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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
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natural language processing and computer vision, thereby promoting the continuous advancement
of 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, we 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 edge-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 edge-side model exceeds the threshold and the output uncertainty of the
cloud side model is lower than the threshold, the edge-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-side 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.

Keywords cloud-edge collaboration; uncertainty calibration; uncertainty quantification; evidential
learning; lightweight models
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U, FBEE 1R 15 o 1AM AR 5 1 1) &5 SRR AT 46 i
1155 28t 2~ MR A T HE 2
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E M
U, =—( M z,)+log (M (2,)))/ /3 IR IR R iy
M
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IF U< &,y THEN
RETURN y =3,/ /i1 A5 AL 31
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U =—S(Mc(x;) log (M () // 25 AL FIE SRR
e
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I FRA 00 AERETIRIRI AR I ZRBI B - (8 FH 28 U
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Law( f)=(1—CE(f(2),y)+ - 5.1 SEIHIE

ACE( f(x).f(2))
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PRI AN R 2 S0 S A 8 A T
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TR 5 214 25 DR TR0 i 1 34 S A 0 T s A
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e

Len( f)=01— u(x))CE(y,f(x))Jr

u(2)CE(f(x),f(x))
ulx)=|U.—U]| aan

o, () 3805 25 MR R0 00 0ot -8 A RE AR
2 R A 12 SRR T S O AR .
F o) VL 25 MR e % 2 (B B A T . 33 AN A T
B SE M\ 5 AT 27 ) 5 (o AR A5 A7 T
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S T 0 R PR R AT L T A7 G 4% R 3
DT ] R 97 214 06 56 % HE i T B AR 2 4K 1 R
T ALl R 45 5, I 2 IR AR . RIS
e 2 s I A R P e ) AR S 0 R B A DG A
SR T RS 1 A R
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AR XS ARSI P ) R A R AT L SR i
BN S B N R IR F AT TR 4

ARSCPAR T FEF AN 2 A HE 1 2 370 P ] 4 2
FEHRAE AN SE RN SCA O 2HAT 55 BRI, AEBE 4325
£ % b % CIFAR-10, CIFAR-100 F1 ImageNet200
IR IEAT T S50 A SCAR S A 55 X SST-5 A
TweetEval 8R4 T T 905 .

CIFAR-10 F1 CIF AR-100"" 2 f # F #0 B4 4)
JEBIE R L A AL B 10 2 A 100 2K R . K/ A
32 X 32, FAKEEAL T 50,000 5K T II 29 &
& F110,000 7% FHF 5 UE A B8 . ImageNet200 &
— T o AT 55 W B 4R L A 5 200 251
[ 100, 000 5K EI& 4> 28 54 500 7K I 25 K14
50 5K 55 R A 50 sk NS . SST-57" &5 H
G I 2 B 4 LA 5 2R & AR SO B e 4
HEAT T TAL B, IR X A 250 A 3 = AN
TweetEval ™ B -E A~ 5 M AT 55 41 A SCAUAE %
FE e o I 2R 40 I BE TP EAS A AL
5.2 HEZKER

ARICVAG T — RN EUR I3 5 SO G3 SRR A
A, A T LB 4 25 1) MobileNet-v2™ |
ResNet34.ResNet50 F1 ViT™ , L J T 3CAR 502
1 LSTM"™, Bert-tiny . BERT-Base .BERT-Large™"
FIRoBERTa"",

MobileNet-v2 5 T3 & 58 22 454 . R 2 &
TR 26 FURAT Ok /D v (B 9 2 A R IE S 800, A
1T S5 0L/ 4 PH 2 5OR B A () SRR

ResNet34 Fi1 ResNet50 %t F 75 FF 5% 75 W 2% 44
P A T U2 IR 5 N 5 s B 00 2 [ B, v T
B I 8 T s

ViT F| ] Transformer Z2Fa0% L 53 E1 A /N
FERIA B LA RO R 2 58 5 1 42 Jm)
WA ZR )2 W T 24T 55

LSTM J& —Fifig 2 > K WK A 5 A 1 24 pi
22 AER PN SO AT S5 EABRAFRIRUR .

BERT -base J& 3 it SCAS il Y1l 25 8, 5 3 T 2
X TE RN B E BT H RS T A BRAT 55 i PEBE 5
BERT-tiny s BERT 1942 b iR A . i & 5% 52 [R
IREE e M A BEAT 55

BERT-large /& BERT (3458 iR AS , HAS T 2B
JEUZ S, 8 T 52 4005 7 AT 55

RoBER Ta i 1 £t Ak il il it 2 1 6 22 68 2 44
BE— R 1)1 2 BERT #5 AU flE BE
5.3 LINEEMINGESE

A ST B SE B AE L %5 T 2 B Nvidia A100 GPU
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(HEHR 80 GB I A7) 1 2 Bt Nvidia V100 GPU (43
40 GB BAF) BT AL AT, HoAth B 0 i B A 45
2xIntel Xeon Gold 6148 CPU.512 GB DDR4 RAM
F12X240 GB M. 2 SSD. 7E S 56 113 % 5 7 e 7
T 25 MBS TR 55 70 ) FH 4 T R HARE B 05 v i
MEREE , FATI R PG 1 32 428 (0 0 15 43 T SR W, FE B
V100 GPU _I 52t 7™ % 9 31 580 5% 5 B il (A 43 i
25% BYHFE B I0) L [ B X AT S SRR AT RS
W LIHR, A B SEARAL 00 515 2% 10 0 T 2 B AR

UG AT 55 b AR/ BEE R 128, 1tk #
K Adam. 2% FAE[1e-6, le-5, 2e-5] =[] ik
B, RV AE 2R 1R I 25 S5 R 50, = i B R Ak
I 25 SR 20,

X F SCARGY FAT 55 L LR /NBE A 300, ik 4%
K AdamW . 22 2] R AE[ 1e-6, le-5, 2e-5]Z [A] 1k
P& BIRIRE HEZE TR B 25 R 10 100, = i Bl Ak
AN 2R R 50,
5.4 EHrIEtR

FEVTAk A5 TR T (14 235 SR G RIS S A SCR FH U
FRACOWE NI TR R BEAN . R T PP A Ry
(AN 2 PR B I S A SCfeft FH T A% o 152 25 (ECED A
R AR

EX 1 HERER(ACC) J i 1 7 25 1 fiE
() —A~8 FHPF A8 A, o SR AR T it 000 1) 4
zlxifmféﬁzlxm@tm AR AR R .

ACC=— ZIy, i

Hor, 10) J2 4878 BB, 455 N0 25 A0 ELRHE
1, #5040,

EX2  BUIRHERZE(ECE)E X ZA K
Z 1] AR Bf B RS 22 P 22 TR T 22 5% . 19 e

(18)

i XL MSB,,,B’J/M)% RN ETE, W s
ACC( B,,,)— 21(y, vi)s
(19)
Conf(B,)= \Bm’l;

»={0,7}
ﬁtlﬂ,y,%n&,éj\j:ﬂ%%m#zlxzE@Eiﬁ%ﬁnﬁiiﬂﬂﬁ
B T S FEAS ¢ 18 FUI A8 AN M L T 3RO O
PR F SRR B AN S /N T Y T 1
RS H5ITE B NWAS 58, s mi
KR ZEANT
ECE=>" | ACC(B,)— Conf(B,)| @20

Horon %%m’rizliﬂ’ﬂié\%ﬁ(,m TR AN RE P A IX 1)K
. B, RN T YT A m N BIREAS B

| m

6 KWERDH

ARSORE A TRTVPAS 36 AN 2 AL 1T = 21 P )
W BT AR ST o JE RN MG i AT S5 A R S
38 IR AR HAE 5 387 AL BE 71 77 T B 2R 3
6.1 ZRAhEHEELE

AR SCHE S X R 28 1 = M AL (ResNet50.
ViT.BERT-base. BERT-Large 1 RoBERTa) 5 #%
24k 1Y 1 0455 Y (MobileNet-v2 . ResNet34 #1 BERT-
tiny) #EAT TXF LA AT, SEER A R ANK 2 s . 45
R s = MSHAE FAEEAE FRH Asi iiR
SIBETT o SR it Ak A 20 RS A U M e AR A T
2 MR T [ B i, 3k 3 B B R R et A A 78U B 6% ik
DS I HR TR R L (H R AT R A b 23 T R M
BT B 1 RS

®2 ZMEBDMRBER LRSS LKBIRE EHIXT L DA R

HondE Z i ACC(z=fl) ECE(=M)  Size (MB, =) s MBR (3%4%) ACCGhHM) ECEGHM)  Size (MB, 1)
ViT 0.977 0.310 983 ResNet34 0.911 0.421 243
CIFARI10 _
ResNet50 0. 955 0.161 270 MobilenetV2 0.934 0.274 30
ViT 0. 861 0.231 987 ResNet34 0. 643 0. 565 244
CIFARI100 )
ResNet50 0.760 0.182 274 MobilenetV2 0. 682 0. 390 30
ViT 0. 666 0. 396 1023 ResNet34 0.482 0.279 245
ImageNet 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
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AR SCIRTE % 2 70 R T S R s AN M a2 1 A
AE N IR Sk A AL R R A . X B,
TEAS AR S 2 AR 55 100 4 kA 0 A AR
T RECRFRE 5 2 (A HR A DL i 0 AN B s M RE )
IR H A RS v 2% A Tk B 5K L TR IR IR T
14 2 AR 15 0 A AR Ay i s AN S P Ry 3 B
PRI AT

P45 ARSI B MG 5 SCAR 1 2 (A A i
M ARLIEAT T D IS 56, N 3 R4 iR . L
AT 5 AR SO R B 56 A0 0 PR A T 1 2 3 I )
I A ZR7E T A IR AR R A A 4T Tk
RS (R SR ME R R . EARSE 2 AT 55 s =i
() 4 B 7 VA R BUC R 3 B an i i ASE A ResNet34
7£ CIFAR-100 05 48 1 A9 15 50 1 2R DL 0. 643 2
F20.860, FESCA G AT 55 . S B 48 T 45
F| T IE , S B E BERT -tiny 76 SST-5 54 |
AR HER 2N 0. 669 2T+ 2 0. 689, BLHHIE T A
T P VR 14 2 320 T ) A BHE R RE 8 A 3R ) 1
I 5y - b ER A E LA B KRR A L B Ak 2 i b ] 9
PR HEARPERE

R3I URERENZBHEHELEER
B (M) &g = 0. 7
el 2 —
ResNet34 MobilenetV2
ResNet50  0.913 (+0.002)  0.936 (+0.002)
CIFAR-10
ViT 0.915 (40.004)  0.934 (+0. 000)
ResNet50  0.756 (40.113) 0. 741 (0. 059)
CIFAR-100
ViT 0.860 (40.217)  0.682 (+0.000)
ResNet50  0.499 (+0.017)  0.490 (+0. 024)
ImageNet 200 .
ViT 0. 642 (40.160)  0.658 (+0.192)

F4 NARBNZNHEHEEIELER
S CHMAD & o = 0. 7

ik =il :
BERT-tiny/BERT-Base

BERT-Base 0. 689 (40. 020)
SST-5 RoBERTa 0.677 (4+0.015)
BERT-Large 0. 737 (+0.066)
BERT-Base 0.667 (4+0.015)
TweetEval RoBERTa 0.621 (4+0.016)
BERT-Large 0. 665 (+0.012)

S FEEE Ry 1 i I L T AN i A
() 2 300 003 )4 B 7 3k R A A5 AR SRR s i vk
5 A SRR AL T Tk BT RGN ZR IR O 1R AT
TR b, HAP AR SEAT 55 Al VIT B SCARATE
% L f#i I BERT-Large B 5, R 5 iR . 458 %

B, LT AN 5 A B9 2 100 P[] B E 7 5 0
PR RS R R L TR R R AL ) 1k . fE SST-5
1 CTFAR-100 %4l 4k b AT e b L B 2 ik Ak
TIESRTET 2. 100 X — SRR T M TAE 5L 1)
DA ZEAR AL A B AR A RO L RS N E T
b4 25 120 B[R] PHUAE L RE A B AT At PR B T
ZACRE ST G DU AR T S 2% SCAR I S I 3R
AR TRV e

RS FARARBEBEAFTEERARMIASEXES LR

Bade  ZUBR BURC e I gl
SST-5 0.775 0. 564 0.524 0.671 0. 689
CIFAR-100  0.861 0.622 0.745 0.643  0.756

BEAE o ARG X 103 A SR AN 00 2 1 U, 2 ) 4
SR 72 PR U B AT 43 L SR s AT T X LS R
ARSCHEPE SST-5/E A E R4 , IS EE R K H
2 AL BE T3 1 BERT-Base V5 2 5 , 228
BN BERT-Tiny 1 i AR SRAEI 38T T A
() 4 SR AN ff o MEAS EE B A9 (2: 8, 5: 5 R 8: 2) X 3 F
AN S PR T 1Y) 2 00 DI [ 4 B 3 P R 1R 5% T,
FOPR. LIEERRYRAAR 7 e X A i
JO7 AN 3 T SR S o 5SS PR T T Y RO
FoE HAZ I fe A P RE R B, SR B 1 AR SCHT 4R 8 1Y
R 307 1 5 A B 3 65 e v RO 8 R A
AN R AS B 2 P A A I B R 3 1 b 5 S A =
AR ) T 25

*Fo6 ARABRIEBRENFEEMRINXEASRES EHBR
= /g L4
el /2 AL EE L)
2:8 5:5 8:2
SST-5 0.672 0. 669 0.671

6.2 IEEIRERIELI

R T DA AR AR v 2 R T AR 2 MR i) 1o
FHRAE , AR SO 58 I A5 80 VT A SCA T 25
PR BERT-Base 47 T S2 565 . % 1 2 28 13 U1l 2k
TR (18 iy 1 235 SR TR FEUASE RS o 20 T T DI s 7
AR B 4 SR A AN ) BB R AT T 6 e R R
IR YORH E PN T S BB E R FEAR S S I
A EHIFR . MR TR, Y HOI R VIT,
BERT-Base ffi FH 2 30 13 #E1 73l i, i SR A58 700
g B & ASH E PRI RE ) R HOR B &
W Bt » 38t (ol AR T RS 2 2T 0 7 i, AU )
PRAUE T A 53R B AR R A T [ B T 1 455 AL i
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%7 ZM#ER VIT 1 BERT-Base R A 251 SCI6 45 52
ViT VITUR HEZE )

VIS 5 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(#% #f: 7%1#)

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

Y AN X P REAR BT (Num S 0D, TERR R (ACC) FITR R iR 22 (ECE) 34l -7,
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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
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thereby achieving efficient cloud—edge collaborative reasoning.

In visual and text classification tasks, the proposed 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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