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Multimodal cross-decoupling for few-shot learning

JI Zhong"* | WANG Sidi' , YU Yunlong’
(1. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China;

2. College of Information Science & Electronic Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract; Current multi-modal few-shot learning methods overlook the impact of inter-attribute differences on accurately recognizing sample

categories. To address this problem, a multimodal cross-decoupling method was proposed which could decouple semantic features with different

attributes and reconstruct the essential category features of samples, aiming to alleviate the impact of category attribute differences on category

discrimination. Extensive experiments on two benchmark few-shot datasets MIT-States and C-GQA with large attribute discrepancy indicates that the

proposed method outperforms the existing approaches, which fully verifies its effectiveness, indicating that the multimodal cross-decoupling few-shot

learning method can improve the classification performance of identifying few test samples.
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Fig.1 Distribution of diverse attribute samples
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Fig.2 Proposed framework of multimodal cross-decoupling few-shot classification
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Fig.3 Ilustration of cross-decoupling
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Tab.2 Test results on the MIT-States dataset

%

) 5-way 1-shot 5-way 5-shot
ik SSA DSA HM SSA DSA HM
ProtoNet”! 54.10 45.85 49.63 69.57 55.01 61.03
RelationNet™’ 49. 44 42.40 45.65 68.26 55.19 61.03
AM3MY 61.53 53.89 57.46 69. 94 60.24 64.73
AGAM'™? 55.76 49.05 52.19 66. 65 43.72 60. 10
MAP-Net'* 62. 44 51.80 56. 62 71.70 57.96 64. 10
MatchingNet " 52.22 44.80 48.23 66.87 54.04 59.77
SGAPI™! 32.75 27.95 30.16 61.94 49.99 55.33
MCD(A30) 64.19 59.53 61.77 73.04 63.34 67.85
F3 ECCQAHIEE FHNIKER
Tab.3 Test results on the C-GQA dataset
%
) 5-way 1-shot 5-way 5-shot
ok SSA DSA HM SSA DSA HM
ProtoNet!" 39.24 34.69 36. 82 54.33 46.85 50. 31
RelationNet* 43.54 38.36 40.79 59.85 51.04 55.10
AM3 Y 50.51 44.47 47.30 56.82 48. 84 52.53
AGAM™? 46.09 41.41 43.62 58.67 50. 74 54.42
MAP-Net' 50. 05 43.85 46.75 62.77 52.32 57.07
MatchingNet"*"’ 44.60 39.48 41.88 58.24 49.07 53.26
SGAP! 36.99 29.92 33.08 53.98 44.81 48.97
MCD (42 30) 52.50 47.91 50.10 64.78 56.34 60.27
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SSA _F H 7 MAP-Net #2757 1. 34% ,7£ DSA E
Py AM3 45 1 3.10% , /£ HM E W A
3.12% MR TR . 76 C-GQA i 4& I, &1 Xt
S-way 1-shotf) 732450, A SO L U R AR i
75k AM3 24 W] 8 A9 $2 L 7E SSA B
1.99% , 7 DSA A& 3.44% p942 7, 3+ H 7 HM
A 2. 80% M FH AL ; 1 7E 5-way S-shot £
55 AR SO AT U85 R 56 — = A9 J7 75 MAP-Net
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TR 0T P T i AR - ok B R U T P 17 (]
RFEAFATHER PN, A SO e —ERE BA
WO T X — )R8, [A] A, 55 5-way S-shot$2 Tt
G5, 5-way 1-shot [ 73 284F: 55 H, DSA (42
FRCRTEPIA B S AR I . EE AR
TET 2 SRR A D Bsf, 4570 o 2 S A AR Y
FNFRE B, I H Y Jm M 22 R, B )
JE AN [RITE 5 A Jo 14 28 0 R A, ] 001 28 0011
WRIIE DL . A SCT7 T RES A b R L TC G 1 T
PEG B PR B REASAS BT A 2BIRHE , $2 R RE AR AR
(R N e S
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MIT-States F1 C-GQA % 4fs 4 b iE 17 11 Fill 52 56
8, EERNR 4 FER S R SRA R4 A1E R
LR RS — 725 B AT A I S AR 2

18 XCFFAE (support category features, SCF) |, %f =47
IZE RN T M B Al b 38 0 S 4 4R R M TR SCRRAE
(support attribute features, SAF) JE 528 X fif FH A5
P, S IUAT R ARS8 IR AR B @B HUR A SO
L5 RG] DL A SRS S R
PN ER 53 590 Xof D RE A1 53 2 1 RE RS 3] 4ie F
E

F4 7 MITStates HIBE EHBRRBLER

Tab.4  Ablation study results on the MIT-States dataset

%

5-way 1-shot 5-way 5-shot
Tk
SSA DSA HM SSA DSA HM
ProtoNet!”! 54.10 45.85 49.63 69.57 55.01 61.03
ProtoNet + SCF 59. 88 55.81 59.27 69.54 60.96 65.57
ProtoNet + SCF + SAF 63.16 58.20 60.58 72.14 61.85 66. 60
MCD 64.19 59.53 61.77 73. 04 63.34 67.85
x5 FECGQAHIBRE FRMERTIRER
Tab.5 Ablation study results on the C-GQA dataset
%
5-way 1-shot 5-way 5-shot
Tk
SSA DSA HM SSA DSA HM
ProtoNet!”! 39.24 34.69 36. 82 54.33 46.85 50.31
ProtoNet + SCF 49.64 46.01 47.76 62.24 54.09 57.88
ProtoNet + SCF + SAF 51.11 46.98 48.96 63.08 55.05 58.79
MCD 52.50 47.91 50.10 64.78 56.34 60. 27
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BRI J7 i B 2 SR LT B & 4Tt
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