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Trends - General

+ privacy in ML
+ decentralized training
+ ML for trust (e.g. intrusion detection)

+ trust in ML (provably secure against adversarial attacks)



Adversarial Attacks
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https://arxiv.org/pdf/1712.09665.pdf

Adversarial Attacks
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Practical comparison of algorithms
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Practical tricks

+ feature hashing + limited precision operations
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Systems  ...then
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Systems  ...now
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Parallel SGD

* Synchronous * Asynchronous
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Distributed

What if the data does not fit onto one device anymore?
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One-Shot Averaging Does Not Work
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Communication: Always / Never
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Distributed Full Gradient, L.-BFGS

(just distribute the full gradient computation)
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Problem class
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COCOA - Communication Efficient
Distributed Optimization
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Distributed Experiments

Dataset Training Features | Sparsity

url 2,396,130 3,231,961 | 3.5¢-3%
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L1-Regularized Linear Regression s {9964 007 | sadod0n T L
webspam 350,000 | 16,609,143 0.02%

Webspam - Lasso: Suboptimality vs. Time
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https://arxiv.org/abs/1611.02189

Summary Next Steps

adaptivity to the adaptivity to the degree of

communication cost .
separability
aplin of pood generalization to deep

existing solvers learning, SGD

accuracy certificates . .
J decentralized version

second-order and trust- (communication on graph)
region version (local

benchmarking & code
Hessian)



Petaflop/s-day (Training)
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Deep Learning

AlexNet to AlphaGo Zero: A 300,000x Increase in Compute

e AlexNet
e Dropout

2013

VGG

® Seq2Seq

e GoogleNet

e AlphaGo Zero

e AlphaZero

e Neural Machine Translation
e Neural Architecture Search

e Xception eTI7 Dota 1vi

® DeepSpeech2
® ResNets

® Visualizing and Understanding Conv Nets

eDQN

2014

2015

Year

2016 2017 2018 2019

https:/ /blog.openai.com/ ai-and-compute /



Local SGD

Device 1

Device 2
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http:/ / kuozhangub.blogspot.com /2017 /08 / data-parallel-and-model-parallel.html



L.everaging Heterogenous Systems
Compute & Memory Hierarchy: Which data to put in which device?
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Decentralized / Federated Training




L.everaging Heterogenous Systems

duality gap as selection criterion

Unit A Unit B
QR @ QRRe

30GB 8GB

AlSTALS 2017 2018

adaptive importance sampling NIPS 2017a.b


https://arxiv.org/abs/1703.02518
http://papers.nips.cc/paper/7013-efficient-use-of-limited-memory-accelerators-for-linear-learning-on-heterogeneous-systems
http://papers.nips.cc/paper/7025-safe-adaptive-importance-sampling

suboptimality
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LoglLoss (Test)
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A
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https://arxiv.org/abs/1803.06333

Open Research

limited precision operations for efficiency of

communication and computation

+ asynchronous and fault tolerant algorithms .
machine 1 GPU 1a
+ heterogenous systems 0900 :0
* more re-usable algorithmic building blocks - "l"
- for more systems and problems FPGA 1b
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ITrends - Systems

“ new hardware
+ TPU, GraphCore

* sparse ops?
machine 1 GPU 1a
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+ Software frameworks

+ AutoGrad (Tensorflow, PyTorch, etc)




@) Challenge
The Cost of Communication

+ Reading v from memory (RAM)
100 ns

+ Sending v to another machine

5007000 ns

+ Typical Map-Reduce iteration
10°000°000°000 ns -




@) Challenge
The Cost of Communication
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High-Performance Distributed Machine Learning using Apache Spark
Diinner et al. 2016, arxiv.org/abs/1612.01437



http://arxiv.org/abs/1612.01437

Challenge

Usability

Good distributed and parallel code 1s hard
“ no reusability of good
single machine algorithms & code

* no portability: model-specific and

system-specific code
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Pro] ECt: PyTorch

Distributed Machine O PyTorch
L.earning Benchmark

¥ TensorFlow
Goal: B
Public and Reproducible Spr"'(\Z

Comparison of Distributed Solvers

github.com/mlbench/mlbench



https://github.com/mlbench/mlbench

Auto MI.

hyper-parameter optimization
zero-order methods

learning to learn
adaptive methods

neural architecture search
zero-order, warm-start
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