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Abstract  With the rapid growth of intelligent devices, massive amounts of perception data are generated
at the network edge. The cloud computing model for Internet of Things (IoT) systems has brought a lot of
problems, including high response latency, high transmission energy consumption, privacy leak, etc.
Meanwhile, the growth of computing power in data centers cannot meet the exponentially increasing data
volume gradually. The edge computing paradigm can satisfy the demands of real-time and low-power data
processing, and it is an effective solution for dealing the data deluge in real time. However, there are
significant differences in resource types and performance in edge computing environments. The diversity

and heterogeneity of computing resources in edge computing systems brings difficulty and challenges to the
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task scheduling and migration among edge devices. At present, the research on task scheduling in edge
computing mainly focuses on the design and simulation of scheduling algorithms. They usually simply
consider only one or two computing resources, leading to the mismatch of diverse edge tasks and the
heterogeneous resource capabilities. To address this problem, we propose effective mechanisms for
matching edge tasks and the resources of target devices deeply based on an integrative matching evaluation
degree method (IMDE) which includes task and resource matching degree, device load balance degree and
task fairness. This method analyzes the correlation between edge tasks and computing devices from
multiple perspectives, and finally uses the integrative matching degree to represent the relevance of each
task and the target device at the current moment of edge system. Then, in order to verify the effectiveness of
this method, we design and develops an online multi-task scheduling algorithm based on IMDE and
network flow (IMD-FLOW), which aims to maximize the matching degree of the decision set. This
algorithm maps the integrative matching degree between tasks and devices to the network flow graph,
assigns appropriate weights and capacities to the edges in the graph, uses the minimum cost flow algorithm
which can solve the global optimal problem to obtain the initial scheduling decision, detects conflicts and
extracts the final scheduling decisions. In addition, according to task’s data requirements and device’s
network communication capabilities, we construct a fine-grain network communication graph to describe
the network environment and data distribution in a simulated edge computing system, and proposes a
bandwidth allocation algorithm, with the goal of minimizing data transfer time, to allocate the device
bandwidth for one migrated task optimally. We also design a simulation system, named EdgeSimPy, for
edge computing includes entities of users, devices, and tasks. It does not limit the kinds of computing
resources, and supports distributed data storage to simulates actual edge computing systems. Experimental
results on this platform show that IMD-FLOW reduces the task response delay by at least 6.26% and the
network communication overhead by at least 7.53% compared with round-robin, random, dominant
resource fairness (DRF), Quincy algorithms, and the online algorithm for the multi-component application
placement problem (MCAPP-IM). The system failure time is delayed by 1.24 times in average when the

edge cluster is overload.
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Fe/NEE, BEUR SR B A R . RS (1) 4
TSR AR AT 55 5 R A R 22, 7]
MM X, S TR, IR S 1 e,
Toe 2 A5 3 1 BT Ak I B SRy B R X A R DA R R
£, HWREEAFRRIT
L£=1-% (11)
WHEICE L, BRRT S5 u 585 v IR 3 g
DT VCEC B . 45 B2 32 Fr iR AT 55 I 1) 9 U 6 28
Py i, W EUE R, K2, a4
155 RAEWTE B Zix B4 0, B ICELEE R 0.
33 ESAEE
VR DG i B 5 £ A8 45 4 DG i R AT AT 55
A8 B 6 J5 I X SRATROCR . A5 DT 45 #2528
AR, T AT S AR T B ek, 1
AT 55 A7 BE PR A
VAT 55 $ESEIF ] T IEAL, TE 5 1 M8,
38— AT S A B . PR AT 55 5 58 45 1 38 B %
R S, WHEAT S AR £, HiTE Ik
.
F = (1= Ty )*S (12)

submit

Hrfr, § RS HSRANIERERE, 5,0 1 RRE
v BB AT u MPEIRTE SR, S 0 MIZRIRARE
Wi, HFEICE £, 8 0 BFRIRMES u NEETR E X
%y, BWFRRAES u . (1553 3ChT R A,
TR, WAESAEERK, k2, )
HAE BN, 55201 BE VPl R P AT A 7 < A
A B B AT 55 B AR AR
34 ZELEE

D N e S L P S 4 1 e R N i N O S B o
i, RN £ VG G BE DT 4R R

Z =aR+BL+yF (13)

Hir, a+p+y=1, a. B, yAHIEVHRICERE

B BRI A RV 55 PPk = Tl A R 4. 4
XARA R 5 E Bir, M =#Pih ik
FEA5 LA 2 QoS Nl QoE A BARELR , JHAEB 1 THTAR
P ARG I TS AR, DHRTFHAZ%ITE R
BIRBITRR. i T TS u 5 v LA LR
JE. AT 51 = LG M e, IR
K, =z, BUH#/N. TS5 RNRERT B 2
VAT, P VLHELEE A 0.

ZE LTI, 4R A VSRR Y | S35 TR A 1AL
R B 7 EDUL A AR PR IO AL fd IMDE J7 kg
WA SCRIE D G AT 55 51T B A8 B TR BE VE L L
WA 256 DT T B2 PP 6 5 T 3 — 25 Jal B o) 8 ARk 1k
THE PR,

4 ETHRALEEMZSESEREER

AT LA VL L R4 7775 (IMDE ) H i
im s e, Mt Bl %A
DL /MBI AL st B Sk E b, 8 SO 58 40 Bic B
A A, K m Al Je 43 Bl ) . [R)EE 4 ) —F
# T IMDE JikMTEL ZAE 5% 8 A % (IMD-
FLOW ), 45& il e Bk, TR LR A LR
VEM ARG, DA KA DR SRS A D BCEE Ry H Bmd) e o 2%
WAL, IR RN 2 R S B IO AR B R
4.1 mMHERSEEE

NG RGP MG I 548, W 8o
BCAS G ELRE 2R HE I E s A% fy i [|) . AR SCZE A DL e
JEE DA P A T 45 3 {55 52 4 PR TR 40 220 ) 0 2% ) 445 3 1
SEBRRAS, A Abal v i Ok T R RE. A& AT Al
AT 55 T 75 B0 118 0 A 17 100 152 48 40 T 140 i M [)
N N o s T o R B S R NG LT R 7SR

T, MKHEAT 55 500 7 SR 1) 5k BT I £ 3 {5 o8
E, YRS RINCR T, B AR R
fEfgar, WE 1R, RIE, i/ MEBRE A& it
6] A bR, A BT A I 45 5¢ 4 PR R A 9 43 i
I A, RIGEFTE B B, 11537
mr.

(u,v,B)

comm

min ¢
B (14)

st. by <b,,(v,v)V eV

Fob by )RR A v 5 vl LR
AN L. ARFMFRG R v SR
G TE AR 98 107 T R 7 0 B A mT A 5 B FRAY
2.

AR SCBETF— Bl AU B 583 5K gkt 5 Pie £
AL, DV ARES ATk 1 R, R ERARIR AT 55 u



492 2 N | R S ' 2022 4E
RIEHE T oK D, EACTE TR v 8 HAb B Frik I#2 2. updateAllocBW (Bujoe, p)
2 v R KAL) 2,00 SR BEAR prmax » SRS TE 1. FOR each edge <u’,v> IN p
Lo BCHT SEHEBE Banoe T VREIZ AR I BT 9E A0 L 2. IF B uoc(u', v+ 8>Bromain(u',v") THEN /*F 4375 55
PURRARIZ A2 ALt IR) . e AR fb i KAERT W R A K, MK S e B RE IS 4 S A I 5 %/
e Ae, BT R, H AR 2T 3. 8" 8+ Byomain(t, V") - BtV
EFAM e AN B THRIOK & v B HMBE v 4 S «— 5-5'
A7 P8 1] & B. 5. Pmin < find the minimum transfer time path

B 1wl s ik
B LS us B v SIS RN SEH T Bremains
fih WO Bl B

1. 8«10 /#pK*

2 WHILE true

3. Pmaxs tmax< findMaxTcommPath(B ,,.)

4 IF 0 < fy - tyae < & THEN /02 E0E5E
i f/ME*/

5 BREAK

6 END IF

7. IF 0y = ti, THEN /*EfGT HARE, /MK
*/

8. 5612

9. ENDIF

10. Biitoe < updateAllocBW(Biioc, Pmax)

last < Lyax /¥ ST EEEIEACITFERT */
END WHILE
13. B <« extract the bandwidth from v to other machines
from Bz

H 1. findMaxTcommPath(B .,.)
1. FORV'INM

2. IF d,,,= 0 THEN

3. CONTINUE

4. END IF

S. p < find the shortest path between v and v’
6. bine—find the minimum allocated bandwidth from
B 0. along p

7. IF b, =0 THEN  /* KA 98 */

8. tourr < INF

9. ELSE

10. bewrr < v/ Bin

11. END IF

12.  IF t,,.> t,, THEN

13. Imax Leurr

14. Pmax <= P

15. END IF

16. END FOR

17. RETURN fpax P

contains <u',v"™>
6. Bioe < subtract &' from B,,. from v' to

destination along p,;,

7. END IF

8. B (u'v) < &
9. END FOR

10. Buyoe < Buaitoe T Buaa

11. RETURN B,,.
3 A U e A A0 BC v SR A 1 1) 43 B 1) o R
UEBCHE A& ot )3k B fe J, AR5 e PR 4R U AT
A A — 2 v 5 . AT SE A e 1
I o A A% i R BT Ak P B AR 1, F A B A A i i (1)
HB/INT o 5 T B K s a] 3 o 4 At AR
o8 H AL i AR P 22 A0 B A R, AT DA AR UE A% i 1]
BTSN T, d A 5.
42 ETMERNZESZSAEEE

it D) % 1T 2R G R ) L) S SR TE TR AT B
FIAESS 5 BAR TR IRIRBE VLD, A SCHEH 9 IMDE
PEAS 5 5 R R AT 55 5 & R AT R IR MEA T T DL E
JEOHT. ARV FIFH IMDE #FA 79, MR SRR 1Y
AR, R R AL PR S A B VL BC BE VR SR U8 B H b,
PEH—FP T KR EL TS HER L. ZE
DA 55 51 25 B 254 DT I B 5 2% Il 5 381 o 285 3t 1]
W, S A R AT IE Y B A A e, il
FH B /N 98 P I 0 SR i 4 S e A 1 0 T 5

/N IR AR AT 2 | A A S 4N
Iz, HEARR R e R S T A8 2R /MY
PR 5. TR 2R G 5 — A 2 VA AL TT LA
o 2 s, ik E BT
R RSB AR SR, MRS
B SRR A v 3 T — AN AT 55 s
P&, LT A PR Sre AN A Sin, MK
JRA T AR Sre A, FEM Sin Tt MZ& IR 1)
N BB S AR ASARBA BN, AERRIzkil
M RN, — BN IEEE, AR R
O 9 3 O I AR BT AR A . E AR SO
IMD-FLOW J7ikm, 1 B AR 5 2545 DT e BE A G
WL IMDE $FA% 7 % v 155 6 VG B BE AN R0 1



34 KRS — R T 205 DL C B A3 Gt 5 R AT 55 A B Uy 12 493

IR A OUR R Y RTHEDIR S TR 55 5B Y
VCRCRESE, DUBCREMS, MASRIBAR. PRI, A3C
1 SERETCEE 22450 w5 v A, Sre 5
w; 55 vy ) Sin W AGES B 7 AR T, B RLRSAS 4 0.
TAES RO 2 — A8, IfF—IPEsE i %,
P Sre 5wy w55 vy R EARBON 1. 283 ILRC
FERAMXE, M ERICHNIES S, SixRs
MRMEEFILRECARASEHNE, Wit—/k
UL ITH—MESS v 5 Sin FAE AL
120/ I W £ AN RV I Y e U B
PABEA TSR A, wT DIARIBUB AR O ey, HLIZRSAE:
55 IR AT REL YRR AT

Kl 2 IMD-FLOW %5511 R 4% i 1K1

(ENAIRNEPPA e S AT AR N =¥ R U e i)
TR, B, H—MMESEB B ER TP
&I, RGP MYOIRS R AENRE, SenT LR A IR
JEVEM R R i Ry e R R R, X TRORAE S
PEATIEUE, ARIEZE A VEHC EE R BN, R
WIIHIIR RS, RS R AR, T A
BRI A e A PR ARG
3% 2. IMD-FLOW 53 3%

A TPHEARS RS T; WTHERSES M; MEERE
s G

iy TRIRES Q

1. B, pain<—extract the remain bandwidth from G

2. FOR eachvIN M

3. E,eqs < getthe number of used cores of v

4. FOReachuINT

5 IF v can meet the requirements of « THEN

6. B < allocOptBW(u,v,Bemain) /* F FH I AL
Vi PC 1 SR ik T 1) i/

7. T omp(u,v)y<—sum(Q, / (P, * C,))

8. T.omm(u,v)<—get the maximum in the division of
each element of D, and B

9. 6 (u,v) < Var((P,+ E,.q) / E,)

10. Wias(@,v) < Toupmidut)

11. ELSE

12. Teomp(u,v), Teopmm(u,v), 6 (u,v), Wigg(u,v) < INF
13. END IF

14. END FOR

15. END FOR

16. R 1 - Normalize(T ;omp + Teomm)

17. £ <=1 - Normalize( 6)

18. F <1 - Normalize(W )

19. Z«—aR+pL+yF

20. N<—build a network flow graph based on Z~

21. S«—get the initial decisions by min cost flow algorithm
on N

22. FOR each pair <u,v> from the maximal matching degree
to minimal in S

23.  IF <u,v> not conflict with 2 THEN

24. Q— 0 U<uyyv>
25. END IF
26. END FOR

Bk 2 J& IMD-FLOW algorithm ()01 CHS. 7
P, MINZEHTE 248 G 4R A 15 & ) J0 A 9
Bronain. WA S SEAA S, # B IMDE WAh
g R A HE IR T, . 38015 0 E
T o FEEFI T 25 0 LS PREAE W . X
JITA 235 S B 0 R A T R A, A5 B YR DG i
R . PR £ RUES5 AT F =AM
B, AR A 545 B0 254 VG IC B DT R B
Z . BRJE, TR B R SR AR R Ay i A
ST TRIE N, I SR /INE R A SR R 2P
RER S, wn, RIEJORES LG ITIEE, WK
B/ U e SR R <u,v> BB S RATRES Q
e, WRFMAIE TS CTRE . RATR. i
LIS, EAAEAEIh G, P PSR X A e 4 o
RS @, RS W HEIEE L BB

5 EdgeSimPy (FE¥ A&

BA K285 B 6 IR BORDR R S0, —
AL CPU M | WA K/ INRIE AR R — 2R 148
bi, ANHEW A SCEE R4S 7 (IMDE ) B9 H
SR, BN LEIRELN R, AR
T EdgeSimPy {j - & FIASCHE H (934 T IMDE 5
B0 W 28 i T 26 24T 55 P8 B2 4575 (IMD-FLOW ), LA
Je A FEUERT HO R B
51 FEZEWH

EdgeSimPy &4 X i1 11537 5 5 T SimPy /i
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Bl

A2,
&

i 2022 4E

FAHEZR i ] Python JF & BB HUER R 16, W
PLY Python SCHFRYTRBE 2 S HELRAR BT 12545, 191l 4n
TensorFlow!?” | PyTorch®4: | 45 B T-#F 55 5 T-HL 2%
2 o) SR BE 2 2] WA 55 T B T k.

FaEsmEmmE 3 fras, % Core
Algorithm Fi~43. Core FHLXT 1 % 1155 35041 55
A ) e B A A SR E AT A, kil i
Scheduler, Broker %5 6 /> f {2, Fll Monitor, Algorithm
% 3 M. Algorithm B F 508l A LIRS
PERRR . AXHE RS LT8R E W
IMD-FLOW %%, A K 4% i) (B HL .DRF .MCAPP-IM
H1 Quincy 5 ANXF b JE i ] B A2

Core Algorithm
Tas0 @N@ :
[Applicatioxj Application

prew

Scheduler
Cluster

@\/Iachine]@vlachine] Nachine]

3 EdgeSimPy 1fj EF- 5 4244 &

Monitor

EdgeSimPy {/j V- &5 (Y31 2 WK 4 iR,
4G 9 it

(1) Application ¥ FF AT HY Task;

(2) Broker ¥ Task #2532 & Cluster;

(3) Cluster 7] Scheduler He3EE:;

(4) Scheduler 1E H 1T #5155 ;

(5) Cluster ¥ Task iT# £ LK $5 E Machine;

(6) Machine ZrACito B SME 00, T
47 Task;

(7 ) Machine ¥ Task Z5 4% B.i# 50 Cluster;

('8 ) Cluster ¥ Task 4%k {= B 81 Broker;

(9) Broker ¥ Task 257 {5 B3 1 Application.

Scheduler

@T l@

@ /Y Broker —®> Cluster \@

Application Machi@@
(;)\ Broker «<—— Cluster ‘/®

Kl 4 A1 55 tE A R A

@D SimPy: Discrete-Event Simulation for Python, https:/simpy.

readthedocs. io/en/latest/

5.2 EHRIEIT

Core fBH P25 MA@ 541 R) EZITT IR 1 FF
/~. o, Machine 2 P B &S, B
HAA%0> FLOPS | #0850 S5 A0k B B2 s 1k, i
VOEANRIAAWEMERCE, 7 LR R E
PEVR B GRR A, 2 Sk PR Y VR SR A
Task J& {5 ELF- & 157 U8 B AOAT 55 5244, 12 FLOPs
R b OEL, Bl RS IRT RS, Be
FETR AN [R) G U () AR B 5 oK.l T A 5 4l
PERIPME, DA RAT: 55 5105 2% Al 2 19 98 5 e ks
EdgeSimPy 1 B 558 H T2 SEARRME, FE40LE
SER ST B,

1 Core ERABBSHBTERR
bi RN NS FEAT
Application G ; AE55 £
Task RS54 s THRLIS ] A& 4 I ) T
Machine NGRS AT BT,
Cluster RIS 5. & . M, JORPUT;
Broker F R 5 3R 384T 55
Scheduler TR ING s THBEUUR
Algorithm  F & CMERMGE, & XWERED;
Monitor PRI W
Simulation  fj HF {4 B

Algorithm #4288 I ds 19 H & SCH R
e, BARE 4R 7K Core fEH Y Algorithm fH4 25,
DL 2 1T RS

6 W57

AR S X SR I G A% M RE S BRI T RAT:
5 W IR T R SR B HE TN, SR)S , 7€ EdgeSimPy
PFEFE L, KRS hRI s, M gt A
AR 2 MESERE. &5, MARJEE
SRR SRS, IR AT 55 i Ry ESR | O 4655 R0
ARG RaENE 3 7 1 Xt S 45 k47 704t
6.1 SCINIME

AR EIREE N SEPR, ASOR 3 B4
WA PERE S B Z R EAT 55 R TR R AT T
S A, A SR e AR A R B BE S AT 5
AEITE

ARSCHEHCT Sumsung 550R5L. Nubia Z11 Fil
OPPO AS57 453 A MIEASE. EN A AR 5
SRR CPU A FR A, HH Sumsung 550RSL 4
A GPU AbF &S, fdi ] LINPACK*' | NVIDIA Visual
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Profiler % T LA = # AN [F] b 3£ ) FLOPS |
BOUSORAE S, BeSh . AR FER 20 Iy s P
B AR I BT R T L& NPU AbIBESAY
AL S B e 2.

®2 BRESEARER

Bl L D

58 % LT %

B e Wi = FLOPS Bt
Samsung CPU Intel Core i5-6200U 2.37G 2
330RSL GPU GeForce 940MX 248G 384

Nubia Z11 CPU Qualcomm Snapdragon 820 1.56G 4
OPPO A57 CPU Qualcomm Snapdragon 435  180.9M 8

NpU  CPU 2G 4

Machine NPy MLU220-M.27 4T 1

PN 2 I O s A 17 == < S 7 S G ¢
EdgeSimPy V& A& T 10 S EEII %5 1)
5 ESCBAERE, E S R, Hogm's 1~8 ik
AR, BEWRERZ ST, W5 9. 10 M
B NMNKEE, NG T, LR
Ffl4 CPU. GPU. NPU % 3 K&, JFH
CPU IMHRENAFTEE KER, ORI %A+
IR ) SR PR RRAE

[2368.12M, 2483M, 0]

[1564.7M, 0, 0] 2. 384, 0]

[4,0,0]

[2G, 0, 4T]
[4,0,1]

[180.998M, 0, 0]
[8,0,0]

I L‘ 00 ®
[2G, 0, 4T] [180.998M, 0, 0]
[4,0,1] [8,0,0]

===
[2368.12M, 2483M, 0]  [1564.7M, 0, 0]
12, 384, 0] [4,0,0]

B 5 i EERIRE

il Egsh, NTRERAR A EE
FE M, I Hoi s 0 3808 % 75 2 R KR S M5
GEUR, B, Al FH GPU g o 22 9 45 14 111 25 A o 2
AR SCAE F NS UMNAE Ry B g gk, %
AL A BRI FRAEERE . AN A5 3 AT
% . B4 K405 CPU B 4EM GPU 4 AL CPU/
GPU IRA&H 3 25, IK¥E GPU HAERUT 55 il g 1

NPU Z4E RN EAT 5 A VR IR TR, (i perf” .nvprof *
S T HAN B A [6) 2 BT 54T 55 7R A W] A 2 T 53 o U
TSR FLOPs 5K FAZ 0 B85 B IR SR AR
. AT 55 By B IR A R 2 B A A B A [ 2 A 8
KRESF, ARICUUAHE B AN &5 E R, W
*3.

®3 EFSHREFJFRE

15 FAl ARG FLOPs Sk i FA L4
PNzl CPU %478  CPU  190.36M 1
‘ . CPU  7.69M 1
CNN MBI GPU % 4E 5
GPU  10.12G 192
. ) CPU  7.69M 1
CNN A NPU %47
NPU  10.12G 1
HFEHR CPU #4EH  CPU  192.85M 1
CPU/GPU CPU 222G 1
NI g N
. RAH GPU  12.54G 192

AR SCAB R LA s [1] A 2 58 1) g FH 5t 3 Y A
4345 (Poisson distribution ) . M4 SZERIN & (K4TF 55
PRUR T R A, M 2 M EEIESE, e
B S5k mBR L. R EEEE T ag
I#5] 5 B AT 55 I 22 G0 B AT 55 W 07 IS ) L IRR) 484 3 5 T
B AN RIS, BE 500 AR IR
NG, BN A 3 A TS, 31500 it
FATSS . IR AR A A = 0.5 BITARA 5> 7
RISE-Y5 6 2 BRI R PAT 1A, FEHF4E 1000 Fb,
E% %4 CPU BER . GPU 4 | NPU H4E
RUFN CPU/GPU YA T &2 4:1:1:3 My LLf. #EdExE
EHAREST, WOREMARE S, BRI R A
AR IR A =2 B9IAAS oA, BISF-248 1 FPRE
ML=AE 2 ASRCHIEAT, BHASKRELE 7. i
AV s B A AT LU SRS (] 9 B 1 R A T e A AT
RSN R

DL A BRI iR A SR S AR AR e 2 R T 58
i & B Aa i, A S T A BE 10 W UR S A 1 AT
55 AR R IR . B AR B 5 I FH 179 A0 S A VA 43
i, FFELPRABE R RRIE. W, SRS XL

@D NVIDIA Visual Profiler, https://developer.nvidia.com/nvidia-
visual-profiler

(@MLU220-M.2, http://www.cambricon.com/index.php?m=content&c=
index&a=lists&catid=57

(@Perf Wiki, https://perf.wiki.kernel.org/index.php/Main_Page

@ Profiler: CUDA Toolkit Documentation, https://docs.nvidia.com/

cuda/profiler-users-guide/index.html#nvprof-overview
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55 WS- X5 e 07 ZE SR ] AR, AR SCHRE 1 0 B Bk
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SEE0E R SEIR /s

0 : '
CPU  GPU  NPU CPU/GPU
PAES  gem  wfem  wfem  RAR

Bl 6 KA AT 55 - 34 ) o 32 3R

L RS S Ry o7 SR PR AR 2 /0 8.9%.

XS A FEAR SR SEFE R B, GPU \NPU
WBEPERER A 225, X F 3 GPU s NPU %4 RIT
S5 AU LI T ] R S5OM R] g o7 48 3R A 37
R AL AL | B . H4515% % CPU AbHE
I ERBAFTEE K25, AR W IMDE 7 ikfE
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AR REEE, s 555 IR E T
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i 5T IMDE () IMD-FLOW %35 78 i X i Z 3 55 v
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M IBIEME. IR b X 25 (5 o il
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FE 5 PRAR S T AR KR M. [T, 90 438 15 7E 1R 4%
REFEH HAR KLU, 48 I 4538 5 300 F) T 7
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2 1 HoAth PR 28 X R B A R, PR ot AL i st ] 5 4%
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P A% Sy i B A LIRS s 55— 45 25 T il
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