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The problem
Parallel SGD _
>15 minutes
Communication bottleneck
Error-compensated SGD J
New methods: EC-GDstar, EC-SGD-DIANA and } 10 minutes
EC-L-SVRG-DIANA
Unified convergence analysis } 10 minutes
\
Experiments
>5 minutes

Other applications of the framework: methods without error-compensation
and methods with delayed updates
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Assumptions

‘ fl, f2, « ooy fn — L-smooth and convex

‘ f — strongly quasi-convex
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Assumptions

‘ fl, f2, « ooy fn — L-smooth and convex

‘ f — strongly quasi-convex

the solution of the problem
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Server broadcasts the parameters

Devices compute stochastic
gradients in parallel

Server gathers stochastic gradients

Server updates the parameters
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gradients in parallel
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Server broadcasts the parameters

Devices compute stochastic
gradients in parallel

Server gathers stochastic gradients
Server updates the parameters

Repeat steps 1 -4 k
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Server broadcasts the parameters

Devices compute stochastic
gradients in parallel

Server gathers stochastic gradients
Server updates the parameters

Repeat steps 1 -4 k

g1 /92 9n

Good news:

Very simple
algorithm -
Can be much faster

than non-parallel SGD
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Good news:

0 Overload of the server

Server broadcasts the parameters stepsize

Devices compute stochastic
gradients in parallel

x ﬂka—x —7 ZgZ

Server gathers stochastic gradients

Very simple
algorithm

Can be much faster
than non-parallel SGD

Issues: /ﬂ k

Server updates the parameters

Yk:
g
< communication is a bottleneck

Repeat steps 1 -4
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* How to Handle Communication Bottleneck?

‘ Change the topology of the network Decentralized optimization

Local-SGD/Federated Averaging

Do more work on each worker and ‘

communicate less _
We focus on this approach

‘ Send less information to reduce the communication cost /

Example: \\ 1 \// Compression operator / 0 \
\\ —)5’ —15
Send gf: = YQQ ‘ Send C(gf) = 0
// —R 0
/ 10 )\ \ 0 )



* How to Handle Communication Bottleneck?

‘ Change the topology of the network Decentralized optimization

Do more work on each worker and ‘

_ Local-SGD/Federated Averaging
communicate less

We focus on this approach

‘ Send less information to reduce the communication cost /

Example: \\ 1 \// Compression operator / 0 \
\\ —)5’ —15
Send gf: = YQQ ‘ Send gf) = 0
// —R 0
What are the options )
7 10 } A for choosing this? \ 0



Compression Operators

Unbiased compressors Biased compressors
(quantizations)

r— Qz) E[Q(x)]==x r — C(x)
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Unbiased compressors Biased compressors
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Unbiased compressors Biased compressors
(quantizations)
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Compression Operators

Unbiased compressors Biased compressors
(quantizations)
r— Qz) E[Q(x)]==x r — C(x)
2 2 2 2
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Methods with Unbiased Compressors

‘ QSGD

Iii\ Alistarh, Dan, Demjan Grubic, Jerry Li, Ryota Tomioka, and Milan Vojnovic. "QSGD:

«

Communication-efficient SGD via gradient quantization and encoding." In
Adobe) Aclvances in Neural Information Processing Systems, pp. 1709-1720. 2017.

‘ TernGrad

™ Wen, Wei, Cong Xu, Feng Yan, Chunpeng Wu, Yandan Wang, Yiran Chen, and Hai Li.
"Terngrad: Ternary gradients to reduce communication in distributed deep
Adobe/ Jearning." In Advances in neural information processing systems, pp. 1509-1519. 2017.

«

™ Mishchenko, Konstantin, Eduard Gorbunov, Martin Takag, and Peter Richtarik.
‘ | "Distributed learning with compressed gradient differences.” arXiv preprint
Adobe) A Xiv:1901.09269 (2019).

| Richtarik. "Stochastic distributed learning with gradient quantization and variance
Adobe| reduction.” arXiv preprint arXiv:1904.05115 (2019).

Iﬁ Horvéath, Samuel, Dmitry Kovalev, Konstantin Mishchenko, Sebastian Stich, and Peter
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™ Mishchenko, Konstantin, Eduard Gorbunov, Martin Takag, and Peter Richtarik.
‘ | "Distributed learning with compressed gradient differences.” arXiv preprint
Adobe) A Xiv:1901.09269 (2019).

™ Horvath, Samuel, Dmitry Kovalev, Konstantin Mishchenko, Sebastian Stich, and Peter
‘ | Richtarik. "Stochastic distributed learning with gradient quantization and variance

Methods with Unbiased Compressors

Sublinear convergence
rates even in the case
when workers quantize
full gradients

Converges linearly when
> workers quantize full
gradients

Adobe| reduction.” arXiv preprint arXiv:1904.05115 (2019). p



Parallel SGD with Biased Compressor Can
Diverge at Exponential Rate

ﬁ Beznosikov, Aleksandr, Samuel Horvath, Peter Richtarik, and Mher Safaryan. "On Biased
v Compression for Distributed Learning." arXiv preprint arXiv:2002.12410 (2020).
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Parallel SGD with Biased Compressor Can
Diverge at Exponential Rate

ﬁ Beznosikov, Aleksandr, Samuel Horvath, Peter Richtarik, and Mher Safaryan. "On Biased
v Compression for Distributed Learning." arXiv preprint arXiv:2002.12410 (2020).

n=d=3
A = (@ 41l ) = 04 el o) = (e + el
a=(-3,22)" b=(2,-3,2)" c=(2,2,-3)"

2V = (t,t,0)"

In this case Parallel SGD with Topl compression operator satisfies

I 4+ — trick called error-compensation

I ( 117) g 0 One can fix this using one special
r = X
§



4. Error- Cofnsated SGD

PDF ! Seide, Frank, Hao Fu, Jasha Droppo, Gang LI and Dong Yu. ;"‘1-b|t stochastlc gradient descent and
Adobe

its application to data-parallel distributed training of speech dnns." In Fifteenth Annual
Conference of the International Speech Communication Assoc:atlon 2014.

Stich, Sebastian U., Jean-Baptiste Cordonnier, and Martln Jaggi. "Sparsified SGD with memory."
go In Advances in Neural Information Processing Systems, pp. 4447-4458. 2018.

Fixes SignSGD and other Gradient Compression Schemes." In International Conference on

ﬁ Karimireddy, Sai Praneeth, Quentin Rebjock, Sebastian Stich, and Martin Jaggi. "Error Feedback
““2  Machine Learning, pp. 3252-3261. 2019.

ﬁ Stich, Sebastian U., and Sai Praneeth Karimireddy. “The error-feedback framework: Better rates for SGD
™ with delayed gradients and compressed communication.” arXiv preprint arXiv:1909.05350 (2019).

= Beznosikov, Aleksandr, Samuel Horvath, Peter Richtarik, and Mher Safaryan. "On Biased
g Compression for Distributed Learning." arXiv preprint arXiv:2002.12410 (2020).
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Step 1

Server broadcasts the parameters

Devices compute stochastic
gradients in parallel

Compression

Devices send compressed

vectors and save unsent
information
D
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Server broadcasts the parameters

Devices compute stochastic
gradients in parallel

Compression

Devices send compressed 1=1
vectors and save unsent
information

Server gathers
the information
and updates the
parameters

‘N
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devices keep these vectors for the next iterations
to partially send them later
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e Compression
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Step 2

Devices compute stochastic
gradients in parallel

e Compression

Old information devices want to send (memory)
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Server broadcasts new parameters

Devices compute stochastic
gradients in parallel

Compression

Devices send compressed
vectors and update unsent

information .
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Server broadcasts new parameters

Devices compute stochastic n
gradients in parallel 1 1
Compression - Ui
T
Devices send compressed 1=1
vectors and update unsent
information
Server gathers
the information
and updates the - __ 1
arameters | 1 -
P 61 - en
1 1 1 1 1 1
T =g T =5 g T =g,
1 _ 1 1y 1 1 1 1 1 1
vy =Cle; +74,) vy =Clea +793) v, =Cle, +79,)
2 1 1 1 2 _ 1 1 1 2 _ 1 1 1
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Step 2

Server broadcasts new parameters

Devices compute stochastic
gradients in parallel

Compression

Devices send compressed
vectors and update unsent
information

Server gathers
the information
and updates the
parameters

Devices update
their memory

2 1 1 2 1 1
e] =e1 791 — U |€2—62+’Yg2_"};|

2 1 1 1
€ = €2 T 792 — Uy
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Server broadcasts new parameters

Workers compute stochastic
gradients in parallel

Compression

Devices send compressed

vectors and update unsent
information
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Server broadcasts new parameters

Workers compute stochastic

gradients in parallel
Compression

Devices send compressed

vectors and update un
information

Server gathers
the information

Sem/i

and updates the
parameters

Repeat steps
1-5

Step k+1
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Q Converges even with biased compression operators

EC-SGD finds such ,C% that E[f(:f?)] — f(:l?*) < g after
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Error-Compensated SGD

Q Converges even with biased compression operators

EC-SGD finds such ,C% that E[f(:f?)] — f(:l?*) S E after
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Error-Compensated SGD

Q Converges even with biased compression operators

Q Fails to converge with linear rate even when workers compute full gradients

EC-SGD finds such ,C% that E[f(:f?)] — f(:l?*) S E after

Hides logarithmical

r —_— 2
e O = | 2 ./6 iterations
O L4 n,ue w/(g
BlC(2) — 2l < (1= §)ll«) B [of = VA ()| |*] <o
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" EC-GD and Logistic Regression

N
min < f(z) = %Zlog (1 +exp (—y; - (Ax);)) + %||;1;H2
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re i—1
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e EC-GD and Logistic Regression

N
min < f(z) = %Zlog (1 +exp (—y; - (Ax);)) + %||;1;H2

Rd
re i—1

sub-lineg[ convergence
w8a, 20 workers

a9a, 20 workers

—— GD —= ED
1 —— EC-GD top-1 —— EC-GD top-3
10 —=— EC-GD top-2 —=— EC-GD top-6
102
. 5
2210 = | 10-4
| | | |
I8 s <l
= | 10 x| 1076
10—7 10_8
0 10000 20000 38000 40000 50000

0 10000 20000 30000 40000 50008

Number of passes through the data Numberefpasses through the data

linear convergence



Error-Compensated SGD

Q Converges even with biased compression operators

Q Fails to converge with linear rate even when workers compute full gradients

Questions:

Is it possible to design linearly converging SGD with error compensation
when workers compute full gradients, i.e., linearly converging EC-GD?

Is it possible to design linearly converging SGD with error compensation
when the local loss functions have a finite-sum form?



Error-Compensated SGD

Q Converges even with biased compression operators

Q Fails to converge with linear rate even when workers compute full gradients

Questions:

Is it possible to design linearly converging SGD with error compensation
when workers compute full gradients, i.e., linearly converging EC-GD?

Is it possible to design linearly converging SGD with error compensation
when the local loss functions have a finite-sum form?

The answer is Yes for both questions
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Ec-GDfindssuch & that B[f(Z)] — f(x™) < & after

ggti?;ogarithmical —»5 L \/zg
JUBNTIAVE

iterations

What if devices know these vectors from the beginning?
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Step k+1

Server broadcasts new parameters

Workers compute shifted
gradients in parallel

Compression

Devices send compressed
vectors and update unsent
information

Server gathers
the information
and updates the
parameters

Repeat steps
1-5
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8 The method is impractical: it uses the gradients at the solution



EC-GDstar: Rate of Convergence

EC-GDstar finds such 0 that E[f(fl?)] — f(a:*) < € after

L 1
O (— 11’1 —) iterations
o €
Q Linear rate

8 The method is impractical: it uses the gradients at the solution

Can we develop a practical analog?






EC-SGD-DIANA

The same scheme as for EC-SGD




EC-SGD-DIANA

ot -

g —hi +h"



EC-SGD-DIANA

I




EC-SGD-DIANA

G - 1+

Works for both cases:

® /i(v)=Ecp [fo()] |df]= Ve (b

@ /)= fil)  |8]= V")
j=1

l ~ [m] uniformly at random



EC-SGD-DIANA

g; =G5 — hi + h*

stepsize

A= vah e i - )

Works for both cases:

® /i(v)=Ecp [fo()] |df]= Ve (b

@ /)= fil)  |8]= V")
=1

l ~ [m] uniformly at random




EC-SGD-DIANA

i

stepsize

ok =t pE = h§\+‘ag (F

Workers send
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The key insight why do
we need {h¥}7;
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1=1

coming from compressions
via learning the gradients at

the solution! stepsize Server broadcasts

\ this vector to the
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Workers send
these vectors
to the server
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e EC-SGD-DIANA: Rate of Convergence
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Option IO | w 4 | |
Hides Iogarithmical< 6“ npe 5M\/E iterations

factors 9 5
Option II: 6 l+w | L | o | Lo
0 o npe  py/de




» EC-SGD-DIANA: Rate of Convergence

EC-SGD-DIANAfinds such T that B[ f(Z)] — f(x™) < & after

| ~ ( L o° Laz)
Option IO | w 4 | |
Hides Iogarithmical< 6“ npe 5M\/E iterations

factors 9 7 5
Option II: 6(1+w | L o o )

0 '(M'nuslu\/g

Moreover, if workers compute full gradients, then the rate of convergence is linear

(w5 )






e EkC-LSXRG-EIAN?

Works for the case:

O fz Zfzy




H02 EC- LSVRG DIANA
gk gz- — B+ AP

- vt ()= 1 ()45 (wh)

Works for the case:

O fz Zfzy




. EC-LSVRG-DIANA
gf — gzk T hl{ —|— hk N ] uniformly at random

gf|= Vi (") -V f( )+ i (wf)

Works for the case:

® /i(x Z fij(x)
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EC-LSVRG-DIANA
o =[Gl - 1 + 1t

( )i

w/ngrl

® /ilx

I~ |

m] uniformly at random

() v (&

)

] with probal

Works for the case:

{a: . with probal

Z fij(x)

bility p

bility 1 — p
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EC-LSVRG-DIANA
gk gzk — hl{ —|— hk ZlN m] uniformly at random
~k L
9; |= ( )—Vf(:EDJer@ ’w@)
Reduction of the variance k41 ZC ) with probablhty D
introduced due to the w;, —
stochasticity of the gradients ] @7 Wlth pfOb&blhty 1 — P
o Works for the case:
LL‘k- xk+1—xk—giz_;vf

® fi(x Z fii(x)



*®  EC-LSVRG-DIANA: Rate of Convergence

EC-LSVRG-DIANA finds such I that E[f(fl\?)] — f(il?*) < € after



" EC-LSVRG-DIANA: Rate of Convergence

EC-LSVRG-DIANA finds such I that E[f(:f?)] — f(il?*) < € after

L 1
O ((w + m - ) log —> iterations
O €







o Unified Theory of SGD

The Problem: min f(x
e rropiem wERdf( )
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. | 3 Eg;D [ff(x)]
The Problem: gel%éclz f(ili’) f(x) B % ; f,&(ﬂj‘)



111 Unified Theory of SGD

. | 3 Eg;D [ff(x)]
The Problem: gel%éclz f(ili’) f(x) B % ; f,&(ﬂj‘)

The Method: xk+1 — xk B f}/gk



B Unified Theory of SGD

. Eep [fe(2)]
The Problem: gel%@% f(ili’) f(ﬂl‘) _ % Z fz(w)
The Method: [L'k+1 — .CCk _ ,}/gk‘ i=1

The Assumption: 4, [gk | ;Ck] — Vf (CBk)




- Unified Theory of SGD

. Eep [ fe()]
The Problem: ;[}elllRI}; f(.f[?) f(.’l?) _ % Z fz (x)
The Method: xk"H — .Tk _ ,.ygk i=1

The Assumption: {, [gk ‘ ,C[,’k] — Vf (./I?k)

. Reflects smoothness properties of the problem and noises introduced by stochastic gradients



e Unified Theory of SGD

. Eep [fe(2)]
The Problem: gel%@% f(ili’) f(ﬂl‘) _ % Z fz(w)
The Method: [L'k+1 — .CCk _ ,}/gk‘ i=1

The Assumption: 4, [gk | ;Ck] — Vf (CBk)

2 (g8 | 2*| < 24 (f (%) = £ (2%)) + Bo? + Dy
E [o}1 | 07] < (1 —p)oi+2C (f («") — f (a¥)) + Ds

Reflects smoothness properties of the problem and noises introduced by stochastic gradients

Describes the process of variance reduction
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Method A B P C Dl Dg
SGD 2L 0 1 0 207 0
SGD-SR 2L 0 1 0 202 0
SGD-MB A +L{r-1) 0 1 0 D 0
SGD-star 2L 0 1 0 0 0
SAGA 2L 2 1/n L/n 0 0
N-SAGA 2L 2 1/n L/n 202 “?—12
SEGA 2d L 2d 1/d L/d 0 0
N-SEGA 2dL 20d | 1/d L/d 2do a
SVRG® 2L 2 0 0 0 0
L-SVRG 2L 2 P Lp 0 0
DIANA (1+22) L = a La R
DIANA® (14 2w)L 2w e Lo 0 0
Q-SGD-SR 2(1 +w)L 0 1 0 2(1 +w)o? | 0
VR-DIANA | (14 42y | 20D o (L4 4a)L 0 0
JacSketch 2L, 2Amax |\ L2 0 0

n
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If the stepsize satisfies




o Main Theorem

If the stepsize satisfies

0 <~ <mi l ! h M>E
v < min u’A+CM ,  where P

then the iterates of SGD satisfy

B " D1 + M Dy)~2
E [V*] < max { (1— ), (1+—p) oy D1t MDa)y
M min {yu, p — 57

def 2
where Vk — * 4-]\4"}/20'112C

2" —



e Main Theorem

If the stepsize satisfies

0 <~ <mi l ! h M>E
v < min u’A+CM ,  where P

then the iterates of SGD satisfy

B " D1 + M Dy)~2
E [V*] < max { (1— ), (1+—p) oy D1t MDa)y
M min {yu, p — 57

def 2
where Vk — * 4-]\4"}/20'112C

2" —

||£l?k - ZU*HQ < Vk
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Table 1: List of specific existing (in some cases generalized) and new methods which fit our general analysis
framework. VR = variance reduced method, AS = arbitrary sampling, Quant — supports gradient quantization,
RCD — randomized coordinate descent type method. @ Special case of SVRG with 1 outer loop only; ¥ Special
case of DIANA with 1 node and quantization of exact gradient.

Problem Method Alg # Citation VR? | AS? | Quant? | RCD? | Section Result
(T —+ 2 SGD Alg l Nguyen et al.| (2018 X X X X Al Cor|A.1
(1)+ E SGD-SR Alg z Gower et al. (2019 X v X X A2 Cor|A.2
(1)+(3 SGD-MB Alg3 NEW X X X X A3 Cor /A3
(1)+(3] SGD-star | Alg|4 NEW v v X X A4 Cor A4
(1)+ g SAGA Alg 5 Defazio et al.| (2014 v X X X A5 Cor A5
(1)+(3 N-SAGA Alg 6 NE X X X X A6 Cor|[A.6
|| o SEGA Alg z Hanzely et al.| (2018 v X X v AT Cor |[A.7

(1) N-SEGA Alg 8 NEW X X X v A8 Cor|A.8

(1 —+ § SVRG“ Alg 9 Johnson and Zhang| (2013 v X X X A9 Cor|A.9

(1)+ g L-SVRG Alg 10 Hofmann et al. (2015 v X X X Al Cor |A.1
(1)+(3 DIANA Alg[11] | Mishchenko et al. (2019a X X v X ATl Cor |A11
(1)+ g DIANA® Alg 12 Mishchenko et al.| (2019a v X v X A.11 Cor (A.12
(1)+(3] Q-SGD-SR | Alg|13 NEW X v/ v X A2 Cor [A.13
(1)-+(3)+(4) | VR-DIANA | Alg[T4 | Horvath et al. (2019 v X v X A13 | Cor|AT5
1 +G§D JacSketch | Alg[I5 Gower et al.| (2018 v X X X A14 Cor [A.16




6.2. Unified Conrergence Analysis
of Methods with Error Compensation



4 Key Assumption

Zgz, ]E[gkmk]zvf(fk) §£€:E[Qf|$k}

nl—
_Z g <2A (") — f(2)) + Bio7, + Baos  + D1
_ZE[ G 2|xk:§2A(f( )_f(x*))+§10%k‘|‘§20§k+51

(|l 2] <24 (7 (&) - f (@)
I [U%k—l—l | o} k> 02 k] < (1—=p1)oi k+201 (f ") — )—I—Gp102 p T D2
E[U§k+1|02k} §(1—p2)02k—|—20 (f (CUk) f( ))

) Bio_lk_‘_BQO_Qk_‘_D,
(
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— Key Assumption
gk:lzgf, E [gk | xk} =V/ (:vk) gi =K [g; | "]

E (07 1 | 01g 054] < (1= p1) ot +2C1 (f (2) = f(27) +Gpros .+ Da
£ [Ug,k—l—l | Ug,k] < (1—p2) Ug,k + 205 (f (ﬂfk) — f (5’7*))

Reflects smoothness properties of the problem and noises introduced by compressions and
stochastic gradients



2 Key Assumption

a —ifjgf, E|g" |2t =vf(oF) g =E[gF |2

E [0 1 | 074, 054] < (1—p1) 0y, +2C1 (f (2%) — f(27)) +Gpro 4+ Dy

E 020 | 02,] < (1= po) 02, +2Cs (f (%) — f (27))

Reflects smoothness properties of the problem and noises introduced by compressions and
stochastic gradients

Describes the process of variance reduction of the variance coming from compressions
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Key Assumption

_lf:gf, E|g" "] = v (a*) gF=E[gf]2"]

—ZE[

—Z\
et < 2A(f (@F) ~ £ @) + Buot 4 Buode + Dy
Mg | 2| < 24" (f («%) — f(2%)) + Bioi .+ Byoy, + Dj

g; < 2A ( ) —f (95*)) T Blaik T B20%,k + Dy

E (07411 | 01k, 054) < (1—p1) ot ,+2C1 (f (2°) — f (2)) +Gpro; 4+ Do

£ [O-g,k—H | Ug,k] < (1—p2) Ug,k + 20 (f (ﬂ’fk) — f (37*))

Reflects smoothness properties of the problem and noises introduced by compressions and
stochastic gradients

Describes the process of variance reduction of the variance coming from stochastic gradients
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Main Theorem
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Main Theorem

W (z°, )
/ Y
TH o P1 PQ}
"4 4
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Main Theorem

Some quantity depending only on the
starting point and stepsize

E[f(z")~f (w*ﬂ</(1;f7)ﬂ (‘Z )
- {2,122



+e8 Main Theorem

Some quantity depending only on the
starting point and stepsize

N\

U (2" ~
/ (az}/?,}/) I r}/(IT) (DllejDiﬁDQ)

YU P pQ} Linear function
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Methods with Error Compensation Covered by

Our Framework

Problem | Method Alg # | Citation | Sec # Rate (constants ignored)
; _ ) é vVLL Var | \/L'(V:LH‘C%X‘S)
(1)+(3) EC-SGDsr Algi new H.1 @ + 5t s VT
¢ / ) iF ‘ e ar L Var—l—{g )
(1)+(2) | EC-sG6D Algi H.2 O(5+ms+ v (wﬁ ”)
+ EC-GDstar Alg E new H.3 O (£log i)
Option I: O (w + £+ nOi N -;f_:ggz‘)
(1)+(2) | EC-SGD-DIANA Algl6 new H.4 > (e ! "L
_ ) . v o
Option II: O ( + 5+ FW‘-“ + ,u\/o_c>
Option I: O (W + f - ""éi’c - ?\;;r —+ Vé’r:_\’,}r)
(1)+(3) | EC-SGDsr-DIANA | Alg|7 new H.5 ) A
Option 11: O ( Lo £y JLL | Nar f};—)
—I— EC-GD-DIANAT Alg E new H.4 @, (( 3) log )
||| EC-LSVRG Algi new H.6 O (m + = + ;{i@
i - E EC-LSVRGstar Alg|9 new H.7 O ((m + 2) log 1 1)
1)+(3) | EC-LSVRG-DIANA | Alg |10 new H.8 O((w+m+ %) log 1)




“"Methods with Error Compensation Covered by

Our Framework

Problem | Method Alg # | Citation | Sec # Rate (constants ignored)
_ A ,c VEL | Var , VL(Vart¢2/s)
||'|| EC-SGDsr AIgE new H.1 @, + 5 + B + v
[M)+@) | Ec-sep Algla 5] H.2 o( + :;f VL(Vart<y/s) )
(I)—[E EC-GDstar Alg E new H.3 O (& = log i
Option I: (j ( w4+ <+ I;h + \\T )
(1)+(2) | EC-SGD-DIANA Alg |6 new H.4 A VAN
Option II: 0( R
|| ) a TLLLE TRy /
Option I: (9( —|— = + “’o” :;r — "G‘i’\\;,lr)
(1)+(3) | EC-SGDsr-DIANA | Alg|7 new H.5 _ _ oL
| Option II: O ( 1w + % —i— 5# VLL | n;’; + ﬂ_\}/a—;r)
(1)+(2) | EC-GD-DIANAT Alg[6 new H.4 O ((w+2)log )
(1)+(3) | EC-LSVRG Alg|8 new H.6 O (m 454 \@{ LLC
1)+ (3] EC-LSVRGstar Alg 9) new H.7 O ((m + = ) log 1)
(1) +(3] EC-LSVRG-DIANA | Alg |10 new H.8 O ((w+m+ %) log L)
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Methods with Error Compensation Covered by

Our Framework

Problem | Method Alg # | Citation | Sec # Rate (constants ignored)
A(c | VEL | Var , VL(Vartc?/s)
||'|| EC-SGDsr AIgE new H.1 @, ( + 5 + B + v
[M)+@) | Ec-sep Algl4 5] H.2 Oleym A
(I)—[E EC-GDstar %1;? new H.3 O ( = log i )
Option I: (} ( w4+ <+ ;;: + :{—t )
(1)+(2) | EC-SGD-DIANA Alg |6 new H.4 | AN
Option 11I: O (1;— £ o 4 VLo )
| ) (4] T LLE L/
Option I: O (\.u + =+ “’o” :;‘; - "Gi’\\;lr)
(1)+(3) | EC-SGDsr-DIANA | Alg|7 new H.5 e N -
| Option II: O ( + —i— 6” VLL | e T o< )
(1)+(2) | EC-GD-DIANAT Alg[6 new H.4 O ((w+2)logl)
(1)+(3) | ECc-LSVRG Algl8| | new H.6 O (m PR
1)+ (3] EC-LSVRGstar Alg 9) new H.7 O ((m + = ) log 1)
(1) +(3] EC-LSVRG-DIANA | Alg |10 new H.8 O ((w+m+ %) log L)

Our framework covers even methods without error compensation and

methods with delayed updates
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phishing, 20 workers

100!
10-1.
10-2.

%1073,
11074,
;510—5_
10-6.
10-7.

fix<) = fx")

EC-SGD top-1

EC-SGD-DIANA top-1 rand-1
EC-SGD-DIANA top-1 I2-quant
EC-L-SVRG top-1
EC-L-SVRG-DIANA top-1 rand-1
EC-L-SVRG-DIANA top-1 I2-quant

—
+
=
-o—
——
—-

0

50 100 150 200
Number of passes through the data

fix<) — fix")

Logistic Regression with |12-regularization

phishing, 20 workers

100/
10-1.
10-2.

x 1073/
11074
?_.}10‘5
10-6.
10-7.

f(

EC-SGD top-1

EC-SGD-DIANA top-1 rand-1
EC-SGD-DIANA top-1 I2-quant
EC-L-SVRG top-1
EC-L-SVRG-DIANA top-1 rand-1
EC-L-SVRG-DIANA top-1 I12-quant

—
—4-
—
-
—k—
=

0

1000000 2000000 3900000 4000000 5000000
Number of bits per worker
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fix<) = fx")

phishing, 20 workers

100,
10—1,
10—2,

510—3,
[res

| 10—4,
*10-5]

*

&
10—6,
10—7,

LSRR

EC-SGD top-1
EC-SGD-DIANA top-1 rand-1
EC-SGD-DIANA top-1 I2-quant
EC-L-SVRG top-1
EC-L-SVRG-DIANA top-1 rand-1
EC-L-SVRG-DIANA top-1 I2-quant

0

50

100
Number of passes through the data

150

200

fix<) — fix")

Logistic Regression with |12-regularization

phishing, 20 workers

100
10—1,
10-2.

1073

10—4,

")

0= A

X10-5
10—6,

10—7,

—— EC-SGD top-1

—)— EC-SGD-DIANA top-1 rand-1
—<— EC-SGD-DIANA top-1 I12-quant
—@— EC-L-SVRG top-1

—A— EC-L-SVRG-DIANA top-1 rand-1
—— EC-L-SVRG-DIANA top-1 I2-quant

el

0 00000 2000000 3000000 4000000 5000000

Number of bits per worker

partial variance reduction




" Logistic Regression with |12-regularization

phishing, 20 workers

phishing, 20 workers

el

—— EC-SGD top-1

—)— EC-SGD-DIANA top-1 rand-1
—<— EC-SGD-DIANA top-1 I12-quant
—@— EC-L-SVRG top-1

—A— EC-L-SVRG-DIANA top-1 rand-1
—— EC-L-SVRG-DIANA top-1 I2-quant

10°, —— EC-SGD top-1 1001
10-1. —(— EC-SGD-DIANA top-1 rand-1
—<— EC-SGD-DIANA top-1 2-quant 101,
10—2, —@— EC-L-SVRG top-1
—~— —A— EC-L-SVRG-DIANA top-1 rand-1 1072,
* * 3 S - pu rand- |~~~
—3] M- EC-L-SVRG-DIANA top-1 I2-quant x|
S|210 Ak i x[x1073]
{1104, Dl _a]
ol - 11110
— X
=[2107 X|x10-5
[y
-6
10 10—6,
-7
10 10—7,
0 50 100 150 20 0

Number of passes through the data

partial\variance reduction

full variance reduction

00000 2000000 3000000 4000

Number of bits per
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“ More Methods Fitting our Framework

The generality of our approach helps to obtain convergence guarantees for a big number of
different stochastic methods (even without error compensation). Here are some examples.



“*  More Methods Fitting our Framework

The generality of our approach helps to obtain convergence guarantees for a big number of
different stochastic methods (even without error compensation). Here are some examples.

‘ Methods without error feedback: SGD, SGD-SR (arbitrary sampling), SAGA, SVRG,

L-SVRG, QSGD, TernGrad, DQGD, DIANA, DIANAsr-DQ, VR-DIANA, JacSketch,
SEGA

bold font = new method



¥ More Methods Fitting our Framework

The generality of our approach helps to obtain convergence guarantees for a big number of
different stochastic methods (even without error compensation). Here are some examples.

‘ Methods without error feedback: SGD, SGD-SR (arbitrary sampling), SAGA, SVRG,
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The generality of our approach helps to obtain convergence guarantees for a big number of
different stochastic methods (even without error compensation). Here are some examples.

‘ Methods without error feedback: SGD, SGD-SR (arbitrary sampling), SAGA, SVRG,
L-SVRG, QSGD, TernGrad, DQGD, DIANA, DIANAsr-DQ, VR-DIANA, JacSketch,
SEGA

. Methods with delayed updates: D-SGD, D-SGD-SR (arbitrary sampling), D-QSGD,
D-SGD-DIANA, D-LSVRG, D-QLSVRG, D-LSVRG-DIANA

Q In one theorem, we recover the sharpest rates for all known special cases

Q Our analysis works for non-strongly convex objectives as well

bold font = new method



e More Methods Fitting our Framework

The generality of our approach helps to obtain convergence guarantees for a big number of
different stochastic methods (even without error compensation). Here are some examples.

‘ Methods without error feedback: SGD, SGD-SR (arbitrary sampling), SAGA, SVRG,
L-SVRG, QSGD, TernGrad, DQGD, DIANA, DIANAsr-DQ, VR-DIANA, JacSketch,
SEGA

. Methods with delayed updates: D-SGD, D-SGD-SR (arbitrary sampling), D-QSGD,
D-SGD-DIANA, D-LSVRG, D-QLSVRG, D-LSVRG-DIANA

Q In one theorem, we recover the sharpest rates for all known special cases

Q Our analysis works for non-strongly convex objectives as well

Thank you for your attention!

bold font = new method
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9.1. 5GD-5R

.1\ Gower, R. M., Loizou, N., Qian, X., Sailanbayev, A., Shulgin, E., & Richtarik, P. (2019, May).
wn SGD: General Analysis and Improved Rates. /n International Conference on Machine Learning (pp. 5200-5209).



4 Stochastic Reformulation

min f(x) flx) = %Z fi(z)
1=1

rcRd



45 Stochastic Reformulation

min f(x) flx) = %Z fi(z)
-1

d
ZER

—~—

4
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Stochastic Reformulation

min f(x) flx) = %Z fi(z)
=1

d
ZER

—~—

flz) =

n N
e [fe(x)]  fel@) B %Z&:fz‘(@
i—1



e Stochastic Reformulation

min f(z) )= fila)
i=1

d
LER

—~—

2

n N
i=1

o £~ D:Eeplé] =1

() fZ (aj’) IS smooth, but can be non-convex




48 SGD-SR

O for k=012,... do
® Ssample £~ D



49 SGD-SR
® for k=012 ... do

)T

® sSample £ ~ D
© ¢ =V (il?k)



+o0 SGD-SR
® for k=012 ... do

)T

® sSample £ ~ D
© ¢ =V (il?k)
(1) $k+1 _ Cli‘k L ’}/gk
® end for



151 Expected Smoothness

S ||V fel@) = Ve (0P| < 2L (F(x) - f(z"))



5 Expected Smoothness

Can be significantly smaller than the Some positive constant
maximal smoothness constant of f2<§lj‘> depending on D

N

S ||V fel@) = Ve (@) ] < 2L (f(x) - f(z"))




103 Main Result for SGD-SR

Young inequality and expected smoothness imply:

S ||V fe(@)|IP] < 4L (f(2) = f(2)) + 207

9 def

07 © Eep ||V fe ()P




+o Main Result for SGD-SR

Young inequality and expected smoothness imply:

S ||V fe(@)|IP] < 4L (f(2) = f(2)) + 207

9 def

2 Eep [V fe (@)

2 {]|g"17 24| <24 (f (+%) — £ (2") + Bo} + Dy
%o | o] < (1= p)og +2C (f (2%) — f () + Dy

ok




195 Main Result for SGD-SR

Young inequality and expected smoothness imply:

S ||V fe(@)|IP] < 4L (f(2) = f(2)) + 207

9 def

07 © Eep ||V fe ()P

That is, SGD-SR satisfies the key assumption with parameters:

Key assumption:
E [HngQ | :ck] < 2A (f (xk) — f(:c*)) -+ BO’,% + Dy
E (02,1 | 03] < (1 - p)od +2C (f (%) = f (a)) + Ds




+98 Main Result for SGD-SR

Young inequality and expected smoothness imply:

S ||V fe(@)|IP] < 4L (f(2) = f(2)) + 207

9 def

n * 2
— K
07 © Eep ||V fe ()P
That is, SGD-SR satisfies the key assumption with parameters:

A=2L,B=0,D1=200,=0,p=1,C=0,Dy =0

Key assumption:
E {HngQ | :ck] < 2A (f (xk) — f(:c*)) -+ Bo,% + Dy
E (02,1 | 03] < (1 - p)od +2C (f (%) = f (a)) + Ds
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Main Theorem: Reminder

If the stepsize satisfies

O<’y§m'm{— } where M > —

1 1

uw A+ CM

then the iterates of SGD satisfy

0

E [V*] < max {(1 — )", (1 + % — p)k} Vot

(Dl S MDQ) ’)/2

min {yu, p —

where

v

jo det

X

2
+ M’yzog

2" —

||$/{ - ZU*HQ < V]f




+o8 Main Result for SGD-SR

Young inequality and expected smoothness imply:

e |V fe(@)IP] < 4L (F(@) - f(a*)) + 207

9 def

ok

2 Eep [V fe (@)

That is, SGD-SR satisfies the key assumption with parameters:

A=2L,B=0,D1=200,=0,p=1,C=0,Dy =0

Main theorem:

B k
o V/{‘ < 9 1 — 1 + — — VU+
(V"] < max {( )", ( M p) } min {7y, p — 47}

Key assumption:

B [|lo*1 ] <24 (7 (+) 1 ) + Boi + D

E [UI%H | Ulﬂ

< (1-p)oi+2C (f (azk) — f(x*)) + D
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Main Result for SGD-SR

Young inequality and expected smoothness imply:

S ||V fe(@)|IP] < 4L (f(2) = f(2)) + 207

2 d_ef < * 2
07 © Eep ||V fe ()P
That is, SGD-SR satisfies the key assumption with parameters:
A=2L,B=0,D1=200,=0,p=1,C=0,Dy =0

9
o —

‘4"1

A

< (1 —yp)" ||z’ -
1

<_
Y

Main theorem: Key assumption:
k T ~2 E || g* Q\xk < 2A(f (%) = f (")) + Bo: + D
E[Vﬂ <maX{<1'ﬂt) <1+£—p> } "t (.l)l+A[D2)JZ LH H 9 ] (2( ) k ) f 1
M min {7y, p — 57 } E [oj41 | ok] < (1 —p)ag+2C (f (2%) — f(2*)) + Da




160

9.2. SAGA

.1\ Defazio, Aaron, Francis Bach, and Simon Lacoste-Julien. SAGA: A fast incremental gradient method with support for non-
e Strongly convex composite objectives. In Advances in neural information processing systems, pp. 1646-1654. 2014.
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min f(z)  fla)=— 3 filx)
1=1

reR4 T

IV fi(z) = Vfi(y)|l < Lllz -yl
fily) = fi(z) + (Vfi(x),y — z)
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® for k=012 ... do

)T

® Sample J € |n] unlformly at random
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. UWH | 2" <AL (f(2") = f(2")) + 20,

1
ok = = > IV FileD) = Vi)
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Main Result for SAGA

. UWH | 2" <AL (f(2") = f(2")) + 20,

= 23 IVAE - VAP B [od ) < (1-1) o +

1
n
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E [Hg‘“{f 2| <AL (f(2%) = f(a7)) + 207

7t == S IV - Vi@ E[o}, | 2] < (1 — 3) 7+ 2 (f) — 1))

. n
1=1
That is, SAGA satisfies the key assumption with parameters:

Key assumption:
E {HngQ | :ck] < 2A (f (xk) — f(:c*)) -+ BO’]% + Dy
E (02,1 | 03] < (1 - p)o} +2C (f (a*) = f (a*)) + Ds
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T
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That is, SAGA satisfies the key assumption with parameters:
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T
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L
=, Dy =0
n

Main theorem:

,‘ : B ’
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(D1 + ]\[DQ) 72

2
1) e
6L 2n

min {*y,u, p— \%}

Key assumption:
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Main theorem:
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