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Multi-level decision optimization in relational networks for
few-shot learning method

MIAO Wanyu, GOU Guanglei, ZHONG Sheng, BAI Ruifeng, WEN Lang
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: Addressing the issues of data scarcity in few-shot learning and the limitations of traditional binary decision
methods that only offer accept or reject options, this study proposes a multi-level decision optimization approach for
few-shot learning. Initially, a multi-granularity feature extraction module processes samples and constructs feature lay-
ers of different granularities to capture semantic information from various receptive fields, so as to make decisions pre-
cisely. Subsequently, a multi-branch adaptive feature refinement module is introduced to enhance the representation of
key features in both local and global regions. By computing the parameters at various scales through relational networks,
we construct an appropriate similarity matrix and input it into the proposed multi-level decision optimization module.
This enables the model to adaptively adjust the uncertain regions in decision making based on features at different gran-
ularity levels. Finally, experimental validation on the MinilmageNet and TieredlmageNet public datasets shows a signi-
ficant improvement in classification accuracy, confirming effectiveness of this method.

Keywords: few-shot learning; deep learning; decision theory; image classification; relation network; uncertainty analys-

is; feature extraction; rough set theory
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refinement module
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Table 1 Datasets information

B TR MinilmageNet  TieredlmageNet
B R R g R <G &R 84x84 84x84
PG F5Y 60 000 779 165
B4 100 608
HFEALL 600 1281
Pl 64 351
IR 16 97
AL 20 160

MinilmageNet £ 5 ££ % J& ImageNet £ 4 £
74, B A 60 000 TR I, T FE 100 A
25, TEBIRIA I 2R B, M\ 100 2851 b Bk
T 64 MEINZRAEE, T 16 A2 54E 0 56k
£, TR AT 20 A28 59098 FH T4

TieredImageNet £ 45 £E 5% J& M ImageNet £
LA kR, HEHA T Z ML, 2496
780 000 FK & )1, i 7% 608 NG . KHE I T 1R
SUAF B X 608 A ZEHINHAN R 34 AL, TR
BRI R, BEEE 20 DNAC MG, 6 4>
REESE, T B 8 KA, 1A T A
AR BIRFEE .

33 XtLESRBR S

A 5T LK F MDORN 51 2 56 0E 1) /MEAR
B 4% 43 2 #7043 31| 4 MinilmageNet il TieredIm-
ageNet 445 L TX . XFELZE RN 2. 3
N o X HLHIFR LA Prototypical Nets!”)| Relation
Nets!'”| Matching Nets!">), TPNF | MAMLM™ | Look-
ing-back!*!), MSLPNM %5 ) 5 32
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Table 2 Comparison of MinilmageNet experiental results
%

T Backbone 5-way 1-shot S5-way S-shot
Matching Nets"!  Conv-4  43.56£0.84  55.31+0.73
MAML™ Conv-4  48.70+1.84  63.11£0.92
Prototypical Nets”  Conv-4  49.42+0.78  68.20+0.66
Relation Nets!'" Conv-4  50.44+0.82  65.32+0.70
TPNE7 Conv-4  53.75£0.68  69.43+0.67
Looking-Back“!  Conv-4  55.91+0.86  70..99+0.68
MSLPN® Conv-4  56.52£0.92  73.45+0.86
LSTAL-ProtoNet™  Conv-4 ~ 52.26+0.52  70.33+0.69
CGRNM Conv-4  50.85:£0.86  64.13£0.70
PRFDC*! Conv-4  5536£0.25  73.38+0.20
AT Conv-4  60.02£0.94  73.68+0.93

T RN ORI

% 3 TieredImageNet 1B &£ LG 45 RxtiL
Table3 Comparison of TieredImageNet experiental

results %

Ay Backbone 5-way 1-shot 5-way 5-shot
MAMLE?! Conv-4 51.67+1.81  70.30£1.75
Prototypical Nets'”!  Conv-4  53.31£0.89  72.69+0.74
Relation Nets!'”! Conv-4  54.48+0.93  71.32+0.78
TPNE7 Conv-4 57.53£0.96  72.85+0.74
Looking-Back*!  Conv-4  58.97£0.97  73.59+0.74
MSLPN# Conv-4 58.69+0.96  74.12+0.73
LSTAL-ProtoNet™!  Conv-4  53.45£0.46  72.28+0.39
CGRNM Conv-4  55.07+£0.20  71.34+0.30
PRFDCH! Conv-4  56.09+0.65  75.70+0.59
ES WIRES Conv-4  61.48+0.98  75.65+0.86
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Fig. 4 Model convergence on the MinilmageNet dataset
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B 5 MinilmageNet #{#E5%E FRE AR LT
Fig.5 Model convergence on the MinilmageNet dataset
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P, 43 % 45 k7 2 . MAFRM B H7E Minilmage-
Net B4 F AT IHRSE5
N T B e i Y oK R RCE, TR A2
RECEWTHASEE . K 4.5 R, 15 HE
HEAT Z2 GORLBE DR LA RPE S IE
x4 BHNERRRRUSEHZMN

Table 4 Impact of decision optimization across different

granularity levels on classification %
R MinilmageNet

L, L, Ly L, L; L 1-shot 5-shot

Y 56.53£0.69  70.88+0.76
v NN 57.48+0.75  71.02+0.82
A 57.77£0.83  71.68+0.67
v NN 58.61£0.84  72.69+0.93
NN A V57212073 71.22+0.61

x5 BHERRREAHED L

Table 5 Proportion of uncertain domains after decision-
making at each granularity level %
B2 L L L, L, Ls L
fi 623 524 459 324 256 1738

S0 2k S B . #E MinilmageNet %05 ££ /9 5-
way 1-shot 37 5 E#EAT 55 2 )2 09 P SR P AL B8
D® ZJ5, 21H 52.4% A W FE A 0] 70 S A
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KB T 58.61%, Loat 2 9N KA ALIE 5 1 4
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Fig. 6 Adaptive weight chart for each branch
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Table 6 Comparison of computational complexity among
various modules

e ZHR/10° IFREHREU10°
baseline 520 17.9
+MAFRM 556 20.5
+MDORN 618 18
+MAFRM-+MDORN 654.1 214

£ baseline [ 3& 4l I, 71 MAFRM f k5,
TR FHN [ RS 9 8 U X i A RIS
TAb 3, TGN T B RS R 4. X —k
G BB Y I 508 BB (FLOPs ) A\ 17.9x10°
HAhN A 20.5%10°, ZHCEIG N T 35%10°, {HixR
WS AT 0 L 4 5 T AR R e A PG A o A S B B
e J1. W MDORN RS, f AR AR T 1 S 40
AP A DR, Rk TR B R B &5 Tt

R T DA A A B AR D M R B EL AR R
AR FE X5 AN U AT o] 455 5 (g ST AR I MA -
FRM BRI A G MDORN A4 A5 1 D Az 1% n B
ALY R HEAT T IS AL g, SCIR A Rk 7
FT7R o

% 7 MinilmageNet #{#EE F K IEREE
Table 7 Accuary of each module on the MinilmageNet %

MinilmageNet
MAFRM  MDORN
5-way 1-shot 5-way 5-shot
x x 53.23+0.86 70.06+0.92
v x 54.64+0.93 70.58+0.89
x N 56.83+0.79 71.9440.95
v N 60.02+ 0.94 73.68 £ 0.93

F T baseline 7E %5 Il MAFRM J&, 7F 5-way 1-
shot Fl 5-way 5-shot 43 5I4& 7+ T 1.41 F10.52
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