


Cerebras
in HPC

Scientific computing on the largest chip ever built





Motivation for Cerebras

▪ Over the last 50 years…

▪ Die size growth approaches 

an asymptote

▪ Geometry shrink slows down

▪ Growth in # of transistors is 

slowing
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(Lauterbach, 2021)





Emerging Workloads – Neural Networks

▪ performance bound

▪ abundant parallelism

▪ drive the demand for more transistors
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

One large die? Many 
smaller ones?

▪ Off-die bandwidth proportional to the 

log of the die area (Rent’s rule)

▪ Processing power grows linearly with 

die area

▪ Ratio of compute to off-die 

bandwidth increases with die area. 

▪ Keep compute on-die

▪ Decrease the impact of relatively slow off-die 

communication
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

The Beginnings 
of Wafer Scale

▪ Use an entire wafer to make a 

single chip (Wafer Scale 

Integration)

▪ Trilogy 1980s attempt

▪ Addressing the wafer 

yield problem 

▪ triple-modular latency: 

logic gate and flip-flop 

were triplicated 

▪ binary two-out-of-three 

voting at each triplication
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

The Wafer Scale Engine (WSE-2)

▪ Wafer cut up to make 

hundreds of separate 

devices

▪ Off-silicon communication

▪ Single chip uses largest 

square area of a wafer

▪ On-silicon communication
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(Lauterbach, 2021)




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▪ grid of processing 

elements (PEs)

▪ 850,000 PEs in total







Architecture Details

Core design: 50% 

logic, 50% SRAM
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(Lie, 2023)





The Wafer Yield Problem

▪ Trilogy: triple-modular 

redundancy

▪ Cerebras: Homogenous 

array of processing elements 

(PEs)

▪ Approximately 1% held in 

reserve to “repair” defective 

PEs
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(Lauterbach, 2021)





The WSE-2 Core

▪ Bidirectional 

interfaces

▪ Data packet: 16 

bits data, 16 bits 

control info

▪ Fabric extended 

across die 

boundaries
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(Lie, 2023)





The WSE-2 Core

▪ 48kB SRAM

▪ Per cycle: two 64-

bit reads and one 

64-bit write
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(Lie, 2023)





Fine-grained Dataflow

▪ Dataflow: computation is triggered by data arrival, and an 

instruction is executed when all inputs have arrived

▪ Traditional von Neumann architecture: instructions executed in 

an order specified by control flow
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

The Intended Purpose…

▪ Neural Networks

▪ Unstructured sparsity

▪ Mat-mat and mat-vec multiply

▪ Little data reuse (no cache hierarchy)
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



14

High 
Performance 

Computing





Why?

▪ Its important to support scientific applications even as AI drives 

the hardware industry

▪ Porting irregular applications to dataflow architectures is a new 

and interesting problem
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

Computational Molecular Dynamics

▪ Resolving atomic vibrations at a tiny timestep (10-15 sec)

▪ Simulating long time scales to observe physical phenomena 

▪ for example, on the order of 100 microseconds

▪ Month-long exascale runs can at most only simulate a few 

microseconds
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

Strong Scaling

▪ Keep problem size constant, increase the number of processors, 

and achieve proportional speedup 

▪ Obstacles include:

▪ Kernel launch overhead

▪ MPI communication costs

▪ CPU/GPU machines cannot achieve the required performance
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


MD on the 

WSE-2
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(Santos et al., 2024)





Mapping 
Atoms to PEs

19

▪ Atom-based MD 

simulation

▪ Modeling Tungsten

▪ Map one atom per 

WSE-2 core

▪ Mapping is locality 

preserving







Candidate Exchange

20

▪ At every time step, particles exchange data with their neighborhood in all-to-all 

communication

▪ Marching multicast phases are used to prevent link contention

(Santos et al., 2024)

“Marching multicast”





Router Message Configurations

▪ Every message comes with a 

command, setting router 

configuration
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Possible router 

configurations

Marching multicast 

horizontal phase

(Jacquelin et al., 2022)





Tungsten Implementation
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https://github.com/CerebrasResearch/Cerebras-Trilabs/





Performance
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(Jacquelin et al., 2022)





Conclusion

▪ Summary

▪ Cerebras WSE-2 Dataflow architecture

▪ MD simulation and candidate exchange algorithm

▪ My interests

▪ Intersection of architecture and HPC

▪ Task-based programming models for dataflow
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



Questions?
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