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Abstract: Objective Few-shot learning image classification aims to recognize images with limited labeled samples. At
present, few-shot learning methods are roughly divided into three categories: gradient optimization, metric learning, and
transfer learning. Gradient optimization methods usually consist of two loop stages. In the inner loop stage, the base model

quickly adapts to new tasks with limited labeled samples; in the outer loop stage, the meta-model learns cross-task knowl-
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edge for good generalization performance. The metric learning method first maps the samples to the high-dimensional
embedding space. Then, the correct classification of the unknown samples is completed according to the similarity mea-
sure. The transfer learning method first pretrains a high-quality feature extractor with a large amount of annotated data and
migrates to fine-tune the classifier. Thus, the model is suitable for the current task. The existing few-shot learning methods
based on meta-learning assume that the training and test tasks are the same or have a similar distribution. However, these
methods face cross-domain classification challenges, such as weak generalization ability and poor classification accuracy.
In the training and testing stages, the few-shot learning method based on transfer learning does not consider the inconsis-
tency of sample categories. It also fails to leave enough feature embedding space for new category samples. On the basis of
the idea of integrating transfer learning and meta-learning, we propose a model of compressed meta-transfer learning
(CMTL) to improve the cross-domain ability of few-shot learning. Method The method is mainly composed of two aspects.
On the one hand, for meta-learning, the prior knowledge generated by meta-training is used to complete the classification of
the target task. When the source and target tasks have different data distributions, the base class data used for training
comes from the source domain natural dataset mini-ImageNet, whereas the novel class data used for testing comes from the
target domain medical dataset Chest-X. The meta-knowledge acquired by the source task training cannot be quickly gener-
alized to the target task because of its lack of universality, which further leads to poor cross-domain classification effects.
In this study, new auxiliary tasks with strategies, such as random cropping and gamma transformation, were constructed on
the support set of the target domain during the testing process. These auxiliary tasks fine-tune the meta-training parameters
to improve task adaptability. On the other hand, for transfer learning, the sample categories are consistent during training
and testing. Thus, the feature embedding space available for the novel class samples is small if the deep learning model is
optimized with the traditional softmax loss function. This scenario further leads to the unsatisfactory feature extraction abil-
ity of the model and poor classification accuracy. Given the above problems, this study proposes using a self-compression
loss function in the pretraining stage. This loss function adjusts the distribution position between prototypes of the base
classes to make the base class samples concentrated in the embedding space and reserve part of the embedding space for the
novel class. In the fine-tuning stage, the novel class with large domain distribution is guided to obtain expressive features.
The existing studies on cross-domain few-shot learning show that meta-learning methods perform well when the data distri-
butions of the target and source tasks are similar. Conversely, transfer learning methods perform effectively. The ensemble
of prediction scores of the above two strategies is regarded as the final classification result to take full advantage of the above
two methods. Result This study compares the proposed model with several state-of-the-art cross-domain few-shot image clas-
sification models, such as graph convolutional network (GCN) , adversarial task augmentation (ATA) , self-training to
adapt representations to unseen problems (STARTUP), and other classic methods. Compared with the current state-of-the-
art cross-domain few-shot methods, CMTL has advantages, as shown in the experimental results. In the testing phase,
extensive experiments are performed on the 5-way 1-shot and 5-way 5-shot settings to complete the validation of the model
and ensure a fair comparison with advanced methods. The experimental results show that on the 5-way 1-shot and 5-way
S-shot settings, the mini-ImageNet is used as the source domain dataset for training. Moreover, the effectiveness of the
CMTL on the EuroSAT, ISIC, CropDisease, and Chest-X datasets is tested, and the accuracy rates reach 68.87%/
87.74%, 34.47%/49.71%, T4.92%/93. 37%, and 22.22%/25. 40%, respectively. Compared with meta-learning and
transfer learning models, our model achieves competitive results on the 5-way 1-shot and 5-way 5-shot settings on all cross-
domain tasks. Conclusion This study proposes a cross-domain few-shot image classification model based on meta-transfer
learning. The proposed model improves the generalization ability of few-shot learning. The experimental results show that
the CMTL proposed in this study combines the advantages of meta-learning and transfer learning methods. It also has sig-
nificant effects on cross-domain few-shot tasks.

Key words: image classification; few-shot cross-domain; meta learning; transfer learning; few-shot learning (FSL)
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WEARZE | 2000 ¥t (R SCRFAE AR A 22 RS AL P A
ARIUE 14 2 ) SR AR A B O AR 28

DAL 55 A= B R AN 1% 1

kBN T, B AR

A AL R SCHRRER S, AR R R AR R
num , BSEA, A,

iy CEr R B AT 55

Forx,in S,:

For i range (num/5) :

A= random. random( ) ;
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(a) Sl : (b) s (© BEpLHAT (&) BB A
El6 Bl
Fig. 6 Data augmentation ( (a) original image; (b) gamma transform; (c) random cutting; (d) color change)
(A <A S, =SSL(Q,; 0.,) (7)
%, B4R 5 FEI R B B, B BRI [R]— 4 55 rh AR AR 433
elseif (A <A,): ML BL-SSL AR B RS T B b | 75 280 6 iy #0434
x; FEHLAR Y ; S, S, , K P2 T 5385 50138 3 softmax bR T
else: VA —Ak, B DR AE T o 7 2 A ASE Y RE  IRT AH ] Y
xS A5 4 5 FUE , e B [A]— B w3l 0 3 A 55 425 79 o A ke o 34
End; TINS5 SR A A B A TN 3
End; 3.2 HERE
R EIAESS To HR A bR e, 78 I 2R B BOR: U5 S8 i A

A A 8084 i B AT 55 7, SEAT RO, B AT S0
J B e A e S R S 1 T Y AR 55
0,=0,-av,L(T,.;0,) (5)
b, 0, FCRVIZRR B B2 AL M 28 S5, o AT
IR 27 2] 2 L,( T, 5 0, )RR TR 4 )
155 bR 52 SURH 2R RS
TEMR Y B, K B AR BT 55 A R 0 S 45 B
b BRI A HER BT 55, DAOTIIN 2R 5 sk S o
JE 1 [ 2% Metric, Hivh, R 3086 FT 2 T R MCEG 3 (]
2B 1 VT A 228 ) 4% AR G PG 4 ) 1 B 2 o 2% 533
Y0 Metric (2, 5 )i i A0 2o #9324 19 2% Met-
rie Xof A5 Y A R AR IBCH T K. BAAy
S, = Metric(Q,; 0,,) (6)
e 2, R Ais B AR 55 T I REACR
AT AT R B s 4R A . e T B0 2R B, (T AR
AR R, TR BRI REAR o 408 10 25 TR 75 DU 4, 1
I H AR RAEARAE A ZS [N SEM . BT LA,
[#] 7 BL-SSL A He b I 2R B B ) R A B2 U 2% f,
AR R] — E AR BT 55 v ) SCRF AR RO 2 e 43 26 2%
SSL, LABRIBGE N 24 Fi AT 55 19 7 264 2 50, I
J 3 3 532 SSL X A 1) 45 43 28 I 3R IBCHC Xk 1z F5i )
I, BARH

FRAEHR A R 2% , SE 5 Aoty > FE #2752 B
SRR TR B, B T IO A R 5 T R 2
2T > Iy B AL RD AR AT 55 24T 4 2T
I RO B B R AN SRk 2 i o
Bk 2:CMTL 2 > Fik
HiA-0,.f,, HARES5 o
i i AL AP RAE R
For each eposide:
FIARE 55 R B SRR S, ATiAIAE Q5
For epoch in params. fi_epoch:
[#] 7€ HRAE SR U 2% f, 5
TR 7245 SSL;
0.,=0.,-BV, L(£(S));
End;
AR 7325 4% SSLs
S Adntgsg, (AT,
For epoch in params. ft_epoch:
0,=0,-av,L(T..:0,);
End;
AR 5 A B AR Metric s
S, = Metric(Q,; 0m);
S, = SSL(Q,; 0..);
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End;
IR AR SRR

4 L I§

4.1 HIFBEMLIET

AR SCHE 5 A2 B /DR AR 55 35 RS oy S B 4
AT RS S 2, 0AIE CMTL AR AR (A5 R4k -

1) mini-ImageNet. 2 FH T I 2k 1) I A 9 4
J& ImageNet 04 £E (Russakovsky 55, 2015 ) H i 25 )
TEOIRAE 55 Sh W A A5 A e LY 100 -2
51, B2 E 600 W G, R Tl 2 AR AR B o
SES I TR B 100 28140 64 M52 |
16 /™35 3iE 28 1 20 MRS, EIMGHLAS O 224 x 224
BE.

2)EuroSAT(Helber % ,2019) . & F L1 H
PRIREHELE | b TR R IR G, o 5 A B A
1002, 4120 000 8 FEG , EUSHAE 2 224 x 224
BE.

3) CropDiseas (Mohanty %5 ,2016) . & F T
() H AR B A S AAE Y B AR A% 384>
26, 54 300 ME G, G HIAS Ry 224 x 22418 5K .

4)ISIC(Codella % ,2019) . & FH T3k &9 H b5
B AE | S B R R 0 ZR A B AR L 9
25, 3£23 000 MEEG, G HIAR R 224 x 22418 K .

5) Chest-X (Wang %5 ,2017) . 2 H Tl ay H
PRISEARAE B XOEEE A 144025, 48112 120
R EHR , UG FIAS S 224 x 224158 %

TESLE 62 ) 2 i U Zkad 2 2R ) Adam
Ak ss, % Fa = 0.001; 7E 3T % > BL-SSL A Bk
A9 I 2k | B o AR SR B SGD Gk #% L 2% ) R
B =0.01, ASCRF/DHEAR B AR HEEAR 5-way 1-
shot & 5-way 5-shot, [F] B A f— 2R A 15 i G A
AAE R WL NGB BL, T > AT 55 AR
HIeZ 5%k, IR SR 4 AL R AE 100 ME:
FAER—1 epoch, YN LR 400K . iTF2= > LB
2207 KB 50 Gk, RSB 5 v A — Uk B L
FHHL 64 18 FEUZAE N — epoch, 2125 400 % . 7E
BB, AL H AR TPl 2 000 ME 555
W, b 76 BL-SSLABLH (A i B B, il AT 55 b
() SC R SRR A3 2848 R Bk 100, BRI ITE A
BREAALIR I /IN A 4, 17 #E 7T 0M By B A AT 55 b

(1) S RFHE A U BT 55 oA AL g e A p S8
A R0.5,0, 0.8, YIEZRKEH 20, A= U I FEA
B Ry 25, 2 WA INAAT 55 (1972 Top-1 #E
TR ESh &2 S

A 3C R H A B8 R 25 5% 25 NVIDIA RTX 3090
GPU F & ; #:1E & 4 & ubuntu 20.0. 3, Pytorch
HEHL,
4.2 ZTWHERSHF

i CMTL J7 ¥ i PE fig , £ 2% mini-ImageNet
YE b U 38, 43 ) LA EuroSAT ., CropDiseas , ISIC F1
Chest-X 1524 HARSSE U BAM2M. Horr, 2E 8%
J Y 0 45 A A B A HE o CMTL(PRO) , 2648 &I 4t
25 W L5 AE hy B A E O CMTL(GNN) o 5256028
ML 1R
4.2.1 mEiFh

MFE 1A LA, CMTL J7 5 7E S-way 1-shot Fl1
5-way 5-shot 5 3 K4 73 AT 55 1 b #B A B4
FHL, IF HL5 B B2 ML i) A B A 5 35 PR 43 S5 A
LG A SCHRE Y CMTL )5 3 B 3. Hi,
FET 5-way 1-shot (IU1E 551 , 5 ol /DA 5 35
B4 539 GNN+ATA J7 16 HU B, AR SCHEHE 9 CMTL
7 ¥ 4E EuroSAT ISIC | CropDiseas 1 Chest-X % #f5 45
A HIHRETE T 7.52% 1. 26% . 7. 45% F10. 12%., #H
BT RO YT RS 24 2] STARTUP J5 i, % T 7E Chest-
X B 5 4 bR IR 9% )5 A A, CMTL J5 i 43 il 7E
EuroSAT. ISIC Fll CropDiseas %% #fi 48 I #& F+ T
5.97%.2. 13% F1 1. 62%. i 3& T 5-way 5-shot 4T
FWE , GRS GNN+ATA J7 B 1, A 3007
15 7E EuroSAT ISIC , CropDiseas Fl Chest-X %5 4E I
Iy HRTE T 4% 4. 8% .2. 78% F1 1. 08%. 5 HH i
E# 2% > STARTUP J5 % FL %, B T 7F Chest-X B4
fE FRIRS K5 T # , CMTL J5 V£ 7E EuroSAT  ISIC
Fl CropDiseas £ 45 45 173 42 7+ T 5. 93%.3. 23%
F1.68%. SE4 45 SRR BIHR I B CMTL 77 A
Rk
4.2.2 ML

M IO IR L5 T LU, $2 H ) CMTL
T3 15 REAR L b figp ke /D A AR 5 B VR G 2 ) i, G o
BL-SSL A5 e v () FFAF i A 265 RE 78 43 1 BUE Sl =
B IRRIEAS B o X IeaE 2T B BN G A 1) SR e
A U BT 55, RE A IE— 2D RO Y | I AR 235 &
M TS AE S E . K T FAT S5 1w
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F1 SRFIEESLEE L RRER

Table1 Compare with the different cross-domain classification algorithms

UGS
S EuroSAT ISIC CropDiseas Chest-X
5-way S-way S-way 5-way 5-way 5-way 5-way 5-way
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Mat-net( Vinyals 4 ,2016)
Pro-net(Snell %,2017)
Rel-net(Sung 45 2018)
GNN(Garcia F/ Bruna,2018)
GNN+FT(Tseng % ,2020)
GNN+LRP(Sun %,2021)
GNN+ATA (Wang Fll Deng,2021)
Baseline(Chen%%,2019)

60.26+0.4 75.82+0.3 32.49+0.3 44.02+0.3 62.68+0.4 84.05+0.3 22.06+0.2 24.84+0.2
57.62+0.4 80.14+0.3 31.05+0.3 47.50+0.3 60.44+0.4 87.72+0.3 21.92+0.2 25.92+0.2
49.08+0.4 65.56+0.4 30.53+0.3 38.60+0.3 53.58+0.4 72.86+0.4 21.95+0.2 24.07+0.2
54.61+0.5 78.69+0.4 30.14+0.3 42.54+0.4 59.19+0.5 83.12+0.4 21.94+0.2 23.87+0.2
55.53+0.5 78.02+0.4 30.22+0.3 40.87+0.4 60.74+0.5 87.07+0.4 22.00+0.2 24.28+0.2
54.99+0.5 77.14+0.4 30.94+0.3 44.14+0.4 59.23+0.5 86.15+0.4 22.11+0.2 24.53+0.2
61.35+0.5 83.75+0.4 33.21+0.4 44.91+0.4 67.47+0.5 90.59+0.3 22.10+0.2 24.32+0.4
57.45+0.4 76.11+0.3 32.06+0.2 43.48+0.3 62.60+0.4 84.01+0.3 21.87+0.2 24.77+0.2

STARTUP(Phoo fil Hariharan,2021) 62.90+0.8 81.81+0.6 32.34+0.6 46.48+0.3 73.30+0.8 91.69+0.4 22.87+0.4 26.68+0.4

CMTL(PRO)
CMTL(GNN)

64.45+0.4 83.49+0.3 33.31+0.3 50.21+0.3 71.77+0.4 91.23+0.2 22.30+0.2 26.28+0.2
68.87+0.5 87.74+0.3 34.47+0.3 49.71+0.3 74.92+0.5 93.37+0.2 22.22+0.2 25.40+0.2

T IR R 7R 45 B e 45 3K s Mat-net: matching network ; Pro-net: prototypical network ; Rel-net: relation network ; GNN: graph

neural network; GNN+FT: graph neural network feature-wise Transformation; GNN+LRP: graph neural network layer-wise relevance

propagation; GNN+ATA: graph neural network adversarial task augmentation; STARTUP: self training to adapt representations to

unseen problems; CMTL (PRO) : compressed meta transfer learning (prototypical network ) ; CMTL(GNN) : compressed meta transfer

learning(graph neural network ) .

SYERLG , TT LU R ZE 53 88 2% ) Rt > Jr ik
E e SR 7 W [ R = 2N 23 D A I R 8 i ) 1 TR
TIA BR T TE Chest-X I By B IR 43 28 R B A, CMTL
(GNN) R S AA 1) 125 50 53 25 PR g = T CMTL(PRO)
B 3R R T B SRS A AT 55 v AR RR IR 28
[ 1) 3 i 2 ROF T REAR AR SRR AR AR 2 22 (]
(VR 2R, I IR 235 8] i 19 v AN O T A v AR AR AR
5 SRR AR M, R AR M A EE R .
PenT LA TR IR G2 [a] i 5 0y =Xl T
REAR S G 3 AT 55
4.3 HERZLIE

T WS CMTL J5 ik v 280 B 206 T/ FEAC 5
35853 2 A S 1D S T, 9 S 5 SR FH 9 A a3 1Y)

WoE k.
4.3.1  SSLAT F B Box 85 3840 S VR >R 1Y 52 i)

T W 5% BL-SSL A H i SSL A FH By B X 52
55 43 UERR ZE 52, 43 5 7E 5-way 1-shot 1 5-way
5-shot {155 I, L 4 FR B 45 11 25 5 45 4 2 i
WA R ITAG R, EA T I R SC 5, 45 R AN 7 s

e SLARERA ] softmax loss, SSLACF A HH A FE4ii it
RERE, SLASSLAY 2 Bl 2k By B A H softmax loss,
TR B B A 48 453 2% pREL, 7F 5-way 1-shot I
5-way 5-shot {T: 55 € T , 7 EuroSAT. ISIC ., CropDis-
eas Fl Chest-X £ 408 52 |- 14 - 1 35 3l o3 S Wi o 2
42. 5% F156. 3%, 45 R R, 7E 10 2k B
T i Be 25l ) SSL B 3k B d5 -5 1l 2 A 36
350, N EuroSAT H BEHL L £ 5 4> 51 1) K i
¢ 1E #F 17 T-SNE (T-distributed stochastic neighbor
embedding) FJALAL , 5 SR WK 8 I . T-SNE AJ#LAL

05 S-way 1-shot ®5-way 5-sh0t|

59.4
60F 583
55.1 56.3

551
50F

HETRR /%

447 454
45t

412 425
40t

35

SL+SSL. SSL+SL. SSL+SSL

SL+SL
7SS FH B Be V-2 B bk 4 v fff >R

Fig.7 Average accuracy at different stages of the SSL
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Fig. 8 T-SNE plot of EuroSAT((a)SL; (h)SSL)

FH Al FH SSL A B A I T AR A I RRAE R 1, 42
TP 37 SR A R A AR IR S 0] A A3 (R T R, e
TR RE R, RIBREIE B T 3 AR A8 2% > /D AR AR
BRI rfrg | N SSLAR 2K pRER RE AT A58 THAS R (1) 125 5 /5
e
4.3.2 PRSOGB4 2 R SR 5

R TR B AR SO o Al 0 A ot A
S B B 28 0 28 R A B (GNN-FT) . BL-SSL A
LK W 25 43 Fm 45 SR i il o8 s SRR 4y
L G NFE 2 R, LA, BARES IR

5 B 5N, H b 88 s 45 f EuroSAT Fll CropDiseas
I, GNN-FT 1585 1 5 46k 53 S i 52 0 T BL-SSL A
e, ) Z BL-SSLBEHL Y 5 50 73 S HERA 22 0L T GNN-
FTRLE, WA SRl G 1 D7 R 7E 4 FR i B
A5 1) 25 43 ZEE B SR AE S-way 1-shot {155 H , A%
BL-SSL I GNN-FT #5435 5 Hh 4. 2% il 1. 8% ¢
5-way 5-shot {F: 55 Hv, B 5 o3 S 5 A 5, AH 4K BL-
SSL Al GNN-FT B He 73 5] 55t 4. 3% F1 2. 1%, 25
SEILR Al T 43 2 T 4 R FR T D R AR B
MG A3 JE MR R A 50T

x2 HBSZE BMREN TS EEHERIZIM

Table 2 Ablation experiment:a single model on experimental classification

GRS
" EuroSAT ISIC CropDiseas Chest-X
St
5-way 5-way 5-way 5-way 5-way 5-way 5-way 5-way
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
BL-SSL 61.51£0.4  80.85+0.3  33.59+0.3 46.40+0.3  66.32+0.4  86.87+0.3  22.02+0.2  24.73+0.2
GNN-FT 66.43+0.5  85.04:0.4  32.14x03 46.31+0.3  72.48+0.5 92.09+0.2 21.92+0.2  24.56+0.2
CMTL(A3C) 68.87+0.5 87.74+0.3 34.47+0.3 49.71+0.5 74.92+0.5 93.37+0.2 22.22+0.2  25.40+0.2

T L SRR 5 8 B A2 2R

4.3.3  GHBOT S5 XS S5 25 0

R T DN T s A e A T A AT 55 R S
G | e R N B &/ iy D O 28 S
SR, AR SO FREINNRAT 55 A T REALER 5T
P00, 72% 6 RN AR 4 B PR T B BIL A G T2 U B
1555 SEER b K Il b 25 0 245 1 BL-SSLASTER J 25 43

RAGR ARG N R AR BN 2R a5 0. Ko,
None /8 Al BIT 55 25 60, ACH]H BL-SSL
R LR I ok 28 [ 28 4 3 ; CC+RC R Tl B AT 55 2 B
L e T BIL AR 3 5 W A 1 CC+GT 2n i BT 55
ZBUE SN DAL SR A s RC+GT Al BT
55 £ WAL TR =5 A8 46 SR A 7l 5 AR SCOEE 1 7R
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BN 5 th A SCH M PR I A DT IR AR L SRS
RUNFK 3 PR, LA R R MET AR SOk 142
H AR BT 55 A2 O 05, BERLER T B A 4 A

AR AT T P S 10 5 SR 2L 5 JE RS ) Al B A 5 0
2 BB B JMER R OF 0 R F AR T, Se R A R
—2 B T ARSOIT IR R T S R S B4 R

R3 HRMXE HEESWTAEEBENZ

Table 3 Ablation experiment: auxiliary tasks on experimental classification

LIGIRES
i B AT 55 EuroSAT ISIC CropDiseas Chest-X

5-way l-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way l-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
None 60.61+0.51 80.28+0.57  31.45+0.23  45.21+0.31  65.81+0.55  88.68+0.33  21.92+0.21  24.88+0.23
CC+RC 64.60+0.52  85.88+0.43  33.44+0.21  45.08+0.31 67.55+0.49  93.02+0.32  22.00+0.20  25.43+0.23
CC+GT 68.92+0.56  86.28+0.55  32.85+0.23  48.72+0.31  70.11x0.55  91.80+0.33  21.95+0.21  24.90+0.23
RC+GT 67.79+0.42  84.89+0.51  34.10+0.23  48.22+0.32  72.79+0.53  92.76+0.31  21.99+0.20  25.35+0.23
AREET 68.87+0.54  87.74x0.51  34.47+0.25 49.71+0.34  74.92+0.52  93.37x0.37  22.02+0.21  25.40+0.22

E ML TR R S 5 e LA 2R

5 & &

JL ) IR 2T R it A A B S I A 7
RGBS M55 , 9 ST B4 BRARTEAE A N
BN BB BRI IERE T A LR T CMTL T 3%,
I KA SR UE S T A SO A B A R

ARSCHY EE TAEI 9 340 J5 1 - 1) T oo,
S AL 55, T RO SR 2) B T i i
72 2) 4 A BL-SSL LB SR - HARME 55 AR AE
W5 3) Bl 5 3 A% 5 >0 RG> 0 23 A4 5 12 g
RO B S R Y KA 55

ARSCHR I CMTL U7 i BAR BERR K2R i D AR
B 38 P50 0 G B8 22 A5 INTISE (EL S ) 8 Al B 4 55 B
B PR R  ANE 2TiT , Fil 5 P BRI 23
FEMABEIRA o AR AR 2 kS B SR U] A 1
A TE R BIAT S5 AN Aer A7 S5 5 A R T
S0k A R L A R TT AR5, 2 ol 2D R AR il P 5 7326
BT BA G r iz BT
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