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A one-shot learning algorithm using support set information during training

XIN Shouyu, ZHENG Ruirui, ZHOU Yu, LIU Wenpeng, HE Jianjun

(College of Information and Com munication Engineering » Dalian Minzu University » Dalian 116000, China)

Abstract: The purpose of one-shot learning is to use a source category dataset containing a large number of
training samples and a target category dataset containing only one training sample per category to construct
a learning algorithm that enables accurate classification of samples in the target category space. The
existing one-shot learning algorithm mainly uses the source category data to train the model, and then uses
the training data of the target category as the support set to realize the classification of the unlabeled
samples during the test. Therefore, it fails to effectively utilize the information of the support set during
the training. Here, a one-shot learning algorithm using support set information in both the training and
test stages is established. The basic idea is to use Siamese neural networks to build models and add support
set information during training, that is, to make the similarity between different types of support set
samples as small as possible. Experimental results on Omniglot data set and Manchu recognition show
that the proposed algorithm can achieve better recognition accuracy.

Key words: one-shot learning; siamese neural networks; metric learning

learning) , H v i HAC R M 09 02 AR AR 22 ) BLRE AR

0 35§

TR B2 2 2] 455 AU 7 [ TR 00 A A 55 v B 7S
TR S AR A B ) el £ ) 246 A R T B
KA AR T A REAS SR I 25 S8, 7™ BR ] T RS
AYIE M. T 02, 2% 8 JT 06 G T /INREAS 2 ) ] B 7E
VT SE AR BT L BRIV AS 2 ) ) S g E AR h
FEFE A % 2 (zero-shot learning) . B FE 7R 2% 3
(one-shot learning ) I /N # & 22 > (few-shot

Wi B 2020-06-03; fEE B HEI: 2020-07-09
EEWE. BEARB#ILE (61702081 ¥ H).

57 AT 55 e A A Xk W 4 S 48] 2 A I T AT L RE
WL 1] BB Y A7 1], LA Sy BR 4 2% 7 X 0
IUREAS BEAT 2328 L Xt R AR SC AR B 5 1 A9 £
B DR JEE 7 2] T R AR VE 2 00 AT 55 LR L
A=A TR 3 b 07 35 4 T 31 R AR 24 2] SR 1Y
DL OC TR AR A o) O BTk B TR A
5 A0 L A B R 0 R T LSBT A4 B HE 4 R
BEAE B Lake 5500 42 Y AR )2 B T 2R AT R

EE BN F5FF, B ,1995 FA4, WL A WF5E 05 1] IR 2% 2. Email : xsy2268745113@163. com

BIRAEE . WHEZE /R %4, Email:jianjunhe@live. com



1188 TEAFHRRXFEFIR

% 50 %

Y 5 DU 307 4 2 AR A 25 A 10 PRORE AR 2 2] Bk
TE S B ) 800 b 2 rb, DR R AR R R 2%, B R AR L
LR TC VL AR IR A 30 A AT E T AR 2 )
A 5% JF I OC 3 H A 5 v 0 BE R A ) Mot e
SRR Ty, AR BRI 2 1 £ 43 2 )
FAE s n) A B, B OG 1 R A A AL a8 R A ALY
[A] A, 4 Koch 57 $EH T FH T s AR A & H 3R 51 10
25 A i 25 Y 4% (siamese neural network) , B 5E i i
— AN W B 3 TR e ) AR AR R S W) 4% Ok it
TNk 8K Ja I 25 52 L I 28 >k ) 3l B0 R A
AR RRE , B S5 38 2 LA SRR AR R AR AN R
AR [F AT AR AR R R BT 55 . Oriol %1 41
H T VEBE W 2% (matching networks) , H Il 25 5 85
328 85 4 A7 LA “ 4B Cepisode) ” YT AT H 4. N-
wayl-shot FJ{F 55 SEJR48 N Fh 2 5] 19 B0 4> FE AR
A SRR T LR A aX N Rl 28 50 i) Al A 1
R R A 1 — W YI 25 B A 55, b Ah , FE SR
MRS p, AT 2 M o2 S /0 g7 ik, W
Adam ZE9 R T — i A2 1 5 b 28 I 45 L PR A
> 62 2 L A 0 B L PR G 2 B e X — A
REAR YEAT HER TR, Chen 210 T —Fh 3T
JG2F 2 1 R EAG AR B HE 2R DL e AR AR 2 2 )
AL IS T AR & R R

IREEAT O FLRE AR 25 o] W BIF 5RO Tk AR EUAS T
AR GF B 3R AR A 25 e I sk AL B AR 250
A bR E B A REAS R AR I B 5 S A AR T
PAANREAR AR SRy S 3 4 O S B0 R bR TR AR AR 1 40 25
A SCHEST T R R ) (R AR A N 25 AL O BB
BETE T 28 A 2% 14 51 2 oR B3, 76 DI 25 B X S R 4R

PO 3 B8 B 0 0 S AR A AR S SRR A AT AR
APURAE 55 o 10 B AE I R Ass B B 1) H SRR 1905 8
T s AR TR X 2 i S A 4R R AS W) S8 0 AR R Y X 53 g
3. FATHE Omniglot %4415 4 F SCEE 4 1 50 HiF
THEZERMRE. L AEIETT T 1E 20-way 1-shot B
s TSR, kRN E R 2 n B
Yy TR A A B9 51 2, i 317 T 78 200-way
1-shot ¥ 5 T RYSL R, SLH A4S R AR SCH B 1Y
FRTE X Wi R b 5 T AR B iy R R

1 tHXIE

G T B AR R O 3 14 F 5 R R A
A R B R AT Y. I Li AEY 5L AT DU AR
BHE 2RI 56 R 2 s D BT 2 80 L B HE R
J3E o B, 3 ok DU 3y Ok 92 BB R UL Lake
SEURRI T AT S R OC AR 4y 2 DL S
BERY, AT LAy 2] 22 ) 1R B B 8 BE 2, OF HLRE M —
A TG AT ER R AE RO HE) . Ruslan 28042 T
— N3 JZE DL S A 2 R R K AR 20 o 4
AT SO I 25 5 AR 285 19 B AN s o1 L A
U] LAY 25 4 W7 A 2 0] e T MR A 2 S A
TS BL B REAR 272 ) L X 607 1 AR fe W N A RE AR 7 )
P T — ARG A BB ER S B ) B R i BOHE A
AT A A o AR AL 3R A B TR DU G 9 e M i o
BAREAS P 1 52 s ] AL

RS ] — EH MG A KRB, Juy 1
AR e i i K A9 I R AT 55 2% > 2 N AE 9 o0 R
AT FE #5 DR i b BT 19 [R] AT 55 o 3 MR AE AR =
2T H AR BOE & — FE Y. X8I0 ) 1Y FE TE R
A E/N AR 1 37 5T AR R TAR B B &R,

AE A I Z AT i A HCAN ) 26 53] 1] 139 4 01 B2 . AN

( Xbase Lhasu | erwl ]‘uowl Xb e me.e erwl I‘unwl )
R e Inn | EXS NT | FEREE Trw | E XS W T s
T LA (o) $ 18 1 ]| [T L4 L o] T 1T | Fomm]
ST I E R RN e FR T i F ¥R Fir
- Sampiing from X, .. X 0 W 3 Sampling feom X, O
s N i ) D N
'7)”_(”" -3:) i l \ / ]jipon _TDMI 2 N\ 'v l)lr'am i é £ \ / igmn ‘r test I \
ildu ildu Id: > : ildu Idu Idu )
l'iH{H‘ | -m‘;; ILH{H; l -m;
= i % | —— | i i
I idu"r;bi H |d}nbi H ida{mbi I | dambi H dambi H lda{mbl I
E T e 2 | 4§ i SN SN - | 44
| ilanhuun H ilanhuun ” lanhuun | / \ ,m‘ \ | lanhuun | | ilanhuun ” ilanhuun I/ \ Iml
I Construct training saple pairs | 4 Counstruct imining sample pairs |
G U SR VAR SN SN O O U SN T S i S S
:’::t?,,‘: su|:‘|::)r WW m‘l | idambi H ildu I [ echike Hpalalmr I I echike |‘ I et echike || pataktir | hilik
x, L {/ ;:l;gor)-, ' ,'\‘3 ; 5 x, A, {1 3_ \g \g: !q“cnl\_ é ; ;
otherwise | | 147 I idambi H idambi [ [ patakr | M achilike || | | ’
y=0. : i
RO yE BBV O OB B\ vE B [

BB Building model

(2)

~.v Building madel

network

prediction

¥, ﬂﬂiﬂ.—""“‘." > )
*,_‘.
5 |1

N i
Deep flx.x)>y _ :
neural X, | [0+ prediction i
network S
= |-

(b)

B1 (ARGEZXINGEIRE, 0 AXIEZNIIGTRE

Fig.1 (a) is the training process of traditional algorithms, (b) is the training process of the proposed algorithm
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Fig.2 The structure of the Siamese neural network
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Tab.2 Comparison of recognition accuracy
on Omniglot dataset

Algorithm 20-way 1-shot 200-way 1-shot

Siamese Neural

B 88. 270 53.89
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Ours 94.2% 61.2%
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Fig. 3 Image examples of different fonts of Manchu
words in the same category
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Tab.3 Comparison of recognition accuracy on Manchu dataset
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Algorithm 20-way 1-shot 200-way 1-shot

Siamese Neural

B 89. 67 77.479
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Matching Networks'® 95.7% -
Ours 97.2% 87.4%
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