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Abstract: Due to the scarcity of labeled samples, the class prototype obtained by support set samples is difficult to
represent the real distribution of the whole class in metric-based few-shot image classification methods: Meanwhile,
samples of the same class may also have large difference in many aspects and the large intra-class bias-may make
the sample features deviate from the class center. Aiming at the.above problems that may seriously affect the perfor-
mance, a few-shot image classification method with feature' maps enhancement prototype (FMEP) is proposed. Firstly,
this paper selects some similar features of the query set sample feature maps with cosine similarity and adds them to
class prototypes to obtain more representative prototypes. Secondly, this paper aggregates similar features of the query
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set to alleviate the problem caused by large intra-class bias and makes features distribution of the same class closer.
Finally, this paper compares enhanced prototypes and aggregated features which are both closer to real distribution
to get better results. The proposed method is tested on four commonly used few-shot classification datasets, namely
MinilmageNet, TieredlmageNet, CUB-200 and CIFAR-FS. The results show that the proposed method can not only
improve the performance of the baseline model, but also obtain better performance compared with the same type of

methods.
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STy ik PR RE L A A X S 500K T 4R
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HEAT EHR , e W) 28 O i (LA =) AT 4T L

FMEP 5 H.Ath % kb /7 ¥ 7€ MinilmageNet , Tiered-
ImageNet, CUB-200 L) & CIFAR-FS 4 P %¥i £ I Y
SRR R RN E LR, HTATEE, K
53 77 SR FH B R AE B2 R 2 ResNet-12, (il S /2 -
a-TIM FT 45 25 2K FH %) J2: ResNet-18, 1 “+7 175
1 ; CGC #B 4345 S % H %) /& BigResNet-12(ResNet-12
L2 @SN 64,128 256,512, BigResNet-12 #: 1
JZE B %N 64.160.320.640) , FH“"#EfThRTE. F1
' Meta-Baseline J5 i J& A8 SCIY FER ALY 47" 1) Jr
P Feon , FLP X IO B BT AT B SR 25 AR R e R
RS B0, By AR IR0 S i A g S R L
G TPN 25 53k I T CAN 18 S0 6] L 5256 v 45 1 iy
WER SR8 5, LA J7 1% 1) 485 R ) L B F U i ) i
I8 3C o +7 i BT R P B R AR B S K
95% 1 I 5L T Ay i 22 AL PR, 1205 2 AR BRI 1133 v ok
H TR G 125 v SRR RS X il ik T 1
TCAE 55 W PR R b At 2R o W p i 22
FRIF A AR za/zx% L Ho e B A5 K R 95%
LG LR 2y, FIEUE R 1.96., 7E MinilmageNet i 5
451, FMEPAH H F S £ #1741 Meta-Baseline, 7335 1
fifi % 1 5-way 1-shot ( 7£ 3 H &% Swls) fil 5-way 5-
shot (7£ 3= H fi #% 5Swbs) ik & R il 8 7+ 1 5.21 4
T R 220 3 [FVEFE R B A5 AL T L A
% b vk H e i B9 TGAN J5 3 Fi1 CAN J7 ik, i
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shot 4 BT ¥ FH] ResNet-18 [ o-TIM 7 i % 25 0.89
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Table 1  Average classification accuracies on four popular datasets %
MinilmageNet TieredlmageNet CUB-200 CIFAR-FS
Method Model
5wils 5wb5s 5wls 5wbs 5wls 5w5s 5wls 5w5s
Inductive ProtoNet** 56.13+0.45 75.70+0.33 59.11+0.52 75.30+0.42 74.35+0.48 88.50+0.25 57.67+0.51 82.65+0.35
Meta-Baseline*"” 64.24+0.46 81.28+0.31 72.32+0.50 85.18+0.36 78.18+0.43 90.04+0.23 73.82+0.47 86.45+0.33
TPNU! 59.46 75.65 58.68 74.26 — — — —
TEAM! 60.07 75.90 — — 80.16 87.17 70.43 81.25
CAN™ 67.19+0.55 80.64+0.35 69.89+0.51 84.23+0.37 — — — —
BD-CSPN™ 65.94 79.23 76.17 85.70 84.90 90.22 — —
Transductive
o -TIM®! 67.401 82.50 74.40% 86.60+ 75.70F 89.807 — —
(ofclol 66.73+0.22 80.57+0.14 77.19+0.24} 86.18+0.15} — — 76.80+0.70} 86.40+0.50%
TGAN™ 68.73 75.61 70.63 85.22 — — — —
FMEP(Ours) 69.45+0.53 83.39£0.30 77.60+0.55 86.19+0.39 84.89+0.45 91.56+0.22 79.82+0.50 87.66+0.33
AT OLT AR T X He 7 s i e 19 BD-CSPN i, JllifkAT .

HERR R 20 = th T 1434 43 551 0.49 1N 43 45
55 2 B o KRR E 4R B 19 U7 7 (a- TIM AT
CGC) My R HAFEF- . 1F CUB-200 £ s 4L I, 53
LR BLAY A L, 43 S UERR K AE 1-shot 1 5-shot (15 B T
SR T 671 4 UM 152N 43 a5 A T
X} e 7 s Hh e - 1) BD-CSPN J7 ¥, 76 1-shot 1Y% B
T IEAAH[F , 7E 5-shot I BEE T 5 T 1.34 4 H 43
Mo 7E CIFAR-FSHHli 4 I, I BE AU A L, o 2
1E 1 2R #E 1-shot 1 5-shot 19 1% & T 4l 2 7+ T 6.00
ANE AR S L2014 H 43 8 A L TR b T i v R
() CGC Jr ik , e 43 0 i 17 3.02 4~ H 43 A
1.26 4 F 43 s . Al UL 7 4 B 4E 1Y 5-way 1-shot
Fi15-way 5-shot (1% & T , 5 XF bt 77 40 L FMEP %
R T B R R . AR LA LI 45 R ik
AT LR B 7E 1-shot Y 158 B 1 M i 2 A0 45 T s 38 1
FEZE LY 5-shot BB T K, RUY SR h A A
B LI ARAR 0 SRR SRR 5 LI ) o A 25 R
TR, PR R [ 28 531 %) 1) B R AE X LR A 7 1 5
AT DL AR A5 55 KW 32 1) 1 BE 4 T 5 i 5-shot (1% L T,
TR TP RS SR IE B, AR AR B SRR IR R AE
3 A B 28 P A I LS 2R G oy A, DR Ot B Y e
IR
3.3 TR

AR S H A RREAE 358 i D R ROLZR A AR I
1o S R A AR R A R SR G A S B, Ry
T I X 5 2 AR AR 1) 3 Ak AR A R L T R T
S 36 FH D3 7 S B e 25 X A R vk 1 ik
DL P AR e 22 ] () A 25 M, 52 50 7F MinilmageNet
BiE4E | 5-way 1-shot fil 5-way 5-shot /> % & F 4

TH il S 6 25 S An 2% 2 Fir R < 4E (AT SPEM i L
T, 5 R WERR R AT T LR AR A TE 1-shot i1 5-shot 15
BT T 4744 43 S 193N H 3 L TE
A QFAM FIE LT, HEHG R AE 1-shot £l 5-shot i% &
AR T 1AL E 43 s5UR10.35 4 H 43 A s R
FHPIA R A BT , HERf R AE 1-shot F1 5-shot I & T
ST T 5.20 4 H 43 s 2114 H 43 a5 . T Rl S
I 25 B SPEM 1 QFAM A BB % 12 T 75 s 14 43
KRG R A BT vTEk , IF H T E 4SS A AT
— A REH R BT LY B UE TR B X A B A A
R R EATT Z [ B A2

P YA E SUR S e R E A
Table 2  Effect of different modules on average
classification accuracy. %
MinilmageNet
SPEM QFAM
5wis 5w5s
X X 64.24 81.28

J x 68.98(+4.74) 83.21(+1.93)
x ) 65.35(+1.11) 81.63(+0.35)
J J 69.45(+5.21) 83:39(+2.11)

3.4 wI AL

KT A T AR AR S E AR T R R TR
MinilmageNet$§ #i £ 5-way 1-shot i i% & F JT Ji& 5
55 X — AN T RS T A R A A RRIE SRR AR
R AIE P 5 I 80 ] T A BE AL 2B % A (t-distribution
stochastic neighbor embedding, t-SNE) % £ — 4k J5 7F
ST a6 s . Bl 6 AR e TIRRER
B A TRRAE ;xR R AT R 2 A A A5 31 A S 4



998 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2024, 18(4)

Fl6  HFAE1S R t-SNE nf g4k

Fig.6 t-SNE visualization of features and prototypes
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PEHE
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BN SRR AL 5 A i) AR e I 04 S AR ARG AT
AT S 55 DA /IR A R o S A 38R, SE 3 vh
AR (4) AR B A U HBE A, Zad FRAE T
VRS- ONAN E RS R 1 NS R =9 | I 5 A =X [V
T2 9 305 # (class activation maps) it 45 0L EE & .
oA B —ASRE B I & 7 B B £ 5 5B 44X
RAMEEA S LR F AR, 7 —

7 Support” 7R 5 AN 25 R EMER ER L
SCFAR F S B A AR X R YRR 2SS 4T “Meta-
Baseline” H1 14 I8 1% 1 1 5K 157 73 25 ) 4 160 4 18118 F1 i
A R o ) 5 5k SO AR R TSR A5 21 A A A
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1543 0.630 7 T A3 280 A5 43 e ), DRI R LR 432k
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Fig.7 Example of similarity matrix visualization
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