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Abstract

Since the weakly supervised temporal localization model has no frame-level supervisory signal,
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the model recognizes action instances at the boundary and is prone to two problems: underlocali-
zation of the action by focusing too much on the most recognized part of the action and ignoring the
other parts of the action; overlocalization of the action by making the boundary of the action ex-
tremely similar to the background, which is difficult for the model to distinguish. In order to further
classify action fragments effectively and improve the under- and over-localization problems of
boundary-hard samples, a two-stage weakly supervised temporal localization is proposed. The
method is divided into two stages. In the first stage, we extract RGB and optical flow features from
the input video frames and design a difficult sample mining strategy to obtain the set of boundary
difficult samples and the set of easy action samples. In addition, we design a prototype generation
module to obtain the prototype center of each action category, and convert the action classifica-
tion task in the second stage into a distance problem between the embedding space and the pro-
totype center. In the second stage, the set of difficult samples obtained in the first stage is input
and a specific temporal class activation map is obtained using the prototype matching module. In
addition optical flow features should be given attention because of their property of expressing
dynamics. In this paper, we design a method to obtain enhanced optical flow features by perform-
ing similarity calculation between the set of difficult samples and the set of easy action samples to
achieve more accurate action prediction for boundary difficult samples. Finally, in order to further
optimize the action labels predicted by the model, a pseudo-labeling strategy is used to provide an
effective frame-level supervised signal for the model. Experimental demonstrations are performed
on THUMOS’14 and ActivityNet 1.2 datasets. The experimental results show that the method per-
forms better than existing weakly supervised temporal localization methods.
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Figure 1. Two situations affecting the positioning effect of weak supervised timing sequence
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Figure 2. (a) The first phase of this paper network; (b) the second phase of this paper network
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FRIRIUR o 2 J5 R o H S ISR 16 MU/E N — DML B A 21 13D 4% . RGB FDGIRHIEL 1T 13D
REOESREUS, i I RRIE 4R AT /2 1024,

B T A (R R BB A BEA [R], AR SCRE N IR BOR B U — K B . 5 5811 7772:(20]
FAIED,  FE N ZRANM AT G B A 5] () RAE e, 7E I ZRE A SO F 43 JZ BE AR BN R Sk ms, 72l A5 FH 2
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B1RFE B FEME o A SCHTA S 568 FH A 4452 B M Intel Core i7-5960X. CPU 3GHz 8cores RAM 8GB. K%
A4 2 7k NVIDIA GeForce GTX 2080 Ti. Linux18.04 #:/F &5t . WAHELL(E H Pytorch IR 2~ > HESL
IR Adam PRACEZES 2% 107, BEFER S x 107*. X+ THUMOS14 $4i4E, #Htab# K/ g
BN 16, —MNEMRILH 4 5, ¥IIHIZE 100 4 Epoch, J&4E8:551E 25N 50 4 Epoch. X F ActivityNet
1.2 BlE, T K NG E N 512, —MNEARILH 10 %, #1814k 50 4 Epoch, Ja8:42ik 04N
20 /> Epoch. SLIRIESHKEW T, o Al g IHES AN 0.5, 025, 0~ 0.5, 67K 0.5, 67" N
81. AR AAEINHINMS) I BIE 1 E N 0.7, XFF THUMOS14 $¥dzE 0, WEN 025, T K 750, %+
ActivityNet v1.2 $E4E, 6, WEN 0.1, T N 100. WRFTARKIEMERBE S BEAE = TRER, %
1593 fe e AR R R0 (R B 251

3.3. xfkbscig

%1 BN TIEMEHESE IO LESEIR 45 . A SCRXT L7 VE E A RS —FaR IR, 54—
IR . IR IEIE T LU, S5 EBMIE L, AR SO RO T B 1 55 MR B e
KiJ7i, #£1oU = 0.5 I, mAPEF]T 36.9%. HAM-Net [8]3H! TR SVEEHIH, MIEHETER.
B ROV R OCTE BN E AR 3, AN 2 B S B 38 73 s UGCT [19 i il THFR 25 (1 AN 2
PER PR A R 75 (I ONAR 2SR 255 CoLA [203@ i X bb 5% SJ 4240 R Ml b B, 0T PR3 v B 5 25 5 P B T gt
ELA3R SRk A AR 23 2K (0 BE . ARSCAE CoLA [IERE L, $EH T —Fhr 00 W MEREA T2 I8 56ms, LA
TR R SR AN VE MR, A LE T HAE ToU = 0.5 I mAP #2151 4.7%. TSCN {3 F XA 5 BARR 4 1
TREME, BT LB G B P PR PR PR RE AR T, (B R A S T IR ATE P SR IR R M, AR
FREGEAT AHAVE B G 5, 1930 T AMEMERE, 7€ ToU = 0.5 B, mAP &5 1 8.2%.

g B ITiEST . MGG [25185 & 2 T4 S RSE T R 7k, EMRARSIES Long [26]5%
NBIN i R sh BT S E RIS BB o AR SRR RMK TOU BERE IR, 5 Lidw/ o
WEITEEEAR, HEHME loU BEMMEMN, i BEA0 2R K. ToU BREMA, W29
TERF AR SURH 352 (4 B0 A T Uk R 285 TR (R It i e 22 SR K, O B AR SC PR ASE 28 T LA Rl 0 1 KM A 2B [
B, HREONHER I [ R S R B A L, R AT R

Table 2. Comparison with other methods on the ActivityNet 1.2 dataset
%< 2. £ ActivityNet 1.2 ##EE L SHE M5 ARIXTLL

‘ mAP@IoU
B T7 Method
0.5 0.75 0.95 AVG
BaSNet [2] 34.5 22.5 49 222
STPN [6] 29.3 16.9 2.6
HAM-Net [8] 41.0 24.8 5.3 25.1
EERAR=S
TSCN [13] 353 21.4 5.3 21.7
CoLA [20] 427 25.7 5.7 23.6
AL T7 43.0 25.9 6.1 25.3
BSN [24] 46.4 30.0 8.0 30.0
o e B BC-GNN [27] 50.6 34.8 9.4 342
VSGN [28] 52.3 352 8.3 34.7
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F2WIR T fEActivityNet 12248 82 SR TEAR R LA 77 VR 6 LU S5 3R, IR EA rT LA, AR SOy
AT I 55 B 7 s e e 7, A AVGHR I 2 ToUBIE M0.55]0.95, LL0.05 45 K 1 fiT 5 mAP
HIFH4ME . fEIoU = 0.5K, SCoLAMLL, #EFHM4.7%F4%] 170.3%, 2443 H HT ActivityNet 125454k
M, RIS BB 52, BT LA A2 0 SRS AR B A B L — 80, B Rmig s A IR . i
REAEA T VERIRT ., B T A VAR R

3.4. jHRASELE

A, FATESEAE THUMOS14 Hdf 4 Eat TR sSe a8 o0, AT ds e AT A A 2k DA
R S SRR OR

5, BRI REANIR MEREAS (R S 1 e AL A R R, & 3 4 T AR RN ah R
WEFEAKRAE ToU = 0.5 I mAP [IME, 4 4 45 1 REREASA R 2K AN A 28 R EE ToU = 0.5 I mAP 1
1. PIEREAEAR G S B REA RO T KR, R EN D, BBl Mamilgokd: ki
HEA L, WARDWPHIFEARGOR U R MEREA,  FRIREE B G, IS GEm
BN VR AR DR HERE A0S B4R 58 AR 55 7 A 80

Hok, BATE 0 BB E SR PP ENTRI TR, W19 5 Pros. FEREBLHCAANE 28 BB
JRRLAE ST RN AR PERE S, A — PR S B REA 7 R MR A . R DU IR RN B Y 7 S UR , ToU =
0.5 I mAP $imy 1, X WAl B Y 2 S AR B mT LAAG 2 REONHER I, 2568 T SR JGE R I L, 3
FREARR] THEMES R USRS, FTRUAIL ToU = 0.5 I, mAP $2 1, XML FOL
LS 2 (R DRV BEAT O R A R AR o RIS i B 2 ST AR PE L A ToU = 0.5 I, mAP
R 7, WO R RS SR AT PGS SR e LI IR, SR AR AT DA T SR I Sl
R 17 AL

Table 3. mAP value when IoU = 0.5 is the number of action crest samples of different sizes

= 3. FRKXNNMERIERFABEA loU = 0.5 B mAP HY{E

BESHIN R S K o 1 3 27 81
mAP@0.5(%) 302 35.0 359 36.4

Table 4. mAP values of difficult samples with different expansion and cohesion coefficients at IoU = 0.5

= 4. BAMEHAREFAKMARARIE loU = 0.5 Bf mAP HY1E

R] S e A g i A P SR B 5 4 0 0.1 0.25 0.5 0.75
mAP@0.5(%) 29.8 34.9 36.4 36.1

Table 5. The effect of the combination of modules on the model results

5. BMEREE S MR ROFM

N . ) N mAP@IoU
FEAAR JERL 2 S i ShE MR B
0.1 0.2 0.3 0.4 0.5 AVG
v 52.0 447 35.5 25.8 16.9 31.0
v v 55.8 47.7 40.9 32.6 243 40.2
v v 61.4 53.1 48.0 38.7 27.9 46.5
4 4 v 70.2 66.3 56.0 46.8 36.4 48.2
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Figure 4. (a) Visualization results of diving actions; (b) visualization results of tennis strokes

4. (a) BROKEMERIATAMLEER; (b) MEREIRIMERITTHLILER

N T AEMIASSORT 3R M OE R Rk, T AL AT ar AL e b, sl 4 Bos. Bon T =AM AA
BN B E LG5 R o Horh N TARE R gt XN 1 BL, ARV R B 2288 ah
(RO 0 DR R 2 SR E S, R BIB TR, RIRRRTRIN A 25 R . 73384550 0 A UAS RS, 43 il
N baseline 7p2K1G7r JRMZA 0RAG0 . BIEIED RIS ) LR ARG 7y, Hrp R ARG ) 0 R
M2 3] 93 KA MBIAENE 73 FAG 0 (P B . #2082 EIKKCP T [ 3RoR I [8], - 38 L7 17 3R 70 KA
IPRIRAAN e AR 4() BIBER BB, ARSOVERER T SR RE ML, AR 3 D alfEsEdl, Hoa
HRW S BL BOKSIMERFS AR, HAT 283 fE R BOR AP EETI, JEAMIR, 1R 5 IR
HWH B KT baseline, HEZ P IIBIERORINNR T S, B SMERGER R, 78R3 70 KA
grep, BATRTCLR B, BERUREF RG] IR s i, @I Sl NG, 2 S B sl VRS i B
RFAE, R BN 70 SRATE 55 e 0l bR N 22 [ PR B 25 o A, 5 A 7R S o et R 17 e AR A PR S A A
A, UEHT T RATIR R RS R . AR A(b) I BRI EREEGI b, ARSCTT VAR R T SR % AL 1]
o ZAEBIA 2 NSRS, HRERE R B BT MEREERET R A B S TR E AL, X
5 E—MROKMERGIAR, SR AERERZZGER 7, RESEHES BRI ZSIME. X T
baseline, HF#E% i BORUARENME, FE TSI EL IS, FESEIEDKE 3 H, WATAT AR, #
RLERA 3 3 H A AN T BRI R IO Al SR VERLHGE S W AEAE A S 5 S EREAR RO E T 5, JFaEAT
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FRAESG 58, FHERFEAN 2B it DR, WS 7 REREREE R R IT  SX AR SE T BAT TR G
AT RO R RIS, AR 4 ATRUE R REE SPAEEE ) SR & R OS5 R SEINAER,  IXAEAS 2
RITIEGE T N ThRE, e gl S BIMZINZR, a8 2 a1 R IR.

4. BE

AR T PR B 59 MBI P e AL TT % AR ] N MR A2 S0k, R TD SR I E A T AE
FARRIFEAS, X EEREAH ) A H B e A A0 e R 1) 8, DR G 75 B SE OG443 280 AR5
B BORATEHT B 2% XTSI PEIR I RGE AL R, BRATISE T — AR AR R 4%, R B 2R Bl g AT
S AR rh SRR AR 2 R A BRRS s A1 X B SRRt RE A7 e, JRAT B T #AR R IAR AL,
B0 SRR R BB E WU AR U T 5, 1980 Fh B A SRR B e g SRR . PR BO A Jm ad |
grJa i VAR AL ROHERTE, Aok T SIVEIR A RE R AL E AL I R X BESRBSHIESE T A I
Mtte S TAERT LI BN BB R EAR,  BE— 4248 42 R I 1A) 5% &% .

E&WE

GRS & 1HRI(202004d07020004); 22304 HAARL-3E 410 H (2108085MF203); 1 &y
W FEAFHIF L 55 3 T %5 42 (PA2021GDSK0072, JZ2021HGQA0219).
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