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UDA 95.63%  95.30% 95.34% 94.98% 95.04% 95.10% 94.24% 94.65% — — — —
MCFT-CNN 99.19%  97.72%  97.76%  97.68%  98.64% 98.55% 96.79%  97.22% — — — —
Malconv 98.36% 97.67% 97.12% 97.63%  96.20% 95.93% 96.07% 96.04% 93.08%  92.07% 91.92%  92.44%
Malconv+GCG  98.37%  98.06% 98.01% 98.10% 96.77%  96.12%  95.96%  96.05%  92.10% 92.14% 91.56% 92.13%
DANN+SGD 96.58%  95.49%  96.07%  95.89% 91.49% 88.87% 87.81% 88.32% 90.65% 87.81% 88.87% 87.95%
AT 99.89% 99.73%  99.72%  99.73%  99.77%  99.71%  99.76%  99.76%  93.12%  93.89% 92.96% 93.29%
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SR AR e AR R . X2 BT CBGH
AR A R IE T I 2, A BT I
P B A R R SR S 2 A AURRE,  [RIR AR &
SRIMTE R IHLEI TR B T O R ERE BT RE
332 HEEik

N T BRAIE R R I T AR R A
FEUBEHRL 3 B0 A SO R A 52 m, AT HEAT 7 sk
5o TEREAT BRI M AL, S TS HAC R
WE, MR T S AL IR, X 5 AN 5 51l
BEATVPAY, SEERUERAR . KEHIR. HEERAMFL 4
AN SE S IR PIE . TGS HE
J AR AR FLR /N, A S 5 3 A8 HUH & Mallmg
BIG2015. BODMAS _ [ ¥ i 52 46 % bb &5 543 1)
WR S~FRTHR.

5~ T EARER, AR EEEEE ]
BEHFNIR 0] 73 B B A B B 58 T T BB M .

BRI B T B ) S 8, (EA R T
REf4RTT . EECYE4E Mallmg T, NN B @ IE VT
BARYE, ANHIN3 209 NS EE, AR
2.67%, K& WKL T 3.88%, A BRI T 3.86%,
F1 70 #U3T 4.15%. £ 4R 4 BIG2015 1, 390
1161 NS4, WERERT 2.76%, K EH
3.45%, AR TF4.38%, F1 53 HR T+ 4.17%.
EXHEEBODMAS 1, 39111 801 NS ¥R, U
T 1.40%, K FRIRTF 2.35%, HEFEHREF
1.78%, F1 735327t 2.18%.

VIR BE AT 43 B AR o AR G AR 1 S Ee ] DA
R, VR ETT 73 B ARAE AN FRAI I RE A3 L R AR
B> TR SR . fEHEE Mallmg |, S¥E
BEAER 28 I R 1Y) 45.989%; £ 24 £ BIG2015 |, £
B PR AR 2 JFOR 1 43.884%;  {E %45 42 BODMAS
b, ZHERRICE R 44.552%.

=5 AR ETEBUESE Mallmg LAY ERESEIG X EL 45 R
il TR bTGES NGk Fl1 44 s T AR /IN/KB
KL TTETCIR I TE T AR 97.22% 95.85% 95.86% 95.58% 104 473 428
AR SCTTVETCIR PE ] 43 B B AR 98.55% 96.98% 97.09% 96.96% 234 146 933
AT 99.89% 99.73% 99.72% 99.73% 107 682 442
<6 AT SETE SRS BIG2015 LAY HRE SIS Xt EE 45 R
LAY W bl ES HIrER F1 4% SR AR /INKB
AL TG R A R 97.01% 96.26% 95.38% 95.59% 99 337 408
ARSI ETCUR FE R 43 B R 98.40% 96.88% 95.89% 96.27% 229010 913
ALTTi 99.77% 99.71% 99.76% 99.76% 100 498 414
=7 K7 EEHIESE BODMAS LAY ERISEIG T EL 45 R
il iRyt K2 Al % F1 % SRR BRI K /IN/KB
AT T B T R R 91.72% 91.54% 91.18% 91.11% 100 942 415
AR TTVETCIR BE T 43 B B U R 92.81% 92.11% 92.23% 92.53% 230 615 920
AILTTiE 93.12% 93.89% 92.96% 93.29% 102 743 423
<8 AXFESEMRENFEERESE Mallmg LRIFTELEER
FEA iRUIES K% FEIEES F1 /3% SRR FERIK/NMB HEFI []/ms
ShuffleNetV2 98.29% 97.47% 97.82% 97.51% 1279229 5.10 16.00
MobileNetV3-Small 94.92% 93.22% 93.87% 93.30% 1 543 481 6.10 15.30
GhostNet 98.89% 98.36% 98.33% 98.31% 3933533 15.30 15.17
RepViT 99.67% 99.06% 99.12% 99.08% 2174317 8.60 15.20
ALTT i 99.89% 99.73% 99.72% 99.73% 107 682 0.43 14.12
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=9 AXFESREMREN S EERIEE BIG2015 LI HLER
Ay HER 2R KR GRS F1 3% SRR BRI /NMB HEFR ] /ms
ShuffleNetV2 97.84% 97.21% 97.14% 97.30% 1262 829 5.00 14.00
MobileNetV3-Small 93.31% 92.78% 91.56% 92.10% 1527081 6.00 12.10
GhostNet 98.78% 98.28% 98.17% 98.16% 3913037 15.20 11.89
RepViT 98.94% 98.73% 96.30% 97.31% 2169 181 8.50 11.60
AR5 99.77% 99.71% 99.76% 99.76% 100 498 0.40 11.09
%10 AL FEEEMBRENTTEERIESE BODMAS ERIXTEESE
Y TR FEHE HlalZ F143 3 i BERK/NMB HEFRI ] /ms
ShuffleNetV2 90.43% 90.87% 90.18% 90.33% 1267 954 5.00 4.90
MobileNetV3-Small 91.15% 90.23% 89.64% 90.17% 1532206 6.00 4.40
GhostNet 90.18% 90.05% 90.13% 90.01% 3919 442 15.20 430
RepViT 91.27% 91.98% 90.70% 90.63% 2170 786 8.60 4.50
AT 93.12% 93.89% 92.96% 93.29% 102 743 0.41 4.11

333 Aeitibizg SRR etk

BT MR PR AR LR AR I 1S 55, SRRSO
5 R R AR LA B S R R . SN
RS R RN B R AR . AR SO IE S 44 E
W) B AL A Y ShuffleNetV2B!, MobileNetV3-
Small®?! | GhostNet*3IF1 RepVIiTPH7E 3 N ks 45 -
BEAT T HLERE, A5 RUNE 8~F 10 . 3 M EE4E S
UL R SF ) 16018 £ <1601 %, ATE SKi S5
52 R BEMR, X T 4N eS8, BAR
/N ZBEE A GPU (Geforce RTX 3090Ti) L4
TR BRI HEE R (] . SEIGAE RE W], AL
JRE Nt xR, RAEEDLRSHE, £ GPU
TR ) A, R LA R R

4 Z5RIB

AR T — R CBG B 9B 5L, LIl T
PGS L E 3658 70 2R IR s vF A R0 471 g 75 1)
WO RE, TR T R TR EIEIEE R B
B T7E, DA Ra 2 S A 2 R A
B TR 3 A K 5 A 8 4R Mallmg
BIG2015 Al BODMAS - #F 7525, iR K, &
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JeibitiPERE. L, SREEM R LR RS
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S 5L AR T BE SRS B AH [F] APT (A% = A e 7
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