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YOLOv3 5.1x 10* 51EFLOPs
Transformer 7.4x 10*® 7.4EFLOPs !
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TOP500
https://docs.google.com/ 10
spreadsheets/d/1AAlebjNsn]j_uKALHbXNfn3_
YsT6sHXtCUOG7OIPucA « ) 9
CPU+GPU
2A CPU+
CPU+GPU CPU+
/
CPU+Google TPU CPU+ CPU+ 5
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/ Linpack (PetaFlops)
1 Frontier AMD 64C+AMD MI250X 1102
2 Fugaku( ) ABAFX 48C 442.01
3 LUMI AMD 64C+AMD MI250X 151.90
4 Summit( ) IBM Power+Nvidia V100 148.60
5 Sierra( ) IBM Power+Nvidia V100 94.64
6 Sunway TaihuLight( Sunway SW26010 93.01
7 Perimutter AMD 64C+Nvidia A100 70.87
8 Selene AMD 64C+Nvidia A100 63.46
9 Tianhe-2A( 2A) Intel Xeon + Matrix2000 61.44
10 Adastra AMD 64C+AMD MI250X 46.10
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1993 11 4 Nvidia A100 GPU 1 |Intel Lake
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2022 11 TOP500 60 TOPS500 41 27
Lenovo /
2022 11 14 SC 2 Lenovo TOP500
60 TOP500 TOP500 6
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Frontier 8,730,112 multiprocessor Mellanox EDR
1.102Exaflop/s HPE Cray EX InfiniBand
HPC Al AMD EPYC #6 Sierra
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Slingshot-10 Sieera No.4 Summit Sieera
#2 Fugaku 4,320 Power9 CPU
NVIDIA Tesla V100 GPU Sieera
Fugaku 7,630,848 HPL 94.6Pflop/s
442Pflop/s #7 Sunway TaihuLight
#3 LUMI
Sunway TaihuLight
LUMI 309.1Pflop/s HPE 93Pflop/s
Cray EX235a #8 Perlmutter
E
#4 Leonardo Perlmutter HPE Cray“ Shasta”
CINECA AMD EPYC NVIDIA A100
Leonardo Atos BullSequana XH2000 64.6Pflop/s
Xeon Platinum 8358 32C 2.6Hz NVIDIA #9 Selene NVIDIA
A100 SXM4 40 GB Quad-rail NVIDIA Selene NVIDIA DGX A100 SuperPOD
HDR100 Infiniband 174.7Pflop/s AMD EPYC NVIDIA A100 Mellanox
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#10 Tianhe-2A Milky Way-2A
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CPU 22 NVIDIA Tesla V100 GPU 61.4 Pflop/s
GPU 80 SM streaming
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Rmax Rpeak power
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HPE Cray EX235a
1 Frontier | AMD EPYC 64C 2GHz AMD Instinct | 8,730,112 1,102 1,685.65 | 21,100 HPE
MI250X  Slingshot-11
2 Fugaku ABAFX 48C 2.2GHz, Tofu interconnect D | 7,630,848 442.01 537.21 29,899 Fujitsu
HPE Cray EX235a, AMD Optimized
3 LUMI 3rd Generation EPYC 64C 2GHz, AMD | 2,220,288 | 309.10 428.70 6,016 HPE
Instinct MI1250X, Slingshot-11
BullSequana XH2000, Xeon Platinum
4 Leanardo | 2% o e NVIDIA HDRI00 | 1463616 | 17470 | 25575 | 5610 | Aws
Infiniband
IBM Power System AC922, IBM
5 Summit Voﬁg\év\'fﬁ)%’zéijﬂ;ﬁ':ﬂzélﬁmg'é‘DR 2,414,592 | 148.60 200.79 10,096 IBM
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8 Perlmutter | 64C 2.45GHz, NVIDIA A100 SXM4 40 761,856 70.87 93.75 2,589 HPE
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NVIDIA DGX A100, AMD EPYC 7742
9 Selene 64C 2.25GHz, NVIDIA A100, Mellanox 555,520 63.46 79.22 2,646 Nvidia
HDR Infiniband
- TH-IVB-FEP Cluster, Intel Xeon
10 Tianhe-2A | E5-2692v2 12C 2.2GHz, TH Express-2, | 4,981,760 61.44 100.68 18,482 NUDT
Matrix-2000
3. TOP500
Ethernet 226
3.1 Infiniband 196 Omnipath
TOP500 40
126 173 4
162 TOP500
2/3 HPC 35
TOP500 TOP500 1.73Pflop/s HPL
131 118 500 TOP500
460 TOP100
5.78Pflop/s HPL
Countries Performance Share
@ China
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@ Japan
@ France
@ United Kingdom 4.1 Green500
@ Canada
@ South Keres Green500 LinPack
@ Netherlands
@ Erazil
b TOP500 Green500
1 TOP500
Henri  Green500 Henri
32 Flatiron Lenovo ThinkSystem SR670,
Intel TOP500 Intel Xeon Platimun Nvidia H100 InfiniBand
75.80% 6 77.60% HDR TOP500 405 Henri
Xeon TOP500 65.09GFlops/Watts
Leornardo Xeon Platinum 5,920 HPL 2.04PFlop/s
AMD HPC 5.42PFlop/s
6 18.60% 20.20% Frontier TDS  Frontier Test & Development System
TOP500 101 AMD Green500 Frontier TDS
Frontier LUMI ORNL 62.686Flops/Watts
120,832 HPL 19.2PFlops/s
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TOP500 179 Frontier
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HPCG HPL HPCG 16.0PFlop/s
Frontier 14.054PFlop/s HPCG
0.8% LUMI  3.408PFlop/s
Fugaku HPCG500
3 HPCG10
Rmax HPCG TOP500
(TFlos/s) | (TFlops/s)
1 Fugaku A64FX 48C Z.ZGHZ',' Tofu interconnect D 7,630,848 442,01 16004.50 2
Fujitsu
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IBM Power System AC922, IBM POWER9
. 22C 3.07GHz, NVIDIA Volta GV100, Dual-
4 Summit rail Mellanox EDR Infiniband 2,414,592 148.60 2925.75 5
IBM
BullSequana XH2000, Xeon Platinum 8358
32C 2.6GHz, NVIDIA A100 SXM4 40 GB,
s Leonardo | 0y jad-rail NVIDIA HDR100 Infinibang | 463616 | 17470 | 2566.75 4
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HPE Cray EX235n, AMD EPYC 7763 64C
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HPE
IBM Power System AC922, IBM POWER9
. 22C 3.1GHz, NVIDIA Volta GV100, Dual-
7 Sierra rail Mellanox EDR Infiniband 1,572,480 94.64 1795.67 6
BM / NVIDIA / Mellanox
NVIDIA DGX A100, AMD EPYC 7742 64C
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1 Frontier 8,730,112 7.942 1.1020 7.2 1

2 LUMI 2,174,976 2.168 0.3091 7.0 3

3 Fugaku 7,630,848 2.000 0.4420 45 2

4 Leonardo 1,463,616 1.842 0.1682 11.0 4

5 Summit 2,414,592 1.411 0.1486 9.5 5

Green500
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Fugaku 2.0EFlop/s HPL-MxP
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1d 2d 3d diamond | 1.75% | 25.13% | 73.93%
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sizeD 40,000k 6kx6k 400x400x400
hexagon 41.40% 0.53% 37.74%
baseline | 39.30% 9.00% 34.73%
pgram 33.42% | 13.25% | 34.84%
heat-3d
diamond | 30.82% | 11.63% | 47.51%
6
hexagon 31.18% 9.71% 32.53%
baseline | 38.84% 1.21% 43.73%
del_2d pgram 38.18% | 1.21% | 29.14%
seidel-2
hexagon ) Hexagon_TSS diamond | 34.35% | 0.67% | 39.24%
pgram - diamond hexagon 33.59% 0.46% 41.60%
PLuTo 7 pgram diamond hexagon L1
6 baseline jacobi-1d
SEREH RIME hexagon jacobi-1d L1
VY doubl .
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AT 20 .
AT EAEHL Jacobi
il FE R izeC .
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I T 4 4 o2 300 .
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erf
P . L1
perf Linux
rofilin CPU .
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3.2 Hexagon_TSS
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01,
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8 Hexagon_TSS

Hexagon_TSS | Hexagon_TSS Best_Hexagon Hexagon_TSS
(GFLOPS) (GFLOPS) efficiency
sizeA 10*9 13.42 14.83 90.47%
sizeB 30*29 85.27 129.45 65.87%
sizeC 16*32 216.70 222.75 97.29%
sizeD 10*10 116.62 117.55 99.21%
88.21%
8 Hexagon_TSS 9
90%
i iHH#E R (GFLOPS)
Hexagon_TSS sizeB TR | AR A —— : ‘ ‘
2 Jacobi 102572 | 204672 | 30472 | 40472
sizeB Hexagon_TSS baseline 6.20 9.40 21.34 22.55
pgram 18.38 24.58 21.23 18.94
L1 jacabi-1d = ———
iamon 29.64 54.08 74.91 94.41
L1 Cache
. hexagon | 46.06 82.51 127.03 | 124.80
Performance Cliffs £
baseline | 39.71 74.24 99.45 108.06
L2 L2
pgram 43.64 71.79 87.02 98.11
heat-2d
diamond | 100.52 | 161.68 | 218.69 | 212.33
Hexagon_TSS hexagon 103.56 168.23 217.02 200.21
baseline | 41.63 44.12 4423 35.93
pgram 12.82 20.26 29.87 31.01
heat-3d
diamond | 78.92 70.14 51.01 39.92
3.3 hexagon | 10453 | 7824 | 5592 | 34.67
baseline | 51.75 87.87 130.05 | 150.78
pgram 53.40 89.90 107.11 | 126.28
seidel-2d
1. diamond | 122.79 | 209.58 | 287.79 | 271.15
2. hexagon | 13322 | 217.18 | 276.85 | 277.78
3.3.1
4 :10 20 30 40 hexagon
baseline pgram diamond hexagon
9
9 287.79GFLOPS 7 hexagon
seidel-2d diamond
30 pgram diamond hexagon hexagon
baseline Jacobi-1d diamond hexagon
pgram diamond hexagon baseline
6 1 Jacobi
baseline 6 Jacobi-1d
8.78 Jacobi- ;
1d hexagon 20 Jacobi-1d
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50%
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SMT B Boolean
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SAT
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SAT RTL
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SMT
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3. SMT
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SAT
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MUL Ra,Rb,Rc
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Rc=111 Rb 1
Ra

args[0]=mk_gt(Rb,one); /7 Rb 1
args[1]=mk_mul(Ra,Rb,Rc); / Rc=Ra x Rb
args[2]=mk_eq(Rc,111); / Rc=Ra x Rb
c=mk_and(args,3) /N

mk gt mk_mul mk_eq mk_and SMT

Ra Rb Rc SMT
API mk_gt(Rb,one) Rb 1
mk_mul(Ra,Rb,Rc) Rc Ra
Rb mk_eq(Rc,111) Rc
111
args[0] args[1] args[1] c=mk_and(args,3)
CNF
c
Z3
CNF 1
1 Z3 CNF
and(
Z3 (bvugt (Rb #x0000000000000001))
CNF (= Rc (bvmul Ra Rb))
(= Rc #x000000000000006f))
Ra -> #x03b0a38c0203d963
Z3 Rb -> #x51ff99244304b085
Rc -> #x000000000000006f
c
SMT
Ra Rb Rc
SMT
3.2
MUL Ra, Rb, Rc
Rc 1 0 64
Ra Rb 1 Rc
SMT
N: N, Ne4

Rc n 1

args[0]=mk_ite(extract(Rc,0,0),(N:=1),(N.=0)) / Rc
0 Rc[0] 1 N 1

args[j]l=mk_ite(extract(Rc,i,i),(Ni:=Ni+1)),( Nixz= N;))) /
Rc i Refi] 1 Nis1 Ni+1
Nie1 Ni
Rc
Ra Rb NRa;
args[k]=mk_le(NRa64, N64)
mk_ite extract mk_le SMT

mk_ite if-then-else
extract SMT
mk_le
mk_ite(extract(Rc,i,i),(Ni+1=N;i+1)),(Nix1=N)))
Rc i Rcli] 1
Nis1 Ni+1 Nis1 Ni
c
Z3
CNF 2
Rc
1 8
2 Z3 CNF
and(

= ((_extract 0 0) Rc) #h1)
=|N[0]| #0000000000000001)
=|N[0]| #0000000000000000))
= ((_extract 0 0) Ra) #h1)
=|NRa[0]| #0000000000000001)
=|NRa[0]| #0000000000000000))
(ite (= ((_extract 1 1) Rc) #b1)
(=IN[L] (bvadd [N[O]|
#00000000000000001))
(=IN[1]I IN[OTP))
(ite (= ((_extract 1 1) Ra) #bl)
(=INRa[1]| (bvadd |NRa[0]|
#00000000000000001))
(=INRa[1]| [NRa[0]]))
/I N[1],NRa[1] 2-63
(= Rc (bvmul Ra Rb))
(= IN[63]| #x0000000000000008)
(bvule [NRa[63]] IN[63]]))

(ite

(
(
(
(ite (
(
(
(

Z3
CNF

Ra -> #x3300000000000000
Rb -> #x0000000000000005
Rc -> #xff00000000000000
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3.3

SMT
64
Ra Rb Rc
ADDL

64

Ra+Rb 64

SMT
args[0]=mk_eq(Rc_64, extract(Rc_65,63,0)) /
Rc 65 64
args[1]=mk_eq(Ra_64, extract(Ra_65,63,0)) /
64
args[2]=mk_eq(Rb_64, extract(Rb_65,63,0)) v/
args[3]=mk_eq(Rc_64,mk_add(Ra_64,Rb_64))......//
Rc Ra Rb
args[4]=mk_eq(Rc_65,mk_add(Ra_65,Rb_65))

args[5]=mk_eq(one, extract(Rc_65,64,64)) //
1
args[6]=mk_not(mk_eq(one, extract(Ra_65,64, 64)))
Ra 65 1
args[7]=mk_not(mk_eq(one, extract(Rb_65,64, 64)))
Rb_65 1
mk_add SMT
mk_not
eq extract
Z3
CNF

3 Z3 CNF

ADDL

Rc_64

/

Rc_65

/

/

mk_

and(

Rc_64 ((_ extract 63 0) Rc_65))
Ra_64 ((_ extract 63 0) Ra_65))
Rb_64 ((_ extract 63 0) Rb_65))
Rc_64 (bvadd Ra_64 Rb_64))
Rc_65 (bvadd Ra_65 Rb_65))
= #b1 ((_ extract 64 64) Rc_65))

(
(

Z3 (
CNF (
(

(

(

(

not (= #b1 ((_ extract 64 64) Ra_65)))
not (= #b1 ((_ extract 64 64) Rb_65))))

JERE .2

Ra -> #x8000000000000000
Rb -> #x8000000000000000
Rc -> #x0000000000000000

Z3
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GPU GPU
GPU KubeGPU KubeGPU
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Kubernetes Kubernetes
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Y GPU
Kubernetes GPU
1
GPU GPU
GPU 19] 2
GPU
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GPU GPU
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Kubernetes GPU
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] Kubernetes GPU GPU
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2 Kubernetes GPU GPU
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GPU KubeGPU
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GPU GPU
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GPU — 1 API GPU
GPU (261 2 GPU
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KubeGPU GPU (18] 1 GPU
GPU
1 GPU
API
API GPU GPU
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GPU GPU
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APl forwarding GPU pass-through GPU
KubeGPU GPU pass-through API forwarding
GPU
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4.2 Kubernetes
[22]
2.2 GPU Kubernetes
GPU GPU
GPU (23] ®
GPU [
GPU
[19 20] GPU
GPU = GPU Kubernetes
GPU 8 14 IB
GPU
GPU GPU
GPU 3.
GPU GPU
2.3 Kubernetes 2
Kubernetes
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GPU Sharing Scheduler®!
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Device
Device

ConVGPU
OSCAR Kubernetes
e 27-29] API GPU OSCAR Kubernetes
GPU
OSCAR[10]  API
GPU GPU GPU
21 GPU GPU
8 14 GPU
k8s-device-plugin GPU
GPU GPU
2l Deepomatic GPU Sharing
Scheduler GPU GPU GPU
GPU
API GPU GPU
API
[13] 4
Kubernetes
GPU GPU —KubeGPU KubeGPU 5
KubeGPU Scheduler
GPU GPU Manager Resource Pool Device Agent
GPU Resource 1 KubeGPU
Client
2) create request!
delete request 3)6) create/delete container r ---------------------- :
4) query for available resources —'JI APP :
Device Manager 3)€) allocate/release devices i E
KubeGPU Scheduler 3)5) allacate request / B - T . 1
release request ) monitor ! devices !
- i
Container
1)3)4)8) add/delete/obtainfupdate resources | | y
1) register : :
]
4) query i Device Agent E
E l 4) monitor i
1
| GPL Device | | GPU Device | [ GPU Device [ A TTmmmmmmmes ! E
Resource Resource Resource I : ) PhySIC{Iﬂ Device o :
P! B GPU i !
GPU Device Resource Pool b Lo
| NET Davice | | NET Davica | MET Davice | :__'_____________________________________________J___E
d ® . Worker Node
NET Davice resources Paol
1 KubeGPU
KubeGPU Scheduler KubeGPU gpuCore gpuMem virtualAffinity w
specification 1 KubeGPU aitTime timeoutHandling KubeGPU Scheduler

specification
1 KubeGPU specification 5

GPU

4.1 KubeGPU



specification

apiVersion : kubegpu/vl
kind : gpushare
metadata :
name : gpushare_example
configuration:
gpuCore: 0.5
gpuMem: “ 256Mi”
virtualAffinity: “ local-shared”
waitTime: “ 60s”
timeoutHandling: “ default”
spec :
containers :
- name: example_container
image: nvidia/cuda
command : [* nvidia-smi“ ,“ -L*“]

1 KubeGPU specification

KubeGPU
1 KubeGPU Scheduler
&0 KubeGPU Scheduler
KubeGPU
Scheduler GPU
KubeGPU Scheduler
Restful API Restful API

KubeGPU Scheduler KubeGPU specification
KubeGPU Scheduler release

request release request Device

Manager

KubeGPU Scheduler

Device Resource®

Device Manager
GPU Device Resource
GPU GPU
GPU Device
Resource
GPU GPU

GPU
KubeGPU Scheduler
Device Manager allocate request
Device Manager
2 Device Manager Device Manager
KubeGPU Scheduler

Resource Pool

allocate request
Device Resource
Device Manager Device Resource
Device Manager Resource Pool

Device Resource Device Manager

Device Manager KubeGPU
Scheduler release request
Resource
Pool Device Resource Device Manager

GPU

3 Device Agent Device Agent
Device Manager
Device Agent

Device Resource

Device

Resource Device Agent Device
Manager Device Manager Device Agent
Device Resource Device

Device Manager
Pool Device Resource
Device Resource Device Manager
Resource Pool

Resource Resource

4 Resource Pool Resource Pool

Device Resource Device
Resource GPU Device Resource Network
Device Resource GPU Device Resource GPU

Network Device Resource
Resource Pool Device Manager

API Device Resource

1 add Resource Pool Device
2 delete

Device Resource

Resource Pool
3 obtain
4 update

Resource
Device Resource Resource Pool
Device Resource
5 Device Resource Device Resource
Device Resource

KubeGPU
1 Device Agent Device Manager
Device Resource Device Manager
Device Resource
2 KubeGPU Scheduler .
3 KubeGPU
Scheduler Device Manager release request
Device Manager

Resource Pool

Device Resource .
4 KubeGPU

Scheduler Device Manager Device
Resource Device Resource

Device Manager
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Device Agent Device Resource

Device Agent Device
Manager Device Resource
Device Manager Device Resource
Resource Pool
5 KubeGPU Scheduler
allocate request Device Manager

6 Device Manager allocate request

Device Manager

Resource Pool Device Resource

7 Device Manager

4.1 KubeGPU Specification

Kubernetes
Kubernetes object
specification KubeGPU KubeGPU
Specification 1 KubeGPU

Specification Configuration

GPU
GPU
GPU
gpuCore=0.5
0.5 GPU gpuMem=" 256Mi”
256Mib GPU

GPU
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virtual Affinity

waitTime virtual Affinity KubeGPU Scheduler

GPU waitTime
KubeGPU waitTime
timeoutHandling
4.2
GPU

GPU GPU

KubeGPU Scheduler
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token

API Forwarding
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CUDA
CUDA
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Device Manager token
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GU_BLAS GU_BLAS
GU_BLAS GU GU
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token
token
0(1)
O(N) O(N)
N
O(N)
4.3
( 1)
1 KubeGPU
GPU

Algorithm 1 Adaptive resonree sharing strategy

Input:
' container configuration
Reea list GPU Deviee Resources available in resouree pool
Output:
G- a lists of GPU allocation solutions
/% branch 1: select GPU virtualization based on virtualAffinity constrain®/
1- If Cuvirtual A f finity # nuil then

o
3 if Clvirtual Af finity == "exclusive” then
'l /¥ get exclusive GPU allocation solution®
(7 = get exclusive G PU solution| Re, CoavaitTime, CgpuMem)
if !GlisEmpty or Ctimeout Handling == "drop” then
return G
end if
0 wlse
0 /* get shared GPU allocation solution®
11 O = get shared G PU solutions( e, Covait T ime, Cgpud em)
12 il /G asEmply or Climeoul Hondling —= "drop” then
13 return G
14 end il
15 end if
16: while Cltimecut Handling “retry”
170 end it
1%
/* branch 2: select GPU virtualization based on adaptive resource sharing
strategy®/
19: do
if CogpuCore > EXCLUSIVETHRESHOLD then
n J* et exclugive GI'U allocation solution® |
2 G = geterclusive G PU _solution| Re;, Cowant Tome, CogpuMem)
23 else
34 [* get shared GPU allocation solution® [/
G = getshared_ G PU_solutions( R, CowaitTome, CogpulMem)
end if
2. while GlisEmpty and Ctimeout Handling == "retry”

25 return 7

1 C RG C RG
Resource Pool GPU Device Resource
1 GPU
GPU GPU Device Resource
GPU Network Device
Resource
3
1 (
1~17 ) 1 C.virtual Affinity
GPU
( 18~28 ) 1

C.gpuCore GPU

1
C.virtual Affinity( 1)
C.virtual Affinity 1
1 C.virtual Affinity exclusive
1 GPU
GPU 3
2 1 get_exclusive_GPU_solution
GPU 5
GPU allocate request
Device Manger GPU
GPU get_exclusive_GPU_solution
RG C.waitTime C.gpuMem get exclusive_
GPU_solution GPU
RG GPU Device Resource®
RG
C.gpuMem
GPU Device Resource GPU Device Resource
G get_exclusive_GPU_solution
C.waitTime GPU Device
Resource G
3 1 G
C.timeoutHandling drop 6
G 1
GPU 1 KubeGPU
Scheduler G
GPU C.timeoutHandling
drop 1 G KubeGPU
Scheduler( 7 ) KubeGPU
Scheduler
4 C.virtualAffinity
exclusive 1 API
GPU 9
5 1 get_shared_GPU_solutions
GPU 11
get_shared_GPU_solutions RG C.
waitTime C.gpuMem get_shared_GPU_solutions
GPU RG

GPU Device Resource
GPU Device Resource G
get_shared_GPU_solution C.waitTime
GPU Device Resource
G
6 1 G
C.timeoutHandling drop 12~14

G C.timeoutHandling
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drop KubeGPU Scheduler

7 C.timeoutHandling retry
16 1 1 GPU

C.virtual Affinity 1

1 GPU
C.timeoutHandling drop retry 1
GPU

1 C.gpuCore
THRESHOLD 1 GPU

GPU EXCLUSIVE_

THRESHOLD 0.8
20
2 22 1 2

3 C.gpuCore
THRESHOLD 1 API
GPU 23
4 25 1 5
11
5 1 G
C.timeoutHandling retry 27
G GPU
C.timeoutHandling retry

EXCLUSIVE_

EXCLUSIVE_

1 2 1 GPU

6 1 G KubeGPU Scheduler
28 G G
KubeGPU Scheduler
1 get_exclusive_GPU_solution get_
shared_GPU_solutions O(N)
1 GPU

4.4
KubeGPU Scheduler
GPU

GPU

Algorithm 2 Network-aware scheduling apporach

Input:
(': container configuration
Gt a lists of GPU alloeation solutions
NR: a list Net Deviee Resourees available in resource pool
Output:
solutton: a GPU allocation solution
1 STnetwork_mode = 1) means virtual network mode. and network_mode =
1 merans host pelwork mode® /

2. networkanode =0
3 G = ascending_order(G)
: If disableremote GPUC.SHARED THRESHOLLD) then
solution = G[0]
G return solulion
7 end if
# for g < & do
if B _avaiable{g.node, N 1) then

10 ib — NR.gei] Bhyaode(g.node)

1 peer = 1B, Find_peer(ib.node)

x nelworkonode = 1;

13 solution = g

1 J* information of network resonree is encapsulated in solution by

set_network _resource® /
sel e twor k_resvarce(ib, peer, networ komode, solulion)

10 breal:

3 end it
18: If hostnetwork_available(g.node, N i) then
1 if networkamode == 0 then
20 hostaleviee — gethostudeviee(g.node, NR)
21: solution = q;
2 network_mode = 1;
5 setanetwarkarcsouree|host devies, nelworkamaode, solwlion)
24 end if
25 else
26 il sulution == nwall then
a7 selulion — g
26: network-mode = ()
b3 set_network_resource(network_maode, solution)
30 end if
ET! ond if
sz end for

a3 relurn solulion

2 C,G NR C
G GPU NR
Device Resource

Network

GPU Device Manager

GPU



Sort the list of GPLU

allocation solutions

n ascending order
{line 3)

Select appropriale network
modde and network deviee for
remode GPUvirtualization
(line 3-32)

Returm result |

{line 6,33)

1 GPU
G 3
disable_remote_GPU
GPU
4 disable_remote_GPU C
SHARED_THRESHOLD SHARED_THRESHOLD
0.2
exclusive local-share
GPU
SHARED_THRESHOLD
remote-share
GPU
3 GPU
2 G KubeGPU Scheduler
5-6 GPU

C.virtual Affinity

C.gpuCore
C.virtual Affinity

GPU Device
KubeGPU Scheduler GPU
allocate request Device

Resource

Manger
4 2
GPU
8~32 2
1 1B 9~17
2 18~24 3
26~29 GPU
IB GPU IB
GPU 9 2 IB
10~15 GPU
18 2
19~24 IB

26~30

5 2 Network Device Resource
GPU KubeGPU Scheduler 30
KubeGPU Schedule GPU
6 2 G
O(NlogN) disable_remote_GPU
0(1)
O(N) 2 O(NIogN)
2
2 0(1)
4.5 GPU
GPU
Kubernetes GPU
GPU -
GPU API
GPU API
GPU
GPU
GPU
GPU

CFU Mode

5 GPU
5 GPU
5
Frontend CUDA library Device Manager
GPU
RPC Server Backend CUDA library
Device Manager GPU
GPU
Frontend CUDA
library Backend CUDA library CUDA
CUDA AP|&2
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Fromand Module

—_—

Backend Maodule

-

an| [ Fronend cupa LibraryRPC Clieny |

1

Backe

end CUDA Library ]

1.GPU Call

2. Forward GPLI Call

5. Return result of GPU Call

5. Return result of GPU Call

3.GPU Call

5. Return result of GPU Call

GPLU Call

4. fine -grained allocation &

6 GPU
6 4 Backend CUDA Library
GPU Frontend
CUDA Library  LD_LIBRARY_PATH [33]
GPU 5.
1 Frontend CUDA Library RPC GPU KubeGPU
RPC Server Kubernetes
2 RPC Server GPU Nodel KVM 16 CPU
RPC Server GPU Backend CUDA 16GB Mellanox Technologies MT27700 1B
library LD_LIBRARY_PATH Tesla M60 GPU
3 Backend CUDA Library GPU Node2 32 CPU
Backend CUDA Library 187GB Mellanox Technologies MT27700 IB
GPU Backend
CUDA Library GPU 3
GPU EXCLUSIVE_THRESHOLD SHARED _
THRESHOLD 0.8 0.2
3 Kubernetes
8 CPU GPU Infniband CUDA | Kubernetes
NVIDIA )
Nodel | KVM 16 Il:tel on 6130 TesBIaG gnso Me&?”;%ggczzr?"ﬁg'es Cent0S7.9 | 112 1182
51 GPU
KubeGPU GPU
GPU GPU GROMACS Pytorch MNIST GROMACS
GPU GPU GPU Pytorch
GPU MNIST



GROMACS 0.9 ©e KubeGPU  k8s-device-plugin
gpuCore=0.9 Pytorch  MNIS k8s-device-plugin GPU
0.5 gpuCore=0.5 4 GPU

4 Native_time k8s-device-plugin GROMACS
Container_time GPU EXCLUSIVE_THRESHOLD
1 KubeGPU GPU GROMACS
4 GaiaGPU KubeShare GPU KubeGPU API
API Pytorch MNIST GPU
API
4 GPU
GPU Native_time( ) Container_time( ) (%)
Gromacs 0.85 k8s-device-plugin 857 877 2.33
Gromacs 0.85 GaiaGPU 857 958 11.78
Gromacs 0.85 Kubeshare 857 1700 98.36
Gromacs 0.85 KubeGPU(our work) 857 864 0.81
Pytorch MNIST 0.5 k8s-device-plugin 144 145 0.69
Pytorch MNIST 0.5 GaiaGPU 144 244 69.44
Pytorch MNIST 0.5 Kubeshare 144 150 4.16
Pytorch MNIST 0.5 KubeGPU(our work) 144 147 2.08
5.2
KubeGPU KubeGPU GaiaGPU KubeGPU HOOMD-
blue GPU GPU
10 20 30
KubeGPU KubeGPU GPU-BLAST GPU
GPU-BLAST
5 5 2 1 , GPU KubeGPU
GPU-BLAST 1 HOOMD-blue 5%
GPU-BLAST 0.2 GPU KubeGPUour work)
. GaiaGPU
gpuCore=0.2 HOOMD-blue aoo m— Kupernetes
W k8s-device-plugin
0.8 gpuCore=0.8
= 600
7 k8s-device-plugin §
GPU 'g 400
KubeShare GaiaGPU .
KubeGPU Kubeshare API 200
GPU Kubeshare API
GPU-BLAST o o o
GPU-BLAST GPU Ruioss: o conteiris
GaiaGPU ! GPU X
GaiaGPU API y
GPU 5.1 5.2
GPU GPU

KubeGPU
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KubeGPU
GPU
GPU
5.3
KubeGPU
KubeGPU
KubeGPU
8

. GaiaGPU

BN KubeShare

N Kubernetes

I KubeGPUour work)

Scheduling tme(ms)

40 B0 BO
Number of containers

8 GPU X
y
Kubernetes
GPU
GaiaGPU GaiaGPU
GPU
KubeShare
KubeGPU Kubeshare GPU
[38]
4.3 4.4 KubeGPU
O NlogN KubeGPU
KubeGPU
5.4
Tensorflow A B
GPU t=0 A
0.5 t=65 B
0.5 9
X y t
GPU

GPU utilization(%)

100 —— container A

—¥— container B

804

60 4

40

204

[+] 5‘0 160 150 260 2%0 3(‘)0 3;0
Time(s)

9 Tensorflow GPU
9 GPU A
GPU t=65
B GPU KubeGPU
GPU A B t=90
t=300 A B 0.5 GPU
t=300 A B
GPU
KubeGPU GPU

10
800
5600
£
E 00
200
o
KubeGPU KubeGPU
Without D?nﬂn‘“f Cﬂ:npu!e Resource aliocation
10
GPU
10
47%
55 GPU
KubeGPU GPU

KubeGPU
GPU
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KubeGPU GPU
KubeGPU
GPU 3
Tensorflow 7 Tensorflow
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GPU
GPU
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GPU GPU GPU GPU

GPU = GPU
[11 40] GPU
GPU GPU CUDA
GPU API API
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