 i 3l
VRN BEHR AR ECBCA R0, T it e sl 1 MR
BN, B DGR BT, {15 15 B X LAl 2R 8k A
o FRERIRM], AR SCTT ALK AR 1) AR A

BT 5 SRR R A i X, O HAE A
JERA At XS T ARSI o RERE A i
BAT R R &R, REREAT S5 AR AT G 1 i 1) 3
G Bl DX, mT L I SR A1 AN R B AL
LEAN, 25 DXCIBRCE £ BE A2t )RR B IE 1 AR SCO7 IR 1
g 26 DX 4] 3 _E R AT Sk

P IR 3
] i N H L \ \ i N B
[ Jl’ ‘\{ .1 I L 4 - - : li \[ ti |
A e e 3 ?v_.‘,‘ T : ‘ SeNXE <E : NE
; ful tu! {N o "‘.. ' i Eu: Eu; ru: fu
i 1455:0.69 ;

1350037 :

0.480.55 2.6

B a)/s

v

18.8 18.89

(a) HABNEMpREX THLAL

P C C it
: 1’%5}:0.5] : 4’%5}:0.49 : 1% 45:0.47 H H445:0.58
£ 5016 - 85302 5 L i 845023 i 84019 5
el U | et b e——
48.1 66.3 73.5 82.9 88.6 96.8 103.7 109.9 1164 125.6 "

B a)/s

(b) ZBERE XTI

13 TPO fE ActivityNet v1. 3 ¥l 1A= piU i) fok 1 X SRF: 51

Fig.3 Visualization examples of candidate action proposals generated by TPO on ActivityNet v1. 3 dataset

((a) visualization of proposals in single action instance; (b) visualization of proposals in multiple action instances)

3.4.4 ZhEMERhZAs R rT AL R ]

R 2 BREAR SC T % I Sl VEAS T 7 A 3L
PB4 45 0 T A SO IE 3l M 2 3 1261 F i
SRR R, PR 0 A (8 L R R B 3k
718 T[] 24 JEE b Bl AR A5 o 4K L S0 28 | LAEMASE B

ERU B VERE R 2R P LUK GAEM BEHLA: B 1 3
PERERIZE PLo B4 (a) (b) 205 B3 LS 2
—BUEMESEBIANA 2 B RS IATE Ol . BER i 2%
ERMEARAEIIE O ~ 1 Ju Y, R (M, ROORR
SRy (o B A 5 B A AT RE PR

— P, — P (%3
1.0F 1.0F
%ﬂr 0.5} *;% 051
0 R 0 s
fa)/s I [E)/s
1.0 1.0 |
= 0.5k = 05}
0 AA‘/\ > 0
B ial/s I a)/s
(a) BB TESLH (b) ZANELH]

B4 Bah VRS 2 sh RS0 T i sh R th 2k

Fig.4 Visualization examples of actionness probability curves

((a) single action instance; (b) multiple action instances)
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