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Supervised Machine Learning
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Empirical Risk Minimization

min — E loss(h™( aj

wERd

min E, p)~p [loss(h”(a), )]

min Eeop |fe(2)]



Distributed Machine Learning

Why Distributed?

s | 8 B

Reason 1: BIG Data does not fit into a single device

(@

Reason 2: Data Privacy in Federated Learning

Reason 3: Parallel Computation



Distributed Learning in Practice

CSCS: Europe’s Top Supercomputer (World 4th)
* 4500+ GPU Nodes, state-of-the-art interconnect

Task:

* Image Classification (ResNet-152 on ImageNet)
* Single Node time (TensorFlow): 19 days
* 1024 Nodes: 25 minutes (in theory)
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Distributed Optimization Problem

n
. deft 1
min § f(z) = = fi(x)
rceRd n “
Overall risk/loss l .-
__D _ _D
— @ — @ — @ Gradient Descent
k+1 _ k k
D, = Dy w D, L — X Vf(él? )

fi(z) = Eenp, [fe(2)]

fa(z) = E¢n, [fe(2)]



Distributed Gradient Descent

Current model

Vfl (:Ck) sz (C)Zk) an (il?k) — Computation step



Distributed Gradient Descent

Computation step
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Distributed Gradient Descent

Communication issue
(uplink)

Computation step

Compression step
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Distributed Compressed Gradient Descent

Aggregated gradient

g = = 3 CHV (")
1=1

Lighter
Communication

S Computation step

(an (:Ck)) — Compression step
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Distributed Compressed Gradient Descent

Aggregated gradient

|

g' = ZCf(Vfi(xk))
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Distributed Compressed Gradient Descent

Aggregated gradient

g = = 3 CHV (")
1=1

Communication issue
(downlink)
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Distributed Compressed Gradient Descent

Aggregated gradient

1 n
k k k
9" = ;ZC@ (V/fi(z"))
1=1
k+1 9k k
— &L — 79
Updated model stepsize

—

Aggregated gradient

Update the model
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Distributed Compressed Gradient Descent
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Contributions

» Compressed communication

* Sign (1-bit) compression

™ Mher Safaryan, Peter Richtarik
Stochastic Sign Descent Methods: New
Adobe Algorithms and Better Theory, ICML 2021

vector g € R?

_l_ 1 lf gJ N O 32 Bits
. } 0.4 1
(Slgn g)g a < D 1 lf gj < O Slgn |: 8 3 :| — |: 01 :| Sign Exponent Mantissa
\ O lf gj — «<— 1Bit—> <«——8Bits > < 23 Bits

entry 7 € {1,2,...,d}
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Contributions

» Compressed communication

* Sign (1-bit) compression

™ Mher Safaryan, Peter Richtarik
Stochastic Sign Descent Methods: New
Adobe Algorithms and Better Theory, ICML 2021

4 , |
+1 with prob. % + %g—” —— [ 0.4 B(0.9)
— 4 lg] sien| 0 | = | B(0.5)
—1 with prob. £ — 1.2 “-os B(0.2)
\ PEOD- 2 7 27[]
Stochastic : _ 1 1 9;
sign Bernoulli random variable B(5 + 577r)
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Contributions
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» Compressed communication

* Sign (1-bit) compression

* Contractive compression
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Aleksandr Beznosikov, Samuel Horvath,
Peter Richtarik, Mher Safaryan

On Biased Compression for Distributed
Learning, JMILR 2023

Mher Safaryan, Filip Hanzely, Peter Richtarik
Smoothness Matrices Beat Smoothness Constants:
Better Communication Compression Techniques for
Distributed Optimization, NeurIPS 2021

Bokun Wang, Mher Safaryan, Peter Richtarik
Theoretically Better and Numerically Faster
Distributed Optimization with Smoothness-
Aware Quantization Techniques, NeurIPS 2022
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Contributions

» Compressed communication
* Sign (1-bit) compression
* Contractive compression

* Second-order optimization

m = Mher Safaryan, Rustem Islamoyv,

Xun Qian, Peter Richtarik
: FedNL: Making Newton-type methods
Adobe applicable to federated learning, ICML 2022

m Xun Qian, Rustem Islamoy,
™ Mher Safaryan, Peter Richtarik

Basis Matters: Better Communication-Efficient
e o o rAdobe Second Order Methods for Federated Learning,

AISTATS 2022

(@

m Rustem Islamov, Xun Qian, Slavomir Hanzely,
™ Mbher Safaryan, Peter Richtarik
Distributed Newton-type methods with

n n
k+1  _k 1 2 k 1 k ‘ communication compression and Bernoulli
X =T — | — E [V f@ (ZC )] E V f i (33 ) Adobe . oregation, TMILR 2023
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Contributions

» Compressed communication
* Sign (1-bit) compression
* Contractive compression

* Second-order optimization

» Infrequent communication

= Artavazd Maranjyan, Mher Safaryan, Peter Richtarik
Gradskip: Communication-accelerated local
. gradient methods with better computational
Adobe complexity, Master’s thesis, YSU, 2022

kgt [ =0)
k+1 -

1 .
' n Z ("Bf o ’Ygf) ) if Ck+1 = 1; Communication step
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Contributions
» Compressed communication

* Sign (1-bit) compression
* Contractive compression

* Second-order optimization
» Infrequent communication
» Asynchronous communication

m = Rustem Islamov, Mher Safaryan, Dan Alistarh
@ A Sharp Unified Analysis of Asynchronous-SGD
; Algorithms, Master’s thesis, IP Paris, 2023,
—

Adobe AISTATS 2024
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ot = ok — AV, (27)

Index of a machine Potentially outdated model
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Distributed Compressed Gradient Descent

Compression operator

ck:R? - RY

.
k+1 _ k) /}c ok
=t - 23 A"

)

2

Do we have convergence ?
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initial model parameters

Divergence with
biased compressor

x° x"
-
b= 2
3
£ ={ex)+ 4l
xO
¥
Vfl(xo):é[—ll,9,9:|T VI, (x )—5[9 -11,9] ng(x°)=§[9,9,—11]T
4 4 4

Top, (Vf.(x")) = %[—1 1,0,0] Top,(V£,(x") = %[0,—1 1,0]" Top,(VA(x") = é[0,0,—l ]
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initial model parameter .
tial model parameters stepsize

Divergence with R IR .

. ® $' = 1_.o0_ 1 : o _ i o
biased compressor Cf\/\) o =033 =1 )
1 k-th iterations

(1)
B _ k i 0
3 X —k1+ p J X
a=| 2
2 Diverges at
) - - i } . . i exponential rate
fix)={ax)+ x| fG0)=(ex)+ I
x! x'
0 t‘ T 0 4 T 0 t‘ T
Vfi(x ):5[—11,9,9] Vf, (x )=5[9,—11,9] Vf,(x )=§[9,9,—11]
\ 4 \ 4 \ 4

Top, (Vf.(x")) = %[—1 1,0,0] Top,(V£,(x") = %[0,—1 1,0]" Top,(VA(x") = é[0,0,—l ]



Error Feedback

Algorithm 2 EF-SGD (Compr. SGD with Error-Feedback)

1: Input: learning rate -y, compressor C(-), xo € R4
2. Initialize: e; = 0 € R¢
ml m2 m3 .. 3: fOl‘tIO,,T—ldO
: g; := stochasticGradient(x;)

4.
compression operator S Dt i=78t € > error COI’I’ECI{OH
6: A; := C(p:¢) > compression
7. Xi41 1= Xg — Ay > update iterate
c(ml _'_ED 8: err1 =Pt — A ;
t+1 t t > update residual error
9:

before after

compression compression . Sebastian U. Stich and Sai Praneeth Karimireddy
The error-feedback framework: Better rates for SGD with
& 11— O before . delayed gradients and compressed communication.
Adobe arXiv preprint arXiv:1909.05350, 2019.
€o|— [ml + 61] — [C(m1 + 61)}

compression compression ————
= Frank Seide, Hao Fu, Jasha Droppo, Gang Li, and Dong Yu
1-bit stochastic gradient descent and application to
. data-parallel distributed training of speech DNNs.
63 p— m2 —|— 62 —_— C(m2 —|— 62 ) Adobe In Interspeech 2014, September 2014.

initial error

updated error

updated error
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Distributed SGD with Biased Compression and Error Feedback

Parameters: Compressors C~ € B3(§); Stepsizes {n*}r>0; Iteration count K
Initialization: Choose z° € R% and e = 0 for all 4
for k=0,1,2,...,K do

Server sends z* to all n machines

All machines in parallel perform these updates:

gF = CF(ef +nFgk)
et = ef 4 nkgk — gk

Each machine ¢ sends gf to the server
Server performs aggregation:

1 n
mk-l—lzmk__E :gf:
n <
1=1

end for
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Thank you
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