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[ Abstract] The deployment of deep learning models at thé edge is hindered by challenges such as domain offset, long-tail
distribution, and limited computing resources in the trainingidata. Therefore, domain adaptation methods must be applied
for online retraining to alleviate the domain offset, anddong-tail reduction techniques must be applied during retraining to
alleviate the long-tail problem while considering computational costs. However, most existing long-tail reduction
techniques have high computational costs or €annot, be effectively combined with domain adaptation methods. To address
these issued, this paper proposes EdgeTailor ,a long-tail optimization method specifically designed for edge-side domain
adaptation. EdgeTailor optimizes the continuous unsupervised adaptive process by using synthetic minority class
oversampling techniques and class-balanced loss as strategies for tail truncation. Consequently, a buffer is introduced to
address the issue of insufficient data fer\tail classes during online learning, allowing it to mitigate the long-tail problem
while conducting online continuéus domain adaptation. Experimental results demonstrate the effectiveness of EdgeTailor in
edge domain adaptation tasks.involving two long-tail datasets with domain shift. Using five deep neural networks as the
model backbone, EdgeTailor improves average Top-1 accuracy by approximately 8. 10% compared with the baseline in the
target domain. In terms of computational cost, EdgeTailor maintains a low level of Floating Point Operations Per Second
(FLOPs) and parameter count, reducing FLLOPs by approximately 29. 84% compared with the data synthesis method,
with better performance than the baseline. Overall, EdgeTailor achieves high performance and low cost in addressing both
domain adaptation and long-tail visual recognition challenges in edge deployment.
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Table 1 The impact of combining existing long-tail distribution

reduction techniques with domain adaptation method on accuracy
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H 2 EdgeTailor M HLEELAEZESE F AR AR LAO-F2Y Top-1 #ERIA . 3R 3 B WA T AR

RN AARERS. JEMZ M 25 | F- 15 Top-1 W, EdgeTailor 71
I e R e M i H 45 MR 0 R M & B 4% ResNet,
7 IPloss LA Bl MobileNetV3,RegNet Fl EfficientNet |- Af 34k
é/\/ A1 0 3, T Top-L i 1 5 42 7+ 53 51 2
% 70 [ g T , e 10.79%,8. 48% ,4. 31% ,5. 29 % , (B AE A 1 AH X ¢
Te| et K LA S 25 B 22 %% Vision Transformer
“ o0 | : TR L ALh 1. 92%. FCENA Oy Vision
STLIOLT _ CIFARIOCLT _ STLIOLT _ CIFARIOCLT Transformer FlA& 4 (1 8 BE #4828 2540 A 1R KA
e voman [ o e 1 25 L o A e i 10 25 TR )
E3 AEFEESA BirE LM Topl RHELER B RS EdgeTailor BT IS H 74514 fil] 5
Fig.3 Top-1 accuracy results of different methods FA) 0 B TR PR 2 ) 4% o R TR A 22 I 45 - B IR
on various target domains BT L1 Top-1 HERR,
®3 AEAFEEREHERL LTI TopuERELR
Table 3 Average Top-1 accuracy results of different methods on deep neural networks %
J7 i ResNet Vision Transformer  ( MobileNetV3 RegNet EfficientNet

DeepSMOTEM 74. 35 62. 35 57,38 67.07 68. 37

CFA! 73. 41 62.73 59. 97 66. 06 67. 67

IBloss!® 68. 16 615% 58.72 65. 99 67. 50

CBlosst'™ 67. 20 62,30 58. 14 66. 46 67.79

GCLIoss ™ 69. 11 61. 62 57.16 66. 49 67.25

LAMY 68.78 6103 57.91 65. 09 67.70

wp] 71. 87 61.71 59. 19 66. 97 67.97

MiSLAPY 70401 61. 49 58.93 66. 21 67.16

EdgeTailor (ours) 78.97 63. 06 63.84 69. 28 71.19
3.2.2 IEIFEER K FLOPs A] LA B WL /s e A s 17 o5 R iy 3+ 48 5%
F A SRR TR | ASLIREE Ml ResNet #8588 J5, XA Dk m9 it 088 . 3 TEER Lk
b RTR D B R TR B AR (R 8 701 DB AR 2 o S 0 B A 7 A 3L L 3X
R4 FRAFEMITEFHER T A RGF A R 43 A1 DR (H 308 5 i 72
Table 4 Computational cost results of different methods E R EE, HI Ak FLOPs, 3T
Jrik T4 Top-1 HERI%/% GFLOPs St SRl R R R 43 A1 I i A Ok H e 2k 3
DeepSMOTE " 74.35 4.53 272 474 BRI T AL sl BAMIL I o3 2 e, XX S T vk T
CFAMY 73.41 3.48 272474 P U F Y T G G AN S AR KT
IBloss " 68. 16 2.64 272474 oK KB AT A B B 0 e 6 22 F0 FLOPs, i
CBloss ™ o720 264 2T RdgeTailor NS GHARIAL A G BAR AL )7 1 1
G e O g B TR AR AL R
o . T RS B SR TR A 1
NESLA o s e Mo TEGRIEIEN G R GEE EdgeTailor 9
EdgeTailor (ours) 78. 97 2.81 272 474 FLOPs. M 4 nJ LU i EdgeTailor £EIERFAT
FUE R G L B4 1 [R] I, FLOPs B S AIG T~ 5

DFLOPs 734t £ FLOPs, K28/ T 29. 8474,

FLOPs 7R B £ A HUAL IR ] Y AT 97 08 55 D BRI
WA, M A 6] 75 1 7E ResNet #8281 |35 47 I} SRR DR B 22 ) A8 T v 1) T 2R 2 B0k
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i DIV RN AT Z R . AR 4 WL Y
KE 7 EE B A ResNet |- 35 17 B, £ 5
EdgeTailor ZENIRZH T AR ESH 0, HA
MiSLA K Jp & 4b 51 A 4 25 4 5 B0 S 80 15,
EdgeTailor A b A& BN I Zrad B AL A
SRR T, Ui EdgeTailor A4 B 322 52 i A8 Y
()52 4 B RN RIS

25 PR . EdgeTailor 38 2 44 54 & B 7 M
Gyl O R R (B R N TP L e ge s U b |
TE N S A B TR e 2 I 2 A% 0 7E HLAT 1 2 0 O FS
FH R0 A B8 Hh HE AT 2% 20 A LR 2 7 H bRk
T T 8100 9 F 3 Top-1 #fE #i %, [F B
EdgeTailor “#& 4% 6l 1T 45, FLOPs IS4
b FEARK -, Horp FLOPs A HRS ff J5 55¢ 5 14 51
P4 BT X0 T 29, 84%, EdgeTailor 7F H
P ik v R A 3 1 ] B SRR B A T A AR X A
MR-

4 LEFRIE

TR IE 2 > 76 10 2 00 T Wfe 34 2 3k A5 < R 40 A
TR BIRA BR 3 A APk . A M w2
A3 IR AR TG AR A5, [ 38 1 v R AR R AR
FH R AR SCHE 45 G B2 43 A 1 DB A 1) 41 35
H & 7% EdgeTailor, ¥ 8040 & B 25 A 8 AL
JrAE K R4 AR W 5 T0 W B R R 1E Y
D7 A R A LT 28 ) 4% A g VRO LA
SRS R R A A (W 0 Falf A e 284 2] . [
it . EdgeTailor 381 45 /N4 B0 TR i FH G
FEAREA TP R 14 15 150 T K0 S50 485 42 o 4 A X
BARIIKT- o FEAS ) Bl SR FIAS [] R B o 28 D 4% |
LB 45 R W, EdgeTailor HAARMMMMERE. &
SCTAE RG T M58 U o (8 2245 284155
& VO B —E BRI BRI . SR SR o 7 B ARk
I UG B S8 PUNAT 55 b i AT 400388 [ 3 7 B
FEFE I K B 4 A6 1) 8 M e Oy 2. [ B, ok
EdgeTailor h I F4538% [ 38 1 8RR &8
JUESE T R84 A 1 — 25 P Akt R AR SR
ARG T 1]
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