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ABSTRACT

Communication efficiency has garnered significant attention as it is considered the
main bottleneck for large-scale decentralized Machine Learning applications in dis-
tributed and federated settings. In this regime, clients are restricted to transmitting
small amounts of compressed information to their neighbors over a communication
graph. Numerous endeavors have been made to address this challenging problem
by developing algorithms with compressed communication for decentralized non-
convex optimization problems. Despite considerable efforts, current theoretical
understandings of the problem are still very limited, and existing algorithms all
suffer from various limitations. In particular, these algorithms typically rely on
strong, and often infeasible assumptions such as bounded data heterogeneity or re-
quire large batch access while failing to achieve linear speedup with the number of
clients. In this paper, we introduce MOTEF, a novel approach that integrates com-
munication compression with Momentum Tracking and Error Feedback. MOTEF
is the first algorithm to achieve an asymptotic rate matching that of distributed
SGD under arbitrary data heterogeneity, hence resolving a long-standing theoreti-
cal obstacle in decentralized optimization with compressed communication. We
provide numerical experiments to validate our theoretical findings and confirm the
practical superiority of MOTEF.

1 INTRODUCTION

Decentralized machine learning approaches are increasingly popular in numerous applications such
as the internet-of-things (IoT) and networked autonomous systems (Marvasti et al.| 2014} |Savazzi
et al.l 2020), primarily due to their scalability to larger datasets and systems, as well as their
respect for data locality and privacy concerns. In this work, we focus on decentralized optimization
techniques that operate without a central coordinator, relying solely on on-device computation and
local communication with neighboring devices. This encompasses traditional scenarios like training
Machine Learning models in large data centers, as well as emerging applications where computations
occur directly on devices. Such a setting is preferred over centralized topology which often poses a
significant bottleneck on the central node in terms of communication latency, bandwidth, and fault
tolerance.

Considering the enormous size of modern Machine Learning models, classic single-node training
is often impossible. Moreover, the training of large models requires a huge amount of data that
does not fit the memory of a single machine. Therefore, modern training techniques heavily rely on
distributed computations over a set of computation nodes/clients (Shoeybi et al.,|2019; Wang et al.|
2020; [Ramesh et al.,[2021;|2022). One of the instances of distributed training is Federated Learning
(FL) (Konecny et al., 2016; Kairouz et al.,|2021)) which has recently gathered a lot of attention. In
this setting, clients, such as hospitals or owners of edge devices, collaboratively train a model on their
devices while retaining their data locally.

A key issues in distributed optimization is the communication bottleneck (Seide et al., [2014} |Strom),
20135)) that limits the scaling properties of distributed deep learning training (Seide et al.l 2014} |Alistarh
et al., |2017). One of the remedies to decrease communication expenses involves communication
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compression, where only quantized messages (with fewer bits) are exchanged between clients using
compression operators. When used appropriately, contractive compressors (see Definition[T)), such as
Top-K, are often empirically preferable. However, the naive application of contractive compression
operators might lead to divergence (Beznosikov et al., |2023). To make compression suitable for
distributed training, the Error Feedback (EF) mechanism (Seide et al., [2014; Stich et al., [2018)) is
widely used in practice. It plays a crucial role in achieving high compression ratios.

However, most of the works analyzed EF mechanism in the centralized setting (Stich & Karimireddyl
2019; |Gorbunov et al., [2020; Stich, [2020). Recent research achievements (Gao et al., 2024; [Fatkhullin
et al.|[2024)) demonstrate that in this regime properly constructed EF mechanism can handle both client
drift (Mishchenko et al.; 2019; [Karimireddy et al.,|2020b) and stochastic noise from the gradients, and
can achieve near-optimal convergence rates. In the more challenging decentralized setting, a series of
studies (Zhao et al.| 2022} [Yan et al.} 2023)) introduced algorithms capable of effectively managing
the drift but fail to achieve a linear acceleration in parallel training, i.e. increasing the number of
devices used for training does not lead to a decrease in the training time. [Yau & Wai|(2022) partially
solved this issue under stronger assumptions achieving linear speed-up using variance reduction, but
with worse dependency on the variance of the noise

Designing a method that addresses client drift while preserving linear acceleration in decentralized
training has been challenging due to the complex interplay between client drift, Error Feedback
mechanism and the communication topology. In our study, we introduce MOTEF, a novel method
that tackles these challenges concurrently. Our primary contributions can be outlined as follows.

* We propose a novel method MOTEF that incorporates momentum tracking with compression and
Error Feedback, and provably works under standard assumptions (i) without imposing any data
heterogeneity bounds, (i7) without any impractical assumptions such as large batches, (ii7) with
arbitrary contractive compressor, and (iv) achieves linear speed-up with the number of clients n.
We provide convergence guarantees for the general class of non-convex functions, and for the
structured class of non-convex functions satisfying the Polyak-f.ojasiewicz (PL) condition.

e We propose MOTEF-VR, a momentum-based STORM-type (Cutkosky & Orabonal2019) variance-
reduced variant of our base method that improves further the asymptotic rate of convergence.

* Finally, we provide an extensive numerical study of MOTEF demonstrating the superiority of the
proposed method in practice and supporting theoretical claims.

1.1 RELATED WORKS

Decentralized optimization and gradient tracking. First works in the field studied gossip av-
eraging procedures that are typically used to reach consensus (Kempe et al.| 2003; Xiao & Boyd,
2004). Nevertheless, direct use of gossip averaging might be sub-optimal as it often results in slow
convergence (Nedic & Ozdaglar, 2009). Gradient tracking (Qu & Li, 2017 |[Nedic et al.| 2017}
Koloskova et al.,|2021)) is one the most popular remedies to this issue. It has been widely applied to
obtain faster decentralized algorithms (Sun et al., 2020; Xin et al., [2022; 2021} |Li et al., 2022; |Zhao
et al.}2022). In this work, we follow a similar approach but perform a tracking step on momentum
term instead of gradients. Takezawa et al.|(2022)) might be the first to analyze momentum tracking in
decentralized optimization, but they do not consider communication compression.

Momentum in distributed training. Lately, the utilization of momentum (Polyakl, |1964) has
attracted attention in distributed optimization. Several works empirically showed that momentum
can improve performance in distributed setting (Wang et al., |2019a; [Karimireddy et al., [2020a; Das
et al.| 2022). Besides, it has recently been shown that the use of momentum improves convergence
guarantees (Yau & Wail, 2022} |[Fatkhullin et al., [2024; Cheng et al., 2024; |Huang et al., |2024) fully
removing dependencies on data heterogeneity bounds. In this work, we follow this approach and
apply the momentum technique to the more challenging decentralized setting.

Short history of Error Feedback. Initially, the Error Feedback mechanism was introduced as a
heuristic (Seide et al., 2014) and was subsequently analyzed within a simple single-node framework
(Stich et al.l 2018; Karimireddy et al.l 2019). The first findings in the distributed context were
achieved under strong assumptions such as IID data distributions (Karimireddy et al.| 2019) or
bounded gradients (Cordonnier, [2018; |Alistarh et al., [2018}; |Koloskova et al., 2019;[2020a). EF21
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(Richtérik et al.l 2021) stands out as the first algorithm proven to operate with any contractive
compressors and under arbitrary heterogeneity, albeit failing to converge when clients are limited
to using only stochastic gradients (Fatkhullin et al.l 2024). Subsequently, EF21 was extended to
diverse practical scenarios (Fatkhullin et al., [2021)) and decentralized training (Zhao et al., [2022)
improving the dependencies on some problem parameters. Recent advancements (Gao et al.| 2024;
Fatkhullin et al., 2024) have demonstrated that a carefully designed EF mechanism (through the
control of feedback signal strength or the use of momentum) results in nearly optimal convergence
guarantees in a centralized setting.

Issues of Error Feedback in decentralized setting. Despite having been studied in the centralized
setting extensively, EF-based algorithms in the decentralized regime still fail to achieve desirable
properties.

 Strong assumptions. Many earlier theoretical results for EF require strong assumptions, such as
either the bounded gradient assumption (Koloskova et al.,|2019;|2020a) or global heterogeneity
bound (Lian et al.| 2017} Tang et al.| 2019} |Lu & De Sa, 2021} Singh et al., [2021).

» Mega batches. Convergence of BEER algorithm(Zhao et al.l 2022) requires large batches that
can be costly or even infeasible in some applications. For example, in medical applications (Rieke
et al.,|2020) or Reinforcement Learning (Khodadadian et al., 2022} Jin et al., |2022; Mitra et al.}
2023)) sampling large batches is often intractable. Moreover, it has been shown that training with
small batch sizes improves generalization and convergence (Wilson & Martinez, |2003}; |Keskar|
et al., 2016; [Sekhar1 et al.,[2021).

* Suboptimal rates. The stochastic term of several algorithms does not improve with n the number
of clients (Zhao et al. 2022} Yan et al., [2023), while the opposite is often desirable, and can
be achieved in the centralized training setting (Fatkhullin et al., 2024} Gao et al., [2024)). Other
work achieves speed-up with n, but requires stronger smoothness assumptions and has a worse
dependency on the noise variance (Yau & Wail 2022). Moreover, (Koloskova et al.;,2019; 2020a)
do not achieve standard O(1/£?) convergence rate in noiseless regime.

* Necessity of unbiased compression. Finally, early works analyzed decentralized algorithms only
for a more restricted class of unbiased compressors (Tang et al.| [2018a; [Kovalev et al., [2021).
Huang & Pu|(2023)) modify any contractive compressor using an additional unbiased compressor
following the results of (Horvath & Richtarik| 2020). This approach enables the creation of a
better sequence of gradient estimators, albeit with twice the per-iteration communication cost.

In Table [I] we provide a summary of known theoretical results in decentralized training with
compression that are most relevant to our work. We highlight the main issues of existing algorithms.

2 PROBLEM SETUP

Formally, we consider the following optimization problem
. 1 n
= = . i s 1
min {f(x) = 3 330 filx)} (M

where n is the number of clients participating in the training, x are the parameters of a model, f(x)
is the global objective, and f;(x) = E¢,p,[fi(x,&;)] is the local objective over local dataset D;.
Throughout this work, we assume that the global function f is bounded below by f* > —oc.

In the setting of decentralized communication, the clients are restricted to communicating with
their neighbors only over a certain undirected communication graph G([n], E). Each vertex in [n]
represents a client, and each edge in F represents a communication link between clients. Besides, we
assign a positive weight to w;; if there is an edge (¢, j) € E, and w;; = 0if (¢, ) ¢ E. Weights w;;
form a mixing matrix W € R™*™ (sometimes also called gossip or interaction matrix). The mixing
matrix W should satisfy the following standard assumption.

Assumption 1. We assume that W € R™ ™ is symmetric (W = W) and doubly stochastic
(W1 =1,1"W = 17) matrix with eigenvalues 1 = |A\;(W)| > [Aa(W)| > --- > |\, (W)|. We
denote the spectral gap of W as

pi=1—a(W)| € (0,1]. @
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Table 1: Summary of convergence guarantees for decentralized methods supporting contractive compressors.
nCVX = supports non-convex functions; PL. = supports functions satisfying PL. condition. We present the
convergence in terms of E [||V f(%out)|’] < € and E [f(Xout) — f*] < € in PE regimes for specifically
chosen Xoui. Here FO .= | [f(xo) - f*], L and ¢ are smoothness constants, p is a spectral gap, and o2 is
stochastic variance bound.

Method ﬁé};}ﬂ;{ptotlc Cog{[‘) lexity Large Batches? Assfrﬁéi?ons"
Choco-SGD LF5? X X Bounded Gradients
(Koloskova et al.| 2019) net E [IVfi(x,9)]?] < G?
: Batch size of
(ZhaoBeItEalL_Zlfz 2027) e s order 7% X
CEDAS LF%5? X X Additional Unbiased
(Huang & Pul|2023) net Compressor
DeepSqueeze LF%52 X X Bounded Heterogeneity :
(Tang et al.| 2019) net ' Y IVFi(x) = Vi) < ¢?
DoCoM (FO° (FO5?
(Yau & Wail 2022) ned WZne X X
CDProxSGT LF%52
(Yan et al.| 2023) e X X X
MoTEF LF%s? LF°s? X X
[This work] net 12ne
MoTEF-VR (FO5?
[This work] s X X X

The spectral gap is typically used to measure the influence of network topology in the training (Aldous
& Fill,[2002; Nedié et al. 2018]).

In our work, we consider algorithms combined with compressed communication. Formally, we
analyze methods utilizing practically useful contractive compression operators.

Definition 1. We say that a (possibly randomized) mapping C: R — R% is a contractive compression
operator if for some constant 0 < o« < 1 it holds

E [llC(x) = x[?] < (1= a)llx]|*. 3)

One of the classic examples of compressors satisfying (3 is Top-K (Stich et al., 2018). It acts
on the input by preserving K largest by magnitude entries while zeroing the rest. The class of
contractive compressors includes well-known sparsification |Alistarh et al.| (2018); [Stich et al.| (2018)
and quantization (Wen et al., 2017} Bernstein et al.,2018};|Horvath et al., 2022) operators. We refer to
(Islamov et al., |2021; Qian et al., 2021; |Beznosikov et al., 2023} |Safaryan et al., 2022; |Islamov et al.,
2023)) for more examples of contractive compressors.

In decentralized training, typically, each client receives the messages from its neighbors and transfers
back to them the aggregated information. We highlight that, contrary to many prior works, our
analysis supports an arbitrarily heterogeneous setting, i.e. it does not require any assumptions on the
heterogeneity level, which means that local data distributions might be distant from each other. Next,
we provide standard assumptions on the function class and noise model.

Assumption 2. We assume that each local function f; is L-smooth, i.e. for all x,y € R%, and i € [n]
it holds
IVfi(x) = VL) < Llx =yl @)

Next, we assume that each client has access to an unbiased gradient estimator with bounded variance.

Assumption 3. We assume that we have access to a gradient oracle g'(x): RY — R? for each local
function f; such that for all x € R% and i € [n] it holds

E[gi(x)] = Vfi(x), E[lg'x) - Vix)]?] <o (5)

It is important to mention that mini-batches are allowed as well, effectively reducing the variance by
the local batch size. Nevertheless, there is no requirement for any specific (minimal) batch size, and
for simplicity, we consistently assume a batch size of one.
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Finally, we consider the structural class of non-convex functions satisfying Polyak-FL.ojasiewicz
condition (Polyakl [1963). This assumption is one of the weakest conditions under which vanilla
Gradient Descent converges linearly (Karimi et al.| [2016).

Assumption 4. We assume that the global function f is j-PE for some > 0, i.e. for all x € R% it

holds
IVF)I? = 2u(f(x) — f*). (©6)

Note that the PL. condition is a relaxation of strong convexity, i.e. if strong convexity with parameter
implies p-PE condition.

3 THE ALGORITHMS AND THEORETICAL ANALYSIS

In this section, we introduce our main algorithm MoTEF, summarized in Algorithm[I] MoTEF
combines Momentum Tracking with Error Feedback to tackle the three major challenges of decen-
tralized optimization with compression at once: client drift, stochastic noise of the gradient, and
compression bias. In line and line we apply the EF-enhanced gossip step inspired by [Zhao
et al.|(2022) and Koloskova et al.|(2019), and in lineﬂ] we apply the Momentum Tracking mechanism,
which combines the classical Gradient Tracking method with Polyak’s momentum. We will show that
MOTEF is the fisrt algorithm that achieves an optimal asymptotic rate matching that of distributed
SGD without any additional, and possibly impractical, assumptions.

It is well-known in the literature that the asymptotic rate of SGD cannot be improved under the
standard assumptions. There is a long line of work, known as Variance Reduction, that attempts
to accelerate SGD under the additional mean-squared-smoothness assumption (for which such
acceleration is crucial) (Fang et al.l |2018; |Cutkosky & Orabona, 2019} |Tran-Dinh et al., 2022 Wang
et al.l [2019b; [Xu & Xu, 2022). To demonstrate the flexibility and effectiveness of our approach
MoTEF, we also present a momentum-based variance-reduced variant MOTEF-VR summarized in
Algorithm 2]

Next we present the theoretical analysis of MOTEF and MoTEF-VR.

3.1 NOTATION

Before going into details, we introduce a notation that we use throughout the paper. We stack the local
parameters x! stored at each clients into a matrix X! := [x},...,x!] € R¥" and denote the average
model X! = %th, where 1 is a vector of ones. Other quantities are defined similarly. To track local
gradients, we define VF(X?) = [Vfi(x}),...,Vf.(x)] € R¥*™. Similarly we write VF(X?)
as the collection of local stochastic gradients. Finally, C,, (X) denotes the contractive compression
operator C,, applied column-wise on a matrix X, i.e. Co(X) = [C(x1),...,C(x,)] € R*™.

3.2 CONVERGENCE OF MoTEF

Now we are ready to present convergence guarantees for MOTEF. Below we summarize the conver-
gence guarantees for Algorithm[I]in general non-convex and PL settings. Our analysis relies on the
Lyapunov function of the form

t . ot c1 At | coT it csL Ot caT Ot csL Ot c6T Ot
Ot = F*' + n2LG + nLG + p3nTQl+ anQQ-F p3n7_Q3+ anQ4, (7)

where {cx}8_, are absolute constants defined in the appendix in @]ﬂ Ft = E[f(x") — f*]
represents the sub-optimality function gap, and the error terms are defined as follows

Gt = E[|VF(XH)1 - M*1|2], ét::E[HVF(Xt)—MtHH, Ol ::E[HH‘—XH@}
O =E |G- VIF], o =E X" -x17||;] ®)

A =E [V -vaT|h], ot =E[ls)?].

!To find a suitable choice of constants we use Symbolic Math Toolbox in MATLAB (Inc.},|2023). Our code
can be found at https://anonymous.4open.science/r/dec-symb-verificationl
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Algorithm 1 MoTEF Algorithm 2 MoTEF-VR
1: Input: X° =x°17, G° H° V? 4,7, A, 1: Input: X° =x17 GO H?, VO ~,n, ),
2: Cq 2: Cq
3: fort=0,1,2,... do 3: fort=0,1,2,... do
4 | XHUZX 4 AHY (W — 1) — V? 4 | X=X 4y HY (W —T) — g V?
5: =, (X”t ) HY) 5 t+1 Ca (Xfﬂt+1 HY)
6 | HF' =H'+ Q' 6: | H' =H'+QF
7| MH = (1 =AM+ AVFXH) 7 | M = VR(XEH )
8 | VIt = Vt+ VG (W-D+MFI-M" g (1 - A)(M! — VF(X! =)
o | Q) = (Vf+1 G') 9: | VI = VI GHW -I)+MH - M!
0: | GH=gGt+ Q4!
10: | Q' =Co (VI —GY)
.| G =Gty Q4!

Our theory relies on the descent of the Lyapunov function ®? introduced above.

Lemma 1 (Descent of the Lyapunov function). Letr Assumptions 2] and 3| hold. Then there exist
absolute constants Cyy Cx, Cy, and T < 1 such that if we set stepsizes ¥ = cyap, A = e ap?T,n =
an ap>T such that the Lyapunov function ®* decreases as

2 4
Ptt1 < Pt — ”naf’ gy [va( )H ] Ckcla o° T 0'2+7' (3C4p—|—62ap + 30@) 2CAI?‘P C)!

Using the above descent of the Lyapunov function, we demonstrate the convergence guarantees for
MoTEF.

Theorem 1 (Convergence of MOTEF). Let Assumptions 2| and 3| hold. Then there exist absolute
constants c,y, Cx, Cy, and some T < 1 such that if we set stepszzes v = cyap, A = cxapir,n =

an ap>T, and choosing the initial batch size Bipix > [ ] then after at most

T = O( LN S )LF0 (10)

oc/)o/2 ap3€2
iterations ofAlgorithmit holds E [||Vf(x0ut) HQ} < €2, where Xq is chosen uniformly at random

Sfrom {Xq,...,X7_1}, and O suppresses absolute constants.

Remark 2. Note that using a large initial batch size Biy is not required for convergence of MoTEF.
If we set Biniy = 1, the above theorem still holds by replacing FO by @0,

We observe that the use of momentum in MOTEF allows us to improve convergence guarantees
over BEER. Indeed, Algorlthml 1|achieves optimal asymptotic complex1tyE] with a desirable linear
speed-up with the number of clients n. Moreover, MOTEF provably converges for any batch size in
contrast to BEER.

Discussion of the convergence rate. In the stochastic regime (o2 > 0), we note that the asymp-
totically dominating term is O(?°/ne*), which is independent of the spectral gap and compression
rate and is optimal in all problem parameters (Arjevani et al., [2023). To the best of our knowledge,
MOTEF is the first decentralized algorithm incorporating contractive compressors that achieves it
under Assumptions [2] and [3] without data heterogeneity restrictions. In the deterministic regime
(0% = 0), the convergence rate becomes O(1/ap?:2). This is optimal in a and ¢ (Huang et al.,

2022) and sub-optimal in p. We would like to highlight that having a sub-optimal dependency on
the spectral gap p is a well-known challenge in the theoretical analysis of the gradient tracking
mechanism (Koloskova et al.,2021)). Besides, the same sub-optimal 1/,* dependency is also observed
in the analysis of BEER algorithm. It is an active research direction to either improve the convergence
analysis of gradient tracking to obtain better p dependence (Koloskova et al.l |2021) or to design more
sophisticated tracking mechanisms that might achieve better rates (D1 et al., [2022). Either way, it
involves significantly more complicated analyses and we defer these to future work. We also point out
that it is unclear whether the 1/,? dependence is inherent to the tracking mechanism or is an artifact

>This means the regime when & — 0.



Published as a conference paper at ICLR 2025

of the analysis. In Section 4] we provide numerical evidence showing that MOTEF might be much
less sensitive to p than the theoretical analysis suggests. A more detailed discussion of the results of
previous works is deferred to Appendix [A]

Now we derive convergence guarantees of MOTEF for the class of functions satisfying Assumption 4]

Theorem 2 (Convergence of MOTEF). Let Assumptions 2] to ] hold. Then there exist absolute
constants c,y, Cx, Cy, and some T < 1 such that if we set stepszzes v = cyop, A = exapdt,n =

ey L™ ap37, and choosing the initial batch size Binix > [ ] then after at most

Lo L
T =0 (5 + ol + 75 ) (1n)

iterations of Algorlthmllt holds E [ f(x) - f *] <e¢ and O suppresses absolute constants and
poly-logarithmic factors.

Remark 3. Note that using a large initial batch size By is not required for convergence of MOTEF.
If we set Binie = 1, the above theorem still holds by replacing F° by ®°, which is hidden in the
logarithmic terms.

Contrary to BEER, we demonstrate that the asymptotic rate of MOTEF in the PL setting improves
with n and does not require large batches. To the best of our knowledge, MOTEF is the first
decentralized algorithm that supports contractive compressors and achieves linear speed-up with n
under Assumptions [2]to[d] Moreover, we highlight that in the noiseless regime MOTEF converges
linearly as expected. Another momentum-based algorithm DoCom was analyzed under more
restricted Assumption [5] only. Therefore, its applicability in this setting is not known. Besides,
DoCoM achieves linear speed-up with n, but with sub-optimal dependency on the noise variance o2.

3.3 CONVERGENCE OF MoTEF-VR

We demonstrated that MOTEF achieves an asymptotic complexity of distributed SGD under As-
sumptions [2] and [3] and this result cannot be improved. However, if we consider strengthening
of Assumption 2} the mean-squared-smoothness Assumption [ then further acceleration on the
stochastic term might be achieved via variance reduction. We emphasize that Assumption [5is the
standard assumption made for variance reduction, and is the key one for circumventing existing lower
bounds on stochastic methods (Fang et al., |2018; (Cutkosky & Orabonal 2019; Tran-Dinh et al.| 2022
Wang et al.,[2019b; Xu & Xu, [2022).

Assumption 5. We assume that each local function f; is {-mean-squared-smooth, i.e. for all
x,y € R, i € [n], it holds

Ee [IVfi(x,8) = Vfi(y,&))?] < lx—yl. (12)

In MOoTEF-VR, instead of a simple momentum term, each client now maintains a momentum-
based variance reduction term, similar to the STORM estimator (Cutkosky & Orabona, [2019). The
algorithm also maintains a momentum parameter A, and it turns out that the additional variance
reduction terms and Assumption [5] allow us to set the momentum parameter more aggressively,
leading to an improved convergence rate.

Theorem 3 (Convergence of MOTEF-VR). Ler Assumptions[3|and[3|hold. Then there extsts absolute
constants ¢, cy, ¢, and some 7 < 1 such that tfwe stepsizes Y = cyop, A\ = cyn~ 1a2p872 n =

c,,,é ap 7, and initial batch size Binix > (ml then after at most

2/3

T=0 (% + n2/3ag3p2/358/3 + a;ﬁe?) (FO (13)

iterations of Algorithm it holds E {HV f (Xout) ||2} < €2, where Xouy is chosen uniformly at random
Sfrom {Xq, -+ ,X7_1}, and O suppresses absolute constants and poly-logarithmic factors.

Remark 4. Note that using a large initial batch size By is not required for convergence of
MOTEF-VR. If we set Bini, = 1, the above theorem still holds replacing F° by ¥°.

Compared to MOTEF, MOTEF-VR achieves an improved asymptotic rate. Moreover, all stochastic
terms (the ones with o) have a speed-up with n in contrast to the convergence of DoCoM, where
only asymptotic term improves with n.
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Figure 1: (a) BEER with different number of clients n; (b) MOTEF with different number of clients n; (c)
MoTEF with different momentum parameter A. MOTEF’s error decreases as the number of clients increases,
while the error of BEER does not. The error of MOTEF increases as the momentum parameter increases. In
all cases, we set d = 20,¢ = 10,0 = 10, and apply Top-K compressor with o = &/a = 0.1. We fix the
parameters v = 0.1, = 0.0005, A\ = 0.005, and n = 16, if the opposite is not stated. (d) The number of
iterations for MOTEF to reach an error of 10™%, as compared to the theoretical prediction O(1/,?). We see that
the convergence of MOTEF is much less sensitive to p than the theoretical prediction.
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Figure 2: Performance of MOTEF, BEER and CHOCO-SGD with varying data heterogeneity ¢ and fixed noise
level o = 5. We see that MOTEF outperforms BEER and CHOCO-SGD in all cases, and is not affected by the
data heterogeneity, while CHOCO-SGD’s performance degrades as ¢ increases. We set d = 20,n = 4 and
apply Top-K compressor with o = X/4 = 0.1. We set the target error to be 0.01.

We point out that MOTEF-VR applies the STORM mechanism locally to achieve the variance
reduction effect. STORM is specifically designed for non-convex optimization problems, and its
convergence rate in the more structured class of functions satisfying Assumption []is still unclear in
the literature (Cutkosky & Orabonal, 2019; |Xu & Xul [2022)) even for the simplest centralized SGD
setting. In this work, we also do not consider the rate of MOTEF-VR under the PL. condition.

4 NUMERICAL EXPERIMENTS

In this section, we complement the theoretical results on the convergence of Algorithm [T] with
numerical evaluations.

4.1 SYNTHETIC LEAST SQUARES PROBLEM

We first consider a simple synthetic least squares problem to demonstrate some of the important
theoretical properties of Algorithm[I] This problem is designed by [Koloskova et al. (2020b) and
studied in (Gao et al., 2024). For each client i, f;(x) == % ||A;x — b,||*, where A2 := i*/n - I and
each b; is sampled from N (0, ¢*/i1;) for some parameter ¢ which controls the gradient dissimilarity
of the problem (Koloskova et al.;, 2020b). It’s easy to see that when ¢ = 0, V f;(x*) = 0, Vi. We add
Gaussian noise to the gradients to control the stochastic level o2 of the gradient. We use the ring
network topology for the synthetic experiment unless stated otherwiseﬂ We run our experiments on
AMD EPYC 9554 64-Core Processor.

Increasing the number of nodes. In Figure[T}(a-b) we study the effect of increasing the number of
nodes on the convergence of Algorithm|[I] A crucial property of Algorithm|[I]is that its convergence
rate provably improves linearly with the number of nodes, which BEER does not possess. Here we
fix a small stepsize and investigate the error that Algorithm T]achieves with an increasing number of
nodes. We observe that the error decreases linearly with the number of nodes, which is consistent
with the theoretical results, while for the error of BEER it is not the case.

The code to reproduce our synthetic experiment is available at |https://
anonymous.4open.science/r/decentralized-exp-A3C6
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Figure 3: Comparison of MOTEF, BEER, Choco-SGD, DSGD, D2 in terms of communication complexity on
logistic regression with non-convex regularization on ring topology with batch size 5 and gsgd, compressor. We
observe that MOTEF outperforms other algorithms in terms of both test accuracy and gradient norm.

Effect of the momentum parameter. In Figure[I}(c) we investigate the effect of the momentum
parameter A. In particular, how it affects the convergence in the noisy regime. Our theoretical analysis
suggests that the momentum parameter A 7 is crucial for the convergence of MOTEF. We observe
that the error increases as the momentum parameter increases. Note that when A = 1, we recover
BEER which is known to not converge with the presence of noise in the local gradients, which our
experiment confirms.

Effect of changing heterogeneity. In Figure[2]we investigate the effect of changing data heterogeneity
¢ on the performance of MOTEF, BEER, and Choco-SGD. The hyperparameters were tuned; the
detailed description is given in Appendix We observe that MOTEF outperforms other algorithms
and is not affected by the changing ¢. BEER is also not affected by the changing ¢, while CHOCO-
SGD’s performance degrades as ¢ increases. This is consistent with the theoretical results.

Effect of communication topologies In Figure[I}(d) we investigate the effect of the spectral gap
p on the convergence of MOTEF. We set 0 = 0 since the optimization term is most affected by
p in the analysis. We detail the setup of the communication network in Appendix [D.2] While the
theory suggests that there might be a 1/,* dependence, our experiment shows that the convergence of
MOoTEF is much less sensitive to p. Future research is needed to understand the discrepancy between
the theory and the practice of the tracking mechanisms.

4.2 NON-CONVEX LOGISTIC REGRESSION

Following (Khirirat et al., 2023; [Makarenko et al.,[2023; Islamov et al.,|2024)) we compare algorithms
on logistic regression problem with non-convex regularizatio

. a .
min 5350 fil) + A s fil) = 5 0L log(L+ exp(=byax)),  (14)
where {bij, a;; };”:1 is a local dataset. We set A = 0.05,n = 100 and use LibSVM datasets (Chang
& Lin, 2011). We do not shuffle datasets to have a more heterogeneous setting. Besides, each
dataset is equally distributed among all clients. In all experiments on logistic regression, we use
gsgd, compressor (Alistarh et al.l 2017)) with b = 5. More details of this experiments are given in

Appendix

Comparison against other methods. We compare BEER (Zhao et al., 2022)), Choco-SGD
(Koloskova et al.l [2019), DSGD (Alistarh et al. [2017), and D2 (Tang et al., 2018b)) algorithms
with MOTEF on ring topology. Detailed description is given in Appendix[D.4] For each algorithm,
we fine-tune all stepsizes to achieve better convergence. According to the results in Figure |3} we
observe that MOTEF outperforms other algorithms in terms of communication complexity in both
cases, when the convergence is measured by training gradient norm and test accuracy.In Figure[/] we
additionally compare MoTEF against CEDAS (Huang & Pul [2023).

Robustness to communication topology. Next, we study the effect of the network topology on
the convergence of MOTEF. We run experiments for ring, star, grid, Erdos-Rényi (p = 0.2 and
p = 0.5) topologies. Note the spectral gaps of these networks 0.012,0.049,0.063, 0.467,0.755
correspondingly. The hyperparameters of algorithms are given in Appendix Despite the

*Our implementation is based on open-source code from (Zhao et all [2022) https://github.com/
liboyue/beer|and is available at ht tps://anonymous.4open.science/r/MoTEF-0DCFlL
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Figure 4: Performance of MOTEF changing of network topology tested on logistic regression with non-convex
regularization. We set n = 40, A = 0.05, and batch size 100. We observe that MOTEF is very robust against
changing network topologies for practical problems.
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Figure 5: Comparison of MOTEF, BEER, Choco-SGD, DSGD, D2 in terms of communication complexity on
training MLP with 1 hidden layer. We observe that MOTEF outperforms the other methods.

theoretical analysis showing a strong dependence on p, in Figure 4 we demonstrate that convergence
MoTEF is not affected much by the change in spectral gap. These results demonstrate the robustness
of MOTEF to the change of network topology in practice.

Training of MLP. Finally, we consider training MLP on MNIST dataset (Deng, [2012) with 1 hidden
layer of size 32. We present the results in Figure[5] We observe that MLP trained with MOTEF and
BEER achieve similar gradient norm, but MOTEF is much faster in accuracy metric showing the
advantage from using momentum tracking. In addition, we provide the results of training a CNN

model in Appendix

5 CONCLUSION AND OUTLOOK

In this work, we address a critical challenge in decentralized stochastic non-convex optimization with
communication compression, that is, achieving the optimal asymptotic rate of O(¢”/ns*) matching
that of the distributed SGD under the standard assumptions and without any impractical assumptions,
such as bounded data heterogeneity or access to large batches. We propose a new algorithm, MOTEF,
incorporating momentum tracking and Error Feedback, and prove that it achieves this goal. We
also extend the framework to MOTEF-VR and show that it achieves the variance-reduced rates
under standard variance reduction assumption. We support our theoretical findings with an extensive
experimental study.

The tracking mechanism plays a critical role in our algorithmic design, and a well-known challenge
in these tracking mechanism is that it induces worse dependence on the spectral gap of the network.
However, our preliminary numerical experiment shows that MOTEF might be much less sensitive to
the spectral gap than what the theory predicts. We believe that future work can look into this aspect
and either improve our analysis or design even better tracking mechanisms. In our study, we focus
only on compressed communication while there are many approaches such as performing several local
steps (Mishchenko et al.,|2022b; |Gorbunov et al., [2021)) or asynchronous communication (Islamov
et al., [2024} [Mishchenko et al.| 2022a) that might be useful. We also note that some recent works
attempt to improve the dependencies on the smoothness parameters for variants of Error Feedback
algorithms (Richtdrik et al.,[2024), where each local objective is assumed to be L;-smooth, and a more
careful analysis of the method gives a dependency on the average-smoothness L = n=* Y"1 | L;
instead of the maximum smoothness . = max;¢[,] L;. Therefore, combining the aforementioned
research directions with our proof techniques might lead to more improved results. We defer the
exploration of these possible extensions to future research endeavors.
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A EXTENDED RELATED WORK

In this section, we provide an additional discussion on the related works on decentralized optimization
specifically focusing on the dependency of the deterministic optimization term on the spectral gap p.

In the non-compressed, strongly convex, and deterministic regime, [Kovalev et al.| (2020) and
Mishchenko et al.[(2022b) achieve optimal O(+/L/up), i.e. the dependency on the spectral O(1/,/5).
Kovalev et al.[(2020) proposed an algorithm APAPC based on the Chebyshev acceleration while
Mishchenko et al.| (2022b)) boosts the convergence through incorporating multiple local steps. We
highlight that both algorithms do not impose any bounds on the data heterogeneity. Later, the results
of Mishchenko et al.| (2022b) were extended to the stochastic regime (Guo et al., 2023) beyond
strongly convex functions with a linear speed-up in n. However, the dependency on p in the stochastic
regime worsened to O(1/p?).|Liu et al.|(2021); |Li et al.|(2021) achieved O(L/up) convergence rate but
with the use of a stricter class of unbiased compression operators and in the full-batch regime. [Zhang

et al.| (2023) proposed an algorithm called COLD that attains o (E/u+ a%p) convergence rate in the

deterministic strongly convex regime with contractive compressors. BEER algorithm (Zhao et al.|
2022) achieves the rate that depends on p% similarly to the rate of MOTEF but under unrealistic large
batch requirement. DOCOM algorithm attains the linear speed-up with n in the stochastic regime
but has worse p% dependency on the spectral gap. Both DeepSqueeze (Tang et al., [2018a) and

Choco-SGD (Koloskova et al.,[2019) achieve ,%2 but under bounded data heterogeneity assumptions.
To summarize, to the best of our knowledge, there is no work in the most general setting considered
in this work, namely, stochastic non-convex decentralized optimization with contractive compression
under arbitrary data heterogeneity, that achieves better dependency on the spectral gap p. Most of the
works make additional assumptions with a possible improvement of the rate w.r.t. p, however, the
question remains if the results are transferable to the considered setting. Therefore, additional effort
is needed to either improve the convergence guarantees of MOTEF with a more involved analysis
using an enhanced tracking mechanism or show the lower bound that the optimal ip dependency is

7
not achievable in the worst case.

A.1 INTUITION BEHIND MOTEF ALGORITHM DESIGN

Designing an algorithm with strong convergence guarantees without imposing assumptions on the
problem or data is complicated. In MoTEF we incorporate three main ingredients to make it converge
faster under arbitrary data heterogeneity. In particular, the combination of EF21-type Error Feedback
(Richtérik et al., |2021) and Gradient Tracking mechanisms is the key factor in getting rid of the
influence of data heterogeneity. We emphasize that not using one of them would lead to restrictions on
the data heterogeneity. Indeed, EF21 is known to remove such dependencies in centralized training
while the GT mechanism is essential in decentralized learning (Koloskova et al.,2021). Nonetheless,
EF21 does not handle the error coming from stochastic gradients and momentum is known to be one
of the remedies to it (Fatkhullin et al., 2024)).

B MISSING PROOF FOR MoTEF

We recall the notation we use to prove convergence of MOTEF:
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G = [|[vEx - M)

Gt = 38 (|9t~ ] = B | rex) -]
Q=K |0 - xtu o

0 =[Gt - v'[2]

o) =[x’ - x'17|;]

Q= |||V - v'17 ]

M—+n2
=K [|v']].

Moreover, F' := E[f(x!)] — f*. Let us define Qf = [G*, G*, Qf, 5, Qf, Q4] T. In addition, we

denote VF(X!) := [g!(x!),...,g"(x")] € R™™ a matrix that contains local stochastic gradients.
I) <4.

We denote C' == o2, (W —

Lemma 5 (Lemma B.2 from (Zhao et al., 2022)). Let W be a mixing matrix with a spectral gap p.
Then for any matrix X € R>™ and x = %Xl we have

[XW —x1T[} < (1-p)[|X —x1"[3. (15)

Moreover, for any v € (0, 1] the matrix W=1I+ ~v(W —1) has a spectral gap at least ~yp.
Lemma 6. The iterates of Algorithm([I]satisfy

1
vitt = —Mit, (16)
n
and
1 = xt — Iwvite, (17)
n
Proof. By induction, we can show that v/ = %Mtl, if we initialize VO = MP. Indeed, we have

‘—,t+1 — lvt—‘rll

1 1
—Vi1 + Z4GHW —T)1 + — (Mt“ M1
n n

1 1
= V4 M-V
n n
1 t+1
= M1,
n
Therefore, we have
= x4 TEH(W 1)1 - Tvia
n n

O
B.1 GENERAL NON-CONVEX SETTING.
Lemma 7. Assume that Assumptionholds. Then we have the following descent on F*
Fiyi < F = JE[IVFR)]?) + 5 + 24 — (—v/2 — v L/2)04. (18)
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Proof. Using smoothness we get

Frot < Fy —nE [(V(x"), 9)] + L TE[IVIP]

=F - 71E [I\Vf( O] + 5 [IIVf(it) = VP = (=2 = LR [|I9]7]

= F,— IR |V 7)) + 2

H1VF(xt)1 YO
n n

] = (=nf2 = " L)E [|I9*]|?]

<F, - —E IV F&DI?] +nE

1 1
HVF(Xt)l - —M1
n n

2

+ 1k — (=12 = TL2)E [|[¥]7]

1 1
HVF(xt)l - —VF(X"1
n n

< = DB IV + 2560+ PR X! - x17]) = (<oja =1/

—F — f]E [IVFEH)?] + ﬁét + TQ@ — (=nf2 — 1”*L/2)QL.

Lemma 8. Assume that Assumptionsand hold. Then we have the following descent on Gt

—\)2nL?

G < (1= NE [[VPXOL - M) + a SR [[[X - X R] + Ao (19)

Proof. Using the update rules of Algorithm[I]we get
G = E[|vRxL- M
= E [HVF(XtHﬂ —(1-AM'1- A%F(Xtﬂ)lHQ]
= E[|0 - N(TFX) — M1+ NTFXH) - TP(XH)1
(1= AV = V)]

< (1= MR [|[(VF(X!) = M1+ (VE(X') = VR[] + A2no?

(1 —N\)2nL?

< Q- NE[IVPR M + 55

E[[x! = x*1[7] + A%no?,
where in the first inequality we use the fact that E {%F (Xt“)} = VF(X**1) and Assumption

and in the second inequality we use ||a + b||? < (1+ 8)||la||* + (1 + 871)|b]|? for any vectors a, b
and constant b. O

Lemma 9. Assume that Assumptionsand hold. Then we have the following descent on Gt

(1—\)?2L2

G < \202n + <

E X = X[|p] + (1 = 0E" (20)

19



Published as a conference paper at ICLR 2025

Proof.
G = E[[|[VEX) - M
- E {HVF(X““) —(1— M — A%F(xt“)m
< A02n+(1-\2E {IIVF(XM) - MtHi]
< Mo (1= 021+ BT [[VEX'Y) - VAKX ]
+ (1= X1+ BE [[M! - VAXY)]
< Aoy U _AA)QE [VFx+1) = TPXO|] + (1= NE[[M* - VFX)|7]
< No%n+ %E [[xoH = X 2] + (1= nE.
where we choose 51 = 7 A e O

Lemma 10. Let C,, be any contractive compressor with parameter «.. Then we have the following
descent on Q!

Q< (1 - o) || - Xt||ﬂ+§1E[||Xf—Xt+1||§]. @1)

Proof. We have
Q= E [t - x|
— E[[[H 4 Ca(X+! - HY) - X1
< (1-a)E [’ - X"|[]
< (1 - [|E - X2] + 2B [|x - X7

O

Lemma 11. Let C,, be any contractive compressor with parameter «. Then we have the following
descent on Q%

Proof. The proof is similar to the one of Lemma T0]
2
QL =E “|Gt+1 _ VHIHF}

< (- 6 - viIi] + 2 [ve - v ).

Lemma 12. We have the following descent on )},

QLY < (1 —9/2)Q4 + (14 2/7p)272CQ + (1 4 2/7p) 2020 (22)
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Proof.
Q?»l ) [HXtJrl _ xtHlTHi]

—E [ X +9H (W = 1) = V" = x17 4 917 |2]
~E [foifv — %17 4 y(H' — X)W —T) — jV' + nvtﬁm
< (14 B)(1 =) || X = x1T|] + (1 + 57H( B (B - X)W - D]
+ 2B |V =17 |2])
< (1= w2)E [|X! = 1T 2] + (14 3/20)(2°CE [ B - X |7]
+ 2K |V =17 |2))
= (1= 17/2)Q5 + (1 + 2/70)29°CQ + (1 + %) 20° Q.

where 3 = {£ 4 i and we define W := I + ~v(W — I) which has a spectral gap at least yp by

Lemma O

Lemma 13. We have the following descent on Q,
_ 2
QU < (1 wpE [V - 9T

+ (1+2/) (24°CE [|G! = VI[o] + 2B M - MI]) . @3

Proof.
QZ+1 -F [HVt-H —vi1T 49117 - ‘—,t-i—llTHE‘}
=R [V 1] e[| - o]
<E [V v ]
_E [va +AGHW —T) + ML - MY — ‘_’tle

=E

Hvthz ~ 9117 4 (G~ V(W —I) + M - M!

- 2
| J
< (1= 0/2)E {||Vt - vtle + (14 %/70)(29°CE [I}Gt - VtHﬂ
+ 2B [||M+! - MY|[2]).

O

Lemma 14 (Lemma B.4, Eq. (18) from (Zhao et al.| 2022)). We have the following control of the
iterates at iterations t and t + 1

E[[[X" = X1[|3] < 392008 + 372004 + 30°0% + 3. (24)

Lemma 15. Assume Assumptions[2)and 3 hold. Then we have the following control of the momentum
at iterations t and t + 1

E (M - M|2] < A%no® + 23 [[VE(X') - MY [[7] + 28 B X! = X 2] 25)
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Proof.
B[+t - M[F] = 2B [|| VR - MtHQ
F F
- VE UWF(X“) ~ VE(X) 4+ VE(XH) - th
< Ano? + \’E [HVF(XHI) - Mt”ﬂ
< Xno? + 207K [||VF(X') - MY|[1] + 202L%E [ X - X))
O

Lemma 16. We have the following control of the gradient estimator V¢ at iterations t and t + 1

E [V = VI[2] < 302004 + 342004 + 3E [||M 1 — M) (26)

Proof.
E [HV“r1 - Vt||§] =E {HyGt(W D)+ M Mt”i}
=E [Hv(Gt CVHY(W = I) £ 4(VE— 911T) (W - T) + ML th
<39°CE |G~ V'|[5] + 3y*CE [V~ v'17 1]
+ 3E [m+ - M)
= 372C0%L + 3+2CQY, + 3E [HMt—H _ Mt’m .
O

Theorem 1 (Convergence of MOTEF). Let Assumptions2|and 3| hold. Then there exist absolute
constants c,y, Cx, Cy, and some T < 1 such that if we set stepszzes v = cyop, A = exapdt,n =

an ap>T, and choosing the initial batch size Biyiy > f ] then after at most
T=0(Z + s + b= ) LF (10)

iterations ofAlgorithmit holds E [HVf(xout) Hz} < €2, where Xouy is chosen uniformly at random
Sfrom {Xg,...,Xp_1}, and O suppresses absolute constants.

Proof. From Lemma|[[5]and Lemma[T4]we get
B [[M“ = M F] < A2no? + 202G + 6A22L200) + 6332 L2C0% + 6X27* 120
+ 6X22L*n QL. 27)
Using the above and Lemma [[6] we get
E [V = VEE] <8X00 + 6X2G" + 1802212008 + 392004 + 18X L2C0
+ (3720 + 18X 22 L), + 18\*n* L*n QL. (28)
Using @27), (28), and Lemmawe get the following descent on G*

L2 2 L2 2 L2 2 L2 2,2
3 TCQH?’ TCQQ+3 A"” ot 4 3L 6 4 zepg?,

A
Using (27), (28), and Lemma|§|we get the following descent on G*

L2 2 L2 2 L2 2 L2 2
3 ;Cszl+3 1695—1—3 A” ol 43 A”” QL + A2no?.

G < (1-NG +

G < (1- NG+
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Using (27), 28), and Lemma[10| we get the following descent on 2}
Qi+l < (1 . % L & C> af 4 67° CQg 6 —qf + 6’ th.
a

Using (27), 28), and Lemmal[l1]we get the following descent on 24

2 >\2~ )\2 2L2 )\2 2L2
Q§1§<1—a+670>95+ilG“+% 7 CQ$+% 7 CQg

2/\2L2 )\2
Qfl+3677a nﬂg+6 noa

6v2C  36nm*A\2L?
+ ( 7> 2 )
a
Using (27), (28), and Lemma[12] we get the following descent on 2}
6~vC 672
oty ot

P

Finally, using (27), (28), and Lemma 13| we get the following descent on €2:

Q4 < (1- )0k +

(29)

36m2\2L2 1222 ~ 36yA\2L2C 6vC 367A\2L2C
e L B e L R
36n2~L? 62
4 T g 22
e
Now we can gather all together
1—\ 0 3L%n~2%C 0 3L%n~2%C 3L%nn?
0 11—\ SLQ)'\/"C 0 3L2A720 3L>2\n2
P Py
- 0 0 1oy &0 0 GVéC on? .
Q< 0 622 36,\2%%25 1—2 4 6v2C 36,\2% 6v2C +%6A2U2L2 Q
a a 2 a a a -
0 0 8¢ 0 1- 2 U
0 1222 367,\%20 6~7C 367A2L2C 1— 'yp + 3677 A2
vp p p p vp
=A
3L2 2 2
0y 2 2 n
Lgn 2n
B n ¢ 0 2 2
T soppfenz, [ T | on | A0 (30)
[e3
0
0
36n°2yL> %
=b1

We remind that the Lyapunov function ®¢ has the following form

CoT ~ csL CaT
ot = F! Gt =G Q! Qb +
Jr nL + pnr + pnL pinT

L
pieite TNE ;ZT Qf=Fl 4T,

where {cy, }$_, are absolute constants. Let

n2L’ nL’ pPnt’ pnL’ pPnt’ pnL

-
_ (01 caT c3L eyt csL 067)
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Therefore, the descent on ®? for is the following
(I)t+1 — Ft+1 +CTQt
< R 2B |[Vre)|*] + 5 + 20t (s — o)
T(Ant +Qlby + Mo 2102)
=F"— 77IEJ {HVf || } +c'Q+(q" +cTA - — (1/2 —*Lfa —c by )
4 chg)\Q 2
=o' — nE [va )| } q' +c'A—cQ! — (/2 —7’Lja — ¢ "by)QL
+ chQ/\QJQ,

where q = (7/n2,0,0,0,7.%/n,0) . We need coefficients next to £2¢ and Q2 to be negative. This is
equivalent to finding c such that

_ T
e[t
2

[ SIS

We make the following choice of stepsizes

3
Ai=cnap’t, yi=cpap, 0= %-
with the following choice of constants:
1 1 1 d
CN=—,64=—,¢, = ———, and,
A 7200777 T 20077 100000
1 13 1 1 9 1

= (32)

500"~ 200000"® ~ 20" T 400000° ® T 100" T 200000
The system of inequalities (31)) are satisfied when 7 < 1.

Given the complexity of the inequalities and the choices of the parameters, we do not attempt to
write down a proof for the correctness of the choices manually, instead, we verify these choices using
the Symbolic Math Toolbox in MATLAB. We also perform such verification for our parameters and
constants choices for MOTEF in PL case and MOTEF-VR. The code performing all the verification
can be found at this anonymous link. We also note that, when cy, ¢, and ¢, are fixed, we can search
for a feasible {c;};c[¢ efficiently using the Linear Program solver with MATLAB as well. But
searching for a feasible set of choices for cy, ¢, and ¢, is very much a trial-and-error process.

Note that this choice gives us both A and  smaller than 1. This choice of constants gives the following
result

Ch(X 3 C
Pl < Pt — 7722 TE [va(it)”2] + n21 nc)\a2p67_20_2

+ —L - 2nc a2p672a2

CqT 6n
02 a? p6 2452
an

ceT 6n
2 20257252
an cyap

3 2 2 6
Chap°T (12 ccratp 2 2
= @t B ]:E v ¢ - -+
oy BV + 295 2%
n 6¢3 caap® n 2¢3 ca0?pf n 6egcrap’ 352,
L L cyL

(33)
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By this, we proved Lemmal[I] Let us define constants

3
Cpop
B = 1
2L
c - era?pb
' nL

D - 60?\04@[)5 +203\02a2p6 +606c§ap4

L L cyL ’
E = 1.

Using 7 < E and unrolling (33) for 7T iterations we get

- »  C D
= v < ~ 2 =2 2
TZ:0 (IVFGOIF] < —gp+gro+gTe

o N\ 1/2 o \1/3
So we need to choose 7 = min {}5, (%) , (%02) } and we get the following rate
- P°E  (CD0? VD@’
T Z [V GOI] O\ Br " < B2T > \ BRr
t=0

L3O L$0s2\ /2
_ oL +( )
ap>T nT'

2/3
Vaps +a2ps + aptLdVs
+ O¢3/2p9/2T

_ 0 Lo N LP02 1/2+ (p1/2+a1/2p+ 1)L¢’OO’ 2/3
N ap3T nT apd/2T ’

that translates to the rate in terms of ¢ to

LO° L&Y%  Ld LO% L& 1= )
= < e“.
r=0 (ap3s2 + ned T ap2e’ T al/2p3/2¢3 T ap5/253> ZE IVIEDIP] < e

IN

ll

In the result above the fifth term always dominates the third and fourth. Therefore, we remove the
third and fourth terms from the rate and derive the following rate

LY L3Yo2 L3
T:(’)( + ) ZE V£ <

apde? net ap®/2e3

Note that with the choice VO = G = M = VF(X?), H? = X? = x°17, we get
GO <o’n, G'<o’n, Q=05=03=0)=

0 g0 1 C2T o
P F+2L n+ —on. (34)

o . 2
If we choose the initial batch size Binis > [ %0 |, we get

ooy Lo 1 < 3F0 (35)
nL Bmlt L Binit o ’

2
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B.1.1 CONVERGENCE OF CONSENSUS ERROR

Now we show that the workers achieve consensus automatically with MOTEF. We notice that (33)
can be tighten. In particular, if we substitute the choices of constants in ¢ into (31I)), we have the
following:

L
(" +c"A-chHtl < —07—aQt
pTN
where c7 is an absolute constant. We highlight that the choice of constants {c }_, can be tightened
but we are interested in the dependency on the problem-specific parameters only. In particular, this
implies that we have the following (instead of (33)):

3 2 2 6
Chap°T _ La csciap
o = 9 - 712L E U|Vf(xt)”2] - OTpTTLQé + A nlL 720
60?\0404,05 2C§\C2a2p6 60(;c§ozp‘1 3 9
. 36
* ( I 1 tter )7° (36)

Therefore, we have:

T-1

— 2 L? 1 D
= Z IV (D[] a + QTU + —7%0%
=0

T p7‘2TZ TBT B B

where B, C, D are defined in the proof of Theorem [I| as before. In particular, this means that

02,,,0,)7]:722 T tT o 104 converges to zero at the same speed as £ S/ 'E [[Vf(x")[?]. By our

choice of 7 < 1, we have:

T—1
1 cpp? o0 c D
Qt < =~ 2 2
Tn ; 8= 90, 12 <TBT +gT T T

0 80 .2\ 1/2 4 1/2,.7/2 4 7/2y&0 4\ 2/3
<O<p<I> +(p<1>0> +<(p+a P72+ p )cpa) )

alT nL3T al?T

Therefore, we obtain that

o0 8052 7/2 1,0 1
T:(’)(p +2 -7 . f U):ZQESeQ.

ale? nL3e4 al?ed
B.1.2 CONVERGENCE OF LOCAL MODELS

Since we have the convergence of the averaged gradient norm 7 t o 'E ||V f(x")|? and the con-

SENSus error - - ng, we also obtain the convergence of local models. Indeed, we have
1 T—1 n ) 9 T-1 n )
2SS E[VII] < 2 S SB[V - vred)]
t=0 i=1 t=0 i=1
9 T—1 n
T [N ESEN
t=0 i=1
97,2 T-1 B 9 T—-1 n
< Y B[R x|+ 5 X Y E[IviE?)
t=0 t=0 i=1
2L2 T-1 . 2 T—-1 n
=T 2%+ g 2 B[V
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B.2 PL SETTING.

Theorem 2 (Convergence of MOTEF). Let Assumptions 2] to ] hold. Then there exist absolute
constants c,y, Cx, Cy, and some T < 1 such that if we set stepszzes v = cyop, A = exapdt,n =

an ap T, and choosing the initial batch size Binix > [ ] then after at most

T=0 (& + (mw%w%u2+‘mﬁ) (11)

iterations of Algorithm I it holds E [ f(xT) —f *] < ¢ and 9} suppresses absolute constants and
poly-logarithmic factors.

Proof. The only change in the proof is the descent of the Lyapunov function. In PL case, the descent
on $¢ becomes

(I)t+1 _ Ft+1 +bTﬂt

ol
< B = JE |[VFE)|*] + 5Gt + -

+ b (AQ! + QLb; + A%0%by)

<A=nu)F'+1-nub Q" +(q" +b"A - (1-nu)b")Q*

— (1/2=7"L/2 — b by)QL + b byA20?

=(1—nu)® +(q" +b"TA - (1 —nu)b")Q" — (/2 — ’L/2 — b b)QL + b byA%0?,

where in the second inequality we use PE condition. Similar to the proof of Theorem|[I] we need to
satisfy

— (o2 = L0

[ﬂ—w&—AWbZL?1 ]

for some coefficients b. We set the stepsizes such that

VIS

3
= chap’T, = cyap, N = %a

and

b (b ber BsL ber bL ber )T
" \n2L’ nL’ p3n7’ pnL’ p3nt’ pnL
with the choice

1 1 1
X = S5annnn 6y = yCnp = )
200000 200000 100000000
and
1 13 1 1 1

by= ——bp= —— by = — by = ———— by = 2,bg = ,
1725072 7 2000007 % T 207 T 400000’ = 200000

gives the following descent on ®! (note that both v and A are smaller than 1 with this choice of
constants)

P < (1 _ CnaPST/i) Pt + cbia?p" 1252

L nlL
6¢2byap® 2cba26 6bgc2 ap*
+< XL“ Py AQL + GCALP>7302. 37)
ol
Let us define constants
B o ar’p
' 2L
c c§01a2p6
o nL "’
6 2 5 2 2 2 6 6 2 4
D cyca0p n cycaa”p n C6Cy QP 7
L L cy L
E = 1.
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Unrolling for T iterations we get

C D C D
T < (1-Br)Ta’ + 57202 + ETSUQ =(1- Br)Ta% + Eaz + ET:;UQ

where we use the fact that

=

m—

1-(1-Bn)™ 1
1-Br)l="—""— "< .
l:o( 7) 1-(1-Br) — Br
Choosing 7 = min {%, ﬁ log (‘bOCEZT) , ﬁ log (i’(}?jf ) } leads to the following rate
~ B Co? Do?
T 0

We refer to (Mishchenko et al.l 2020) for a more detailed derivation (proof of Corollary 1, page 20).
To achieve F'!' < ¢, we need to perform

~( FE 2 D
T = O = + 070- + Q
B B2¢ B3/2g1/2
_ 5 L Lo? Lo Lo Lo
- HOépg + ,u2na + 011/2P2M3/251/2 + ap5/2u3/261/2 + ap2u3/261/2 .

iterations. Note that the fourth term always dominates the third and fifth terms. Therefore, we remove
them from the rate and derive the following rate

~( L Lo? Lo
r =20 (uap?’ + [2ne + ap5/2,u3/251/2> :

C MISSING PROOFS FOR MoTEF-VR

In this section, we provide the proof of convergence of Algorithm[2] Note that in this case Lemmal[7]
remains unchanged.

Lemma 17. Let Assumptionsand hold. Then we have the following descent on Gt
G < (1- NG+ 2)\%0%n + PR [ X - X R (38)

Proof. We have
G = E M- R
= 5 [[orecenz 0 - - TR - v |

e[ (xEreen 2 vreey
+ (1= N(VF(XHL EH) - VE(XY) + VE(XY) — V(X E)
+ (1= )M = VFXY) 1]

< (1-N)2E[(M' - VE(X)1?

+ 202K ||(VE(XI 2 - VE(X)1)2

+2(1 = \2E |[(VF(X!H 2 — VF(XHY) + VE(XY) — VE(XE 2 )12
< (1=NG*+2)%0%n

+ 2K [|(VF(XH! 2 - VR(X) + VF(XY) — VEXLEFI)12. (39)
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For the last term above we continue as follows

E [||(§F(Xt+1, =) - VR(XT) + VE(XY) - VR(XY, Et“))uﬂ
2
E

Y OVAEGTLET) = VAT + Vix) = Vil 67
=1

= DB |[VAGT G - VAT + V) - V)]
i=1

< SE[VALEN) - VAL
i=1

< PCE[IX-XY] . (40)

Therefore, from (39) we get
Gl < (1= NG+ 200 + R [||X - X 3] (41)
O

Lemma 18. Assume Assumptions and hold. Then we have the following descent on G

Gl < (1= NG+ 202070 + B [| X - X2 (42)
Proof. The proof is similar to the one of Lemma [I7} O

Note that Lemmas [I0] to[T4]and[T6]do not change in this setting, thus, we do not repeat them.

Lemma 19. Assume Assumptions[3|and[5|hold. Then we have the following control of momentum at
iterations t and t + 1

E [||M*! — MY2] < A2G* + 2\%n0? + 20°E [|| X! — XH3] (43)
Proof. Using the update of M* we have
E[IM™! - MY2] = E [[VF(X',240) 4 (1= \)(M! = VF(X!,E4)) - MY3]

= E [[VF(X",EH) - M - (1 - )VF(X!,Z4) ]

—E [HA(VF(xt) ~ M) + MVF(XE,EHY) - VR(XY)
+(VF(XEL EHY - VRS, Et“))Hi]

= \2Gt+E [HA(%F(XQ =) _ VE(XY))
+(VR(X! Et) - %F(X’f,at“))m

< A2G 4 20%n0? + 20°E | X - X2

O
Now we introduce the following Lyapunov function of the form
Wom PGl O SO R+ B0 0 @)

where {d}, }¢_, are absolute constants defined in @9). Again, we present the descent lemma on the
Lyapunov function ¥,
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Lemma 20 (Descent of the Lyapunov function). Let Assumptions[3|and[d]hold. Then there exists ab-
solute constants c.y, cy, ¢, and T < 1 such that if we set stepsizes v = cyap, A = cxn™ta?pS72, =

cpl ~Lap3T then the Lyapunov function W' decreases as

3
2
P < w19 ()] + 20t

- 20 n2¢
2dyc3 atpt? 12d4c2a3p11 6ds3ap®N 4 ,
* ( n2¢ * n3¢ * n3¢ T )

Remark 21. Compared to Lemmall| in Lemma[20} the leading stochastic term has a cubic dependence
on T, whereas in Lemmal(l|the dependence is quadratic. The improved dependence on T is the key
ingredient to the speed-up for variance reduction type methods.

Proof. From Lemmas[T4]and [T9 we get
E [[|[M*! — MY2] < N3Gt + 2X%no? + 202372008 + 392004 + 302 Q% + 3n*nl)
= 22%n0? + NG + 602020 + 602020, + 61202, + 6nn>02QL.
(46)

From the above inequality (46) and Lemma [T6| we get
E [V~ V3] < 3,004 + 372004

+3 (2)\2n02 FA2G + 607220 + 6072208 + 62208 + ﬁnnmg)

= 6A%n0” + 3N2G! + 18CH2 02 + 3020 + 18CH2 02,

+ (3C% +187%0%)QY + 18nn*QL. (47)

From Lemmas and we get the following descent on Gt
G < (1= NG 420200 + 2 (372CQ% + 3+42CO% + 3n° QL + 3n*nQb)
=2X20%n + (1 — \)G" + 3CY*02QY + 3C202QY + 3n*02QL + 3nn* QL.

Similarly, from Lemmas|14]and |18/ we get the following descent on G!

G < 2)20%n + (1 — \)G' + 3CY2%Q1 + 3CH* 20 + 3n*° Q) + 3np* QL.

From Lemmas and we get the following descent on Qf

2
QI < (1 - )R [|H! - XY3] + f(:w?cm + 37200 + 3n°Q + 3n*nQk)

6C’y 6nn>

= (1 —a/246C/a)Q! + ——Qf + 6n” Q4 + —Qt

From Lemma [l 1]and we get the following descent on Q%
2 ~
QLT < (1 — 2/2)Q8 + -~ (6/\27102 + 3A2GT + 18CY2 2, + 3C~%Q) + 18C~22Q%

+ (3Cy* +18CH*1*)Q! + 18m,2£293.)

12 )\2 )\2 . 2[2 2£2
_en 02+LGt+&Qtl+(1_a/2+ﬁcw2/a)gg+&gg
o o o o

2 36nn20?
+ (807 + 180 + /N oY
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The descent on €2 (29) from the proof of MOTEF remains unchanged

6vC

612
Qf + —Qf.

Q5 < (1 - o
5 <( 2)3+ P

From Lemma|13|and 6] we get the following descent on 2}

Q< (1= 0/2)Qf + 29°C(1 + 2/70) 2%
+ 2(1 + 2/7p) (27?10 + N3G + 602020, + 60202 + 61202, + 6nn* QL)

2 2 2 1 2
< O 2 BN I8V 6O o B8OV o (1 e g 1) )
P 7 p
1 292
ey
P

We remind that Q = (G*, G, 2,95, 2%, Q%) 7. Now we can gather all inequalities together

1-Xx 0 3C~202 0 3C~2¢2 30202

0 1—A 30202 0 3C~202 3022

_ o« GC"y2 6C~? @
Qt+1< 0 02 1 2+2 2 0 2 X5 )2 2 @ 2,2 Qt
< 0 617 36C~y~¢L 1—2 4 6Cy 36C~y~¢L 6C~ + 36n°¢
[ e} 2 [eY « [eY s
0 0 S 0 - &
3)2 18C~e? 6Cy 18C~e® _ap 189227
0 vP P P p 1 2+ vP
=A
22

3m72€2 m
3nnt m

6n172 0

+ | semze | Q5+ | 120 | AP07 (48)
a o
0 0

18nn?0> bn
s P

=b; =b

Now we consider the following choice of stepsizes
. cxa2pbr? . . c,]ozp?’r
)‘ A n 9 'Y A C,yOép, 77 T E Y

and constants

qm (G dz dsl di dst ds '
“ \apdnrl’ nl’ pd3nt’ pnl’ p3nt pnl )

where

1 1 1
= -—, C’Y pry —_—, Cn fr —_—,
200 200 100000
d1 = 0.0020, d2 = 0.000065, ds = 0.005, d4 = 0.0000025, ds = 0.01, dg = 0.000005 (49)

Cx

Note that choosing 7 < 1 makes the system of inequalities (@8]) hold. Using this choice, we get the
following descent on U! = F* + d T Q!
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3 d
gl <« gt S T v e ol pl2n 27452
d
+ 2. 2ncsatpt?n 2rig?
nl
ﬁ 12”02a4p12n 2,4,2
pnt
ﬁ 6n N 2 a4p127'4n_202
pnt  cyap
2d
= w0 [ 2] + 2B 0t
n 2dyc3 atpl? " 12dyc3a3p!t 6dgciapt? 452 (50)
n2¢ n2¢ n2¢
By this, we proved Lemma 20} O
Theorem 3 (Convergence of MOTEF-VR). Let Assumptions[3|and[5 hold. Then there exists absolute

constants c~, cy, ¢, and some T < 1 such that if we stepsizes v = cyap, X = cxn”ta?pbr? n =

2
eyl ap37, and initial batch size Biniy > l—ﬁapﬂ then after at most

2/3
T =0 (55 + sty + aper ) L (13)
iterations of Algorithm it holds E [||V f(Xout) ||2} < &2, where X oy is chosen uniformly at random
from {Xo,- -+ ,X7_1}, and O suppresses absolute constants and poly-logarithmic factors.

Proof. We apply Lemma [20]and consider the following:

cpap?
o= T
C = 2d16§ 39
n2¢
Do <2d2c2 ot pt? N 12d,c2 a3 p! +6d6c2 a®p 10>
n2/{ n2{ n2( ’
E = 1.
Unrolling (30) for 7" iterations we get
T—1

oY C D
E| 0.
TZ [IVFEHIP] < BT+BTO' +B o

. . 1 wo 1/3 po 1/4 . .
Choosing 7 = min ¢ %, (m) , (m) gives the following rate

2/3
- v _ BY (VO / D/3g052/3\ 3/
?; [IV&EOIF] =< BT "\ BT + BA/3T

AL LA
apsT nT

+ ((n‘m +a 37328 a—1/3p—2/3n—2/3)€\1/002/3)3/4>

T

that translates into the rate in terms of ¢ to

00 0% pp0s2/3 09052/3
=t\ 12 2
T ; i [va(x )H ] <et = 0O (ap352 + ned + n2/3:8/3 + a1/3p1/3n2/358/3
(0052/3
+ a1/3p2/3n2/358/3>
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Note that the last term always dominates the third and fourth terms in the rate. Therefore, the final
convergence rate has the following form

T—1
1 . ) A AR (0052/3
7 BNV s = 050+ S5+ sz )

Note that with the choice VO = G = M? = VF(X?), H® = X° = x°17, we get

20 2 =0 2 0 0 0 0
G <o*n, G <o*n, P =0=0;=0Q;,=0.

d d
o < O 4 31 o’n + 252, (629
ap3ntl nl

. .. . 2
If we choose the initial batch size Bipi¢ > [m], we get

1 o2 1 o

po < o - < 3F9. 52
= ap3l Bipit + ¢ Binit — (>2)

D EXPERIMENT DETAILS

D.1 EFFECT OF CHANGING HETEROGENEITY

We perform a grid search for the parameters « from {0.1,0.01,0.001}, n from the log space from
10~ to 10! and the log space from 5 x 107* to 5 x 10~!. For MOTEF we search the momentum
parameter A from the same log space as ) as well.

D.2 EFFECT OF COMMUNICATION TOPOLOGY (SYNTHETIC PROBLEM)

To study networks with different spectral gaps, we set n = 400 and construct random
regular graphs with different degrees ». We sample the random graphs with degree r €
{3,3,3,4,4,4,4,5,5,6,6,7,10,13,16}, the resulting inverses of the spectral gaps are around
1/, € {21.41,18.40,18.59, 8.24, 8.55, 8.65, 7.92, 5.57,5.36, 4.03, 4.34, 3.76, 2.56, 2.17,1.99}.

D.3 ROBUSTNESS TO COMMUNICATION TOPOLOGY.

Next, we study the effect of the network topology on the convergence of MOTEF. We set n =
40, A = 0.05, choose batch size 100, and run experiments for ring, star, grid, Erdos-Renyi (p =
0.2 and p = 0.5) topologies. For all topologies, we use = 0.05,7 = 0.5, A = 0.01 for a9a
dataset and n = 0.05,v = 0.5, A = 0.01 for w8a. Note that the spectral gaps of these networks
0.012,0.049,0.063, 0.467,0.755 correspondingly.

D.4 HYPERPARAMETERS FOR SECTION [4.2]

For MOTEF we tune stepsize as follows € {0.001,0.01,0.05},v € {0.1,0.2,0.5,0.9},\ €
{0.005,0.01,0.05,0.1}. For BEER we tune the stepsizes in the range € {0.001,0.01,0.05},~ €
{0.1,0.2,0.5,0.9}. For Choco-SGD we tune the stepsizes in the range n € {0.01,0.05},v €
{0.1,0.5,0.9}. Finally, for DSGD and D2 we choose the stepsize = 0.01.

D.5 COMPARISON ON TRAINING CNN MODEL

We additionally provide an experiment where we compare MOTEF against BEER and Choco-SGD
onring and ER p = 0.6 topologies using CNN model on MNIST dataset. We use CNN model with two
convolution layers each followed by batch normalization, ReLU, and max pooling. The classification
layer is fully connected. We tune the stepsize for each algorithm from € {0.0001,0.001,0.01,0.1}
and gossip stepsize v € {0.1,0.9}. We demonstrate the performance of algorithms in Figure@ We
observe that in both cases MOTEF achieves faster convergence w.r.t. both test accuracy and train loss
than competitors supporting our theoretical findings.
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Figure 6: Performance of MOTEF, BEER, and Choco-SGD on ring and ER p = 0.6 topologies in training
CNN model on MNIST dataset.
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Figure 7: Performance of MOTEF and CEDAS in training logistic regression with non-convex regularization on
LibSVM datasets.

D.6 COMPARISON AGAINST CEDAS

In this section, we consider the comparison against CEDAS algorithm. We demonstrate the per-
formance of MOTEF and CEDAS in the training of logistic regression with non-convex reg-
ularization used in Section Similarly, we use LibSVM datasets. We tune the parame-
ters v € {1072,3-1073,107%,3 - 1072,10"'},» € {107%,3-107%,1073,3 - 1073,1072,3 -
1072,1071,3- 107,10}, € {1072,3-1072,107%,3 - 10~1,10°} for CEDAS algorithm, and
{1073,3-1073,1072,3-1072,107},n € {1074,3-107%,1073,3-1073,1072,3-1072,107 1,3~
1071,10°}, X € {0.9,0.8,0.1} for MOTEF. We use Rand- K compressor for CEDAS and Top-K for
MoTEF both with K = 10, and mini-batch stochastic gradients with a batch size 16. We compare
the performance of algorithms on the ring topology with n = 10 and regularization parameter 10~"
averaging over 3 different random seeds. In Figure[/| we demonstrate the communication perfor-
mance of CEDAS and MoTEF with the best set of parameters. We observe that the performance
of MOTEF and CEDAS is similar on ijcnnl and mushrooms datasets while MOTEF outperforms
CEDAS on a7a and a9a datasets.
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