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MACHINE LEARNING REQUIRES

COMPUTE INNOVATION

CPU GPU

Graphics Processing Unit

General ohics, part of HPC and ML/DL

. Suitable for scalar SIMD architecture. Suitable
Parallelism processes for large blocks of dense
contiguous data

Others
FPGA
TPU
= IPU
t CPU GPU :
Scalar \Many core+Multi Die Vector  GPU+HBM2e
Memory Designed for office apps Designed for graphics
Evolved for web servers Evolved for linear algebra

Access ration, MemB

. Processor



Al REQUIRES COMPUTE INNOVATION BY IPU
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GRAPHCORE IPU (Intelligence Processor Unit)

Al Domain
Specific
Processor

(Processor)

TSMC 7nm  823mm2 59.4B Transistors
Many-cores 1472 tiles (Core, In-Proc-Mem) 8832 threads

M 2000 In-proc Mem Total 900MB/IPU 47.5TB/s Mem BW

Peak Perf (fp16) 250TFlops Al-Float

27 0tvY GC200%24E (fp32) 62TFLOPS (ip32)
1UDERICIEERURAIZIESL—4
§ BS =S BN BN B

IPU-POD256

IPU-POD16 ‘

. éﬁﬁi‘@ 1~R4Flops AI-Float(fp16) IPU-POD64




CV RESNET50 TRAINING
3x Higher Throughput | 3.5x Perf/S Advantage

BLARILDDRATLEED DD
AT L, IPUEGPUDMERE & LEER

1 TensorFlow
- 108,566
IPU-POD,,
>
1 TensorFlow 3x
2x DGX A100
(A100 80GB)
0 20,000 40,000 60,000 80,000 100,000 120,000

Throughput (images/sec)

NOTES: (updated 20t Dec 2021)

ResNet-50 v1.5 Training Highest Throughput | ImageNet2012 Dataset

IPU-POD64 (16x IPU-M2000) | FP 16.16 | SDK 2.4.0 | TensorFlow | https://www.graphcore.ai/performance-results

Best results for DGX A100 640GB (A100-SXM4-80GB) using TensorFlow | Mixed Precision | using 0.90x scaling from 1=>2 DGX A100
DGX A100 results published by NVIDIA (https://developer.nvidia.com/deep-learning-performance-training-inference) on 1 Dec 2021

SUMMARY

MODEL NAME:
RESNET-50 V1.5

ML DOMAIN:
COMPUTER VISION

MODEL DESCRIPTION:
RESNET IS A LEGACY IMAGE
CLASSIFICATION MODEL, OFTEN USED AS A
PROXY FOR INITIAL PERFORMANCE
EVALUATION

DEPLOYMENT:
TRAINING

FRAMEWORK:
TENSORFLOW 1
[TF2 ALSO IN MODEL GARDEN]
[PYTORCH ALSO IN MODEL GARDEN]

IPU ADVANTAGE:
IPU-POD64 ACHIEVES 3X HIGHER
THROUGHPUT VS TWO DGX A100,
DELIVERING >3.5X PERF/S ADVANTAGE

Pricing Assumptions MSRP
IPU-POD64 (4-host) ~$500k
2x DGX A100 640GB ~$600k



https://www.graphcore.ai/performance-results
https://developer.nvidia.com/deep-learning-performance-training-inference

NLP BERT-LARGE PRE-TRAINING
2.3x Higher Throughput | 2x Perf/S Advantage

IPU-POD, lx Al

IPU-PODg, Ia'AlL]{ey

2x DGX A100 Ia¥alelfey

IPU-POD¢, RIEieIgR) 13,917

2x DGX A100 lE i eldZ el

0 2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000

Throughput (sequences/sec)

NOTES: (updated 20t Dec 2021) | headline speedup based on TensorFlow vs TensorFlow throughput comparison
BERT-Large Phase 1 Pre-Training Throughput (SL128)

IPU-PODG64 (16x IPU-M2000) | SDK 2.4.0 | https://www.graphcore.ai/performance-results

DGX A100 320GB (A100-SXM4-40GB) | Mixed Precision | Using 97% perf scaling based on published BERT results
DGX A100 PyTorch https://developer.nvidia.com/deep-learning-performance-training-inference 1°° Dec 2021
DGX A100 TensorFlow - https://ngc.nvidia.com/catalog/resources/nvidia:bert for tensorflow/performance

SUMMARY

MODEL NAME:
BERT-LARGE

ML DOMAIN:
NLP

MODEL DESCRIPTION:
BERT IS AN UNSUPERVISED TRANSFORMER-
BASED LANGUAGE REPRESENTATION
MODEL. IT IS ONE OF THE MOST WIDELY
USED NLP MODELS

DEPLOYMENT:
PRE-TRAINING PHASE 1 (SL128)

FRAMEWORK:
TENSORFLOW 1
PYTORCH
POPART
IPU ADVANTAGE:

IPU-POD64 ~2.3X HIGHER THROUGHPUT
THAN 2X DGX A100 THROUGHPUT,
DELIVERING ~2X PERF/S ADVANTAGE

Pricing Assumptions MSRP

IPU-POD64 (1-host) ~$440k



https://www.graphcore.ai/performance-results
https://developer.nvidia.com/deep-learning-performance-training-inference
https://ngc.nvidia.com/catalog/resources/nvidia:bert_for_tensorflow/performance
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BERT Large -
ADAM

GroupBERT Base
- ADAM

BERT Large -
LAMB

GroupBERT Base
- LAMB

o

NLP GroupBERT

leverages IPU architecture capabilities

adds grouped convolution module
2x reduction in # parameters

2x faster time to train

improved accuracy of results

GroupBERT Base vs BERT Large Time-to-accuracy

1.6x faster

20 40 60 80 100

2.1x faster

160 180 200

Time To Train (hours)

NOTES: (updated 20" Dec 2021)

220

240

260

SUMMARY
MODEL NAME:
GROUPBERT
ML DOMAIN:

NLP

MODEL DESCRIPTION:
GROUPBER IS AN OPTIMISED
IMPLEMENTATION OF THE BERT
MODEL THROUGH USE OF
GROUPED TRANSFORMATIONS

DEPLOYMENT:
TRAINING

FRAMEWORK:
TBC

IPU ADVANTAGE:

GROUPBERT DELIVERS 2X REDUCTION IN
NUMBER OF PARAMETERS AND 2X FASTER
TIMETO TRAIN FOR EQUIVALENT MODEL
PERFORMANCE VS STANDARD BERT

https://arxiv.org/abs/2106.05822



MACHINE LEARNING REQUIRES
COMPUTE INNOVATION

CPU GPU
Graphics Processing Unit
General Graphics, part of HPC and ML/DL
: i i Massively parallel MIMD.
. Suitable for scalar SIMD architecture. Suitable _ e
Pa ra"ellsm B — for large blocks of dense High performance/efficiency as ML trends to

sparsity & small kernels

contiguous data

.......................................

=1 =1
T

ol Ko

“ﬂﬂ

------

CPU B IPU

Scalar Many core+Multi Die Vector  GPU+HBM2e Graph
Designed for office apps Designed for graphics Designed for intelligence

Evolved for web servers Evolved for linear algebra

Memory

Access ration, MemB

. Processor




IPU-Tiles™

1472 independent IPU-Tles™ cach withan | GC200 IPU PROCESSOR
IPU-Core™ and In-Processor-Memory™ [ = = ] e - - -1 -
[ -+ -+ = H-H HH HH HH ==
IPU-Core™ : S me ome o @ @ i o
1472 independent IPU-Core™ "l "W E -gg- § 3 -Eg- - —E: B -E o Eg §§ Eg §§
l -s e L 1] -m -n -n L 1] -
8832 independent program threads | 55 — EE EE EE EE EE EE
executing in parallel | EE BE EE EE EE EE EE EE
| HH B - - HH HH HH HH
In-Processor-Memory™ L ——S-= ] | == £ L ] tH w:
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> IPUTiles 1472 (Core+Mem) = = st 2= 2 2 2 22 : 6C200 TSMC 7nm @ 823mm?2
8832 threads : ' nm mm
S n.p M ' 8 : 250TFlops Al-Float (fp16)
in-Processor Memory | : E | @1.325GHz
900MB per IPU (620KB/tile) as = as : : as as as - |
47.5TB/s Memory BW per IPU - - - — i1 = : M
. e ca = I | ™ T un nm . )
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IPU-Machine: M2000

4 x Colossus™ GC200 IPU

1 petaFLOPS Al compute

Up to 526GB Exchange Memory™
2.8Tbps IPU-Fabric™

v o rwn 4 b . ——— e e o o

Each Colossus™ GC200 IPU

_____________________________________________

59.4Bn transistors, TSMC 7nm @ 823mm?2
250 teraFLOPS Al compute
1472 independent processor cores

8832 separate parallel threads :,::_r .,_.,......... i ..—:. ]
IPU-Gateway SoC g N AT IS J'-’:f.‘.'.‘-'-' AW p @ lillllile v

Arm Cortex-A quad-core SoC
Super low latency IPU-Fabric™ interconnect

M.2 Connector 2, oy o b ;
.............................................. : . " e o, T ege e, T

Power
. Power consumption 900W-1100W (typical)
For model states streaming
@ Power cut(Max) (1500W)
Input Power 94-256Vac (115-230VAC Normal)

i L R |
O LTI & o M e IS o
! 7 laiaBEER o BB

Poplar SDK
Docker Container

Ulra compact 1§

Network-based

disaggregated

architecture for host vs.

IPU resources 16


https://docs.graphcore.ai/projects/ipu-pod64-datasheet/en/latest/_static/GC-000477-DS-6-IPU-POD64-datasheet.pdf

BSP COMPUTE SET EXECUTION

. compute phase

Bulk synchronous parallel

Bulk Synchronous Parallel (BSP)
compute | synchronize | exchange

BSP Compute Set execution works across
multiple IPU devices

Inter- and Intra-IPU sync phases ensure
no live/dead locks or race conditions

Tiles exchanging data with the host can
abstain from syncing with other tiles

sync

sync

inter-chip sync

sync

sync

exchange phase

IPU 1

IPU 2

inter-chip sync

sync (1 tile abstains)
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IPU-POD16 DA (Direct attached)

Eval, POC

IPU-POD FLEXIBLE SCALE OUT SYSTEM

Reusable, simple migration between platforms

IPU-POD4 DA
x1 IPU-M2000

Host Server

 #u-hacoo |
IPU-M2000

W - —

+ IPU-M2000 >

" IPU-POD16 DA

x4 IPU-M2000
(direct attach)

- -—

i - 1PU-M2000 IS

Ll

+ servers

+ switches
+ IPU-
M2000

_ J

Switched version adds
TOR switch & Mgmt switch

Direct Attached, Pre-configured Model

POD4,16,32

13

1x IPU-M2000

4x IPU-M2000

recable

Disaggregated Server enables configurable Host Server /IPU ratio

depending on workload for optimised TCO

A
l( < 1

IPU-POD64 IPU-POD64

1 host server 4 host server
|_+servers
A', o r;“ switches = ERiE

o
il 200 | el "2 [

o - - -—
-l - IFU-M2000 [SER
-l -

- IPU-M2000 [IE

o -l -—
L b}
- -
i - 1PU-M2000 |IENE
o - - -—
\_ J

- -—
-l - IPU-M2000 [SER
[ ]
i - 1PU-M2000 IS
-l -—

[ ] IPU-M2000 [SEE

- —

- - 1PU-M2000 |IE
o - -—

[ ] IPU-M2000 [SER

el —
i - 1PU-M2000 IS
- —

el IPU-M2000 [SEE

2
E

2
E

J

\
reconfigurable as 4xPOD16

16x IPU-M2000

Production

IPU-POD64
(Scale out)

Upto 16Kx IPU-M2000



IPU-POD256 DATACENTER ARCHITECTURE

Disaggregated

Servers
T Ethernet Switched Fabric

Ethernet Switced Fabric

Storage

Al400X

L= IPU-POD64 IPU-POD64 IPU-POD64 IPU-POD64
WHIPAILRT L
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EXPLORE
IPU-POD,,

4x 1U IPU-M2000
1x dual-CPU server

4 PetaFLOPS Al compute -

@ GRAPHCORE

IPU POD SYSTEM

BUILD

GROW.1

IPU-POD, IPU-POD ¢

16x 1U IPU-M2000
1x dual-CPU server for BERT
4x dual-CPU server for ResNet

16 PetaFLOPS Al compute «

32x 1U IPU-M2000
2x dual-CPU server for BERT
8x dual-CPU server for ResNet

/y’! 2 k. — w

GROW.2 Large

IPU‘POD256 IPU'PODSlz' 1024 EXA'POD

64x 1U IPU-M2000
4x dual-CPU server for BERT
16x dual-CPU server for ResNet

32 PetaFLOPS Al compute s 64 PetaFLOPS Al compute

20



SOFTWARE

For Ease of Use
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Host Server OS

Host Server 05
®

ubuntu
18.04
20.04 (preview)

w
CentOS

7.6
(RHEL~NDF1T)

Debian 10

ML Frameworks

(3) Lightaing . g
&% O PyTorch g.
€& ONNX HALO

7/.5/.)' PaddlePaddle

Coming soon

1 TensorFlow

Docker
Orche:uatlon Provisloning |PU'POD
RN openstack. Resource
slurm Manager
W o] Mo Virtualization
() kubernetes PRSI Virtual-IPU

PopLIBS
PopSPARSE

PopOPS
PopRAND
PopUTIL

POPLAR SDK

POPLAR®

Poplar Device Interface

B
£
(U}
£
5}
&
-
&

Systems Software

Resource Manager

Resource Manager

Graphcore Device Access

Drivers

IPU Hardware Abstraction Layer

Redfish

o
<
©
0
a
w
-
9
=

Baseboard
Management

Controller

IPUOF Driver

BMC

Platform Hardware

IPU-POD
Systems

-

POPLAR
Visualization
& Debug Tools

Management data can be delivered via Redfish DTMF to management systems such as Grafana.
@ Poplar software and our IPUs support containerization with Docker.

—l
R speridvassir]
@‘D "
? YT
il e, Ve
OpenBMC - Sk %
22



i

CLOUD NATIVE & SCALEABLE

SOFTWARE DEFINED INFRASTRUCTURE

Development

Orchestration &
Scheduling

kubernetes

» Lok

255, Slurm

Provisioning &
Virtualization

@ POPLAR

Monitor &
Control

Logging &
Visualization

15 Grafana




DEVELOPER ECOSYSTEM WITH PARTNERS

P'

TensorFlow Keras ./.5/_5 PaddlePaddle
O PYTO rCh o PyTorch Lightning HALO —

Jjupyternub
o
2 Introducing the Initial Release of
Graphcore Announces &

S TarshTio C or Gr: . . n
Production Release of PyTorch :[zéin(h Lightning for Graphcore - Vrnwa re
for IPU )

1 )
s @ o000
O 0000 -

| ; Weights & Biases @ docker
PyTorch + GRAPHCORE

T oday we are introchucing our first producrion release of Pylarch for O enstacy
i PugTarel — combining the performance of the Graphoare [PL We are thrilled w announce PyTorch Lightning now supports Graphooee \‘E‘
M2000 sysaem ag fy aceessibiliry of PyYorch. This will ™ he team at PyTorch Lightning has beett working beroically oc

erushie the fast-g - loper commwinity to make new vulldang 1PC ¥ EhO o he last few momths and & now making this

wenkihroughs in machine intefiigence with Graphoore P systems, while wvmilob 3 1.4 redense. We really appreciane thetr

maintaming the dymamic Py lorch expenence

o
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GRAPHCORE SOFTWARE Environment

NLP/TRANSFORMERS

IMAGE CLASSIFICATION/CNNS Front End
OBJECT DETECTION

LARGE MODELS Framework
MLPERF
CONDITIONAL SPARSITY

BACKENDS
GNNS

ML APPLICATIONS

TUTORIALS
POPLAR®
CODE EXAMPLES
DOCUMENTATION
VIDEOS

NATIVE IPU CODERS PROGRAM DRIVERS

APPS PORTFOLIO

EVELOPER SUPPORT ECOSYSTEM
GRAPHCORE

-

oyret INFERENCE
o~ DEPLOYMENT TOOLKIT
JUPYTER
g3 O honnxnae =
Keras [0 /33 PaddiePaddle
XLA POPART+ POPDIST
PARTITIONER POPIR POPIT

POPLIBS GCL POPLAR

GRAPH ENGINE GRAPH COMPILER

GC DEVICE ACCESS LAYER

IPUOF DRIVER PCle DRIVER

POPLAR® SDK

GRAPH ANALYZER

SYSTEM ANALYZER

DEBUGGER

DEVELOPMENT ENVIRONMENT

POPVISION TOOLS

SYSTEM MONITORING

GRAFANA G

JOB DEPLOYMENT

SYSTEM SOFTWARE
provisioning software
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Accelerating HPC with Al:
Dramatic Weather Forecasting Accelerations with IPU

IETHC RN
La=n

Graphcore IPU traned an ECNTWE weather forec psting mode! Su taster than »

leading GPU {and patentially wp to SO- faster lhr CPUs)

SECMWF |-l

enfa Fun A & b
Wit et TRt L Bebnr o faste aaud L
-.....-—.A-...’......u

Wiy 4 4 e e o
e e -

Cedric Boserant

Weather/Climate at ECMWF
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Dr Zibao Zhang

Man Group - FinTech
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Carmot Capital
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Predicting
Stock Market
Behavior:
MCMC

Carmot Capital Fintec

THE WALL STREET JOURNAL

Geico to Use Artificial Intelligence to
Speed Up Car Repairs
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Insurance Al as a service

Tractable —

NHN
choose Graphcore for their Al services
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I'm -um: that NMN aned Geaphenre ~ both leading Innovatsors in
their fields - have created this oppoetuniy to collaborate. We wil
work to lead the domestic Al and machine Raring development
ecosystem through our continued co-operation”™

NHN launch  EC/IPU cloud
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LARGE MODELA®D X it

IPU-Exchange * € ') &IPU-Links™ Z #iA & 1>t 1=IPU-POD T D EE

IPU Exchange Memory

DRAM Model replica
ACTIVATIONS
Pipeline
model
parallel
axis (p)
g{. —
Tensor model parallel axis (t) . .
Memory access grouping for weights (rts)
Exchange-Memory & In-Processor Memory® [l T IPU-PODEIRTETILDIAF| 53 E . Poplar®lEBENMESNI=ETILS
VDIACETITANR—230F “AX—F FEHR—LLFET,

GNEMIZ) "ICRTYEVTEIT,
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33



GPT-2 MEDIUM SCALING

MODEL NAME:
35,000 ML DOMAIN:
30,000 MODEL DESCRIPTION:
é 25,000
= DEPLOYMENT:
Q
2z 20,000
5 FRAMEWORK:
Q
<
oo 15,000
o IPU ADVANTAGE:
e
|_
10,000
5,000
0

IPU-POD16 IPU-POD64 IPU-POD128 IPU-POD256

NOTES: (updated 20t Dec 2021)
GPT2-Medium Training Throughput | Wikipedia dataset

IPU-POD Platforms | FP 16.16 | SDK 2.3.0 | PyTorch | https://www.graphcore.ai/performance-results

IPU-POD256
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