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ALCF Systems Evolution

Crux
HPE-AMD
ThetaGPU
Intrepid Mira Theta NVIDIA Polaris Aurora
IBM BG/L IBM BG/P IBM BG/Q Intel-Cray XC40 : DGXA100 - HPE-NVIDIA - Intel-HPE
2004 2007 2012 2017 2020 2021 2024
JLSE (2013) Al Testbed (2020) Edge Testbed (2021)
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Integrating Al Systems in Facilities

Computing Facility

Experimental Facility

4
4
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Al-Edge accelerator

Argonne Leadership Computing Facility

Simulations Data-driven Models
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ALCF Al Testbeds

https://www.alcf.anl.gov/alcf-ai-testbed

Cerebras (CS-3)

Grog Graphcore

Argonne Leadership Computing Facility

Tenstorrent

Coming soon!!

Infrastructure of next-
generation machines with
hardware accelerators
customized for artificial
intelligence (Al) applications.

Provide a platform to evaluate
usability and performance of
machine learning based HPC
applications running on these
accelerators.

The goal is to better
understand how to integrate Al
accelerators with ALCF’s
existing and upcoming
supercomputers to accelerate
science insights

Argonne &



ALCF Al Testbed

ALCF Al Testbed Systems are in production and available for allocations to the research community

e Cerebras
e Sambanova SN30

Training

SN-30 8 nodes of 8 RDUs  Cerebras CS-3 — 4 WSE

SN40L — Metis
Groq

Cerebras
Tenstorrent

Inference

Cerebras CS-3 -4 WSE 32 Wombhole GU

e Cerebras

H PC e Tenstorrent

Cerebras CSL 32 Wormhole GU

nnnnnnnnnnnnnnnnnn
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Cerebras CS3

Compute Units 900,000 Cores

. 44 GB SRAM,
On-Chip Memory MemoryX
Process nm

i 4 Nodes Memory-
System Size X and Swarm-X
Estimated

Performance of
a card (TFlops)

>5780 (FP16)

Software Stack

Support Pytorch

Interconnect Ethernet-based

Argonne Leadership Computing Facility

SambaNova
Cardinal SN30 /
SN40L

640/1040 PCUs
300/520MB Sram

0/64 GB HBM
1/1.5TB DDR

nm

8 nodes (8 RDUs per
node)/2 nodes (16
RDUs per node)

>660/638 (BF16)

SambaFlow, Pytorch

Ethernet-based

Groq GraphCore

NVIDIA A100
GrogRack  GC200 IPU
Sl20vector 4475 1pUs 6912 Cuda Cores
ALUs
192KB L1
230MB L1 900MB L1 40MB L2
40-80GB
7 nm /nm 7nm
9 nodes 4 nodes
(16 cards per
(8 cards per Several systems
node)
node)

>250 (FP16) 312 (FP16), 156

>250 (FP16)

>1000 (INT8) (FP32)
Tensorflow, Tensorflow
GrogAPI, ONNX Pytorch, Pvtorch etc’:
PopArt y ’
RealScale ' IPU Link NVLink

AAAAAAAAAAAAAAAAAA



Dataflow Architectures

7

Simple
Convolution
Graph

The GPU way: kernel-by-kernel
Bottlenecked by memory bandwidth
and host overhead

Argonne Leadership Computing Facility

The Dataflow way: Spatial
Eliminates memory traffic and overhead

Image Courtesy: SambaNova

nnnnnnnnnnnnnnnnnn



Dataflow

TILEO
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TILE 2

N/
- J
)
=
—
m
w
—
\
\
\
\
\
\
\

TILES
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TILE7 ‘ TILE 8 \

[ Virtual Memory Manager

Y

N\
N
N
N
N
AN
N
N
AN
N

—

Top-Level Interconnect

DRAM Host
(TBs) Scale-Out

o

* Interleaving of

hardware architecture

Software-Driven Architecture \

Tiled architecture with reconfigurable SIMD pipelines, distributed scratchpads, and programmed switches

1 1 1 !
1 1 1 1
y Pattern
Coalescing AG Address - Pattern
- Unit 2% Generation Switch (250 Memory ] Compute
Unit Unit Unit

Image Courtesy: SambaNova

compute and memory units

* Routing data through the compute elements

8  Argonne Leadership

Computing Facility

| PE

L N !

- Fabric Router >
] ! . | e

AN D,

i offramp onramp B I i

Processor
Memory
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SambaNova SN40L

Reconfigurable Dataflow Unit (RDU)
Native multi-tenancy support with fast model switching
|deal for production inference, multi-tenancy, agentic workflows

\:3 sambanova 3-tier Dataflow Memory
SN40L RDU

520 MB On-Chip » Very fast memory for high speed infere
SRAM Memory with caching

64 GB High » Switch between models in as
_ Bandwidth Memory little as 2 milliseconds

. 1.5 TB High Capacity » Hold large number of
DDR Memory models in memory

9  Argonne Leadership Computing Facility Image source:, SambaNova ST




SN40L-16: Node Details

10 Argonne Leadership Computing Facility

Total of 16 RDUs per node

SN40L-16
. 1x SN4OL-H (middle)
- 8x SN40L-2 (aka XRDU) (4x above host, 4x
below host, each with 2 RDUs)
- RDUs connect all-to-all and with Host
- 12TB of memory w/ 64GB DIMMs
- 1TB of high-bandwidth memory (HBM)

1x SN40-H Host (Server)
- Standard Linux-based OS server
o  2X AMD EPYC 64-core CPUs
- 10TB usable NVMe storage
- 1TB of DDR Memory
- Connects to all 16 RDUs

Image source:, SambaNova
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Cerebras Wafer Scale Engine (CS-3)

[EEEEEEETTE TR R R E TR ER R

Cerebras
Wafer Scale Engine 3

Argonne Leadership Computing Facility

|IIH|H|I|I|I|||H|||||||

Nvidia GPU
B200

* 900,000 compute cores
e 44G on-chip SRAM
e 21 PB/s Memory bandwidth

* Decoupled compute and memory

e Data-parallel implementation

* External memory can be added independently of
compute,

allowing for massive model sizes

Image source:, Cerebras

AAAAAAAAAAAAAAAAAA



Cerebras CS-3 cluster

Input preprocessing servers stream
training data

538 S S R A ”
MemoryX - Stores and streams — - ‘ ,Swarmx LA
model’s weights g | [ A i
SwarmX — weight broadcasts and i < \ |
gradient across multiple CS-3s | st '— e | g |[| e | s
Compilation (maps graph to kernels) ey || 2] 2] ]
Execution (training) w el I ] |

Weight Streaming (training) Vs
Pipeline (Inference)

12 Argonne Leadership Computing Facility

‘ Activation

[ ] Weight

_| Other

| Broadcast/Reduce

AAAAAAAAAAAAAAAAAA



Graphcore BowPod64

CPU

Designed for

Parallelism scalar processing

Processor -

emory ora
Bandwidth !

BowPod64 configuration: 64 IPUs

13 Argonne Leadership Computing Facility

GPU

SIMD/SIMT architecture.
Designed for large blocks
of dense contiguous data

S{aGL
T
ERENE
“ EEEEE ©

Model and Data spread across off-chip and
small on-chip cache and shared memory

(2TB/s for A100 HBM)

Intelligence Processing Unit

IPU

Massively parallel MIMD architecture.
High performance/efficiency
for future ML trends

Main Model & Data in tightly coupled
large locally distributed SRAM

(~65 TB/s for Bow IPU)

Image source: Graphcore

AAAAAAAAAAAAAAAA



Grog

GrogRack configuration: 72 Groqchips

SRAM Memory

[—]»- Networkin
Massive concurrency 480 GB/s band%vidth
23800MTBB/S of B_W 2 2 Extensible network scalability
o capa'(‘jlty ;J / Multiple topologies
Stride insensitive ( Input / Output
Groq TruePoint™ Matrix Ak gz
9 35885___;; 5|3 Ellsl| 8|3 E e[l Shift, Transpose, Permuter for
750 TOP/s int8 ;égg----:: IR HERIR AR A Ezl}‘ﬂ:« improved data movement and
188 TFLOP/s fp16 ;‘%3 00 g E § g Ez[l:c data reshapes
320x320 fused dot product a a
| Instruction Control Unit I
PCle Input / Output —
Programmable S ) 000 Instruction Control
i . . .
Vector Units — — Multiple instruction queues for
5,120 Vector ALUs for

instruction parallelism

high performance

Courtesy: G Argonne &
14  Argonne Leadership Computing Facility ourtesy: =req gonnC. =




Tools on Al Accelerators

Terminal

Source-code linked with Settings

PE selectable by click and coordinate
Draggable and zoomable Routes

instruction trace

Expandable and
collapsible
large panels o Y Pre—

\\
8 selectAl

.
Filter routes /:

2fcsiang_samples_38_fmecsjaritacts

&)
HSRARRRRRRRN
ERBEREERRNN
SRARERRRERN
ST BhEGEN
wRRRRRRRRN

jesssnsnmn
Ccecc e
v e ie e

Instruction Trace @ &

Inline help tooltips [
Instructions — [
Tasks
Statistics
Micro-threads

Export data

Cerebras SDK

(4,8] FABICSMAXATOR (12 12) ALL

Dark mode

Color and format
filters

+<— Wavelet traces

© sewctease. (3,21

'\ Current fabric

and PE

SambaTune on SambaNova
15 Argonne Leadership Computing Facility

GRAPH DATA

Plot graph data of any numerical data points
from the host or IPU processor systems,

such as board temperature, power
consumption and IPU utilisation.

HOST EXECUTION ANALYSIS

Understand the execution of IPU-targeted
software on your host system processors.
Identify any bottlenecks between CPUs and
IPUs across a visual interactive timeline.

REPORT COMPARISONS

Open two reports at once to compare their
memory, execution, liveness and operations.
Visualise where efficiencies can be made
with different model parameters.

IPU MEMORY ANALYSIS

Capture memory information from your ML
models when executed on IPUs. Inspect
variable placement, size and liveness
throughout the execution.

PopVision on GraphCore

Argonne &

NATIONAL LABORATORY



Al Testbed Community Engagement

_Murali Emani Y Nick della Clonpa St' L‘OUis' npc
———— .r MO|ignites
. | a I |
; Saugat Kandel Jacob Merson (RP{) Sid Raskar . ) . .
Programming Novel Al Accelerators for Scientific Computing Event Type: Tutorial
Description: Scientific applications are increasingly adopting artificial intelligence (Al) techniques to advance @ Add to Schedule
\§ [ science. There are specialized hardware accelerators designed and built to run Al applications efficiently. With a
Eahasyhrakonl (Y Plathottam (ANL) wide diversity in the hardware architectures and software stacks of these systems, it is challenging to Time:
—
! F . understand the differences between these accelerators, their capabilities, programming approaches, and how Sunday, 16 November 2025
e ?‘ p : they perform, particularly for scientific applications. In this tutorial, we will cover an overview of the Al 1:30pm - 5:00pm CST
=~

X : accelerators landscape, focusing on SambaNova, Cerebras, Graphcore, Groq, and Intel Gaudi systems along with | ocation: 121
. Chase Phelps _J 1 peveshseethi | I Sarat Sreepathi ) Bryce Allen architectural features and details of their software stacks. Through hands-on exercises, attendees will gain

practical experience in refactoring code and running models on these systems, focusing on use cases of pre- Registration Categories:
TUT
‘ training and fine-tuning open-source large language models (LLMs) and deploying Al inference solutions
, relevant to scientific contexts. The tutorial will provide attendees with an understanding of the key capabilities
k Aditya Devamkanda’ \\ T of emerging Al accelerators and their performance implications for scientific applications. c
an

a2 . 73 -

Yue Shi Lai 4 . | Ppriyanka

e Altraining workshops

_ o Upcoming tutorial at SC25 on Programming Novel Al
https://www.alcf.anl.gov/ai-testbed-training-workshops

accelerators for Scientific Computing

* ATPESC Training Nov 16, 2025

* Introduction to Al-driven Science on Supercomputers

. . . Argonne &
16  Argonne Leadership Computing Facility



https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops
https://www.alcf.anl.gov/ai-testbed-training-workshops

A

Director’s Discretionary (DD) awards

Getting Started on 9 - Scaling code
ALCF A| Testbed * Preparing for future computing competition

 Scientific computing in support of strategic

s 'R B v i a . partnerships.

Available for Allocations Allocation Request Form

3 [ u W7 W S A

* Cerebras CS-3,

* SambaNova Datascale SN30, NAIRR Pilot

 GrogRack

Aims to connect U.S. researchers and educators
to computational, data, and training resources
e Sambanova Inference — Metis SN4OL (Available -, needed to advance Al research and research
that employs Al.

* Graphcore Bow Pod64

for all ALCF users via Inference Service

End points)

: ‘& Al Testbed User Guide IJ

s o 1



https://www.alcf.anl.gov/science/directors-discretionary-allocation-program
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https://www.alcf.anl.gov/science/directors-discretionary-allocation-program%C3%A2%C2%80%C2%8B
https://www.alcf.anl.gov/science/directors-discretionary-allocation-program%C3%A2%C2%80%C2%8B
https://www.alcf.anl.gov/alcf-ai-testbed
https://www.alcf.anl.gov/alcf-ai-testbed
https://nairrpilot.org/%C3%A2%C2%80%C2%8B

ALCF Resources Science and Engineering Community and Outreach About Support

ALCF User Guides

Getting Started

Contribute to User Guides

User Support
Submit a Ticket
Get Help & Connect

Machines
Aurora
Al Testbed
Cerebras
Graphcore
Groq
SambaNova
Data Management
Crux
Polaris

Sophia

Running Jobs with PBS
Example Job Scripts

Machine Reservations

Data Management
File System & Storage
Transfer & Sharing

Services
Inference Endpoints
JupyterHub

Continuous Integration

Machines A

"https://docs.alcf.anl.gov/ai-testbed/getting-started/

ALCF Al Testbed RC

The ALCF Al Testbed houses some of the most advanced Al accelerators for scientific research.

The goal of the testbed is to enable explorations into next-generation machine learning applications and workloads, enabling
the ALCF and its user community to help define the role of Al accelerators in scientific computing and how to best integrate
such technologies with supercomputing resources.

The Al accelerators complement the ALCF's current and next-generation supercomputers to provide a state-of-the-art
computing environment that supports pioneering research at the intersection of Al, big data, and high performance computing
(HPC).

The platforms are equipped with architectural features that support Al and data-centric workloads, making them well suited for
research tasks involving the growing deluge of scientific data produced by powerful tools, such as supercomputers, light
sources, telescopes, particle accelerators, and sensors. In addition, the testbed will allow researchers to explore novel
workflows that combine Al methods with simulation and experimental science to accelerate the pace of discovery.

18 Argonne Leadership Computing Facility

Table of contents
How to Get Access
Getting Started

How to Contribute to
Documentation

Does this doc need an update?
Open an Issue on GitHub

Argonne &
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Al Based Models

Text Based Models Vision Models

S R R ...... T..L 26 December 2020 00:00 UTC 31 December 2020 00:00 UTC 31 December 2020 00:00 UTC
GenSLM 11 1 1 : P X e — :
T I I
TCG CGACGT ... ... ACG...CTT
PO | X 04 01 0003...... 08... 01
z A IN
Semantic embedding .
J &
Transformer layers ;
+ attention | ﬂ L
I s B B ‘ ’ ‘
Initial Conditions 5-day Forecast Ground Truth
Input sequence () (@) D @B ()
Xing\ip ACC AAC CAA CTT TCG ATC TCT TGT AGA...

VOC detection Stormer — Weather Forecasting

), 3D CNN 64x64x64x32

Input diffraction 32x32x32x

16%16x16128 Z

8x8x8x256 A g
i

A

Predicted amplitude

—

132x32x32%64

716x16x16%128 i . =
i & L sssass | —
I E f == 64x64%64
| ! T 4x4x4x5121 :
22l / =

| 3DConv. 4 . fﬁr PR "
J+ 3D Conv. | Upsampling '221(;; :‘(;1 d ] St w > |
|, 8 P

-+ LRLU+BN

P ﬂ. |Max pooling. (|zero paddingff 30 Conv
B 1? & EJ ) : -
Loegga

Drug and Molecular discovery

B

64x64x64

0
o
=
o)
[a]

D

SST-screen I
Inference distribution Estimated diffraction SHHHHH
0.00 005 0.10 015 020 0.25
D Weight

Predicted phase

A

(2

Hydroxamic acid
v Y >4

Diffraction Imaging

Cosmology and more ..

. . . Argonne &
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Genome-scale Language Models (GenSLMs)

Goal:

« How new and emergent variants of pandemic causing

viruses, (specifically SARS-CoV-2) can be identified
and classified.

* |dentify mutations that are VOC (increased severity

First:Year
0.0025 1 Data:Split

and transmissibility) . models have
* Extendable to gene or protein synthesis. ZZ:;MW
Approach 0.0010 1

0.0005 1

 Adapt Large Language Models (LLMs) to learn the /,\;\\\

. 2019-09 2020-01 2020-05 2020-09 2021-01 2021-05 2021-09 2022-01 2022-05 202é-09
evo u t I O n . Month of Pandemic

— B.1.2 B.1.429 — B.1.617.2 — AY.122 — AY.44 — BA.11 BA.1.15 — AY.26 AY.100 AY.39

o Pretrain 25|V| _ ZSB models On raW nucleotides With B.A1 AY.25.1 AY.43 AY.4 BA.1 AY.103 AY.25 AY.3 AY. 119 AY.47
large sequence lengths.
e Scale on GPUs, CS2s, SN30.

GenSLMs: Genome-scale language models reveal SARS-CoV-2 evolutionary dynamics

Winner of the ACM Gordon Bell Special Prize for High Performance Computing-Based COVID-19 Research, 2022,
DOI: https://doi.org/10.1101/2022.10.10.511571

. . . Argonne &
20 Argonne Leadership Computing Facility
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GenSLM 13B Training Performance

GenSLMs: Genome-scale language models reveal SARS-CoV-2 evolutionary dynamics
Winner of the ACM Gordon Bell Special Prize for High Performance Computing-Based COVID-19 Research, 2022

Svstem Number of Throughput Imbrovement Energy
Y Devices (tokens/sec) P Efficiency
NVIDIA A100 8 1150 1.0 1.0
SambaNova SN30 8 9795 8.5 5.6
Cerebras CS-2 1 29061 25 6.5

Note: We are utilizing only 40% of the CS wafer-scale engine for this problem

"Toward a Holistic Performance Evaluation of Large Language Models Across Diverse Al Accelerators”, M.Emani et al.,
HCW workshop, IPDPS 2024
Argonne Leadership Computing Facility e



Accelerating Drug Design and Discovery with Machine Learning

Initial Performance Comparison Between
Inference on a Polaris (A100) Node and

Application code: Simple SMILES Transformer GrogNode
B 2.8

C(=0)NO)

O ‘7 .
SST-screen 0

Inference distribution Polaris (4xA100/node) Groq (8xChips/node)

o.bo 005 0.10 0.15 020 025
Weight

Speed Up

Courtesy: Archit Vasan

(SMILES) - Representation for Molecules

@
= ﬁ? éf} :JIEL *Simplified Molecular Input Line Entry System
éé:y foadlt ° 5

Hydroxamic acld 4
yu mv >4

Bert based encoder model to identify compounds with
High perf bindi ffinit dicti ith . AT . . .
e ransformer-based surropate modol high binding affinity directly on the SMILES string
Archit Vasan®, Ozan Gokdemir*!, Alexander Brace*!, Arvind Ramanathan*!, in p ut .

Thomas Brettin*, Rick Stevens*!, Venkatram Vishwanath*

22 Argonne Leadership Computing Facility P




x. .

Weather Forecasting

|Embedding |——-I Decoder 0 l—-l Decoder 1 l—-l Decoder 2 I—- AI Decoder 31 |——-| Classifier I—-l Sampling |

Q QK Scale L PV [l 0 [ Al J RMS Gate 1§ ..., I _, Down ___ L ALl |
GEMM matmul Maskfill SEIREE matmul GEMM Reduce Norm GEMM Sy o GEMM Lt Reduce
t t t t
Wq Wo Wgate Wdown
Up
RMS K
1|” Norm GEMM CUENEEES GEF 4
t
Wk Wup
v
GEMM
t
Wv
Kt kK2 0 K3 K& K5 K6 KZ7 K8 | K9 | Ko
Ko
// DGX H100 // SN40L-8 // SN4@L-8 + Kernel looping
// Kernel Call Schedule // Kernel Call Schedule // Kernel Call Schedule
x_in = embedding() x_in = embedding() x_in = embedding()
for decoder in range(@, 32): for decoder in range(@, 32): x_out = all_decoders_nosync(x_in)
tmp_k1 = K1(x_in) x_out = K@(x_in) cls_out = classifier(x_in)
tmp_k2 = K2(tmp_k1) x_in = x_out out = sampling(cls_out)
tmp_k3 = K3(tmp_k2.q, tmp_k2.k, tmp_k2.v)
tmp_k4 = K4(tmp_k3) cls_out = classifier(x_in)
tmp_k5 = K5(tmp_k4) out = sampling(cls_out)

tmp_k6 = K6(tmp_k5)

tmp_k7 = K7(tmp_k6)

tmp_k8 = K8(tmp_k7.gate, tmp_k7.up)
tmp_k9 = K9(tmp_k5, tmp_k8)

x_out = K10(tmp_k9)

x_in = x_out
cls_out = classifier(x_in)
out = sampling(cls_out)

23 Argonne Leadership Computing Facility

Goal: Achieve faster weather predictions at
large scale rollouts 0.25° ERAS data.

Approach: Sambanova's large memory

— capacity encourages training on high

dimensional data (large context lengths).

Dataflow architecture with kernel looping
reduces latency.

High-resolution Stormer

60
w50
©
=
o
@
w40
]
£
=
c 30
R
=1
s
=]
a 20
=
o
v

10

—e— GPU A100 (vanilla)
GPU A100 (xformers)
0 —e— SAMBANOVA RDU
2k 8k 16k 32k 64k 128k A
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Live s; | .
Image Predm,g € Live Stitcheq

-| _SMView Map
eam b—\\
/

Diffraction Imaging

w
o«

http:/archive.synchrotron.or
g.au/images/AOF2017/Bolan

d---AOF—-Future-light-
sources-2017-05-29.pdf

th a
4 generation

w
=)
Log Peak Brightness
(photons / sec / mm’/ mrad’/ 0.1% bandpas:

N
o

I

g 20 - 3" generation Moore’s
1= 2
% 5% 105 .y 1" thin film head e %é
Materials in Sk B § b L, 1 |:.1"‘|mv°| L1 —
action formation T e e, 2o A. V. Babu, T. Zhou, S. Kandel, T. Bicer, Z. Liu, W. Judge, D.
S ——————] Ching, Y. Jiang, S. Veseli, S. Henke, R. Chard, Y. Yao, E.
Sirazitdinova, G. Gupta, M. V. Holt, I.T. Foster, A. Miceli and M. J.
Cherukara, “Deep learning at the edge enables real-time,
streaming ptychography”, Nature Communications, 14, 7059
« Real time feedback and reconstruction time in Each technique presents a unique challenge
order of msec.
« APS-U will have 10-100x increase in " > GBls datarates
* Today: ~GB (memory for phasing) . > .
d at ar at es. A 256_512 cubedryarra;)s Ing keZ';LL:;))PS of peak computing power to
. * ~5nm
« Al-steered experiments to target 10112 voxels.
e APS-U: ~TB
e 2560-5120 cubed 3D FFETs * Today: ~5 Ptycho beamlines
* Orequivalent NN network )
« ~5A * APS-U: ~10 Ptycho beamlines

1 1 HH ! eeds and Progress on Machine Learning and Artificial Intelligence ications Ar Onne °
24 Argonne Leadership Computing Facility A5 Needs and Progress on Machine Learming and Ariealneligence Appleet gonnC. =




Accelerators for Imaging

https://cerebras.ai/blog/cerebras-cs-3-vs-nvidia-b200-2024-ai-accelerators-compared

* Larger compute fabric and Spec B200  DaXBH0  NVLT2
memory footprint enables better throughput FP16 PFLOPs 28.4 35 0.3
and large resolution imaging with almost double the Memory (GB) 6:250.0 N e
power efficiency. B ancratits (TE/e} 14651 LR 208

* Leveraged Sambanova SN30 hardware to bring up :‘F"L”:;“':T’ 2?2 ;: :’Z
the BCDI Al workflow for native > ' ' '
resolution upto 2563 voxels, avoiding the need
for downsampling.

* Used Cerebras CS-2 for continual pre-training
of PtychoNN model.

* Challenges : FFT and vision support, Compile ey
times, Ease of portability.

Requires HPC to keep up with experiments —_— PtychoNN is >100X faster
Needs 25X less data

* Focused efforts on developing Al methods and
frameworks for large resolution APS-U data.

25 Argonne Leadership Computing Facility P
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Observations, Challenges and Insights

* Significant speedup achieved for a wide-gamut of scientific ML applications
- Easier to deal with larger resolution data and to scale to multi-chip systems
- energy efficient
- low latency critical applications
- Off the shelf models for inference

 Room for improvement exists
- Porting efforts and compilation times

- Coverage of DL frameworks, support for performance analysis tools, debuggers

* Limited capability to support low-level HPC kernels
 Work in progress to improve coverage
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