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Multi-scale Domain Adversarial Network for Transfer Learning
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Abstract: The effectiveness of deep learning algorithms depends on a large amount of labeled data. The
purpose of transfer learning is to use a dataset with known labels (source domain) to classify a dataset with
unknown labels (target domain) , so the research of deep transfer learning has become a hotspot. For the
problem of insufficient training data labels, a model of multi-scale domain adversarial network (MSDAN)
based on multi-scale feature fusion is proposed. This method uses the idea of generating adversarial
networks and multi-scale feature fusion to obtain the feature representation of the domain data and the
target domain data in a high-dimensional feature space. The feature representation extracts common
geometric features and common semantic features of the source domain data and the target domain data.
The feature representation of the source domain data and the source domain label are input into the
classifier for classification, and finally more advanced effect is obtained in the test of the target domain
dataset.
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Rl HFBRESHEBEURERESN

Table 1 Parameter setting and complexity analysis of digital datasets

3l NN Kkt iz DN i SHHCR /100 R R/10°
convolution 5X5 64 0 1 24X 24X 64 4.8 2.76
max pool 2X2 1 0 2 12X12X 64 0 0
inception 1X1,3X3,5X5 64 0,1,2 1 12X12X 64 6.66 71831
convolution 5X5 50 0 1 8 X 8X 50 80 5.12
max pool 2X2 1 0 2 4X4X50 0 0
linear 800X 100 100 80 0.160
linear 100100 100 10 0.020
linear 100X 10 10 1 0.002
linear 800X 100 100 80 0.160
linear 100X 2 2 0.2 0.000 4
R EAT B S A 0 B

3.2 Office-Caltech10 ##F & TR LI B2 M MIEEIET 10k TS K
A M % % BF 5% T MSDAN 7E Taple 2 Average classification accuracy of 10 times

Office-Caltech10 %% 4 4 A 5] 385 & 1% 383 7 P on the digital datasets %
B o % B 4R B 4E 4 A B 31 Amazon, . MNIST  SVHN  MNIST

" ] A
Caltech, Dslr, Webcam , 45 A~ % 42 38 62,45 10 4~ B MNISTM MNIST  Usps VTeE

KAMME R AN E R ZEEARNFEMBIHFE  CovNet, 52.2 54.9 85.5 64.2
™ H B AR ML A R % A AL R AR A SDA 42.6 55.2 43.1 46.9
EAR BB . gl RGEEMEE  DRCN 42.1 60.9 49.4 50.8

— B0, 1] 2 . fER W ER B, &k SA 96.7 9.3 85.9 67.3
[ 15 [t AL 35 5 oy 224 X 224 By < /N 3 B AL HE DANN 77.5 66.6 85.2 76.4
7 7K - B 4t MSDAN 81.9 70.8 87.9 80.2

CovNet 95.9 99.4 96.1 97.1

1gt

7£ Office-Caltech10 %k #% 4 I ¥ MSDAN
By S5 U TFTREEH#EATT I (D)
CovNet.,. , I 76 ¥ 38, 11 25 16 B bR 38 005K 89 AlexNet B % ; (2)JG5A”” B A L] X 5% fn 431
Xt 35, [ I/ 0 22 ) A 43 A 25 R UART 25 50k i AT 3SR 5 (3) DDC, W B BRI 4%, 3l )
FE 1) 2% v T3 G 2 O /0 AN T 22 D) Y B R A 22 S DA ok R R AN A8 5 (4) DANN, 35
Xt 40 A28 4%, B GAN R SEL A R 52 8 UR SR H b SR R BT X 4 1 5 (5) DARCN™ I8 B Xt 4t
R e Sl I S < ol G 7 T IR i B e U A v A= I T AN I = T A R AR i R i Rl =
P 3R HCHE 19 15 B R RE 5 (6) CovNet, , 38 i 47 B 28 169 B A 380 8008 R Il 25 I 45 55 70 O 78 B A S 550 08
B b HEAT I .

1E Office-Caltech £l 45 L YEAT S2 06 /) N 25 S 80N 38 3 B 7R o 78 W 2% 1F 1a) 4% 4% oL 72 b i ] RELU
BRI BICAE S T PRV, E bR 4 0 2SS BN Sl 3 O AR B 1 I S — J2 208 Softmax oA UK 99 4% i 1 — 1k
) O~1 22 [, 15 2% il FH 58 SUJ oR BOVE SR 408 0 eR B . ) 486 fil T ML A6 8 8 3 A0 A D s i 450, R OF 488 B
*ﬁi}%%ﬂiﬂiﬁﬁﬁﬁ%%ﬂ%% 1077, 43 Fe8h 2 2 R/ R 1077,

ARG TN F B8R 7E Office-Caltech 10 %41 82 19 AN [A) $k 22 1] 41 37 32 47 10 U4 15 Sl R 00 G 2
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#3 Office-Caltechl0 I EESHIEEURERESW
Table 3 Parameter setting and complexity analysis of Office-Caltech10 dataset

KE K Bk o PR ity SR /10° F A/ 10°
convolution 11X11 64 2 4 55X 55X 64 23.2 70.3
max pool 3X3 1 0 2 271X 27X64 0 0
convolution 5X5 192 2 1 27X27X192 307.2 224
max pool 3X3 1 0 2 13X 13X192 0 0
convolution 3X3 384 1 1 13X 13X 384 663.5 112.1
convolution 3X3 256 1 1 13X 13X 256 884.7 149.5

convolution 3X3 256 1 1 13X 13X 256 589.8 23
max pool 3X3 1 0 2 6X6X256 0 0
inception 1X1,3X3,5X5 256 0,1,2 1 66X 256 176.6 63.6

linear 92164 096 4096 37 748.7 755
linear 4096 X4 096 4 096 16 777.7 335.5
linear 409610 10 40 0.8
linear 9216X1024 1024 9437 188.7
linear 10241 024 1024 1048.6 20.1
linear 1024X2 2 2 0.04

ME AT LIFE B, N Webcam B3 18 F) Amazon % &4  Office-Caltech10 IR IEIT 10X FHH LB E
e 8k 1 B el AT 4 RS B 3R #) 63.9%, M Table 4 Average classification accuracy of 10 times
Dslr %0 8 5% 5] Amazon % 32 5% [ 9 85 7 ik 5 on the Office-Caltech10 dataset %
64.7% , )\ Dslr B 45 35 21| Webcam 85 38 F 09K Jy ik j\VEbcam ADSIr WD;lr Average
FE 5 %1 90.0% , MSDAN %1 # H DANN $F 3% f - —n oTem T

U T 5 T 26 558 1% MSDAN i CovNet,,  41.2 35.2 67.2 47.9
7Y ] i3 i . 5 ‘i‘ y i
Yol BE g = 0, RA3E B i6sA 40.8 38.7 93.2 57.6
g S iy ¢ ANV e A Y N
Ji«i%%fﬂﬁﬂ%lﬂ]%ﬁﬁg IR 2 R HE AT X 57 i DDC 7921 425 71.0 61.0

3 3 A Ty ik R BT R SR B bR B4 A 3t LA R DANN 61.1 62.7 86.7 70.3

TE A 0B SCRRE DR IR B 2 HHRE A E H MSDAN 63.9 64.7 90.0 72.9
Frd ., AE AR R B4 EIGREE I PERE,  DARCN 65.8 66.0 89.8 73.9
AT L FH ResNet [ 2% K5 760 ¢ %% AlexNet {26 R . CovNet,, 81.3 81.3 93.3 85.3

Hi ¢ 4 n] ULk T 22 OB R IR L Y S T 1)
2% AR T G R A G IO A 5 AT T 0 A

4 HRIE

X TR Iy 255 T R IE RS 2 o [l R, 48 ) T — b 5 1 22 RUBE Rl 45 ) 0Bl 0 I 46 A . 2% A A
W T I O A 22 A A 1) T A9 8 B i 22 , A R e BT 224 RUBE s () TR A A ) K a4 = 18] g 3
TERRAE o AR EE TR AT 2 SR 22 RUBE Bl 5 5 Y of S BEA () 4Rk 225 18] T B 4508k 36 7, S5 6k 9 7 vk
B — RUEE T B 48R A 3 AR LA 8RB B T o 3 R i I A 23 SR 22 ROBE Rl SR AR T LUAE T R
A 4% 32 B3 7 ) 2%
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