842

E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRINFE

REGES S TP391  XEFRIRES: A XEHS: 1006-8961(2025)03-0842-13

#© 35 AR :Ren X L, Zhang I F, Zhou W T and Zhou L. 2025. Complementary multi-type prompts for weakly-supervised temporal action loca-
tion. Journal of Image and Graphics, 30(3):0842-0854({T/E, 7k W&, JABIEE, {35 . 2025, ISR FAMY 5 W B B P shEe . hE
K KIE4R , 30(3):0842-0854)[ DOI: 10. 11834/jig. 240354 ]

ZRBR R E A8 M E N FIMEEN

FEAR KR, A BiE, AR
1L U TS HURR 5 TR B R 3003805 2. ALK A TR AEBE L5 100876
3. WU TRHEACE T HLRRS 5 T BB T 999078

W OE: BEY 59 E R s AL AUR PR GRS S R 1k T RO RS . E AR T
TS BT LA SO S - 5 BORAR T P sh A e A B A PERE o 7L 0E T 3 A v, SR 286 SO Tl e
ARG B AR 43 R F T 28R (handcrafted prompts ) F1 ] 22 ) 8RR (Tearnable prompts) , LA 4
LW T ZF B EAME [T IAB SO R R B0 S G A . D, 32— 2R R R
ARG 55 W5 B R Bl AF 22 (B L (multi-type prompts complementary model for weakly-supervised temporal action loca-
tion)o FFiE  ESC, WOHRAR SCE AR, BN R 28 AL ) SCA R 7R 45 0 S B T 22 L, I d e VE R AL, A
AR A AN TR ROBE O RAAE A 2 5 LUK, S T S0 SCAS 55 AR 10 G 2R 14 A8, AR SO — i BEOxT B 4 2 Sk 24 TS
ARG RS SR B AR VC B s f i, Bt B (B AR B, 4 2270 2R 17 91 (class activation sequence , CAS)
TR N AT 1 UL, USSR S A X . B8R 78 3 BA AR PER i THUMOS 14 ActivityNet1. 2
FI ActivityNet1. 3 S RZEEFAT IR . A ST EEAE THUMOS 14 55045 45 d0 59 S 294 12 218 (mean average preci-
sion, mAP) (0. 1:0. 7) U5 39. 1%, & ActivityNetl. 2 H1 mAP (0. 5: 0. 95) B4 27. 3%, #H LL T P-MIL (proposal-based
multiple instance learning) J5 %578 IR T 1. 1% F1 1%, TWi7E ActivityNet1. 3 8R4 T mAP (0. 5:0. 95) B T 5% [k
TAER S PERE , P2 mAP IR E) 26. 7%, 4518 A SCHE Y P S 1 8 LA AL, A1) FH P A 2 B SOAR S 75 £ B A L
AR T | AT TE A7, 41 1 A I (L AR R P L i R A AR FH PR 2 B SOAR R R A5 B L 3, i R AL A B A f
SE AL AR 45 SR MR .

KR S MBI SRR, (WTAL) s IS0 5 AL T TRAUIR s il 27 ) 2RAMR s 0 0MAE 51 (CAS)

Complementary multi-type prompts for weakly-supervised
temporal action location

Ren Xiaolong', Zhang Feifei'", Zhou Wanting®, Zhou Ling’
1. School of Computer Science and Engineering , Tianjin University of Technology, Tianjin 300380, China;
2. School of Artificial Intelligence , Beijing University of Posts and Telecommunications , Beijing 100876, China;
3. School of Computer Science and Engineering , Macao University of Science and Technology, Macao 999078, China

Abstract: Objective Weakly supervised temporal action localization uses only video-level annotations to locate the start

W #s B #A:2024-06-26; 1& ] B #A : 2024-09-04 ; i EN Z< H 7 :2024-09-11

* BEMEE Ik € feifeizhang@email.tjut.edu.cn

EE&TH: BEARPFEEESTH (62376196,62036012, U23A20387,62106262, 62202331, 62206200, 62276118, 62376037 ) ; KT H 4R EL
2£FL4T H (24]JCJQIC00190,22]CYBIC00030)

Supported by : National Natural Science Foundation of China (62376196, 62036012, U23A20387, 62106262, 62202331, 62206200, 62276118,
62376037) ; Natural Science Foundation of Tianjin, China(24JCJQJC00190, 22JCYBJC00030)



FE, KX, BBE, AR
§630% /55 381 /2025 £ 3 A ZRBURRE AN S5 B R B EE L

and end times of action instances and identify their categories. Only video-level annotations are available in weakly super-
vised environments; thus, directly designing a loss function for the task is impossible. Therefore, the existing work gener-
ally adopts the strategy of “localization by classification” and utilizes multi-example learning for training. However, this
process has some limitations: 1) Localization and classification are two different tasks, revealing a notable gap between
them; therefore, localization based on classification results may affect the final performance. 2) In weakly-supervised envi-
ronments, fine-grained supervisory information to effectively distinguish between actions and backgrounds in videos is lack-
ing, thereby posing a remarkable challenge for localization. Visual language models have recently received extensive atten-
tion. These models aim to model the correspondence between images and texts for more comprehensive visual perception.
Specific textual prompts can improve the performance and robustness of the models to effectively apply large models to
downstream tasks. Visual language-based approaches currently utilize auxiliary textual prompt information to compensate
for supervisory information and improve the performance and robustness of temporal action localization models. In visual
language models, action label text is regularly encapsulated as textual prompts, which can be categorized into Handcrafted
Prompts and Learnable Prompts. Handcrafted Prompts comprise fixed templates and action labels (e. g., “a video of
{classf )", which can learn a more generalized knowledge of the action class but lacks the specific knowledge of the rel-
evant action. In contrast, Learnable Prompts comprise a set of learnable vectors, which can be adjusted and optimized dur-
ing the training process. Therefore, the learnable type cues can learn more specific knowledge. The two types of text cues
complement each other, improving the capability to discriminate different categories. However, the existing methods
ignore the complementarity between the two, hindering the introduced text cues to maximize its guiding role and bringing
certain noise information, which leads to inaccurate localization of action boundaries. Therefore, this paper proposes a mul-
titype prompt complementary model for weakly-supervised temporal action location, which maximizes the guiding effect of
textual cues to improve the accuracy of action localization. The methodology of this paper focuses on improving the accu-
racy of action location by maximizing the guidance of textual cues. Method First, this paper designs a prompt interaction
module from the complementarity of textual prompts, which matches manual and learnable type prompts with action seg-
ments to obtain different similarity matrices. Then, the intrinsic connection between textual and segment features is mined
through the attention layer and fused to realize the interaction between different types of textual prompts. Additionally, text
cues must be effectively matched with action segments to play their guiding role. Therefore, this paper introduces the
segment-level contrast loss, which is used to constrain the matching between cue messages and action segments. Finally,
this paper designs a threshold filtering module to filter the class activation sequence (CAS) obtained from the guidance of
different types of textual cue messages according to the threshold value. The final CAS is obtained by summing the CAS
obtained after multilayer filtering according to a specific scale parameter, with the CAS obtained using only video-level fea-
tures, covering the parts of each sequence with higher confidence scores, thus realizing the complementary advantages
between different types of text cue information. Result Extensive experiments on three representative datasets,
THUMOS14, ActivityNetl. 2, and ActivityNetl. 3, validate the effectiveness of the method proposed in this paper. Among
them, different mAP (0.1:0.5), mAP(0.1:0.7), and mAP (0.3:0.7) on THUMOS14 datasets achieved 58.2%,
39. 1%, and 47. 9% average performance, respectively, which is comparable to P-MIL (proposal-based multiple instance
learning) average performance by up to 1. 1%. In the ActivityNetl. 2 datasets, the method proposed in this paper achieves
a performance of 27. 3% at mAP (0. 5:0.95), which is an average improvement of nearly 1% compared to the state-of-the-
art method. The mAP (0.5:0.95) of ActivityNetl. 3 datasets achieves comparable performance to the same work , with an
average mAP of 26. 7%. In addition, numerous ablation experiments were conducted on the THUMOS14 datasets, and the
experimental results proved the effectiveness of the modules. Conclusion This paper proposes a new weakly supervised tem-
poral action localization model based on the complementarity of multiple types of cues, which alleviates the problem of inac-
curate localization boundaries by leveraging the complementarity between different types of textual cues. The cue interac-
tion module is designed in a targeted way to realize the interaction of different types of textual cue information. In addition,
this paper introduces clip-level contrast loss to model the correspondence between text cue information and video, effec-
tively constraining the matching between the introduced text cue information and action clips. Finally, this paper

designs a multilayer nested threshold screening module, which can maximize the advantages of two different types of
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textual cue information, avoid the interference of noisy information on the model, and maximize the auxiliary role of

textual information. Extensive experiments on two challenging datasets demonstrate the effectiveness of the method

proposed in this paper.

Key words: weakly supervised temporal action location (WTALD) ; visual language model ; handcrafted prompts; learnable

prompts; class activation sequence (CAS)
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Fig. 1 The base model of visual language approach and the location problem

((a) the base model of visual language approach; (b) the location problem)
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Fig.2  Framework map of a localization model based on complementary multi-type prompts
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T 1E A . ToU {EER 33F 1% E 19 [ fELA, 2E B i) ) 1
DX [E) A AT LAACA & IR 1Y
3.3 LiEHAT

A SCAd F7E Kinetics-400 | )1l 25 Y 13D (Car
reira Fll Zisserman, 2017) W & o 47 57 4F $2 B, H
TVLI (Duval 45, 2009) 575 )\ RGB i i £ B i
JtF Adam (Kingma 1 Ba, 2017) P AL #5217 2% , 72
THUMOS14 4 45 v, 2% > i B 4 0. 000 3, 11k
KU R 0. 001, HER AN A 10, X6 44 A ) Bt AL SR
FE R BEECR 750, P, 8 R 20, 6 = 300 R P81 K
B, X F ActivityNetl. 2 Fil ActivityNetl. 3 Z( 5 4E | 2~
2] E R 0. 000 02, K AEF B 4351 150 F1400,
P, 43 A 100 F1200, Xt FHESEMEE, Nl
0.05,a40.2,A40.05,
3.4 S5mfkitAENEER

AR5 e 5 R R WTAL )7 VEAE A ToU 9
L 3EFT 8 . 75 THUMOS14 B 46 I i 45 S 4n
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FihE, ®EX, BBE, B
SRARREANTE BB FEE M

RN, EZ BERESMNT BSOS U 542
Ft, 43 £ mAP(0.1:0.5) .mAP(0.1:0.7) ,mAP
(0.3:0.7) FSEP T 58.2%.39. 1% .47. 9% 1 F 1
PERE . BRI AE T B H mAP(0.3~0.7) F, #id T
P-MIL J5 7% 0. 9% X T 3 5 2% () %0 48 48 Activi-
tyNetl. 2 55 ActivityNet1. 3, 52 56 45 5 43 51 4 & 2 1
3N, ActivityNetl. 2 A SCH 75 7E mAP(0. 5
0.95) ESEHL T 27.3% BYMERE , 55 P-MIL J7 B A 1L
SEH 2 TFIE 0. 8%, ActivityNet1. 3 fit 523 25 Wy, ik

N —E MR T {524 ToU BUE R 0. 95 B, 1 Bt
A PEBE BEAR T X LU i o AR SCIA R PR R B Y iR
PR it 2 ToU HRU{H A 38 R, A8 1) s Ao ME Bt B 2
B4 K, [l i ActivityNetl. 3 40 5 50 &5 249 4 Activi-
tyNetl. 2 /WG A% , H Il ZRAE | 36 ik 4 Al L 45 v 3
VEM 28 S 8K, I R SCAR R A5 B b ir
B E SUAE B RS RE S B OE 9k R B 1R B Y i
0 R BB A T SO R 5 B ER &2
FIBR

%1 TETHUMOSU#HEE FHLWHER
Table 1 Experimental results on the THUMOS14 dataset

1%

mAP@loU S
Ir ik
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.1~05 0.1~0.7 0.3~0.7
ASL(Ma%§,2021) 67.0 0.0 51.8 0.0 31.1 0.0 11.4 0.0 0.0 40.3
CoL.A(Zhang 5% ,2021) 66.2 59.5 51.5 41.9 322 22.0 13.1 50.3 32.1 40.9
ACSNet(Liu %,2021) 0.0 0.0 51.4 42.7 324 22.0 11.7 0.0 32.0 0.0
ACGNet(Yang 55 ,2022) 68.1 62.6 53.1 44.6 34.7 22.6 12.0 52.6 33.4 42.5
FTCL(Gao%,2022) 69.6 63.4 55.2 45.2 35.6 23.7 12.2 53.8 34.4 43.6
ASM-Loc(He%§,2022) 71.2 65.5 57.1 46.8 36.6 252 13.4 554 35.8 45.1
T-SN(Wang %§,2023) 73.0 68.2 60.0 47.9 37.1 24.4 12.7 57.2 36.4 46.2
Boosting-WTAL(Li 4,2023) 0.0 0.0 56.2 47.8 39.3 27.5 15.2 0.0 37.2 0.0
TFE-DCN(Ju%,2022) 72.3 66.5 58.6 49.5 40.7 27.1 13.7 57.5 37.9 46.9
P-MIL(Ren %,2023) 71.8 67.5 58.9 49.0 40.0 27.1 15.1 57.4 38.0 47.0
AR 73.1 67.3 59.4 49.8 41.3 28.9 15.9 58.2 39.1 47.9

TE IR R R & S e L 45 R
R2 7 ActivityNetl. 2#{#F&E FRILIGER
Table 2 Experimental results on the

ActivityNetl. 2 dataset
1%

=3 7E ActivityNetl. 3#[#F&E FRLIRER
Table 3 Experimental results on the
ActivityNetl. 3 dataset
1%

mAP@IoU mAP@IoU

i T3 I E—— O 7]

05 075 095 0.5 075 0.95

TEN(Li%,2022b) 41.6 248 54 252 DCC(Li%%,2022a) 38.8 242 57 243
AUMN (Zhai %:,2022) 420 250 56 255 FTCL(Gao%,2022) 40.0 243 64 248
UGCT(Yang%%,2021) 41.8 253 59 258 RSKP(Huang % ,2022) 40.6 24.6 5.9 250
D2-Net(Narayan %5 ,2021) 423 255 58 260 ASM-Loc(He % ,2022) 41.0 249 62 25.1
ACGNet(Yang%,2022) 41.8 260 59 261 TFE-DCN(Ju4§,2022) 414 248 64 253
DGCNN(Shi%,2022) 420 258 60 262 P-MIL(Ren %,2023) 41.8 254 52 255
CO,-Net(Hong % ,2021) 433 263 52 264 Boosting-WTAL(Li %,2023) 41.8 26.0 60 260
P-MIL(Ren %,2023) 442 261 53 265 T-SN(Wang %5 ,2023) 418 257 6.5 263
AL 449 272 61 273 AR 42.1 26.0 62 26.7

T L P SRR 5 S R AL 4

T L P SRR S 8 B A2 2R
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3.5 HERELI
3.5.1  &HERor YA R

AR SCHESR FBAL T 3045 D PR B AL,
FIH T T AP 7R A n] 24 > 28 RUHR R 22 (8] () B A
P, 5 SRR E A 5 2 ) R O BE A R FH T e R AL P
PERIAVE 5 3) PSR B 5 SCAR DL L % b 2k L i
ML,

T B UEAE ZE v A O B A RO AR SCHEAT T
STA T Bl SIS, AN SR 4 BN . BRI, ik vEAR
RRAN A A 204 559 W I P sh AR s AT 55
() SE R AR s T TR AR /R 2R T TR S5HR%s
NI R{E B 1T 25 ) B RIPER FoR h — 41 0] 2
> () )i A R B R AF D5 L 2Ros T 2 A
R BRI R B LB Bk . M F TRARR S
A 2 S AR R [l B 5 | B, R AR S vk Hh 2
(7R 28 AR o ) FL AR SR HER A 5 (e ) PP IR
FE T BIPERE, 7T LA H LR 2598 - 51 A — R B SCAR
5 BIE B E AU B0 55 W B B sl AR e
BRI E o X EE (a) B0 (h) B FRBESE R 19 7,

=4

AT LU 5T [R] 26 8 09 £ 7 A B 0 B AT AN [
(R , B SR AE AN TR 9 BN B mAP (B B3 — &
FREE AT (HIEBI AT TRABIRFERE &
(ELAE T YRR 2R T R o R, T T2
BRI 7R 51 5T B 200 RS T DR 3 48 ) 38 1
B R BN BT o w5 (R A PF T A ROCR 2R
TORERIAL I, T TSR R S 3 T e 2
8 PR T DR ME sl R B RO AR 25 B VR A
B (a) ((b) (e) =ML, K IAE () BYBEE T IERE
A THRETE, R UE TR R 58 B AT AT B
Yo BeSh, 7R AN BUE T e R A L, 2 )5, A
ST BIVERE R T 1%, T R (e) 5
(e) AT DL UE RS FE A5 2K L, AL BE0E o 55 80, 76 (d)
F% R il L 5 R L O e A B L 45 ) T AR SO 0
R APEPERE , I H (d) 5 i g JLAP e A1 L, P e
BT TR, AR SO AL L AT, A
[ A 37 A5 2 A B & BRI 2 07 28, T g
o PRI A A, p e B T 1 (L O 2 A R Y
ARk

£ THUMOS 4 ##E&E F & O RERRE

Table 4 Ablation experiments on different components on the THUMOS14 dataset

1%

N e e T mAP@loU i
Lzl Lz ZE7S 01 02 03 04 05 06 07 01~07

FEIERLAY - - - - 712 66.1 57.8 483 399 276 148 46.6
(a) N - - - 718 665 582 483 395 279 143 46.7

(b) - N - - 725 669 584 487 402 283 15.1 472

(c) N N N - 728 67.1 588 494 406 285 154 47.6

(d) N N - V724 669 585 486 398 280 147 47.0

(e) N N N Vo731 673 594 498 413 289 159 47.9

LR R R R R, N FRHE A B B Y, = R AR A

3.5.2  AN[RTFSE B AR A AR 14 i S 5

5 MR F TR R B A L g g 1 . I
IR “a video of { class Y SEEL T BB RE . il L
FEAAN AT TR, U0 - “a { class )5 AW AR Lo
AR, 1 H A A A = (R PR RE 22 AR K . AR SCIA
T TR G B 5 | S AE 5 AR Bir i & 1Y)
T SUIE B G, 18 AR SRR =5 X 8 A 7 Ao A 5 )
AR, X F AR “a{ class )", HoAd B 1938 A5 BH H
HABBAE D, IF H A B I AR — 2 8 A S 5T

R | PR LA [RGB 114 52 i) 2 L5 IR 8 1)
3.5.3  ORTANIR] R 150 B A I il 55

ARSC T B (E TR A R, R & T
BRI TR PR, Xk N A S 56 25 AN 1 5
NG FEEIT Max 7R 1 FHE , Min R A, X B
X} Max 0 BB 13 85 FL R 0. 4~0. 9, ¥ 16 =
13 BE (9 43 2 B0 91 5 Min BG4 0. 05~0. 3,
RFETIEIEE R CAS, LR E5RFW, 7E LA
HO. 4 FABUHO. VI, S8 T Fe R PERE . 534l
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Table 5 Performance comparison of different handcrafted
prompt templates on the THUMOS14 dataset
1%

mAP@loU

T TR FE AR R
03 04 05 06 07

a video of 58.6 49.1 403 283 15.1 383

a 58.6 489 402 281 15.1 382

a video of action 58.8 492 40.6 284 154 385

a video about 59.1 495 41.0 284 154 387

a video of the 594 498 413 289 159 39.1

E L A A R A

L P 4, T LU B A A (9] B (26 4R T PERE A
AR o BEF L5 Max (4 HUEASORBOR BT 57 A U(EL
Min #R /N PEREAR 23 H BT 00 R R . Jd g WL
GEAN R PP ) B AR (BT D045 Hh 4508« SR
{EIE R, HAT A R T LA U A B B 2 pE 08,
I I R R AT P DR SRR U 2
oK B P 81 T 6 (4 UL DL, e AT A i
BRI AR . S, A SO E—E R 1
R FHE AR T S kS R T, USSR
FEPIR SO SR R B EAMEA] o

- Max=04
39.0 * Max=0.5
s = Max=0.6
&
'; 38.5
!
S
Z 380
< 38
-y
B
375

%5 5 2 5 N 5
VAN SV \E S A SV \ DI\
N\\\\ N\'\\\ w\“ w’f{\ N\\“ N\’ﬂ\

K4 7 THUMOS 14 Kt B AN B A A1 i HLAG 2 2R
Fig. 4 Visualization results under different threshold condi-

tions on the THUMOS14 dataset
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SCYGAE R AT LR Y, o e 1 RE S AR, i 46 E
T IO R BRI AN RERS o i 32 T M7, T 5]
BN FIER . Ma=0. 200 AL T s
AITERE .

{3751 377

0.1 02 03 04 05 06 07 08 09 1.0
a
K5 {E THUMOS14 Bt AR o BUE Y S0 45

Fig. 5 Results for different values of a on the
THUMOS14 dataset
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Table 6 Computational efficiency on the THUMOS14

dataset
Tk mAP(0.1:0.7)/% YNk E]/s WX E] /s
B 37.9 33.6 24.1
A 39.1 34.7 24.7

T L P SRR 5 8 R A2 2R

3.5.6 AIAALSEE

R T 0 b R T O iR I A /6 KA
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Fig. 6  Visualization results for different types of video clips
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