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Foreword: the power of randomness

1 n
minimize — f:(x) usinqg the Vf:
nimi n: () g ,

with every f; L-smooth and u-strongly convex

=3~ lower bounds in Woodworth & Srebro [2016]
on number of gradient calls:

deterministic algorithms: Q(n\/L/ploge™")
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Foreword: the power of randomness

1 n
minimize — f:(x) usinqg the Vf:
nimi n: () g ,

with every f; L-smooth and u-strongly convex

=3~ lower bounds in Woodworth & Srebro [2016]
on number of gradient calls:

deterministic algorithms: Q(n+/L/uloge™")
randomized algorithms:  Q((n + \v/nL/ ) log 6_1)
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Distributed optimization
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Federated learning

NN

MICCAI 2019 MICCAI 2020 JAMIA 2021 MICCAI 2020 Nature Medicine 2021

Mammography
Brain Tumor Segmentation Classification Prostate Segmentation Pancreas Segmentation CXR/EMR Classification
KCL ACR/DASA/OSU/MGB/Stanford SUNY/UCLA/NIH NTU/Nagoya 20 Global Collaborators

FL for medical imaging [Holger Roth, Nvidia]
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Optimization problem
R
ml)rgér&ze Bizz;f,-(x)

Every function f; is u-strongly convex and L-smooth,
forsome L > 1 >0
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complexity = #com. rounds x #reals A
per round to reach e-accuracy UpCom
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Distributed GD

o l \A\ADownCom

complexity = #com. rounds x #reals &
per round to reach e-accuracy UpCom

GD: O (dklog (e "))
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Distributed GD

o l \A\‘DownCom

complexity = #com. rounds x #reals A
per round to reach e-accuracy UpCom

GD: O (dklog (e ")) AGD: O (dy/klog (7))
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Local training

n
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, g \ s s T
decrease condition
frequency number &
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L 1
minimize f(x) = —
XERA n
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Compression

minimize f(x) := /1_7 > fi(x)

\ : 4
e O - xcRd
' 4 - N\
compress
vectors

.
-
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Partial participation

3
minimize f(x) .= — f:(x
nimi (X) n_Z i(X)
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1) Local
Training
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&'?  Distributed Local GD = FedAvg
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Distributed Local GD = FedAvg
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Distributed Local GD = FedAvg
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Distributed Local GD = FedAvg

1 local step
2 local steps
4 |local steps
8 local steps
16 local steps
32 local steps
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Communication rounds, 103
(logistic regression)
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Local GD: analysis

1 local step
2 local steps
4 |local steps
8 local steps
16 local steps
32 local steps
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Communication rounds, 103

(logistic regression)

Malinovsky, Kovalev, Gasanov, Condat, Richtarik, “From local SGD to
local fixed point methods for federated learning,” ICML 2020
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- : 2
Theorem 2.11 (linear convergence) With v € (0, il

(x™),>o converges linearly to x with rate £/ and
X" —x*|| < S,

where

§ _gH1 1
s=1-m S_1§§ 1_€§H nZ”Vf
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. ) Scaffnew: Variance-reduced local GD

[ Server
\

Vars
® & o0 @

= =y VAGD) b e &= Xh— V() + ]

—h

. ot Z/ ; X! with probability p
Probabilistic Com:  X; ._{ %! with probability 1 — p

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

p:ﬁ [=3° TotalCom O (dy/kloge')
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%W' Scaffnew: Variance-reduced local GD

[ Server
\

Vars
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= =y VAGD) b e &= Xh— V() + ]

—h

157 ot i 0
Probabilistic Com: x!*' := { 5 2_j=1%; With probability p

X! with probability 1 — p

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,” ICLR 2023
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2) Compression
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. 1
xH = xt —ygt with g’ = h' + . > df
=1

update of the control variates: h!*' := h! + Ad!

Mishchenko et al., “Distributed Learning with Compressed
Gradient Differences,” 2019, published in 2024
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. 1
xH = xt —ygt with g’ = h' + . > df
=1

update of the control variates: h!*' := h! + Ad!

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

[ Server ]
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Server

n
+1 . : vV
x*1 = xt —~gt with g’=ht+EZ;d,’
j=

update of the control variates: h!*' := h! + Ad!

Condat, Yi, Richtarik, “EF-BV: A unified theory of error feedback and variance reduction
for biased and unbiased compression in distributed optimization,” NeurlPS 2022
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<" Unbiased random compression

For every w > 0, U(w) Is the set of compression
operators C : R? — R such that, for every x € R,

E[C(X)] = X
3| lC(x) = x|?] < wl|x|
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<" Unbiased random compression

e rand-K: k elements out of d chosen unif. at
random and scaled by ¢, other ones set to 0.

XXX | XX
N O

X
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<" Unbiased random compression

e rand-K: k elements out of d chosen unif. at
random and scaled by ¢, other ones set to 0.

XXX | XX
N O

X
0
0
X
0

rand-K € U (% — 1)
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& Unbiased random compression

e rand-K: k elements out of d chosen unif. at
random and scaled by ¢, other ones set to 0.

e quantization

" 1 with probability %

C11-2) =\ 2 with probability
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N

& Unbiased random compression

e rand-K: k elements out of d chosen unif. at
random and scaled by ¢, other ones set to 0.

e quantization

"1 with probability

4
2 with probability i

5

C(1.2) =«

ceu(y)
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& Unbiased random compression

e rand-K: k elements out of d chosen unif. at
random and scaled by ¢, other ones set to 0.

e quantization

" 1 with probability %

C11-2) =\ 2 with probability

Albasyoni, Safaryan, Condat, Richtarik, “Optimal Gradient
Compression for Distributed and Federated Learning,” 2020
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Distributed GD with compression
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DIANA with independent rand-1 compressors

I3~ Uplink communication complexity (UpCom):
O((% +rk+d)loge ")

)
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CompressedScaffnew

{ Server
/ / X \.
® @ Q - I

$E=xt—AVAD +yh - X=Xy — V() +

—h

v [ 522 Cl(X!) with probability p
| X! with probability 1 — p

Condat, Agarsky, Richtarik, “Provably Doubly Accelerated Federated
Learning: The First Theoretically Successful Combination of Local Training
and Compressed Communication,” 2022
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CompressedScaffnew

/I~
(0

% = x| — AV (x}) + i

o1

15141 Cl(%)) with probability p
X! with probability 1 — p

Xit+1 ' {

We don’t compress differences, so we need
vl — ... = %l [ —
Xi=---=X, = C; =1d

Sp = Xp, — YV ia(X5) + 7 hy,
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CompressedScaffnew

I3~ correlated rand-k compressors

Ci(54) Ch(x)

N

X | X[ XXX
XXX | X[ X
XXX | X[ X
XXX X[ X
XX XX | X
X | X[ XX | X

S communicated values per coordinate
k = 22 communicated values per active client
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CompressedScaffnew

Uplink communication complexity (UpCom):

GD: O (dk)
Scaffnew: O (dy/k)
DIANA: O(% + & + d)

CompressedScaffnew: O (

Laurent Condat o

d\/nE+ d/{+d)
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TAMUNA

parameters: stepsizes v > 0, n > 0;
number of participating clients ¢ € {2, ..., n}
sparsity index s € {2, ..., n} for compression
forr=0,1,... (rounds) do
choose a subset Q" € [n] of size ¢
choose the number of local steps L’
for clients i € Q', in parallel, do
Xn0:=‘ir
for/=0,...,L" do
x' = x; — V(XY + b

j .

end for r

send v/ := C/(x]"" ) to server  // UpCom
end for
at server: x™1 .= 15 D icar Vi // model update

x™*1is senttoclients i € Q" U Q™" // DownCom
for clients /i € ", in parallel, do // update of
hi*! = hf+ 2 (C/(X™") — V) control variates
end for
for clients / ¢ ', in parallel, do
hi+! = Rl // idle clients
end for
end for

Laurent Condat

Condat, Agarsky,
Malinovsky,
Richtarik, “TAMUNA:
Doubly accelerated
federated learning
with local training,
compression, and
partial participation,’
2023
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TAMUNA

Condat, Agarsky,

parameters: stepsizes v > 0, n > 0;

number of participating clients ¢ € {2, ..., n} Malinovsky,
sparsity index s € {2, ..., n} for compression Richtarik, “TAMUNA:
forr=0,1,... (rounds) do
choose a subset Q" € [n] of size ¢ DOUny accelerated
choose the number of local steps L’ federated learning
I ' r . . .
fo;?genti/ e ', in parallel, do with local .tralnlng,
for /= 0..... L do compression, and
X 1= X — V(X + A partial participation,”
end for r 2023
send v/ := C/(x]"") to server
end for
at server: X1 =15 o v/
x™1 is sent to clients i € Q" U Q™! v~ 1, 8~ max (2 Q)
for clients i € Q' in parallel, do L ' d/e
hr+1 ‘— hr + 1 (Cr( r+1) Vir) L max ( S/-g, 1),
end for V. 7

3> UpCom O \/d/{\@Jr a'\/Eg7 + dg
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<" Experiment: logistic regression

Dataset real-sim, 1000 workers, 10.0% participation

—A— A —m— TAMUNA
— - —
ot | * —h— A 4 Scaffold +
T o o —9— 5GCS
103
%
Yo
|
= 10-5
10~7
_9 |
10 0.0 0.2 0.4 0.6 0.8 1.0
TotalCom le7
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Compression

LoCoDL
(- —

Condat, Maranjyan, and Richtarik, “LoCoDL: Communication-Efficient Distributed
Learning with Local Training and Compression,” ICLR 2025




Optimization problem

n
minimize > fi(x) + g(x)
=1

x€Rd N 4

All f; and g are u-strongly convex and L-smooth,
forsome L > 1 >0

Client i makes calls to Vf; and Vg
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Reformulation

minimize -— fi(Xx;) + ) St. Xy =---=Xp =
X1, Xn, Y ERY nz I g n=Y

Optimality conditions:

0 = Vfi(x;)) — uj, Vi €[n]
0=Vgly) -

O=Ui+---+Up+ NV
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LoCoDL
input: stepsizes v > 0, x > 0, p > 0; probability p € (0,1]; w > 0; initial
estimates x?,...,x%, ¥ € R? and control variates u{, ..., u%,v? € RY such
that 157, u? +v0 = 0.
fort=0,1,...do
for/i=1,..., n, at clients in parallel, do
X! = Xt YV 1i(xF) + yUt
yl=yt — ﬁNg(y) yvf // identical copies at the clients
flip a coin 6! € {0, 1} with Prob(#! =1) = p
if 6! = 1 then
dt Ct()"(f }",t)
send d! to the server
at server: aggregate d! == ;- >7
t+1 ot ot At
Y A
-

dt and send d! to all clients

I y(1+2w) /
e
+1
v =V 1+2w d
else
t+1 . ot t+1 _ ot t+1 . ,,t t+1 . i
x;_._)q,y =y, ut =u, vt =V
end if
end for
end for
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Linear convergence

Theorem (linear convergence of LoCoDL). In LoCoDL, suppose that v € (0, %),
2p — p°(1 + way) — x > 0. For every t > 0, define the Lyapunov function

e (S e ey ) 202 (5t v ),

where v* = Vg(x*) and ur = Vfi(x*). Then LoCoDL converges linearly: for
every t > 0,

2
E[w <% where 7 :=max ((1 — )2, (1 —~L)?, 1 — 1"15 > <1.
W

(+ almost sure convergence of all variables)
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Linear convergence

Corollary. In LoCoDL, suppose that the compressors C! are independent
rand-k compressors with k = [2], that vy = ©(}), x = p = g7k and

o \/dk(n—1)+d21
b= nk?k ]

Then the uplink communication complexity in number of reals of LoCoDL is

O ((\/%+ dﬁ +d) Ioge1) .
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109

~<)- LoCoDL: Rand-1

~€- LoCoDL: Natural

-@- LoCoDL: Rand-1 + Natural
—>¢—= LoCoDL: /;-select

<)~ ADIANA: Rand-30

~¢- ADIANA: Natural

~<>- ADIANA: Rand-30 + Natural
—<— ADIANA: [;-select

~<»- DIANA: Rand-1

~¢>- DIANA: Natural

DIANA: Rand-1 + Natural
—<— DIANA: [;-select .
<)~ 5GCS-CC: Rand-1

~¢- 5GCs-CC: Natural
-@- 5GCS-CC: Rand-1 + Natural
—¢ 5GCS-CC: [;-select
_3 —&— CompressedScaffnew: s=2
10 —A— GradSkip
-~ Scaffold N
10~4
10>
0.00 025  0.50 0.75 1.00 1.25 1.50 1.75 2.00
Number of Communicated Bits 1e6

Logistic regression with the ‘a5a’ dataset of LIbSVM. d = 122, n = 288
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Conclusion

Local training & compression are efficient
communication acceleration mechanisms
that can be combined.

Future work

bidirectional compression
stochastic gradients
nonconvex functions
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