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Abstract

Weakly supervised temporal action localization uses video-level labels, and does not require
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high-cost action instance labels. It has important research value. The difficulty of weakly super-
vised temporal action localization is that the foreground clips in the video are confused with the
surrounding background clips, making it difficult to obtain accurate foreground samples for
model training. This paper focuses on analyzing the difference between background and fore-
ground clips on the temporal class activation sequence and proposes a consistent contrastive
sampling network. The network uses a multi-headed attention module to enhance action fea-
tures. To alleviate the problem that foreground samples are disturbed by background samples,
the network designs a random strategy to sample confusable samples to learn the proposed dis-
tribution of foreground sampling. To facilitate the convergence of the foreground distribution,
our network jointly considers multi-stage foreground sampling rules to design multi-stage con-
sistent sampling modules. In addition, to address the problem that foreground and background
samples in the foreground and background transition regions are highly similar and difficult to
distinguish, our network designs the contrastive sampling module. Our network jointly consid-
ers multi-stage consistent sampling to select hard foreground samples and uses contrast learn-
ing to refine the features of hard foreground samples. Experiments on THUMOS 14 and Activity
v1.3 datasets show that network achieves the performance of existing weakly supervised tem-
poral action localization methods.
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Figure 1. Foreground duration and foreground clip sampling strategy
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Figure 2. Consensus contrastive sampling network
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y =[y;0] o X TUILEFE N NP B, BTSAT 9 BN 2 T+ 508 AT SSbm e A5 7 Ae 20 1952 X
CEE

1

L =2 2 e P (16)
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W SAT AT R T Sl AR B I AF £ S A B 500 C A BIE N O &, B C+ 14
FC N 1, HERAT MR CICAE v =[0,1] « BISAT AT RSO E SAR e M SRS 2
58 SRR«

Q“*%Zéﬁh?ﬂh 17)
IS S TR 2 T8 ar s A BRI AAE S B R Bldn, BhKAT NABOK & 5 55 B2

Ky, Bk, 7RG RBAMNOCRNTE SR, EMATSAT ARG Kl s e R R
PRACANT SRS 70 (1028 SORFHR -

L?:‘%QLZZWPmﬂc (18)

SiF bb i o T OCAL R 3 AT S BREAR . N TR IR RT SoAE A, FRATTA R 3 T S 4R & TP ik A YR

A, MNEHRATFES P ERBFIEGEEA, MW EE RESFIEFAGER. N TARMELS SRR, AT

MHEEE SEESPEFENFEAES, WNHRYESESPIEFIEMFEA, MERRTRE S EENHIEEAR,
AT R AR 2 18] B HE B R H A AR A, R R A SO 5 52 2 S A AR 1 3o B i 2k

EXpLLK } e gcon
Iossm”(q,r*,r’)::—log - (( ) wm// ) - (19)
eXP((".) ’ r+/0con ) + Zkzl EXp((r.) : r_/‘9con)
s HYBL, EE AN TR RO AR B O B 4 PR X AT SRR AR A TS AR AT AN A, A
Ioss?ixEAr_XEB(n,r*,r’) if -~ X"
lossS (1, 1,1 ) = W (20)

con + - H HB
loss X%(mr,r)lfﬁ~xw

EFNEL DR IPS SN TENIR SR
11
L = _§ﬁz 2 loss (21)

MNGRE G, BAVER AT k N B 0 RBNALSAT 250 . AT BT K TH0H0 5 25 R 2K
SIEAT I FRAT N AL . ST FZAT N, AT KT A BERE I A BAE ki B B . iSRRIk F BYH
FREAAT NI . R ARSI G SR nS, RRREEAI AR, REEE A B E S SR
4. I8
4.1. BiEE

SEEGR A THUMOS 14 4R 4E[18], ZEFRE S ST 24 AN/ 20 A FAT MR Hrhi)ilgk
LA 2765 N CEVAR AN, IS 200 NSRBI, MRS 213 N ARBEVEIN. X+
AN FEBIVE EAATSs, R BRIIEEE TN, IR EE AR

SEIG [RS8 A ActivityNet vi1.3 #¥E42[19], HrhlZigE 10,024 M4, WUESEA 4926 NS, T
REFH 5044 MISR, L&A 200 M7 R FHNGEMSH TINZR, 6UFEERH T,

4.2. TENFRE
A ActivityNet B 5 AL E X I R 3R E AR5 7335, PRl A SO R RO . HAR SR,
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{5 FHAEAS[E) I 18] 22 3 EE (1oU: Intersection of Union)BI{i T (T X5 FE 24 (mAP: mean Average Precision)
VE RPN bRt o

4.3. SEREYRTS

W26 FHAE Kinetics 258 ETRIZRIY 13D BEALSREUCIAIFAE . A SCE A XS 13D FHAEFEAT I . P
ANTLRVRFELE B 72 10240 Je$EBUEH TVLL 5k, 16 RGB WG F# &K o 5 B 015 4L 16 ifE
=B NE] 13D M4, THUMOS 14 ¥R SR FE 750 v B . ActivityNet v1.3 dfs S0
Ff 150 N Bte 2 3kiER SISk EE Dy 16 MRAENT LL2 S [15], i KA, NERRSHCH 3, K
MRS HON 6. FEARNRFESE 5 BECEEAR G . THUMOS 14 SE4E 16 LA, BN
DX 3 R HERE A PR SRR B0 S 23 AN, TTERRE AR R AE B 93 4~ ActivityNet v1.3 HdE 82 (1 6] LR AE
rh, BRSO U DX R R AR SRR 4 4, FEREAR IR EE Y 6 > IXERT SUREA 2l
WX KA S S A — B R A c . SRR S E N A" =1, 1P =05, 1 =05,
A" =5e—-3,

FEI AT AEALE RS, THUMOS 14 s S s K BfE A 0.25, R R VP A AAAE 2 A~ K T
BIME 0.25 MIZEAIBE IR A H . ActivityNet v1.3 FHESE A RME N 0.1, Wi B8A K T BIME R 285,
AR 53 f =i 200 o T B mAP B, THUMOS 14 8 4548 2 A v B 8118[0:0.15:0.015] , ActivityNet v1.3
¥ S8 2 A 1 BUR {8 [0:0.25:0.025] o A 00 H (1947 g I 8] B agE AT R AR A1), B KA 00 1) £ 1 A
0.7,

A SER BT SR H ) PC HLBC & 4 Intel Core i7-5960X. CPU 3 GHz x 8 cores. RAM 8 GB, El&&EFKH
1 5 NVIDIA GeForce GTX 1080Ti, Linux16.04 #fE&R%5. BRI % JHELEN pytorch. IZREfEH Adam
WAL, 3% K 10~4, BUETER 5x10-4. 5T THUMOS 14 %44, & BLiilZk 200 4~ epoch,
AL BE RN 160 %5 T ActivityNet v1.3 ##E 4, SANHr Bl Zk 200 4~ epoch, YIZRHHILALER K /Ny 512,

4.4. jERESELE
4.4.1. RS HRHES LR

Table 1. Results of different sampling strategies on the THUMOS 14 dataset
F# 1. TRIFAHRIETIE THUMOS 14 BiRERLE

mAP@IoU (0.5)

Baseline 32.6
Baseline + %3k = 7] 33.9
Baseline + Z3kitm /1 + X HRFE 35.6
AT 7 ] (R S 36.6
+ 2 TR REA R S 372
BEATLR A S v H b 22 0.05 0.1 0.2
A 23 ) BE LR AT S 36.1 36.6 36.3
+ 7 R IR FE A K BE AL RAT: S0 36.7 37.2 36.8

RL T LB, BREN BN LT, AFRSRAEHIR K mAP@IoU (0.5), RIFE loU
N 0.5 I mAP 455, iR#EE 1 T LLEH, 1) baseline+ 2 SkiF & J1 2 48 18 FH £ Skid = /11047 NHFIE . 1%
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RFAESR Pk RO 1) 1R SCHRFAE,  BERS B2l (0 58 BT SRR AR IO HIR BE T 0 2) 24 SCAE AR AS 0 il FRO R A 3
WS, BEMS LBRES > SAT ORI RAIALST, T SCE B ER . 3) LT 5 IRVE FEAR R FESRIG I, X
B TR A S AL RE S A R BT FEA, AR AL 2 S0 S IR AR A IR AR 5 OV 4) IR
A BEALRAE S, 33 5N BEALER RIS AR B REE . w0 Z RN, MR FEAS
REFEBERBUN, M7 ZEORN, HXME D FEARRERFEBEREOR. A2 0.1 AT ORI -
5) SEIR A SR UF I S0 5 A2 S IR IEAEAS (O BENLRAE SRS, AN 0.1. BbAh, EMIFRIFREZT,
Gyl AEA BEHURFE SRS 25 2R, LRS- 4 A REATLRAE S, X0 W 5 BR i o FEAS BE G LEAR Y B
FAEFVRIA T (520, AT 0 i A0 AT AR RE

442 ZENERE
24T PERBENLRAE SN, bR EZE Y 0.1 TEBLR, S8 1 Y BOASEI B (] 5 AR 1 S A6 4

%2 W, 1) FEARAS ] U BEA LR BE SRS, 45 RBES Convl, Conv3, Convb fKiIA#m . X il
I HES G RUAZ I, HELAE R IX e B i) B R 30, X T Is s B WA RRAT N, BHEHEFRIRE. [
I, Ul W S A AR — BB RSN (8] (AT R B SN [RGB RUZRT,  Be s itk B RVE H 1
WFTE]_ERSC, RERS IR AT RIS AR R, AR T RIS P Xk, 2) 24 Conv?
IIMBI L g5k h, 45 RBERCR R, X2 H T Conv7 Al TF SEKE (] B 9 O TRINAR G AR 5], 3X 25 5 %) JeAE
TSR KRR BRI (R B A AT NREAT R F . 3) 1E D IRIEREAHIBEN LR AL SEME o, S i ) 20 I [ i 15 SRS
#& Convl +3+5, [AIFE Conv7 x5 R RREEIN A1 4T A B iR A o

Table 2. Results of different temporal convolution kernels on the THUMOS 14 dataset
% 2. FREIFTEEFRAE THUMOS 14 BIREMLER

mAP@IoU (0.5)

AN ARAT 23 4001 ) B L RASE SR T R E P A B BATLR A SR

Conv 1 36.6 372

Conv1+3 377 383
Convi+3+5 39.1 396
Conv1+3+5+7 38.8 393

4.4.3. ZMEBR—HMRE

Table 3. Results of different execution phases on the THUMOS 14 dataset
& 3. TEHITHERTE THUMOS 14 HiRER LR

mAP@IoU (0.5)

PATH B AR AT 73 H ] () BE L RAE S GhIRHEFEA B BATLRAE S s
1 39.1 39.6
2 40.7 413
3 41.9 425
4 42.4 43.0

3 g TR BRSNS, SRS 0.1 WL, Conv 1+ 3 +5 M=, AN
BrEcai R & 3 IEARECN 1 RoRPdT — s BN LRAE . A AR EOR T 2 I, A EREANEY
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Bollrsgiin, HIEHTIRA B B S Rt AT — SR pE . 38 3 AT LA, PIMBENLRFE SIS, 354K
H L, 2, 3 WARIKIER R XU IR SRR b, RERUF I BRAT A 54T 9 TR AL
B, OR B IR A RESE AP MBI S A0 A . BARIREL 4 ARV TS, BB TR E .

4.5, FEEsoIe

Table 4. Results of state-of-the-art methods on the THUMOS 14 dataset
= 4. MAFFEE THUMOS 14 BiiEsEpst

mAP@IloU
Method
0.1 0.2 0.3 0.4 0.5 0.6 0.7
S UNEWIRTS

P-GCN (2019) [8] 69.5 67.8 63.6 57.8 49.1 - -
TadTR (2022) [9] - - 74.8 69.1 60.1 46.6 32.8
ActionFormer (2022) [10] - - 82.1 77.8 710 59.4 439

9 MEITE

BaS-Net (2020) [20] 58.2 52.3 44.6 36.0 27.0 18.6 104

DSSN (2021) [12] 57.8 49.7 41.0 323 224 - -
MRITD (2021) [14] 61.2 55.5 47.1 385 29.7 20.1 11.5
ECM (2022) [21] 62.6 55.1 46.5 38.2 29.1 195 10.9
A-TSCN (2022) [22] 65.3 59.0 52.1 42.5 33.6 234 12.7

MSA (2021) [23] 65.5 58.9 49.1 40.0 314 - -
CoLA (2021) [15] 66.2 59.5 515 419 32.2 22.0 131
AUMN (2021) [24] 66.2 61.9 54.9 44.4 333 20.5 9.0
TS-PCA (2021) [25] 67.6 61.1 53.4 43.4 34.3 24.7 13.7
ACM-Net (2021) [26] 68.9 62.7 55.0 44.6 34.6 21.8 10.8
ASM-Loc (2022) [7] 71.2 65.5 57.1 46.8 36.6 25.2 134
RSKP (2022) [27] 71.3 65.3 55.8 47.5 38.2 254 125
P-MIL (2023) [28] 71.8 67.5 58.9 49.0 40.0 27.1 15.1
CASE (2023) [29] 723 59.2 37.7 13.7
DDG-Net (2023) [17] 72.5 67.7 58.2 49.0 414 27.6 14.8
PivoTAL (2023) [16] 74.1 69.6 61.7 52.1 428 30.6 16.7
RSC 74.5 69.9 62.1 525 43.0 30.8 17.2

4 T THUMOS 14 B4 EBA R4l B 5iEm 4 ). Transformer B 747 NG 5
(TadTR) [9]75 FEAT A B2 [RI AL B R 43 BT i [RIVE & 7. 474 Transformer (ActionFormer) 75 i£[10]967E T
% B Transformer S22 2] AHHIE . A B 5L B E G SR N TARC A &, M DUS 2054 i gbr i
AT I
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F A HT THUMOS 14 $ifla4E R 33 MBS 745 5 . CoLA J5ik[15]5eE T4 b2 > R Al AL TR 3 47
NHFIE . ARCTT1E7 R 2 i E B ATAT MR . MeAh, AR SCT715% 5 5 IRIEFEAR I BE M LR A 5% (RSC),
I8 P8 — B RAFE RIS AT AR AR, MM EH CoLA J7i%. ASM-Loc J7iE[ 7175 EAT 2 18] (1
2K FR o ARSI 2 Skik B 15 FeAT NI TR I TSGR, 525 18 2 B B — B5CHE SRAE AR R A SRR
AT NHEAE, T ASSC T VR ASM-Loc 7572 . DDG-Net J7VE[17]7% & BB 5 8 B AR §EmT . 2452
FEZ W BB RFE S, AR SOV DDG-Net J5i%.

T 54T ActivityNet1.3 34 155 B VA BI85 B o8 SARSE AT A2 55 W B U v e ) S 1) R
R AR HT AR A T ERAS T RIS I 7 sl A 2 L 45 5 CoLA [15], UGCT [6]. ALy 2R — ik xt
FERBER AT T SRR A, ke I R B TR 28 40 M 1) 58 M B U7 v

Table 5. Results of state-of-the-art methods on the ActivityNet 1.3 dataset
= 5. MAFETE ActivityNet 1.3 BB R

mMmAP@IloU
Method 0.5 0.75 0.95 AVG
BaS-Net (2020) [20] 345 225 4.9 222
DSSN (2021) [12] 34.3 210 61 215
ECM (2022) [21] 36.7 236 59 235
MRITD (2021) [14] 36.9 241 56 23.7
TS-PCA (2021) [25] 374 235 5.9 23.7
ACM-Net (2021) [26] 37.6 24.7 6.5 244
A-TSCN (2022) [22] 37.9 23.1 5.6 23.6
AUMN (2021) [24] 38.3 235 52 235
RSKP (2022) [27] 40.6 24.6 5.9 25.0
ASM-Loc (2022) [7] 41.0 24.9 6.2 25.1
P-MIL (2023) [28] 41.8 254 52 255
CASE (2023) [29] 432 262 6.7 26.8
PivoTAL (2023) [16] 45.1 282 50 28.1
RSC 45.8 28.9 6.5 29.2

4.6. AT AR

P 3 2t T PR BEHLRAE SRS K 2 B BUT R ILEE R AEFHERRANER T, 2 R — M7 il
AT i TR AR, AEARAS A BEALRAE SRS A5 2 B BO L 7 —MIRAS 20 A B T skbr
Bz A BRI MERN RSN, IR FHEATINER . 2R B ah Ry R IR RO S
HEIHERR . ASCARAS 2 0 RAE S, Sl B S AT B RIIRE D REAR, RAILZFEALE A L 540
BRAT BOASCAE, MTIAESE 3 BrBUkth T — DA A AT . 72 5 BB FEABEHLRAE S b, (R I
BRARAS 2 M A3 0 FEAS, ORARAL WA AN AR TESRFEA KR R 57 #2258 3 B BU, S IR FEASBEAL
RIEEFRMGIIEE R, FERIVBHACIS AT AR R, R BR T AL BRI, XA 45 R B8 3 SGuE 4Bk
HREIAT A

DOI: 10.12677/csa.2024.142019 196 R HURLE 5 R


https://doi.org/10.12677/csa.2024.142019

W R, S5

ANIHrid

BEALICAS 73 3B 2B Bl 5

BEHUIRA 2 REE S, 3BT B EHREI

___AA .

SR LS REACT RS, 2 B A

B RIEFEASRAT SRS, 3EBah il I 117

Figure 3. Multi-stage action proposal results with different strategies

3. TR Z M ERIT IR R

5 B&ERE

AR — BT ERATE I 28 H T 95 W B IS P BV E e A7 o 122 X 28 3 3 23 17 i) S5 AN TS S5 I TR) S0
B 2R, BB TR A0 AT SRR, SREM TS B P el i, AT SRR T SOREA
TP B AT T DU FP R KA SRS, 3 R ARAT o S0 (R A SR B, 2RI FEAR KR
FEAERE, ARAS o NI I BEAL KA NS, A S RVERE A I BE L RAE SRBE o O 7 ARIEERT St A IR, %M
EIREF R Z I BT SCRAERUN, BT 2B — SRR . b Ah, B SN T S v X
FOREARIT SAEABORARL, S DA A (0 1) 8, %28 0T R, JFECA B2 M B —BMER
FE, T2 H R HE R SRE A, 48 R OGE bE 27 23 D0 A R M 71 S5 RE A B ARRAE - £ THUMOS 14 AT Activity v1.3
AR FISRIR UL, B TR IEFE A 1 BEALRAT: SR B 0 BT SR AR SR BN T2 A R
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