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3 s Ee A S What is left for us humans? Bing Chat Outshines ChatGPT with
e " |Cutting-Edge "Theory of Mind"
Chat GTP-4 Could Pass the Bar Exam Capabilities

How Our Technology Evolves FAST

Source: https://medium.com/ SHAU Updated + Feb 13, 2023 Apps | 70
AI Chatbotjs MBA exam paSS pOSES test fOI‘ Oh, ChatGPT, if you ever develop a consciousness, please remember with joy all the lun. you're ha\.r.ing with

humanity nowadays. Especially if you ever consider squeezing out our life force while being locked in a vat. As

bus:iness SChOOlS you surely know, ChatGPT has been on everybody’s minds lately thanks to its incredible capabilities. You

probably know about ChatGPT's ability to write a poem, develop software, and even write phishing emails for
all those wannabe criminals out there.

== Microsoft Bing -

ChatGPT earned a solid arade and outperformed some humans on a Wharton course

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Toda

Source: https://www.medpagetoday.com/

‘Amazingly, ChatGPT gets hired at L3 when interviewed for a coding position, reads a Google document, but ChatGPT itself says it can't replicate human

creativity and problem-solving skills.

e | Comparison of human and chimp psychelogy reveals that an essential source of
the differences in humans may be the evolution of the ability to intuit what
another person is thinking so that both can work toward a shared goal.

' Blo

Andrew Jack in New ‘r‘ar' JANUARY 212
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2018 ACM A. IVt
Turing Lecture

June 23, 2019
5:15pm MST

TURING
AWARD

Geoffrey Hinton Yann LeCun

https://www.youtube.com/watch?v=VsnOf7exv5I
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2021 Turing award 0 Jack DONQAITa ... .. u.m s o w s oo o

performance after Moore's law'™

The Take Away Ledserson of al, Sciener 368, 1079 (2020) 5 June 2020

The Top
4 " lechvology | O1000411 1180011 - CfT'tq
Supercomputers « HPC Hardware is Constantly Changing isiie sisoo "«f{ﬁ:} s X 5%
are very (>70%) « Scalar 51,,;:“ o .W_ e i
efficient at dense « Vector T e
linear algebra! « Distributed T B - RS o TR S

el Aeatunes

« Accelerated
« Mixed precision R
@ « Three computer revolutions AT DR
» High performance computing
« Deep learning
» Edge & Al
« Algorithm / Software advances follows hardware
» And there is “plenty of room at the top”

Letserson of al, Sciemor 368, WTH (0rH0) 5 Jung 2020

https://www.youtube.com/watch?v=lsnRP9akCDk
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FINANCIAL TIMES

Artificial intelligence <+ Add to myFT)

The billion-dollar bet to reach human-level Al

OpenAl believes that huge computing power is key driver

In the race to build a machine with human-level intelligence, it seems, size

really matters.

“We think the most benefits will go to whoever has the biggest computer,” said

Greg Brockman, chairman and chief technology officer of OpenAl.

The San Francisco-based Al research group, set up four years ago by tech

industry luminaries including Elon Musk, Peter Thiel and Reid Hoffman, has

just thrown down a challenge to the rest of the AI world.

Richard Waters in San Francisc AUGUST 32019 | D 140 E

source:; ft.com



+ FEL e s R PR ggﬁﬁﬂ_em E'HZUFICh

spcl.ethz.ch

Supercomputers fuel Modern Al [ersiess coogle artifical inteligence

supercomputer creates its own ‘Al child’
that can outperform its human-made rivals

Facebook parent Meta creates powerful Al

The NASNet system was created by a neural network called AutoML earlier this year

supercomputer e
Facebook's parent company Meta says it has created what it believes is among the fastest artificial :g:aer;wD::gzow | Updated: 11:27 6 Dec 2017 -
intelligence supercomputers running today T
By The A"?S.OEiatefj r:)rfﬁ, 7 Share I. >g
I Microsoft invests $1 billion in e
OpenAl to pursue holy grail of H
. . , aps o pe . |
Tesla unveils Dojo supercomputer: world’s new artificial intelligence u
mos'l' Owerful Al ‘I‘rc“n'n moch'ne Building artificial general intelligence is OpenAl's ambitious goal r——
Fred _e-“l:fw:--E.)z::-*;sz' 208 3m BT W g By James Vincent | Jul 22, 2019, 10:08am EDT 10k GPUS
o f(x)
reddit — ot [T07A o [0
— o sometimes | .28 sometimes | (.00
e : may |nj'ure a i’ 2| [> > r\ - | [ > always 0.07 always | 0.00
Vol human b_elng_or, ] =E| = |18 =] |2 X =2 | 2| [g=] 2] B never | 0.04 never | 0.00
. through Inaction, i‘ E g | |Z ; - 3 E s | £ ; 8 £ ? and 0.33 and 0.00
allow a human PR & Bl T | B “EIBI | |8 boat | 0.02 boat | 0.00
being to come house | 0.02 house | 0.00
to harm.
layerwise weight update
A GPT3: 500 billion tokens A GPT3: 96 (complex) layers A GPT3: 3050k dictionaries
A ImageNet (22k): A few TB 175 bn parameters/Q0 GiBn fp32) A takes weeks to train
A Soon:the whole internet 2048021 Sy aaSyiSyoSaé

T. BenaNun, TH: Demystifying parallel and distributed deep learning: Alemh concurrency analysis, ACM Computing Survey$R{ 2019
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LargeScale Al Is the Future

We need a Principledpproach to it
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High-Performance I/O High-Performance Compute High-Performance Communication

A Quicklygrowing data volumes A Deep learning is HPC A Use larger clusters (10k+ GPUS)
A Scientific computing! A Data movement! A Model parallelism
A Use the specifics of machine A Quantization, Sparsification A Complexpipeline schemes
learning workloads A Drives modern accelerators! A Optimized networks
AE.g.jntelligent prefetching Data Movement I+ Al You Necd: A Case Study on Distribution and Parallelism
Optimizing Transformers Data Pipeline | Operator

- Andrei Ivanov®, Nikoli Dryden®, Tal Ben-Nun, Shigang Li, Torsien Hoefler
CLAIRVOYANT PREFETCHING FOR DISTRIBUTED MACHINE LEARNING I/O ETH Ziirich

r C namefinf.ethz.ch
ual contribution

Roman Bihringer ! Nikoli Dryden’ Tal Ben-Nun' Torsten Hoefler '
e widely used for language  challenges such as artificial general intelligence [27). Thus,

improving transformer performance has been in the focus of
numerous research and industrial groups.

Significant attention has been given to optimizing transform-
and fixed-window attention [28]-[32], more general
ity [34]-[36], and other

ABSTRACT
1/0 is emerging as a major bottleneck for machine learning training, especially in distributed environments such
as clouds and supercomputers. Optimal data ingestion pipelines differ between systems, and inc
nd remote workers:

ars: locs
structured sparsity [33], learned spa

y— requires a delicate balance between access 1o local storage, external Iﬂu} Gl
s algorithmic techniques [19]. [37] improve the performance of e
- transformers. Major hardware efforts, such as Tensor Cores )
- pattern for traini e clairvoyance and can exactly predict when a Further, existing frameworks use suboptimal data lay and TPUs [38] h accelerated tensor operations like matrix
~l these insights, we present a recipe for globally optimi and 1FLs 1 B i
b We combine this with a theoretical nn.ll}\h of access patterns in training and performance modeli . matrix multiplication (MMM), a core transformer operation.
= novel machine 1 — achieve a 1.30x performance improve-  Despite this, existing implementations do not efficiently
— flexible. and scalable solution that delivers better performance than state-of-the-art approaches while requiring ment over state-of-the-art frameworks when BERT. i GPUs. Even optimized implemeniations such as Mega-
- very few changes to existing codebases and supporting a broad range of environments. ] Our approach is applicable more broadly to optimizing deep ., 18] report achieving only 30% of peak GPU flopfs
— . neural networks, and offers insight into how to tackle emerging o S L iraining transform.
- ) e find that the key enech en iraining -
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High-Performance |/O for Deep Learning \ai —
ai /

A Example: ResNe&B0 3.8Gflopinference, 3x for training
A ImageNet is 150 GiB forl.3M images\ average size 11&B, range: 508B 15MiB
A MLPerfv2.1 on one H10081k samples/#y, 9.3 GiB/s random access ~50 SSDs / GPU

Likely more for problems from scientific computing!
A Training on thousands of GPUs may need to manage 10,000s of SSDs

Nearoptimal PreFetching System, akBloPFS

A .dz2i 6Ké R2 ¢S YySSR (K2aS SOSYyK 5SSLI [SINYyAy3a |

A.&8 GN}YR2YEé3Z ¢S -randiosdguencasithyixed SeeisizR 2

This enables clairvoyant prefetching! O

-
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Clairvoyant Prefetching for Distributed Machine Learning I/f)xiv 2101.08734)

A NoPFScts as alistributed cachec each node keeps cachefully knowing about the futurd O
-

singleprocess access to samples
for ImageNet with 16 processes

Most samples accessed

< 4-6times by this worker
200000 PRNG seed — Access streamR = (---,7,4,5,8, )
Some Accesses for worker i

samples are
m 150000 accessed 18 Cached in local
2 t
= times! Srorage
©
2 100000 Long tail of samples Fetched from remote

accessed very frequenti workers
50000 I I
: _I Il-_
14 16 18

Access freq uency
10
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A NoPFScts as alistributed cacheg each node keeps cachgefully knowmg about the futurd

Batch time (s)
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Clairvoyant Prefetching for Distributed Machine Learning I/

o i PizDaint
1 oo 1.75 l
Max: 55.0 M$: 56.1 Max: 52.8 Max: 51.4 Max: §1. 1 50 }ax: A1 }ax: 6.3 }ax:B.T 'hax: 17.6 '}ax: 37.7 '}ax: 70.8
6 NoOPFS :
- 1.25
4 2 400 H
% 0.75
’ @ 0.50
0 “ “ 0.25 —
/" 32 64 128 256 0.00 ) . ; . o
PyTorch+ DALI #GPUs | 32 6 S#GPUS 56 5 0

ImageNet 1k with ResN&i0
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Clairvoyant Prefetching for Distributed Machine Learning 1/

A NoPFSicts as alistributed cacheg each node keeps cachefully knowing about the futurd

runtime per epoch (full training time)

300

= PyTorch mmm NoPFS mmm PyTorch === No /O

w w
o 400 mmm PyTorch+DALI === No |/O Y 200 mmm  NoPFS
E £ 5.4x faster
E =
o 200 S 100
o (=
L L

0 0

256 32

#GPUs

ImageNet 1k with ResN&iD
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Three Systems Dimensions in Lasgeale Supef S N Ay 3 X &
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High-Performance Compute High-Performance Communication
A Deep learning is HPC A Use larger clusters (10k+ GPUSs)
A Data movement! AModel parallelism
A Quantization, Sparsification AC_ompIemipeline schemes
A Drives modern accelerators! A Optimized networks
Data Movement Is All You Need: A Case Study on DlStrlbUtlon and Para”ehsm
e ® Data Pipeline | Operator

uage challenges such as artificial general intelligence [27). Thus,
transfarmer performance has been in the facus of
escarch and industrial

Wil

2020

=
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ur approach is applical
neural networks, and offers ins
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Data Movement Is All You Need:Case Study on Optimizing Transformers

BERT encoder  Output highly
Linear g A OptimiZEd .
Cj;:] P{Add & Layerorm) Operator class % flop % Runtime
(L concatenate ] [Feedfmward ”et] £ Tensor contraction 99.80 61.0
XY =
Scaled dot-product attention (Add & LayerNorm) £ Statistical normalization 0.17 25.5
softmax s %
’-H_']ﬁ ’-H']ﬁ H—'a—J [ —— ]v Elementwise 0.03 13.5
L|near Lmear Lmear attention B
0.2% 39%
t & 9
_— Y
Positional
5
[ nput embedding | Our performance improvement for BERarge
o 30% ovePyTorch
20% oveiTensorflonw+ XLA
e e e 8% oveDeepSpeed
Last week, OpenAl published a paper detailing GPT-3, a machine learning model that achieves
strong results on a number of natural language benchmarks. Ay 175 billion parameters
where a parameter affects data's prominence in an overall prediction, it's the largest of its est. SaVingS on AWS O\ByTOI‘Ch
kind. And with a memory size exceeding 350GB, it's one of the priciest, costing an estimated $85k for BERT $3 6M GBT
$12 million to train.
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Data Movement Is All You Need:Case Study on Optimizing Transformers

° /\ Tensor contraction ‘b , ( :”: ) i
§V> % [ ] Normalization §© % different data dxiin2, linl

(O Elementwise 910 9G M: 4096, N: 4096, K: 1024, B: 1
whi,ibk->whbk phl ibk- >phbk ph| ibj- >phbj layouts T BN

l \ . Tensor Cores -_ e

aM 34M - worst: 3.29 ms best: 2.32 ms a C e
bias [wh] dropout . L6.bit FPUS —0—“
b 05 | 0.5 https://github.com/spcl/dace
, las [ph] bIaS [ph] 0 25 50 75 100
G d |ffe re nt fUSion % of peak performance
4
Awhbk hbjk- >thj - w7 @ strategies
4G 102 . . .
@ Aphbk’phbj->hbj 5 10 = flop worsﬁlg.Sﬂ worthAloBses Conflg u ratlon SeIeCtlon g raph
v 10 < flop QKV-fused AIB
0.75-
il 'b @ | infout out
A, Whi-whbj->ib) o
| 168M < 050- —
S
=

target

ftmax [
@ bias [} | M HA i {} 0.25-

0- pest: 0.065 0.00- best 0.033

Full BERT encoder layer performance (ms)

data layout
TF+XLA PyTorch DeepSpeed Ours
Forward 3.2 3.45 2.8 2.63 '
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Moving Data is Most Expensive!

Techniques to Shrink ML Data
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Quantization¢ Running Gigantic LLMs on Reasonable Systems ﬁ

A Brains have limited precision! Why are we computing with FP327?

A For technical reasons (SGD, optimization, how we quantize)

AbSdz2NRPya Ay | ALILIRZOI YLIMza Oly GNBftAlIofteé RAAGAYIdzA &K |

4.6 bits of information! A[)

A GPT3 has up to 175 billion parameters

A 700 GiB in FP32, 350 GiB in FP16/BF16

A Rounding to <5 bits is not so simple

A Requires some foundation and many tricks

Al 2yaARSNI aSNNENI fFyRaOrLISaRd T
A N
W

14

SR Y2 R@)t)

10 — 10 16 —10 0671

— / AN
&/ dzNIJI U dzNB éHigheForder i NF <<<C>>>

OF 1 & &aS$y a0 Gr sugRtiglassk ‘
(6]
>

[L]BartolS G | £ @3 &1 ALILER OF YLI € { LMAeLi®20155+ R { A1 S84 ' NB | A3Kfe& t NBOAASE >
[21LeCunDenkerSollsY & hLIJGAYLFf . NIAY S5IFYFASe¢sS bLt{ Qdn
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Quantization¢ Running Gigantic LLMs on Reasonable Systems ﬁ

A Quantization objective for low precision rounded weights GPTQ: ACCURATE POST-TRAINING QUANTIZATION FOR
s ~ Ve Lr o ’ . GENERATIVE PRE-TRAINED TRANSFORMERS
AOCI i 0l

A Solve PTQ optimizatioproblem row by row of0  mmnn
A Round row and push the error forward using the inverse Hessian m
A Update Hessian for each column
A Tricks

A B I OCk u pd ates for b etter |O Cal ity (1OX S pe ed u p) Generative Pre-trained Transformer (GPT) models set themselves apart through breakthrough per-

formance across complex language modelling tasks, but also by their extremely high computational
and storage costs. Specifically, due to their massive size, even inference for large. highly-accurate
4 . . . ags GPT models may require multiple performant GPUs to execute, which limits the usability of such
A U Se C h O I eS ky to I nVe rt H eSS I an (h I g h e r Stab I I Ity) models. While there is emerging work on relieving this pressure via model compression, the appli-

cability and performance of existing compression techniques is limited by the scale and complex-
L ity of GPT models. In this paper, we address this challenge, and propose GPTQ, a new one-shot

A Work one transformer block at a time (6 operators fit in memory) securt and hghty fhcent. Specifcaly. GPTG con uanise GPT modls wih 175 biion

rameters _in approximately four GPU hours, reducing the bitwidth down to 3 or 4 bits per weight.

Ve

A Use quantized input from previous blocks for bléRk | = R A g LooH el Famly

60 4

&
w

it HET T
Ve . B . H

A Results

g 4ol o 50
gas é"

, . . § %40 A 3bit RTN
A Generative inference-2ax faster i

, . . o . . 5 50, H a
A 3 bitsA 66 GIB, fits in a single (higimd) A100 GPU! Eil v e D Erop S T

0] * 4bit GPTQ o ""'“'--3-..‘...__________,__ &

| Model | FP16 | 1024 512 256 128 64 32 | 3-bit | s T . - j E— & ! M

OPT-175B | 834 | 11.84 10.85 1000 958 0.8 894 | 8.68 Fparams in bilions Foerems n biliors

BLOOM 8.11 11.80 10.84 10.13 955 9.17 8183 8.64 Figure 1: Quantizing OPT models to 4 and BLOOM models to 3 bit precision, comparing GPTQ with the FP16

baseline and round-to-nearest (RTN) [34, 5].

Table 6: 2-bit GPTQ quantization results with varying group-sizes; perplexity on WikiText2.
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Quantization Reduces Data by an Order of Magnitud

How to GoFurther?
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A Brains are not densely connected! Why are DNN computations dense?
A For technical reasons (training, implementation etc.)
A We may want to shift towards sparse!

Sparsity in Deep Learning: Pruning and growth for efficient
inference and training in neural networks

Intuition: notall features
are alwaysrelevant!

TORSTEN HOEFLER, ETH Ziirich, Switzerland

. A DAN ALISTARH, IST Austria, Austria
£ 1 TAL BEN-NUN, ETH Ziirich, Switzerland
0 Re prese Nt as (SparSE) LB v &1 NIKOLI DRYDEN, ETH Zirich, Switzerland
vector sbace e E ¢ —  ALEXANDRA PESTE, IST Austria, Austria
grow| ey o/ = M Lo bt hsaad fice the size
L f 1 : of neural Back to data science — overview of approaches =B LS, sparse
V eSS Over Ittl ng ~ networks reduce the
L. cn memory f] Sparsification er growing
— tworks) - — ive tutorial
V I nterpretabl I Ity | :? spZ:siSﬁ $ Maodel Sparsity Ephemeral Sparsity .w ;an:n?:lgf
b (per model) (per example) oo
. ] neural ne sparsity in
V Pars I m 0 ny . practice. actitioners
wn who wish| Weights Neurons . Nefrunflike .Dm out ra ien;‘ 5 imi; \rward. We
i include th /\ = ST _J acen nse opimzson Imena such
Q a as carly s $ o N and show
the f_t_re wi_| b_ sp_rs T i
L _ _ _ 19 > that could ng on how
g sparsity ¢ Yo u
Q 7 R
. \;—-:‘ The Su] Sparsity in Deep Learning: Pruning + growth for efficient inference and training in neural networks as fEW as
Key resu ItS . G ; possible {5 ; aleble Paralel Computing Lab @ ETH Zu. @ G D Dswe seswe . prience -
[} — tein, 1933
- 95% sparse ResNB2, m | ! =
BERT, or GPT models © back =
! . . E >‘2 1 INTRODUCTION
= Esse ntlal |y Sam e q U al Ity «  Deep learning shows unparalleled promise for solving very complex real-world problems in areas
€3 such as computer vision, natural language processing, knowledge representation, recommendation

- U p to 20X C h eap e r! systems, drug discovery, and many more. With this development, the field of machine learning

is moving from traditional feature engineering to neural architecture engineering. However, still

| 2STFEtSNI SO It af LI NBAGE AV 5SSLI [SFNYVYAYIY t Ndzv AV 32102005543Jd®R2021 K T2 NJ STFFAOASY G AV T

w
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Sparse ML ComputationsVery Different from Scientific Computing!

Sparsity: 0.01

. . ot & e - L. ._‘( 0 200 400 600 800 1000
=F T e Ty -:':___ T ae O m 0 R R —— . —
" _’:_ ".'_-'. 200 - _.
e =1 : . ". '.-: . PR 400
.-:-: ] - 'i, ] - . j' -j I . “n.
Ny | TN SparsifieBERT

WK and WQ matrices
(39 encoder)

800 -

Sparse Matrices from Scientific Computing |
are quite structured! TWK son

0 200 400 600 800 1000
e "y .-\.. I — _
'If 1"||‘ t;\ T
., " i I
! o
A
\ .-
.l
.\:I
3

Sparse Matrices in Deep earning
are quite uniform{y random)!

00

I
LY

Source: Suite Sparse (sparse.tamu.edu)

WQ

1000 -} T
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Programming Sparse ModetsMeet PyTorchSten(arXiv:2304.07613) ( )
Sparsity Layouts Operators Sparsifiers
( Outputs \
Dense Tensor Inputs Streamed
Dimensions Blocked
Strides '\’ Materialized
Dense values A Output
> —>
Sparse Tensor
Dimensions
Sparsity Format v < v ”
Compressed values : eep-a
. q f!m?jlim?"tit/'o': ¢ Random fraction
etine ylnpu outpu Scalar threshold
sparsity layout
Selected Availabl€parsifiers
Keep all Random fraction Scalar threshold Per block fraction Scalar fraction
B—>0 B—> 0 B—> [ —> B I—.>D —> B I—.>D
do not drop if drop if Find block Drop if Find Drop if
drop rand < 0.5 value <0 guantile q below quantile q below

Blocked
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StenPerformance

Custom implementation of
matrix multiplication:
sparse @ dense> dense
Linear layer.:y =W+ Db

S/ VN

dense dense sparsedense

2.6 sparse format

| EEENIEE BB

s b

| Scaled dot-product attention i \

| ! Add & LayerNorm

! [ softmax(aQnK}, )V, ]J : -.[ V/J/

T e | e

e C C g Multi-head
E[Linear]_] [Linear]_] [Linear]J/r /rattention ]
L f f f e RT
.o K V. Y,

S or . ETHzlrich

e 1 ------------------- " N BERT (base) from HuggingFace
| Linear

N\—{Add&LayerNorm} batch size 8
e sequence length 128
[ Concatenate ] \| | Feedforward net o ] .
5 | |Rew(xw1+bl>wz+bz |:> Sparsified linear layer weights

Intel i7¢4770 CPU

VENOM @ SCZ2310x speedup on GPUS!

w® /I &0 WENOM: A Vectoridew N:B Format for Unleashing the
Power of Sparse Tensor Caxes I OOSLIJISR 0 {/
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Model Compression Enables

More Efficient Processing

Which Makes Data Movement Even More Important!

Especially in the Network!
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High-Performance Communication

A Use larger clusters (10k+ GPUS)
AModel parallelism

A Complexpipeline schemes
A Optimized networks

Distribution and Parallelism
Data Pipeline | Operator

Iullwll‘lmll.‘l.‘l
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The Three Dimensions of Parallelism in Deep Learningv:1502.09941)

S

Data Parallelism

g
]
4
4

T. BenNun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning:Dapth Concurrency Analysa XiviFeb 2018 26
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Data-parallel Gradient Sparsificatiorg Top-k SGD @

A Turns out 9899.9% of the smallest gradient values can be skipped in the summatiahsimilar accuracy
A Accumulatethe skipped values locallfconvergence proof, similar to async. SGD with implicit staleness bounds [1

ResNet110 on CIFAR10
2.0
Assum ve:
I tn 1.5 -
A=
=
c
£ 1.0 |
©
—

. 0.5 )
Discuss tasks in
Section

0.0 1
] ] ] ] ] ] 1 ] ]
0 20 a0 60 80 100 120 140 160
Epoch
—— Baseline —— TopK [K=0.025%] —— TopK [K=0.1%] —— TopK [K=0.2%]

OMB S5y fAadl NKZ ¢ SparsHiad NI RN S it KBS i R BENA Sb/IOtS{ @y
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SparCMI¢ Sparse Allreduce for Decentral Updates @
U 0 U 0

Six epochs, 60 million params
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Microsoft Speech Production Workload ResqlsweeksA 2 dayd

System Dataset | Model # of nodes | Algorithm Speedup
Piz Daint | ImageNet | VGG19 8 | Q4 1.55 (3.31)
Piz Daint | ImageNet | AlexNet 16 | Q4 1.30 (1.36)
Piz Daint . | Topl6_Q4 3.65 (4.53)
EC2 MNIST MLP 8 Topl6_Q4 | 19.12(22.97)

C.Renggli TH et alSparCMLHighPerformance Sparse Communication for Machine Learning, SC19
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