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ALCF Al Testbed

* |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 goalis to better understand how to integrate Al accelerators with
ALCF’s existing and upcoming supercomputers to accelerate science
insights
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ALCF Al Testbed Deployments

L

Cerebras (CS-3)
4x CS-3 nodes

Supports:

Al training and inference
of massive Al models,
CSL-SDK

Status:

Upgraded software stack.

In production for pre-
training and finetuning.

Metis
SambaNova SN-40L
nodes

Supports:

Al Inference for models
developed by Argonne
researchers.

Status:

4x nodes being
integrated with ALCF
Inference service. Adding
2 nodes for a total of 6x.

Tenstorrent
2x Galaxy Nodes
(64 wormhole cards)

Supports:

Al Inference (one node)
and SDK development
(one node).

Status:

Two nodes configured
and available to Argonne
users. Will be made
available to ALCF users.

GrogqRack
72 accelerators (9 nodes x
8 accelerators per node)

Supports:

Al inference using
Language Processing Unit
(LPU) technology.

Status:
Available for allocation
requests.

Graphcore Bow Pod64
64 accelerators (4 nodes
x 16 accelerators per
node)

Supports:
ML and Al workloads.

Status:
Available for allocation
requests.



ALCF Documentation

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

ALCF Resources Science and Engineering Community and Outreach About Support

Machines Al Testbed
ALCF User Guides Table of contents
Getting Started How to Get Access

Contribute to User Guides ALCF AI Testbed
How to Contribute to

User Support Documentation
Submit a Ticket

07
3

Getting Started

Get Help & Connect > Does this doc need an update?

Open an Issue on GitHub
Machines

Aurora >
Al Testbed v
Cerebras >
Graphcore >
Groq >
SambaNova >
Data Management

Crux

Polaris >
Sophia > 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

Running Jobs with PBS
Example Job Scripts

Machine Reservations

Data Management

File System & Storage > (HPC).

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

Continuous Integration >
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Al for Science and HPC applications on Al Testbed
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Dataflow architecture

Simple
Convolution
Graph

0
|
T [T T T ]
The GPU way: kernel—by—ke.mel The Dataflow way: Spatial
Botftlenecked by memory bandwidth - :
Eliminates memory traffic and overhead
and host overhead
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Dataflow architecture
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\ i Processor

* Routing data through the compute elements
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Cerebras

Cerebras Wafer Scale Engine 3
(WSE-3)

The fastest Al chip on earth

transistors
) silicon
optimized for sparse linear algebra
TSMC process
of Al compute
of on-chip memory
memory bandwidth
fabric bandwidth

Courtesy: Cerebras
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Cerebras

Cerebras WSE delivers 7,000x more memory bandwidth than Nvidia H100
Resulting in >70x faster inference speeds

r GPU N\ Cerebras WSE \
HBM
SRAM Memory
Memory BW
3 Terabytes/s GPU Compute Cores
: Compute
Memory BW
21,000 Terabytes/s
\ y, \ V.

The WSE puts massive amounts of high-performance SRAM directly on the wafer
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Cerebras

Weight Streaming Technology

Disaggregates Memory and Compute for Trillion Parameter Model Training

Single WSE can run
extreme model size

JEIERENR
Streamed 1 layer at a time .o.o.o.o.o.o
JEEEEE
OO0
External model ............. / External
memory, training data
parameter server CS-3 Compute storage

Scale model size and training speed independently
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Cerebras

The Cluster is the ML Accelerator

Disaggregation of memory and compute Cerebras PyTorch
“device”
« Stores model weights off-wafer with fast streaming - ‘ ~
« MemoryX size and compute device count can be
scaled independently cs.3
* The entire cluster acts one remote accelerator |
. _— - MemoryX KM\ b
« All the complexity of distributed training, data —
parallelism, and scaling are handled automatically — — —
by the Wafer Scale Cluster — =
- Exposed to the user as a single PyTorch device! :x: =
(= ]
Wafer-Scale Cluster
e S
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Cerebras

The Cerebras Modelzoo

qithub.com/Cerebras/modelzoo

Reference model implementations:
GPT-3, LLaMa, Mistral, BERT, LLaVa, and much more!

As a starting point Data preparation scripts

Configurations for multiple model scales
For benchmarking Tuned implementations for optimal performance
Cerebras PyTorch & Layer APls

To develop new models _ o
File organization as a template to start your own models
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Cerebras

Custom Training Loops with the cstorch API

o0
» Scale out to multiple CS-3s with a one-argument import torch
ConflguratIOH Change import cerebras_pytorch as cstorch

model: torch.nn.Module = Model()
model = cstorch.compile(model, "CSX")
loss_fn = torch.nn.NLLLoss()

* Near-linear scaling happens automatically

3
* We dont need to Change"' optimizer = cstorch.optim.SGD(model.parameters(), 1r=0.01)
e Model code - dataloader = cstorch.Llltils.data.DataLoader(get_train_dataloader)
L. executor = cstorch.utils.data.DataExecutor(
o Tralnlng |00p Sca|e Out % dataloader, cs_config=cstorch.utils.CSConfig(num_csx=16)
« Effective batch size s ’
H . @cstorch.trace
 It's easy to supply the value programmatically for e
edit-free scaling optimizer.zero_grad()

outputs = model(inputs)

loss = loss_fn(outputs, targets)
loss.backward()

optimizer.step()

return loss

@cstorch.step_closure
print_loss(loss: torch.Tensor):
print(f"Loss: {loss.item()}")
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Cerebras

Scaling from 8B model to 70B

params_llama3_70b.yaml
### LLaMA-3 70B

Define the model
« Same code as for Llama-3 8B

« Different yaml parameterization hidden_size: 8192
num_hidden_layers: 8@

* 70B model code is still for a single device num heads: 64

Train the model
 Point to the upscaled model parameters

training:

cszoo fit params_llama3_7@b.yaml \

* The rest is the same as with Llama-3 8B --num_csx 1
* Run!
Courtesy: Cerebras - U.S. DEPARTMENT
Argonne Leadership . L. L% US.
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Cerebras

Pipeline execution on a single chip

Massive memory bandwidth enables opposite
execution model

* GPU: multiple chips to run a single layer

* Cerebras: fraction of a chip to run a single layer

Pipeline mapping of model

* Model layers are mapped to wafer regions

» Size of wafer region determined based on
memory and compute requirements

* Model weights and KV cache stored locally in
the region memory close to the compute
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Cerebras

Models that require more memory are mapped to multiple wafers

Keep almost all high communication on wafer, using internal high bandwidth fabric
Transfer only activations between wafers, requiring relatively lower bandwidth
Using CS-3 low latency RDMA over Ethernet interconnect between systems

i ASEREREREREEC | ORSRERSRERERENC | ORSRERGEERERENC | ORSRSRAREREREEC

I ) 1 Llama3.1-70B

1 |

| : 70 billion parameters

) o 9 - o 9 - & 3 = o g | 140 GB of memory (FP16)
1 |

1 |

: | 4x WSE-3

' ' 176GB of SRAM

© 2025 Cerebras Systems Inc. All Rights Res erved
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Cerebras CSL

https://docs.alcf.anl.gov/ai-testbed/cerebras/csl/

* Cerebras CSL (Cerebras System Language) is a low-level kernel programming language
designed for the Cerebras system.

* includes libraries for a variety of commonly used primitive operations, such as
broadcasting, gathering, and scattering data across rows or columns of PEs.

* I|tenables users to write code that runs on individual Processing Elements (PEs) and to
define the placement of programs and the routing of data on the Wafer-Scale Engine
(WSE).

« 2 components: Device-code: runs directly on the wafer, host-code to facilitate data
movement and execute functions on the wafer.

 Simulator mode: runs locally or Appliance mode: runs directly on CS-3.
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Metis - SN4OL Inference cluster

SambaNova SN40L
1 _
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6x SN40L nodes each with
16x SN40L Accelerators

1.5TB per RDU -48TB in
aggregate

Highly optimized for
inference
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Metis - SN40L

Accessing the endpoints using the Web UL.

The easiest way to get started is through the web interface, accessible at https://inference.alcf.anl.gov/
The Ul is based on the popular Open WebUI platform. After logging in with your ANL or ALCF credentials, you can:

1. Select a model from the dropdown menu at the top of the screen.

2. Start a conversation directly in the chat interface.

In the model selection dropdown, you can see the status of each model:

METIs gpt-0ss-120b-131072 v +

Q metig|

Live

& MEeTis Llama-4-Maverick-17B-128E-Instruct &

& METIS gpt-0ss5-120b-131072 ¢ v

&\ sopHIA meta-llama/Llama-4-Scout-17B-16E-Instruct &
,\ SOPHIA meta-llama/Meta-Llama-3.1-70B-Instruct &

,\ SOPHIA meta-llama/Meta-Llama-3.1-8B-Instruct ¢

& gpt-0ss-120b-131072

How can | help you today?

.o :+ Q

{ Suggested

Programming Example
Measure the time it takes to sort a list of 1 million random integers using Python's built-in sort function
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Sambanova - SN40L
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sambanova

SN40L: SambaNova’'s 4th Gen Al Chip

Argonne Leadership
Computing Facility

<) sambanova
SN40L RDU

Reconfigurable Dataflow Unit (RDU)

Native multi-tenancy support with fast model switching
Ideal for production inference, multi-tenancy, agentic workflows

3-tier Dataflow Memory

520 MB On-Chip »
SRAM Memory

8 64 GB High
Bandwidth Memory»

0 768 GB High Capacity
DDR Memory

extremecomputingtraining.anl.gov

Very fast memory for high speed
inference with caching

Switch between models in
as little as 2 milliseconds

Hold large number of
models in memory
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Sambanova - SN40L

& sambancre SN4O0OL: Tile Architecture

1 — 1040 PCUs and PMUs
PCU PCU
=. PCU: Compute unit
AcCy PoU | Peu PMU: Memory unit
= S: Mesh switches
' AGCU: Portal to off-chip
memory and IO
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Sambanova - SN40L

sambanova . .
<o GPUs Incur Overhead with Low Operator Fusion
Example: Llama3.18B
Embedding |*] Decoder @ |*| Decoder 1 Decoder 2 Decoder 31 [*| Classifier P Sampling
——— - -~ -
Q QK Scal PV 0 All RMS Gat . Do All
Y M matmul r‘lasckafiell-> Sevlari ma tmul GEMM Reduce Norm G:Mr: g Silu g Ml Py GE:: (%] Add M Reduce T
4 A 4 4 I\
Wg T Wo Wgate Wdown
Up |
Xg-1 T NTfm GEKMM > transpose GE:M
“1 Wup
| Low Operator fusion
e Low data locality
W . e :
! High Launch and Synchronization Overheads
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Sambanova - SN40L

) sambanovag\ 401 RDU Fuses the Entire Decoder into One Kernel!
Example: Llama3.1 8B

Embedding || Decoder @ || Decoder 1 Decoder 2 | --- | Decoder 31 "] Classifier P Sampling
— —
- - -~ - -
_ _ - - — — — — — - -
= - o -
'
Q X Scale PV 0 All RMS Gate q Down All ]
V' GEMM ™ matmul +Maskfill+ S E ma tmul ™ GEMM ™l Reduce Norm GEMM o B L GEMM [* Add M Reduce > X
4 4 4 4 A
Wg Wo Wgate Wdown
Up
Xg-1 T ﬁoMrSm - GEKMM < transpose GE:M
A
Wk Wup
Lo
GEMM . .
4 High Operator fusion: One kemel call for all decoders! =
Wv
Lero Kernel Launch Overheads
High data locality
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Tenstorrent

Blackhole™

® 120 Tensix Al Processors

= 664 TFLOPs (8-bit)

= 32GB GDDR6 @ 512 GB/s

Ol EEEEEDEEEEEEN = 180MB SRAM
OOooooooonooooooon:
[ EEEEEEEC EEEEEE e = 16 Risc-V Processors
BraoooooBaoonooo-
: - = Dual 512-bit 2D Torus NOC
o ]« [ e e
O 5 B B 62 A Y B KA G EA R KA KA 2 PCle Gen5 x 16
I I K |
%%%%%%%%%g = Up to 10 x 400 Gbps Interconnect
DoDRDEEEnnoooRnn:=; for Scale-out
EHEEEEEE - MEEEEEE 12
Ar Oﬂﬂ@@ Argonne Leadership . . Courtesy: Tenstorrent _;v“‘“:i‘*%% U.S. DEPARTMENT
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Tenstorrent

Blackhole Galaxy

= 32 Blackhole chips

= GDDR6: 1 TB @ 16 TB/s

= 56 x 800 Gbps Ethernet

» Unified scale-up & scale-out

= Virtualize multiple Galaxies into

Exaflop-scale systems

Courtesy: Tenstorrent ,
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Tenstorrent

Building Block Approach

= Multiple entry points, from pytorch down to low-level kernel
» Fast growing ecosystem of partners & developers LEAN

D Al Workloads D Open Source . Tenstomrent epam
A

TT-Lang

TTnn
TMETALIUM

Nirev

[ Models } _=
LLM Top Perf Space?l?(eAl
Training .:f,’d,.. Jax ||PyTorch TF ONNX ,;
hol 2 TT- .
"FORGE oyl

FlexAl

REH

.

"LLK

Be

Model Development

Al Kemel Generation

DX & Model Bring-
up

Model Development
Model Development

Triton compiler

In-Game Al

Cuda PyTorch
Cross Compiler

Al Agents

Datacenter Al
Visualization

Al Training

ML compiler

ML framework

Courtesy: Tenstorrent
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ARGONNE TRAINING PROGRAM ON EXTREME-SCALE COMPUTING

Produced by Argonne National Laboratory, a U.S. Department of Energy Laboratory
managed by UChicagoArgonne, LLC under contract DE-AC02-06CH11357.

Special thanks to the National Energy Research Scientific Computing Center
(NERSC) and Oak Ridge Leadership Computing Facility (OLCF) for the use of their
resources during the training event.

The U.S. Government retains for itself and others acting on its behalf a nonexclusive,
royalty-free license in this video, with the rights to reproduce, to prepare derivative
works, and to display pubilicly.
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