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A Few-Shot Learning Model Based on
Semi-Supervised with Pseudo Label

YU You,FENG Lin, WANG Ge-ge , XU Qi-feng
( Department of Computer Science ,Sichuan Normal University , Chengdu , Sichuan 610101, China)

Abstract: How to migrate a source domain knowledge model with a large amount of tagged data to a target domain
with a small amount of tagged data is a hot issue in few-shot learning. For the problems that the existing few-shot learning
algorithm have weak generalization ability when the difference between the feature distribution of the source domain data and
the target domain data is large,a few-shot learning model based on semi-supervised FSLSS ( Few-Shot Learning based on
Semi-Supervised) is proposed. Firstly,a relational deep learning network is established by using the pytorch framework ,and
the network is pre-trained by the source domain data. Then,the network is used to predict the target domain data,and the la-
bel with the highest classification probability is used as the data’ s pseudo label. Finally ,the network is hybrid trained using
the pseudo label data of the target domain and the real label data of the source domain, then repeating the pseudo-labeled and
hybrid trained process. The experimental results show that the FSLSS model has better generalization ability and knowledge
transfer effect than the existing few-shot learning algorithms.
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1 3, Pad = 0, name = H, ), |3 x3,Pad =0, name = H, ),
BN, Rel.U BN, Rel.U

Max-pool ( Kernel = 2 x 2, | Max-pool (Kernel =2 x2,name
name = H, ) =Hyg)

Conv ( Num =64 ,Kernel =3 x | Conv ( Num = 64, Kernel =3 x
3 |3, Pad = 0, name = H; ), |3, Pad = 0, name = H, ),
BN, ReLLU BN, ReLLU

Max-pool ( Kernel = 2 x 2, | Max-pool (Kernel =2 x2,name
name = H, ) =H,y)

Conv (Num =64 ,Kernel =3 x
5 |3, Pad = 1, name = Hy ), |Linear(name =W, )
BN, ReL.U

Conv (Num =64 ,Kernel =3 x
6 |3, Pad = 1, name = Hg ), |Linear( name =W, )
BN, ReLU

3.2 failgk

FETF bR W B N 2R, 75 22 X I 4 A5 78 0 A 7 T )|
Y. SR pytorch JRBE 4 STHEZR AR 1 14 X 2% 45 4 7t
LA R IR BE F ) W 2. LUk, b YR SR AR B 4 Kl 4y
BN JeuE g AR JF U1 2R B g A 31 ¢ R 7Y
Mz, SRIG AR (D) T H SC R 45 1% ) Re-
lation Score 5 YI R4 A HSLHRZE M iR 50, &5,
TR ZEEAE 4 5%, IS 25 I 2%, 5 F1 F A
JE T BRI M 28 S50

LOLh =LY Y oot )

Horpon ARRFEAN L, CAREFEATI F RN
25 1% (A Relation Score , Y AR RAEAS 1Y HL AR
3.3 FBEEIZ%

BEAE T LRI R B, I e ) sk e e i, A
)I1 2% ( Self-Trainning ) 5{ fh R 25 ( Pseudo-Label ) 2 W5 £ ~#
A B — AR G 1 2 W 2 o R DR Ak M
BIGRd fe 15, 4 BARBUTChR I 80 f A 2 Tl
G5 06 R AU I 28 AR vh s LU, 48 T T 5 0 A R )
Jobric H R8s #E 4T W00, BE A o AR 0 B s s
ic EObRAE. SR e, AT (2) THE B AR S 1
VBB AR 25 W 2, JFF P AR BT Bk 4k 221 5
W28 80 e, B A IR U AR A i D A 45
H ARSI A 1 97 1) I 25 K54k % g 4 A B R AT TR

e
LY F) =A =SS (o) (2)

Horpn fRERHEAA R, C AURFEAFIZE, F AR
2% (% i {E Relation Score, Y fURFEAS 1Y LS HR S, A
AV R —JRHUEAE O ~ 1 2 Ji] ), HEAEL A R/
PAE T TChR 10 B o B L ) 2 o A B, (B O AU SR
FUAH TCHRIC B A5 R 14 52 M 52 JEE K.
3.4 FSLSS #EysCI

HRIEAE LS5, AR, AR 2 o) SR R AE T S 26
AN IR AT IER A 2. AR R SC3 AR RS
TCAUIZREAI N 2 B = > B30k w3 s A5 RO B
Rt Dt i s ) IS A~ B 2 ) Sk v g G
P28 R , TR A REAR 22 o) Sk A Bl — T
IRIE B 2 o). FET UL, B2 — MR O AR A5 i
DREASE IR FSLSS  HRA TR U T -

BiE1 FSLSS #>)5%M

Input: E5E D = (X, Y,f) IR SE C. K A Times.0; //C 354
T K ARG AFI IS REAKL, A S 15 R B, Times AR
WIZRUEL, 6 AT & BSUY — 4 B {E.

Output: DFEA SN KR Q.

Stepl #R4EE 3, NS D th RIS BIRE T,.S, F1 7,5

Step2 FEHLHIARALEIAL Q vh BT AT 282 I 24

Step3 while (Times > 0 and L, < 0) :

301 BURINEREE T, M E SC 4, BERLRI 3 S, = (X,, Y, .0) Al

Q,=(X,.Y..0);

3.2, BUh S, A B R B4 X, P IR 3.2, 5T

X, BIFERHFFE 12 £1;5

3.3 WUl Q, RTE I A SIS X, H SR BR 3. 2. IO ik

X, MEHBAFE 108 €25

3.4, 8 £1,8 PHEMR— MRS R &;
3.5 AR, AT RERE AR P I — A 2

Bl P A N AR F = {f s, o) s

3.6, KRR S, RREARLE S, IR T, MUAE RS O, 951

3.2, 3.4 BRI SN o, e TP 0R,

I SRR ) — I EAR 2] 5 U A vh — A S B H AL F =

Uishasfuls

3.7 By HhARAT I R BLE Fi Xof IO P 28 501 A i A AR I e S 481 )

TFRZE AL BIARZE R Y = Ly 0oy b s

3.8 R A (2) TR Q B UL L R L, ;
3.9. FIUHBHEE N REE L4 L, + L, 108, AR Q il

ZHG

3.10. Times = Times - 1;
Stepd it /DREAS S SR Q, FEILASE UL

4 LRWRERSH

N T RAEA S B ROR , S5 o I =AY
(1) HEA ERAFEA 7 S BIE X 285 (2) 70



2288 H, ¥

2 4R 2019 4

VA AL A X FSLSS 432 UR M 52 5 (3) iE B RUR
S3 M.

SE I B £ 110 328 £F - minilmageNet 1 Omniglot J& Al
GO REAR 2 o SR W P A 2 3 1 8 FF B 4R minilma-
geNet" " BARAE S 100 A~ H WL Fl, 45 Fh 22 18 11
22 SRR DR BN R AR 42, B0 Rl A7 600 5K 18
3L 60000 3. Omniglot ™" Kt 4 5 K [ 50 A A [rl
FEER) 1623 DA T EHFAE. A4/ h 20 4
AN TR NG 3 By 3#h 1 Mechanical Turk 752k 23 i 1.

AN S B SR FH ) B A B8 55 Ol NVIDIA Tesla K80
GPU V- & 5 B3 5 Linux FR 45 Python %5 #2115 5
Pytorch IR & 22 > HEZL.
4.1 FHAEN
4.1.1 RF=E

EX6(RAE) ZaEilE T, = (X,,Y,./) s
FRETY QR Q O AR A AR A E Y,
AKX G)HHE W ace(Y,,Y,") , HAEFR A O 7E5L
AT, = (X,,Y,.0) WH B — Ok, B Y 0 %
e, AR T

ace(Y,,¥,)) = 11

[y,
Y

A Z, Y.(0) =Y"()  (3)

Hrix ==y Fom: Ha=y 0, HIEHR1; H oy
i, HARHR 0.
4.1.2 MMD 555

MMD ( Maximum Mean Discrepancy ) JE 55 &% 56 /& H
Gretton 25 A\ 41 H B0, FH T it ke XURE AR B9 46 0 ( two-
sample test) [i] &, H H (12 HIWr 4> 7045 p F g 25 AH
. TELAE 2% 2 BT, — e fdi I MMD > Jig & 5 1> 43
ATV RCAR B, HH AR SR AN 3 A0 78 74 A R A0 FF
23 (8] (i A N RR Y 58 & ] o %5 (6], RKHS) o (i R g,
PR BT, AR P AR AE 23 A1 AR L. MMD [ 3158 2%
AUF

MMD(X,Y) = | %z Zk(x,.,x,)
h o
_%Z Zk(%,}’ﬂ

- LY k) e @)

Forb H 3678 30 I B 2 500 e S5 381 75 2 K
A2 ] AP AT BERR I k() Fon— D ILRREL, R
PG v % R A

k(uw)=e (5)

4.2 I 1. 5RFOERZIE R KK
SE 10 H AR FSLSS B (A
I, T FSLSS BEHL 55 H Fi U Y A B AR 2 2] T ik
RS20 H. SEBG SR E A =0. 2 Times = 50000 .6 =

0. 0001 .2 3] % =0. 001.

SR AL BRANE.

Stepl fi [l 5E X 3,6 minilmageNet $ 4k 45 X1 70 i
JNZRAE (64 28) BRUELR (16 28)  SCRedE 54k (20
) RIE RIS th D REAR S AR,

Step2 3 H|H(C=5,K=1)Ff(C=5,K=5) , ¥R
S LR IR, 3 I 2kt D REAR O3 SR AY O, A
i Q,.

Step3 F| ] minilmageNet [ 34 5 15 I 3 45 B AL
PR ZH TSRS TR A Q fERA T
FREE 5 I T i R 3 AR JE O BRSO,
AT, [RIAE 20 3R, 15 Q, 7E minilmageNet |
IES

Stepd i B & 3, B Omniglot %5 4 45 f4 §if 1200
HKNINGREE 5 423 20 3R Hilll 4 Ul gh ke
A BN DHREAR G A A,

StepS /A (C=5,K=1) . (C=5,K=5) . (C=
20,K=1)F1(C =20,K=5), 4% MEIE 1 #2558, 535
MR 43RBT Q. Q, Q5. Q.

Step6 Fi| ] Omniglot [ 57 ¢ 45 5 K 4L Rl AL ™= 2E
ZHTFHFE S FIEE, FRE S Q, ERAF SRR
5O AR iR SRS ORI AR Q, B9 IR
B, [RAER AT, A - Q,—Q 7F Omniglot | [#)i7
VS
4.2.1 minilmageNet #{IFESLIHER

#f FSLSS # I 7F minilmageNet £ 3% £ IR IR 5
Matching Nets , Prototypical Nets,Model-Agnostic Fil Rela-
tion Nets ST LG, SEH 45 R AN 2 frs. K 2
A LLE S5 way 1 shot B T, FSLSS 8 fy i 1] F 3k
2] 7T 53.85 + 0.81%, Lt Relation Nets ( 50.44
+ 0.82%) MR FRE T 3.41% , Hid T HA E
A HEDFEAR TR ;5 way 5 shot BEE T, FSLSS #AY
BIAR B Rk 3 7 71.50 + 0.69%, It Relation Nets
(65.32 = 0.70% ) (RS RE T 6. 18% , ¥ #8 3t
THE F A AR 2 2] Bk
%2 minilmageNet HHRET FSLSS B 5 BRIERMOHERFES %

RAE X L

Model

Sway P

Ishot( Q)

Sshot(Q,)

Matching Nets!'?!

43.56 + 0.84%

55.31 =+ 0.73%

Meta-Learn''"]

43.44 + 0.77%

60.60 = 0.73%

Prototypical Nets'®)

49.42 + 0.78%

68.20 + 0.66%

Model-Agnostic! !¢

48.70 + 1.84%

63.10 + 0.92%

Relation Nets!'?!

50.44 + 0.82%
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<3¢ FSLSS

53.85 + 0.81%

71.50 + 0.69%




%1

R WE R T O ARZE I W AR AR 2 o) BT 2289

Horp 13 A £ B% v A AR Z 0O 1 R 32 1 1
{8, B AR H T 2.
4.2.2 Omniglot #{EESSIHER

[RL L, ¥ FSLSS 48R 7E Omniglot %5 45 4 15 51
& 5 Matching Nets , Prototypical Nets , Model-Agnostic £l
Relation Nets fif 525 % G, SCI0 25 R dn 3k 3 fros. 3K 3

AT LA B, X F Omniglot 204545, 7E 5 way 1 shot.5
way 5 shot 20 way 1 shot .20 way 5 shot 2% E T, A&
3C FSLSS MR HUN A 1 T - i DA
PO . IR AE B BRAR Y 20 way 5 shot 241k
ST, FSLSS AL U #R AT 3K 99. 1 + 0.2%.

%3 Omniglot HEE T FSLSS WAL G BRI ER D HEARZE S 77k iR R R 3L

5 way P 20 way P
Model
Ishot( ;) Sshot( Q) 1shot(Q5) Sshot( Q)

Matching Nets! '] 98. 1% 98.9% 93.8% 98.5%

Prototypical Nets'®! 98.8% 99.7% 96. 0% 98.9%
Model-Agnostic! '’ 98.7 + 0.4% 99.9 + 0.1% 95.8 + 0.3% 98.9 + 0.2%

Siamese Nets '] 98. 4% 99. 6% 95.0% 98. 6%
Relation Nets' " 99.6 + 0.2% 99.8 + 0.1% 97.6 + 0.2% 99.1+ 0.1%
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