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Abstract The advantages of flexible on-demand provisioning, high availability, and high
resource utilization have made cloud computing technology the dominant computing paradigm of
the past decade. With the advent of the Internet of Everything era, relying on cloud computing
technology alone can no longer meet the demands of hundreds of millions of IoT (Internet of
Things) devices and their data traffic. Edge computing can be seen as an evolution of cloud
computing, emerging from the rise of 5G networks and the IoT. With the widespread use of cloud
gaming, VR (Virtual Reality) technology, and artificial intelligence technology in daily life, the
demand for computing resources is growing day by day. Restricted by size, weight, and power,
the node devices at the edge have weak computing resources. In this paper, we propose gEdge, a
cloud-edge collaboration framework for heterogeneous computing based on container technology.
The framework divides the physical GPU resources in the cloud into multiple virtual GPU
resources, provides GPU compute resources for the edge nodes on demand, and is transparent to
user containers, through GPU virtualization technology. Experiments show that the use of the

gEdge framework can reduce the container image size used by edge nodes by 48. 8% . container
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start-up time by 35. 5% . and average relative running speed by 213%.
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vMemory Bt & . ¥ gEdge Ir 5 1) vGPU 4 A 3 £
P LPR R ) S R Gian 4 S AN L Bl S runC
TG AT P 48 A a8 58 IR vGPU 4 it
1 4L GPU #4744 . A Toolkit, gEdge B4,

Ty b 52 30T T 0 38 WY DA (AR A TR 2 ) B
GPU A e IE W AT A A%  IUAE v] LITEIL 201K
#IA GPU BIEREE T IEH 18717 .

3.1.2 vGPU RIFEHES

vGPU % 5 & B 48 (vVGPUResourceManger » J&
SRR R BRI BRSO 1 & 2 I S B A fifi
HM L GPU IR . BB i TAE A AR R, X 25 4e
AT H GPU B2 g F B A T4 3. W R4S B AR 7
wava shi IEA 2 B 2= o 1) gEdge IRk 55 H 3
Y3 GPU B, 12 R B 5 H il SR . Z At
FERI R 2B ARAE A SR 23R i
WSS TAE . X TAEATFE GPURIEMNZS 5, 1]
DI i i 2 s SR SRR e i . RAES AR N Y
TP HAE T2 GPU MR, 9854 BRAS A 23 7] 2= i
i GPU.

3.1.3 vGPU#%

A WY vGPU A 14 2 1 FH 2 42 4t 1 40
GPU B IR . GPU B4 13K 43 R PN, 43531k
FH P28 (User-mode) 3K 3 5 N #% 2 (Kernel-mode)
KZh . Horb, WS R IR S5 N IRA B ER A . 0
SRR AR R AL BT E R — B LS L st
EAE FEHLNAZ . IR ) GPU 25 g il 2 fii
5 ENLERALAY GPU WAS IR SN, AE 7R s N H &4
WP AR RS

LRI . gEdge MARFHb A T 2209 A% S
IR BHHL 18 o vGPU A M R 2 AR 1 H P 2
GPU 9Kl . I A4 WSE 8L T 58 5 GPU T RERY
YFE . EREZRN T GPU B & EAERR L vGPU
HAFZ VAT TR T vGPU ZH 44 D)4 33k S8 P A 4 b
TR A 1) B0 F 2 v 19 gEdge R 55 %% - LS B AR 55
it B ) BE GPU 148 R 2547 I 10 Ak R ik
3.1.4 gEdge 5

gEdge J& bifi (gEdgeBackend , J& 3CT# KM Ji5 % )
BATTE ks a5 b B0 E 2R EXH GPU
TR HAT IR EE | 7] GPU $& 58 5L PR 94T 55 1 48, IF
TR 25 JAL U X R ) vGPU 2545

HRYE GPU 55 (R . FRATTHG A R P A F2 2L
B — IR IE P BT 55, DL ARHE 3R IS0 |« = 17 Ak
oA TR A ARUE 55, DA & o B
VIR oR e = DKy o= RiUE R iy o R TR AR S ]

D Open Container Initiative Runtime Specification» https: //github.

com/opencontainers/runtime-spec/blob/v1. 0. 0/config. md#hooks 2022,
7.2
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38 /N LR A KO | DRI o b B AN TR X
HAH A5 R TR RAL R . SR X v Y AT 55
HtH s s R R E RN shimg & . fEamSi
S vt 2 [ A i R 2 A BRAR R A5 B A THFE K=
B » AT B X fift FH 7] — A 55 #% 0 Ho A vG PU S 45] 385 A
ASFIFE M

PRI e S5 o R F T LA SR w3 2t hif
GRS HA G H. 264, FATH R IR 2R 15 2 LA
T IE A% 101 vGPU 241, DT AT R R AR 8 A 4%
BEHE LA TEIERE . X T AU S5 FRATE IR S
R BT — A e % RIE GPU i 35 I &
bR AR i o SR 5 AR D S ke 4% X — R
W L3 T 30 G i a8 9 A B S B b B O 8%
S5O0 o KR B A 9 52 BRI PR T AT RE DR EF 1
o BT B TE Y AT 55 76 J5 i 1) 32 BE T4 A 6
fft FH GPU #4718 Je A fifi F CPU 47 B S .

RUFARSET I TR A s A S
FE At A5 TAERRCLE 2= %t » TP AT DA 4% i 28 i (A
PC VA A B RET-HILAE ) 3 3k o0 465 37 422 50 IR
RINTELRARYS: . 5 = UE AN L gEdge B 10 R 73
BAE v, RE 7853 R I 0 S i 5 2 i B 25 AH T
PO AL I AhaE o 5% a4 1 7 R R RR 8 A =
Uiy () R A JN . A 1Y) T A A gEdge RE S 35 B T
KA AEIR 5 514 B9 CPU-GPU %5 {8 11 43 .
3.2 gEdgeHIGPURIERE

GPU W) TAER R EZ 4 AW, — K&
Vulkan 5 OpenGL 4% M AR IE Je BT 55, 52
XL JE AR 5 VR W R IF . 73 —282 L CUDA
55 OpenCL #2 1 AR 38 TR 55, 5 2%
N SRR 2E AR 5 R E ) 45 R 7 . gEdge XF
X P AT 55 R B FH A0Ja% P 0 058 o 85 SR s, 76 PRIIE
TE R IR S A TR T L K B B A 0 IR 55 I i (Quality
of Service, QoS). Xf F A A 2 Y AT 55, 0% i b 125
(R EERONTE] L G TSR 55 0T A3 o PR ) 25 #45 flf
FHESE 7 A1 AT (QoS $8F5 ) 2k SE B GPU b s, H
FH P B2 s 28 X F 1 e BT 55, 15 81 30FPS
(QoS F8 15 2 H Z AR5 , [ 5 43 e 1 R 4L BE i Tk
PRIEIZAE b5 . R I gEdge DTS Y BIAT 55 (1) 14 BE 22 B0
M ARIE B B . W& 52— A QoS 4845 » gEdge il i
PRIER F1 17 QoS , i - A [F] gEdge & PP A& 7= A4+
o5 uhge, WIS GPU B R b 2 .
3.2.1 JEHHERUESS

M P AE 20 R AT S5 e, T
PLFE 28 N 1Y {GPU 2805 vMemory 281 . Hir,

[GPU MBI GPUR A A 73 [ B R — D
280, K/IME 0-1 Z[H] . vMemory fRFR IS A7 K/
SR, B R 256 MB.L BT B0 vMemory 1832 (1 J2&
256 MB [ A7 55 U8 . AH R i) S 802 9 gEdge i5 17
IF AT - 1t gEdge J5 SmifE AT AH W2 A SR, DT AR %
Xk IO F T A% 326 2 25 4% A B vGPU 4L L fGPU 2
05 vMemory ZHUR YL T H P 4404 55 5 )5 i 52
PRaE {5 01 . AR T SE IUE & & A AR
k. B gEdge R I T —Fh 5L T HERE 0 A 0 2 850k
B %8 (Profile Guided Parameter Selection). £ #]
Wis A7 P B4R 0 B Y B GPU M 45 il 25 14T
%« gEdge Ji5 v 23 X5 H P25 45 0 0% 50 1A O kA T
1055, Wi s AR & s i a4 T ize
BT TERE T, gEdge & 45 AT 55 1Y fie /) [GPU
5 vMemory Z81 G T35 1 5 BAFH =)  H P
Al AR BB A T Sh SR

P RAR S A IR, AT S8
SH . 2L cudaMemAlloc B2 77 8 FI R ], 4 2545 4
) o AR i ] cudaMemAlloce 8] vGPU H i — 3
W AT IS . vGPU 223 i Fe 8 0Lz A7 i 48 2 1Y
vMemory Z 5 LA K Y175 B H B BAAE B g 2
75 111) 2 it IR 55 FR O A X B S AR . XA )
M7 s R AR 7 =X

T GPU RYAE bk, — T S5 42 58 25 i
PATIE  RA A LG 2 AT S5 5
PERA SR . P AR AN 2R 8810 5 gEdge R H
FRAS BT TR 3 BC SR WS B 25 4812 1 7R s 2 U
i A GPU B 7R 25 #8481 7 B Ok i 1 b ol FH 68
O HE B RS A SRR T SR A T I 3 O 0K
W FEZ A BT B P S B8 3 o ] B
PEPRE M) TH AR T A BT B R O B o458 204 23
Y 75 7
3.2.2 THPRUES

5530 AT 55 AN [R]  Z2 0 R 3R dnsa A8 | XU il
LR i e AT 55 A PR BE . 48 JLAS AT S
PR S ELTCTE AT AR UETE G AT 55 38 21— B 1 hg
B . AR AR 5 26 [F] 8 AR 7 A [F) 3
Sk B QoS ER A, T B 1 GPU B A7 T AR [H]
WA | i G AT 5380 2SN FH P Sl AR B B T T
SRS SN JT R L A . R X R AR
FRATTAT LA i A B R o o o

TE T 1] Vi G AT 55 1 3 5t vh o Wi gl i oy — 10 5C
SOMEREFE AR . RIUR AT R S 8O0 P AL E LAz
81 ] [E P AN G » AT 380K 2% g FH P ) A 9 o



81 £ V5% gEdge: BT EBHEARN = PR H AT HELL 1891

2 TR o R S B S T 0 R O 22
S i 22 By vE e i ) AT fE 5 2R Ab PR g
(GPUBRIR IR T . L, gEdge 5l A T —Fp 3t F
Jei K AR Sh AT IR IR %
CRPANBL ST iR = S O N IR
FIB 527 >0 ARART SR G b 23 FiC GPU W8 95 LA I A2 ik 55
Fii (QoS)F&Hn . AT GPUAT: 55 i i 1Y o 4, 32
IR T 5T Braun % N4 W7 vk g0 13
AR A S DR T . T8 A 28 0 2% i TN SR O
A5 A e B 0 B YR L e B IR BT B Y R AR Bh
PE . UATRBIWUERATT QoS R, 31 25 R HUH
7Y SRR R LB I . S b i 2D BR 3-14 ik 1
anar I T Y mRR A Q-network A HH BRI P T
B AESAE . A0 BB 15-17 0 b B 22 55 |8l i F Q-
network A YIT 2 , ff P4 Bl I 1] A HERS S0k AE S B
U A7 2] AN 3 FC R R . SR s B AR (]
TR A A4 & DT O 28 58 9 1) BT A5 25 2
5 2 QoS Fife .
k1. AT DQNBYshAS R IR
BN TN 220 £ T EEWUR g, 5 Y 1A% B 25 I
BaEE CAERAMBRUG=1,2, - ,n) ; WA
Jps(i=1,2,-+-,1) ; QM%% Q-Networks Z8 ML D;
iy AR N2 LT B 2w T
1. [Initialize replay memory D to capacity N
Initialize Q-network with random weights
FOR each ¢,;&C do
current_state = GetState(fps; U,)

Or o W

best_action = ChooseAction (current state, Q-table,

e-greedy)

6. IF best_action == "IncreaseResource" THEN

7. Increase GPU Res(c¢,)

8. ELSEIF best_action=="DecreaseResource" THEN

9. Reduce GPU Res(c,)

10.  ELSEIF best_action == "Migrate" THEN

11. ¢,<FindBestMigration Target(c; » Q-table)

12. Migrate(c,, ¢,)

13. T=TU{c,c,}

14. ENDIF

15. new _state = GetStateAfterAction(best_action, c,)

16.  reward = CalculateReward (fps; »vq,,)

17. UpdateQTable (Q-table, current state, best_action,
reward. new _state)

18. ENDFOR

19. RETURNT

TE 9% 1, ChooseAction () bR % (45 B8 5)
FI T 3T e-greedy R W& 19 3h 7 5 BEHL I . B £

SR TR R 43 I [R) P SR BB A B A (HLA R
ST IR E LR B BT R R 4R EE S O (D).
FindBestMigration Target () p& £ (25 5 11) i H Q-
network Jj &4 AT BE IR H AR BN Q-values, WA
Ve AR RS HAn . X80 KB A T RERY H s
HEATVEAS BRI A2 2% R OGo).

BT 1 X B n A a8 6 F A T
T3 3 R A 2 aw VEAL T A T e R 2 H bR, BRI
RSB 24 B8 O ). {H R T e SR 93 2%
TR A G5 i E R A S AR n il R 2
AR B 1 R ORI SRR T SZ 1

P B R  FHT  % R 25 65 [ A7 i s G
25 (W) 5 2% i A2 33X PR LA s ) . (A S B i
H 3B A A ) RN [ Y s R AR 1 R s )
ZREERT DAL O, XL T HIEAR ST R ™
A KRB NS
3.3 BERIFHNBERBIAR

R AR SRR = B vp Y /A S I R 2 LY S e
i 1% & JE (container registry) $ Bt FH 7 8 & 09 &
ARBEAG SO s PLEUR ) J5 R A T A Ml fife s B J f
JEJG B BAR ST R is A7 25 an B AR SCF R Se )8 50
.

HPrRENESRGEREHH PSS MW
Dockerfile SCIF4 i3 A2 BUAY » 75 3. 1. 3/ R F AT 0
ZHH T GPU & #1947 50, GPU B 45 (19 ] A8 3K
T LR A AR — AT, IR TR AT i N, LA
IRENE A # GPU B #Y H Y . GPU T Ry TELE
SHEHE GPU 48 1Y Sl 55 15 (Baseimage) %5 L AT
] B AR TP S0 GPU 3K 2h S
gEdge ifi it Pre-Hook FYHLHI . S5 1 A& BLAR N 1)
A G PSRN, S 25 A BRI T vGPU
WA BEAT N5 . B gEdge HEZR 5, HEAli 52
B PSS Sl 3] (BRI R S TE A 4%
¥ e sk B v, g BOT I 2R SO 2 e
It ATEAS 98 5 B vT e O S A D AT
AR T gEdge FERMBAZ R ) R A0 3L
il oy =0, XA i IR R AT Ak . P RS
7 Dockerfile HUREHEAL BT R 240 gEdge 45, Bl n]
A P AR EE R ARl gEdge FERIERAR . T4
FERM AR - FH P A SEPRGEARAS 200 A DG 1Y
WK Bh S T D T A SRR R KON AR
PR B /D, FEWR G V2 I Bl B vy U AR I )
Bl /D, TIPS S Sl

5 Lou % N0 43 J2 B J3 B0 A B L R AT
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WA TR GG T 2R RRRIT AR
b B % 8 T GPU %588 B TUAR AL AR B 1)
S, ST A B RORS T . DL Lou i AR
M2 N BN, JC kR U AR B GPU 44
ki« NI TCTE BRI IR ) R oA T . FRATTHY
By RAE SRR oEdge 1T HI R B4 L 2 10 #R
BT RGN BEAR R G R RTE FE 45 =5 B0
FAE . 5340, FATTAY I 3 T LA 43 2 B A 3 AR
G55 T REHE— D BRI 2R S AEIR
4 X Ig

FEATT H FRATTRR M i 22 21 SE 50 R B0 IE AR SO
AT RN = U R A T AE SR gEdge
AIPERE . A B £ S 00 A0 HE B AN B S M, FRATTE L
SN =5 RN TR R &6 L
TR R85

S0 B 55 A B R & 19 GPU R 55 2% . 45 3%
Tesla P4 W4~ . X T &0, FATEEH T NVIDIA
NEHNVIDIA Jetson Xavier NX A T8 GBI & &
8i B 5EG B IR S R0 x86 M AN 58 T —4
7S A% 0 ) ARMVS. 2 CPU Hil— 4~ NVIDIA Volta
GPU. X 2D BJLABETE T 5 3 W R iz 17
CUDA 8 1h % 25 . 3wt % 1) TeslaP4 GPU
A I =19 SGBGDDRS & A7, 1M 7 F 31 % 17 1 1Y
Jetson Xavier NX 5 &G WAAILE S GB # LPDDR4
WAF . BAh 7E GPU R L 307 55 A 3844
% U R T 2 i Ml 55 2 WA 2560 A4, 30K X 1153 fig
T 5IATRE Sy AR R A X AR T — > H
1) 2= Ui 5 3 S TR R IR 25 57 . 2 i L s 1
2 1E R 48 . Docker Wt A% fl CUDA fi A 45 it ¥ 1
2.

VERTE YR 55 1 B B P A S, FRATTRE PR T

R2 ZHRRREE

=i e S

Intel(R) Xeon(R) Silver 6-core  NVIDIA Carmel

CPU
4110 CPU @ 2. 10GHz x4 ARM®)VS. 2 64-bit CPU
384-core NVIDIA Volta
NVIDIA Tesla P4 .
GPU GPU with 48 Tensor Cores
(89.12 TFLOPS FP16)
(6 TFLOPS FP16)
RAM 18 GB 8 GB 128-bit LPDDR4x
(0N Ubuntu 20. 04 LTS Ubuntu 18. 04. 5 LTS

Docker  Docker 20. 10. 17 CE
CUDA 11.0. 228

Docker 19. 03. 6 CE
10. 2. 89

AWS 1 Elastic GPU”. ElasticGPU & AWS 2 7 #2 1}
() —A Tolb F e i K- (8 GPU B P= L R T
5 gEdge IR MR T 22 AH A SCRRE YT 55
4.1 gEdge H/EMK

FATHE H Rodinia FEEMHAE %) gEdge HE
R VERE AT VAR o F AT 43 0K T gEdge AE
HRAE 7 Ui AR M B 1T RO P RE T B0 LA KK gEdge 58 7E
=N PHFER SIS T BRI AL .
4.1.1 gEdge =imisfriEn

Kl 6 J'e/R T gEdge HEZRTE = oIk 55 i L ia 17,
Horp gEdge %545 Fl gEdge J bt 34138 & 1 2 vty » {0
FH—A> vGPU S . S50 28 SR LA A 38 AT [R]
FEWEDEAT T IH—ALAL ] . AN B 175 A) & gEdge i
PG 5 R A2 TR FAE . 2% H (B i |
A gEdge Mg Ak 5 58 Tl ok 0 FF 4, LA IR U]
PEREHIR N

6 T T T T T T I I

5 S A S RSSO e

.-“_..
1
1

HIHE 17 )

2.07 |

o]
!
1

1.01 1.09

(=}

K6 AT gEdge MERENIA

FEUL LI E T A5 LLITAL gEdge I AE
BRI AR GPU ML TF 8 . gEdge B AL K
T 700 BRSSO AT e 0B T R ALY
GPU &Ik 5 % AvA™3F He, AvVA R T 2 0L
HEAFE S G B AT s AR R, AR S B T
CUDA #8415 J 5505k . Fe AR [R) 14 me I R e v
AvA I FFES R 100. 0% G BT - gEdge 1Y FF 45 B
ik 7 15.0%. & 3 AT A, 76 K &R 40 ik . gEdge
PISCEE T L AvA ARG RS . 4R, 7E bis Al nn P
Wik b, 5 AvA 1 H . gEdge Y FF 85 2 0l 36 T
3.8% F17.9%. iX FEYEF bfs Al nn {£55 19 LA

@ Amazon Elastic Graphics, https://aws. amazon. com/ec2/
elastic-graphics/2022, 7, 1



838 T 5% gEdge: BT AR 2 DA ) S Al TSR 4R 1893

SENFIE . gEdge BEXT AT RIBRE T IA T BN N
TSP BO7E X W I 3 gEdge PERER AU AVA.

#3 gEdge’5 AvA T RAARHEITR EIX bk
gEdge #iXt  AvA #ixtiz

B 1R H] A7 B 1] ST
backdrop 1. 19x 1.43x 16.8%
bis 1.09x 1. 05x —3.8%
dwt2d 2.03x 2.42x 16.1%
gaussian 2.22x 2. 44x 9.0%
hotspot 1. 01x 1. 20x 15.8%
myocyte 5. 20x 7.08x 26.6%
nn 1. 09x 1.01x —7.9%
streamcluster 2.07x 3.30x 37.2%
JUASF-3) (geomean) 1. 70x 2. 00x 15.0%

Xt T myocyte iX A4~ & F % 4 # 2 ¥ (API-
intensive task) , f& 4t & F APL¥E & () J5 3% =39
PR OB DTS R X 48 T, DRt M e R AN A
gEdge il 11 A% b 9% 47 5 it Ak 245 7 X A7 17 pedk
FA T AvA J5 % gEdge FEAIR T 26. 6 6 1L BETT 44
(5.20x vs. 7.08x).

4.1.2 gEdge =i thFEFHIE b

& 7 )& gEdge HEALTE < I PRI A8 T B 17k
FEAE DL, B gEdge 25 2% 12 17 BY 38 17 76 30 4 17 55
gEdge J5 %iia AT 1E 25 Uiy o 3X A2 — > SR (19 = 301 03 [+
Yise . A a4 3B # DA 2510 s S AR i A 7 i
R HEE T I — A B

5_ -
P S VSN G T
3.19
7 F273 )
2.24
2} I o7 i
|
0 3 2 P :

K7 =it~ gEdge PEREIN K

FAHE 170 ()
]

AR A AT PR S 45 A 2 1 L ] gEdge
PEAT AR5 S s A7 I 1) 5 J A A 4 I ) 22 ]
FEARL A0 B0 JHC v S 2B o X 245 2 i 1 1] £
FEAEIB ATt E] A . % FUAE T4 51 A gEdge H12%
T AR T IR A B AT I SE SR SR B S T . i LU R

1o 2 W PR RS T k2

IS B 238 S b mT LU EE B, gEdge 76 FT A7 it
rRER T T ERE . AR 7 B L 6T R AR A
myocyte {E55 . HERESR TFA RN T 67 %, V-3 MIXFiE 1T
HPEEHR TR 213%. BT myocyte ¥ M AT A AP
FH S BRI Z8 5 o DT A 3R 1 I 28 T4
BEPE R T AR 0N L SR, PR REAT i T AR M
BAT . A A an MR P b PERE AR TR R T
407 % » =W gEdge TE N IR T H UL AT R 55
B W PR REAR RS ) . X A AR T nn MK
rh 32 B AL U A AR I ) B 8 D £ T
BN PERRTR T3

SR A5 R R, B AR ) 2K, gEdge 1) i
ERIEERE . X T &SRR 6
TFLOPS Y2y h 2 i GPU % £ (89. 12 TFLOPS)
T i T e v N s R € 2 2 | S S K 7S
() 1 4% 1 5 e L BT AR A5 0 M R I 25 5 4R T 4y
e
4.1.3 gEdge M%&IT85 54T

K 8 /R T gEdge 7€ 2 i1 U [A] P15 (1) [ 2% JF
B . T gEdge 78 f 10 BCHE A% ] ] 5 4T 55 Gt [a]
R B 9] 315 B R AT O 2 T . IR ) R 4 A i
F ] LG R A N X T4

100 SO0 L8 Y2608 OB SR PG T T 8L S R L
] S E
80_..........,..... i et ey e amiebn b i i ek ........_3
£ 70f- E
o
I 60 T
B geomean=23.88
= 50F R
ol F "
R . ST 3
T o roze RS2 24.96--
] _. .
0 ) ¢ > o 3 Z o ; ;
\'0\ Xl.\ .'S s .'\\Q‘ Q > .‘L\'\. = .\.c\
¥ ® & & & N
& & R & o
&

F8 =iithE T gEdge FIZ5 T4 5 Mr

S 6 28 5 R L 7F Rodinia 3 E & 4,
gEdge 173 9 45 45 4 23. 88%0. 7E Rodinia il 2t
o, BT myocyte S5 26 #E 4T GPU I8, M 33K
T 1 453 R (A P P A IR 81 T 37. 6%, 4R
M ARG 4. 1. 2795 9 34 . th T gEdge Sk HIHtE AL B
FIAS i 2% 47 5K W myocyte F AT B TE] 4T3 8K A FAX
TEN Gt AT . 53— Jr T A nn P H 1 9 2%
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TEES 07 Lk 26. 63 %0, {H 1 I 45 4% i 328 & AR A
W da LB B I L A e S 4. 1. 275
HSEELT S R

i I R AR S 5 4. 1. 2 B SE R 45 R L 3R
AT LAE B, thF GPU AR5 BA — 7 5 24t A
KA FRAT B 18], R AT 55 20 3 28 2 i T 7™ A 1 ) 2%
B 7 BTN 3 AR E SRR SR B
4.1.4  gEdge SZFrn H B RE S BT

B9 IR T 1 2 Ui « 30 2 i L JOR F AvA 5
gEdge HEZL R X VGG16-SSD 25 9 4% (4311 242 ) i)
ST . ABFSE I I F A VGG 16-SSD R 25 7 A [RIAT:
55 T & T 51> epoch (58 MU [R] o DAPEAG £ T & X6)
PEREFZ I .

DN —
L | == [Edge (Xavier)

— T T %k

90 000 2l =~ Cloud(P4)
[ romee AvA

15000 [ &-dee

7]

i i ]

T s

o1
0 B 10 15
epochif &L

K9 VGG16-SSD M 2%l 21} a]

S g5 R FE I L gEdge HEZLAH L T AU AH FH i %
Ui BT R B B E R B, O R A
epoch F Il x5} 8] B 1R T 86. 5%. b Ah . 5 AvA )7
ZEM L . gEdge 78 BN A 2% 1% S bR iz ] 37 55 vh S 30
T 50. 3% I ZR I [R)8 /L . ¢ S 7E HT 51> epoch
H, T gEdge 24 a sk Hol gtk e de ik
BT 74.9%. XSRS RAUES T gEdge HEHRAE S
PR Ry FH 37 5% v Re 05 A SCHR FHPERE . 5 JE A HE 2 A
I, gEdge 32 [ 26 JE IR S 45 /)N .
4.2 HREREME

ik gEdge 14 5 R PR L B RS [R] 25 T
(R A AN AR T3 FRATBE T T P SE 56 ok 56
UE gEdge B XA [R) 2 AT 55 >R FH i) 1oz HH B0 ¢
T o 25 SR W T A A
4.2.1 WEAHAERUTS

B X iE T HRAT 55, RATTE 2.4.6.8 1> gEdge &
L GPU B, M 1B AT 109 GPU A1 FH 20 ik
FERE . B R A0 GPU R AR5 W AEH

A2 AE R gEdge BB ES M 504 . o,
B> gEdge 4R iz 17—~ f FH CUDARuntime API 52
LY ResNet50- 1 I FHAR 7 » AR 280 25 1) CUDA (T
F 2 am B SH ), SEUE S ZRmE )15
A AN Al . ResNet50 78 24803 f4T- 45 Hh 2
B T AR SR 1 38 A R L A RO 25 R
S ) AR B4 . Xl 15 ResNet50 A T
— A2 N B R I 2 AR A 2 8 FAT S5 v
A7 sV | 44 gEdge A48 0 vGPU ¥R IC B 2
BanFg A pros . SR E 10-11 Frs . ASZEG ]
VIE ), gEdge AR EA AR vGPU BLE T, #Rfig
FE R AP0 2R b B v . rh & 10 frw , (Tl
AR T BRI R I S () R G A4S DL &2
2 Ui (IR A S AF o T LR 25 4 (T FH ) 0 A2 B0 R A
I WA 8O D P e k3 4K, 1Kok B ke F = g 5 40
S R ST . & 11 R T ot NVIDIA-
SMI K4 1 BE ML BT 2 4~ gEdge %5 %% 19 GPU H)
FH 2%, 16 A 6 8 & 19 vGPU it 8 T, vGPUL 5
vGPU2 [ #ZREHLIE I . 2 vGPU ik 2 B
LR B ZE A 0 F ¥ GPU fif %8 38.5% Al
38. 7%, = Ui GPU M fe i MR8 75. 294, 4
vGPU R 4.6 .8 BYIE LT » B2 4 19 GPU B )
FHRZEIEHAE 1% Ay . X ASLIRIEW T gEdge HE
X GPU B U8 e 5 10 350k

*4 VGPUARBmMESH

vGPU $Ui TR GER (GPU B AF TR vMemory
2 0.50 16(4 GB)
4 0.25 8(2 GB)
6 0.15 4(1 GB)
8 0.10 3(768 MB)

4.2.2 EYAULS

Ve R 55 ARG T G A EE T s FH P (Y
VRAR. 2 6 458 0 R i MERE R RS T
HARFEWENT S =2 — . RATRERE T 14> s
) OpenGL J& Y F2 J7 A7 g0k . o, AT H T
TE T 55 I WURAE D FRA T HERE e A . (HJ2 M T
ElasticGPU M A , AT IC L SRR FL B 08 47
(AR A 2, TV 58— AT 5 I 3 1 855
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Background

Due to the exponential growth of smart devices, a
considerable amount of data is generated by running different
applications such as Augmented Reality (AR) , Optical
Character Recognition (OCR) , and autonomous driving. As a
result, the data generated by these devices need to be processed
properly and timely. While traditional Cloud computing has
been proven for its wide availability and high scalability, it
requires significant amounts of data transmitted and processed in
the data center. As an extension of Cloud computing, Edge
the

computing with critical quantities of distributed nodes that

Computing complements current  centralized Cloud
provide computing and storage resources close to the data source
and end-users. Thus, end-users can access edge nodes with
much higher bandwidth and extremely low latency. However,
owing to the form factor of the edge nodes, they often have
fewer computing power and storage resources compared to their
cloud counterparts. With the advance in Artificial Intelligence
and cloud gaming, the computing requirement for related
applications has been raised accordingly. Cloud and edge
collaborative computing has been proposed to address the above

problem. Graphics Processing Units (GPU) , widely available

in the Cloud data center, are suitable for accelerating related
workloads. Accelerating workloads in the edge nodes by
leveraging Cloud GPU devices has become a critical challenge.
Existing work requires a rewrite of the current application to
achieve GPU offloading in the Edge nodes.

In this paper, we propose gEdge. a container-based Cloud-
Edge collaboration framework for Heterogeneous Computing
which enables the edge nodes to facilitate the GPU devices
equipped in the distant Cloud server for accelerating data
processing. The main research contributions of this paper are as
follows: (1) the first prototype of cloud-edge collaboration
framework for Heterogeneous Computing, which provides the
use of virtual GPU to the Edge nodes. (2) two isolation
mechanisms for different workloads to achieve better isolation in
the multi-tenet environment. (3) demonstrate the benefits of
using gEdge by transparently executing two workload types in
edge nodes. The gEdge framework proposed in this paper
provides a reference for general hardware accelerator virtualization
in cloud-edge collaboration.

This work is partially sponsored by the National Natural

Science Foundation of China (61732010, 62141218).



