#33% B TENMRARSEZRE Vol.33 No.6

2023 46 H COMPUTER TECHNOLOGY AND DEVELOPMENT Jun. 2023

EE/NERFINH S HRIET E

ﬂé{%l,z,/rgfiﬁ%l,z’}%‘Jéq‘%é}él,z,’g%ﬁfrzl,Z*
(1. BB IRF HAENAFE TRFR, ®E B% 710048,
2. WM& HE AR REBEEEERZRET, G HZ 710048)

8 E RSOk DAY I TES SIS E Oy, RS R MBS, i TR A 5 A bR i K, A T T
YIGRAARUEREAAR D | S BOLAS 7 S BBt 5 2 2 SR A2 T R IR, e L /NVRE AR 22 o) S BAT B RLPE A L2 2%
[, AT A A A TE 7 i, A AT B R AE 2R v A A8 P B IR 35 37 4033, T B2 ) R AT 43 A R A TE BT 21
ARSI, SRTTZ TS T I AT NG, 31 B2 THE OB 28R B R 43 A1 o b, 3SR L — i 8l 25 43 A1 RS IE T vk
YL A RO S R A SR RS RN, 152, 2T B 1 20 25 B % 30 & D RE I 28 5 LR, 3 28R 2R A i 28 0 e A 3
MIBRVESS G AE AR AL JUR T B AN [R) S AN ) 9 22 57t 5 R J , T IR B ASEOA 1 i 8 43 A0 5 TSR AE J52 43 A 22 [i)
B L) 2 2R R S BB 28 B R AE 0 A B v, 3 2 7 AR 4 minilmageNet Al CUB L5 o 535 A& G0 vk A KX L
SRR T I R LA AR T IR A AT AT 5 1 PR

FKEEIW AEASE 2] TR s S AARCIE B ; B S A I IE

HE S ES . TPIS XEKARISAD: A XEHS1673-629X(2023)06-0173-08

doi:10.3969/]. issn. 1673-629X. 2023. 06. 026

Method of Dynamic Distribution Calibration for Few-shot Learning
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Abstract; In recent years, machine learning has achieved great success in many fields. In the real scene of the real world, due to the
complex collection environment or difficult annotation, there are few standard samples available for training, resulting in the problem of
over learning or under learning of machine learning models. Therefore, few—shot learning is a challenging machine learning problem. Re-
cently, people have proposed a method of distribution calibration, which assume that each dimension in the feature representation obeys a
Gaussian distribution, and use the feature distribution of the base classes to calibrate the feature distribution of the novel classes.
However, this method is easy to introduce the phenomenon of negative migration,and it is easy to submerge the characteristic distribution
of the novel classes itself. Therefore,we propose the dynamic distribution calibration to solve the problem of negative migration in the
distribution correction method. Firstly, the base classes of the nearest neighbor and the base classes of the far domain based on the
threshold value are selected dynamically. Secondly, the standardization processing is added to the sample characteristics of the novel
classes after power transformation to eliminate the differences between different dimensions. Finally,the method introduces parameters to
adjust the proportional relationship between the migration distribution and the original distribution of the features of the novel classes to a-
chieve the calibration of the feature distribution of the novel classes. A large number of comparative experiments with the latest algorithm
and the traditional algorithm on the conventional data sets minilmageNet and CUB show that the proposed method can effectively improve
the performance of few—shot classification tasks.
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3.4 HEXE

AT 5T B 3 2 o AR IE 5 % ( Logistic
Regression/SVM with DC ( ours ) ) H & — 3158 i< 72 X
INFEAR SIS RE RS A, AT TIH AL SRS, R 2 JBOR
T AEVN SRR A A 5 T o (B R 0 AR TS A I A
T E R 47 7245 e ( Power Transform, TP) 5 85048 ik i
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5-way—1-shot 5-way-5-shot
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vV x vV 68.59+0.03 84.08+0. 03
v 2 x 67.96=0.97 84.21x0.72
v 2 vV 69.70=0. 46 85.460. 18
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