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Trends - General

+ privacy in ML
+ decentralized training
+ new hardware & systems

+ trust in ML (e.g. robust & 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
hash
keys function hashes
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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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@) 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

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
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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 23
separability
RO gong generalization to deep

existing solvers learning, SGD

accuracy certificates . ;
y 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

® AlexNet
¢ Dropout

2013

VGG

® Seq2Seq

® GoogleNet

¢ AlphaGo Zero

e AlphaZero

e Neural Machine Translation
® Neural Architecture Search

e Xception ® T17 Data v

¢ DeepSpeech2
e ResNets

® Visualizing and Understanding Conv Nets

eDQN

2014

2015

Year

|
2016 2017 2018 2019

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



Local SGD
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(Model Parallel)
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9 Decentrahized Learning
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Motivation
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+ Medical data is very sensitive

“+ Data cannot be sent outside of
the hospital

+ People could use the data to

prevent diseases


https://pixabay.com/photos/computer-business-typing-keyboard-1149148/

Motivation

* learn from users writing on

smartphones

+ data is very sensitive
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https://pixabay.com/photos/computer-business-typing-keyboard-1149148/
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Communication Compression

limited-bit precision vector

e.g. 1-bit per entry reduces
communication 32 times

random /top k% of all the entries

e.g. k=0.1% reduces communication 1000 times



Simple solution:

Z C(x/)
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Consensus with Compression s
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Stochastic Gradient Descent (SGD
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Decentralized Learning
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CHOCO-5GD

image source


http://www.pngpix.com/download/chocolate-png-transparent-image-4

CHOCO-5GD
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https://pngriver.com/download-chocolate-87142/

T heoretical Result
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+ (almost) same convergence rate as full communication




training error

Experimental Results

Epsilon, gsgd 4bit

plain
DCD, gsgd 4bit
ECD, gsgd 4bit

CHOCO, gsgd 4bit

training error

10

10Y-
105

102

Epsilon, randjo,

plain

CHOCO, randiq

DCD, randjoe,
ECD, randioe,

10



https://www.pngarts.com/explore/76879

CHOCO SGD

+ First consensus algorithm that converges linearly with
arbitrary compression

+ First decentralized SGD algorithm that converges with
arbitrary compression

+ Practical performance
Future work
+ Run it on deep learning experiments (multi GPU)

Non-convex theory




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

machine 1 GPU 1a machine 2

FPGA 1b
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L.everaging Heterogenous Systems

duality gap as selection criterion

Unit A Unit B
QR @ QRRe

30GB 8GB

AISTATS 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
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LoglLoss (Test)

Fxperiments

0.133
., Yowpal Wabbit

Spark Mlip ~ [12 cores]
0.132 "

[512 cores]
0.131

0.13
TensorFlow
. Snap ML [60 worker machines, LIBLINEAR
0.129 [16 V100 GPUs] 29 parameter machines] 1 core]
A
0.128
1 10 100 1000 10000

Training Time (minutes)

terabyte click log dataset, IBM cloud implementation [arXiv]



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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+ new hardware

+ TPU, GraphCore

* sparse ops?

+ efficient numerics (limited precision), model

compression

<+ Software frameworks

ITrends - Systems

+ AutoGrad (Tensorflow, PyTorch, etc)

<+ Communication?
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Microsoft Azure Home Gallery @ sex @
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Pro] ECt: PyTorch

Distributed Machine O PyTorch
L.earning Benchmark

¥ TensorFlow
Goal: S
Public and Reproducible SPQFI’(\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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