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Cell morphology modeled by lumped circuit representation

Neuron-inverter problem
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Inferring the mechanisms of neuronal

Neuron-inverter ML approach input-output functions
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Neuron-inverter ML benchmark

e Dataset:
o simulated spikes (as time series) measured for random conductances
o 7M training and 700k validations samples

e ML-model : 3M trainable parameters, PyTorch implementation
o MlL-layers: 3 convolutional, 1 batch normalization, 5 fully connected
o  regression loss: MISE
o optimizer: AdamW

e Training schedule: fixed training data, same number of epochs
o training data distributed in CPUs RAM to avoid any disc-CPU 10 cost
o constant local batch size when scaling number of accelerators
o val-loss used to reduce LR on plateau
m for GC pseudo-validation loss used instead to avoid graph
switching cost
m true val-loss computed once at the end the whole training
( not included in the time-budget)

Adobe Stock | #76372734

e Benchmark criteria: end-loss, training time, used energy
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Systems architecture

| BAE. | | nersc emﬁoma L/\

NVIDIA.

)
)

IPU-M2000s with 4 IPUs each

ALV IAY AV
AT 5 L L

Ethernet interconnect

16 datal.oaders

Slingshot interconnect

C DEe LO4

IPU-Link interconnect (torus in IPU-POD64)

AV L L&Y &F 3

IPU-M2000

data in RAM

4 |PUs

Jan Balewski NERSC, LBNL




Convergence of one-accelerator training
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Convergence of 128-accelerators training
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End-loss scaling
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Weak scaling
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Power consumption profiles

NERSC worker node
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Energy per training usage scaling
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Conclusions

ML is being applied into variety of research projects

* finding optimal HW is a research topic by itself
* The inversion of PDE has no analytical solution but ML can find the inverse multivalued function
* Neuron-inverter derived from a real neuroscience research project was used as ML benchmark
* The criteria of benchmark were:

e quality of solution, time to solution, energy consumed until solution was found

* ML benchmark executed on 1 - 256 accelerators from Nvidia (A100) and Graphcore (IPU)
* Results, consisten for any number of accelerators up to 256
* end-loss achieved on A100s and IPUs were the same within 10-20%
* total training time was the same within 15%

* Graphcore chips needed 2.5x less power and used 2x less energy to deliver the above results
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