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Two-stream joint matching based on mutual information for
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Abstract: Although few-shot action recognition based on the metric learning paradigm has achieved significant
success, it fails to address the following issues: 1) inadequate action relation modeling and underutilization of
multi-modal information; 2) challenges in handling video matching problems with different lengths and speeds,
and misaligned video sub-actions. To address these limitations, we propose a two-stream joint matching (TSJM)
method based on mutual information, which consists of two modules: multi-modal contrastive learning module

(MCL) and joint matching module (JMM). The MCL extensively explores inter-modal mutual information
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relationships, and thoroughly extracts modal information to enhance the modeling of action relationships. The
JMM is primarily designed to simultaneously solve the aforementioned video matching problems. By integrating
dynamic time warping (DTW) and bipartite graph matching, it optimizes the matching process to generate the
final alignment results, thereby achieving high few-shot action recognition accuracy. We evaluate the proposed
method on two widely used few-shot action recognition datasets (SSV2 and Kinetics), and conduct comprehensive
ablation experiments to substantiate the efficacy of our approach.

Keywords: deep learning; action recognition; multimodal; few-shot learning
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Fig.1 Two different videos of the same category
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Fig.2 Framework of two-stream joint matching based on contrastive learning for few-shot action
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Table 1 Comparison of accuracy with state-of-the-art methods on the Kinetics

P Vi P37 1-shot Acc 5-shot Acc
CMN"™ ECCV2018 60.5 78.9
OTAM™ CVPR2020 73.0 85.8
o TRX™ CVPR2021 63.6 85.9
i 25
STRM"" CVPR2022 — 86.7
HyRSM'" CVPR2022 73.7 86.1
SloshNet™ AAAI2023 — 87.0
AMeFu-Net'"” ACMMM2020 74.1 85.8
LsTC! IICAI2022 73.4 86.5
EZ2 ¥ MTFAN" CVPR2022 74.6 87.4
MoLo"” CVPR2023 74.0 85.6

TSIM AT 75.0 87.0
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Table 2 Comparison of accuracy with state-of-the-art methods on the SSV2
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Sk B0 BIE AR SC e B Y 0 B AR AT R L AS /N R AT T RS
241 A&k

AR SO P B 2 Ty 1 DN 28 M B T B A o] 1 /NRE AR AT S U U7 2 OTAM T 2k, {1 T ImageNet 5 1
Y5 1Y) Resnet-50 1 U {2 Backbone , & H DTW S5 3k X WA R B il 47 80 25 % 55, LAAS 21 A 16 42 71 Ji 80 2 [a] 1) i
FEXT 55 AR IR 2 TR B LAAS B o B 4 2 gl L
242 AT BB 0 A

43 5 7E SSV2 il Kinetics BE4E b, R A S-way 1-shot 1 52 56 8% B WE A7 9006, SC IR 45 SR AN 38 3 firs , Lk
P& OTAM 7k o MSEI B A, Z SR L 2% 2 BEHOK O 45 B 5 RGB {5 B A7 B Ab, o] DLk KT+
WERG R, 78 SSV2 Bl 4 b, X L R4k )7 i PERE 4R T T 10.1%, 7£ Kinetics B4l % EVEBESETF T 0.7%. Adapter
B AT DU G (K 2 S B2 )RR AE 4 52 208 9 R AIE 25 (8] il BB 4 i AT X L2 2] o 5 Adapter B AH

% 3 TESSV2#l Kinetics B #E&E FHE L0
Table 3 Ablation study on SSV2 and Kinetics

Jr ik Kinetics Acc SSV2 Acc
IS 73.0 42.8
BT B+ 2 BARXS AR 73.7 52.9
FLER 7 i+ Z B X L 2 > +Adapter 74.1 55.3
BELR T W+ I T B R B 73.8 50.9

2R Ty e+ RSN B 2% 3 + Adapter-+I & UC it A B 75.0 58.5
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L, 7E SSV2 s 4 Al Kinetics £UH5 45 b 20 0 v LLFE TF 2.4% 1 0.4% . 6 A DCECBI B L L4 Jr ik sl A T 58
5 AR UL I Y KM B89, AT DL S A1 i e Sl AR A AL Y DL IC ) B, 7R SSV2 A dlE &R BT T 8.1%, 18
Kinetics 5 4 4T T 0.8%. fJa HIT ARG I8 8] T SR AEVERE  UEW] T A SO 4 1 1 2 A B e
AR

2.4.3  N-way N KRAT 4 17 5]

R T ST EE TSIM 78 3 HL 4k % 1 25 2F R (PR RE , 78 SSV2 Fl Kinetics U4l 5 | N-way 1-shot SC 5K i% &
T, T NS F 10 B PERE R B, N B, 3 M BB, HERR SR AR . WL 4 TR L TE Kineties 804548 |, 5
OTAM Fl TRX AH I , B — F S 30 5 & 34 5 T Z W00 5 o W81 5 F 7, 76 SSV2 Bdli 4 I, TSIM 1E 5-way |
10-way Y5250 38 T MERE Y & T ZHT A ik

75.0 60~ 585
5.0 ~Z&XHEE - TRX —-—OTAM o ~Z&XHE - TRX —OTAM
73.0 70.8
70.0 -
67.4
68.7
® 65.0 - 63.6
& y
# ool 594 59.2
k 56.7 59.0
546
550 ~——_ 53 2
Swatld 282
50.0 1 1 1 1 I ) 25 1 L 1 1 1 i
5-way 6-way  7-way 8-way  9-way 10-way S5-way 6-way 7-way 8-way 9-way 10-way
B 4 £ Kinetics #{#E 4 £/ N-way 1-shot i Bt L 5% 5 TESSV2##EE EH N-way 1-shot & R L I8
Fig.4 N-way 1-shot on the Kinetics Fig. 5 N-way 1-shot on the SSV2
Y
3 H5RIE

P& T — B Y T 00 BAR BUBCA DR B A /NRE AR AT S RO T I R /INVBEAR AT D R AU UCORE X L
7~ N B 2B T5 i T, LA D /IR AR A D UM PRz gl 6 AR AR A ] R

DFIAT —AZBEER Har AIBEH B 6 TS 51 ANMEA AT g PR S, AAR i P sh R G & o [R]
I 3 3 e 2 20 07 U S T RGB AR WU AiF ' e A 22 18] (4 B AR 8L, AT 3R A5 S5 R A 75 i AR 3R

2) BT — KA D BCAEHR K A AR BT Y 58 56 DT E (] U5 | A /NREAR AT S U 4Bk Sy T A DR AR
T2l A 07 5 A DE T R 1R, SR T KOML B3 SR T B A0 2 1] 1Y i DG DE P L2 488 g 1 5 e 1

3 )3 i R ) SR UE B T 05 vk A O TE 2 )T T A AR AR s 4 SSV2 A Kinetics L #RITR T
HA T N MEs R JAh Gl i i % 9 Rl 52 56 A AT 9 S e e S T i i A 22 A BB B0 A AR
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