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Increasing Al model complexity leads to increasing
compute demand

increasing Al model complexity
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AGENDA

Deep Learning & High Performance Computing
Scaling Deep Neural Network Training

Novel algorithms & visualization
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Automatic Deep Learning
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HPC reduces training time, enables larger models and

datasets & multi-network training
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training time
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enables larger
models /
datasets
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multi-network
training

often days to weeks training time
strong scalability

deeper / more complex nets
more / bigger samples
weak scalability

ensemble learning
hyperparameter optimization
automatic Deep Learning
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DNNs can be distributed via data parallelism, model

parallelism & pipelining

data parallelism
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pipelining
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example: almost everything
ResNet-50 scaling records [4]
best strong scalability

example: AlexNet
enables weak scaling
hard to implement

examples: AmoebaNet,
Transformer models

works best for bigger models
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Initial design of HP-DLF led to a number of issues
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GASPI communication library enables the overlap of
computation & communication

data-parallel SGD pipelined SGD
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New visualization techniques help study novel
optimizers

Asynchronous SGD [7]
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[6] Chatzimichailidis, A., et al. "GradVis: Visualization and Second Order [...]" arXiv preprint arXiv:1909.12108 (2019). —
[7]1 Keuper, J. et al. "Asynchronous parallel stochastic gradient descent [...] Proceedings of the Workshop on Machine Learning in High- —
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[8] Loroch, D. “ResOpt [...]" to appear



Deep Topology Learning finds DNN architectures &
hyperparameters automatically
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Lazy Gaussian Processes enable scalable Bayesian

Optimization

— Target
% samples
——= Prediction
— 95% confidence interval

Lazy Gaussian Processes

Build covariance matrix iteratively:

—10.0 —7 — —z s so 0.0
10 ——  URility Function
— J\ - Mext Su ggeston
==
o
—10.0 —7. — 2 s so0 5 10.0

Kn+1 —

p' ¢

il
o 8- Matrix inversion Naive Cholesky decomposition Optimized Cholesky decomposition
3 c via ChOIeSky Iteration | Accuracy Iteration | Accuracy
G © decomposition: 16 074 " o1l
- . -
enables c 0 improvement * o 5 o
WV > from O(n”"3) to 50 0.78 35 0.79
(] o(nl\z) 176 0.79 61 0.80
m
[6] Ram, Raju, et. al. “Scalable Hyperparameter Optimization with Lazy Gaussian Processes” to appear in Proceedings of the Workshop on
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Summary: Deep Learning on HPC systems

Deep Learning

on HPC systems

ng 2 HP-DLF..

= 3J Visualization...

=g 4) DeTol...

Insight

...can speed-up training, and enables us to build
larger models & use larger datasets

...uses a GPlI communication layer to overlap
computation & communication in distributed DL

...reveals structure of parameter space & aids with
the development of novel optimizers

...allows us to learn topologies and hyper-
parameters & is made for future exa-scale machines
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