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Weakly-Supervised Temporal Action Localization via Video—Text Semantic
Alignment and Full Video Dependency

DANG Weichao, PEI Lixian, GAO Gaimei, LIU Chunxia
(School of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, Shanxi, China)

[ Abstract] In response to the challenges in existing Weakly=supervised Temporal Action Localization (WTAL) research,
such as the underutilization of action temporal characteristics, global properties, and action semantic consistency, a
method called Weakly-Supervised Action Localization via Video—Text Semantic alignment and Full Video Dependency
(FVD-ALM) is proposed. First, dilated convolution networks are used to expand the receptive field of the model, and
attention mechanisms are utilized to precisely enhance the temporal features of action instances, ensuring accurate temporal
feature extraction. Subsequently, an. Expectation-Maximization (EM) algorithm based on a Gaussian Mixture Model
(GMM) is applied to extract and enhance global information from the video, generating accurate temporal class activation
maps to aid in the action localization process. Finally, a video-text semantic alighment module is designed to
comprehensively understand actions by combining textual information with action labels. The model is trained to complete
textual descriptions of actions, thereby enhancing its cognitive ability for action-category consistency and effectively
distinguishing different action categories. Experimental results on the THUMOSI4 and ActivityNetl. 3 datasets confirm
the effectiveness of this method, achieving an average mean Average Precision (mAP) of 39.1% on THUMOS14, which
is a 2.0 percentage points improvement over the DTRP-Loc method. This demonstrates that the method of integrating
multisource information significantly improves the accuracy of action localization and provides an effective solution for
weakly-supervised action localization tasks.

[Key words] Weakly-supervised Temporal Action Localization (WTAL) ; video-text semantic alignment; full video
dependency; pseudo-label generation; multimodal fusion
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Table 1 Hardware and software configuration

Hardware/Software Configuration parameter
CPU Intel® Core™ i7-14650HX
GPU NVIDIA GeForce RTX 4060 Laptop GPU
PyTorch PyTorch 2. 0.0
Python Python 3. 8
CUDA CUDA 11. 8
(0N} Windows 10
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Table 2 Detection results of different methods on the THUMOSI14 dataset %
Supervision Method mAP@0. 1 mAP@O0. 2 mAP@0.3 mAP@0.4 mAP@0.5 mAP@0.6 mAP@0.7 mAP®@O0. 3:0.7
BSNE — — 53.5 45.0 36.9 28. 4 20.0 36.8
Full GTANH 69. 1 63.7 57.8 47.2 38.8 — — —
BUMRMY — — 53.9 50. 7 45,4 38.0 28.5 43.3
TCANet™"] — — 60. 6 53.2 44.6 36.8 26.7 44. 4
CoLAMY] 66. 2 59.5 51.5 41.9 32.2 22.0 13.1 32. 1
CO2-Net'?” 70. 1 63.6 54.5 45.7 38.3 26. 4 13.4 35.6
ASM-Loc[* 71. 2 65.5 57.1 46. 8 3616 25.2 13.4 35. 8
DELUM 71.5 66. 2 56.5 ATT 10,5 27.2 15.3 35.9
DDG-Net! 72.5 67.7 58. 2 49.0 41. 4 27.6 14. 8 38. 2
P-MIL!] 71. 8 67.5 58,9 49.0 40.0 27.1 151 38.0
Weak DBSMR!? 69. 1 62.3 53.2 44,1 34.3 — 13.7 —
FE-FBSH® 66.7 — 51.7 — 32.3 — 12.5 —
COPLEH 65. 4 60. 5 52. 6 44,0 33.9 22.8 12.8 33.2
ISSFL2! 72.4 66.9 58. 4 49.7 41.8 25.5 12.8 37.6
De-FDN 72.4 65. 9 56. 45. 8 34. 8 24.1 14.0 35. 1
DTRP-Loc* 7.4 66. 0 58.0 19,3 41,4 28.0 15.0 38.3
CCKEEM 72.6 67.1 59.5 49.3 39. 4 26.5 13.4 37.6
FVD-ALM 72.9 67.9 59.6 50. 1 42.3 28.9 14.6 39.1
£ 3 FEFELE ActivityNetl.3 HEE FRIK N4 R
Table 3 Detection results of different methods on the ActivityNetl.3 dataset %
Method mAP@O0. 5 mAP@0. 75 mAP@0. 95 mAP@0. 5:0. 95
UGCT25) 39. 1 22,4 5.8 23.8
FAC-NetH'! 37.6 24.2 6.0 24.0
poct 38. 8 24.2 5.7 24.3
ASM-Loc"" 41,0 24.9 6.2 25. 1
p-MILH 41,8 25. 4 5.2 25.5
LPRM 41. 4 25.3 6.2 25. 4
CCKEE!* 41. 6 25.1 6.5 25. 3
CFILH! 41.8 25.8 6.2 25.7
SRHNH 41,7 26. 1 6.1 26. 2
AFPS* 43.9 27.1 6.3 27.3
FVD-ALM 4.0 27.1 6.5 27.4
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BB BROCR 3O T AR AR T A | 4 s B AR e
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i, DELU J5 #% (15. 3% mAP) W& i F A )7 2
(14. 6% mAP), X FZIH K F DELU R H A~

iy 72 P AR BB A7 2050 Ak B S R 7 o A9 A0 4 Tt
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BF P R AIE A 5 5 Rl S A 5
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=2k
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BA,

®4 SOEME THUMOSIA HIREE LR ARIESER

Table 4 Effectiveness of each component on the THUMOS14 dataset %
Component mAP@O0. 3 mAP@O0. 5 mAP@O0. 7 mAP@O0. 3:0. 7
Baseline 53.0 38.0 12. 4 34.9
Baseline+L 55. 4 39.8 13. 4 36.7
Baseline+L ;+L ., 56.0 41.0 13.9 36.9
Temporal feature enhancement and fusion+L g +L 59. 6 42.°3 14.6 39.1

i3 b3 “ Temporal feature enhancement and
fusiont+L ,;+L .,  M“Baselinet+L g+ L .. AR J7
R PERE T LA I8 I PR ARG o S Rl
Ib— M 9 WTAL £ 8 F 0 4F 19 % 68 £
THUMOS14 ¥ 4 F mAP #2651 2. 275 43 4.
B ERARIR Lo, AR hARSER T 1
Lo A SE B AR P BT AT i R, 8 L
¥ *“Baseline+L ;" Fll1“Baseline” A 5y . 1] LI 15
Z590 : J2 M B AR DR b 25 48 ] DL i 4 BRI
B4 )R B SO BARGE & WTAL A~
M, X7 THUMOS14 2845 Fs2Bl T 1.8 H 49 ai
H) mAP PEREFZTT. A, il X Baseline + L g, +
L ..” F1“Baseline+L " PR R0 7 7 0 LU, L5 0F —

B 2SR S LA SCA X 55 v A A
3.5.2 A[FZEAIBYFAERLS

N T BRI 5 5 RS B PR B A RO S AR
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BNk 5 iR, “Original RGB” 7R H 4250 1 A
ARG RGB R+ 1E X, . “RGBonly”3R/R
M RGB 7S¢ AL E k4 5 RGB R¢#1E, B X, =
X...®o (f won X..)) o “Flow-only” &7~ AL {di ] 14
SRAOE R FRAE R 5 RGB FRE, B X, = X,, &
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Table 5 Results of different types of feature fusion methods on the THUMOSI14 dataset %
Feature fusion method mAP@O0. 3 mAP@O0. 5 mAP@O0. 7 mAP@O0. 3:0. 7
Original RGB 55.9 39. 2 14.1 36.4
RGB-only 57.6 40.7 14.2 37.8
Flow-only 58.7 40. 4 14.3 38.0
Non-shared 58.9 41.3 14.0 38.2
Shared 59. 6 42.3 14. 6 39.1

3.5.3 AR R BLAR sk

B UEA RN Fr BEAE USRS PR RE L 45 R
6 R, —SRGAIREET L N k-means | BER
RIS TR 55 5R FH DX P B A FU SRS ) S A A6
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PR IE R B 7R mAP Jr i SE BT 39. 104
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Table 6 Results of different representative fragment generation strategies on the THUMOS14 dataset %

Representative snippets generation strategy mAP@0. 3 mAP@O0. 5 mAP@O0. 7 mAP@O. 3:0. 7
Discriminative snippets 51.6 33.5 9.3 31.9
Agglomerative clustering 56.5 37.5 13.6 35.7
Spectral clustering 57.0 36. 8 13.7 35.9
k-means 58.2 39.2 14.2 37.9
EM 59. 6 42.3 14.6 39.1

3.5.4  A[FIZEIYTEF EAAS RO SCA X 5 Transformer 45 ¥ B 15 & J MF %8 R A 15 5

N T SR UE AT SCAS X 5 AT R BB ) 2R
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i AL SCAS XoF 55 38 o 0 AR AR 3 5 5 Rl Gt n
B 20 o 4 v B A T RE L A L B BT LUE
®7 AEFEEIEFEWHRE THUMOSI4 HiEE FHER
Table 7 Results of different types of language reconstructors

on the THUMOSI14 dataset %

mAP@O0. 3:0. 7

Reconstructor
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Table 8 Results of different prompt templates generating action descriptions on the THUMOS14 dataset %
Prompt template mAP@O0, 3 mAP@O0. 5 mAP@O0. 7 mAP@O0. 3:0, 7
a video of action [ CLS] 58. 7 41.5 14. 4 38.6
a [CLS] 59. 3 41.8 14.0 38.7
a video of the [CLS] 59.6 42.3 14. 6 39.1
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Table 9 Results of different loss functions on the THUMOS14 dataset %
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