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Abstract In recent years, with the rapid development of deep learning methods, pre-trained models have been
widely used in multiple downstream tasks such as classification, recognition, and decision-making due to their
excellent generalization capabilities and cross-domain robustness. By training on massive datasets, these models
are able to capture complex patterns and representations, enabling them to perform well in tasks with limited
labeled data. At the same time, pre-trained models have demonstrated excellent performance in a variety of fields,
such as natural language processing and computer vision, thereby promoting the continuous advancement of
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artificial intelligence technology. However, as the performance of the pre-trained model improves, its parameter
size also increases exponentially, resulting in a significant increase in the computing resources required for
inference. While increasing model size helps improve accuracy, it poses significant challenges for edge devices,
which often have limited computing power, storage space, and energy resources. Therefore, deploying
large-scale pre-trained models directly on edge devices is often infeasible and may exceed hardware capabilities,
resulting in excessive computational overhead. To solve this problem, this paper proposes a cloud-edge
collaborative reasoning framework based on uncertainty calibration. This framework uses the uncertainty of the
cloud-side and edge-side model outputs as the standard for collaborative reasoning. Specifically, we deploy
lightweight models on edge devices and high-performance, large-parameter models on the cloud side. Through
uncertainty calibration using evidence-based learning techniques, edge-side and cloud-side models can
dynamically assess the uncertainty of their respective inferences. When the side model encounters a sample with
high uncertainty, it will issue a collaborative inference request to the cloud side model to obtain more accurate
and reliable predictions. In addition, based on the uncertainty of edge model output, this paper further designs a
cloud-edge collaborative optimization strategy. When the prediction uncertainty of a certain sample by the side
model exceeds the threshold and the output uncertainty of the cloud side model is lower than the threshold, the
side model will be optimized based on the prediction results of the cloud side model. This optimization process
not only enhances the adaptability of the edge model but also effectively reduces redundant cloud requests,
thereby improving overall system efficiency. Experimental results verify the effectiveness of our proposed
framework. Without significantly increasing cloud-side inference overhead, our method improves image
classification accuracy by an average of 13.57% compared to traditional edge-side models. Similarly, in the text
classification task, the recognition accuracy of the side model also increased by an average of 2.92%. In addition,
this paper systematically validates the effectiveness and robustness of the proposed uncertainty calibration-based
cloud-edge collaborative framework across multiple dimensions, including model calibration abilities,
uncertainty quantification, generalization capability, and interpretability. This is achieved through a
comprehensive set of experiments and visualization analyses, such as expected calibration error (ECE), kernel
density estimation (KDE) histograms, and heatmaps. These results highlight the potential of our approach for
application in resource-constrained environments such as mobile devices and edge computing platforms. By
enabling efficient cloud collaboration, our framework provides a high-performance, practical solution for the
deployment of complex models in real-world scenarios, ensuring efficient operation even in the most

resource-constrained environments.
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END IF

WHEERENT WE L o, ETAHE
PERZHE 1K) 2= 120 0 [R] HE BEHE B2 1 1 5 52 2% B v A BA
N EAFBEIRATHAT /4. OB, @A
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HsEVERE AR A 2 R, Hoh 2 R AL
T By AR A S M 11 77 AR, B i T R R B A
X,

AW SRR B F ZED b2 ST T
W25 R R A R MR Ay . 3535 6D
5 MR o o 24 25 MRS FD )1 s B BIUR
W H BB L SRR — AR . U R I
ST AR PR AR £ 2 ) ARG 5 e DR A
B 3,4 HC RS 1) 25 U R s 1 TS0 43 A3 o | T S 50
A ZANT fo 1 AR A 4

AKY FYcE UNf Ffiseml. %E—
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EE S L= U 2 Erora t u(z) CE(f(x), f(zc))

S— tiamgm
] 3 =i R A s

3.3 miLthEMEREE

1 0 RS 5 368 35 2 3 25 (RS 50 4R 47/ T4k,
B A RO TS B 1, DR L b YE AL % 7 3
B FIEG MR . AR9E A 4 1% SR
Ty 5 e R A R 7 Tt B o i 0 49 2 o) B A
(I RE AR BT ST TR B R B s 25 2 24 )
S e — R AR (1) 2 2 8 FTAS SR 4P K I
TR AN B 7 Pk o 5 T3 — M AR S L 3 3o A
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AL MR 4 B 3 g .

KT G5 O FR B AR AL 7 7, 30T 58 X
HAE Z Y FHEEAR AL 7 5 T (452K R HOA -

Leons (f) = (1 = DCE(F(x),¥)

+ACE(f (%), f ()

Ho F R B EARAL ML MIREAL f (x) Fem 2 A
Sty N Ao T P AR 2%y 2 BLAAR A . e —A
37 b BB F T8 A AR b2 o 2 TR0 M 2= (A
T 3 R

SRTTT,_E ik 334 FR AT T R A SR P LA
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AN o ST ASCHIN T 2T AiEvE ) B &
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Leont (f) = (1 = u(x))CE(y, £ (x))
+u()CE(f (x), f(x))
u(x) = |Uc — U, #(17)
Foru (x) R 2 (A B A0S 04 B 50F T N R AR
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£ (o) 2 2 (S AL r o PR B A T o 3 A AL
5 Bl 5 M 22 RS 2 3] 15 400 S AR AR 25 0 4T T3
I Z 181
i T A5 00 5 R A L, 0 A TR i A SR A
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4 SLE

NG RS N @R T EAE/ T SN Yo it
B EMNGESE. TN T g
4.1 SLIGHIE

ASCPEAL T JE T AN 8 PR 1) 2= 3 P TR 4
FIE JLAE A RIS A S> HAT 45 BRI TEALSE
FAT55 EXF CIFAR-10, CIFAR-100 #1 ImageNet200
R AEHEAT T S8 AR AR AT EXF SST-5 #
TweetEval ZFEAEHAT 1525,

CIFAR-10 ! CIFAR-100P% 2 &5 FH 1 % 4>
KBRS 10 KA1 100 EEME, KA
32 x 32, WAEHEAE S 50,000 7K AT IIZRH B
%1 10,000 3K TIRAERI &% . ImageNet200
e MNHT A RAES B E s 200 K
) 100,000 5K EME, B4R 500 5K IZREE
50 FKIGIE &5 A 50 FK KRS,  SST-5P % i
T A R 4, B 5 B8RS A SO S 4
HEAT 7 TUAL K X FLAN RGN A IR = A
TweetEval®™ - AN 5 #4455 4L A SO A P 1% 3
1 R A7 B 2 2 T B dl P T DA A

* 1 MRBFAMERER AR S LIRS LTSI EER

ACC ECE Size pr.RL - kil ACC ECE Size
BiREE = RE
(=) (=) (MB, =il (RE) (o) (A qm) (MB, A fil)
CIFAR10 ViT 0.977 0.310 983 ResNet34 0.911 0.421 243
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ResNet50 0.955 0.161 270 MobilenetV2 0.934 0.274 30
ViT 0.861 0.231 987 ResNet34 0.643 0.565 244

CIFAR100
ResNet50 0.760 0.182 274 MobilenetV2 0.682 0.390 30
ImageNet ViT 0.666 0.396 1023 ResNet34 0.482 0.279 245
200 ResNet50 0.492 0.306 289 MobilenetV2 0.466 0.258 30
BERT-Base 0.739 0.353 417.7 BERT-tiny 0.669 0.311 16.7
SST RoBERTa 0.774 0.384 475.5 BERT-tiny 0.662 0.216 16.7
BERT-Large 0.775 0.248 1278.6 BERT-Base 0.671 0.343 417.7
BERT-Base 0.698 0.305 417.7 BERT-tiny 0.652 0.262 16.7
TweetEval RoBERTa 0.659 0.271 475.5 BERT-tiny 0.605 0.173 16.7
BERT-Large 0.706 0.232 1278.6 BERT-Base 0.653 0.255 417.7

4.2 BEIRiER

KRICVAG T — RNV EUE 53 R G0 F e 2k
B AL HE BT AL 4> 25 (1 MobileNet-v2P,
ResNet34. ResNets0@#1 ViTE! LIz T 5 44 2%
ft7 LSTMO, Bert-tiny. BERT-Base. BERT-Large!™
il RoBERTa®Y.,

MobileNet-v2 & 5] B 5k 2= 45 14, R Fl i = 4
TR AU 0> Hr 9 i 2 R E S 20,
M 55 BB /b 1) HE 38 2 H00ORT TR 4 1R R B R .
ResNet34 Fll ResNet50 I T Ji ik 22 X 45 45 14, 2%
i T R 2 R 28 I S A PR R R 9 R ) R B e T AR Y
FIUIZRRCR AN 43 FEHRE L

VIiT FIF] Transformer 224444 B45 25 #1147~
e IR E R LA e e B &5 5 1)
AR R,) 2 N TR AT S

LSTM & —Ff fig 5 2] K B 3645 S (1) 978 B4 i
LM 2% AEK TN SUAR IS AT 55 A B I BUR

BERT-base & 3= ¥t SCA T Yl 5B 84 3 3ok R J2
WA 5 RN B E R A RIE S AT S 1
fE;BERT-tiny & BERT HHEILIRAES RIEZ
PELA 158 2 A HE HRAT 55

BERT-large ;& BERT [JH5mpAs, B4 5 2 [&
JEUZ IS4 T 52 RIS & AT 5%

ROBERTa i £t 1k 111 25 3o 72 A1 1 258 2 40
IR = T 25 BERT AL AE .
4.3 LR B FINZEBESH

AT SLISTERC £ 7 2 Bt Nvidia A100 GPU
(H3Ht 80GB A7) 12 Bk Nvidia V100 GPU (%
P 40GB A7) WITHENL B AT, H A AR B E
1% 2xIntel Xeon Gold 6148 CPU. 512GB DDR4
RAM H1 2x240GB M.2 SSD. 7E S2iy it 5 % V5 /0 i
7Tl 2 MR 2R 78 49 ) FH 430 v oS30 Tt 1

TN IREE, FRATTR FH A B 52 45 1 B2 0 43 T SR s, 7
Pt V100 GPU b sjiti ™ 4% i v S B Y FR i) (AN 43+
25% [P ERIT)  [RI A 5 S ThFEIEAT RS
LI, DL SEAR R 251 4% 1) B IR 52 BR AR

RGBT MRNEE N 128,181k
K FH Adam. %3] R {E[1e-6, le-5, 2e-5]2 [AliE ¥ 1
RIRUEZR AR R HAN 50, i th R AL s )11 25
JE¥A RN 20,

XTSRS AT RNE BN 300,116 2%
K AdamW., 2] K 7E[1e-6, 1e-5, 2e-5] Al ik £
BT R HE 2L TR I 258 B 100, = 3 B [ AR A )l
S5 JE 1N 50,

4.4 TR BT

TE VP AR 28 T 11 &5 R4 IR AR SR FH v A
K(ACCOE N FEAR . BEAM A T VRS ARAY 4r HH 11)
ANHf 72 MR AR SCAd F T R 22 (ECED 1N
i hR A .

X 1 #EWZ(ACC) &l B A 7 Kb ERer) —
ANHE VP B R, g SO AY TR R0 () B A 5
HEFEAZI R . BT R A RIR W T

N
1
ACC =2 15 = ¥, #(18)
i=1

Horb1() R R S S ARy ERHE Y
1,74 0.

X 2 TR % (ECE)E U Z ML
[ PR AE T FE RN E M 2 T8 O T 25 7 . o e
SCENFEVE By, IHERG L AN E 1, 40 T s :
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1
ACC(B,,) = B Z 1@ =)
Ml €Bn,

1
C°““Bm)=IE‘T§S -y 1A%
Ml €Bn,

B, ={0,Y}

Hrbuy, AU g Al RoRFEAR © L SEARZE AT
PREEN 4, RFEA © TN AEENE, YRRA
B R PR PR R, A R A s 1) AN S /N T 4 AT IR
EHNZFEAS SR, S UAZ 55 it
Wk # ®  E T

ECE = XM _, zl|acc(B,,) — Conf(B,,)1, #(20)
Horn TR R AR 1) 6 B, m 7R AN i T 1 X () 2
8B, RN NG X [Alm N R AR

5 KIGERD

A SCOKG A T VP A% 5 T AN s A TE I = 1 B
IF) B 5 VR AE A5 23 SR G 2 AT 5 A AL
PE 58 F R R RN R AR B 8z A R 1 T TR
R
5.1 miAthEHEIESLE

ALE X KSHEN =M (ResNet50.
ViT. BERT-base. BERT-Large #1 RoBERTa) %%
B Ak 1 34 A 7 ( MobileNet-v2 . ResNet34 Al
BERT-tiny) #E47 1 XFEL /A, S5 45 Rk 1 o
R BIR, = M RYLE /N B 45 B35 3R I H A5
BRI EE 7o SR, B A A S A 2R T A e AT 2
T MR R B B B X R I AR R BB Y e 6%
/> S50 P T HE I OR (B AT Jk b b 2 i SR
PERE T BRI XU o

ASCRAEFR 1 A 2 I A TR A B AN e 12 )
e 1A A A BRI R, XK,
TEAI AN 2R AR 1 0 8 1 i A 7Y
TR LR35 5 2= OIS 2R A AL () i 8 AN 1 o 1 B 0 8
T S TR A v 28 7 1 TR e R e 1k TR I B8 AIE T
W 25 MR 500 {0 A5 25 () By RS AT 7 A Dy A 3
AR BT AT 1

=2 MEBBEY R E#IESHER

b ( thE ) Sroar = 0.7

ResNet50 0.756 (+0.113) 0.741 (+0.059)

CIFAR-100
ViT 0.860 (+0.217) 0.682 (+0.000)
ImageNet ResNet50 0.499 (+0.017) 0.490 (+0.024)
200 ViT 0.642 (+0.160) 0.658 (+0.192)

R 3 AR TIONEIHELEER

am ( e ) &rota = 0.7

iRk =
BERT-tiny/ BERT-Base

BERT-Base 0.689 (+0.020)
SST-5 RoBERTa 0.677 (+0.015)
BERT-Large 0.737 (+0.075)
BERT-Base 0.667 (+0.015)
TweetEval RoBERTa 0.621 (+0.016)
BERT-Large 0.665 (+0.012)

FEAE AR SN X L B 5 SR ) 2= AR 2 A i
MBERLBEAT 7 B[Rl S50, a3k 2 FR 3 FR. &
PTG 5 A SCHE H PR 2 T AN 0 52 P A 1) 2 3 I
FE HEAE 22 7E B A W A Y RO iR 4R BISERTE T
AR (R HERR 5 o FERL I 0 AT 55, = id
AR 5 VAR BJC R 225 i iz 5 %Y ResNet34
7t CIFAR-100 ##f £5 b iUl vEff 22 A 0.643 $2 7+
% 0.860. TESCAD LS+ BRI F AR T
IGAF, A BERT-tiny 7€ SST-5 54 L (1)iH 5]
YRR M 0.669 2 TH2 0.689. 15 T AN & PEAL
1 1) 2 120 ) 41 ZHAE 22 RE 85 4T 2500 i i S Y 5
TR0 EE R HE DL AD BRI R AR A AK 2 2 P ] 2 R
PERE

SR T 3k 2P IR T AN e AT
(1) 2 320 W TR B 7 425 (R0 A 205 e AR SCOH 8 R 1 7 9
S BRRR EAITERR . BRI VEEAT
T H AP R EAT 45 A VAT AR SO S
A BERT-Large #52, Wik 4 fin. 45K H
BT AN S T A Y 1D 2 320 ) AT 2 A % TRVT
Wriekbs L35 8 E 0 TR 24 775 #E SST-5
CIFAR-100 ##f 45 _F AR T S AL e A 42 A 5 Vs
PTHT 2.1%, 1X—45 FUESE T AR AL S BT AL
700 LSRR S EOR Al AN A T 1)
25 120l [ 41 FHAE B8 B8 6% B8 AT 50k R 40 B Y 132 4k
BE 77 RN 1, G LA TH X 5 2% SCAR I S i R0
A3
4 FRERRB BT EEMRML A L ES EHHR

BURE =
ResNet34 MobilenetV2 BiEm ENER B [ Y4 =B HE
ResNet50 0.913 (+0.002) 0.936 (+0.002) SST-5 0.775 0.564 0.524 0.671 0.689
CIFAR-10 _
ViT 0.915 (+0.004)  0.934 (+0.000) CIFAR100 0.861 0.622 0745  0.643 0.756
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BEAN AW TS A MBI E T U, Az
EAANHELE UG PIRCE 7y AL SR AT T 0T L s
%o ASCEEFE SST-5 1F MK 4R, U S AU
KHZARE 858K BERT-Base 1EA =AY, 2
HeEBUNY BERT-Tiny {F N MR RAE 7

e R AE € HAil s LA PE RER DL UE W] 1 A SCRr
et B T SR RO R S R A R,
BE W LE A 7] 1 AN 2 1k 20 A 1 52 1 3 N R
T AN Z5 A TR N £ 5 o

*5 TRIRABENHAENRTIN AT FEES EHR

T A FMESA A E PERCE L) (2:8,5:5 Al 8:2) X ZALMATE Hfpl
KT AR R S sy kel TR ” - ”
W 5 FR. SRR SR AR 7 P XL - P ppo Py
FR) [ o A 4 P S S A R A % A A I L T 4
%6 =MEE ViT # BERT-Base HIRIEZRIBSIINZER
ViT ViT(BUERME)
BEE RE 1 0.8 0.6 0.4 0.2 1 0.8 0.6 0.4 0.2
ACC 0.795 0.977 0.977 0.977 0.977
CIFAR-10 ECE 0.695 0.31 0.31 0.31 0.312
Num 10,000 0 0 0 0 10,000 10,000 10,000 8,112 0
ACC 0.662 0.862 0.893 0.905 0.915 0.83
CIFAR-100 ECE 0.631 0.233 0.219 0.217 0.219 0.14
Num 10,000 0 0 0 0 10,000 9,537 9,326 9,055 6
ACC 0.591 0.659 0.6 0.719 0.928
ImageNet200 ECE 0.614 0.642 0.396 0.449 0.659
Num 10,000 192 0 0 0 10,000 7,805 561 0 0
BERT-Base BERT-Base(Be#E#&4H)
ACC 0.733 0.733 0.74 0.948 0.741 0.744 0.797 0.912
SST-5 ECE 0.184 0.184 0.185 0.342 0.224 0.225 0.253 0.263
Num 2,210 2,208 2,178 466 0 2,210 2,196 1,796 753 0
ACC 0.663 0.665 0.672 0.776 0.602 0.614 0.681 0.798
TweetEval ECE 0.091 0.089 0.088 0.145 0.15 0.122 0.12 0.147
Num 12,284 12,233 11,782 5,136 0 12,284 10,789 8,018 2,545 0

o LH—AXEFEAEHAR (Num J 0) E#HZER (ACC) FMEAKIEIRZE (ECE) 1%«

5.2 {REUREZKIBSLIS

N T PEAS B B HE 2KV T VA A S AR B
I P 250 AR SO R PRI A5 R VAT S A T
Zri7Y BERT-Base #EAT 15258 KR A2 13 145k
TR f 4 ) 2 SR RN R P ASE 2R A v 75 08 7 1 1 A
R TEAS [ E T g b &5 AT T o0 b, L
HFRR A2 N T 4T R ERN FEAS 5T,
BMAZ5HHE . Wk 6 fiw, U GHEA VT,
BERT-Base i A0 13 #EAT I 2k, B ARAR AL B
Ho 285 th AN TR R RE 7 (R R RO 2 T R
B J 388 e FH RS HE T F8 2 31 B 5 15 AR T AR-IE
TR R B R R AN TR B R T TR A i A
ifl 2 ) R 77, BRI AS A e AR AR P X T S 28 0000 11
SE AT o TATTIE R IR S AR RO B, A

TEZE TR SRR E (2 v 4 VI S A HE 281 5 1
RO T EEMEH AR 13 FI7775,3600E T A%
TH RS HE 2818 75 2 3 T S 3 BRI 2 B A
F& AT HA R

R T 0 I U AR RS HE 2R T VR A
ASCKAd ] Dirichlet 73 A7 IR AR HE 2818 7725 I
TG TR Softmax @l TH k3T T X EE A
Horp Ay 2 4F: 4518 BERT-Large A= A7 |
BERT-Base fEilMIEAY, EE > FATLSMH VT
YE R ResNet34 1 A MiFsd, 4nk 7 fr
TR o 45 BB IR A4 FH Dirichlet 434 frRE R e 2818 77
2 B HER 22 5 DU 3% 1 D VR AR T (2 () 22
B /N T DA 732 IX R BARS R 2R T VAL
THE AR 5 BHIE I FE P4 7 T B A B35 i35 6



B RS T AN E VR B 230 P R R AE 22

i 75 DRAUE AN R PR A T o7 B 1 (R B, el o i 22
FEIR, B3 A BT B (0 2 3 B R HE AT 55
® 7 TR HEMENTTEXN AN EHEENR

HiER  PMERR Softmax MEfEI AHMRMETT  ROUERE
HEE 0.623 0.679 0.689
SST-5
JEE ms/s 27.900 93.350 28.320
CIFAR HEE 0.704 0.782 0.756
100 EE ms/s 0.528 3.432 0.638
ViT 88 BERT-Large #8%)
- ML %

1.0

AR

=== ROE
1.0 e wmmss

B 0.8
0.6 |
0.4

0.2

0 0.2 0.4 0.6 0.8
a2
(b) ZESST-SBIRM LA A(EH

Bl 4 HERUR HE S a0 45

1502 BEFR LAY 0T L B B Tl 45 2R 1) 0 15 7%
FEE 3B P < 1- T ) AN o MR B R v AR
R OZ I 25 TR A 4R . 8 T IR UEA SR
{140 35 T AN W 2 P A 1 1) 2 32 e () R AE 2 v A 7Y
FIUIN FF) A B8 52 A R S v A 2R 2 T PR I AR SCAE
CIFAR-100 1 SST-5 ##i4E b 73l %f = AR AL VAT
1 BERT-Large AT 1 B8R S B0 R 50 0E, W 4
Fim o HoA s etk A0 s Y B 3% 115 21
AN 78 BE 3 A B AR A0 R G R 2R S
()45 160 i 4 A SRR R vk R 28, 7 AT it 428 it
ZRE LR UL AR IR 78 7 o M SBGEE T DA R
2o MBS 2 BORE I K, L B et H A i e e S
TSR G A 2R AT A7 A BH A 22, T B AR AN B
PEA5 5% bR HUI 25 LUIRAS R 4 I AN B o8 FE A T B
77 KRR HEZE TR G AL TR ORI e 2 B o] B 3E 1t
AN 7 PR R 0 A 2 — SO BE AR B T R B R
ORAERE I, RS T H AT EEE

N T A3 BTN ZR%E s A58 2R A v 2 R T VR I8
PR VR RR A2, A A SST-5 1 CIFAR-100
i 4 _E ) HI%t BERT-Base.BERT-Large. ResNet34
PLR VIT BERUAE [1, 5, 20, 50, 100, 200] &kiulH
WEEATIK, a0 ] 5 s SRS FEFE R AR B (1-5
) EIEER BT BEJE7E 20-100 X E A,
P K T8 VAT TS 2% 120 4 O B8 e v e 3R AT (L
AR BMCSOIRES « I ZREe kT 100 %6 )5 1584 1
Reta THa e A Il ZREe ik (100-200 %) 233K

A5 R KGR b KR 52 B Lt A A Y e i
MET . BT ERER ARG IS+
TR R HE 2RI S5 R S i B 50,4 3CA 73 AT 55
Hh RS TR R A 2 U VI 5 JE A 15 D 100

SS'I’—S&?E% CIFARI008 R &
. T i ‘
- !
B / i |
% EiaE i EMER 3
;E . [E
W | S
. el B
i - ‘
' Twgen Cmgsmw

B 5 AN RIARHAE 2R PRI ZREC IR T 2 IR Y )i il &5 51
53 AREAHEMFRETH =IO EHESE

AR T AEAS R AR AN o 1 A
T AMI A Y 5 2 A0 A 2 il ) A 3 v A 2R 11 22
DAL HEBR RS (1) 25 5 o S T REANREAR S AR 52
PE 0 3] 1 22 18] B EAE, FRA R AN s PE X TR) 38 2] )
539 10 NSy, RS AR A 78 P BB o 7770 B B
5[0.1,0.2, ...,0.9] 0 HRH“1 — AR & 15
OV A A A A i 7 A (R BIAE N 2= 220 W ) 4 2
EE 2 PR R R (S22 5 4 B O (B 58 i — M T
25 Fr 5 BV (8], B FD T B 4R) AR AL 1B L (B 5)
DA i B AR A L (B 6) o 24T AR A 4 HE 1 AF
O FR FE R T B0 T35 (L I, T 42 el FH 22 ) A 2
AT AR B 2 B A O R AL T R, A FH 2 A
R ATHERE

T 1 IR A -5 5 28 4 T T R A 2R PR ot
b: Gl 6 Ao, T DA 5% 21452 HE B 5] 545 O F2
FEBME R IEAHR K R . BEE S O FE FE 45 1 34 b
(0 2] 0.3) , = MR 2 5 v B b A5 Ah il 2 18
K AT S B HE TR B 1) W S B8 K o FE RS O R FE I
BT, 25 120 Wy [F) 41 2 AE B2 REA2 I M3k 474 55 D) 4t
2 B[] 5 94 A 2 2 TR ORI ER AR P-4 o SR,
2 R R o R I A B HE R A R T 46 2 3 T
[ I A R R B e R T AR . IR R
P& A A B T4 T+ e 25 (5 0 B A0t 2= I ASE A
I, 25 2 () 5 0 M ASE Y 2 1) A7 7 5 v R 3 A5 SR 4
FH A REAG 52 B

TEERESELRERN . WE 7 PR,
AT LA SE 21, B A (5O R BRE R8I CEPDASH e 1
BRAE IR AR R Ak e 1 P TEAS OFERE
BIEALT 0 £ 0.1 2 R I, 1 AS Y 148 47 4 28 1) B 431
BOR, BRI 2 5 FE AR, TR 1 2 M ASE 28 g o 5
R A AR E . SR Bl A AL
AT 0, 2 DN ASE 2 75 B0 i B 22 1 B SR IRk P B



14 DA 1=

TR P HERRAE 55, 3 BUzs MR A fy o 53 448
=R LR T . A O R BB G R R
— i FHELE L AT ) A E VRS TE R, =
MR 2 5 il fa T Fase AT 55 1 Bk th
TR IR &S U = A R AT B () 7
MEEAHY . O TEHEBEES )L VR A 2 DL R A
R =l TS O S S B L TR N v £

SST-5 CIFARIO

ACC

51
o}
<
fELigR
SST-5 CIFARIO
a 7 - . - —
/ v - //
7 — ? “
O] \ / f . s 4
v A /
< XA
A /)
7 s,
%// .
TweetEval
e =—===1,
7
; \ Y
< . -
N
— "//t ......
BLEE

Erotal = 0.71F 9 Iir il AL oyt AT R R AR A
BB AN TR 1 85 v B AR 2, ) I JRE 4 1 1
WAz AR R, T PEAl 1 22 32 B[R B 0 200,
FIRTE TR L A R Tl A S IR
K FR)AHE TR N ) R 1) 8L o AP R P B2 K 5
T e m MR AT HERE I 1) 5

CIFARI100 ImageNet200

7 <
/ V4

(el feEEH

CIFARI100

(Bl LR

Bl

B 6 ASRIANH E VE B AE T ) 2o 120 W [R] A B A 3 L [ S22 25

R iR

CIFAR100 ImageNet200
—_—

BERg

““ 4/
“‘ —— sNet
./ eset
| eshiet
f sNet!
CIFAR100 ImageNet200
4 / /
,“ / i
// »
[/ =2
/ —— ViT-ResNet34 (Acc) B

—— ViT-MobileNetv2 (Acc) |”
«- ViT-ResNet34 (t/s)
+ ViT-MobileNetv2 (t/s)

B 7 AFRAHEVERE T Kz 2 b R HEE R R SR et B i 4f

54 ATHREMRSMINZHIFESR
9T B8 25 0 R A R A e AN T E 1
A LN T o0 A ANz A I35 50, AR SCHE SST-5 %4
W4 Eil% T BERT Fl RoBERTa #% 7!, 3 7F
TweetEval FidlE & HitAT 7K, il 8 Fiom. xf+
A (ID) #3 5 A\ SST-5 Il -4 51 SST-5 il
£ Y [0 A H AN 1 R 0 — SO e TR AR
A BARAH & M T SR 6T 43 A Ahiz Ak
(OOD) ¥#fz 151 M\ SST-5 Il Z54E 3| TweetEval il
TRAR, B (104 H AN e MR I L PR A AR A )
Fre A B B A e PR T . X 3R B 2 R
2R G RS AT DAY X 2335k N R0 23 A M2 ARE AR,
B AN 2 M2 BL2h NPT SEM) OOD FEA K5

TR AN 2 P R 25 TSR 1D FEAS

B4 B 53 BERT #5224 F1 RoBERTa 7 4
HH AN 5 M A FRATT R B A A R T X 43 A
AN IO A e B — B . Bk,
7£ SST-5 #| TweetEval FIIERAT 5 & A5
{100 48 %6 AN 1 BB A7 AE 22 S AR E AT B 3 R AR
A AR AL, BILE 40 2 OOD HdfE I, W 5 B B H B
R AN 1 o X SR B RS TR ZE T T VA B A A
PRUFARHEBAY (i iBsy) 5 B AR Canz= il
BAY) 7R/ An S s ) — Sk



B RS T AN E VR B 230 P R R AE 22

[ SST-5-TRAIN
SST-5-TEST
B TweetEval-TEST

05 06 07
Uncertainty Score

(a) BERTHR B A SSTSH R E R TweetEval iR SE
BOSZ AL M SEIR
Il SST-5-TRAIN

SST-5-TEST
B TweetEval-TEST

KDE Density
=N NG

05 0.6
Uncertainty Score

(b) RoOBERTat& B A SST5H B EE Bl TweetEvaldf
BERZ LML
K| 8 BERT #£ I 7E [ SST5 5 TweetEval #dE4E 4

H 1) KDE % /% H.J5 ¥ (a), ROBERTa % 4 #¥ SST5 55
TweetEval #5454 Y KDE %% & 718 (b)

£1%F 00D 175 F HIANHE & 1 % 31, Ovadia 5 A\
2y i 5 i IR T OOD i i, IS AN s 5 11 ) 4
Kol B 0 B AR AA AN e M . KB 2 AR B,
SRTE /A N R UK B AR B e PR (i
Kl 8 W oA frm) (H 4B 2] OOD A i F A i
A S B R R AR R KA R R,
120 A Y LA AR R AN M KPR e (E LR AR
T 5 1 AE 43 A1 N 4037 st b R B H AR GE RS OE R 1
U35 o 22 S5k G L AT O ) T AR 458 R 3
B T SO BR . W3R 5 /R a7 4k,
XoF AR () BB AL P 7 IR P A A DT A A SR AN A
SE ORI S i AR E Vs 1) = S B At B K () 2
H5072% 1) B 0% 4 12 B D 5 2R 1 B A5 L (HX 0 5 3
ST HHE o A A0 AR I B i U A
55 AHAZEMAIML TSI

N T = IR A e AT B R R, R
SR T —FH B AN 2 YL 7V 1%V
120 BUAE B IE 1 27 2] T 1 4 JR AN o 2 o Bk
SF 21 UG )R 5 38 DX 3k LA BAN B o 1 23
Z 7T DO A R AN S B S R KRR AR
BEEME G, Wi TN EIE )2 P E S
4 JR AN 2 VAR TS BB E BR 7, o 3 S B

GEARFAE 181 b, AT R 4 J) AN 58 k20 BE " BB A SR
P DAk EAARR AU AT PR 2 5

1
Upmap = Normalize (Z (WZ Z Fc,h,w)
c h w

K
Fepnw |, (21
><<Zk(ReLU(M(D)k+])) o > @D

Forb Uppap  TEERZ R FHBAN 2 PEWUT F oy o 71
REAE I, c O IEIE h AT w o 2S48 H, W ONERRE
P 1 v R BE LK S A R AN e MR A ORI
MR SR N BUE TR F . ik 9 Frow,
B A R T o T AR R A R 11 v A A e M DXk,
RS 1% X PR AN PR

AT DUV 52 1] 2 00 A 70 RT3 0] A5 78 A S 9% v R
B P X3 R R s ) — B . X P — SR
B 79 A 7Y A 1R300 985 L RS B SR O B iy B
FA U o R Inith, = AT AR B4 FJoR T
BUR B AN 58 KT X R B B AR AL BRE B AN H
TR R S B B A AR e R A] S o TR U, 7 30 A Y 7
BEREAE E AR 1A 78 55, BB AR BEAS SR I, 2= A
T 0% Y B 52 0 AN 2 DX, [ 3 A R 3k A T
HERE o HE T R IRWLEFN 43 A, AR SCHE R P [ HE 2 A
S ETRTE T RN A R .
56 {AESSHT

N T B8 UE B T AN R AR HE R 2 20 b [ 4 B
JTVEAE L BRI TR I M R A SCRY A T 47 B SR T
&, HRL T A SR & TR (4 8% 1.5GHzZ
ARM Cortex-A72 4 ¥ %%, 4GB RAM) Fil NVIDIA
Jetson Nano (128 #% Maxwell GPU,4GB LPDDR4 4
17, 1LA3TFLOPS). I8 /Z 477 I, A SCBEAL 1 %%
A% B 2541 B BR A1 (10-20Mbps) i 2] i 38 15
ZEIR (10-20ms). SEEGH, ASCRFEGIAN T LK
3] (230%71r B P B ) T5 BB AT Pk N =
DA VAL TTVEE R A NI B e sk 8 i
o GPREW, 58 F 2 MR RN A Y AR
bb, AR H B T AN 8 PR HE 1K) 2= 120 P R 4 3
MESLTEAER R . THE R A A & F B A BENSR
B, FIMIER TiZ 7R IR R M ot A5
HH 1 B BB R S FANME




16 it Bl R

T
e o
¥ 4 R 3
o o3 .

* 8 miahEESRR

BiEs RIS HEBmE  TENE FHE
=M Bert-Base 0.739 1596.1s 1.385/s
SST-5 AW Bert-Tiny 0.669 883.65 2.500/s
AN HE 0.689 1012.3s 2.183/s
Z=M ResNet50 0.760 41.2s 15.384/s

CIFAR
B MobileNetV2 0.682 25.4s 24.390/s

100

A FHE 0.741 31.1s 20.408/s

6 REERE

ARICHE T — T T AN R ) 2 3
7 1 T AE 2 A 4570 P o 2 v 7 98 5 TR v Sl a2k
B O AY L 3 (AR B < A W R I A
Hio BEAhBEiE TR R HE R T il I i o )
A7 R R T 2 AN A R A Kb B R 2 A N
AN E VR RE TR R IR R . 16 257 A AR i
AN E PR 22 7 A SCIE B 1 23 i R AT A SR
ARSRETE T IR SEREA KRR RE FT . S

REE %

K 9 7 =47 ResNet50 FliZfll#5%! MobilenetV2 b [KIASHH 5 1 AT #0 Ak S 46 45 B

SRR AL BB RSO AT S5 T 2RI
T R IE e il DEicse i R SIS DG UNE S LN i b P il
PrERAL T B R

AR SO UK R iy L AN 2 R A R
SRS AR S 15, TR T A% SRR IR AR Softmax i
J2AE DX R AT A I, RIS A2
2 MR R A v A T 3 B R TN S )
2 HEEAE Z8 3 BN T SCAR R B 70 R AE 55, R K
AT UABER B4R S5« A2 AT 55 AT SE PR AR K e i A
7 A 2532 iy R BHE ZAE 52 25% 22 A 0 B 3 55
Hh BN SR R MR AT U R R AR A 3k %, DT
NE B 5 T K70 FAT S5 1R P UK S

7 HEEN

RG50S A A 0 2% A S
B OCRFPREBINER 9 Pos st 5 R RILE T
SO I BT T ARG S B
(€ S, AL 2228 TORAT BT SEIN 7 i b 2 i
SR EIAZ OB S A T I .

®9 HSEXE

G X Ziine) %X
Mg MY M ZAR
€ SRR D MR I SR B R
U, LRI AR SR AN 1 TR i S AN TR 5 A
ug BT AR SR AN E U, TR FI AN 2



B K.

FET AN E VERHE R 25 10 B[R HE A SN

[

[2]

[3]

[4]

(5]

(6]

Erotal SN M AR @ Dirichlet 4> i 1%
Ve TR R AR ¢ i a, 2
Sep WA 72 P B & TEIRAN ) 52 P ) fE
Pe MR HE B S 2R Ve P EEEE S HERE
we Z MR AL we AR AL
A RAEAR AR Y 0 R 1 24
Yy’ TR HEA A Y (g 23 ¢ HER
fc pay kil U TR HEAC TR T A L AN A E 1
Ue DA R it RO AN A 5 12 6y MBS Ayt PR E 1k
Ye ZONREAL s B Oc PRIISITEE S 3
£ HShRAE 64 MR R 2 S5
) P 5P BB ARZE 22 ST AN
A2y IS5, TP AN ) B 2R T AR y)
Nz AR e 2] R L.
Leons (f) fE R AR R R E Dy, KL &
f FoR TR RIL AR D(.) i iy
25 DA B2 (AR 0 iy A A e i EH AN B 52
u(x) Ly TR A R 5 U 11 B R 2 R B
PR ZE AR
p; i A y HAEARAE
fo) 25 MR v 3o oc PR TS A T Leg A AR % R B
2018: 8817-8826.
& ,,—'% jz itk [71  Choukroun Y, Kravchik E, Yang F, et al. Low-bit quantization of
neural networks for efficient inference//Proceedings of the 2019
Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep IEEE/CVF International Conference on Computer Vision Workshop
bidirectional transformers for language understanding//Proceedings (ICCVW). Seoul, Republic of Korea, 2019: 3009-3018.
of the 2019 conference of the North American chapter of the (8]  Taylor B, Marco V'S, Wolff W, et al. Adaptive deep learmning model
association for computainal linguistics: human  language selection on embedded systems//Proceedings of the 19th {ACM}
technologies. Minneapolis, USA, 2019.1: 4171-4186. {SIGPLAN/SIGBED} International Conference on Languages,
He K, Zhang X, Ren S, et al. Deep residual learning for image Compilers, and Tools for Embedded Systems, {LCTES} 2018.
recognition//Proceedings of the IEEE conference on computer vision Philadelphia, USA, 2018: 31-43.
and patter recognition. Las Vegas, N, USA, 2016: 770-778. [9] Stamoulis D, Chin T W R, Prakash A K, et al. Designing adaptive
Dosovitskiy A, Beyer L, Kolesnikov A, et al. An Image is Worth neural networks for energy-constrained image classification//
16x16 Words: Transformers for Image Recognition at Scale/ Proceedings of the International Conference on Computer-Aided
Proceedings of the 9th International Conference on Learning Design, San Diego, USA, 2018: 23
Representations, Virtual , Austria, 2021 [10] Ahmed S T, Hefenbrock M, Tahoori M B. Tiny Deep Ensemble:
Kang , Hauswald J, Gao C, et al. Neurosurgeon: Collaborative Uncertainty Estimation in Edge Al Accelerators via Ensembling
intelligence between the cloud and mobile edge// Proceedings of the Normalization Layers with Shared Weights//Proceedings of the 43rd
Twenty-Second International Conference on Architectural Support IEEE/ACM lInternational Conference on Computer-Aided Design.
for Programming Languages and Operating Systems, {ASPLOS}, NJ, USA, 2024, 71:1-9.
2017. Xi'an, China, 2017: 615-629. [11] Alharbi M, Karimi H A. Context-aware sensor uncertainty estimation
Hassibi B, Stork D G, Wolff G J. Optimal brain surgeon and general for autonomous vehicles. Vehicles, 2021, 3(4): 721-735.
network pruning//Proceedings of International Conference on Neural 12]  Kendall A, Gal Y. What uncertainties do we need in Bayesian deep
Networks (ICNN'88), San Francisco, USA,1993: 293-299. learning for computer vision?//Proceedings of the 31st International
Wu Z, Nagarajan T, Kumar A, et al. Blockdrop: Dynamic inference Conference on Neural Information Processing Systems. Long Beach,
paths in residual networks//Proceedings of the IEEE conference on USA, 2017: 5580-5590.
[13] Laskaridis S, Venieris S I, Almeida M, et al. SPINN: synergistic

Computer Vision and Pattern Recognition, Salt Lake City, USA,

progressive inference of neural networks over device and



18

it 5Pl E R

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

cloud//Proceedings of the 26th annual international conference on
mobile computing and networking. London, UK, 2020, 37: 1-15.
WWsogorets A, Kempe J. Connectivity matters: Neural network
pruning through the lens of effective sparsity. Journal of Machine
Learning Research, 2023, 24(99): 1-23.

Han S, Pool J, Tran J, et al. Learning both weights and connections
for efficient neural network// Advances in Neural Information
Processing Systems 28: Annual Conference on Neural Information
Processing Systems, Montreal, Quebec, Canada, 2015, 1135--1143.
Bolukbasi T, Wang J, Dekel O, et al. Adaptive neural networks for
efficient inference//Proceedings of the 34th International Conference
on Machine Learning, Sydney, Australia, 2017: 527-536.

Gysel P, Motamedi M, Ghiasi S. Hardware-oriented approximation
of convolutional neural networks. arXiv preprint arXiv:1604.03168,
2016.

Rastegari M, Ordonez V, Redmon J, et al. Xnor-net: Imagenet
classification using binary convolutional neural networks//
Proceedings of the European conference on computer vision,
Amsterdam, The Netherlands, 2016: 525-542.

Tang Y, Wang Y, Li H, et al. Mv-net: Toward real-time deep learning
on mobile gpgpu systems. ACM Journal on Emerging Technologies
in Computing Systems (JETC), 2019, 15(4): 1-25.

Song M, Zhong K, Zhang J, et al. In-situ ai: Towards autonomous
and incremental deep learning for iot systems// Proceedings of the
2018 IEEE

Computer Architecture (HPCA). Vienna, Austria, 2018: 92-103.

International Symposium on High Performance
Zheng Y, Chen Y, Qian B, et al. A review on edge large language
models: Design, execution, and applications. ACM Computing
Surveys, 2025, 57(8): 1-35.

Hao Z, Jiang H, Jiang S, et al. Hybrid slm and lim for edge-cloud
collaborative inference//Proceedings of the Workshop on Edge and
Mobile Foundation Models. Tokyo, Japan, 2024: 36-41.

Yao J, Zhang S, Yao Y, et al. Edge-cloud polarization and
collaboration: A comprehensive survey for ai. IEEE Transactions on
Knowledge and Data Engineering, 2022, 35(7): 6866-6886.

Yeh Y R, Huang C H, Wang Y C F. Heterogeneous domain
adaptation and classification by exploiting the correlation subspace.
IEEE Transactions on Image Processing, 2014, 23(5): 2009-2018.
Samat A, Persello C, Gamba P, et al. Supervised and semi-supervised
canonical  correlation ensemble  for

multi-view analysis

heterogeneous domain adaptation in remote sensing image
classification. Remote sensing, 2017, 9(4): 337.

Wang X, Ma Y, Cheng Y, et al. Heterogeneous domain adaptation
network based on autoencoder. Journal of Parallel and Distributed
Computing, 2018, 117: 281-291.

Feuz K D, Cook D J. Transfer learning across feature-rich
heterogeneous feature spaces via feature-space remapping (FSR).
ACM transactions on intelligent systems and technology (TIST),

2015, 6(1): 1-27.

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

Xiao M, Guo Y. Feature space independent semi-supervised domain
adaptation via kernel matching. IEEE transactions on pattern analysis
and machine intelligence, 2014, 37(1): 54-66.

Rosenfeld B, Rajendran B, Simeone O. Fast on-device adaptation for
spiking neural networks via online-within-online meta-learning//
Proceedings of the 2021 IEEE Data Science and Learning Workshop
(DSLW). Toronto, Canada, 2021, 2021: 1-6.

Finn C, Abbeel P, Levine S. Model-agnostic meta-learning for fast
adaptation of deep networks// Proceedings of the 34th International
Conference on Machine Learning, 2017:
1126-1135.

Pan H, Wang C, Qiu M, et al. Meta-KD: A Meta Knowledge

Sydney, Australia,

Distillation Framework for Language Model Compression across
Domains//Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing. Virtual, 2021,1:
3026-3036.

Fifty C, Duan D, Junkins R G, et al. Context-Aware Meta-Learning//
Proceedings of the Twelfth International Conference on Learning
Representations, Vienna, Austria, 2024:1-22.

\ettoruzzo A, Bouguelia M R, Vanschoren J, et al. Advances and
challenges in meta-learning: A technical review. IEEE transactions on
pattern analysis and machine intelligence, 2024, 46(7): 4763-4779.
Teshima T, Sato I, Sugiyama M. Few-shot domain adaptation by
causal mechanism transfer//Proceedings of the 37th International
Conference on Machine Learning, Virtual, 2020: 9458-94609.

Chen Y, Bihlmann P. Domain adaptation under structural causal
models. Journal of Machine Learning Research, 2021, 22(261): 1-80.
Yue Z, Sun Q, Hua X S, et al. Transporting causal mechanisms for
unsupervised domain adaptation//Proceedings of the IEEE/CVF
International Conference on Computer Vision. Montreal, Canada,
2021: 8579-8588.

Yuan J, Ma X, Xiong R, et al. Instrumental variable-driven domain
generalization with unobserved confounders. ACM Transactions on
Knowledge Discovery from Data, 2023, 17(8): 1-21.

Blundell C, Cornebise J, Kavukcuoglu K, et al. Weight uncertainty in
neural network// Proceedings of the 32nd International Conference
on Machine Learning. Lille, France, 2015: 1613-1622.

Kingma D P, Salimans T, Welling M. Variational dropout and the
local reparameterization trick. Advances in Neural Information
Processing Systems 28: Annual Conference on Neural Information
Processing Systems. Montreal, Canada, 2015:2575—2583.

Li Y, Gal Y. Dropout inference in bayesian neural networks with
alpha-divergences// Proceedings of the 34th International Conference
on Machine Learning, Sydney, Australia, 2017: 2052-2061.

Gal Y, Ghahramani Z. Dropout as a bayesian approximation:
Representing model uncertainty in deep learning// Proceedings of the
33nd International Conference on Machine Learning, New York City,
USA, 2016: 1050-1059.



B RS T AN E VR B 230 P R R AE 22

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

MacKay D J C. A practical Bayesian framework for backpropagation
networks. Neural computation, 1992, 4(3): 448-472.

Harrison J, Willes J, Snoek J. Variational Bayesian Last Layers//
Proceedings of the Twelfth International Conference on Learning
Representations, Vienna, Austria, 2024:1-31.

Sensoy M, Kaplan L, Kandemir M. Evidential deep learning to
quantify classification uncertainty//Advances in Neural Information
Processing Systems 31: Annual Conference on Neural Information
Processing Systems. Montreal, Canada, 2018: 3183—3193.

Yu Y, Deng D, Liu F, et al. Adaptive Negative Evidential Deep
Learning for Open-set Semi-supervised Learning. arXiv preprint
arXiv:2303.12091, 2023.

Amini A, Schwarting W, Soleimany A, et al. Deep evidential
regression. Advances in Neural Information Processing Systems 33:
Annual Conference on Neural Information Processing Systems.
Virtual, 2020: 14927-14937.

Fathullah Y, Gales M J F. Self-distribution distillation: efficient
uncertainty estimation//Uncertainty in  Artificial Intelligence,
Proceedings of the Thirty-Eighth Conference on Uncertainty in
Atrtificial Intelligence, Eindhoven, The Netherlands, 2022:663-673.
Xu J, Lin Z, Li S, et al. Flexible Bayesian Last Layer Models Using
Implicit Priors and Diffusion Posterior Sampling. arXiv preprint
arXiv:2408.03746, 2024.

Lian Z, Lv M, Xu X, et al. Cloud-Edge Collaborative Continual
Adaptation for ITS Object Detection// Proceedings of the
International Conference on Spatial Data and Intelligence. Nanjing,
China, 2024: 15-27.

He Y, Shen W. FedITA: A cloud—-edge collaboration framework for
domain  generalization-based federated fault diagnosis of
machine-level industrial motors. Advanced Engineering Informatics,
2024, 62: 102853.

He P, Jiao L, Li L, et al. Domain Generalization-Aware Uncertainty
Introspective Learning for 3D Point Clouds
32nd ACM

Conference on Multimedia. Melbourne, Australia, 2024: 651-660.

Segmentation//Proceedings of the International
Yin H, Wang P, Liu B, et al. An uncertainty-aware domain adaptive
semantic segmentation framework. Autonomous Intelligent Systems,
2024, 4(1): 15.

Cai M, Kezierbieke J, Zhong X, et al. Uncertainty-Aware and
Class-Balanced Domain Adaptation for Object Detection in Driving

Scenes. IEEE Transactions on Intelligent Transportation Systems,

LU Fei-Hong, Ph. D. candidate. His

research  interest is Al  safety,

Uncertainty Quantification and

Multimodal cognitive intelligence.

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

2020,25(11):15977-15990

Guo J, Chen H, Wang C, et al. Vision superalignment:
Weak-to-strong generalization for vision foundation models. arXiv
preprint arXiv:2402.03749, 2024.

Krizhevsky A, Hinton G. Learning multiple layers of features from
tiny images. Technical Report, University of Toronto, Toronto,
Canada, 2009

Deng J, Dong W, Socher R, et al. Imagenet: A large-scale hierarchical
image database// Proceedings of the 2009 IEEE conference on
computer vision and pattern recognition. Miami, USA, 2009:
248-255.

Socher R, Perelygin A, Wu J, et al. Recursive deep models for
semantic compositionality over a sentiment treebank//Proceedings of
the 2013 conference on empirical methods in natural language
processing. Grand Hyatt Seattle, Seattle, USA, 2013: 1631-1642.
Barbieri F, Camacho-Collados J, Neves L, et al. Tweeteval: Unified
benchmark and comparative evaluation for tweet classification. arXiv
preprint arXiv:2010.12421, 2020.

Sandler M, Howard A, Zhu M, et al. Mobilenetv2: Inverted residuals
and linear bottlenecks//Proceedings of the IEEE conference on
computer vision and pattern recognition. Salt Lake City, USA, 2018:
4510-4520.

Hochreiter S, Schmidhuber J,
SHORT-TERM MEMORY. Neural
1735-1780.

Elvezia C. LONG
1997, 9(8):

urgen

Computation,

Liu Z, Lin W, Shi Y, et al. A robustly optimized BERT pre-training
approach with post-training// Proceedings of the China national
conference on Chinese computational linguistics. Hohhot, China,
2021: 471-484.

Ovadia, Y., Fertig, E., Ren, J., Nado, Z., Sculley, D., Nowozin, S., ...
& Snoek, J. (2019). Can you trust your model's uncertainty?
Evaluating predictive uncertainty under dataset shift//Advances in
Neural Information Processing Systems 32: Annual Conference on
Neural Information Processing Systems. Vancouver, Canada, 2019:
13969—13980.

Lakshminarayanan, B., Pritzel, A., & Blundell, C. (2017). Simple and
scalable predictive uncertainty estimation using deep ensembles//
Advances in Neural Information Processing Systems 30: Annual
Conference on Neural Information Processing Systems. Long Beach,
USA, 2017:6402--6413

LUO Yang-Yi-Fei, Master candidate. His research interest is

Multimodal cognitive intelligence.



20 DA 1=

Gao Shi-Qi, Ph. D. candidate. His research interest is Al safety.

TAIl Zhen-Ying, M.S.,Associate Researcher. His research
interests include social network and big data.

ZHOU Hao-Yi, Ph. D., Assistant Professor. His research

interests include long sequence forcasting etc.

Background

This paper focuses on the field of cloud-edge collaborative
reasoning, with a particular emphasis on model uncertainty
prediction and model selection in edge computing
environments.

With the widespread use of pre-trained models in various
downstream tasks, deploying efficient and accurate models on
resource-constrained edge devices has become a critical
research topic. Several solutions have already been proposed,
such as model lightweighting techniques (including pruning,
quantization, and model compression) and model selection
methods based on Softmax output credibility. However, these
approaches often face challenges related to robustness and
accuracy, especially when dealing with complex or unevenly
distributed samples.

This paper proposes a cloud-edge collaborative reasoning
framework based on uncertainty calibration, aiming to
overcome the limitation of traditional model selection relying
on the Softmax output layer, especially when facing unknown
domain input, even if the model confidence is insufficient, it
may still output wrong predictions. By distilling and calibrating
the cloud-side model to give it uncertainty prediction
capabilities, the framework combines the uncertainty of
cloud-side and edge-side model outputs to optimize the model
selection and reasoning process, thereby achieving efficient
cloud-edge collaborative reasoning.

In visual and text classification tasks, the proposed
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reasoning framework outperforms existing  methods,
particularly when handling samples with high cognitive
uncertainty. In these cases, the benefits of cloud-edge
collaboration are especially significant.

While the cloud-edge collaborative reasoning framework,
based on uncertainty adaptation, is primarily designed for text
and image classification tasks, it can be further expanded for
regression and generation tasks in the future. This would allow
the framework to become more flexible and intelligent in
resource scheduling and model selection, enabling it to handle
dynamic and complex application scenarios and providing
more powerful and efficient support for practical applications.

This paper offers both a theoretical foundation and
technical support for the next generation of intelligent edge
computing systems by optimizing the configuration and
collaboration of cloud-edge resources.
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