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Distributed computing
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Federated learning
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Federated learning
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Convex optimization problem

minimize R(x Z Fm(

XeRd

e every function F,, is convex and L-smooth, for some L > 0,

. ,LL 2 .
and p-strongly convex, for some > 0,i.e. F — 5| - ||< s
convex.
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Convex optimization problem

minimize R(x Z Fm(

XeRd

e every function F,, is convex and L-smooth, for some L > 0,

and p-strongly convex, for some 1 > 0,i.e. F — £| - ||?is
convex.

e R:RY = RU{+00} is a proper, closed, convex function
whose proximity operator

w

Prox. g : X — arg min (”yFw’(W) + %Hx — W||2>

IS easy to compute
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Convex optimization problem

M
minimize R(x Z
m=

XeRd

Prox-GD:

M
X1 = prox (xk — % > VFm(xk))
m=1
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Convex optimization problem

M
minimize R(x
xeRd g;
Prox-GD
M
x"*1 = prox. (xk — % > VFm(Xk))
m=1
2
< k  U* . Kily0 _ y*
0<~< [0 5 X" —x*|| < (1 —yw)|Ix” — x*|]
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Distributed prox. GD
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Distributed prox. GD
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Distributed prox. GD
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Distributed prox. GD

/ X" l \\
® 09
vMN \ l /%Fm(xk)

M
x*+1 1= prox_ g (xk - % ZVFMX"))
m=1
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Distributed prox. GD
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1) local
computations
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Distributed prox. GD

X" = X" =V Fu(x")




Distributed prox. GD
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Distributed prox. Local GD
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Distributed prox. Local GD
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Distributed prox. Local GD
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Local GD: performance
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Local GD: analysis
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—— 1 local step

2 local steps u i

10-2 —#— 4 local steps Oca n ana ySIS
——o— 8 local steps

—e— 16 local steps

—¥— 32 local steps

Malinovsky, Kovalev, Gasanov, Condat,
Richtarik, “From local SGD to local fixed

point methods for federated learning,”
ICML 2020
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Communication rounds, 103

Theorem 2.11 (linear convergence) With < (0, ;£.],
(x") >0 converges linearly to xT with rate ¢, where
§=1—vyu, and

[x' = x| < S,

where v
. f 1_£H_1 1 *
S= g rogr i IV
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Variance-reduced local GD

X = xK — VR (X*)+hk o xIT = XK — AV Ry (xXF)+hE
X{2 = x{ - AV (xR x5 = xS — VR (xR

X—fﬂ-H—X.fﬂ_H 1_/va( kK+H— 1)+hfl( XI\k/I+H_X/\l§]+H 1—’}/VF ( k+H— 1)+hll\(/'

Mishchenko, Malinovsky, Stich, Richtarik, “ProxSkip: Yes! Local Gradient
Steps Provably Lead to Communication Acceleration!” ICML 2022

Condat and Richtarik, “RandProx: Primal-Dual Optimization Algorithms
with Randomized Proximal Updates,” arXiv:2207.12891, 2022
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2) compression




Dist. prox. GD
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Dist. prox. GD with compression
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Dist. prox. GD with compression
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Dist. prox. GD with compression
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Dist. prox. GD with compression
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Dist. prox. GD with compression

Algorithm 1 (EF-BV) Condat, Yi, Richtarik,

1. input: parametersy > 0, A > 0, » > 0, CF BV:Aunifiedtheory

e 0 J 0 J of error feedback and
2: Initial vectors x¥ € RY and h;,, € R varEnes EauEien..

3: h° = ,3—4 Z%ﬂ hY NeurlPS 2022
4: for k=0,1,...do
form=1,..., Min parallel do
ail = C,’;(VFm(xk) — h,’;)
= A+ \dkH
end for
9: // at master:
0. dkl = L Z%ﬂ opisd
11 X1 = prox, g (xX — y(h* + vd**T))
12: A1 = pK 4 \gkH
13: end for
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Dist. prox. GD with compression

Algorithm 1 (EF-BV)

1: input: parameters v > 0, A > 0, v > 0,

2: initial vectors x° € R? and h%, ¢ R?

] M
3: h0 = ,3—” S hY
4: for k=0,1,...do

end for
9: // at master:

form=1,..., Min parallel do
ail = C,’;(VFm(xk) — h,’;)
= A+ \dkH

0. dkl = L Z%ﬂ opisd

11: XM= prox. g (X% — v(H + vd*T))
12. hT = AR \gkH

13: end for

Laurent Condat, KAUST

Condat, Yi, Richtarik,
“EF-BV: A unified theory
of error feedback and

variance reduction...”,
NeurlPS 2022

v =1 and unbiased
compressors: DIANA
[Mishchenko et al. 2019]
generalized in:

Condat and Richtarik,
“MURANA: A Generic
Framework for
Stochastic Variance-
Reduced Optimization,”
MSML 2022
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DIANA

M
xK+1 1= prox_ g (xk - % Zgﬁ)
m=1
with stochastic gradients
gr, = h, + CK(VFn(x*) — hE) ~ V Fn(x¥)

which are unbiased: E|gf| = VFn(x")
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Examples of unbiased compressors

e rand-S: s elements out of d chosen unif.

at random and scaled by 2,
other ones set to 0.

X XXX ]| X
OO O X |O
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Examples of unbiased compressors

e rand-S: s elements out of d chosen unif.

at random and scaled by 2,
other ones set to 0.

e quantization of the real values:

Example: 0.2 represented by
" 0 with probability %

| 1 with probability £
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Examples of unbiased compressors

e rand-S: s elements out of d chosen unif.

at random and scaled by 2,
other ones set to 0.

e quantization of the real values:

Example: 0.2 represented by

" 0 with probability %

_ 1 with probability = Albasyoni, Safaryan,
Condat, Richtarik “Optimal
Gradient Compression for

Distributed and Federated
Learning,” 2020
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Variance of unbiased compressors

Jw > 0 such that for any v € R9,
e E|Cr(V)| =V

o E[[ICR(v) — V[I?] < wllv]?
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Variance of unbiased compressors

Jw > 0 such that for any v € R?,
¢ E[Ch(V)] = v

o E[[ICR(v) — V[I?] < wllv]?

We also define w,y, € [0, w] and ¢ € [0, way/]

such that, for any (vp)¥_.,
e -

<[~
NE
S

M
W
2|27 2 (Chvm) = vin) || | < 530D Ivanll® = ¢
m=1 m=1

3
[N

=3~ If the (CX)M_, are independent, wa, =

Laurent Condat, KAUST 22 | 25



DIANA: convergence

Theorem [MURANA] In DIANA, set ) = - and suppose that

0<y < 2 1
7 L a+4w,’

—1
where a := max (1 —2¢,0). Choose b > 1st. n=1—1+ (% a+(1+1b)2wav)
e (0, 1). Define the Lyapunov function, for every k > 0,

M 2
WK = [ xK — x| + (B2 + b)yway(1 + w)1M > |Hk -
m=1

Then, for every k > 0, we have E[WX] < ckw0 where

. 1—b?
C:=1—m|n{2777,u, 1+bw }<1.
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DIANA: convergence

Theorem [MURANA] In DIANA, set ) = - and suppose that

0<~vy < 2 1
7 La+4dw,

=3~ DIANA achieves e-accuracy
with iteration complexity

O ((5(1 + Way) +w) Iog(e1)>
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DIANA: convergence

Theorem [MURANA] In DIANA, set ) = - and suppose that

0<y < 2 1
7 L a+4w,’

I3~ Typically, the communication complexity
can be reduced from

O (dé Iog(e1)> to O ((é + d) Iog(e1)>

Laurent Condat, KAUST 24 | 25



Conclusion

2 Ideas to reduce communication:

1) use local computations: communicate less frequently.

2) use compression. communicate compressed vectors.
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Conclusion

2 Ideas to reduce communication:

1) use local computations: communicate less frequently.

2) use compression. communicate compressed vectors.

Combining the 2 ideas: work in progress! l‘
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