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A node with 4 x V100
(32G)

Restrifted HAMlTxd tRIE. OI5E. M. 1S

. Without FE]:U\{'K =]

User A . HAMi GPUO GPUT GPU2 GPU3
| (o) | = | Yr2s =
| Occupy 4 GPUs, > 1% %j] Y EF *&éEH*ME
: utilization 50%
| = >
— > @fRE, QOS Rk
A node with 4 x V100
(32G)
Requests 2 Requests 2 Host OS Guest OS
GPS with ‘IUG GPUS with 20.G Free Para Virtualization
device Memory device Memory !
@ GPUO GPU1 GPU2 GPU3 CUDA Library
1.Static link ( BaRSiERE
With Occupy 2 GPUs, pes g ot nk( ’
HAMi utilization 100% 5 ioctl CUDA Runtime
\ 2. Dynamic link ( zhZ%iZE#E ) @i dlopentEEk
> Free J Libcuda so 3.Libcuda EFRII— M EBULE
(oo

GPUO GPU1 GPU2 GPU3

HOEAHHEBTIES | BBA EEHE P/ /™




N TIFI T fph Py == )=y A " e - e o th
HHEBB (RRBEIRA) | - /VDDG2
| GPUO 32Gide | |
|
| GPU Node |
SmiR: | GPU132Gide | |
nvidia.com/gpu: FRASEHEIT GPU JIEIE. | |
L] L] ~ . |
nvidia.com/gpumem: I5EE4 GPU (FHENAREA/N. IREEER |
[==-] s N [ __________ - -
B, BUAREFIAVERIFN GPU FIFE. | —— i
nvidia.com/gpucores : I5EE1 GPU {EANBDLL. | 29G idled |
|
— - | GPU Node |
$ cat <<EOF | kubectl apply -f - | GPU 1 |
: . |
EP'(\j/eerS'zn- v1 | 22G idle |
INna: FO |
|
rT1EBtEa(jEitEa: root@gpu-demo-6b6bBBb75b-x9tjb:~# nvidia-smi
name.: ng-pOd12 I:.;m;;?{; :z?é;?;i4géé;354955735:1ibvgpu.c:83ﬁj|: Initializing
Spec | NVIDIA-SMI 535.104.12 Driver Version: 535.104.12 CUDA Version:
ContainerS ersistence: us— i olatile Uncorr
ontainers: . e e
image: ubuntu:18.04 I NVIDIA ABG@ 8GB PCle On | ©POOORRR:13:00.8 Off ; I
command: ["bash", "-c", "sleep 86400"] e il B pisabled
resources.: NVIDIA ABBO BOGB PCIe On | ©00EEERR:1C:00.0 OFf ; ____________________ _;
. . Pa B2w / 300w | BMiB / 1024@8MiB | Default
limits: I Disabled

| Processes:
| GPU GI : GPU Memory
ID Usage

[HAMI-core Msg(35:140111864956736:multiprocess memory limit.c:434)]: Calling exit handler 35
root@gpu-demo-6b6b8Bb7Sh=x9tj bz ~# l
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01 BEHRFEHRAVREARE 02 EF GPU REISHIRAE

st Pod FHARER GPU B, Fiaia i 75 VGPU BT, METESFELSH) GPU

Pod<a S RIE 5 GPU 77, EEISE Y, S3¥ Pod EEEHEERISM GPU

Pod HHEIfIELER, LBTEAEHMEE ) EF.

H GPU &1,

03 EF GPU EifE 04 EF L =ifAE

TEEES S T EAROBURS, 3 Pod RIET R GPU BNMBFEHTIMTESH o
Yy ——

h B NAREFENSE TR A GPU &

Binpack: {L5EEERIRFIAERSH GPU R,
B EE—HF L

Spread: {LSCiEREIRAMAZR(ER GPU R,
BREOEEARRIRLE

Binpack: GPU pEc=ifls, ¥Io#&, Pod
EHRERR—IMTA

.

Spread: GPU SEcEim, 198K, Pod
SEEERENM R
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1 apiVersion: vl

2 kind: Pod

3 metadata:

4 name: gpu-pod2

) annotations:

6 nvidia.com/nouse—gputype: "V1@@"
7 spec:

8 containers:

9 — name: ubuntu-container
10 image: ubuntu:18.04
11 command: ["bash", "-c", "sleep 86400"]
1l resources:
13 limits:
14 nvidia.com/gpu: 2

F8EAHFAKTFIESR | HIBAl EBWH A

apiVersion: vl
kind: Pod
metadata:
name: gpu-pod
annotations:

NDD

nvidia.com/use-gputype: "Al@@"

spec:
containers:
— name: ubuntu-container
image: ubuntu:18.04

command: ["bash", "-c",

resources:
limits:
nvidia.com/gpu: 2

"sleep 86400"]
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apiVersion: vl High priority pod
kind: Pod -
metadata:
name: gpu-pod
spec:
containers:
— name: ubuntu-container
image: ubuntu:18.84
command: ["bash", "-c", "sleep 86400"]

2[]25

env.
# vgpu task priority @ for high and 1 for low
- name: CUDA_TASK_PRIORITY'
value: '0Q' s XHEHMESIRERERIRELR (QOS)
Db X GPU SRS RS AR, (ERSCRESHRT [UhTERaRET ]
nvidia.com/gpu: 1 —BEMERESIET, GPU BB EEULLRIE, KNSR ESSH "hang” {F,

nvidia.com/gpumem: 3080
nvidia.com/gpucores: 30

FRMARESER, BREA [T EERIET]

o FIARSHL: REESLIROHEEATEHIT CUDA “ launchKernel” HIREERREIEA
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NodeBinpack GPUBinpack
‘ taskl ‘ ‘ task2 ‘ i ‘ taskl ‘ ‘ task2 ‘
HAMi Scheduler
~ binpack ! | ~ binpack |
| i SRR EIER
‘ T.askl ‘ ‘ taskz ‘ : ‘ T.askl ‘ ‘ taskz ‘
- IMEFSBICKIES
m@n . BRI — BT
Nodeopread GPUSpreed
‘ taskl ‘ ‘ task2 ‘ | ‘ task1 ‘ ‘ task2 ‘ |
! spread . ' spread
| ‘ wi [ e \ | [ wa [ e ]|

_____________________________________________________
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NIC CPU NIC NIC CPU NIC
l
. : e
PCle Switches PCle Switches

8 Tesla V100

NVLink —— PCle QPI

NVLink(25GB/s - 1800GB/s) > PCie(16GB/s)
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Unified Memory
Dramatically Lower Developer Effort

Developer View Today Developer View With
Unified Memory

Unified Memory

23G Device Canhost 1 13B
Memory inference

23G Device 46G virtual Device Can host 3 13B
Memory memory (in memory) inferences

FiE UMI ZJ5, Serving S AENEFUIRKNEASRERIRGES, FHVESEIOERER
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A 4

¥ VictoriaMetics

(PRE=KER, SRKREBPEES A,
SHETEL87D. B
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o GPU ZBHE: MM S TgfEhEsT
rﬁ%A / Amerd BhH, BEFER=R
@ HAMi scheduler metrics _ _
REoE - (A100 B=1MESE, BMMESEL(FEH
. ﬁﬁ%ﬁor&x 7 20% %jj(ﬂj-“i_”:ll_ )\ 30% E@
9 Prometheus @ HAMi device metrics %amgitug
s - {ESuE: SMESHTREEENER
M=TAE &5, 979 Model, Context, Data =
HYGON MEE, TR MEESEER
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Key features

» HAMi S5E{BIREXILE

NVIDIA/k8s-device-plugin

/NDD g™t

NVIDIA/k8s-dra-driver

Support Other Al devices

gpu sharing

Observability
cuda support matrix
os support matrix

Kubernetes support matrix
ARCH

Task priority

GPU Core Over subscription
GPU Memory Over subscription

Node level spread/binpack

GPU level spread/binpack

Deployment method

(NVIDIA, Cambricon, Hygon, iluvatar, Huawei Ascend)

(software definition)

HAMi metrics + DCGM exporter
>10.2
>=3.10

>=1.16

K8s scheduler-plugin device-plugin
B4 (By CUDA Unified Memory)

Helm

F8EAHFAKTFIESR | HIBAl EBWH A

2 only nvidia gpu

(timeslice + mps + mig)

DCGM exporter
unknown
unknown
>=1.10

device-plugin, no
scheduler

b ¢

X K KX X

Helm

2 only nvidia gpu

(timeslice + mps + mig)
DCGM exporter
unknown

unknown

>=1.26

DRA
X
X
X
X
X

Helm




Key features

Target Use Cases

Partition Type

Max Partitions

SM Performance
Isolation

Memory Protection

Memory Bandwidth

QoS
Error Isolation

Cross-

Partitioninteropera

bility
Reconfiguration

Telemetry

Other noteworthy

HAMi vgpu

The same
cluster contains
multiple
heterogeneous
Al devices+ Gpu
sharing +
flexible
scheduler
policies

Logical

Unlimited

Yes(by % not per
client)

Yes

No

Yes

At process
Launch

Yes

Supports all
GPUs, open
source

FE8JE AlH- iR EF

CUDA
Streams

Optimized
for
concurrenc
ywithin a
single
application

Single
Process

Unlimited

No

No

No

No

Always

Dynamic

No

» GPU EMEARISEIMAT

When running

multipleapplicatio

nsin parallel
butcan deal with
limitedresiliency

Logical

48

Yes(by % not per
client)

Yes

No

No

IPC

At process Launch

Limited

cudaCapability >=
35

Time-slicing

When running
multipleapplica
tions that are
notlatency-

sensitive or
cantolerate
jitter
Temporal

Unlimited

Yes
Yes

No

Yes

Limited IPC

Time-Slice
Duration Only

No

cudaCapability
>=7.0

WAl BERM K

When running
multipleapplicat
jons in parallel
butneed
resiliencyand
QoS

Physical
7

Yes

Yes

Yes

Yes

Limited IPC

When Idle

Yes(including in
containers)

cuda capability
>=80
Hopper, Ampere

Nvidia vGPU

When needing
to
supportmulti-
tenancy on the
GPUthrough
virtualization

Temporal &
Physical (VM)

Variable

Yes
Yes

Yes

Yes

No

No

Yes(including
live migration)

license
required

I
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Nvidia MIC [REfRE = (B2
Hg5l), 80C &ZEHL7 4~ 10g L
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MPS B— A iER7IERE, Nvidia B
TR REX VvGPU, ZE(E
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» HAMi & vLLM THEES NDD S

VLLM B— 1 ESMHRERINIE SERELHERESR,

ﬁt’ﬂﬁ? Wﬁ*ﬂﬁfﬁ, O . Monitoring Web Ul

m Monitoring ’ m (e.g. Grafana)
Production-stack U227 vLLM 2 _HRHa4 User =
FeREPELER, Bk SRR, SaeikE | Requests ’
A, , 1

HAMi & vLLM FF#8BE0A, 323521 vLLM R
FfiHZ—5K GPU, FHiEHa=H 2R
Bc, KiERF GPU FlFZRFBHEAAS

Router = [|=-==-=c=cccecacans .

Observability gateaway
(e.g. Prometheus)

Metrics >=======- >

[
b

. 2 @ HAMi _ | VLLM engines | VLLM engines || ---| Horizontal autoscaling module
_ (model A) (model B) (model C)
|
‘( / \
- p h I h

2 Mz=TA> i oo B ]
HUAWEI
@2 ((Enflame Combricon -\ Cloud production environments (e.g., K8s / KServe /Ray)
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Volcano 2 CNCF TEMEEHE—HIET Kubernetes WAL EITEYE, TERTEMEITERS, BETHSES. REFSI. &£
WMEREZF. BERAFREMASEENFAEEM Kubernetes é’lﬁUﬂf’EE’J—?ﬁU%'& FrigE, 5|78 AWS, OpenAl, Eifl. BE.
%5;*7: T, @i, Vivo, BLEREZRATENS SR, Bal, SStEit8MAnEeEEaiamam. EENFE. BLH8E.

N, BBEETI ZER.
H&I HAMi ¥E9 Volcano [EE GPU EfvieARiRg®,
AR AFAE = 2 E IR AYEE

%%,
.0‘0‘0’0.
L 2R 2K 3K 2K 2R 2
> & ¢ ¢ 6 o o

VOLCANO

%%,
0’0‘0’0’0
L 2R 2K 2R AR AR 3
® & 4 6 ¢ 4 9

VOLCANO

O PyTorch -/5/5 ER

|

| #% Volcano
CRD + Controllers + Scheduler

MicroServices

Mount Nvidia Device > Mount HAMi-Core

Kubernetes
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Koordinator 2—1NEF Kubernetes B9 QoS BAIAE RS, BB EURHERFRIEFIAZR, FHEXIARRILTSRIIN FERE QoS RiE
Be, BN AR RESRTaANEERI. ERASEREREMNARNER, REServiceFRIRSHRE, ERTFHLIE. SH8eTE.
Al (EEFNes=IFWBrs, HMEFRR, FELSK RS T EiEERE, 1HiRE:. Intel, /NIH. K, B35, 360, BEF

REEIRINFE THENSS

Microservices Stateful Apps Big Data and Al Innovation
e W Tensorfl .
(”e" Se""“ Spc’ﬁzZ presto =" g7 Tensorf &Flmk kubernetes
h ! . - Koordinator
o N i e Co-located Workloads Orchestration ‘
___________________________ S . 1 §
I | | QoS-aware Scheduling/Descheduling Differentiated SLO Management Job scheduling 3
Koordinator R N T = Sl |
m m 1 |
Colocation ' Runtime i S ror | 2! |
» » 1 | \
Pro'llm o Schmm [ Proﬂiﬂg e e N S et ey o= | I (B B e ey S et g O I ([ e e ‘
D Koordlet ‘ Koordinator GPU
v Resource Profiling Interference Detection | QoS Manager
H i \ R S S
! ==
% kubernetes 3 Resource Isolation Resource Tuning Metrics Advisor ETu{tW%?ﬁEﬁ H <
i \ Runtime Proxy ‘ 3
7 v v » v ) ) ; ] . Heterogeneous
) p N . \ Bare Metal ‘ Virtual Machine ‘ . Physical Machine ‘ Computing Devices
G J L e J Elasltlc Container @ HAM'
nstance I

s T

HUAWEI
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» HAMi & Xinference TCHEES NiDD §'h

Xinference (Xorbits Inference) E— R Al #EIEEE, EF Kubernetes FIAMINE, SEEIH—EY APl 2O LLM, 8/
ZIESEENENEIESER. CreBREERFRIEAEER, FX3E Al IRSFRMHIEERN QoS (RiE, ERRRRFTEIteERs). &
BFJiEER. AR, Bg/S/IUREREARMNSER SRR Al (155, BFELLE, EeEMAAENIEISSHXEIR,
Rk 7 FEREPBFFERERS.

Worker Worker Supervisor
EREERS TREE)| AFE E1%5% Lora &g —RIREIRNER ActorPool ActorPool ActorPool
1 = S Actor
GPU O
RENHE ~ L
O FastAPI
LEfERGEE AR E API % ERHREE
WA, GRS ERALE, AR, Prompt Cache AN, WA OpenAlifiy WER. Wi, CRiEg
HUEE
: - #
Monitor Service Supervisor 1—&} Supervisor
HhEE — —
U CPU

E B3 B A
( |
flrker onker worlkL worker gré M E T A)( i* HYG 0 N

s 3 ) ) = T ST
GPU GPU GPU GPU NPU NPU NPU NPU HUAWEI

GPU GPU GPU GPU NPU NPU NPU NPU @ ((Enfldme Cambricon
NVIDIA. BoE R R B OR £ XEBE
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HERERTZ WLy @ L N

#-\ngfﬂ Gy dace
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A Ascend

BREAKOUT
ROOMS:

HONORARY CERTIFICATE
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Project—HAMIiH FA
RR: FZH. K. BEEK
REGERBAIQFHAB2024 b RERRE D

RREWEERR
BRIGE, URER

EB®WS: ADC3020240001102 EHhABUTHLS LB

BRI AL FRNIES | FEAl FEHE Y /1"







» 1751 EESHERIRSHERRER NDD 82

BES1 BEB2 PRSE3 AB55100 (LTRSS
= — e H ...... ’
T4 10MESHE—KE T4
100 3 T4 R 10 3% T4
BES1 BEB2 PRSE3 AB55100 =ymppss
&= — e . &
T4 2NMREHE—KE T4 T4 T4
100 3 T4 bil:py i 50 % T4

Z IRTELLEERS AT G AN GPU REYEA, 128 GPU FIFR=R
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» SIRSRTE SR FRiFHRE NiDD !

=SRPA S {ESTRATY

o 1. SRS FIEARIVGPU

E Alﬁlm
18 5 \

jfeiE 2 | 2. IIKSHESFIGPURIRAYGEMEECER,
’ OIS S BB EGPURFEEL,

s e 3 RERHISPodSISHPAKTY
. 4. SRS HERE) (IPVLAN+RoCE

HEXE 4 HE) ;

nvidia.com/gpu : 10 nvidia.com/gpu : 5

_____________________________________________________________
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» SRRV SS3R EEoEh NDD ST

IG5 B RIEREEARAY NS

NS QuotaA (min:4, max:6)
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* The inference performance is improved by about 1-8
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Small Language Models are the Future of Agentic Al
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