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Abstract
large dataset (source domain). Since feature distribution varies on different datasets, the classifiers trained on the source

It has great practical significance to design a classifier on a small dataset (target domain) with the help of a

domain cannot perform well on a target domain. To solve the problem, we propose a novel classifier-designing algorithm
based on transfer learning theory. Firstly, to improve the compass of the same category and separateness of different
categories in the source domain, this paper utilizes the extended margin Fisher criterion where the distance is measured
by the inner product between data. Secondly, to select good sample pairs for transfer learning, this paper presents an
algorithm to get rid of marginal singular points by selecting high-density samples in the source domain. The non-linear
feature transformation mapping the target domain to the source domain is learned in the kernel space. Finally, k-nearest
neighbor (kNN) classifiers are trained for classification. Compared with the existing works, this paper not only extends the
margin Fisher criterion, but also applies the transfer learning theory based on the algorithm of selecting training sample
pairs to design classifiers of a small dataset. We experimentally demonstrate the superiority of our method to effectively

improve the performance of classifiers on the general datasets.
Key words Classifiers on a small dataset, transfer learning, margin Fisher criterion, k-nearest neighbor (kNN) classifiers,
domain transformation
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Fig.1 There exist differences between source domain
(top) and target domain (bottom) (Compared with the
source domain, the target domain contains more complex

backgrounds, the lower solution, and more camera angles.)
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Fig.2 The flow diagram of classifier-designing algorithm on a small dataset based on margin Fisher criterion and
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Fig.4 The concentrated region of samples belonging to
the same category in the source domain is surrounded by
the round dashed line, while the other samples in the

source domain are called singular points
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transformation between the target domain and source
domain (The gray points represent the target domain,

while the balck ones represent the source domain.)
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Table 1  The experiment parameters set of our method
A— B k1 ko ka kg o
a— w 22 1700 20 3 1
a—d 22 1700 20 3 1
w—a 20 680 15 3 1
w—d 20 680 15 3 1
d—a 17 420 15 3 1
d—w 17 420 15 3 1

3.3 SEWMEERKSHN

A7 IS AR A A AR — LM R A5
BRPEAT T SRR HE. BT IR A ) B SR TR R
s F AR A AR I LR e I A PE
FOHERG AR, 2 B A S T T 1A a9 H
IR KA AR B EL e N BRI AR AR A 498 A,
FATBA AR T IR ] (AR HE. R HSE
H RS T SVIML ) B0 AR T Ja ) e i e 4 1) S
AR

1) kNN-ab 27E A $p psic kA Ll g
kNN p264%, HIRF B 3 iy il &odhs 1 78 %
kNN 732t BT JE i 2.

2) kNN-bb 24§ B 3+ pbrickeA I A 5
WA ICHEAVE IR EEA N ZR i kNN 70285, HaR
FEAAE A MHRAE AT 3 JEUE .

3) symm J& Saenko S5 H Y SEP . TR
B AR IR IR > SEPU R B Il 25 i kNN
oy ARk i H bk b o SR K.

4) ARC-t 2 Kulis %42 th i 5kl 3553k
e ) P Sk ) ) A A = o Jig otk ] 2 S P )
A, 25N 2RI KNN 23 JE88 50t H ARl AR It A
K.

5) gfk & 3CHR [20] P4 ASAYE, 2T HET
MM 4% (Geodesic flow kernel) fiT 852 > 3
2 Hbris by kNN 4325288,

6) svi-s 2 FI ] A M RicEEA I 2
SVM 43245,

7) hfa 2 3CHR (28] &Y, & EREH T —FP
B S i KA B FRRAE R R F svime 3 2% B IR 45
MBS, 2t SVM 43 2K 8855 342 5 H AR
SrRUEREER B Y.

R 2 BT AR SCE R H AL BT IE X A5 R
Hr mmf-Euclid 285 7 )5 i MFA 17 K885
%, mmf 2N T A S e R R PR Fisher ENfY
SRR MEEIREE RV AE t, mmf #5325
1 2 28 1 mmf-Euclid 5755, B A SCR H 8t G
(i Pr Fisher N b rbs MEFA 54 B T4 48 SC
13 KA AL AER %, 5 kNN-ab #l kNN-bb 1)
SIS 28 SR LU ARE, AR SCHR ) SEAE A R H ARy
T AR B S5 1) 3 11 2 > 2ok R T R S R R b A A T
AN AR IO A SR, AR S T H AR B a2
HERA R, EET SVM 0 55305 1 5 T 4 [B) AR AiE 5% 46
SR HL S Im s SR v, FRATRT DA A SOy 5
VEFE 478 8T IR IR H AR AR AE A R 25 Rk,
T ot R IR H A e AR AR RS A 2 ) i AR S H
PRI o R AER 2 E AR =, IF HAE T3 a8 ) i
% ERE =Y.

e, FRATA LR UE T 4% SCHE i SVA B g 3R
e R, 1 HAER 7 P IREE T iz A AR M EE
bl H AnIE T AR IO AR G P T. JEd
I AECH 20, H Frleld vl AR ICFEAS B
1 2|5 484k, ME 7 FTRAFFX 5 By yAH#D 2
WS, A SO T VAR R A B L H A 54T

gi b, 5HAWEEM L, AT/ IMEARSER
AT A RS T 700 TR B TR O R 2R
1313 0 7 = O 1 = 115 =03 O = =1 B S e )

2 AR B 2HERTR (%) (TR iR HEIERE, 4751 a: amazom, w: webcam, d: dslr)

Table 2 Accuracy rates in the three domains (%) (The bold font represents the best performance, abbreviation: a:
amazom, w: webcam, d: dslr.)

A —B kNN-ab kNN-bb symmbBl  ARCt[ gfk(20] svm-s hfal28] mmf-Euclid mmf
a—w 9.6+1.0 51.0+0.8 51.0£14 557+09 578+1.0 345+0.8 61.5+0.9 49.3+£0.8 55.5£0.7
a—d 49+11 479+£09 479+14 502+07 50.5+08 353£06 5244+1.0 50.6+0.9 57.6£0.9
w— a 10.5+0.6 40.1£0.5 43.7+£0.7 434+0.5 44.1+04 349+04 445+0.7 42.9+0.6 44.6 £0.8
w—d 23.2+08 54.1+0.9 69.8+£1.0 71.3£08 685+05 658+08 52.7+1.1 70.1£0.7 71.5+0.6
d—a 11.3+0.5 35.6+£0.7 427+05 425+05 45.7+0.8 33.84+04 454+0.9 41.4+0.7 42.6£0.6
d—w 37.6+£08 54.0+0.7 63.4+09 65.3£05 664+£05 68.1£06 624£0.8 68.5+1.0 69.5+0.7

FYHER®R  12.2+£0.8 37.8+£0.8 55.6+£1.0 56.9+0.7 57.7+07 454+£0.6 53.24+0.9 55.4+0.8 58.6 £0.8
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Fig.7 The accuracy rate curves in the target domain

varying with the number of labeled samples in the target
domain (Where 20 labeled samples in source domain is
selected, the source domain here is dslr, while the target

domain is webcam.)
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