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Abstract

This paper deals with distributed optimization
problems that use compressed communication to
achieve efficient performance and mitigate com-
munication bottleneck. We propose a family of
compression schemes in which operators transform
vectors fed to their input according to a Markov
chain, i.e. the stochasticity of the compressors de-
pends on previous iterations. The compressors are
implemented in the vanilla Quantized Stochastic
Gradient Descent (QSGD) algorithm, and, to fur-
ther improve the efficiency and convergence rate,
in the momentum accelerated QSGD. We provide
convergence results for our algorithms with Marko-
vian compressors, the analysis covers non-convex,
Polyak-Lojasiewicz, and strongly convex cases. To
demonstrate the applicability of our approach to
distributed data-parallel optimization problems, we
conduct experiments on the CIFAR-10 and GLUE
datasets with the Resnet-18 and DeBERTaV3 mod-
els. Practical results show the superiority of meth-
ods that use our compressor design over existing
schemes.

1 INTRODUCTION

The optimization of high-dimensional objectives has be-
come a cornerstone of modern machine learning, driven by
the demands of large-scale neural network training |Achiam
et al.| [2023]], distributed resource allocation |Sun| [2025]],
and high-frequency algorithmic trading [Li et al.| [2025]].
Consequently, a variety of algorithms for single-device op-
timization, ranging from classical stochastic methods like
SGD |[Robbins and Monro| [[1951]] to adaptive solvers such
as Adam|Kingma and Ba|[2015]] and the recently proposed
Muon Jordan et al.| [2024], Liu et al.| [2025]], have emerged
and undergone rigorous theoretical analysis. However, in

modern deep learning there is a clear shift toward larger and
more expressive models, which substantially increases the
computational and systems burden of training [Team et al.
[2025]]. This trend is visible across multiple domains, in-
cluding large-scale vision models for image understanding
/hang et al.| [[2025]], transformer-based architectures in natu-
ral language processing Matarazzo and Torlone| [2025]], and
reinforcement learning methods for autonomous decision-
making [Kiran et al.|[2021]. As a result, training is often no
longer feasible on a single device: both the required com-
pute and the volume of training data typically exceed the
memory and storage constraints of one machine, motivating
distributed and data-parallel training setups. Consequently,
optimization algorithms have been specifically developed
for distributed learning [Verbraeken et al.| [2020]], Chen et al.
[2021]]. Such type of methods utilize a large number of
devices, with each device processing distinct data subsets
and participating in an effective data exchange mechanism.
This collaborative effort facilitates the training of compu-
tationally intensive models. Thus, the problem of classical
optimization evolves into a distributed optimization form:

min {f(:z:) = izn:fq(x)}, (D

zERY

where f; is a function, located on a device i. Note that
this formulation encompasses two concepts. The first is
distributed learning, in which data are spread across mul-
tiple devices to facilitate the storage of large amounts of
data|Liang et al.|[2024], /Amini et al.| [2025]]. The second is
federated learning [Konecny et al.| [2016]], [L1 et al.| [2020],
Kairouz et al.|[2021]], in which data distribution is motivated
by the architecture of the system itself, allowing decen-
tralized model training while maintaining data privacy and
integrity between different devices.

The downside of this approach is the complexity associated
with the transmission of large-scale data, resulting in "com-
munication bottleneck" |Gupta et al.|[2021]]. This bottleneck
can significantly impede the efficiency of the system, partic-
ularly in scenarios involving extensive data exchange across
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a distributed network. Furthermore, the challenge is am-
plified in environments with limited bandwidth, requiring
solutions to mitigate the impact of data transmission delays
and ensure seamless data flow.

The primary solution at present is the compression of the
transmitted information |Bekkerman et al.|[2011], /Chilimbi
et al.|[2014],|Alistarh et al.| [2017]. That is, no entire package
of data is sent, but rather a selected subset. The idea involves
strategically selecting and compressing the most informative
data segments for transmission. Consequently, this results
in the significant advantage of reducing the volume of data
that must be communicated across the network, thereby
alleviating the communication bottleneck.

Motivated by the aforementioned, a number of methods
employing compression have been developed and exten-
sively analyzed Mishchenko et al.| [2024], |Gorbunov et al.
[2021a]], Richtarik et al.|[2021]], Beznosikov et al. [2023a]].
However, the majority of studies have focused on unbiased
compression operators due to their simplicity and amenabil-
ity to theoretical analysis. These compression techniques,
including random sparsification and value rounding |Nes{
terov| [2012al], |Alistarh et al.| [2017]], Horvath et al.| [2022],
do not in any way take into account the information trans-
mitted in previous iterations. We hence highlight a potential
research gap regarding the usage of previously transferred
data in compression operators and optimization algorithms.

This omission raises the following research questions that
we address in our paper:

e [s it possible to design compression operators that take
into account information about what and how we forwarded
in previous iterations?

o What methods can we integrate this kind of compression
operators into? How does it affect the convergence rate of
the methods, both in theory and in practice?

e Can the methods be made even more efficient, e.g., by
using additional momentum acceleration techniques?

In this paper, we focus on compression-based methods that
take into account information that has already been trans-
ferred, employing Markovian compression operators.

1.1 OUR CONTRIBUTIONS

o New type of compression operator. We introduce a novel
type of compressor that utilizes stochasticity transmitted
over previous iterations. We refer to this type of compressors
as Markovian because the states of these compressors can
be viewed as a Markov chain. Moreover, we provide two
naive examples of such compression operators (Definitions
[5]and [)) that have been shown to be efficient and simple to
implement in real-life problems.

e In-depth analysis of strongly convex and non-convex

cases. Motivated by various applications primarily from
machine learning, we study QSDG and Accelerated QSGD
with Markovian compression and provide in-depth discus-
sion of the convergence rate (see Section @]) Moreover,
we provide theoretical analysis in both the strongly con-
vex (see Theorem [5)) and the non-convex / PL-condition (see
Theorem [3) case of the target function f.

¢ Experimental Validation. We conduct experiments with
Markovian compressors in a data-parallel setup for a series
of optimization problems and datasets. In more details, we
study the QSGD, Accelerated QSGD and DIANA for
logistic regression on MNIST and LIBSVM datasets, and
SGD for image classification with Resnet-18 on CIFAR-10.
Moreover, we consider Adam for fine-tuning DeBERTaV3-
base for GLUE benchmark. In all setups, we observe an
acceleration of convergence for methods employing our
compressors compared to the baselines.

1.2 RELATED WORK

Compressed communications. The use of compressed
communications is a fairly well-known idea in distributed
learning Seide et al.| [2014]. As soon as the main property of
compressed messages is that they are much easier to transfer,
it can be reached in different ways, such as by quantizing the
entries of the input vector |Alistarh et al.| [2017]],[Mayekar]
and Tyagi| [2021]], Gandikota et al.| [2021]], Horvath et al.
[2022]], or by sparsifying it Richtarik and Takac| [2016],
Alistarh et al.| [2018]], or even by combining these ideas
Albasyont et al.|[2020], Beznosikov et al.|[2023a]. However,
all of the compression operators could be roughly |Condat
et al.|[2022] separated into two large groups: unbiased and
biased.

The first group is much easier to analyze and is therefore
more broadly represented in the literature. The basic method
with unbiased compression was presented in|Alistarh et al.
[2017]. Later this algorithms were modified using variance
reduction technique with compression of gradient differ-
ences [Mishchenko et al.| [2024]], Horvath et al.|[2019], |Gor{
bunov et al.| [2021a]] in order to improve the theoretical
convergence guarantees. One can also note the works |Gor{
bunov et al.| [2020] and [Khaled et al.| [2020], where the
authors developed a general theory for SGD-type methods
with unbiased compression.

On the other hand, theory of distributed optimization with
biased compressors is more complicated. In particular, bi-
ased compression implies the use of error compensation
techniques Stich et al.|[2018]]. Distributed SGD with biased
compression and linear rate of convergence in a multi-node
setting was first introduced in [Beznosikov et al.| [2023a].
In the meantime, other error compensation techniques are
being actively developed, Lin et al.|[2022]], [Richtarik et al.
[2021]. The last approach called EF21 was later studied in
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Fatkhullin et al.|[2021]],|Gruntkowska et al.| [2023]].

Markovian stochasticity. Another recent trend in the litera-
ture is to design algorithms that use Markovian stochastic
processes instead of i.7.d. random variables in various ways.
For instance, [Duchi et al.| [2012] introduced a version of
the Mirror Descent algorithm that yields optimal con-
vergence rates for non-smooth and convex problems. Later,
Doan et al.|[2020a], Dorfman and Levy| [2022], Beznosikov|
et al.| [2023D]], |Solodkin et al.| [2025]] studied first-order
methods in the Markovian noise setting. Alternatively, to-
ken algorithms Hendrikx| [2022], |Ayache et al.| [2022] are
also a popular area of research in Markovian stochasticity.
In particular, Even|[2023]] obtained optimal rates of conver-
gence, and [Sun et al.|[2022]], Mao et al.|[2020], Doan et al.
[2020Db]] looked at the token algorithm from the angle of the
Lagrangian duality and from variants of the ADMM method.
At the same time, there exist the results, e.g., Bresler et al.
[2020]], which provide a lower bound for the particular finite
sum problems in the Markovian setting.

Despite all of the above, to the best of our knowledge, there
are currently no works that combine compressed communi-
cations and Markovian stochasticity of the compressors.

1.3 TECHNICAL PRELIMINARIES

Notations. We use (x,y) := Z?Zl x;y; to denote standard
inner product of vectors z,y € R% and (z ® y), = z;y; to
denote Hadamard product of vectors x,y € R? We in-
troduce lo-norm of vector z € R? as ||z|| := /(z, ).
We define z* € R% as a point, where we reach the min-
imum in the problem (I). We also denote f* > —oo
as a global (potentially not unique) minimum of f. We
use a standard notation for (d — 1)-dimensional simplex

Ay = {pGRd\pj >0 and Z?:M’j :1} and for a

set of natural numbers 1,n := {1,2,...,n}. We denote

Ck as the binomial coefficient (’;:)

Throughout the paper, we assume that the objective func-
tions f; and the function f from (T)) satisfy the following
assumptions.

Assumption 1 (L;-smooth). Every function f; is L;-smooth
on R with L; > 0, i.e. it is differentiable and there exists
a constant L; > 0 such that for all x,y € R it holds that
IVfi(2) = V@)lI* < L2 |le =yl We define L? :=
7 i L

Assumption 2 (u-strongly convex). The function f is p-
strongly convex on RY, i.e., it is differentiable and there is
a constant (1 > 0 such that for all x,y € R® it holds that

2
(1/2) lz —yl” < flz) = fly) = (Vf(y).z —y).
Assumption 3 (PL-condition). The function f satisfies the
PL-condition, i.e., it is differentiable and there is a constant

p > 0 such that for all x € R? it holds that ||Vf(ac)||2 >
20 (f(2) - 1*).

Assumption 4 (Data similarity). The functions f; are
similar on R%, i.e., there are constants 6,0 > 0, such
that the following inequality holds for all x € R%:
IVfile) = Vf(@)]]* < 8 |V f(@)|* + 0>

The last inequality implies that the data stored at each de-
vice does not differ significantly. This Assumption is quite
standard in the literature |Shamir et al.| [2014]], |Arjevani
and Shamir [2015]], Khaled et al.|[2020], [Woodworth et al.
[2020]], |Gorbunov et al.| [2021b], Beznosikov et al.|[[2022]
2023Db]).

Now we introduce important definitions related to the theory
of Markov processes.

Definition 1 (Markov chain). Markov chain with a fi-
nite state space {vy, }1_ is a stochastic process { X, }1>o,
that satisfies Markov property, i.e. P{X; = v | X471 =
Vi1, Xi—o =v—2,... Xo=1} =P{Xy, =1 | Xy_1 =
Vt—1}~

Definition 2 (Ergodicity of Markov chain). Markov
chain {X;}t>0 with a finite state space {v,}_ is re-
ferred to be ergodic if for any n € 1,N there exists
tlinolop{Xt =vp | Xo=w} = pn, where 0 < p, <1

does not depend on the vy. If Markov chain is ergodic, then
{pn}g:o € Ay and there exist 0 < p < 1,C > 0, such
that |P{X; = v, | Xo =10} — pn| < Cp'.

Definition 3 (Mixing time of the discrete Markov chain).

We say that Ty, (€) is the mixing time of the ergodic Markov

chain {X;}i>o0 with stationary distribution {p,}\_,, if

Ve > 0,Vt > Tuix(e) = max {||P{X; = v, | Xo =
ne0,N

vo} — pnll} < € Pmin, Where puin = Ininneﬁ{pn}.

.. . ) log(C/pmin€)
From Deﬁnztzon it follows that T, (€) > g/
These definitions are extremely important for further analy-
sis of the Markovian compressors, which are presented in
the next section.

2 MAIN RESULTS

2.1 MARKOVIAN COMPRESSORS

In this section, we introduce Markovian compressors that
take into account the information transmitted in previous
K iterations. It is assumed that these compressors function
within an iterative algorithm aimed at minimizing the prob-
lem (T), wherein a discrete variable ¢ denotes time step.
Consequently, due to the dependence of the compressors on
previous states, they exhibit a reliance on the step ¢. Let us
narrow down the class of compressors to be discussed in
this paper.

Definition 4 (Random sparsification). Q¢(x) is a ran-
dom sparsification compressor, if it operates on the vector
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r € RYas Qi(z) = %z © L(v), where vy is a set of m
coordinates: vy C 1,d.

The classical Randm operator fits Definition[d] in particular,
subsets v, for this compressor are generated uniformly at
each step t, therefore it is unbiased, i.e., E;[Q(z)] = z for
all ¢. In this paper, we do not generate 14 independently, but
according to some Markov chain, i.e., compressors start to
take into account previous iterations. We formulate this idea
as an assumption.

Assumption 5 (Asymptotic unbiasedness of Markovian
compressors). We assume that operator Q; is a random
sparsification compressor (Definition ﬂj and {v;},~ are
realizations of some ergodic Markov chain with uniform
stationary distribution.

Assumption [5]implies that in the limit as ¢ — oo, the com-
pressor Q; is unbiased, i.e., E[Q:(x)] — x as t — oo,
because the stationary distribution of the Markov chain
is uniform. We are now ready to introduce two examples
that adhere to Assumption [5] The first compressor is called
BanLast (K, m), it prohibits sending coordinates that have
been sent at least once in the last K iterations.

Definition 5 (BanLast (K, m) compressor). Let Q:(x) be
a random sparsification compressor (Definitiond). The j €
v; are chosen according to the distribution pt € Ag and p'
is given by the formula:

0

t )

b; = { 1
d—Km>’

The BanLast (K, m) compressor exhibits a limitation in
its utility due to an application restriction: d > (K + 1)m,
since we need at least m coordinates to have a non-zero
probability at each step ¢. In order to avoid these limita-
tions, we introduce a more flexible Markovian compressor
KAWASAKI(K,b, ma, m).

o t—1
l.f .7 € Uszt_K Z/Sa
otherwise.

Definition 6 (KAWASAKI(K,b, mA, m) compressor). Let
Q+(x) be a random sparsification compressor (Definition .
The j € v; are chosen according to the distribution pt € Ay,
which is given by the formula:

1/d

~t _
p Jj b# of choices j for the last K iterations’

p=ma(p’),

Jj€1,d;

where b > 1 is a forgetting rate and wp : R* — Ay is an
activation function.

The KAWASAKI(K, b, A, m) compressor is now applica-
ble for arbitrary values of d > m, and K. On top of that,
it introduces two additional parameters in comparison with
BanLast (K, m), namely b and 7w . The parameter b is re-
sponsible for the how strongly we penalize a coordinate if it

was selected in previous iterations: the larger b is, the less
likely we are to select a coordinate in step ¢ if it was selected
in steps from ¢ — K to t — 1. The function 7 is required
in order to obtain the probability vector p® from the vector
p t. The following examples illustrate potential selections
for ma:

(ma(®)); = |p;1/1Pll1,

7a (p) = Softmax (p) ,

7 (p) = argmin{||p — p|*}.

PEAg

We now provide an example where using the Markovian
compressor BanLast (K, m) speeds up the optimization
process by a factor of three compared to the unbiased com-
pressor Randm.

Example 1. Consider the QSGD algorithm (Algorithm E])
which solves the problem @ in the case n = 1, of the
form 2!t = 2t — yQ(V f(«?)). Assume that at some step
t we observe gradient of the form (1,0, ...,0)T € R%. In the
QSGD algorithm, we compress the gradient at each step,
therefore, we do not always send the first coordinate to the
server, i.e. we do not move from the point xt.

In the case of m = 0.1-d, i.e. we send 10% of all coordinates
at each step, if we use the BanLast (K, m) compressor,
then the mathematical expectation of the number of steps to
leave the point ! is approximately 3.4 in the case of K = 7.
For Rand10%, this number is equal to 10, i.e. we speed up
the optimization process by a factor of three. For arbitrary
values of d and m, the formula for calculating the number
of steps to leave the point z? is provided in Appendix

Moreover, in Appendix [B] we obtain the general results for
an arbitrary value of o € (0; 1] with d = « - m. For each
fixed «v, we can find the optimal value of K*(«). It turns out
that empirically this dependence is close to a linear one of
the form K*(a) ~ 0.73 - . It is important to highlight that
at this point, K is not treated as a hyperparameter, because
it can be selected automatically.

We now present a theorem demonstrating that our Marko-
vian compressors from Definitions [5| and [f] satisfy the condi-
tions outlined in Assumption [3

Theorem 2 (Asymptotic unbiasedness of BanLast (K, m)
and KAWASAKI(K, b, ma, m)). Compressors from Defini-
tions 8| and|6] can be described using Markov chains with
states {v1,V2, ..., Vic},, . e Where M is the set of all

subsets of 1, d of size m. Moreover,

e BanLast(K,m)(Definitionp) is ergodic with a uniform
stationary distribution, if d > (K + 1)m.

e Ifd > (2K + 1)m, then for BanLast(K,m) we get

Ciorem \ "
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o If for all permutations ¢ of the set 1,d it holds that
A (¢ (D) = ¢ (wa (D)), then KAWASAKI(K,b, ma, m)
(Definition[0)) is ergodic with a uniform stationary distribu-
tion.

o If(ra(P), =

1, then

|p;1/lp]

p=1-[d" —m@®X —1)] ™"

and C = p~ L.
The proof of Theorem [2]is provided in Appendix [C] The
outcomes of Theorem 2] hold significant importance for the
subsequent investigation of algorithms aimed at solving
problem (/1)) employing Markovian compressors. Note that
the examples of activation functions wa provided above
satisfy the conditions of Theorem 2]

2.2 DISTRIBUTED GRADIENT DESCENT WITH
MARKOVIAN COMPRESSORS

In this section, we propose a new algorithm Markovian
QSGD (Algorithm [T)). This algorithm is similar to the vanilla
QSGD [Alistarh et al| [2017]], but in line [5] of Algorithm [T]
we use Markovian compressor ¢ that we introduced in
Section That is, Q! can be either BanLast (K, m) or
KAWASAKI(K, b, ma, m), or any other Markovian compres-
SOr.

Theorem 3 (Convergence of MOSGD (Algorithm(I)). Con-
sider Assumptions[I| Hland[3] Let the problem (I)) be solved
by Algorithm|[]

o For any g,y >0 andT > T > Tyi(€) such that

7S m ande < m it holds that

= F; Lrd?
e [Ivs@)7] = 0 (I + 225502).

T . T
where ZT is chosen uniformly from {x'},_,..

o If f additionally verifies the PL-condition (Assumption
thenfor any e,y > 0and T > T > Typ(€) such that

7S m and e = \/yLT < d\/527 it holds that

- [y yd* Lt
FT_O<(1—12) L T 2).
Here we use the notations F; := E[f(x!) — f(x*)] and
F = E[f(") — ("))

The proof of Theorem [3is provided in Appendix [E.3] [E.4]
If Assumption E] does not hold, we observe different results,
which are provided in the Appendix [F}

Usually in convergence evaluations of various methods, ex-
pressions with the term of Fjp, i.e., something that depends
on the initial guess, arise as constants, but in Theorem E],
a term of the form F; appears. This can be explained by

Algorithm 1 Markovian QSGD

1: Input: starting point z° € R, step size v > 0, number
of iterations T’
2: fort =0toT do

3: Broadcast ! to all workers

4 for i =1 to n in parallel do

5. Set gt = Qj (V fila"))

6: Send ¢! to the server

7. end for .

8:  Aggregate g' = 1 3" ¢!

i=1

9: Update zt+! = 2t — y¢?

10: end for

the fact that, in iterations from ¢t = 0 to t = 7, the Markov
chain has not been stabilized yet, and the initial state can be
taken as t = 7.

Sketch proof of Theorem [3] Let us write out a descent

lemma of the form:
E[Hl’t+1* :L’*”Z} _ E{ ||xt7 x*HZ}

—2E[y (g’ ' — 2*)] +72]E

22@

27 :

@

2

where g* = Vf(z') and g! = V f;(z") denote the global
and local gradients at iteration ¢, respectively, and Q¢ repre-
sents the Markovian compression operator employed by
the i-th worker. The expression @ in (@) is zero if Q!
are unbiased and independent from iteration ¢, because

<Q£(Vf( D)=V fia'), 2t —a*) = B(E,[Qy(V f(2"))—
Vfi(z")],zt — 2*) = 0, where E; [-] is the conditional ex-
pectation at a step ¢. Therefore, the theory for such compres-
sors is highly developed. In our case, Q¢ (x*) are unbiased
only if t — s — oo, which follows from asymptotic un-
biasedness of our Markovian compressors obtained from
Assumption E} However, we can use some coarsening rather
than unbiasedness when ¢ — s = 7, where 7 > Tix(€),
using the technique of stepping back as follows:

a1

Importantly, we must apply the compressor @); at step ¢ to
the vector a®~7 at step t — T, since if we apply it to the
vector a! at step t, we will not be able to uncover the con-
ditional expectation, since we will have randomness in a’
(see details in Appendix [D). As can be seen from we
need to apply the last inequality with a'~7 = V f;(z*~7)
and o'~ = z!~7 — z*, but in (2) we only obtain expression
with variables at step ¢, therefore, it has to be handled in

E [<Qi(at7'r) . atf'r’bthﬂ S %E
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some way. In order to resolve this issue we use a straightfor-
ward algebra:
E(Q;(g}) E(Qi(g!) — gf, o' — ')
g At - a:*>
9 ) —gitg et —atTT)
—9T) =gl g At —a").

The first term in the last inequality is solved with the
stepping back. The other scalar products are solved us-
ing the Fenchel-Young inequality. Terms with E|lz! —
x!=7||? are evaluated using line 9 of Algorithm [1} z* —
—y 70 g®. The terms with E[| Qi (V fi(2') —
Vfi(x'=7))||? are obtained from the following inequality
(see details in Appendix [E):

—gf 2t —at) =
+E<Qi(gf”)

~ E(Qi(g!—
+E(Qi(g!

:L.t—T _

212

Qi (Vf(z) - Vi) < S5 llz —y]?,

. . 2 .
Since the evaluation of E ||x“’1 —x* || raises the terms of

the form E ||zt~ — 2*|?,
E Hact“ — 2*||* from t = 7 to t = T'. These terms greatly
complicate the proof of Theorem [3]compared to unbiased
compressors. The results of Theorem [3|can be rewritten as
an upper complexity bound on a number of iterations 7" of
the Algorithm [I]by carefully tuning the step size .

we have to do a summation of

Corollary 4 (Step tuning for Theorem [3).
e Under the conditions of Theorem [3|in the non-convex
case, choosing

m

v < mn mln{i
dv Lt d(6%2 + 1)V Lt

in order to achieve the e-approximate solution (in terms of
2 .
E [HVf(xT)H } < €2), it takes

Lrd? 2 +1 o2
o (e (% 5))

iterations of Algorithm

F./(To?)},

e Under the conditions of Theorem|3|in the PL-condition
(Assumption[3) case, choosing

m? wWm?E, T

< mi [ —
~v < min { L& (0 + ) NT log (max{Q Lo })}

in order to achieve the e-approximate solution (in terms of

E[f(zt) — f(z*)] < ¢), it takes

o (S (10w (1) + )

iterations of Algorithm|[I]

Algorithm 2 Accelerated Markovian QSGD

1: Input: starting point 2° € RY, step size v > 0, momen-
tums 6, n, B, p, number of iterations T’
2: fort =0toT do

3. Update z, = 0z’ + (1 — 0)z*

4: Broadcast x_f] to all workers

5: for i = 1 to n in parallel do

o Setg=Qj (VAlb)

7: Send ¢! to the server

8: end for N

9: Aggregate g' = 2 3" ¢!

i=1

10: Update asf =zt — pyg'
11: Update 2! +! = nx?‘l + (p — )}
12: +(1=p)(1 = Bz’ + (1 - p)Ba},

13: end for

2.3 ACCELERATED METHOD

After giving the convergence result for the vanilla distributed
SGD with Markovian compression operator, we now move
on to the accelerated scheme. Since we do not assume bound-
edness of the gradient variance, the classical Nesterov ac-
celeration [Nesterov| [2014] does not produce the expected
effect, and therefore an additional momentum has to be
introduced [Nesterov| [2012b]], Vaswani et al.|[2019]. By ap-
plying a multi-step strategy partially similar to [Beznosikov
et al.|[2023b]], we obtain our Algorithm

Theorem 5 (Convergence of AMQSGD (Algorithm @). Con-
sider Assumptions[I} 2| ) Let the problem (1) be solved by
Algorithm 2} Then for any v, > 0 and T > T > Ty(e)
with

1/3,,1/2 2

W m
YS amois PS Saa o
~ rLA/341/2 ~ T2d2(6% 4+ 1)
< m7/4 ml5/4
£ 5 min 4775 )/4L(52+1)7 dis/4 13/4(52+1)2

V3/2uy), 0 =

and B = /2p*uv/3, n =
1)/(Bpn~t — 1), it holds that

2
FT+1=(9<€XP —(T—T)\/Z% F;
+ exp —Tq/plw AL+ 0)
3 Iz
Here we use the notations: F, = E[|jzt —
|+ 3/ulfly) — f@))] and A <
AR ABT B ST  (ENVA@)? + E 2t — o) +
E[f(l“f) F@)).

The above theorem shows that in the strongly convex case
Algorithm 2] with constant step-size can attain sublinear con-
vergence. In terms of dealing with Markovian stochasticity,
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its proof follows quite similar ideas as the proof of Theorem
[} here again we use the technique of stepping back for
mixing time, which allows us to effectively deal with the
bias of the gradient estimator. The full proof is provided in
Appendix [G.3] The results of Theorem [5|can be rewritten as
an upper complexity bound on a number of iterations 7" of
the Algorithm 2] by carefully tuning the step size .

Corollary 6 (Step tuning for Theorem[5). Under the condi-
tions of Theorem[3] choosing
1/3
7 5 min { TA/3,8/3
123 (Fr + AT
F4/312/3 52

b1

in order to achieve the e-approximate solution (in terms of
2 .
E {HmT — :c*H ] < €2), it takes

1
W log ( maX{Q;

iterations of Algorithm|2}

2.4 DISCUSSION

Our Example [I] and the numerical experiments in Section 3]
show that the usage of Markovian compressors could lead
to a better performance quite well, however, the theoreti-
cal guarantees turn out to be poorer than in the unbiased
case. In particular, if we use Randm in the QSGD algo-
rithm, then we observe the following estimates Beznosikov

et al. [2023a]: X7 = O((1 — uy)" Xo + v 2 "—2), where

m un
X;=FE [||xt - x*\ﬂ and v < Lrg7mny- Whereas The-
oremgives us such estimates: Fr = O((1 — %)T F. +
wﬁTLM”Z), where F; := E[f(z7) — f(z*)] and v <

m2 ~

2
m. It is irpportant to note that not only has Fhe
theory for Markovian compressors not yet been studied
well, but also dealing with the Markovian stochasticity itself
implies quite strict limitations. For instance,

e d/m vs d?/m?. We are forced to uniformly bound the
noise of the compressor (linearity in the compression con-
stant is prevented by this) due to the impossibility of us-
ing the expectation trick, in contrast to the unbiased case
Beznosikov et al.|[2023al], where the authors estimated the
variance of the compressor noise. The assumption of uni-
formly bounded noise cannot be rejected by any authors
who work with Markovian stochasticity Beznosikov et al.
[2023b], Doan et al.|[2020al], Dorfman and Levy| [2022],
Even| [2023], therefore, there is no possibility to achieve lin-
earity in the compression rate in our theoretical guaranties,
according to the current theoretical advances.

e Mixing time. It is imperative to emphasize that it fol-
lows from Theorems [3] and [3] that the convergence rate

is improved as 7 (and, consequently, K') diminishes. In
other words, the distribution of the compressor’s underlying
Markov chain has to converge to a uniform distribution as
fast as possible, but empirically one wants the choice of
coordinates to depend on previous iterations rather than be
random (e.g., for Randm compressor 7 = 1, K = 0). This
causes a logical contradiction: while using a large K will
theoretically give poorer convergence, in practice algorithms
with non-zero values of K perform better (see Section [3).
It is also worth mentioning that when Markovian stochas-
ticity is employed, we can never avoid 7 in the theoretical
estimates, since it appears in the lower bounds on the conver-
gence rate of the Markovian methods Bresler et al.| [2020].
Thus, our Algorithms|[I]and [2]have a reasonably good poly-
nomial dependence on mixing time (Theorem [3|shows an
optimal estimation in terms of 7), considering the fact there
are several works|Doan et al.|[2020b] whose bounds include
terms that are even exponential in the mixing time.

e L /p. In spite of the difficulties listed above, we still can
observe that the momentums implementation in Algorithm
gives an acceleration in terms of L/ compared to vanilla
QSGD (Algorithm . In the classical version of acceler-
ated Gradient Descent, one can achieve an acceleration of
the form +/ L/ Nesterov [[1983]], but our analysis allows
only to achieve (L/u)*/® in Theorem When Markovian
stochasticity is employed, it is also possible to achieve esti-
mation of the form +/L/u|Beznosikov et al.{[[2023b], but it
is obtained by using batches with size scaled as 27, where
7 is drawn from a truncated geometric distribution. Unfor-
tunately, this specific batching technique cannot be applied
in our paper, as we consider compressors that act as ran-
dom sparsification (Definition E]), which necessitates that
the gradient be compressed only once at each iteration.

e Variance reduction. In our paper, we focus on the QSGD
method and its accelerated version (Algorithms [T] and [2).
However, in modern studies on distributed optimization,
techniques of variance reduction are of a great interest
(DIANA|Mishchenko et al.|[2024], MARINA |Gorbunov et al.
[2021a]), DASHA [Tyurin and Richtarik [2023]]), because
these methods converge linearly to the solution of the prob-
lem (), while QSGD converges only to the o-2-neighborhood
of the solution. We implement Markovian compressors (Def-
initions [5|and [6) in these methods in our experiments, but
we do not provide theoretical guarantees for such algorithms
since we have just developed a theoretical baseline for the
study of Markovian compressors. This represents a promis-
ing direction for future research.

Even though it is not entirely clear whether it is possible to
achieve significant improvements in the theoretical results,
due to the Markovian randomness, for now we could only
highlight a significantly better performance of Algorithms [I]
and 2] compared to similar algorithms using a vanilla unbi-
ased compressor Randm (see Section [3)).
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3 EXPERIMENTS

In order to justify the practical usage of the proposed meth-
ods and analyze their behavior, we conduct a series of ex-
periments using Markovian compression on distributed opti-
mization problems. Despite the considerations mentioned in
Section [2.4] we observe that Markovian compressors, when
used with MQSGD and AMQSGD, as well as with classical
SGD, DIANA and Adam show better results compared to
the baselines. Appendix [H] provides a description of the
technical setup, extended experiments with hyperparame-
ters analysis, and an application of Markovian compressors
to model-parallel neural network training.

3.1 LOGISTIC REGRESSION

Firstly, we experiment on a classification task using a lo-
gistic regression model with L, regularization of the form:

min, cga{ f(w) = L7 log(1 47" %) 4 AJw||?},

with a regularization term A = 0.05. The dataset is di-
vided among n = 10 clients. We use Mushrooms, A9A,
and W8A datasets from LibSVM |Chang and Lin| [2011]]
and MNIST Deng| [2012]. We experiment with MQOSGD,
AMOQSGD, and DIANA optimizers, employing Rand10% as
a sparsification compressor. Markovian compressors were
utilized independently on each client, with history size K
taken according to theory in Appendix [B|and forgetting rate
b = 50. Figure[T]shows the convergence of the baselines and
Markovian compressors on the MOSGD and AMQSGD algo-
rithms on MNIST dataset. Note that improved convergence
is achieved without compressor’s hyperparameters tuning,
making it easy to utilize in any practical optimization task.
Moreover, the analysis in Appendix [B](see Figure[3) shows
that our theory suggests optimal values of history size K.

MQSGD on MNIST

with combination of our Markovian compressors (Defini-
tions 5] and [6) and Natural compression in Appendix [H.3]

3.2 COMPUTER VISION

We also apply Markovian compressors in more complex
optimization tasks, such as image classification on CIFAR-
10 [Krizhevsky et al.| [2009] dataset with ResNet-18
convolutional neural network He et al.| [2016]]. Formally,
we solve the optimization problem: min,cpa{f(w) =
LS U(o(f(wi,w)), i)}, where z; is a training image,
y; 1s its respective class, o(+) is a Softmax function and
[(-,-) is a cross-entropy loss. Dataset is split equally be-
tween n = 5 clients. Figure 2] depicts the training loss and
gradient norm, with the aggregate values shown in Table[I]
As in the previous case, the application of the Markovian
compressor favors faster convergence and better validation
results. Hyperparameters, such as the learning rate and batch
size, are fine-tuned.

Training ResNet-18 on CIFAR-10 Training ResNet-18 on CIFAR-10

o
=@= Rand(d/20) 3 x 10
~il- BanLast(d/20)

A KAWASAKI(d/20)

=@= Rand(d/20)
~M- BanLast(d/20)
~—A— KAWASAKI(d/20)

TR

100

fa®)

107"

: : " : : " : :
0 50 100 150 200 0 50 100 150 200
Epochs Epochs

Figure 2: Image classification with ResNet-18 on CIFAR-10 ex-
periments results. Best runs for each method are displayed.

Table 1: Numerical results of training ResNet-18 on CIFAR-10
with different compressors.

—e— Rand(d/10)
10 E
Perm(d/10) g
—4— Nawral (x4)
e - Banlasid10)
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1077 o

T T
0.0 0.5 1.0 1.5

Information sent x10°

T 1
0.00 025 050 075 1.00 1.25 1.50

Information sent x10°

AMQSGD on MNIST AMQSGD on MNIST
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Figure 1: Logistic Regression on MNIST experiments results. Best
runs for each method are displayed.

Both Markovian compressors achieve faster conver-
gence than the baseline and more complex compressors:
PermK |Szlendak et al.| [2022] and Natural compression
Horvath et al.|[2022]. Additionally, we conduct experiments

Rand5% Banlast KAWASAKI
Train Loss 0.0743 0.0734 0.0305
MQSGD on MNIST Gradient Norm 1.403 1.383 0.745
—— R0 Test Accuracy 87.9 88.0 89.05

Figure 3] presents comparison with Permutation and Natu-
ral compression, which confirm the practical usefulness of
Markovian compressors on more complex and non-convex
optimization problems. Note that our methods can be ap-
plied in combination with sparsification techniques like Nat-
ural compression, making our approach even more flexible.

3.3 NATURAL LANGUAGE PROCESSING

Additionally, we perform a series of real-life experiments
of fine-tuning DeBERTaV3-base model He et al.| [2021]]
for a subset of the GLUE Wang et al.| [2019] benchmark.
Figure [ presents the convergence rate of Adam Kingma
and Ba|[2015]] with our Markovian compressors for QNLI
and SST2 datasets. A detailed description of this experiment
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Training ResNet-18 on CIFAR-10 Training ResNet-18 on CIFAR-10

=@= Rand(d/20)+Natwral 100 o
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Figure 3: Comparison with other compressors on Resnet-18 train-
ing on CIFAR-10 dataset for Rand5% sparsification on n = 20
clients. Natural compression factor is 4. Left figure is sequential
combination with Natural compression. Right figure is comparison
against PermK and Natural compression independently.

is provided in Appendix [H.8] Convergence is also notably
enhanced in this case in comparison to the baseline.

Training DEBERTA on SST2 Training DEBERTA on QNLI

100 5

2 6x107"

ain/los:

4x107"

—o— Rand(d/4) -1
E3x10

~l- BanLasi(d/4)

A= KAWASAKI(d/4)

—e— Rand(d/4)
M- BanLast(d/4)
2x 1071 { =~ KAWASAKI(d/4)
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Step Step

Figure 4: DeBERTaV3 experiments results. Best runs for each
method are displayed.

4 CONCLUSION

We studied compression for distributed optimization in the
case where the compressor remembers what was sent on
earlier iterations. The randomness of such an operator forms
a Markov chain, and we collect all operators of this kind
into a single class, with BanLast and KAWASAKT as two
concrete members. We embedded the class into QSGD and
its accelerated version, as well as into DIANA and SGD with
momentum. The convergence guarantees are proved once
for an arbitrary compressor of the class under an ergodicity
condition, so a new operator only has to satisfy that con-
dition and provide its own constants. The analysis covers
the strongly convex, PL, and non-convex regimes. Across
logistic regression on MNIST and LIBSVM, image classi-
fication with ResNet-18 on CIFAR-10, and fine-tuning of
DeBERTaV3 on GLUE, the methods built on our compres-
sors reach a lower loss faster than the random sparsification,
permutation, and natural compression baselines.
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A AUXILIARY LEMMAS AND FACTS

In this section we list auxiliary facts and our results that we use several times in our proofs.

A.1 CAUCHY-SCHWARZ INEQUALITY

For all 2,y € R?
(@, y) <l lyll -

A.2 FENCHEL-YOUNG INEQUALITY

For all 2,y € R% and 3 > 0

2 (z,y) < B |z + Bllyll*.

B CALCULATIONS FROM EXAMPLE

By definition of the mathematical expectation of an integer positive random variable Z, we obtain that E[Z] = >0 | s -

P{Z = s}. In our problem, Z is the number of an iteration where we first selected the desired coordinate. For Randm

compressor, we have P{Z = s} = 7 - (1 - %)871. The first term is the probability of picking the desired coordinate at

iteration s and the second term is the probability of not picking the desired coordinate at iterations from 1 to s — 1. Using
this, the mathematical expectation of the number of steps to quit the point z* for Randm compressor is equal to

o0
m\s—1m d
1- 7) m_a 3
> s ( d d m ®)
s=1
Now we calculate the expectation for BanLast (K, m) compressor (Definition[3)). If s > K, similarly to the Randm case,
s—1
we obtain that P{Z = s} = -5 (1 — d_?(m) , because we cannot choose K'm coordinates. If s < K, then the

formula of P{Z = s} becomes a bit more complicated, because the probability of not picking the desired coordinate at

iterations from 1 to s — 1 is different at each iteration and is equal to HZ;% (1 — #) If s = 1, then this probability is
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equal to one. Using this, we can calculate the mathematical expectation of the number of steps to leave the point z¢ for
BanLast(K, m) compressor:

s=1 s=K+1
K sm pi m d m K
=" 17 (1--2 )+ S (- 4
;d—(s—l)m}i{o< d—hm>+m< d—Km) X
_XK: 5 5—2 1_# vali 1 K
B a—(s—1) —h -K) 7
s=1 h=0

where we used the notation & = d/m to show that (d) depends only on d/m, but not on d and m separately. We can consider
(@) as an optimization problem with respect to K. Since K is an integer and the objective function in @) is complex, we
numerically find the optimal K for different . For the sake of clarity, we show the difference between formulas (3]) and (@)
on Figure[5{c).

We consider « € [5.3,6.7,8.3,10,11.1,12.5,14.3,16.7, 20] and find the optimal K by a complete brute force search — see
Figure [5[(a). Then, we perform a linear approximation and obtain the formula K™*(«) ~ 0.7323« — see Figure [5((b). Since
the correlation coefficient between the points and the approximated line is equal to 0.73, we can consider this formula to be
accurate enough for practical applications.

200 e d/m=20.0 Linaer approximation ? 01— Randm
g ° d/m =16.7 e k=0.7323, b=-0.0853 2 —— BanlLastK
S s hd . gﬁm i ig: r2-score=0.9948 S us
2 3 e d/m=12. 2
]
e ° e d/m=111 X E
& 150 o dm=100{ Y*» Q 30
= i o d/m=83 « =
%S sl e | s e dm=67 5 %S s

0
d/m =523 10

— s ° Y— -
(] ° ° = o
O ol ee® o ? 2 9 100
S0 . . ° o 2 S
< I8 ° ! + E‘ 8 <
T ;s LI ? ® o o T s
[0} IR [ + Q
£ o I IR i) 9
o [ e e 8t g
X ! ol o

25 > 4 25

01 2 3 4.5 6 7 8 9 10 11 12 1.3 14 15 16 17 18 19 6 8 10 12 14 16 18 20 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
History buffer size K d/m d/m
(@) (b) ©

Figure 5: Theoretical estimate on dependence of history buffer size K on parameter « = d/m: (a) represents expected number of
iterations required to transfer all coordinates to server on history buffer size K for different o, (b) represents scaling of optimal history
buffer size K* on a. (c) represents comparison of expected number of iterations required to transfer all coordinates to server on problems

parameter o for Randm and BanLastK .

C PROOF OF THEOREM
Lemma 7. If P is a transition matrix of a finite homogeneous Markov chain, i.e.

P = (pij)?,jzla

where p;; is probability of moving from i to j in one time step. And the matrix P is symmetric, i.e. PT = P, then stationary

distribution exists and it is uniformly distributed.

Proof of Lemmal(7]. Let us look at uniform distribution



We can easily obtain that 7 is a stationary distribution, using symmetry and stochastic property of matrix P:
1 1 1
aP=-1"p=-(P1)T = =17 = 7.
n n n
O

Proof of Theorem[2]. We consider states of Markov chain as s := {1y, 1, ..., Z/K}V1 .wen Where M is the set of all
subsets of 1, d of size m. We define p(s, s’,4) as the probability to move from state s to state s’ for the number of steps 1.

e For both compressors BanLast (K, m) (DeﬁnitionE]) and KAWASAKI(K, b, A, m) (Deﬁnition@ corresponding Markov
chain is finite and indecomposable.

The finiteness of the chain is apparent, as the number of states can be explicitly expressed as [ M| = (C7")X. We show that
both chains are indecomposable below. Then we deduce that the chain is ergodic based on the Ergodic Theorem |Neumann,
[1932]. Thus, we know that a stationary distribution exists. Than we show that the statinary distribution is uniform over the
set of states using Lemma 7]

All that remains is to show that both chains are indecomposable and that transition matrixes for both chaines are symmetric.

We will start with BanLast (K, m). Restriction on K, m and d is d > (K + 1)m. That makes obvious that any two states
are communicated, i.e. for any s, s’ there exists way from s to s’. Thus, the Markov chain is indecomposable.

For the compressor probability to move from s to s’ in one time step can be explicitly expressed as:

K
1
b /7]‘ = I
P (C&nxm)
(d—Km)!

where C* 1., = A= (R 1)) is a binomial coefficient. And all these states are equal in probability. If d = (K + 1)m,

then for s there will be only one set s, such that p(s, s’, 1) > 0, in this case chain will not be ergodic. If d > (K + 1)m,
then there are more then one state s’, for witch p(s, s’,1) > 0, therefore chain will be ergodic.

e According to the Ergodic Theorem, p = (1 — §)'/No and C = (1 — §)~!, where N is the minimal number of
iterations through which is strictly greater then zero and § := ming ¢ {p(s, s’, No)} > 0. For BanLast (X, m) in case of
d > (2K + 1)m it holds that

om K 1 K
N0=2and6:p(s,3,2):(mn> ( ) 7

because the smallest probability is to return to state s in two steps.

e For KAWASAKI(K,b, ma, m) from any given state, there exists a path to any other state in just one iteration, because
probabilities to choose any set of coordinates v are non-zero. Thus, the corresponding markov chain is indecomposable.

We focus on the case where ' = 1 and that generalize analysis to accommodate larger values of K. Let us look at
probabilities to move from v; to v; and from v; to ;. We show that both these probabilities correspond to random choice of
the same indexes with the same distribution vector p, defined in[6] i.e. the probabilities are equal. For this case let us define
v as operator

\Ifz(l,d) =V,

i.e. operator chooses indexes that are in v; from 1, d. And

O (p, ¥;) := P{choose v; with distribution vector p}.

According to@, probability to move from v; to v; equals a probability to choose indexes v; with distribution

pi = ﬂ—A(ﬁi)v

where

~k l/bd ifk ey
Co1/d ik
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1.€.
pij = (pi, V;).

By the definition of ®, for arbitrary permutation ¢ and index choice ¥ holds

D(p(p), Yo ¢) = d(p, V).

Now we point out that for arbitrary v; and v; exists permutation ¢;;, such that

For such permutation holds ¢;;(p;) = p;, i.e. the permutations moves indexes from v; to indexes from v;. Then we need to
use the property of ma to get the same equality for p;, p;:

¢ij(pi) = ¢ij(ma(Di) = madij(Pi) = 7a(p;)-

This allows us to write
pij = @(pi, ¥5) = (s (pi), Vj 0 ds5) = ©(ps, Vi) = pji-
Thus we get equality of probabilities to move from v; to v; and to opposite way.

Now we can easily generalize the proof for arbitrary K. All that is required is to consider, instead of the sets of indices v,
combinations of sets of indices that were chosen for transmission over the previous K steps. In this way, the number of
states is increased, but the logic of reasoning remains unchanged.

e As was mentioned above, for KAWASAKI(K, b, ma, m) Ny = 1. We now compute § := p(s, s, 1), where s = {v, ..., v},
where v occurs K times. In this case probability to choose v another K times is equal to P{j € v}™¥ . And

P{j € v} = min {TFA [;bv:: (%, cny z/—Kd, #, ey 1/Td )T] }

m d—m

If we consider (ma (P)); = |B;|/[1Pl1, then, since [|pl|1 = 3 (db™ —m(b™ —1)), ithold that § = (db™ —m(b* —1))~™*.
This finishes the proof. O

D MAIN LEMMAS

Lemma8. Foranyi € 1,n, & >0, 7 > T,u(e), t > 7, forany a' =7, b= € RY, such that if we fix all randomness up to
stept — 7, a7 and b*~" become non-random, it holds that

3 -7 -7 -7 d -7 -7
E[(@Q (a"7) —a' 07 T)] < ZE ||| - 6]
Proof. We begin by using tower property:

E[(Q (a"7) —a" 70" T)] = E[(Brr [Q1 (a"7) —a"T] 6] )

where E;_ [-] is the conditional expectation with fixed randomness of all steps up to ¢ — 7. Since on a step ¢ we compress
vector a’~7 according to distribution 7} by the formula Q% (a'~7) = d/ma'~" ® 1(v}), where v} is some set of m
coordinates : v} C 1,d and 1(v}) is vector with 1 on coordinates v on 0 otherwise. Using this we can obtain:

B Q1) —a ) = X (R =) -
d

v,eEM

d
=T o 1(D) —
) o1

where M is set of all subsets of 1, d of size m. This equality follows from the fact that >~ ., a'~™ © 1(¥;) = C*'al ™"
and Cg:l /C" = m/d. Now with the help of Cauchy—Schwarz inequalitywe can estimate ()
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nd o,
[l 1@ — o] - ©)

B<E| >

v,eEM

P {VZ = Di

1
oy

Since ¢ > 7 and 7 > Tix (&) it holds that ‘Pt_T {z/; = ﬁi} -1/ C’;”‘ < e-1/C", because stationary distribution of our
Markov chain is uniform. Using the fact that ||a*~" ® 1(7;)|| < [la*~7|| we can obtain:

i t—T i t—T1 7% t—7|| . t—7
©<5| T g |41l - e )

This finishes the proof.
O

Lemma9. Foranyi € 1,n, & >0, 7 > Tu(e), t > 7, for any a'~™ € RY, such that if we fix all randomness up to step
t — 7, at~7 becomes non-random, it holds that

B ([ (@it - ot~ ] < S =]

Proof. Using same notation as in the proof of Lemma[TT] we obtain

97

E [IEi- Qi) a7 1P) =2 || & (P (i =) - Clm) Lot o 1(7)

m

v, eEM
<5 |%cr 3 (jrrtit = [ I o160f)
<E| 504 2 A il ()

Since ¢t > 7 and 7 > Tyix (&) it holds that |IP’t_T {I/t’ = 'ﬁi} -1/ C&”| < ¢-1/CT", because stationary distribution of our
Markov chain is uniform. Using the fact that ||a’~™ ® 1(7;)|| < ||a'~7|| we can obtain:

B2 Qi) — '] < S5 [

This finishes the proof.

Lemma 10. Foranyi € 1,n and a € R? it holds that

2 2
Q@I < Z al? and ||Q¥(a) — a| < 4% ||
m m

Proof. Consider the first inequality. Since Q" (a) = d/ma @ 1(v"), then ||Q*(a)|| < d/m ||a||, therefore

i 2 d2 2
| @] < 5 ).
Consider the second inequality. Using Fenchel-Young inequality [A-2] with 5 = 1 we can estimate

d? 9
m2 llall”.

. ) 42
1Q'(a) = a||* < 2[|Q"(@)||" + 2 af* < 2 (m + 1) lal* <4
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This finishes the proof. O

Corollary 11. Foranyi € T,n, &€ > 0, 7 > T,uc(€), t > 7, for any a', bt € RY, such that if we fix all randomness up to step
t, a* and bt become non-random. And for any at="  b'=7, such that if we fix all randomness up to step t — T, '~ and b~
become non-random, it holds that

2[E[(@} () - a0 < 5B a

mpo

+(511 [33) [Hbt O

where By, B1, B2, B3 > 0.

] S )

T e [,
M [H ¢ At—TH2]

sz oy ¢

Proof. Using straightforward algebra we obtain

E [<Qi (at) _ at,bt>] ) <Q§ (dt—r) _ &t—T7Bt—T>:|
_E KQ’? (a' —a"7) —al + a7 bt — l;t77—>]
IE KQi (a' —at") —a' + a7, bt)]
+E[(Qf (a') — a0 = 57)] .

Using Lemmawith a'~" = a7, b'=" = b*~7 and Fenchel-Young inequalitywith B1, B2, B3 > 0 we obtain:

2[E [(@} (a') o', b')]| < 25K [ ]
+BE {HQé (a' — ") — ot +dt—7—||2j| n %E |:Hbt T

bt—T

~t— TH

]
+ 5o [0} (a* ~ ) —a* +.a | + [
b T 2} )

+ BE[Q) (@) - a'|] + éu@: [

Using Lemma|10|and Fenchel-Young inequality with Sy > 0 we obtain

1] ]
+4ﬁ (BL+B2)E [Hat - dt_THQ} + (511 63) [Hbt bioT

a8 o] + 28 ).

2[E (@} (a") —a',0)]| < —ZE 12

]
This finishes the proof. U
Lemma 12. Assume then for any x € R? it holds that

*Z IV fi@)[|* < 2(6° + 1) [V f(2)]|* + 207,
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Proof. Using straightforward algebra and Fenchel-Young inequality [A.2] with 5 = 1 we obtain

% SOIVHi))? < % S OIVFi(z) = V@) + 2|V (@)
=1 =1
<262+ 1) |Vf(@)|? + 202

The last inequity follows from[d] This finishes the proof. O

E EXTENSIONS FOR THEOREM
E.1 FULL VERSION OF THEOREM

Theorem 13 (Convergence of MOSGD (Algorithm|T), extension of 3). Consider Assumptions[I} @|and[5] Let problem (1) be
solved by Algorithm|]
e Foranye >0,v >0, 7 > Tyr(e) and T > 7 satisfying
m? m?
< M e<
TR ey M ey

it holds that

E [va@T)HQ} _0 (FT ~L7d? 02> 7

T m?

T

where T is chosen uniformly from {xt}tT:O.

o [f f additionally verifies the PL-condition (Assumption , then forany e > 0, v > 0, T > Tyir(€) and T > T satisfying

m2 m

<M nd e= A< ™
TR T@rr 1) M TNV N ST

it holds that

T—1 2L
Fr=0 (1—ﬂ) Fog YL 2
12 uwm?

Here we use a notation Fy := E[f(z') — f(x*)].

E.2 FULL VERSION OF COROLLARY@

Corollary 14 (Step tuning for Theorem 3] extension of Corollary [).
e Under the conditions of Theorem|[3)in the non-convex case, choosing v as

’y S d min d 5 FT 9 )
dvVLt d(62 4+ 1)VLr 'V To?

. . . L 2 .
in order to achieve e-approximate solution (in terms of E {HV f(aT) H } < €2) it takes

Lrd? 2 +1 2
@) <T2FT (—2'_ + 04)) iterations of Algorithm/[I]
m € €
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o Under the conditions of Theorem[3|in the PL-condition (Assumption[3) case, choosing v as

m2 log (max {2; “;;"LZTIZ;BT }) }

< mi .
7 T { Lr(32 + 1) uT

in order to achieve e-approximate solution (in terms of E [f(z') — f(z*)] < ) it takes

d’L 1 2
@) ( 5 T <(52 +1)log <) + U)) iterations of Algorithm/[I]
m2pu € 1€

E.3 PROOF OF THEOREM NON-CONVEX CASE

Proof. Denoting F; := E[f(z') — f(z*)], we have using L-smoothness:

L K; > QiVA(a), Vf(xt)>

2
v“L
—FE

+ 5 {

L3 QUG

2
] . (7

Consider —E K}l 3 QUV fi(ah)), Vf(xt)>] . Using straightforward algebra: £V f;(2'~7) and +V f(2'~7) we can
i=1

re-write this term:

@
—E <jl Qi(V fila"), V() —Vf(xt‘7)>1
L i=1
i @
—E <i QiV file") —th”)),w(f—wﬂ

®

Consider @. Using straightforward algebra, tower property, Lemmas[9]and [12] we obtain
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R G R E

:_vE[

gl
+ -E
2

2

ZEt - [QUV fi(z""T)]

VI - R QUG )

2
] - %]E [HVf(xt_T)Hﬂ ®
d t— 7' t—7

S EZEUVﬂ W) - 28 [Iv eI

d2
<~ (5 w((ﬁ +1) - ;) E {HVf(xt_T)Hz} —i—'yEQﬁaz

d2

< —%IE {HVf(xt_T)Hﬂ +752ﬁ02‘

The last inequality follows from the fact, that
m

< —.
T 2dver 41

Consider @. Using Cauchy-Schwarz[A T|and Fenchel-Young [A2] with 8 = 1 inequalities we obtain

@<E||-1 ZQt V)| [V Vf(wt”)H]
<LE ’n ZQQ(Vﬁ(xt)) Il - me]
1Z—Tll (9)
— ’LE Q (Vfi(z Z ZQl Vfi(x H
< 77 ( [ ZQt Vfilx ] +SXt:TE ; s(V£i(z%)) D -

n .
Third equality holds since z' — z/=7 = 4 S'71 L S Qi (Vf;(«*)). Consider ®. Using Cauchy-Schwarz and
1

s=t—T n .

1=
Fenchel-Young[A2|with 3 = m/d inequalities we obtain

@SE[

~ Y QYA ~ Vi)

Mvaffm]

SWLEl

>HVﬂf”w]

t—1 n

> LY QUVAE)

(10)
s=t—T =1 |‘|

]+E{uw ”n})

‘1 3 QUV i) - Vil
2LdE i QUV fi(z
m =1
t—1
< ”7 ( Y E { ZQ (Vi

=t—7
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Wrapping (7)) - (I0) up we obtain

y2L
Ft+1 Ft < 7E |:

=3 QUG

2
v - &
] - 4B {HVf(xt )HZ} +7€2W02

2 no 2 1 noo ?
+~§£ TE[ %E:Qﬂvﬁ@ﬂ) ]*E: E[ %E:quﬁwj) ])
P = =1
2 t—1 2
+ T2 )y E[ ZQZ Vi ] TR [|vra T>I|Q])
< y?L7RE _ lXn:Q’(Vf(a:t)) + 62d—202
=7 n gt t 2 Y m2

t—1
+9’L Y E {

s=t—T1

‘;wax )

Using Lemma 2] we obtain

Ft+1_Ft

L (0 8 (1916 + o) + (S =) E 196

2L S (3 R [I97 ] + o) 4 2t

s=t—T

t—1

2d%~2L(6? T 2d°~v*L(d 1)
_ 2L Dy ng B[[vs@))] + 22D S g (v
s=t—T1
2 2
+(”2fnTj - eIV + 25 i+

Summing (]Lf[) from ¢ = 7 to ¢t = T and using the fact that 2 < ~vL7and 1 4 52 > 1 we obtain

T 202162 4
S {Iwsel] < e U0 (S o]

~ — 2 . 2Lra?
+> 3 E[va(xs)\ﬂ+TZE[HVf(x”)H }>+z5 L)

t=7 s=t—7 t=1 t=1

Since 21, 051 E [IVA@)IF] < 7 S0 E [IVF@)], we get

T—1 24,2 2
VS E[[VFE)]] < aFr + AL+ ) ZE“Vf ||}+2027de02.
t=0

m t=0 t=1

Taking
m2

< -
7= BEL2 + V)7

we obtain
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T—1

t=0 t T t=r1

We now prove that for any ¢ > 0, we have

sup {]E [|\Vf(m5)||2]} <4E {HVf || } + 8L2727'2:T2202.

t<s<t+T

Fort < s <t + 7 it holds that

97

E[IV5@)] < 2B [|[V5@)]*] + E[|V5@*) - V1))

< 2B [[[V£@")|] + 20%1°E { MV fiz")

|
< 2B |||V 5| +2L2727 Z ZE [|sz 1]

|+ 4LW‘T% 3 (0 + DE[IV@)I?] +02)

r=t

< 2E||[Vf(")

<2E HVf(ﬂct)H2 + 4L2727'2i—22 ((62 +1) sup {]E {HVf(:U&)Hﬂ } + 02> .

t<s<t+T

Since
m
VS —————,
V8L + 17
it holds that

2

sup {JE [|\Vf(a:5)||2]} < 4E [HW )| } +8L27272%o2.

t<s<t+r

Using this (T2)) takes form

T—71 2 2 52 T—71
t=0 t=T-271

d* T y2Lrd?
+ Z’)84L3’y47'3—4((52 +1)o? + 40 g 7 72- o?.
m

t=1
Taking

m
< S
7= 5R4dIor 1 1r

and dividing both sides of the inequality by 7' — 7, we obtain

F. y2Lrd?*
; V5" }§167(T_T)+80 o,

Therefore, if 27 is chosen uniformly from {xt}tT;()l, then it holds that
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y2Lrd®
5

E[[vr@En)|’] < 16F—T +807

This finishes the proof. 0

E.4 PROOF OF THEOREM 3, UNDER PL-CONDITION

Proof. We start from (T1)):

2d242L(6% + 1)1 =
Fipn—F = % {va
m

2L d2 d2
+ (7%; - Z) E [V )|7) + 2% (dyLr + ) 0®

7] + 2EEHE D S g g sy ]

s=t—T

If f satisfies PL-inequality (Assumption , then —E [||Vf(xt’7 \\2} < —2uF;_;, so that, for some 0 < a < 1 we obtain

24242 L(6% + 1)7 5 +1) &
Ft+1 — Ft + |:HVf H :| - 5 g:tZ_T]E |:||vf :|
V2Lrd? (1 —a)y r 13
(- )Eﬂw ¥ o
ayp yd?

—TFt T+7(4’7LT+6)

Fort > 0, let p; = p' and p = (1 — ap~y/4)~!. We multiply the above expression by p; and sum for ¢ < 7', hoping for
cancellations. Using PL-condition (Assumption E[), for T" > 7 we obtain

T—1

(6% (87 @]
Zpt-H (Ft —Fi1 - WLFt r) Zpt+1 [( - ﬂ) Fy—Fip1 + ﬂ(Ft - ;)
t=T1

4
= ZptFt Z peFy + 28 Zthrl Fy—F;)
t=r1 t=r+1
<p-Fr —prFr +2E Zpt-HFt
ayup; s’
- 4 - Z pe1F}
t=0

T-1
a
<p-F —prFr+ % t; pey1Fy

SPTFT pTFT_'_i Z pt+1E |:va H:|
t=T—1

For any ¢ > 0 we use a notation b; := E [||Vf(xt) Hz} . We now handle b; terms from (T3).
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~ (1-ah 3 21 S
=3 b + L Y pen | 2702+ Db+ 2(87 1) D b+ ghis |- (14)

t=71 t=71 s=t—T1

If ps = pt, p = (1 — apy/2)~! and v = 71 /7, then, using the fact that (1 — a/x)~% < 2% < 2eifz >2and 0 <a <1,
we can getthat 1 > p, = (1 — uy /(27))77 < 2eM711/2 < 2¢ < 6. Then

Zthrl Z by < p” Z Z Ps+1bs <672pt+1bt

s=t—T1 t=7 s=t—T

Now we can estimate (T4):

@) < 21_40‘)7;9,5+1bt+7L< 52+1th+1252+1 th+32bt>

T—1—1 T—-1
1—a d’7(6% +1 d?r(62 +1
< - D170 <4 - 17’7L(mg)) + 14V2L% E Pey1bg.

t=0 t=T-—1

Taking
< m2(1 — )
7= 136La2r (82 + 1)5

where 5 > 1, we obtain

T—1—-1

l1—«
(14) < - % Z pt+1bt+ a)y Z De+1b¢.

t=0 t=T—1

Now we can estimate (T3):

T—7—1

« 1 —a)y
0<p-F, —prFr+ ( 8” ) t; praby - L= Z Praby

5)
2

T-1 d
+ Zpt+1:;172 (4’7.[/7' +€2> o?

t=1

Using that we proved i 1nwe have b; < 4b,_, + 8L2~272 d2 o2. Then, we can obtain

T—71-1
) > Db

t=T-21

@ (a 1-—«
48L2 3,37 el 2.
+ y°T e 8+ 13 o

T-1
a l-a
7(8'1‘45) > pt+1bt<24’)’<

t=T—1

Taking o = 1/6 and 8 = 4, we obtain

l—a_l—a
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and (T3)) takes form

0 < prFy — prFr + 4812713 — 0% + Z pt+1 4’}/LT +e2) o2
Using the fact that
= apy\T-t apy oy 2
D0-) - () < E 0% -
2 — auy
and taking

and ¢ =+/vL7 <

m
B —
7= 625Ld2r (02 1 1) = 25d\/52

by dividing (T6) by p,, we obtain

This finishes the proof.

F CONVERGENCE OF ALGORITHM |1l WITHOUT DATA SIMILARITY

(16)

Theorem 15 (Convergence of GD Algorithm ] without data similarity). Consider Assumptions[I\and[2] Let problem (T be

solved by Algorithm Then forany e > 0,y > 0, 7 > Tyie(€) and T > T satisfying

m?\/ji my/i 1
< gt o << gy ] g A}
it holds that
T—7 T d2
E[|‘xT+1—x*’|2} < (1—ﬂ) IE{HxT—x*H ] (1—ﬂ> AT—|—26Py TJE,
2 2 um?
where

- 0<7;i2 \/Eg ||

Proof of Theorem|[I3] We start by writing out step of the Algorithm [T}

2] +ALE [f(z) — f(2")] ])

d
E [thﬂ — x*”ﬂ =E {H:ct — x*HQ} —2~E l; Z Q! (Vfi(z") = Vfi(z"),a" - x*>]
=1
2

— 2 [(V/(2"), 2" — 27)] +~°E H ZQf Vi
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Consider E [(Qi (V fi(z")) — Vfi(a?), 2" — x*)]. Using Corollary [11| with ' = Vfi(a?), b' = z' — 2%, a'™7 =
V fi(x!7) and b=t = 1T — 2* we obtain

E%Z'@i(vfi(wt))—Vf¢<xt>,mt—a: s%%ZE[HVﬂ 27

el o]+ (G5 ) B[l =] am

# SO [t - "] 44

+4fﬂs*ZE[Hw¢ ||} ZE 2" =]

Using the fact that f; are L-smooth, we can obtain:

LS IR = 2SS0 - S + O
SE;HVJ%( — V)| + > Z”sz (19)
4L & 2
<= (file") = fila™) = (VSila"), 2" —a7)) + 207

where we use a notation o2 := 1 3" ||V f;(2*) |*. Now we can estimate (T8):

18) < % (2LE [f(a"7) = f(2")] +U£)+#E [”mt_T—m* 2}
d2L2 11 — 1< . ’
(155 “1%)*/3+/@>E{‘75_t2_7n;@<vfi<x” ]

d? " " 2 1 t
8. 3 Bs(RLE [[(a) ~ [(@")] + %) + 5 E [ll2* -

z* 2}.

Now we can estimate (I7). Using Lemma[I0]and Assumption 2] we can obtain

T< (1- et B[l -] + SRR ot - o))

D1t~ 1) + 4T (1) — )

E|:H.’Et+1 —z*

+4LE

By
" ( TL 51+ ) + >+ ﬂl) gy éi(f(xs) - ) 0)
+ 28 ) - £ - L) - f(x*»]

+2 ;Cg) +4d2nf§’7 i+ ( L 2(61 +62) + é + 51 > 73:;12 + ﬁdjlaf-
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Taking 8y = 81 = 1, 83 = 7, B2 = 4/ and using fact, that e < y7d/m inequality (20) takes form

B [l -] < (1= o ) B [l = 2" l] + 2 [t -]

edry _r d?~? .
HALE | S () — £ + 5L (1) - 1)
1)
diL? 37 =1 ~y
9 * _ ty *
#2005 U - ) - 56 - 1)
272
+4d 7 T 3+10dL2 o2,
s
Let us perform the summation from ¢ = 7 to ¢t = T > 7 of equations (1)) with coefficients py:
o 2 d 3
> pE (ot 2t [’] < Dopt = EE |||t 2] 22)
t=r t=T
T ~ved 2
P pe [l = a*||"] 23)
+XT: 4L Lgd+572d27 _ E [f(z') — f(z*)] (24)
o Tpt m m? 2L
d'L? 37
+2OZ pdL— Z — f(z)] (25)
t=1 s=t—
d*~y%r d*L?
+Zpt4 7 3410—; Z o2, (26)
t=T1

If p, = pt,p = (1 — wy/2)~! and v = 71 /7, then, using the fact that (1 — a/z) ™% < 2% < 2eifz >2and0 < a < 1,
we can get that p, = (1 — py; /(27)) "7 < 2e#71/2 < 2e < 6.

Zpt Z as <p’ Z Z Psas§6TZPth

=7  s=t-T7 t=7 s=t—T

Using this we can estimate (22):
Zp |:||xt+1 * } Zpt (1—M7+6) {H t_ }
t=1

d A2 AP L2 ~ .
+Z4pt <7€ 57m T 4120 T 27L> E[f(a') — f(z*)]
T
+4Zpt ]
t=1

a+zpt+T Uk [|l+* - o

412 T
+sozpt+7 d—“ﬂ E[f(") - /()]

27)
d*L

Taking

mg\/ﬁ . ydT pm my/p . 1
1< i o= TR < S i v
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We get

d 242 dAL2? ~A372 3 d
PO 5T 990l YT T < and 1 Y 46— T
m m2 m* 2L 4 m 2
Assume a notation
T ed 2 T d4L2 37. .
Bri= 3 puee ([l = o] 80 3 e LT TEE [0 — F )
t=0 t=0

<120

22 T
’YmQ \/EZO (TE [th - 9:*”2} +4LE [f(z') — f(x*)]) .
t=
Using the notation of A, (27) takes form
d 2 d Yy 2 o V22T
> pE [me — o ] <> m (1 ~ 7) E [th — | } +y° 13pt?03 + A,
t=1 t=1 t=1

Using p; = ptand p = (1 — ,wy/2)71 we can obtain:

> (- 4) el ] < S (- ) -]

t=r1 t=r1

T —t A202

3 P\ TP
213 (1_7) m? o A

t=r1

The summed terms on the left and right sides are reduced, therefore this expression takes the form:

< (1-12) el o

pN T AT
+Zl3(1—7) Lo+ A

We can re-arrange this inequality:

B[l - o'

<o el

2

pNT = T pNT
13 (1 —) 2 (1——) A,
+; 2 m? + 2
Using the fact that

A = 0% py\E 2
Y (-5) =X(-F)=X0-5) =5
t=71 t=0 t=0 IU/‘Y

We can estimate:
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. i
E[Jo - o] < (1= ) B[l 1]+ (1- ) A, 4262 Lo

This finishes the proof.

G EXTENSIONS FOR THEOREM
G.1 FULL VERSION OF THEOREM

Theorem 16 (Convergence of AMQSGD Algorithm 2] full version). Consider Assumptions[I|[2|and[} Let problem (I)) be
solved by Algorithm Then for any v > 0, > 0, 7 > Tyix(e), T > 7 and 3,0, n, p satisfying

1 1 2 7 15
U3m2 m ) { mi m }
< < <
T P ey TG L2 1) AR (02 + 1)
2p? 3 11
B = & u’y7 =1\ 5= ezp’r],il
3 2y Bpn~t =1
it holds that
2 2
FT+1:O<eXp —(T—-1) Py F.+exp |-T p;ﬂ AT+70‘2>.
i

Here we use notations: Fy := E[||z* — z*||? + %(f(m?) — fxz*)] and A, < T%/Z% ;;o (E ||Vf(:1c§)“ +E |zt — 2| +
E[f(z}) — f(2")])-

G.2 FULL VERSION OF COROLLARYEI

Corollary 17 (Step tuning for Theorem 3] full version of Corollary [6). Under the conditions of Theorem B} choosing ~y as

L g (max{2 u<F+A>T}>
u3 . 73L302

Lirs’ upT? ,

~v < min

wloo

in order to achieve e-approximate solution (in terms of E {HmT —

o d?L3
m2u

G.3 PROOF OF THEOREM

2 .
* ] < €2) it takes

4 1 2
° <(52 +1)log () + 0)) iterations.
€ 113

B

wlno

Lemma 18. Consider Algorithmwith 0 = (pn~' —1)/(Bn~1 = 1) < L Then for any y* = k' + (1 — r)z' €
cony {x?, xt } for any s < t exist constants oz;'}, a® > 0and ¢, > 0 such that

t—1 t—1
v =Ty Y e’ =i+t —py Y ey

r=s r=s

And o + o® = 1forany s <t. If (1 —k)n <1, then ¢, <t — s+ 2, otherwise we can only use the estimate ¢, < 1.
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Proof. We start by writing out lines 3 and 10 of Algorithm 2}

o=y —pyg® Tt =02+ (1 - 0)" T —pygtTh (28)

Now let us handle expression 7} + (pfn)x’]i +(1—-p)(1—p)x*+(1—p)Bak —=z* for a while. Taking into account the choice

of § such that § = (pn~"—1)/(Bpn~"—1) (in particular, (pn~" —1) = (Bpn~' —=1)8 and n(1—Bpn~")(1-0) = p(1-5)),
we get

nzl + (p—n)al + (1—p)(1 — B)* + (1 — p)Ba}

=+ 1 —pB)ak+ (p—n)af+ (1 -p)1-p)t
=+ 1 —p)B)ak +npn™" = Dk + (1 -p)(1 - B)a*
=+ 1 —p)B)zk +n(Bpn~ " — 1)9x’} +(1=p)(1-B)ak
=+ 1 —=p)B)zh +n(Bpn~" = 1)(zh — (1—0)z") + (1 —p)(1 - B)z*
=+ 1 =p)B)zl +nBpn " = )(zh — (1 —0)a") + (1 —p)(1 - p)z*
= By —n(Bpn " = 1)(1 = 0)a* + (1 —p)(1 - p)z*
= By +p(1 = B)a* + (1 —p)(1 - p)z*
= By + (1 - B)a* .

Now we write out line [IT]of Algorithm 2}

w® = By 4+ (1= Bz — ey = By 4+ (1= B —npyg®!
= B0+ (1= 0)a" ) + (1= B)a"t —npyg®™! (29)
= B0z57" + (1= B0z —npyg* .

Now we use induction. 'y = stfl + (1= 0)z*! — pyg*~1, then a'}’l =0> 0 a7 1=1-6>0,¢, =1<nand
L4 at=1 =1, therefore base step is fulfilled. If 2 §=apr+a’r® —py Z c,,g for some s < ¢, when with help
of @) and (29) we can write out

ah =aj (91‘3’;_1 + (1 =)t = pvgsfl)

t—1
a® (6933}’1 +(1-B0)a* " — nmgs‘l) —pyY g’

Therefore ozf =ajf+ as,BH >0,a" ' =aj(1—-0)+a’(1—p0) > 0and c;_1 = o} + na® < 7. Then, the step of

the induction is fulfilled, since o’ !+ o= = 1. Therefore results of this Lemma are true for y* = ' € conv {x}, xt }

Consider y* = ! € conv {x’}, zt}. Form (29) follows that a'}_l = B and o'~! = 1 — B30, therefore base step is fulfilled.

The step of the induction will be the same as in y* = x;. Therefore results of this Lemma are true for y* = x*. Then, they
are true for any 3¢ € conv {x’}, xt}.
Ify" = k'l 4 (1 = k)z', then a®(y) = wa®(z}) + (1 — k)a®(z*). Since (1 —0)n < 1, then o'~ (2} (t—1).

n<l=t-
Therefore a®(z';)n < t — s by induction, since o*~!(z})n = o (a})(1 — )y + (1 — BO)a® () )77 < aj(xh) + (1 -
BO)t—s) <t—s+1.

Then, if (1 — x)n < 1, then a*(y")n = ke (%)n + (1 — k)na®(2') < k(t —s) + a(2') <t — s+ 1. Now we consider
es(yh). es(y’) = a3 () + (Y ) < aj(y') +t—s+1<t—s+2.
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Lemma 19. Assume and Then for iterates ofAlgorithmwith 0= (@n 1-1)/(Bpn~1—1),0 > 0,n > 1, it holds
that

E[lot ! — 2|

<= B+ DBt 2| + 80+ DE oy — o + (82 HE o’ — 2
& 2421 2p?
+10W(52+1)p272172E||Vf($Z)H2+p2727727<327 ) Z lg" I
r=t—r
+35p7nL%\/ 52 +1E [th_T —x*||2} +35p7nL%\/ 52 + IE{ ! z* 2} (30)

d a2
C P E(Vf(at), 2t + (ot — Dt — py Lt + 209 | — e+ Ay | 02
P E(V f(xg), 25 + (pn )l —pn~ta*) 4+ 2pyn B T L

Proof. Using lines 10 and 11 of Algorithm 2] we get

E|z —2*|> =E an”l +(p— n)m} +(1-p)1—-pB)at +(1— p)ﬁxé —x*

= E [z}, — pyng’ + (p = m)a’; + (1 = p)(1 = B)a’ + (1 - p)Ba}, — 2"’
=E|jnz, + (p—n)a’ + (1 —p)(1 = Bz’ + (1 —p) 2P E|g!
—2pynE (g, nxy + (p —n)at + (1 —p)(1 — Bz’ + (1 —p)Bz, — z*)

=E||nzy + (p = )y + (1= p)(1 = B)a' + (1 - p) I’
@ ®
—2pynE(g" =V f(zg),nzg + (p—n)zf + (1 = p)(1 — B)z" + (1 — p)Bay —a*)
®
—2pynE(V f(xg), nrg + (p—n)xy + (1 = p)(1 = B)a’ + (1 —p)fag — 7).
®
Consider @. From Lemma[T8] we know that
nry + (p—nzh + (1—p)(1 = B)z' + (1 —p)Bz, = fay + (1 - B)a’
It implies
Inz! + (p — )z + (1 —p)(1 — B)z' + (1 — p)Bz, — ™|
= Hﬁ CEt — ')+ a2t —
9 3D
= |la* " +?5<x — oz —at) + 57 g — o
= o' =" + By — "~ ll=* =" |* ~ ||} —=*|") + B* [}y — |

:(1—6)th—az* 2—1—6“302—90*

S+ (82— B) ||t — b
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Consider @. Using convexity of squared Euclidean norm and Lemma|l10} one can obtain

2
2022 ||gt||2 = p*v2?E

1~
52@%(%@2))
2.2,2

<Py zEn@z(wﬁc;»nz

(32)
@

< ZE IV fi(a)

@ d?

S 2727}2 (52+1 ]Eva || +2p2 2 2 20,2’

where in the last inequality we used Lemma[T2]
Consider ®. We first use Lemma[I8] twice
t—1
xy =0z% + (1—0)a' = a’} Tm’} T4l T —py Z crg”
r=t—r
nag + (p—n)ay + (1 —p)(1 = Ba’ + (1 —p)Bay = ay + (1 - f)a’
= B@x? + (1 — Bt
t—1
= d’} Tx? THATTT — py Z érg'.
r=t—T
Next, we apply Corollary.w1th a'~" = Vfi(T}7T), where T = a; Tx? T4t Tzt and BT = d; Txﬁc T+
A Tx!TT — x*, leading us to
- 2mnE< — Vf(xy),nzy + (p—n)ah + (1 —p)(1 - Bz’ + (1 —p)Bz, — a:>
-2 l"I[<:l'v4t \Y% 1—p)(1—pB)at — R
Ll > E(QiVSfilah)) = Vilah), nal + (p — n)ah + (1 - p)(1 = B2’ + (1 —p)Bal, —x
i=1

At—T, t—T

ed 1 <& (|12 edp e 2
= e ;E |:vai('rtg ) } OmnE { QTR R AT ]
2

+ 4ipw7 (B1+ B2) ZE [ |V fi(! Vfi(ﬁftg—T)HQ} +pyn (511 + ;3) E ‘

1t S B [0

=1

t—1 2
—py Y by

r=t—T

7] + W?E (1824 + (1 = Byt — = |*] .
Using Assumption [[]and Lemma|[I2] with ¢, < 7 < 27 and ¢, < 7 one might obtain

f2p777E<9 — V() nzl + (p—n)ah + (1 —p)(1— )z’ +(

1 fp)ﬂzz - x*>
2ed ~t—T dﬁ At—T T
< miﬁomnw2 +1)E [I{Vf(wﬁ, )Ilz} : Op nE [ et

At—T1, t—T *
ap Ty + « x x

1 1
“””(ﬁﬁag)E ‘

2
8207 + DBl V1)) + D |} +

|

t—1 2
-y Y, &g

r=t—r

d?>L?
+4 2 pyn (ﬂl +/82 |

—py Z crg"

r=t—T1

-t =]

ed d2ﬂ3 2
2y (—— + 4
+ mn(mﬁo +a-s )o

(33)
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]

€d T T -7 *
+mmn<2(52+1)L2 = i +ﬁoat ) [th —x

ed 2 2 At—T t
< =
< mmn( (6% +1)L%a" ﬁ + Body ) [fo

]
2d2L2

+p373777<4 p— <ﬁl+52)+n( )) Z g™

—r

886+ Ve |9t

pgn ] + ]%(1 _B)E U\xt

|| + 2 n(—; +4%)02.

BE [|l2} — =

Consider @. Taking into account line 4 and the choice of # such that # = (pn=* — 1)/(8pn~* — 1), one can note

77305 +(p— 77)95]} +(1-p)(1 - ,B)xk +(1 —p)ﬁxlgC —z*
=+ 1 —p)B)ak + (p—n)ak+ (1 -p@A-pBa* -2

=mp " ((p+ A —p)p~ Bl + (pn~" — Dpaf + (1 —p)(1 — B)pn~'2* — ™ 'pa”)

=mp " ((p+ A —p)p~ 0Bk + (pn~' — V)paly + (1 —p) (1 — Bpy~ ) (1 — 0)2* — n~'pa*)
=~ ((p+ (A —p)p~ 0Bk + (pn~" — V)paly + (1 — p)(1 = Bpn~ ") (ak — 02%) — n~"pa)
=np~" («f + (0" = Dpaf — (1 —p)(1 = Bpn~ )0z — ™' pa*)

=np~ " (zh + (pn~' = Dpaf — (1= p)(pn~" — D —n~"pa”)

=np~ " (2h + (pn™' = D)af — 0~ 'pa*)

Using that, we get

—~2pynE (V(wh),nat + (p =)l + (1= p)(1 = Ba’ + (1 p)Ba}, —a*)
= 29" E(Vf(z}),z} + (pn~' — Dzl —pn~'a*).
Summing GT), 32), (33) and (33) with By = V62 + 1L, B = B2 = 4”% and (3 = pryn we finish the proof.
Lemma 20. Assume Eand Then for iterates of Algorithmand for any u € R% it holds that

E[£(@4™)] < ELf@)] - E[(VF(h)u—ab)] = & u—ab| - DR[|V £(t)]]

L2d33236 1t1 L2d3~3p24
’)’pT + [va ]_’_23%02’

+ 209K [ V£ @] + 20

s=t—T

where
2

<l and <__m
T=7 P=T@ e

Proof. Usingwith x = af}“ Y= xtg and line 3 of Algorithmwe get

E /()] <E[f@)] +E [(Vr(h) 2 = b )] + EU\ G gt

— E[f(a})] - B (V). 0] + L2k [|lo')]
E[f(z})] — pyE [(Vf(2!),Vf(z}))] —mE (Vf(h).g" — Vf(ah))]
+ L8 ).
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Consider E [(V f(z}), g — V f(z))]. UsingCorollary.withat—Vf,( L),bt =V f(ah),at =" sz(fgff)jtffz
Vf(@, ), where x, € conv {xf,x } -7

—-py Z o t _, ¢sg° from Lemma Using Assumptlonwe obtain

2|E[(V/(xg). 0" = VI(z ]<E[ ZHWK”H] £dfo {HW%TM

d2L2 t ~t—T 1 t ~t—1
1+ 508 [l - 7]+ 22 (5 + 5 ) B [l - 50
d? 1< . 1
caoe LRG| + de el

Taking So = V02 + 1, 81 = m/d, B2 = m/(dp), f3 = pm/d and using results from Lemmawe obtain

2[E [(V(at),g" ~ V)] < <V527E iese 1)+ )
s INEEAl ]+10E{—p’r Z e ZQ (Vfilx ]
+ 3 (2 DR[| 9ra)] + o) + 2 g @]

Using Lemma@and@ convexity of the squared norm and the fact that ¢, <t — s+ 2 < 74 2 < 27 we obtain
3edv/o? + 1 77)
2[E[(V(}), 6" - V)] < = [ v )| 7] +
2 73,2 t—
MZE{(sQ"’_lef ||2+02]

s=t—T

B[] + 2 (w;ﬁ +p> 0.

Using the fact that L2y2d? /m?74n? > 1 and ¢ < /62 + 1p we obtain

+40

9dp(52 + 1
+p(+)
m

d\/62+1 _ L2d3~?pn?r
2[E (Vb o ~ V]| < ZNC g v )|] + a4t 2
L2d32 52+1 — 9dp(52 + 1
+ 40— pT E[||Vf )’ +%E [NMCAINE
s=t—T1

Using this result, Lemmas [T0]and [T2] we can estimate (36):

B[] = [fa)] - mE |95
—E (V). 6"~ Vi) + 2k o]

<B[f(a)] o [Vt |[] + 2D

7] E||[vs@5 "] +
L2d373p273 52+1 t-1 ]E[

2052
190 |Vf 2:| +WE [|

V)]

s=t—T1
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L2d3 3,24 L 2 Zd L d
+22 L P o2 P (52 1B ||V (ah)|] + Wy d s
Taking
1 2
< = d
T M PEpe e
we obtain

E | f@f)] <E (7)) - FE |V E)IF] + 2B IV@ )] +

2 73,,3,,2..3(52 -1 3,2, 4
+20Ld7p7' (62 +1) Z ]E[va ”}-}-23#02.

md
s=t—T

Using [2| with z = « and y = !, one can conclude that for any v € R? it holds
g

B [f(af™)] < BU) - E(VS )=o) - § flu -]
_ %E {va(xt)uz] + 2eyE |:va(§‘tq—7')”2:| n

t—1 3,24

2 93.,3,,2.-3(52
+20Ld7p7 (62 +1) Z E[va M+23% 2

s=t—T1

This finishes the proof. O

Theorem 21 (Theorem 3). Consider Assumptions[l} 2]and @ Let problem (1) be solved by Algorithm 2| Then for any
v >0,e>0,7> Tu(e), T >7and 3,0,n, p satisfying

15

SR

27L3d3

Sl PSS

. m m
, € < min 7

6diriL(02+1) v2riph T6dT R (3% + 1) }

5= 2p? W _ "1
p= 13d2(52+172’ \/ Boyp -1
2
B 0+ 2T - 1] < e (— =)y 2P3W>Ff
+ exp (—T\/Qp MW)A +45’y 2
3 %

where Fr := E{la” " [+ 2 ()~ f(z)] and & < T 5 (E[[VF@)|+E ot — 2 |*+ELf (o)~ ()] ).

4 1
7'3;1,3 =0

S

ol

it holds that

~+

Proof. We start by using Lemma [20|with © = 2* and u = xtf

E [f(z)] <E[f(@")] — E[(Vf(2}),0" — ab)] - Ellet -t - SE v r)I]
Y L2d3~3 273 52 t—1 L2d3~3p274
+ 209K ||V /(@ T)||2} +20— 2P ) > E[[Viey|?] + 2810,

s=t—T

6989



E[f@}™)] <E[f@h)] ~E[(VF@E)).ah —ap)] - & o - o - T [V se)I)]
3,24

L L2d3~3p273(52 +1) &2 . L2d3
+ 209K | £@ ] + 2052 meg( S E[|[V/G)]*] + 2810

s=t—T
Summing the first inequality with coefficient 2pyn, the second with coefficient 2pyn(n — p) and (30), we get

Ef|l2™ = 2| + 2y9* f(27)]

<= B+ DBt 2P + 80+ DE [ — o+ (82 HE [ — 2
d? 2dq2 L2p?
+10W(52+1)p2727721EHVf(w§)H2+p272n27(327 ) Z lg"1”
r=t—7

+ 3€p777L%\/ 52+ 1E [th_T —a*|

} + 3€p777L V62 +1E [

-]

ed d?
— 29 E(Vf(xt), 2t + (pn~' — D)zt —pp~la*) 42 — tdpyn—s |03
y*E(V f(x), x5 + (pn )l —pn~ta) 4+ 2pym oy T A

ARSI\ CAl

- (E )]~ E (Vb 0" — )] - &

s L2d3Pp?r3(5% + 1)
+ 208 [V ()7 + 20T E [[Vsa)]
s=t—T1
2.93.,3,2-4
m

+ 29y~ p) (E [F@)] ~E[(VIh),ah —ah)] - & [l — ol - 5B | [VAt)|]

. L2 p2r3(62 + 1) =2
+ 208 [V )7 + 20T E [[Vsa)]
s=t—T1
2. 93.,3,2-4
+23Ld731”02>
m
8

2
<@-A+ DBt - a4 3+ L~ prm) B[l - 2|+ (5 - B o — o

2
+p272772< 0%(52 +1) - ;) E||Vf(z})| + 2pymE f(z*) + 2yn(n — p) E f(z})

2 24212
+p2727727(52+1)d (32L ) Z E||V/(]
r=t—T1
+ eynL( 3p \/(52+ + 2ynL)E [Hx - *|2}

*

t—T1
:cf T

2
+ 5’ynL(3pE V2 +1+2ynL)E [ ]
2

ed
+2 —— +4pyn—
mn(m EESTAMRALr

d3 d2 2d2L2 2.2 5
+ 23py3nrt — L? + pynr? — 16 =P 5 b + =1 |02
m?3 m m2j3 8
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where in the last inequality we used Lemma|12{and Assumption Since 8 < 1, the choice of pynu = % gives

a-pHa+h<1-2
ﬁ+%2 —pynp < ? —pynp <0,
g2 —p<o.
This lead us to
Efllz — 2*||? + 2y0* (f(2) = fa™)] < (1 - £ VE |2 — o||* + 2pym?(1 - %)E[f(x?) — f(z7)]

27272 =
L )ZEHVf

r=t—T

d 1 d?
+p°y°n? (107712(62 +1) - p) E (V@) +p* v r(6* + 1) — (32

(37)

+€777L3p V02 41+ 2ynL)E [HiUH— |]+an3p V02 + +2717LM [f(27T) = f(z*)]

d? PR o d? T2d? L2p?y 5 9
+2p7n< \/(TL +4 PYN—s +23p'y nrt 3L + pynt 2 16m725+§ o°,

where we also used Assumption [2]and subtracted 2yn? f(x*) from both sides. Next, we perform the summation from t = 7
tot =T > 7 of equations (37) with coefficients p;:

T
Zpt]EHlfvt“ o |2+ 29 (F () = f(2™))]

<Zpt IE|| -

T T

+Y  p2pyn®(1— %) E[f(z}) — f(@*)]+ ) pp®y*n? (10512(52 +1) - ;) E V()]

t=T1 t=1

d? 72d2L2p272 5 t—1 .
+ Zptp2727727— 52 + 1)72 (327’717% + Z) T;TE HVf(I’g)H

d
+ Zpte’Y??L(i%pEm +2ynL)E [th’T — " ||2}
+ ZWW 3 V/E 1+ 2yL) LEIfGT) ~ £
d? LA, 5 d? T2d? L2 p%y 5 9
+ ZPt%WU( \/7L + 4p’y77 5+ 23py3nT? 3L + pynt " 16m725 + 3 o2,

t=T1

Similar as in Theoremwe take p; = pt,p = (1 — g)_l, it implies p, < 6 and therefore

Zp Efl|lz"" — a*||* + 2y (f(2") = f(2"))]

t=1

T

< Zpt (1 - % + 66’)/77L(3p%m+ 2Wﬂz)> E |z* - x*HZ
t=T1
T

+3m (2mn -0+ 12”2?( SV R 2an)> E[f(x}) — f(a°)]

t=71
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t=71

+§:p 8p274n2(52+1)d3 L MH’ ZEHW
o m r=t—

=0 -
!

_ d
+*§:1%+T€7ﬁl(3pggwﬂp‘%14%2WUL)%4EUY$?)‘*f(wﬂ]
t=0

+ Zpt+75777L(3p%\/ 6241+ 2ynL)E [th —
t=0

Taking
pim2 m?
Vs 2rLsds p= 13d2(62 + 1)72’
7 5 15
6<min{ 1§m4 ) Qm;zQ §$4 }
6diTiL(62 4+ 1) V2ripusL5di 6da771 (02 +1)2
we get

d2 1 d2 2d2L2 2.2 5
105 (62 +1) — -+ 7202 +1) 2 (322220 1 2 <,
m2 p m2

m2p3 4
6eynL (3pi VoZ+1+ 2*yv7L) < %

Ls
D pil b \/52 1+ 2ynL) < 29y L,
1 7

and therefore with 5 = %

T
D peEllat = a2 ) - <Zm( ) Ellla* — |12 + 22 (1

d? 2p%d <
+Zpt+78p2 4 2(524—1)—3 L? <5Lﬂ—|—5> Z E| V£,

t=0 =t—7

- d
+ D prereynL(3p— /0% + 1+ 299 L)E [ll2" = 2]
t=0

u d
+ Zpt+75’777L(3pE\/ 02 +1+ 2777L)% E[f(z}) — f(z")]
t=0

d d3 d2 72d2 LQPZ,YQ
2 4 23 — L? — | 16———
+> p’m( \/—L +Apyn—s + 237 Tt +mmm2< gt

t=1

Assume the following notation

2p=d

d t—1
Zpt+r8p2 n3( 524'1)7 °L? <B+5> Z E ||V (g
r=t—r1

+ memn!l@p%\/(?? +1+2mL)E o - o]
t=0
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+Zpt+7-5777L 3p— vz +2777L E[f(z}) — f(z*)]

t=0
< Z( IV |{+1Ey|xtx*y|2+1E[f(x;)f(x*)]>
TEps =
Now we substitute p, this lead us to
- By d By —t+1
S (1-5) Bl —a 2+ 292 (f@f) — f@N <Y (1-5)  Elle’ =22 + 202 (f () - £ ()]
t=r t=T

T
Byt &2 LA d2 P22 5\
A, (1 _ f) P 4 23 L (e 2 .
+ A+ ; 5) 20 \/7L +dpyn—s + 23py*nT + T e B

This implies
(1= 2) 7 Bl — 0 + 27 (S ?+1> Fa < (1= 9) Ella™ — oI + 202 (f(0F) — 1) + A,

T
ﬁ —t d d 9 d2 2d2L2p2’yQ 5 )
+ (1 — 7) 2pyn| —— + 4p’y77 5 + 23py*nT —L -HU’Y?]T— 1672227 L 2 )52

SAm

Rearranging this inequality and taking ¢ < Jiid We obtain
* B T=r T * T *
Ells™ =" |2+ 20m*(f@] ) — f@ D < (1-5)  Elle” — |2 +29m*(f@}) — F(a"))
T
+ (1 - é) A+ 6\/702
2 Iz
This finishes the proof. O

H ADDITIONAL EXPERIMENTS

This section provides description of the experiment setup, presents and analyses results of logistic regression experiments
on LIBSVM datasets, studies dependence of history size over convergence. Moreover, experiments with neural networks
optimization for data-parallelism and model-parallelism are presented and discussed.

H.1 TECHNICAL DETAILS

Our implementation of compression operators and algorithms is written in Python 3.10, with the use of PyTorch optimization
library. We implement a simulation of distributed optimization system on a single machine, which is equivalent in terms of
convergence analysis. Our server is AMD Ryzen Threadripper 2950X 16-Core Processor @ 2.2 GHz CPU and x2 NVIDIA
GeForce GTX 1080 Ti GPU. We use Weights&Biases [Biewald [2020]] for experiments tracking and hyperparameters tuning.

H.2 LOGISTIC REGRESSION EXPERIMENTS

We conduct experiments on classification with logistic regression on four datasets: Mushrooms, A9A, W8A, MNIST. We
apply the following optimization algorithms: proposed MQSGD and its accelerated version AMQSGD, and also use Markovian
compressors with popular DIANA Mishchenko et al.| [2024] algorithm. In all of our experiments, we do not utilize the steps
of the optimizer, but rather the information that is transmitted by each worker at the current timestamp ¢. This implies that
there are n workers, with each worker sending m coordinates at each iteration of the optimization step. Consequently, the
z-axis displays numbers of the form mn - 1,mn -2,... ,mn-t,...,mn - T. This allows us to understand the performance
of compressors with varying values of m and n.

We use convex logistic regression loss with a regularization term A = 0.05. Each dataset is split horizontally (by rows)
equally between N = 10 clients. The feature dimension is denoted as d in the figures, varying from hundreds to almost a
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thousand between datasets. The underlying sparsification compressors in Rand-10% for all logistic regression experiments.
Learning rate initial value and decay rate are fine-tuned for each problem and compressor. Markovian-specific parameters
such as history size K, forgetting rate b are taken from theory or a reasonable default.
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Figure 6: MOSGD LIBSVM logistic regression experiments.

AMQSGD on A9A AMQSGD on W8A AMQSGD on MNIST
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Figure 7: AMQOSGD LIBSVM logistic regression experiments.
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Figure 8: DIANA LIBSVM logistic regression experiments.

Figures [6] [7]and [§] present relative distance to the optimum and gradient norm for the best runs on MQSGD, AMQSGD
and DIANA, respectively. We observe that Markovian compressors consistently outperform the Rand-10% baseline in all
scenarios, as the diverging trend can be seen. Only in some experiments with DIANA (MNIST) the advantage is negligible
although present. We also observe that simpler and computational-effective BanLast compressor is often enough to achieve
substantial convergence improvement. Notably, fine-tuned hyperparameters are similar across datasets and algorithms: for
example, BanLast tends to perform best with largest possible values of history size K, and KAWASAKTI forgetting rate b is
large. Notice that BanLast compressor with largest K turns into round-robin compressor with (almost) no stochasticity in
coordinates choice.
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H.3 DEPENDENCE ON SIZE HISTORY

As a part of hyperparameter tuning, we additionally analyze how history size K affects the convergence of Markovian
compression-based methods. Figure [J] presents dependence of distance to optimum metric on history size for logistic
regression experiments. We observe that BanLast performs better around larger values of K = 8 or K = 9. In such case
for Rand10% used along with BanLast(9), the compression procedure resembles a permutation: for each 10 iterations, no
indices are repeated, and the transmission cycle repeats after that. KAWASAKT history size seems to have periodical spikes
and drops, achieving minimum at around K = 25. However, statistics for DTANA differ drastically, indicating that history
size should be adjusted for each problem independently.
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Figure 9: Convergence of Markovian-based algorithms on history size K.
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Figure 10: Comparison with PermK compressor and Natural compression.

H.4 COMPARISON WITH PERMUTATION & NATURAL COMPRESSION

In this section, we provide empirical comparison of the proposed compressors with other complex compression schemes.
Markovian compressors proposed in the paper compress vector coordinates dependently over optimization epochs. A similar
idea of distributed compression is proposed in PermK [Szlendak et al.| [2022]], where coordinates are arranged between
workers at each iteration. Another compressor in the consideration is Natural compression [Horvath et al.|[2022]], an unbiased
randomized compressor. We perform logistic regression with L2 regularization on MNIST dataset for MQSGD, AMQSGD
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and DIANA algorithms on N = 5 clients. PermK compression factor is 10, Natural compression factor is 4. Results
of comparison of these compressors on MNIST dataset are presented in Figure [I0} Best run is shown after fine-tuning
learning rate, decay and compression factor. The results justify that Markovian compressors tend to converge faster than the
competitors, allowing larger learning rates.

H.5 COMBINATION WITH DIFFERENT COMPRESSORS

Although markovian compressors are initially targeted to work with sparsification-based compressors, refining coordinates
selection probabilities, they are fully compatible with other compressors afterwards. To illustrate this, and to conduct
additional comparison with PermK compressor, we setup experiments combined with Natural Compression [Horvath et al.
[2022]. Precisely, we compare RandK+Natural, PermK+Natural, BanLast+Natural and KAWASAK I+Natural compressors
on logistic regression on MNIST dataset. Figure[T1]shows the results of the combination of the mentioned sparsification
compressors with natural compression.
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Figure 11: Experiments with Natural compression, MNIST logistic regression experiments.

H.6 NEURAL NETWORKS EXPERIMENTS: DATA PARALLELISM CASE

To adopt Markovian compression to a more complex task, we perform image classification on CIFAR-10 Krizhevsky et al.
[2009] with Resnet-18 He et al.|[2016] convolutional neural network. We split the training set of size 50,000 equally
between N = 5 clients. We use SGD optimizer with momentum 0.9 and weight decay 5 - 10~%. Hyperparameters such
as batch size and learning rate are fine-tuned. Markovian compresors hyperparameters, such as history size K, forgetting
rate b, normalization function are initialized with theoretical optimum or a default. Experiments are conducted with several
sparsification compressors, such as Rand-5%, Rand-7%, and Rand-10%, with number of epochs adjusted for each case.

Table 2: Best test accuracy % of training ResNet-18 on CIFAR-10 with different compressors

Rand-K% Banlast KAWASAKI
Rand-5% 88.03 88.1 89.27
Rand-7% 89.31 89.38 90.28
Rand-10% 91.46 91.72 91.78

Figures [I2] [T3] and [I4] present train loss, gradient norm and test accuracy for each baseline method and Markovian
compressors for Rand-5%, Rand-7% and Rand-10% scenarios, respectively. Summary on best test accuracy is presented in
Table 2} and extended numerical results for Rand-5% compressor were presented in main experiments Table [I] We observe
that in such complex, batched optimization problem only KAWASAKT obtains a substantial convergence improvement, as
opposed to simpler logistic regression. . In terms of achieved test set accuracy, methods differ significantly only on higher
compression rates like Rand-5%. This may imply that Markovian compression tolerates stronger compression, which is
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useful in practice. To summarize, Markovian compressors can be successfully applied in neural networks training, with
KAWASAKI compressor significantly improving convergence.
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Figure 12: Resnet-18 on CIFAR-10 training results for Rand-5% sparsification.
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Figure 13: Resnet-18 on CIFAR-10 training results for Rand-7% sparsification.
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Figure 14: Resnet-18 on CIFAR-10 training results for Rand-10% sparsification.

Finally, we also conduct the comparison with Permutation and Natural compression, both independently and in combination.
Figure[T3]shows learning curves for training with N' = 20 clients. KAWASAKI compressor appears to have best convergence
in both independently and in combination with Natural compression againt Permutation compressor.
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Figure 15: Comparison with other compressors on Resnet-18 training on CIFAR-10 dataset for Rand-5% sparsification on N = 20 clients.

Natural compression factor is 4. Left figure is sequential combination with Natural compression. Right figure is comparison against
PermK and Natural compressors independently, with information sent on x-axis.
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H.7 NEURAL NETWORKS EXPERIMENTS: MODEL PARALLELISM CASE

As opposed to data-parallel setting, model parallelism is paradigm which splits the model to a pipeline of layers between
workers. This distributed scenario is especially relevant for large language models. As communication is a typical bot-
tleneck in such systems [Diskin et al.| [2021]], various compression techniques are applied to layer activations and their
respective gradients that are transferred between adjacent pipeline workers. Such techniques include quantization and

sparsification Dettmers et al.|[2022]], Bian et al.|[2023]], as well as low-rank compression [2023]] techniques.
We perform training of Resnet-18 [2016]] convolutional neural network on CIFAR-10 dataset

[2009]. We split the ResNet onto 4 workers by resnet blocks, simulated on a single device with compression of activations
and their respective gradients in the places of communication. We apply Markovian compressors only to gradients in
model-parallel setup, using same RandK compression for both activations and gradients independently for each compression
block.

Table 3: Best test accuracy (%) for model parallelism experiments with Resnet-18 classification of CIFAR-10

Compressor Compression ON  Compression OFF
No compression 92.8 92.8
Rand10% 84.6 86.1
BanLastK+Rand10% 85.2 86.4
KAWASAKI(simplex projection)+Rand10%  84.5 85.0
KAWASAKI(normalize)+Rand10% 85.2 86.8
KAWASAKI(softmax)+Rand10% 85.3 87.3

Table [3]presents best test set accuracy achieved for training with different compressors. While compression indeed decreases
accuracy for Rand-10%, application of Markov compressors favors the final test accuracy on a whole one percent. Note that
compression is not applied during inference, only on training phase. This case illustrates potential of Markov compressors
beyond data-parallelism setup considered in theory.

H.8 FINE-TUNING DEBERTAV3-BASE FOR GLUE BENCHMARK

In this series of experiments, we examine a distributed approach to fine-tuning language models using LoRA [Hu et al.,[2022].
This method is based on freezing the model weights that are pre-trained on a large dataset, and add a low rank adapter with
matrices A € R™"*" and B € R"*™ to some selected layers Wyg € R™*™ of this model, such that Wi, = Wyg + A - B.
Since in practice the parameter r is chosen to be much smaller than n and m, the new model has much fewer trainable
parameters and can be efficiently trained on downsteram tasks.

In our experiments, we apply LoRA adapters with fixed rank » = 8 to the attention layers of the DeBERTaV3-base model
2021]]. The downsteram task is the classical GLUE benchmark for natural language understanding
2019]. We consider only random sparsification compressors (Deﬁnition with 25% compression rate, due to the large
computational cost of this experiment. Figure [I6]shows learning curves for training with N = 10 clients. Our Markovian
compressors appears to have best convergence against independent Randm compressor.

Training DEBERTA on SST2 Training DEBERTA on QNLI Training DEBERTA on COLA
10° 4

6 x 107" 1 6 x 10-1 —o— Rand(d/4)
] ) == BanLast(d/4)
2 " 2 6x10 2 —h— KAWASAKI(d/4)
§4><1() 1 g S 4x10?
g -1 S 4x107" =
.S 3x 107! A g g
s —e— Rand(d/4) E 5 10-1{ = Rand@d) S 3x107t

= BanLast(d/4)

2% 101 4 == BanLast(d/4)
2 x 107! { == KAWASAKI(d/4)

=~ KAWASAKI(d/4)

2x 107!
T T

T T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500

Step Step Step

Figure 16: Comparison with other compressors on fine-tuning task on GLUE benchmark on NV = 10 clients. We performed experiments
on SST2, QNLI and COLA tasks.
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