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Abstract: Objective The emerging convolutional neural network based (CNN-based) deep learning technique is benefi-
cial for image context like its recognition, detection, segmentation and other related fields nowadays. However, the learn-
ing ability of CNN is often challenged for a large number of labeled samples. The CNN model is disturbed of over-fitting
problem due to insufficient labeled sample for some categories. The collection task of labeled samples is time-consuming
and costly. However, human-related perception has its ability to learn from a small number of samples. For example, it
will be easily recognized other related new images in these categories even under a few pictures of each image category cir-
cumstances. To make CNN model have the learning ability similar to human, a new machine learning algorithm is con-
cerned about more, called few-shot learning. Few-shot learning can be used to classify new image categories in terms of a
limited amount of annotation data. Current metric-based meta-learning methods can be as one of the effective task for few-

shot learning methods. However, it is implemented on the basis of global features, which cannot represent the image struc-
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ture adequately. More local feature information is required to be involved in as well, which can provide discriminative and
transferable information across categories. Furthermore, there are some local features representation-derived metric meth-
ods can be used to obtain pixel-level deep local descriptors as the local feature representation of image via removing the last
global average pooling layer in CNN. However, local descriptors are depth but the classification effect is restricted by sacri-
ficed contextual information of the image. Additionally, for the feature extraction network, due to limited labeled
instances, it is challenged to learn a good feature representation and generalize new categories. To utilize the local features
of image and improve the generalization ability of the model, we develop a few-shot classification method in terms of local
feature fusion. Method First, to obtain local features, the input image is divided into H X W local blocks and then trans-
ferred to the feature extraction network. This feature representation-related method can demonstrate local information of the
image and its context information. Multi-scale grid blocks are illustrated as well. Second, to learn and fuse the relationship
between multiple local feature representations, we design a Transformer architecture based local feature fusion module
because the self-attention mechanism in Transformer can capture and fuse the relationship between input sequences effec-
tively. Each local feature consists of the information of other local features and it has fusion-after simultaneous global infor-
mation. And, we concatenate the multiple local feature representations of each image as the final output. The feature repre-
sentation of the original input image is enhanced and the generalization ability of the model can be improved after that.
Finally, the Euclidean distance between the query image embedding and the support class prototype is calculated to clas-
sify the query image. Our training process is divided into two steps: pre-training and meta-training. For the pre-training
stage, the Sofamax layer-attached backbone network is used to classify all images of the training set. To improve the gener-
alization ability of the model, we use the data-augmented methods of random cropping, horizontal flipping and color jitter-
ing. After the pre-training, the backbone network in the model is initialized with pre-trained weights, and other compo-
nents are then fine-tuned. For meta-learning stage, the episode training strategy is implemented for training. To make a
fair comparison with other few-shot classification methods, the ResNetl2 structure is used as the feature extractor of the
backbone network, and the cross entropy loss of classification is optimized through stochastic gradient descent (SGD). The
initial learning rate of the model is set to 5 X 10*, and we set 100 epochs in total, the learning rate is decreased by half
every 10 epochs, 100 episodes and 600 episodes for training and validate in each epoch. The domain difference is larger
since there are more samples in TieredlmageNet dataset, more iteration is required to make the model convergent. There-
fore, we set 200 epochs, and the learning rate is decreased by half very 20 epochs. In the test stage, to evaluate the aver-
age classification accuracy, such 5 000 episodes are selected from the test set randomly. Result Comparative analysis is
based on three benchmark datasets in few-shot classification. For MinilmageNet dataset, each average classification accu-
racy is optimized by 2. 96% and 2. 9% under 5-way 1-shot and 5-way 5-shot settings. For CUB dataset, each of average
classification accuracy is increased by 3.22% and 1. 77%. For TieredlmageNet dataset, the proposed method is equiva-
lent to the state-of-the-art method in average classification accuracy. To fully verify the effectiveness of the proposed
method, a large number of ablation experiments are also carried out as well. Conclusion We develop a local feature fusion-
based method for few-shot classification. It is beneficial to make sufficient local features and the feature extraction ability
and generalization ability of the model can be optimized as well. Our Transformer architecture based local feature fusion
module can enhance feature representation further, which can be embedded into other few-shot classification methods
potentially.

Key words: few-shot learning; metric learning; local feature; Transformer; feature fusion
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MatchingNet(Neurlps) (Vinyal %,2016) ResNet12 63.08 + 0.80 75.99 + 0.60 68.50 + 0.92 80.60 + 0.71 71.87 + 0.85 85.08 + 0.57

ProtoNet(Neurlps) (Snell &,2017)
TADAM (Neurlps ) (Oreshkin %, 2018)
AM3(Neurlps) (Xing %,2019)
CAN(Neurlps ) (Hou%,2019)
LEO(ICLR) (Rusu %,2019)
MetaOptNet(CVPR) (Lee%#,2019)
CTM(CVPR) (Li%,2019b)
DeepEMD(CVPR) (Zhang %5 ,2020)
AFHN(CVPR) (Li %5%,2020)
Neg-cosine(ECCV) (Liu %, 2020)
PSST(CVPR) (Chen%§,2021a)
P-Transfer( AAAT) (Shen %5 ,2021)
GLoFA(AAAID) (Lu%§,2021)

ResNet18" 62.38 +0.72 78.16 + 0.56 - -
ResNet18" 62.33 + 0.82 80.94 + 0.59 - -

ResNetl12 64.21 +0.77 80.38 + 0.59 - -

ResNet12 60.37 £ 0.83 78.02 + 0.57 65.65 + 0.92 83.40 = 0.65 66.09 + 0.92 82.50 + 0.58
ResNet12 58.50 + 0.30 76.70 + 0.30 - - - -
ResNetl12 65.30 +0.49 78.10 + 0.36 69.08 + 0.47 82.58 + 0.31 - -
ResNetl12 63.85 +0.48 79.44 + 0.34 69.89 + 0.51 84.23 + 0.37 - -
WRN-28-10" 61.76 + 0.08 77.59 + 0.12 66.33 + 0.05 81.44 + 0.09 - -
ResNet12 62.64 +0.61 78.63 + 0.46 65.99 +0.72 81.56 + 0.53 - -
ResNet18" 64.12 + 0.82 80.51 +0.13 68.41 + 0.39 84.28 + 1.73 - -
ResNetl12 6591 +0.82 82.41 + 0.56 71.16 + 0.87 86.03 + 0.58 75.65 + 0.83 88.69 + 0.50

70.53 £ 1.01 83.95 + 0.63
72.66 + 0.85 89.40 + 0.43

ResNetl12 64.05 +0.49 80.24 + 0.45 - - - -

73.88 +0.87 87.81 + 0.48

ResNet12 66.12 + 0.42 81.37 + 0.33 69.75 + 0.33 83.58 + 0.42 - -

Meta-Baseline(ICCV) (Chen %% ,2021b)  ResNet12 63.17 + 0.23 79.26 + 0.17 68.62 + 0.27 83.74 + 0.18 - -

Z,Ki(P(LZ,B))

ResNetl12 69.08 + 0.28 85.31 + 0.18 70.15 + 0.32 85.24 + 0.22 78.87 + 0.28 91.17 + 0.15

TE L PR FR B IR LSS R, TR FARFOR S IIRAALET R, =" s M ISR B A SC IR A R, BT R2% 778 L ResNet 12

SR L 25K, 5 vk v B e bR 1 SCHR P 2
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2x2.3 x3H14 x4 BIEHRIR, P, 22515 P K I
B0 H x WASJRERE . T P, A 1A R
e AT X XA R B EAT CNN R AE S T e i
FTRE AP Py +JCRIS " 278 H X WA SRR 53
28 CNN IR BUS B3 B0 H x WA Ry AR AIE
IR AT AL By BE R BRI Py + il
B HRIN H x WA BENZR 535 22 CNN RRAE SR IO 28
JE T Transformer 4244 19 Ja FRRRAE Fl 5 AL BRI K 15
B H x WA Ry AR FFAE Ot AT 3 4 b BRAT hy 32 4
B A . R 245 1T A/JCR SR IE RS BRI
IRER . ATLUR B 0 H x WY Rk e,
22 3L T Transformer 22 K4 Y JRy TR 4RI fil G A R I 149 190
Ko AR T A LI 7 45 2R Bk Tk
ISR i Rl 5 R R A 2
%2 7£MinilmageNet ##E & B/ BAIFE
RARRI T KER
Table 2 Classification results with/without local feature

fusion module on MinilmageNet dataset
1%

ik 1-shot 5-shot
P, 61.91 +0.29 80.49 +0.19
P+ LG 62.90 = 0.29 81.91+0.19
P+ TTRE G 64.90 + 0.29 82.75 +0.20
P+ JCRlA 61.62 +0.29 78.25 +0.21
P, + e 67.27 £ 0.29 83.54 +0.19
Py + G 68.14 + 0.28 84.62 +0.18
P,.+ R4 67.77 +0.27 83.92 +0.19

BEA, Bl SRS BN, RIH 155D 2 x 2
13 x 3 [ Jrri i ANEEAS 73 FEVERE YT HEAS 73 B
LR EAE, HorRVEfe g A2  (H 2 S KR
4 % 4 (R Ry Rt oy VR RE T4 BT R

T S H Al F R SR AT LA S8OR P PTG 8 S s
ik (B2 2 7 B i 2 F, — A58 B A H AR i) BERY
PR Z AN R B rh, HAR B 58 B BERER S i o
OrRIE AR o [N IR AR 7 FE A5 R X 7 B
BOs AT, R BT AR 2
2.3.2  ZNE PO EE A A R

B 18 R DE AT [ /N AR B 3 A
HA GBS 0 22 RO ARSS & ) Je il o Btk 47 512
B, mRARAWNE 3w, R3IH,P o FRZFR
JEF RS WP, Lo Fs B IR S2 2 1 x 1.2 x 2A1

3 x 3L 14 RER e — R R A . R 3T LR
2, 2 RUE Ry i ARAE i 23 2R S5 R0 T3 — RUE R 0
IrREEIR . BN, 7E S-way 1-shot 1 5-way 5-shot f*) /)y
FEAP AT S5 B 1 x 1 A3 x 3404 & Y
P REE R AU 3 x 3 43 M iy 43 25 45 5 4 il Bt v
T0.45% 0. 6%. h T HEF IR iRHE , % 1
IR AT P o 4 T HE 51 1 22 R AR SS & 10 =) 7
IR T IR A IR AR

%3 7 MinilmageNet$IE&E FE RE
BESHRMNSEER

Table 3 Classification results of multi-scale local blocks on

MinilmageNet dataset
1%
r 1-shot 5-shot
P, 67.27 +0.29 83.54 +0.19
Py 68.14 + 0.28 84.62 +0.18
P, 67.47 +£0.29 83.96 + 0.18
L 68.59 + 0.28 85.22 + 0.18
Py 68.84 +0.28 85.17 £ 0.18
Py, 69.08 +0.28 85.31 £0.18

2.3.3  Jadlarde )y SO0 g R

R TR UEA SO A SR By A B, 5
K BENLIR B 19 Jry &8 43 B 07 =X A7 % L SE 56, AH [R]
Ja B MG SRR X LSS SR 3 s . AT LR
RN I BE A SR BRI R RSN, 0 2R A5 R
WA T o AEAR RV A R BT AR a3 B R Y
PEREEE LU AL BT I ROCR 2241 . X T /A% 4
175 kv, 22 Jay i B R B e e w] DA 15 R i [
8, SR 5 30 2o Ry F R Fil B A R A g SRy SRR AR AT
PA T2 RS . MIBEALER S 1) )7 X H e BEALEL
B[R] b BB 3 Ry A B, R 3 Ao REAE fl A 7T fE
R N = STk e oo R LUK =S T DS s e G Y A
TS o B T
2.3.4  JREBRHAE RGO S U

TERERY Y JRy B R AE Rl G A e ] T — A
JZ T B 1 Transformer 2544 , H A 142 (layer) Fil
1 MEE F73k (head) o 1M 4 Transformer (Vaswani
85,2017) A 2454 i T 2 i HES )2 A
WEZRERE I R T 1Pl Transformer 45148 S 51
BEE XS S s, X 2 3 S AN [R) 2 4%
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Fig. 3 Classification results of tasks on MinilmageNet
dataset by grid partitioning and random sampling partitioning
((a) S-way 1-shot classification results;

(b) 5-way 5-shot classification results )

%4 7 MinilmageNet £{#5 & L FER4H1E
MEERDAEEHHNTEER
Table 4 Classification results of different layer numbers in

local feature fusion module on MinilmageNet dataset

R HEISREC BBEM 1-shot/% 5-shot/%

1 1 14.07 67.27+0.29 83.54 +0.19
2 1 15.71 67.44 £0.29 83.53£0.19
3 1 17.35 67.08 +0.29 83.20 +0.19

AN R T 0 SR B AT 58 6, 3R 4 RN TE )
SR SE Ry 1A R R B0 o el 2R, 36 5 RN
JEE G A 1IN )3 5 0 S B 432
MR AT LU, [ ) SR EOR A s
Transformer [ 24X, 4 2 BOE WG N2 3, 73 251k
REWEA TR, VR A R I 2540 N 23 i i 4 26 1
e, T ELBEE F 2R, M S 80E £,

DA X B 1, DI A B SO A5 B AR e . DA
LKSATLVE W, [ E R BORE U Transformer YT
BB R S R R LA X U 4
AR TSt n] DG R RRE 2R (5 8L A
e E A2k N2 R AT RS A 3.
I FERBAI B, AR SO 12 (layer) AT LA
& 713k (head) 1Y Transformer 25 ¥4

%5 7 MinilmageNet #1155 _ /530451
BMEERPARAEFENLBHNSEER
Table 5 Classification results of different head numbers in

local feature fusion module on MinilmageNet dataset

HEIIE B SHEm

1-shot/% 5-shot/%

1 1 14.07 67.27+0.29 83.54 +0.19
5 1 14.07 67.26 £ 0.29 83.47+0.19
10 1 14.07 67.26 £ 0.29 83.48 +0.19

2.3.5 SHAMNNEARDS KRGS

P& 1Y 3 T Transformer 2214 (1 5 35 ¢ AF /il &
L He T A — b P15 CNIN RRAIE 1 384 38 36 R 3%,
R AT 5 Al /NE A A3 28 0 ik g 6 o Bk,
P ik 5 R e ) h o) — & M i —— DL e
I £ AT 45 4, BIVIE SR DG E I 28 v i) AR A £ B
D £ 5 46 Ay e 48 1 R T R 0 AR AT il B B R AT B
W7, AN MOz s A DR E ) 2% v i R 7 AT
454 ,7F MinilmageNet 0#5 48 F 42K 45 RNk 6
FIF7R o

%6 7 MinilmageNet[{E& 5
LEMEESHTEER
Table 6 Classification results on the MinilmageNet

dataset combined with the matching network

1%
J5i: 1-shot 5-shot
MatchingNet 63.08+0.80  75.99 +0.60
MatchingNet_Patch,,, 64.17+0.29  77.28 +0.20
MatchingNet_Patch,,, 66.46 +0.28  80.30 +0.21

5T, FHZR SCR TR0 2555 20 B 2 B DL e IR 4%
2 5 B3 6 ) MatchingNet_Patch,, , 8 J&5 ¥ i 2
Jr B AREAIE B AT A 1 DG 1) 26, o A A LS
O R A B IEAT R A, 45 S 4 MatchingNet_Patch,,, T
o AILIA Y, 7E MinilmageNet Z044E I, B Fr A5
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Hefir A S DL E 28 v 7 23S 45 AR L JEUDE IE 2% 1Y)
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2.3.6 ALY

R T FE—2 UL P LT Transformer JEy B RFAIE
il G AR AT 0P, X 2R s A R R £ ]
t-SNE J77% (van der Maaten A1 Hinton, 2008 ) #£47 A #){
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B2 ST DUE Y, 5 8 48 40 L, B 8 o 1y 28 T
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P9 i | 75 3 e
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Fig. 4 The t-SNE visualization of features for 75 randomly sampled images from 5 randomly selected test classes of

MinilmageNet dataset((a)ProtoNet; (b)ours_patch,,,; (c¢)ours_patch,,;)

3 5% it

KT AR/ NREA R v 78 53 IR 14 Jmy
FRAE LA B 3G s A5 132 A RE 7, 4 Hh — i T =) 7
FHERLE B/ INEA 3 2805 s o el K JE T T s S B
B 5 SR AT R R AE , 38 33 3 F Transformer 4244
18 Jey FRARPALE Rl 5 AR A B0 3% 42 R 7 B B SRy 7 4 i

SR, DT 5y 1R (0 REAE $2 R ) Az L g
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