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Few-shot Video Action Recognition Based on Two-stage Spatio-Temporal Alignment

WANG Jia, XIA Ying and FENG Jiangfan
College of Computer Science and Technology,Chongqing University of Posts and Telecommunications, Chongqing 400065, China

Key Laboratory of Tourism Multisource Data Perception and Decision Technology, Ministry of Culture and Tourism,Chongqing 400065, China

Abstract Few-shot video action recognition aims to construct efficient learning models using limited training samples, thereby re-
ducing the dependence of traditional action recognition on large-scale and finely annotated datasets. At present. most few-shot
learning models classify videos based on their similarity. However, due to the different spatiotemporal distributions of action in-
stances, there is a temporal and action evolution mismatch between the query video and the supporting video, which affects the
recognition performance of the model. To address this issue,a two-stage spatiotemporal alignment network TSAN is proposed to
improve the alignment accuracy of video data,thereby enhancing the accuracy of few-shot video action recognition. This network
adopts the basic architecture of meta learning. In the first stage,the action time alignment module ATAM is used to construct
video frame pairs in tuple mode, which subdivides video actions into sub action sequences and combines them with temporal infor-
mation in video data to improve the efficiency of few-shot learning. In the second stage, the action evolution alignment module
AEAM,along with its time synchronization submodule TSM and spatial coordination submodule SCM, are used to calibrate the
query features to match the spatiotemporal action evolution of the support set,thereby improving the accuracy of few-shot video
action recognition. The experimental results on the HMDB51,UCF101,SSV2100,and Kinetics100 datasets show that the TSAN
network has higher recognition accuracy compared to existing few-shot video action recognition methods.

Keywords Action recognition, Video classification, Spatio-temporal alignment, Few-shot learning, Meta-learning
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Table 1 Experimental datasets

O & BERE JWHEECE) BIERCGE MREE)

HMDB51 51 31 10 10
UCF101 101 70 10 21
SSV2100 100 64 12 24
Kinetics100 100 64 12 24

4.2 TEMriERR

3 1 “n-way k-shot” B & X /INFE AR 2 5 4T 55 AT 52 3 1T
fili o Horbron AR BEFE YU S b {8 O RE A 0 8L £ AR T
ARG PRI R A R . S T B HE 5-way 1-shot” Fll
“5-way 5-shot”, X Bl 7 28 4 DA DU X4 v il B 5 AN 28 Y
B AL 1 S 4R Horh 1-shot 6 AR B AN 2 BRI 1 AN KE
A%, 1M 5-shot W FRR BEAKFBEI S MR, BT R b
7 S PRI AR, H 2 S SR AR — B E A ke AR T
AR TR I 1 AR Sy A MU . SRR A A
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B 2 VA A 1) 46 TI0IN 445 SR B, SR FH o T SR AE Oy 1 E A
M. A SR LI A5 R A TSR M 4T 10000 R E E I8 I
S e IR B 95 00 AF B IX ],
4.3 l&igE
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1500014 75 R Yl 4k TSAN W 2%, W4 10 4k 3 3 72 ok
TSN A0 5 1, FE I ZRad 72 v, 1 50 K AT v 1 B —
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Table 2 Comparison of recognition accuracy between different networks
) HMDB51 UCF101 SSV2100 Kinetics100
ok Backbone Params
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
TSN(20] ResNet50 23.51X10° 48.64+0.4 57.2+0.4 69.2+0.3 78.6+0.3 30.6+0.4 38.7+0.4 58.9+0.4 67.0+0.4
TARNL?] 3D 34,80 %108 - - — — - — 66.6+0.4  80.740.4
ARNLSJ C3D 34.80%X105  44.640.4 59.1+0.4 62.1+0.4 84.840.4 — — 63.7+0.4 82.440.4
OTAM7) ResNet50 23.51X10°  50.7+0.4 64.840.4 76.3+0.4 86.44+0.3 36.14+0.4 47.8+0.4 68.74+0.4 76.9+0.3
PALL] ResNet50 40. 29108 48.4+0.4  62.3+0.4  65.74+0.4 81.04+0.3 29.64+0.4 44.440.4 54.740.4 70.8+0.4
TRXL12] ResNet50 47.12X10%  49.5+0.4  70.140.4  79.3+0.3 93.3+0.2 34.440.4 52.3+0.4 69.44+0.4 84.8+0.4
STRME16] ResNet50  146.23x 106  50.040.4  71.6+0.4 78.94+0.3 91.740.3 36.5+0.4 51.64+0.4 68.4+0.4 84.2+0.4
Molol12] ResNet50  135.71x10%  51.140.4  71.240.4 79.24+0.3 92.6+0.3 36.4+0.4 52.14+0.4 68.94+0.4 84.7+0.4
TSA-MLTE7] ResNet50  122.40x105  52.4+0.4  72.34+0.4 80.6+0.4 93.3+0.2 35.640.4 52.6+0.4 67.7+0.4 85.6+0.4
TSAN ResNet50 73.85%105  54.1%+0.4 74.0+0.4 81.8+0.3 95.74+0.3 38.4+0.4 54.2+0.4 70.3+0.4 88.7+0.4
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TESRTH/INREAS B VR R o o 22 7 T 9 RRAR R . BT
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F 3 TSAN [ 25 & BLH I b 92 46

Table 3 Ablation experiments of each module in TSAN model

ATAM  AEAM-TSM AEAM-SCM  UCF101 Kinetics100

78.6 67.0

N 88.7 76.7
N NG 93.6 86. 4
N NG 90. 2 77.3
NG 82.5 72.6

N N 85.2 76. 4

NG NG N/ 95.7 88.7
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Table 4 ATAM tuple cardinality ablation experiment

E 34 iR & SSV2100 Kinetics100
0=1{1} — 46.6 85.3
0n=1{2} 28 50. 9 87.7
0=1{3} 56 52.7 88. 4
0=1{4} 70 53.1 88.3
0=1{2,3) 84 54.2 88.7
0=1{2,4} 98 53.3 88.4
0=1{3.,4} 126 51.0 88.6

0=1{2.3.4} 154 51.1 88.0

1 I

2 ETH#HA
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5 +SCM
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Fig. 5 Sample visualization analysis
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