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Resource-Efficient Model Inference for AloT: A Survey

YUAN Mu ZHANG Lan YAO Yunhao ZHANG Junyang LUO Puhan LI Xiang-Yang

(School of Computer Science and Technology, University of Science and Technology of China, Hefei 230026 )
Abstract From smart cities to industrial automation, AloT is widely used in more and more scenarios. Model
inference, as the core technology for realizing intelligent decision-making and response, plays a pivotal role in
AloT systems. However, AloT devices are usually highly constrained in resources such as computing,
communication, memory, and battery. This makes model inference resource overhead in AloT a key technical
challenge. This review summarizes related technologies for optimizing model inference resource overhead in
AloT scenarios, provides an overview of mainstream model inference optimization techniques currently used in
AloT applications, and deeply analyzes their advantages and disadvantages in terms of resource efficiency. This
paper designs a new taxonomy, which is classified from the three modules involved in inference (sensor data,
intelligent model, 1oT hardware) and five key resources, and proposes the first general optimization workflow for
AloT model inference, which can help relevant R&D personnel locate and optimize inference efficiency
bottlenecks. Finally, this paper discusses four future research directions related to the inference efficiency of

AloT.
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BRARMAESS,  BAS N BRI AE R AR s 2 47 4
X480, FFHIEAGTH ST R R B 43
153 (IR AT LA S 30 67 8 35 16

3. 1. 3 HHAL P P EE F



TEMRE T [ R B IR Y R VIR e SRR TR S SR 8
TAMANTENHEIRER G ARLE

ik HE4 NHGR KE it ot P AR
FEURLEE S N T 8

Canel % [16] (FilterForward) 2019 EHFMERBHERE  FON SRR R 25 +5 25 8% BAE R

Li % [17] (Reducto) 2020  HEHT T S £ e TiE A 22 Ty 22 [

Tchaye-Kondi 2% [18] (SmartFilter) 2022 AT HFHE M 22 +73 25 0% BEERE

Yuan 25 [19] (InFi) 2022 AT MR Uity ) i ] P AR A T E 2 BAE R EA{E

Jiang %5 [20] (Remix) 2021 EBA AR BB U155 A A BB T R IEE X

Zhang 25 [21] (EIf) 2021 FALHT S 000 33 A TR AL A A S 0 PR DX
FERL B

Chen %% [22] (Glimpse) 2016  EEHAIRE SeRFYIARIE BE LI 17 3 5 A Ee A A

Guo 25 [23] (Potluck) 2018 EMG BRI 1) B AT ARACLE B

Guo 2% [24] (FoggyCache) 2018  BEBES T 38 N S S R T R AP SRR I AR [RUE 2 B
AIH B HEE T

Ning % [25] (DeepReuse) 2019  HBIAMEMEEE S EURE A R SRR TE AR R AELAE B3

Xu % [26] (DeepCache) 2018 #ASH T ARG 43k 2o A DX It 4T A7 G P X 48 22

Wu %5 [27] (DREW) 2022  HBFMNEE AL RS ARURRIA A+ 2 I BERR Py I

R R B T AR 2 TR R LU TUAR
AL S — RO T B AR IO, ROz B4
HERS oS Hid Mg R—%, wREY s
Scth HE FH 2 B 4 SR BB 1R = VR AR . N, X
TN TFH LA ES TS, R
ZaE S EhfE o> 24 B —2k, WImTLLE Al
— BB R S IR, SRIEAT PO IR

Chen 5 [22] %1% #% 2 ¥ % FH1 2 i 55 45 13 [+
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(et B R AT DA R 22 8 STFT 5, SURF 4
i) FOXERLFHERRGE B, 7537 5 2K i F BRI 2%
AR ARABLRE , #580 ee AR AL . (1% T
PERR T —Fh I TP 22 45 (1 BRE 1 3h iR #E55)
W) B2 IR [Pl S A7 (2 R 70 D) 2 3 08 S 7 (e 2
PREL. Guo % [24] WL BIFEIT B 5 1 2 M e % b
VA (RS R HE B AT 555 5 BEARALA I | R SO,
FOHERRGE B AR, BTt T — s i & ik
felit 2 8 /71 FoggyCache JH LAJE/D TU 4R
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PEH T DeepCache J77%, @it F| ARSI IS 7 &)
A E SR ES R, INmE s, Bk
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B 2N S FBIX e Pareto UACE, EdiHHE
—ANE R AMGEIR KR B, T A
WATSR — WA (i KA S AR B AR D
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BN B IR o Ma 5 [72]7F ShuffleNet [1)3EAt
LT ShuffleNetV2, &F5F Rt & fiRE
" B4 F (Depthwise Separable Convolution)
RYNBA SERR RSO ZE 55 ), M4 TR
RV TH ) CBE N . AFERRR I 7. #5846
TR Pl 2R AL RIS E L R R 745, IF
FRHE X LU 61t ShuffleNetV2. 1% TAEIR A%
BT 7 R 2 g - B R 1 A R X i o 3L 3 1)
SO, IR X S5 B4R B R A AR A )

AAHEZEIRFE . Lin & [T31 5 XK DRV
B BRI BT RAR SR T MCUNet, —Fhfl S 1
e A PR £ A 8 A H 2R 12 TinyNAS Rl B 24t
5% TinyEngine M) RG-FIEM FBTHHESE .
TinyNAS &R B NAS (M ZeM 8 R) &
2 PGB AN R BN 23 B SR A A T R
Pk NAS 82 ), A HGE N &N . AR BT
PRLTH, B S AEACAL J5 B8 R A (A Y E4T NAS 822
TinyEngine &%t MCU ST i R 51 28, H
RO TGRS ARG WAFRIE . BREIRRTT. 5
TRE SRR, RIEREAS 7 HERE N A7 TT8Y . MCUNet
FEZAEF . ML EHUESS L T AR E R
W2 RAS B, A9 95 B0 B AL AR 7 >0 N T
. Lin ZF[74]7F MCUNet M5Emf Bit— DT
MCUNetV2, ik Do A A5 1Y T S 7 AT DA ) kA 25
WP P A7 P it R T R o 2 ) P A7 £ A
Bt riss, fENAFEER B, B S B
BEAER, B R THEURE B NS 2 X, FERE
WHRTHT SRR T 54 4-8 A fF. R A
HOMBZH AR, BRI B2 B [F
3R THE ZHERL 2 IR B, AR D E ST
A TR IS CREF AR RS E

RGBT RE . Liu Z[75] it T — R ek
W I FH 75 SR R 2 A AR R R AR A4 . AR R 45 e AR
RS BE AN SE TR K, AT B A7 REESFIR IR
PENLIHRFAT o KA H R A HRF ARG i stk
SOVMRh R, T DON R SR IR ER
REMRRE M E43)E (B, skES . 5T
B i), (015 e 4g o AR e T 2 B8 A 20 SR B T4
NERARAH TR Gao FF[761¥ 1T T —Mug THf
3 N BT RCHEZY, 7EOR B 50 AR (Y Rl b adid vk
PEPEPAT BB 0 I TE R 4 v 5B B TR K
P e BE AR A N UL 88, B TR AIE 4 5 R 410 )
FBS (Feature Boosting and Suppression) &R,
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FEIB AT I AR AN 5] a0 A A e 3 JHOK 2 25 45 1
TWIE R (B AEEEE, BEAREE TR
SO B R R P RE OSSR T HEFR . Cal 45[77]
XAV R RN R & T — N2
SRS, B0 B B i 40 ) 2R A A v 2]
R ) 285 B AR I ZRB B o 7B DX 2 A 2 3 B R A [
GRS WIS, BRI, Jm ki
gailgr s, BB IS AR E R 1T
i, EFREN B, A — AT IR R AR,
£ — B S Yo 5 RO A 2R DX 4 TR R 2 iR A
PR PR R T X 45 o 1% 7 V0005 X 248 2% A X 44 311 5
R, (18 R T e a] T 2 g s ik
2, NIRRT 5 E 0 R4 A . Liu S [78]4t
X BRI IR B 12 47 B BORT e B R T R A e
B BER AR S e bR FE R AN
TR 0, 25625 R T B3l R AR P S B
PIshaME, it T —f LT SCHE R E S
DNN JS4aHESE . {5 FH—NJo R ik i 1) A Y 28 4R
RNGRE L, DISERZ Pl 1E 1) DNN R4S (RP
JEARZEAFNRLE ),  [FIES 5] N IS AT 44 22 SR m P i
92 f A 38 1 48 B0 B T A AR B ) A R R i
I EN - S N7 S

ZHEN: HMPAEME (Binary Neural
Network) [79]48ZBOBCE MR AP AME (Bl 0
B D MRS, AT R IR EARSRE (ff A 32
PP SBRIESHD AL, RENEIRK 32 510
WAZTTAY, HAREEE R R pafeik B &7 mr LA s
(R a7 5 BRI AR, AR KR B T B2 U5 80 1 (R i —
S S EOPE G BEMR . IREWELE R R
FEMITS B0 T SEB A N 4 —AEALHERE, XF T2 RED
B — N E RIS . Lin Z5[80] ¥ B
I 285 (KA R PR A =1 B+ 1, (A AR AT DA
IR JE T ek R Sz B, MOE I tRE Ak
(R ) T DLod isk e i@ S se B, IR 24
B AN G R RS FERCE, %% THRSFE T
o 1% TR ) V2 35 kD A BN [R] AN #E . Rastegari 45
(81142 H T 15 73 25K XNORNet, FAUEE fifg A
HE TAEALRY (-1 3+1), ik XNOR (SFBk XOR #
YEJE#E474E NOT #5:4F) M1 Bitcount A7iz S HRlER
AR A AR5, SEILZE CPU L) 58 4% hnisk
Zhu %5 [82]#EH XORNet 8 FH 55 XOR #AERE 5=
aidE XNOR, M4 7 NOT ER{EAMESAER1ERERS
PR B N 5 A e = X S 2 S R e =
%%, XOR-Net JKE4i s K+ B () i #e 3 B N —

2, e ERe S BB CE 4 R, b —
ARG EEAE . Lin 2 [83] 4 X EALIRZE T
(BT W BRZEZ AN A JE e 2 52 e 5%
(Rotated) —fHMZML RBNN, dHid2:>]—ANk
K B LR 1) B AL B TR AT T A L AR T
(V)T JE B SR AT A X 5%, EAMER XA A TR AT R
H I R B A el 5, RBNN 7E I 2R B 2 A4S 1R 4
e DL 3EAT A . Chen Z5[84]4F%t #8250
Bl b GPU B ih 7 —H #4948 i H 5] 35
PhoneBit, NG BNNs JF R T —His B4 %
ik, CFEALE KRB R . W REIIALE]
AT S RGBT Zhang 55
(851 fi Hh i N\ 2 (177 s BLEE FNEE 2 3 307E FPGA
W BrHEMELIEAT A, SRR RS GHE
AN R A B B RZ SRk B AN HGARE B8 37 38 40 s
E ) K45 kS B AR FracBNN 3 it 7T
FPGA 13873 BUBUE PN 2% . Wang %5 [86] £1%}
FPGA FIZATHET XNOR ) AR #1450 28 4 B 5 11
7 LUTNet, f#F FPGA JEA[Y) K-LUT 244 (AT A3k
HERE K MRARIAG/RIEED BCXNOR 85, it
Thoks B H Z 48 2 00k —EAE SN LUT 1)
P B HEAD,  TEAHUT ORGP 0 T SEIL T 5 i Rk T
AR RE AR .

5 X MR 14 =

A5 R B T B B — BB A A R AR
FROAE A HEAT S B R AT TH 5. ANWDIBR I A58 7F F) £
B, MSRITERR T AR ) SR i oh S AR A B
AR S A AL O P RIHE R EOR . DAL
BOHIU AL e B TR A RF IR R I 4% o 75 B R
&, AEIFAZENS LRI AN R AR, T2 it
W H T YUK R 2 S R CRLAE I 28 PR A i3
#FEREE) HERIIPLAL ] .

5.1 RHEFIRML: ItEERK

5 & (Computation Graph) &M T E~it
oL PR B, HoR A R R EE (E T ER
O, HFRREAEZ R RS . v R E
THER RS IR AT e R GHEED 3 f2, H
B E — RIRE R B S R . et
HEW, AT RHER AR E SR (H
winiks Feids B BUERES), MilRRE
PEAE IR LLTH P IR Z (A8 . 0 T B EIAE AL 3
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1x1 Conv2D #T 1x1 Conv2D HF

1x1 Conv2D #.F ‘ l MaxPooling #.F ‘

ReLU $+ ‘ I ReLU #¢ I ReLU #+ ‘ | 1x1 Conv2D H ‘
3x3 Conv2D HiF 5x5 Conv2D $F ReLU §i7

ReLU Ji7

ReLU $+

B Bt AT UL AT CAAE B is b BRI KT R B ARHERE

1x1 Conv2D-ReLU

1x1 Conv2D-RelLU
i ey

I[: BT

3x3 Conv2D-ReLU | | 5x5 Conv2D-ReLU
WEHT AT

A DR 4 7 T T DT RO AU 2B . Zhao

6 THEEM AP EFRE RG]

FEIR, NI HE A R AR = BRI (1 1 R
HTR&: BHTR4E (Operator Fusion, &Y
PN RS R Z G e VF 2 BRI HE R HEZE R
R E B, B AT PN
PERE A, RN AP AN IRATHE . B 6 R T —
AN RN 22 I 245 285 46 R AT S Rl TR Bl o bt
P AE S5 I R, d o A b A A B AR ) BT
HBEAT fil-E B8 0% 815 [R) B0 U A7 B A R AR o
BEEF AR, MR8, LLTW [87],
XLA [88]F1 MLIR [89]% AN Al YmikHESERe
% 15 2y 306 AH 40 (1) A7 LE B O 1) ST AT Rk
KT AL i, Ars% Li SRRMAHKLR
[90] . Zheng ZE[91]4F X WA EEMERFIF R T
AStitch Zmikds, HREZANHEE M E IR RS
(e SN = RS i W) 311 o | A W
JREEat. XU 4 /Y. Ak, AStitch
R T 2 R AGEHE B SR AR o 2 2% O 5
Heetgd Kt &yaf, 5T 5N R R HoAR s
YU FAS RN R TR 3 X F i H T
T IEAT R T 2 A HE 2R R UL R S S0 47 1% 1 1)
B, Ma Z5[92] 42 Rammer ZRiRHELR, %% & 1]
FAT AT W IEAT A B R, i R T
AT HAT AR S B AR HATEE . ARIT 2 AR
FERE GRS ks i PR, ke
FIEAAE— ZHFWNIFATHESS) 244, Rammer 4
THEE o R /N S BT, (R S BRI B3 A i
VAR FE A R BURE A b, AT 9838 47 B 1
FERRIITRY . Niu 28[93]32H DNNFusion, J&F]
REAL TR AL REE BN ITHED ik, B4
F LR DRSS, ZERIER
TR E T HATED (—X—. =X £, ZXZ.
HA ., FTELAID R IHHKRG, Hhx TS

55 [94] [FI i) 25 & N AF R A AT R A A, Wk T
Apollo Zmitds, Pl ZZMLAREMATIA, ff
M= — WMHESE SRR IR RS« PHERL G . HF%
AhEEZ M. Bk, Apollo A& =ZJEMA,
Sy i 2 AR A FESE TR A Bl Al i U S
WA T PREERL A . DL S Ik U TE At k& 5
HEAT HATRL G . Cai 2595141 X N AL 4%
VTS T Optimus HFRIAHES, B45
— R R Rk S SR ORI A T AR AR R,
AR ST 1) TE A PR s I B 1 b B

BT TR R 2 IR 2 HE 1) 5 % DL I AL Ak
HFRRREIEVL, NVIDIA FFR 1 cuBLAS 1 cuDNN
BAFEEARAL T £HX GPU A B3y 71 o Ji s
B AR (Fast Fourier Transform) REHSFEIUT
— RIS H AN OM 2 N 2) [FKE oM
2 log), M, N 43Rl BEFGRAZ IR/
HEVER R L, 25T FFT MBI THOR
KR CEZEN> M B M52, B
MR & M2 AR BN SR ()
0 3x3 Al 1x1), BFXEX—[#, Lavin 45 [28]#2H
T —MAHH Winograd f/NdyEFERIBIR T,
PR T EESH, AL REEHENFARE %
FERRZIE 4 5. Google AR ANFNBEAE L AR Y
B & ) TensorFlow Lite Micro [96], 3ETE17]
et CEFENZI. Ao s Em
Fif BEPHAT A SIZ IR o 428 00 24 A 2R 50 28 381 il 4% o) 4
ERATHERE . Fawzi Z5[97]4%H AlphaTensor, £
TR eV AL TR B ARAT 55, TR P iR )
KRB B A RS, SEI T X 2 B Strassen
SR R ERAL .

5.2

L

IR : hEIHETE
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- ] . e
= :
Be (e
L J
Y —r  W#E=
% — Vg B#_ W
(1) ERF (2) BEWHRG (3) EH&ENHF

& 7 thEEIE = M MER BN AR BE. BA. BEMERES.

55 FH 0 B 19X ity 01 8% 2% 0 300 000 152 4% 3 ) b 47 HE
PR RO I HERE . [ AR, MR R KN
gdRa A, BREOINEEIRS . BRFRS . Dk
BEFMENTFDEEA =AM ME (il 7 fs) A
FHREAR . EAFEENL, B FHEE R A
BEZ% LS V) o W4 2 (R R S PR, 5 IR R Al
IZERE, DRI A SR X — RERBLZIE T “ 4 fe
BRI “PIECIE(:” 2 X —F . KRR S
FRE R 43 J5 5 R 4 T 5 25 e Ay 30 A A T 5
MBS R, BT ZHEE “WIBRMAEAE” — 5.

JE AR08 KR R 8 X 45 11 2 )45 4 2
FIRAE—NEEAN: “WEHTF 0 B2
i B BRI R BRI T LR R, T
W25 I 3B A B E A A R 7. IS A 3
4% DNN AT 4R o0 B, 7 B A SE A JF4 1) TR e
ooy R i % T SRR T, Re IR B BRI HERE
B E) /B A4 09 B 1. Kang Z5[98] 41 %4E DNN
BT T —Fh 455 5B Neurosurgeon, #7475
A YR58 o A v I AT I A R g5 5, A
B J5 2 30 43 75 100 58 B A 4% 2 R e EE
Neurosurgeon {4 FH [l AR SO AN R 2R AL 2
GRRE WAZE . 22 MBI a4 H 5L
WAL (BT RITRY, RERITHD), 2G4
REARM B 7R Li S [199] 40 HE
DNN HEAY, Vit T — ol i 0% A A A 2R Ao S R A
FEM) —¥7 77 5 Edgent . £ B FE Hskmg, RIfEA7
TE TR (RN ZEZ) 3, Edgent 1/54RBESIE L /)N
el S AT S P A B A BRI 3R ) 7 &R . Edgent 7EAR
RV BCTE DNN S[R3 02 il 4 2
TR 33, FHAEHERR I B 2200 B A LB 7 S 28
PR AN BN IR T R, TETCVR R i
I E A RSB R, e Ve R RIR 452

Eshratifar &5 [100] 40X 4% DNN ARt 1 —
FhZ2 7 58 JointDNN, FRYFKEF DNN B b (]
— IS R IR A i N B S AT o 1% AR
JE B IR IE S S HEZR % DNN AT 57 fil & A0
1k CR, SELEHAT A DNN 2B )N T 45 BT I
i) 22 A1, DRI BE RS DNN 34T T 5 ik ) P s A
FHALE B b T4 8 R R A% DAAS B 2858 S AR B 35 2 T
%o Hu 25 [101] & X5 A ) 76 ¥F B 45 #4 (1) DN
(DAGNN) HERI 1 | —Fh — 4773 50E DADS, AHEL
T Neurosurgeon H#& 4z HME. Z TAEE L
WUE 77—t DAGNN i 2 i [ 41 2 1) [ S A 7 v
ECDI, DAGNN H&pANE MBI —/NT0S, E R
N oG R A iR os, 2 AE g ) o 1
FEHIT ZE . JEISTE_ IR A H I AT SN

DADS Rt 15 a1 fe /NI v r T % . Xu §F
(1021 %1t T —MoEn] ZF 8k % (i) AR REFHL
(i) BXF DAGNN AT — 3% 2 B [F) in 3 11 2K
DeepWear. % LAEA&AFL DADS FIFA [\ B 15
/NEIHEAT B DAGNN AAY [R47 73, FEAE BB AS R I
Al RE 2 PR A ME LA SZ I USRI A8, T HLIX 28 DAGNN
sy A KREER M TEYM. Bk, DeepWear
L GRAMT [103]Puigt #2248 DAGNN A 47 25 HE B 1)
TEIZE, AR E A R JEE B A i — AN 15 R
DAK I B2 446 /1N ] /BUARASE ({57 41, GoogLeNet ) DAGNN
SERIMN 1, 096 AT S5 /NE 35 AN . B s DeepWear
30 3o f /N B SRR AE f /N CHEIR U N 5
) B s GRS 1 =370 %
Laskaridis 25 [104] &1 %8 DNN ¥ it T —FhfERE
BN YR BBEHELL SPINN, 7E 2528 I Fy i i Ay
MESPERRY R, TEBITH 456 RGUIRES T
PEhAPERE, AT B IEMH DNN #7588 . SPINN
RYFH P EE X —RIELR (Fln, B e~ T35
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=5 BEiR D HiERL

ik iy RERE w43 AR
Kang % [98] (Neurosurgeon) 2017 [\ AR T e A 22 00 4% T Y SRR

Li % [99] (Edgent) 2019 HéfnsE 2R (1 IR 47 R

Eshratifar 25 [100] (JointDNN) 2019 % [EE 1B & XHR 2 5 B b A
Hu %% [101] (DADS) 2019 BT A JCH B G R R R e I % B
Xu % [102] (DeepWear) 2019 AR TES FESH, iR RS B B
Zhang %5 [105] (QDMP) 2020  EIRIEEANFINY A&, gNERER B LR
Laskaridis %5 [104] (SPINN) 2020 ESLRRYEPERERYE, TRk HIENR EZLP LI RAA
Banitalebi % [107] (Auto-Split) 2021  F#ERAI S HRAL K0 B b g E

ANBIE, Frhm T REABIED RN (Fln, &
AN /AN e B RS D, B A &R 8L 24 iR
W, ARG BB L RELI R, E TR 2 K1
IR R 2 o A R R AT, IR 3] —
AR REIF I — %40 1. Zhang 25 [105]%1%F DAGNN
R T — AR BT DADS (10112408 3 s 1 — 3
43 5FE0E QDMP, ARAL T DADS i3 121 B[] HE T £ ] g
BT, RIS 25 J8 T A3 Rl o) A 2R BT B 1 5
Wi, DADS WEBH 7 XA [ 3R & (DAG) MR/ N —
SETEP SR S 8], N4/ T 5T
B =753 7 IR R 2] Yao Z5[106] %1%} 2]
P 7 —F T R 45 A (Compressive
Sensing) 7772, 1E 5B A 4 i I REAE B 2 f5
Bm— AR R, HAEL MBI 2 i —A
X RS A SEBL T i EAE R Ak, B
IS FAY T EmMEFA{RR . Banitalebi 2§
[107]%¢it 7 —Mud& B P 75 3K I DAGNN 45 73348
BHESE Auto-Split, {EMUALHERRRT ZER AL b, o
VFH P HE XA R 20 1% TAEAE QDMP
[105]%F DAGNN itz {7 [ #4250 1y PRl A A ) il I,
FlNME R S B E AL . X DAGN W& — 2,
Auto-Split FOVFEWEHBERARMEML T, B
AIREEAL S B, DD A AR G B A A T K A
WE, FHTXF DAGNN B f /], Auto-Split
PR AR P R 2 AR 2SR, HLUBHERE R 2
BN RAE R B AR T & . R 5 MR
R4S 7 AR M FE RS T 2 3R 4 2 7
o
JZPRATERE : X DN 2R RETIKE
BEMATIEATIE, R A RN A TR —
AN DNN ZE BT, #IEE 2 N IHAT R,
TRk DNN A HER T AR . Mao 25 [108] 4% DNN
GRS AR BT, 1R T — M7 IR

J7 % MoDNN. Xt T4 )Z 15, MoDNN &it |
— o BT B PR PR R R B A A SR, K AR 2
A N4 B VR B I B L, AR REE
AR, i R IR H o — R )T
B, 0 A E o A — R FIAT B ASARAE [ AR 7
FiF%E. MODNN { B IX Le{EFf i i 7 7E A M 15, 78l
A PRI B 50 43 AR S B DU N ) TAE T A, BT
E B R B, B AR = T DUR D o Mao
L[109] # X BB, - H T —Fh S8 4R
(K47 N3k 77 % MeDNN. 1% TARSR I T — st B AR
FEUTE 4R AR R, P w e AR
A A, ERRRRAE B 5 R s R RN — 4
VERFEME, FRAE I AR A ST SR P R E
P42 L AR 3 g 9 308 40 A8 B R AL AR sk
MeDNN 3 )= b 4% b 3R o B2 4k 22 78 A 4 TAE 5 Aivp
BHTRHIE EIPR 0 F i, BEGHNE N —A 1T
YEFT 55 Zhao ZE[110]HRH T —FiXt G H 25 I 2%
(CNN) AT AR FFAT INIE I 77 % DeepThings, 1%
TAELA ONN i J5 — 2 B% B 7E 9w o3 a0
I B 52 7 3350 43 B LR 4 SR 0 BT AT IR E N
ARG, Bx e 56 B 2 G i & AT I
ITTHE . AEZ, X5 Tt B AR 4R 2, FERTIR
B R e A TR A 0 e I E Sy, A
B A X2 PR BE S I, 2 S BUBRSR B 2 1) E R O
B, K, DeepThings I —A~H O T LA
Iy R ATIRE I E R v A AT AR A,
AT BRI R RS . EEEE RS S ECRF
i T 2% PRI TE B P AR B AR, XA — e FR T BRI
T AT Du AT B E R4 (GCNN)
PEH T —FhOETE 2 B 0 AT I 7 5 GWPM, [R5
T — M BUE G B RE SN, P8I T
BRI ) IATE . 1% TAERET GONN N BT
ToRME, H AR CREAN AL E5 350 20 8 18 T RFAE D
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® 6 BRIFNHFERE

WiRrS Fhr SSRwt Proyr 5 BB
Mao % [108] (MoDNN) 2017 B TR M OB R THEERE
Mao % [109] (MeDNN) 2017 4B RRSGRE A laa I
Zhao %% [110] (DeepThings) 2018 A& W r4fE M ATIRZHAVE R Bl&-Fali X
Du % [111] (GWPM) 2020 $REIATHEMIARE S BIL M 5 RUEIE 24
Du %5 [112] (DeCNN) 2020 GEIEFL LAY KERUZ S LRIEIE 74
Zhang % [113] (ADCNN) 2020  JR BRI I Sk FAIE =% /] 73 X
Zeng % [114] (CoEdge) 2020 HEhRHAE T A AR A 29 R SRR
= 71 BRAERRNHERE
ik Sy Rt SRR T =A% BRI AR
Yang %% [115] (PICO) 2021 HEESERER D A E BB AR HERN S RSN TSN
Zhang %5 [116] (PSS&AIR) 2021 % M4 P i) [R] 45 45 4 B T 4 ot R 5 T8 VA48 2R P AH DU AE T ]

Huang %% [117] (AgileNN) 2022

XAl R RrE LR Rl AEERER 7 2L

I3 BCgh A IR o 1 £ SR IEAT I . 5 REF] GONN b
TETR I AVRRAE 5 8 R FEBR AR, GWPM I T =
YOEIEELT (RE, @ R 4D R iR
o HAk, % TAEEIRH T —Fi%E T PGConv (B
RN R T ISR IS 5, PR BB IE [A)FFE D A DWConv
(FAH RO E—/MEEEIRE A, JRBURTK
FHEEI N IRIE) PR ERE & ERZ45M LCS, ff
HNEREHE— 047, Du SE[112]%F GweM
1772 rtAt, $2H T DeCNN. [ T i@t GONN
X ONN JEATfRAE, SEIAS R B HATIE, BLAGE
i = YCRTE EL T SR AN B PR, DeCNN il
P REGBAZ ISR A AR, B — DRI R
o FREE| = OBIEELF 2 5 N =R BER RIS, T
FLEAN [ 20 i 8] B K 22 502 B $AT I R, Rt
DeCNN G| AFEAR BB HAT, I8 I AN IE LR AR 1)
S, AR HER A . Zhang 25 [113]
FHRBNGRZHATEAN RS S ESTE, &
H T — M T RS R N R, £ CNN
FI AT ik 7% ADCNN. B ZHZE AR T4
SEPEF ARG (1) RHEF BB S5  1E
I ETHE AR EZ M, FREEE, 52
X} HE B S A3 HEAT B E ek E A, (H SN
BRI, BRE AT Z TR T — e
Sn] Sy AE1A] 43 [X 5 %8 FDSP, 85 35 518 56 40 (11t
AR, XEAMRHE T EMLGAHFHR, 115
LBIRZRTHE RS IR N ML FAES, A
EE S E AR . BRI SIR MRS R,
ADCNN 8 3ok 77 Ji A5 455 284 S it b 33 47 7 ik = P 1 45
BT, FEnti i 45 R = DA — D s e R

Zeng ZF[114]7F Modnn X}&AH 2 10— 4E 26 447 7
J7%E BODP [P2EAN b, $RH T —FNE R 1 % N A7 A1
RS, HRNAR LGB IR R B2 5
#7793 77% CoEdge. CoEdge HILAY HAx A IR1FAAY
EMEN—HT TR, S/MOBENMRE
ITHIRERTIFAY . 1% TAEIE TAEPATI EL R &
MEENAELRM ERIERART, SO
RUZATRERITEI MR P 1 j2—A> NP-hard [7]
B, IR ZBE I S A, ) LR ALy — At
RGP 2, ik, CoEdge A LLEITIETT P 2 )
R T R IH LR, RAUEL P 1 MIfE. K6 M
REEV AR 7 R A A B S R AR
BT

ZEIRGZE NP ERE: BF %5, BT
[ 5 5 F& 2 TR 4% 3 A2 N 35 2 16 547 im0 52 s
Yang %5 [115] 5 & T 1715 2 A 57 46 Uiy 1 4 (1) 3% 53¢
(an, FEREE), FxaE DN BT T —
Fhft K R AT Inid 7 28 P1CO, it DNN ®I2rA
ZAB B (DN H RS LE), B B
Bl MRETEIFATIAT, WK RSt
PICO T 5u7 BB A& T B RE ) AH R 15 O,
WA & TR R ST IME, 13— AP
MrEckilsy 2Ly, HEFROMR, ik
B E R ) R B NER A TS B, B
R “HrBeS e X, S E N Bk
1TENHF4r 34T Zhang S [116] W Z1EZ A 744
IR HI RS, &% DAGNN it 7 —FhdE T [FE
BRI 24750 )5 % PSS, FERR H AR A 4
11 DNN 2, it T —Fhis 2 [ REIE B 70 7 & ALR,
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1% TAE % B2 T34 U ResNet, GoogleNet M
DAGNN, BAJZ N BN AT 2 545 FRAT 22 9 AIE Y
[ 554r, L PSS #2248 ity A R 20 i, R
VG A5 B3R5 DAGNN Sh— £&%1 DNN B, ATR LA DNN
YO sAL, iRYETHERE 1375 DNN Sl 5 — 2 15
P S A 2R BT A T AR G B RHE T

73 B0 B AN o X A& AT 2 W 4% FF AT . Huang 4%
[L17] R AT fBe N T 68 (Explainable AI)
AR Az I AR AR, BT D B B
FIY) 4y B R EALE G A 2 6], IR T
—Fh 4N AgileNN FIHIA, FEHERRRY B S5 1020 R
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Background

This research delves into the burgeoning field of AloT
(Artificial Intelligence of Things) with a particular focus on
addressing the critical challenge of resource overhead in model
inference. The contemporary landscape witnesses the pervasive
integration of AloT across diverse domains, ranging from smart
cities to industrial automation. The efficacy of AloT systems
hinges significantly on model inference, which serves as the
linchpin for intelligent decision-making and responses.

The crux of the matter lies in the inherent resource
constraints of AloT devices, spanning computing power,
bandwidth, memory, and battery life. Navigating these
limitations presents a formidable technical hurdle, particularly
concerning the resource overhead incurred during model
inference. Consequently, this research seeks to explore and
present an in-depth analysis of technologies geared towards
optimizing model inference resource overhead in AloT
scenarios.

The scope of this study encompasses a comprehensive
review of prevalent model inference optimization techniques
employed in contemporary AloT applications. The analysis
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dissects the strengths and weaknesses of these techniques, with
a specific emphasis on their resource efficiency. To facilitate a
systematic understanding, the paper proposes a taxonomy
based on three pivotal inference modules (sensor data,
intelligent model, 10T hardware) and five key resources (time,
memory, bandwidth, energy, and storage).

Within this framework, the research introduces and
scrutinizes eight distinct technologies, including input filtering,
adaptive  configuration, and collaborative inference.
Furthermore, a generalized optimization workflow is designed
to aid research and development professionals in pinpointing
and addressing efficiency bottlenecks within the inference
process.

In conclusion, the research not only addresses the
contemporary challenges in AloT but also establishes a
foundation for future exploration. By proposing a taxonomy
and outlining optimization techniques, this paper contributes to
advancing the understanding of efficient model inference in

resource-constrained AloT systems.



