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Abstract

SGD with momentum acceleration is one of the key components for improving the perfor-
mance of neural networks. For decentralized learning, a straightforward approach using mo-
mentum acceleration is Distributed SGD (DSGD) with momentum acceleration (DSGDm).
However, DSGDm performs worse than DSGD when the data distributions are statistically
heterogeneous. Recently, several studies have addressed this issue and proposed methods
with momentum acceleration that are more robust to data heterogeneity than DSGDm,
although their convergence rates remain dependent on data heterogeneity and deteriorate
when the data distributions are heterogeneous. In this study, we propose Momentum Track-
ing, which is a method with momentum acceleration whose convergence rate is proven to
be independent of data heterogeneity. More specifically, we analyze the convergence rate
of Momentum Tracking in the standard deep learning setting, where the objective function
is non-convex and the stochastic gradient is used. Then, we identify that it is indepen-
dent of data heterogeneity for any momentum coefficient 8 € [0,1). Through experiments,
we demonstrate that Momentum Tracking is more robust to data heterogeneity than the
existing decentralized learning methods with momentum acceleration and can consistently
outperform these existing methods when the data distributions are heterogeneous.

1 Introduction

Neural networks have achieved remarkable success in various fields such as image processing (Simonyan &
Zisserman), [2015; (Chen et al, [2020) and natural language processing (Devlin et al., [2019). To train neural
networks, we need to collect large amounts of training data, but it is often difficult to collect large amounts
of data such as medical images on one server because of privacy concerns. In such scenarios, decentralized
learning has attracted significant attention because it allows us to train neural networks without aggregating
all the data onto one server. Recently, decentralized learning has been studied from various perspectives,
including data heterogeneity (Tang et al., 2018b; [Esfandiari et al.|2021)), communication compression (Tang
et al., [2018a; |[Lu & De Saj [2020; [Liu et al) 2021} Takezawa et all |2022a)), and network topologies (Ying
et al., 2021)).

One of the key components for improving the performance of neural networks is SGD with momentum
acceleration (SGDm). Whereas SGD updates the model parameters using a stochastic gradient, SGDm
updates the model parameters using the moving average of the stochastic gradient, which is called the
momentum. Because SGDm can accelerate convergence and improve generalization performance, SGDm
has become an indispensable tool, enabling neural networks to achieve high accuracy (He et al. 2016).
Recently, SGDm has been improved in many studies, and methods such as Adam (Kingma & Bay, 2015) and
RAdam (Liu et al.| |2020a) have been proposed.

In decentralized learning, the straightforward approach to using the momentum is Distributed SGD (DSGD)
with momentum acceleration (DSGDm) (Gao & Huang) [2020). When the data distributions held by each
node (i.e., the server) are statistically homogeneous, DSGDm works well and can improve the performance as
well as SGDm (Lin et al.| |2021]). However, in real-world decentralized learning settings, the data distributions
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Table 1: Comparison of the convergence rates. In the “Data-Heterogeneity” column, “v'” indicates that
the convergence rate is independent of data heterogeneity, and “(v)” indicates that it is independent, but
there is no discussion about data heterogeneity either theoretically or experimentally. In the “Momentum,”
“Stochastic,” and “Non-Convex” columns, “v'” respectively indicates that the method is accelerated using
momentum, the convergence rate is provided when the stochastic gradient is used, and the convergence rate
is provided when the objective function is non-convex.

Data-Heterogeneity Momentum Stochastic Non-Convex

DSGD (Lian et al.| 2017) v v
Gradient Tracking (Koloskova et al.|[2021) v v v
DSGDm (Gao & Huang| [2020) v v v
QG-DSGDm (Lin et al.|[2021) v v v
DecentLaM (Yuan et al.|[2021) v v v
ABm (Xin & Khan||2020) (V) v
GTAdam (Carnevale et al.|[2022) (V) v
Momentum Tracking (our work) v v v v

may be heterogeneous (Hsieh et al., [2020)). In such cases, DSGDm performs worse than DSGD (i.e., without
momentum acceleration) (Yuan et al.| [2021)).

This is because, when the data distributions are heterogeneous and we use the momentum instead of the
stochastic gradient, each model parameter is updated in further different directions and drifts away more
easily. As a result, the convergence rate of DSGDm falls below that of DSGD. To address this issue, |[Lin
et al. (2021) and [Yuan et al.| (2021) modified the update rules of the momentum in DSGDm and proposed
methods that are more robust to data heterogeneity than DSGDm. However, their convergence rates remain
dependent on data heterogeneity, and our experiments revealed that their performance are degraded when
the data distributions are strongly heterogeneous (Sec. .

Data heterogeneity for decentralized learning has been well studied from both experimental and theoretical
perspectives (Hsieh et al., 2020; [Koloskova et al., |2020)). Subsequently, many methods including Gradient
Tracking (Lorenzo & Scutari, |2016; [Nedi¢ et al.,|2017) have been proposed and it has been shown that their
convergence rates do not depend on data heterogeneity (Tang et al., |2018b; [Vogels et al., 2021} [Koloskova,
et al., 2021). However, these studies considered only the case where the momentum was not used, and it
remains unclear whether these methods are robust to data heterogeneity when the momentum is applied.

In the convex optimization literature, [Xin & Khan| (2020) and (Carnevale et al.| (2022) proposed combining
Gradient Tracking with momentum or Adam and analyzed the convergence rates. However, they considered
only the case where the objective function is strongly convex and the full gradient is used, which does not
hold in the standard deep learning setting, where the objective function is non-convex and only the stochastic
gradient is accessible. Hence, their convergence rates are still unknown in standard deep learning settings,
and it remains unclear whether their convergence rates are independent of data heterogeneity. Furthermore,
they did not discuss data heterogeneity, either theoretically or experimentally.

In this work, we propose a decentralized learning method with momentum acceleration, which we call
Momentum Tracking, whose convergence rate is proven to be independent of data heterogeneity in the
standard deep learning setting. More specifically, we provide the convergence rate of Momentum Tracking
in a setting in which the objective function is non-convex and the stochastic gradient is used. Then, we
identify that the convergence rate of Momentum Tracking is independent of data heterogeneity for any mo-
mentum coefficient S € [0,1). In Table [l we compare the convergence rate of Momentum Tracking with
those of existing methods. To the best of our knowledge, Momentum Tracking is the first decentralized
learning method with momentum acceleration whose convergence rate has been proven to be independent of
data heterogeneity in the standard deep learning setting. Experimentally, we demonstrate that Momentum
Tracking is more robust to data heterogeneity than the existing decentralized learning methods with mo-
mentum acceleration and can consistently outperform these existing methods when the data distributions
are heterogeneous.
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2 Preliminaries and Related Work

2.1 Decentralized Learning

Let G = (V, E) be an undirected graph that represents the underlying network topology, where V' denotes
the set of nodes and E denotes the set of edges. Let N := |V| be the number of nodes, and we label each
node in V by a set of integers {1,2,--- , N} for simplicity. We define N; .= {j € V | (i,7) € E} as the set
of neighbor nodes of node i and define N;" := A; U {i}. In decentralized learning, node i has a local data
distribution D; and local objective function f; : R* — R, and can communicate with node j if and only
if (i,7j) € E. Then, decentralized learning aims to minimize the average of the local objective functions as
follows:

N
3 y— 1 Lp— .
where x is the model parameter, & is the data sample that follows D;, and local objective function f;(x
is defined as the expectation of F;(x;&;) over data sample &;. In the following, VF;(x;&;) and Vf;(x) =
E¢,~p,[VFi(x;&;)] denote the stochastic and full gradient respectively.

Distributed SGD (DSGD) (Lian et al., 2017) is one of the most well-known algorithms for decentralized
learning. Formally, the update rules of DSGD are defined as follows:

:EZ(»T+1) _ Z Wi (mgT) _ TIVFJ(;ch)’gj(T))) ) (1)
jen;

where 7 > 0 is the step size and W;; € [0,1] is the weight of edge (4,7). Let W € [0,1]¥*Y be the matrix
whose (i, j)-element is W;; if (4,j) € E and 0 otherwise. In general, a mixing matrix is used for W (i.e.,
W=W' W1=1,and W'1 = 1). [Lian et al| (2018) extended DSGD in the case where each node
communicates asynchronously and analyzed the convergence rate. |[Koloskova et al| (2020)) analyzed the
convergence rate of DSGD when the network topology changes over time. These results revealed that the
convergence rate of DSGD deteriorates and the performance is degraded when the data distributions held
by each node are statistically heterogeneous. This is because the local gradients V f; are different across
nodes and each model parameter x; tends to drift away when the data distributions are heterogeneous.
To address this issue, D? (Tang et al., [2018b), Gradient Tracking (Lorenzo & Scutari, [2016} Nedi¢ et al.l
2017, and primal-dual algorithms (Niwa et al., [2020; 2021} |Takezawa et al., [2022b)) were proposed to correct
the local gradient V f; to the global gradient Vf. As a different approach, |Vogels et al.| (2021) proposed a
novel averaging method to prevent each model parameter x; from drifting away. It has been shown that the
convergence rates of these methods do not depend on data heterogeneity and do not deteriorate, even when
the data distributions are statistically heterogeneous. However, these methods do not consider the case in
which momentum is used.

2.2 Momentum Acceleration

The methods with momentum acceleration were originally proposed by [Polyak| (1964), and SGD with momen-
tum acceleration (SGDm) has achieved successful results in training neural networks (Simonyan & Zisserman),
2015; He et al., 2016; Wang et al. [2020b). In decentralized learning, a straightforward approach to using
the momentum is DSGD with momentum acceleration (DSGDm) (Gao & Huang} [2020)). The update rules
of DSGDm are defined as follows:

u§r+1) _ 6u§r) + VFZ‘(:BET);SZ-(T)% (2)
wgr'i'l) — Z Wij (Zlng) - 77u§'T+1)> 9 (3)
JENT

where w; is the local momentum of node ¢ and § € [0,1) is a momentum coefficient. In addition, several
variants of DSGDm were studied by [Yu et al.| (2019)); |Assran et al.| (2019); [Wang et al.| (2020a); [Singh et al.
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(2021). When the data distributions held by each node are statistically homogeneous, DSGDm works well
and can improve the performance as well as SGDm. However, when the data distributions are statistically
heterogeneous, DSGDm leads to poorer performance than DSGD. This is because when the data distributions
held by each node are statistically heterogeneous (i.e., V f; varies significantly across nodes), the difference
in the updated value of the model parameter across the nodes (i.e., nu;) is amplified by the momentum (Lin
et al., 2021)).

To address this issue, [Yuan et al.| (2021)) and |[Lin et al.| (2021 proposed methods to modify the update rules of
the momentum in DSGDm, called DecentLaM and QG-DSGDm, respectively. They further experimentally
demonstrated that these methods are more robust to data heterogeneity than DSGDm. However, their
convergence rates have been shown to still depend on data heterogeneity and deteriorate when the data
distributions are heterogeneous.

2.3 Gradient Tracking

One of the most well-known methods whose convergence rate does not depend on data heterogeneity is
Gradient Tracking (Lorenzo & Scutari, 2016). Whereas DSGD exchanges only the model parameter x;,
Gradient Tracking exchanges the model parameter x; and local (stochastic) gradient V f; and then updates
the model parameters while estimating global gradient V f. [Nedi¢ et al.| (2017)) and |Qu & Li (2018) analyzed
the convergence rate of Gradient Tracking when the objective function is (strongly) convex and the full
gradient is used. [Pu & Nedic| (2021) analyzed the convergence rate when the objective function is strongly
convex and the stochastic gradient is used. Recently, Koloskova et al.| (2021) analyzed the convergence
rates of Gradient Tracking in a standard deep learning setting, where the objective function is non-convex
and the stochastic gradient is used. There is also a line of research to combine Gradient Tracking with
variance reduction methods (Xin et al, 2022)). They showed that the convergence rate of Gradient Tracking
does not depend on data heterogeneity. However, these studies only consider the case without momentum
acceleration, and the convergence analysis for Gradient Tracking with momentum acceleration has not been
explored thus far in the aforementioned studies.

In the convex optimization literature, |Xin & Khan| (2020]) and |Carnevale et al.| (2022) proposed a combination
of Gradient Tracking and the momentum or Adam (Kingma & Ba, 2015). However, they only considered
the case where the objective function is strongly convex and the full gradient is used. The convergence rate
is still unclear in the standard deep learning setting, where the objective function is non-convex and the
stochastic gradient is used. Furthermore, there is no discussion about data heterogeneity in these studies,
either theoretically or experimentally.

3 Proposed Method

In this section, we propose Momentum Tracking, which is a decentralized learning method with mo-
mentum acceleration whose convergence rate is proven to be independent of the data heterogeneity in the
standard deep learning setting.

3.1 Setup

We assume that the following standard assumptions hold:
Assumption 1. There exists a constant f* > —oco that satisfies f(x) > f* for all x € R
Assumption 2. There exists a constant p € (0,1] that satisfies for all x1,--- ,xy € RY,

IXW - X% < (1-p)|X - X||7, (4)

where X = (1, ,&zn) € RN and X == £ X117.
Assumption 3. There exists a constant L > 0 that satisfies for alli € V and x,y € R?,

IVfi(z) = Vi)l < Lz -yl ()
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Assumption 4. There exists a constant o that satisfies for alli € V and x; € R?,

Ee¢,op, |VEi(zi3 &) — Vfi(x:)|? < o”. (6)

Assumptions and [4] are commonly used for decentralized learning algorithms (Lian et al. [2017}
et al.l [2019; [Koloskova et al., [2021; Lin et al 2021). Additionally, the following assumption, which represents
data heterogeneity, is commonly used in the convergence analysis of decentralized learning algorithms
let all [2017; [Yu et all [2019; |Lin et al., 2021)).

Assumption 5. There exists a constant (? that satisfies for all x € R?,

N
% Y IVix) - V@) < ¢
=1

Under Assumption [5 the convergence rates of DSGD (Lian et al. 2017), DSGDm (Gao & Huang, [2020;
[Yuan et al., 2021), QG-DSGDm 2021)), and DecentLaM (Yuan et all [2021) were shown to be
dependent on data heterogeneity ¢? and deteriorate as ¢2 increases. By contrast, in Sec. we prove
that Momentum Tracking converges without Assumption [5]and the convergence rate is independent of data
heterogeneity ¢2. In addition, we do not assume the convexity of the objective functions f(x) and fi(x).
Therefore, f(x) and f;(x) are potentially non-convex functions (e.g., the loss functions of neural networks).

3.2 Momentum Tracking

In this section, we propose Momentum Tracking, which is robust to data heterogeneity and accelerated
by the momentum. The update rules of Momentum Tracking are defined as follows:

ul™ = gul” + VE (), @

m§r+1) _ Z Wingr) —n (uz(‘T—H) _ cg”) ’ (8)
JeENT

CZ(_TH) _ Z Wi <c§r) _ u§r+1)> n ul(_r+1)’ 9)
JENT

where 5 € [0,1) is a momentum coefficient. The pseudo-code for Momentum Tracking is presented in Sec.
In Momentum Tracking, ¢; corrects the local momentum w; to the global momentum % > ;W) and prevents
each model parameter x; from drifting, even when the data distributions are statistically heterogeneous (i.e.,
the local momentum w,; varies significantly across nodes).

Because Momentum Tracking is equivalent to Gradient Tracking when S = 0, Momentum Tracking is a
simple extension of Gradient Tracking. Hence, when 8 = 0, it has been shown that the convergence rate
of Momentum Tracking is independent of data heterogeneity ¢? (Koloskova et al., 2021). However, because
data heterogeneity is amplified when the momentum is used instead of the stochastic gradient (i.e., 8 > 0)
(Lin et all) 2021; [Yuan et al., [2021), it is unclear whether the convergence rate of Momentum Tracking is
independent of data heterogeneity ¢? for any 3 € [0,1) or for only a restricted range of 5. In Sec. we
provide the convergence rate of Momentum Tracking and prove that it is independent of (2 for any 8 € [0, 1).

3.3 Convergence Analysis
Under Assumptions [T} 2] 3] and [f] Theorem [I] provides the convergence rate of Momentum Tracking in the
standard deep learning setting. All proofs are presented in Sec.

Theorem 1. Suppose that Assumptions[1], [4 [3 and[4 hold, each model parameter x; is initialized with the
same parameters, and both u; and c; are initialized as ﬁ(VFz (:cz(-o); fi(o)) -+ Zj\;l VE; (wgo); fj(-o))), Then,

forany B € 0,1) and R > 1, there exists a step sizen such that the average parameter 4 Zf;ol E ||Vf(§:(r)) H2
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generated by Fqs. @-@ s bounded from above by

roo?L rgo®L? pp? 5 Lrg B2
O( NR +<p4R2(l—ﬁ) <1+1—ﬂ)> +(1_ﬁ)p2R 1+(1—ﬂ2)3p)’ (10)

where & = % vazl x; and o = f(j;(O)) —

Remark 1. Theorem assumes that w; and c¢; are initialized as ﬁ(VFi(acz(-O);ffo))
%Zjvﬂ VFj(a:§-O);§](-O))). Thus, All-Reduce is required only once before starting the training. If we

initialize w; and c; as zeros, data heterogeneity at initial parameters + >, ||Vfi(:cl(.0)) - Vf(:cgo))||2 appears
in the convergence rate, but the same phenomenon occurs in the analysis of Gradient Tracking by|Koloskova

et al) (2021)) (see Sec. [B).

Remark 2. Combinations of Gradient Tracking with the momentum or Adam have also been proposed by
Xin & Khan| (2020) and |Carnevale et al.| (2022). However, they considered only the setting in which the
objective function is strongly convexr and the full gradient is used. By contrast, our study focuses on the deep
learning setting. Hence, our proof strategies are completely different from those in these previous studies,
and Theorem 1] provides the convergence rate in the setting where the objective function is non-convex and
the stochastic gradient is used.

Remark 3. The convergence rate of Gradient Tracking in the standard deep learning setting was provided
by |Koloskova et al.| (2021]). However, they did not consider the case where the momentum is used, and it is
not trivial to provide the convergence rate of Momentum Tracking from the results in this previous work.

3.4 Discussion

Comparison with Gradient Tracking: Theorem [I| indicates that the convergence rate of Momentum
Tracking does not depend on data heterogeneity ¢? for any 3 € [0,1) and does not deteriorate even when
the data distributions are statistically heterogeneous (i.e., (2 > 0). Therefore, Theorem [1| indicates that
Momentum Tracking is theoretically robust to data heterogeneity for any S € [0,1). Although Momentum
Tracking is a simple extension of Gradient Tracking, our work is the first to identify that the combination
of Gradient Tracking and the momentum converges without being affected by data heterogeneity (2 for any
B €10,1) in the standard deep learning setting.

Although the convergence rate of Momentum Tracking Eq. is minimized when 8 = 0, Momentum Track-
ing does accelerate its convergence with the momentum being used (5 > 0), as experimentally demonstrated
in Sec. 4l Indeed, the convergence rates of DSGDm (Gao & Huang}, [2020) and QG-DSGDm |Lin et al.| (2021))
have the same issue. Thus, it is still an open question to show the theoretical benefits of using g > 0.

Comparison with Existing Algorithms with Momentum Acceleration: Next, we compare the con-
vergence rate of Momentum Tracking with those of existing decentralized learning algorithms with momen-
tum acceleration: DSGDm (Gao & Huang, 2020), DecentLaM (Yuan et al., [2021)), and QG-DSGDm (Lin|
et al.l [2021)). Here, we only show the convergence rate of QG-DSGDm, but the same discussion holds for
the other methods. The convergence rate of QG-DSGDm is as follows:

Theorem 2 (Lin et al.| (2021)). Suppose that Assumptions @ @ and hold, and Assumption|5 also holds.
Then, for any 8 € |0, %;p] and R > 1, there exists a step size n such that & 25;01 E ||Vf(j(T))H generated
by QG-DSGDm is bounded from above bzﬂ

roo2L reL2(¢% + o?) 3 Lro (1 1 8
O( NR+( PR >+R<p+1—ﬁ+(1—ﬁ)3>>’

where o = f(2(©)) — f*.

Data heterogeneity ¢? appears in the second term. Thus, the convergence rate of QG-DSGDm deteriorates
when the data distributions held by each node are statistically heterogeneous. By contrast, the convergence

1For simplicity, we set the additional hyperparameter p for QG-DSGDm to £.
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rate of Momentum Tracking Eq. does not depend on data heterogeneity (2. Therefore, Momentum
Tracking is more robust to data heterogeneity than QG-DSGDm. Because the convergence rates of DS-
GDm and DecentLaM also depend on (2, the same discussion holds for DSGDm and DecentLaM. Hence,
Momentum Tracking is more robust to data heterogeneity than these methods. To the best of our knowl-
edge, Momentum Tracking is the first decentralized learning method with momentum acceleration whose
convergence rate has been proven to be independent of data heterogeneity ¢2 in the standard deep learning
setting.

Next, we discuss the range of 3. The convergence rates of QG-DSGDm and DecentLaM provided by |Lin
et al.| (2021)) and [Yuan et al.| (2021)) hold only when the range of 3 is restricted. For instance, Theorem
assumes that 5 < 21”—+p(< 0.05). However, these restrictions on the range of § do not hold in practice.
(Typically, 8 is set to 0.9.) Therefore, the convergence rates of QG-DSGDm and DecentLaM are unclear in
such practical cases. By contrast, Theorem [I] can provide the convergence rate of Momentum Tracking that

holds for any 5 € [0, 1).

Comparison with SGDm: Next, we compare the convergence rate of Momentum Tracking with that of
SGDm. In a setting where the objective function is non-convex and the stochastic gradient is used, SGDm
has been proven to converge to the stationary point with O(1/v/R) (Yan et al., 2018; [Liu et al., [2020b).
By contrast, Theorem [I] indicates that if the number of rounds R is sufficiently large, Momentum Tracking
converges with O(1/v/ NR). Therefore, Momentum Tracking can achieve a linear speedup with respect to
the number of nodes N, which is a common and important property in decentralized learning methods (Lian,
et al.l |2018} [Koloskova et al., 2020)).

4 Experiment

In this section, we present the results of an experimental evaluation of Momentum Tracking and demonstrate
that Momentum Tracking is more robust to data heterogeneity than the existing decentralized learning meth-
ods with momentum acceleration. In this section, we focus on test accuracy, and more detailed evaluation
about the convergence rate is presented in Sec. [C.6

4.1 Setup

Comparison Methods: (1) DSGD (Lian et al., 2017)): the method described in Sec. (2) DSGDm
(Gao & Huang, 2020): the method described in Sec. (3) QG-DSGDm (Lin et al., [2021)): a method in
which the update rule of the momentum in DSGDm is modified to be more robust to data heterogeneity
than DSGDm; (4) DecentLaM (Yuan et al., 2021)): a method in which the update rule of the momentum in
DSGDm is modified to be more robust to data heterogeneity; (5) Gradient Tracking (Nedi¢ et al., 2017): a
method without momentum acceleration that is robust to data heterogeneity; (6) Momentum Tracking: the
proposed method described in Sec. [3]

Dataset and Model: We evaluated Momentum Tracking using three 10-class image classification tasks:
FashionMNIST (Xiao et al.,|[2017), SVHN (Netzer et al.,[2011)), and CIFAR-10 (Krizhevskyl 2009). Following
the previous work (Niwa et al., [2020), we distributed the data to nodes such that each node was given data
of randomly selected k classes. When k = 10, the data distributions held by each node can be regarded as
statistically homogeneous. When k < 10, the data distributions are regarded as statistically heterogeneous.
We evaluated the comparison methods by setting k to {4,6,8,10} and changing data heterogeneity. Note
that a smaller £ indicates that the data distributions are more heterogeneous. For the neural network
architecture, we used LeNet (LeCun et all |1998)) with group normalization (Wu & He, 2018)) in Sec.
In Sec. we present more detailed evaluation by varying the neural network architecture (e.g., VGG-11
(Simonyan & Zisserman, 2015) and ResNet-34 (He et al., 2016)). For each comparison method, we used
10% of the training data for validation and individually tuned the step size. For DSGDm, QG-DSGDm,
DecentLaM, and Momentum Tracking, we set S to 0.9. All experiments were repeated using three different
seed values, and we report their averages. More detailed hyperparameter settings are presented in Sec [E}

Network Topology and Implementation: In Secs. and we present the results of setting the
underlying network topology to a ring consisting of eight nodes (i.e., N = 8). In Sec. we present
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Figure 1: (a) Learning curve on CIFAR-10 with LeNet in the 10-class (i.e., homogeneous) setting. We
evaluated the test accuracy per 10 epochs. (b) Learning curve in the 4-class (i.e., heterogeneous) setting.
(c) Average test accuracy for all datasets (i.e., FashionMNIST, SVHN, and CIFAR-10).

more detailed evaluation by varying the network topology. All comparison methods were implemented using
PyTorch and run on eight GPUs (NVIDIA RTX 3090).

4.2 Experimental Results

Table |2 lists the test accuracy for FashionMNIST, SVHN, and CIFAR-10. Fig. [1| (a) and (b) present the
learning curves for CIFAR-10 and Fig. [1| (¢) presents the average test accuracy for all datasets.

Comparison of Momentum Tracking and Gradient Tracking: First, we discuss the results of Mo-
mentum Tracking and Gradient Tracking. Table 2] and Fig. [I] indicate that Momentum Tracking achieves
a higher accuracy faster than Gradient Tracking and outperforms Gradient Tracking in all settings. When
the data distributions are homogeneous (i.e., 10-class), Momentum Tracking outperforms Gradient Tracking
by 5.8% on average. When the data distributions are heterogeneous (e.g., 4-class), Momentum Tracking
outperforms Gradient Tracking by 4.4% on average. Thus, the results show that Momentum Tracking can
consistently outperform Gradient Tracking regardless of data heterogeneity.

Comparison of Momentum Tracking and DSGDm: Next, we discuss the results of Momentum Track-
ing and DSGDm. The results show that when the data distributions are homogeneous (i.e., 10-class),
Momentum Tracking and DSGDm are comparable and outperform DSGD and Gradient Tracking. How-
ever, when the data distributions are heterogeneous (e.g., 4-class), the test accuracy of DSGDm decreases
even more than that of DSGD, and DSGDm underperforms DSGD by 9.9% on average. By contrast, the
results indicate that Momentum Tracking consistently outperforms DSGD and Gradient Tracking by 14.9%
and 4.4% respectively when the data distributions are heterogeneous. The results indicate that Momentum
Tracking is more robust to data heterogeneity than DSGDm and outperforms DSGDm by 24.9% on average.

Comparison of Momentum Tracking, QG-DSGDm, and DecentLaM: When the data distributions
are homogeneous (i.e., 10-class), Momentum Tracking, QG-DSGDm, and DecentLaM are comparable and
outperform DSGD and Gradient Tracking. By contrast, when the data distributions are heterogeneous (e.g.,
4-class), Momentum Tracking consistently outperforms QG-DSGDm and DecentLaM by 9.9% and 4.5%
respectively, whereas QG-DSGDm and DecentLaM are more robust to data heterogeneity than DSGDm.
Hence, these results are consistent with our theoretical analysis, as discussed in Secs. [3.3] and [3-4]

In summary, when the data distributions are homogeneous, DSGDm, QG-DSGDm, DecentLaM, and Momen-
tum Tracking are comparable and outperform DSGD and Gradient Tracking. When the data distributions
are heterogeneous, Momentum Tracking is more robust to data heterogeneity than DSGDm, QG-DSGDm,
and DecentLaM, and can outperform all comparison methods.
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Table 2: Test accuracy on FashionMNIST, SVHN, and CIFAR-10 with LeNet. “k-class” means that each
node has only the data of randomly selected k classes. Bold font means the highest accuracy.

FashionMNIST

10-class 8-class 6-class 4-class
DSGD 85.6 +0.49 85.6 +=0.41 82.7+1.12 78.1 £ 1.56
Gradient Tracking 85.0 +0.49 85.4 +0.26 85.0 +£0.37 84.9 +0.22
DSGDm 89.5 £ 0.15 89.3 £0.21 82.1 £3.23 68.7 4+ 5.02
QG-DSGDm 89.6 +0.10 89.5 +0.47 86.9 £ 1.59 80.8 +2.94
DecentLaM 89.5 +0.14 89.3 +0.36 89.2 +0.41 84.3 4+ 3.05
Momentum Tracking  89.5 + 0.36 89.4 4+ 0.05 88.9 +0.47 86.8 +1.56

SVHN

10-class 8-class 6-class 4-class
DSGD 90.1 £ 0.17 89.5 £ 0.61 87.6 = 1.94 78.8 £ 8.55
Gradient Tracking 90.1 £+ 0.30 89.8 +0.38 89.8 + 0.39 89.4+ 047
DSGDm 92.6 £0.35 92.4+0.19 88.1 +4.38 67.2 +9.69
QG-DSGDm 92.5 +0.22 92.5+0.17 90.9 £+ 1.67 83.5+7.14
DecentLaM 92.4+0.21 92.2 +0.39 92.0 £0.48 88.2 £ 4.75
Momentum Tracking 92.6 +0.32 92.4 4+ 0.40 92.3 +£0.23 91.7 £ 0.53

CIFAR-10

10-class 8-class 6-class 4-class
DSGD 63.1 £+ 0.60 64.1 +0.52 61.24+1.16 47.6 £5.77
Gradient Tracking 62.3 +0.73 62.0 = 0.80 61.9 4+ 0.58 61.8 +0.82
DSGDm 72.9 +£0.41 72.5+£0.20 63.8 +6.24 38.8 £1.61
QG-DSGDm 72.4 +0.87 73.1+0.16 69.6 4+ 2.42 55.3 +5.30
DecentLaM 73.2+0.36 72.9+0.14 71.7+1.10 63.1 +£5.43
Momentum Tracking  72.9 £ 0.59 73.0 £ 0.49 72.6 £0.41 70.7 £1.38

Table 3: Test accuracy on CIFAR-10 with VGG-11 and ResNet-34. “k-class” indicates that each node has
only the data of randomly selected k classes, and bold font indicates the highest accuracy.

CIFAR-10 4+ VGG-11

CIFAR-10 + ResNet-34

10-class 4-class 2-class 10-class 4-class 2-class
DSGD 91.3+0.12 86.9 £ 1.75 71.1 £2.82 94.3 +£0.13 90.0 = 1.65 63.5 +0.90
Gradient Tracking 88.14+0.14 86.3£0.50 83.0+£0.04 85.9+0.71 82.6 +0.33 76.2 +0.30
DSGDm 92.2+0.09 77.3+£4.05 39.6%£5.92 95.8+0.26 79.0+3.69 27.7+2.83
QG-DSGDm 92.0 £+ 0.02 89.5 +1.08 77.8+1.96 95.8 +0.22 94.3 +1.13 79.9 £ 1.59
DecentLaM 92.1+0.09 90.9+0.65 852+0.67 959+0.04 9524+0.51 89.2+2.26
Momentum Tracking 91.9+0.06 90.9+0.60 87.0+0.48 95.04+0.13 94.4+£0.52 89.9+0.73

4.3 Results with Various Neural Network Architectures

Next, we evaluated Momentum Tracking in more detail by varying the neural network architecture. Table
lists the test accuracy with VGG-11 (Simonyan & Zisserman, [2015|) and ResNet-34 (He et al., |2016) when
we set k to {2,4,10}, and Fig. [2] shows the learning curves.
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Figure 2: Learning curves for CIFAR-10 with VGG-11 and ResNet-34 in the 2-class setting.

For both neural network architectures, Table reveals that when the data distributions are homogeneous (i.e.,
10-class), Momentum Tracking is comparable with DSGDm, QG-DSGDm, and DecentLaM and outperforms
DSGD and Gradient Tracking. By contrast, when the data distributions are heterogeneous (e.g., 2-class),
Table 3] and Fig. 2] reveal that Momentum Tracking outperforms all comparison methods for both neural
network architectures. In particular, Fig. [2] indicates that DSGDm, QG-DSGDm, and DecentLaM are
unstable and continue to oscillate in the final training phase, whereas Momentum Tracking converges stably.
These results are consistent with those of LeNet presented in Table [2l Therefore, the results indicate that
Momentum Tracking is more robust to data heterogeneity than DSGDm, QG-DSGDm, and DecentLaM,
and can outperform these methods regardless of the neural network architecture.

5 Conclusion

In this study, we propose Momentum Tracking, which is a method with momentum acceleration whose
convergence rate is proven to be independent of data heterogeneity. More specifically, we provide the con-
vergence rate of Momentum Tracking in the standard deep learning setting, in which the objective function
is non-convex and the stochastic gradient is used. Our theoretical analysis reveals that the convergence
rate of Momentum Tracking is independent of data heterogeneity for any 8 € [0,1). Through image clas-
sification tasks, we demonstrated that Momentum Tracking can consistently outperform the decentralized
learning methods without momentum acceleration regardless of data heterogeneity. Moreover, we showed
that Momentum Tracking is more to data heterogeneity than existing decentralized learning methods with
momentum acceleration and can consistently outperform these existing methods when the data distributions
are heterogeneous.
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A Pseudo-Code of Momentum Tracking

The pseudo-code for Momentum Tracking is given in Alg. where Transmit,_,;(-) denotes that node ¢
transmits parameters to node j and Receive;.;(-) denotes that node i receives parameters from node j.

Algorithm 1: Update rules of Momentum Tracking at node 1.

1: Input Step size n > 0, 8 € (0, 1], mixing matrix W. Initialize ¢; and u; to
13 (VF( (0) 7§(0 )— % >.; VF; (sc;o);fj(-o))) for all i € V and @; with the same parameter.
for r=0,---,Rdo

2:

3 ET+1 <_B Z(T‘) +VFz(w§r),§Z(r))

4: for j € N; do

5: Transmitiaj(;cy)) and Receiveikj(my)).

6 Transmit;_, ; (cl(.r) - ugr“)) and Recelvelej( (T) §r+1)).
7 end 1for 1

8 (r+ “ E]GN+ me( r) —n ( (_rJr ) cl(r) .

o: cl(_r+1 - ZjeN;r Wi (c;'r) §r+1)) n u§r+1)_
10: end for

B Additional Discussion about Convergence Rate

Because Momentum Tracking is equivalent to Gradient Tracking when § = 0, Theorem [I| also provides
the convergence rate of Gradient Tracking. In this section, we compare the convergence rate of Gradient
Tracking provided in Theorem |1|to that provided by |[Koloskova et al.[ (2021)).

From Theorem (1} we get the following statement.

Corollary 1. Suppose that 8 = 0 and the assumptions of Theorem[]] hold. Then, for any R > 1, there exists
a step size n such that the average parameter & = % >, xi generated by Egs. (@-@ satisfies

R—1 2
1 _ 2 roo2L rocL\3® Lrg
- ]EHV (r) H <0 Took 2o 11
R; H@)] = ~vr "\ 2r) T rr (11)

where ro = f(x(0) — f*.

Then, under Assumptions and [l [Koloskova et al] (2021) provided the convergence rate of Gradient
Tracking as follows.

Theorem 3 (Koloskova et al.|(2021))). Suppose that Assumptions @ @ and hold, each model parameter
x; is initialized with the same parameters, and c; is initialized as 0. Then, for any round R > %10g(%(1 +

log %)), there exists a step size n) that satisfies that the average parameter x = % >, x; generated by Gradient
Tracking satisfies

ro02L N (( rooL >3 n L(ro + L¢3) 7 (12)

R—1
1 2 -
=3 |vram)| <o
R;H J@| = NR Vpc+pVN)R pcR

where O(-) hides the polylogarithmic factors, (3 = D |IVE;(2©);¢) — + > VFi(x©;¢)|%, ¢ =1~
min{\pin, 0}2, and Apin is the minimum eigenvalue of W.

Comparing the convergence rates in Egs. and , the convergence rate in Eq. is tighter than that
in Eq. . ) because ¢ > p for any mixing matrix W. However, because the convergence rate in Eq.
holds only when the number of round R is larger than 2 log(50(1 + log = )) Theorem |3 can not describe
the behavior of the convergence rate at the beginning of the tralnlng In contrast Corollary [I] provides the
convergence rate for Gradient Tracking that holds for any R > 1.

14
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C Additional Experiments

C.1 Results with Various Network Topologies

We evaluated Momentum Tracking in more detail by changing the underlying network topology. Table []lists
the test accuracy of all comparison methods when we set the underlying network topology to be a hypercube
or a semantic exponential graph.

Table [4] indicates that when the data distributions held by each node are statistically homogeneous (i.e.,
10-class), DSGDm, QG-DSGDm, DecentLaM, and Momentum Tracking are comparable and outperform
DSGD and Gradient Tracking for all network topologies. When the data distributions are heterogeneous
(i.e., 4-class), the results show that Momentum Tracking is more robust to data heterogeneity than DSGDm,
QG-DSGDm, and DecentLaM and outperforms all comparison methods for all network topologies. Therefore,
the results indicate that Momentum Tracking is robust to data heterogeneity regardless of the underlying
network topology.

Table 4: Test accuracy on CIFAR-10 with different underlying network topologies.
CIFAR-10

Hypercube Semantic Exponential Graph
10-class 4-class 10-class 4-class

DSGD 63.3 +0.65 55.9 +4.11 64.0 +0.26 60.7 +1.82
Gradient Tracking 61.0£1.34 60.2 +1.13 62.4 £ 0.53 62.4 £ 0.89
DSGDm 73.2+0.09 45.0 £5.90 73.4+0.13 51.5 £ 7.80
QG-DSGDm 73.0 +0.31 62.9 £ 3.68 73.4+0.58 70.2 £ 1.09
DecentLaM 72.9+0.24 69.1 £+ 4.05 72.9+0.73 71.2+1.72
Momentum Tracking 72.8 +0.15 72.7+0.28 72.7+£0.33 72.9 +£0.07

C.2 Results with Other Heterogeneous Setting

In Sec. [} we show the results when the data are distributed such that each node had data of randomly
selected k classes. In this section, we show the results in another heterogeneous setting, where the label
distributions of each node are determined by Dirichlet distributions [Hsu et al.| (2019)).

Table [f lists the results when we distributed data using Dirichlet distributions. The results indicate that
Momentum Tracking is more robust to the data heterogeneity than DSGDm, QG-DSGDm, and DecentLaM
in both cases where we use Dirichlet distributions and where we use k-class setting.

Table 5: Test accuracy on CIFAR-10 with different a.

CIFAR-10 + VGG-11
a = 10 (homogeneous case) « = 0.1 (heterogeneous case)

QG-DSGDm 89.7 £0.07 87.2+1.54
DecentLaM 90.1 +0.28 88.6 = 0.99
Momentum Tracking 90.5 + 0.01 90.2 £0.37

C.3 Initial Value Analysis

In this section, we discuss the initial values of ¢; and w;. Table [g] lists the test accuracy for Momentum
Tracking when we initialize ¢; and u; to zero and when we initialize ¢; and u; as in Theorem m The results

indicate that the test accuracy are almost equivalent on both settings. Hence, Theorem [T requires ¢; and u;
to be initialized to ﬁ(VFi(SUEO);fgo)) - Z;N:1 VFj(xg-O);fj(-o))). However, in practice, ¢; and u; can be
initialized to zeros without any impact on accuracy.
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Table 6: Test accuracy on FashionMNIST, SVHN, and CIFAR-10 with LeNet. “k-class” indicates that each
node has only the data of randomly selected k classes.

FashionMNIST

10-class 8-class 6-class 4-class
Momentum Tracking 89.54+0.36 89.4+0.05 88.9+0.47 86.8+1.56
Momentum Tracking (c(” = u(” = 0) 89.5+0.38 89.4+0.04 83.7+0.63 858+1.53

SVHN

10-class 8-class 6-class 4-class
Momentum Tracking 92.6+0.32 9244040 9234023 91.7+0.53
Momentum Tracking (c(” = u(” =0) 92.5+0.34 923+050 9224029 92.0+0.81

CIFAR-10

10-class 8-class 6-class 4-class
Momentum Tracking 7294059 73.0+£049 7264041 70.7+1.38
Momentum Tracking (c\” = w(” =0) 72.8+0.35 72.9+0.32 73.0+041 70.7 4+ 2.00

C.4 Comparison with RelaySum

In this section, we compare Momentum Tracking with RelaySum [Vogels et al.| (2021), which is one of the
methods that are most robust to data heterogeneity, and RelaySum with momentum acceleration (Relay-
SumM). Table [7] lists the accuracy on CIFAR-10 with VGG-11. The results indicate that RelaySumM is
more robust to data heterogeneity than Momentum Tracking and outperforms Momentum Tracking in the
2-class setting. However, the convergence rate of RelaySum is proven to be independent of data heterogene-
ity only when the momentum is not applied, and it remains to be unclear whether the convergence rate of
RelaySum is independent of data heterogeneity when the momentum is applied. Thus, it is a clear advantage
that the convergence rate of Momentum Tracking is proven to be independent of data heterogeneity for any
momentum coefficient 5 € [0,1). The main objective and contribution of our study are not to achieve state-
of-the-art, but to propose a method with momentum whose convergence rate is proven to be independent
of the data heterogeneity in the standard deep learning setting. We believe that our proof is helpful for
future research that will attempt to analyze the convergence rates when the momentum is applied (e.g., the
convergence rate of RelaySumM).

Table 7: Test accuracy on CIFAR-10 with VGG-11.
CIFAR-10 + VGG-11

10-class 2-class
DSGD 91.3+0.12  71.1+2.82
Gradient Tracking 88.1+0.14 83.0+0.04
RelaySum 91.1£0.13 89.0+0.15
DSGDm 922+0.09 39.6+5.92
QG-DSGDm 92.0+0.02 77.8+1.96
DecentLaM 92.1£0.09 85.2+0.67
RelaySumM 92.1+0.13 89.3+0.76
Momentum Tracking 91.9+0.06 87.04+0.48
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C.5 Learning Curves

In this section, we present the learning curves for the results whose final accuracy are presented in Tables
and 3] Figs. [3] [ and [5] show the learning curves for FashionMNSIT, SVHN, and CIFAR-10, respectively,
with LeNet. Figs. [fland [7]show the learning curves for CIFAR-10 with VGG-11 and ResNet-34, respectively.

When the data distributions are statistically homogeneous (i.e., 10-class), the results indicate that DSGDm,
QG-DSGDm, DecentLaM, and Momentum Tracking are comparable and can achieve high accuracy faster
than DSGD and Gradient Tracking. When the data distributions are statistically heterogeneous (e.g., 2-class
and 4-class), the results indicate that the learning curves for Momentum Tracking are more stable than those
for DSGDm, QG-DSGDm, and DecentLaM, and Momentum Tracking outperforms all comparison methods.
In particular, in Figs. [6] and [7] the accuracy of DSGD, DSGDm, QG-DSGDm, and DecentLaM continue to
oscillate in the final training phase in the 2-class setting, whereas the accuracy of Momentum Tracking and
Gradient Tracking converge in the 2-class setting as well as in the 10-class setting. Therefore, Momentum
Tracking is more robust to data heterogeneity than DSGDm, QG-DSGDm, and DecentLaM.

10-class 8-class 6-class 4-class
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Figure 3: Learning curves on FashionMNIST. The accuracy is evaluated per 10 epochs.
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Figure 4: Learning curves on SVHN. The accuracy is evaluated per 10 epochs.
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Figure 6: Learning curves on CIFAR-10 with VGG-11. The accuracy is evaluated per 10 epochs.
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Figure 7: Learning curves on CIFAR-10 with ResNet-34. The accuracy is evaluated per 10 epochs.
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C.6 Synthetic Experiment

In this section, we evaluate the convergence rate in more detail using a synthetic dataset. Following the
previous work (Koloskova et al.l [2020), we set the dimension of parameter d to 50, the number of nodes
N to 25, and the network topology to a ring consisting of N nodes. We then defined the local objective
function f;(z) to be || A;x —b;||> where A; == i/V'N and b; are sampled from N(0,¢?/i?1), and we defined
the stochastic gradient VF;(x;&;) to be Vf;(x) + € where € is drawn from N (0;02/d1). For all comparison
methods, we set the step size 1 to 1.0 x 107%.

Figs. [8 and [9] illustrate ||V f()]|? with respect to the number of rounds r when we vary data heterogeneity
¢% as {0,25,50} and set 02 to one. The results show that Momentum Tracking converges in the same
manner regardless of data heterogeneity ¢2. On the other hand, for DSGDm, QG-DSGDm, and DecentLaM,
|V £(Z)|? increases as data heterogeneity ¢? increases. Hence, these results are consistent with our theoretical
analysis that the convergence rate of Momentum Tracking is independent of data heterogeneity.

2=0 72=25 72=50
103
o 10t
g —— DSGD
E 107t Gradient Tracking
- —— DSGDm
—— QG-DSGDm
107 —— DecentLaM
—— Momentum Tracking
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000

Round Round Round

Figure 8: Comparison of the convergence in the initial training phase in the synthetic experiments.

. 72=0 g2=25 Lo 72=50
10 104
2
102 102 10
o o~
= 0 = °
X 10 10° X 10 —— DSGD
= = Gradient Tracking
> > .-
B o2 10-2 =102 —— DSGDm
’\ —— QG-DSGDm
1074 104 WWMWWWV 104 —— DecentLaM
—— Momentum Tracking
0 5000 10000 15000 0 5000 10000 15000 0 5000 10000 15000
Round Round Round

Figure 9: Comparison of the convergence in the synthetic experiments.
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D Proof of Theorem [1]

D.1 Technical Lemma

Lemma 1. For any =,y € R%, v > 0, it holds that

lz +yll* < (1 +)lll” + @+l (13)
Lemma 2. For any a1,--- ,an, it holds that
N 2 N
Sai| <NY fail (14
i=1 i=1

Lemma 3. For any x,y € R%, v > 0, it holds that
2(x,y) < yllz|® +7 yl* (15)
D.2 Momentum Tracking in Matrix Notation
We define UM, X C™) VF(X™;£0) and V(X)) as follows:
U — (u§”,-~- ,u(N’")), X = (wgv”)?... ’mgy)’ cr — (cgﬂ,... ,c%))7
VE(XD:60) = (VA (i), VEn(l:el))
VIXD) = (Vh). - Viv@E).

Then, the update rule of Momentum Tracking can then be rewritten as follows:

Ut = gu + V(X5 (16)
xr+) — x(Mw — 77(U(TH) _ C(T)), (17)
crth) — (¢ —urthw + Ut (18)
where U and C© are initialized as follows:
1 1
0 = (vE(X©.£0y _ —vp(x©.e0y11T
UO = o (VRX ") - LVRX O30T,

1 1
CO = 5 (VF(X 0360 = GVF(X©;011T).

D.3 Additional Notation
We define the update rules of d; and e; as follows:

"™ = pd” + v fi(2"), (19)
et _ 561(7') + V@), (20)

3

where dz(-o) = ﬁ(Vfi(:i(O)) — Vf(@)) and el(»o) = 0. Note that it holds that d) = & for any round
r > 0. Then, we define D and FE as follows:

D) — (dgﬂ, - 7d§p) B0 — (ey>7... ,egg)) ,
The update rules of D and E can be written as follows:
DUV = gD + V(X ™), (21)
ECtY = gp™ 4 %Vf()‘((”)ni (22)
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where D and E© are initialized as follows:
1 — 1 _
DO — x 0y _ — (0) T
5 (VAX ) - GVAEOLT),
EY =o.

Note that d;, e;, D, and E are the only variables used in the proof that do not need to be computed in
practice in Alg. [l We define Z, £, and D as follows:

1 2
=0 = _E HX(T) XM
N F

e — Lp HD(T-H) _om_ E(7-+1>H2
N F’
D) — iE HD(T-H) _p _ gtr+l) L g() g )
N

F
Inspired by [Yu et al.| (2019), we define z as follows:
o ]2, if r=0
z = 1 =(r) B ~(r—1) : :
e — 5% , otherwise
In the following, we define +a := a —a = 0 for any a and @ = 1\; a; for any aq,--- ,an. Then, E[-
N i=1

denotes the expectation over all randomness that occurs during training (i.e., {fi(r)}i,r), and E,[-] denotes

the expectation over the randomness that occurs at round r (i.e., {@m}i).

D.4 Proof Sketch

In this section, we briefly summarize our proof technique. Our proof is based on the analysis of DSGD
Koloskova et al| (2020) that uses the upper bound of the consensus error Z. We extend their technique
to deal with data heterogeneity by decomposing the inequality about the consensus error = into (i) the
inequality of the error between global and corrected local momentum £ and (ii) the inequality of the error
between update values of global and uncorrected local momentum D. While bounding the latter error is
rather straightforward, bounding the former error requires our momentum correction term, which makes
the error recursion contractive; otherwise, the error between global and local momentum results in the
heterogeneity term in the final convergence error. In the following, we show the proof sketch and explain in
more detail how to bound = from above without using ¢2.

We derive the inequality about the consensus error Z as follows (See Lemma [14)):

or+D) H2>

€ represents the the error between global momentum e;(= €) and corrected local momentum (d; —¢;). Thus,
intuitively, if we remove the tracking term c; from Momentum Tracking, € becomes + >, E[|d; —e;||?, which
causes the data heterogeneity ¢2 to appear in the upper bound of =. In the following, we explain how to
eliminate £ and ¢2 from the upper bound of Z"+1) which is the most important component of our proof.

To bound £ from above, we derive the following two inequalities (see Lemmas [15| and :

N 2
2+ < (1 _ B) =0 4 ang(r) n ﬁnzz E "u§r+1) 3 dgwnH +]E‘
2 p Np i=1

2
g0+ < (1-2) 0 4 186° hon

P
232 32L%* _
+ 8

1-p527
where C; and C, are variables independent of Z, D, £, and ¢2. Here, the most important benefit to adding
the tracking term c; is that the coefficient of £ becomes less than 1. (i.e., (1 —2) < 1). Roughly speaking,

14414
— 2"+ Oy,

(r+1) r r
DUt < D+ ) 4 ¢y,
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the above two inequalities imply that £ and D become gradually smaller because (1 — £) < 1 and % <1
hold for any g € [0, 1).

Next, we derive a new inequality by combining the above three inequalities. We define an auxiliary error
term © as follows:

ApB?

o — =) | %,725(7-) + 22 pepo),
D D

where A > 0 is defined in Lemma Then, by combining the above three inequalities, we obtain the
following (see Lemma [17)):

O+ < (1- %) 0" 4+ Cy,

where Cj is a variable independent of Z, D, £ and (2, and ¢t > 4 is defined in Lemma
Using = < O and applying the above inequality recursively, we obtain (see Lemma

2+ < @D < (1 - ]3)r+1 e 1y
— -_— t )

where Cj is a variable independent of Z, D, &, and (2.

Using (1 — 2) < 1, it holds that 3.7 (1 — 2)"+10©®) < %6(0). Finally, using this inequality and the fact
that Cy and ©(® are independent of ¢2 due to the assumption of initial values, we can eliminate £ from the
upper bound of = and derive the upper bound of Z that does not contain (2 as follows (see Lemma :

42 & 1 2 40L2t 29 864
= <= H () H I (104 24220 622
R+lz _2(R+1)Z: Vi) +(1—ﬁ)?’p2 +p+p2 7

These are the essential techniques to bound R =) from above without using ¢2 and make the convergence
r=0 g g
rate independent of (2.
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D.5 Useful Lemma

Lemma 4. For any round r > 0, it holds that ¢ =o.

Proof. For any round r > 0, we have

N N N
DR S R EO 0
i=1 j=1 i=1
N N N
T r+1 r+1
=D (7 =) S W+ 3l
j=1 =1 =1
Because W is a mixing matrix, we obtain
N
SRR ot
i=1 j=1
Since we have
= 0 RS 0.0y Ly ), ¢(
0 0). (0 0). (0
_ - F (0). ¢l _ 0
;c — ;vm,@) N;V( &) | =0,

we obtain the statement.
Lemma 5. For any round r > 0, it holds that

2+ — ) _ na(TJrl)_

Proof. We have

r 1 T T T
+1) _ NZZWU‘”; (@) — &)

= 1] 1
fz (r)ZW ar ) _ &),

The fact that W' is a mixing matrix gives us

pr+1) — () _ n(ﬁ(TJrl) — E(T)).

Then, using Lemma [4 we get the statement.

Lemma 6. For any round r > 0, it holds that
| XN
o) g0 - 1 N VE @ E").

Proof. For any r > 1, we have

F(r+1) _ 5(r) — 1 () — 2 - %(—(r) —z(mY)

1-53 -
N ey, B
1_ﬁu + 1_/Bu
N1l (r). ¢(r)
:*iﬁzvﬂ(mz 757, )a
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where we use Lemma [5} When r = 0, we have

1
z(1) _ (0) — = ﬂ(i.(l) _ :E(O))

—__ " s
1-8"
N1 (0. £(0)
1 _ /8 N Z v (a:l ’g’L )7
where we use @(®) = 0. This concludes the proof.

Lemma 7. Suppose that Assumptions [}, [ [3 and[4 hold. For any round R > 0, it holds that

R 2
S E Hjm _z0| <
r=0

6202772

N1 —pB)*

R.

R 1 o 0)
R e

2
H a0

52772 E i Br—k—l 1 i VF ( (k) g(k))
IEEY) N ACTARN
1-5) k=0 N

for any r > 1. Defining s(™ == >~} _, 877, we obtain

Proof. From Lemma [f] we have

E Hm(“” z(r)

2

E Ha—;m _ 5o

2
T o ey ®), 0
=1 _4r-D7g VEF; (@M M)
(1-p)2 kz:: S(r—1) NZ
2
@ B oy gk || (k). (k)
Sms( )Zﬂ E NZVFi(mi i6)
k=0 1=1
() B20?
<

B ( 1)7"2_:1 k—1 1 ﬁ: (k)
——s\" BTTFTE || — Vifi(x;)
(1-5) k=0 N i=1

where we use Jensen’s inequality in (a). Using s (r=1) <3

N( (rlZBrkl

ﬁ , we obtain

2
- 1 Bro?n
E :E(T) _ i(r) < 5r—k—1E - v ; iL‘(k) +
| =S ¥ L V@D + g
Recursive addition yields
R ) 9 9 R r—1 | N 5252
E |z — 0| < LT B (= ST v (2 R
e TP L PP A
R-1 N 2 R
S/ 1 (2™ ko1, Bt
“aogp LB w L VD) D o gt
k=0 i=1 r=k+1
R—1 N 2
1 (k) ﬂQO'
El|l=S vi@E®)| + 73
By 2 Ngj 1@ + ¥a =g
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1

where we use Zf:kH prok-t < 7—5 in the last inequality. From the definition of 29 we have ||z —

z(9)]|2 = 0. This yields the statement.

Lemma 8. Suppose that Assumptions[d} [3 [3, and[4 hold. For any round r > 0, it holds that

2 2 2 02772
IEH&:(’"“) 70| < ap2p2E™ +2ﬁ2n21EHa<” +4n2]EHVf(aE(r))H + -
Proof. From Lemma [f] we have
2 N 2
N 2
1 () 0_2772
B N;W@(ml I+
2
(IB) 1 & 22
2 2 (r) n
< 26%* |a ¥ 2 VhE) | T
T
Then, T can be bounded from above as follows
2
1 . o
T=|< > Vi) £ Vi)
1=1
2
@ |1 & 2
il (" (r) T
= 2|5 2 Vha) - Vi +2||vi@")|
@@ o XN . . o
<y 2 |vae) - v +2|via))
i=1
212 S~ |1 )
il r) _ ) 7(r)
O R
Then, we obtain the statement.
Lemma 9. For any round r > 0, it holds that
S e I

Proof. We have
, 2
AR CAD

: Hé”*”lf -k

where we use €(®) = 0. Defining s := 3", _ 77*, we obtain
= 3(7)

<Y ||
k=0

2
(&™)

HH

where we use Jensen’s inequality. Using s(") <3 ﬁ, we obtain the statement.
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Lemma 10. Suppose that Assumptions[1], [ [3 and[{ hold. For any round r >0, it holds that

1 L 502
°E HD(TH) _ U(r+1)H < r—kz (k) .
N P E

Proof. We have

i H DD _ gyt H2
F

-F Zr:ﬁrfk(vf(X(k)) _ VF(X(’“);E(’“))) + ﬁ’“*l(D(O) _ U(O))

k=0 F
Defining s := 3"} _; "~*, we obtain
ol
BT k ﬁr—i— 2
T+1) x (k) (k). ¢(k) £ (DO _py©
E Z (’r‘+1) ) VF(X 7§ )) (’l‘-‘rl)( U )
F

(T+I)Zﬂr k]Eva X®) _gpx®; ® )H +8(r+1)5r+1EHD(o U(O)H

Y o 7K ) - TR )|
k=0

F
| 27 B’““EHV}‘ (X)) — vF(X©); 5(0))H
(1-p)? F
2500 g +1EH VAXO)11T — 1 VF(X©;¢0)117 ’
. i — :
T N F
" _ 2 . 45(r+1)
< (’r‘+1) ’r‘—k]E X(k‘) _ X(k) (’r’+1) T—k‘N 2 T’+1N 2
=y [Vrx®) = vrx®)| +s D e

where we use Jensen’s inequality for (a) and use X 0) = X for the last inequality. Then, using s(") <
we obtain

E HD(T+1) o U(T+1) H2

F
1 o S (k) o |2 No? 4No? |
—_Bkzzoﬁ B |VHX ) =X+ e gt
peoy 1 _ 2 5No?
< : 75 Zﬁ kEva(X(k)) _ Vf(X(k))HF 4 T
L? . 5No®
e R

This concludes the proof.

Lemma 11. Suppose that Assumptions[1}, [ [3 and[{] hold. For any round r >0, it holds that

IEH (r+1) _ +1>”2 L ZT:B k=(h) o?
a’l‘ _ T Si T— E +7
P N{1- B
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Proof. We have
2
E H,a(r+1) _ J(r+1)H2 —E

T N
M SO VR @ €) - @)
i=1

where we use #(? = d(©) = 0. Defining s = Z};:O B, we obtain

E Ha(rﬂ) _ gy H2

N 2

Zﬂr § NZ =Wy _ v p@h)y)
) - B . ’
< S(r) Zﬂrfk]E

k=0
S(r) Zﬂr k]E

N

(7)Zﬁrk ZEHVﬂ (k) — v (&®) H +S(r)26r kU

— s"°E

Ni (@;6) - v (@™)

2

r k0_2
+ S(T) Z /8T7 W

NG

= \

I/\.

where we use Jensen’s inequality in (a). Then, using s < 1=3, we obtain
y =

E Hﬁ(rﬂ) — gy H2

2

s St S eleset -+ g
r N
ZZH I+

This concludes the proof.
Lemma 12. Suppose that Assumptions[1,[3, [3, and[{] hold. For any round r > 0, it holds that
212 2 < 2 o?
E Hu(7+1)H gr-rzk) + grk va 0 H L
Sz S e s i
Proof. We have
2 _ 2
E Hﬁ(r+1)H —E Hﬂ(r+l) + d(r+1)H

=z 2]EHﬁ(r+1) 7d_(7’+1)H2 +2EHJ(T+1)H2.

From Lemmas 0] and we obtain the statement.
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D.6 Main Proof

Lemma 13 (Descent Lemma). Suppose that Assumptions @ @ and hold. If the step size n satisfies

1-p

< —

=7

then it holds that for any round r > 0,
L? 2 L2
Ef(20+D) < Ef(20) + nE”ﬁT_g@) +T‘%Em

" |t va.(w(f)> __ " g HVf(:E("))HQ + _ Loy
ii—p) | &V iT-5) IN(L—B)

Proof. From Assumption [3] and Lemma [6] we have
E,f(z"*Y)
. L 2
< f(2(7)> + ]ET<Vf(2(r)),2(r+1) _ 2(r)> + *Er Hi(r-‘rl) — ()

2
—f<z<”>ﬁ<w (), sz ”’> (fﬁ’ﬁ)ﬂr

e S )

Ln 1 () Lo?n?
= N%;Vﬁ@i) IN( - B)2
My =(7) (T) (T)
= f(z )+1_5<Vﬂw ) - V(2 }:Vﬁ >
T
__n ™), va (T) 77 va L072772
1-p i « NGB
TQ T3
We can bound T} from above as follows:
I)2 2 11 & ’
),y
= 5(r) | (r)
T |[Vr@™) - v + 4 N;va( ™)
2
@ , 2 1)1 &
=(r) _ 5(r) 2= (r)
< L2 fa - 20| + 5 N;vmwz )
We can bound —T5 from above as follows:
2 2
1= L ose - LS vrat)| - L e - 1L S vae)
N & : 2 2||N & :
2
@11 Q)
< = ; ) —an, ()
< a2 [[vre) - vie)| - g vie NZW
@LQlN ) () Ligraml? LI LS vy e
ST 3 [V -3 NZ: @)
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Then, we can bound T3 from above as follows:

N
% > VAal”) £ 1)

2

9, v z") 2||v s
2 (r) (7’) (r)
< NZHW% ~viE| +2 v
B 212 2 2
il %(7) 7(r)
O R
By combining them, we obtain
E,f(z"*Y)
2
L2 2 1 &
< f(E) + 7% &) - 20 SOPAACHD
—h NH
+ L? 1 N Ln =y 1 1 Ln HVf(a_?(T))HQ N Lo?n?
1—g\2"1-3)" “1-g\2 1-3)" ON(1 - B)2
Using n < 4L’B, we get the statement. O

Lemma 14 (Recursion for Z). Suppose that Assumptions @, @ and hold. Then, it holds that for any
round r > 0,

9 9 2 9 2
=r+1) « (1 _ Py o 2 2et) L 2 QEH (r+1) 7D(TH)H 2 2]EHE(r+1)H
=(1-3) +pn6 N, U e TN B

Proof. Because vail la; —al?* < vazl lla;||? for any ay,--- ,ay € R%, we have
N _ EH(Xm _ XDy 4 (XD Xm)HQ < EHX@-) _X<r—1)H2
F F
Then, we have

HX<r+1) X (r+1) H ‘X(m) x|

F

HX(mW (U — Cm)_j((r) ?
F

2
14 9) || xOW - X(’”)

(14 Y? HU(TH) _cm

F

INE] I/\'

_ 2
1+v)(1-p HX -xXm +(1+’y*1)n2HU(T“) -cm

» .

F
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By substituting v = £ and using p < 1, we obtain

HX(TH) X (r+1) H
F

_ 2
<= Tyxin -z

2 3 HU<T+1) o
Fop

F

(1- 12) HXU») x|’ 43,2 HU(M) L pr) 4 g+ _ oo
F

F
(i) 2
? 1-2 HX —x0
F
I 7772 HU (r+1) _D(r+1)H2 n 2772 HD(TH) _cm _ E(r+1)H i 77 HE (r+1) H .
p F P F
This concludes the proof. O

Lemma 15 (Recursion for £). Suppose that Assumptions @ @ and hold. Then, it holds that for any
round r > 0,

6(r+1) < (1 )5 (r) + =7 18/8 %E HU(rJrl) _ D(r+1)H2
> 2 P

F

2 144172 2 36L%02n?
+ = S|V S

144L4 P20 726%L*
p Np

K Hﬁ(r)

Proof. We have
E HD(T+2) _ o+ _ E(r+2)”2
F

- HD(T+2) o (C(r) o U(r+1))W _ U(r+1) o E(r+2) + D(T+1) + D(r+1)W + E(r+1)H2
F

(13),(14) 2

2
+ 2(1 + A/_l)]E ‘(U(T-‘rl) _ D(T+1))(W . I)HF
+2(1+~"HE ‘D(r+2) _ pr+l) 4 plr+1) _ E(H_Q)HQ
F
2
g (1 +’y)( )]E‘ D(T+1) _ C(T) _ E(T_;,_l)H
F

2
+2(1+57HE|@) - D)W - D

1 2 1 1 2 2
121+ HE ’D(” ) pU+l) | g+l _ g+ >HF

)

where we use Lemmaand E+) = L DE+117T in the last inequality. Then, we have

B ‘D(r+2) _ oty _ E(r+2)H2
F

(a) 2
< (1+7)(1-pE ‘ DU+Y _ ¢ _ gD HF

1 1 1 2 2
+2(1+7 HE ‘U(““ ) _ pUr+ >HF W — 1|2,

2
+ 2(1 +’Y_1)E ‘D(T+2) _ D(T+1) +E(T‘+1) _ E(T+2)“F

® r+1) _ o) _ g || -1 (r+1) _ 1|2
§(1+’Y)(1—p)IE’D —c"_E HF+8(1+7 )EHU -D HF

1 2 1 1 2 2
12147 HE ’D(” ) _pU+l) | g+l _ g+ >HF

)

30



Under review as submission to TMLR

where || - |lop denotes the operator norm. In (a), we use the following definition of the operator norm:

[(W—I w— I o
[W = I|lop = supgera\ (o} it o] ol > I To] I for any v € R? \ {0}. In (b), we use Gershgorin circle
theorem and the fact that W is a mixing matrlx Substituting v = £, we obtain

E HD(rJrQ) _ o+ _ E(r+2)H

F
< (1 o E)E HD(rJrl) _ C(r) o E(T+1)H2 + %E ”U(r+1) _ D(TJFI)HQ
- 2 F P F

+ 9IE HD(T+2) — DU+l 4 plr+1) _ E(r+2)H2
p F

T
Then, we can bound T from above by expanding D("+t2) D+1)  E(+2) and EC+1) as follows:
(14) 2 _ _ 2
T g 3ﬂ2E HD(T+1) o D(r) + E(r) - E(TJrl)HF +3E va(X(TJrl)) . vf(X(r))HF

1 _ 1 _ 2
El||l=VAXN11"T - —vAXTtD)117
# 38| FVSERONT - LOARC)

P
36°E HD(r+1) D" L g™ _ E(r+1)H2 1 6L2E HX—(TH) _x™ 2
F F
Using Lemma [§], we obtain
T < 38°E HD(TH) DM 4 EM _ E(r+1)H2
6L202n>
+ N(2AL4%2E") 4 1282L2%0°E Hu(’") +ULE V(@) H 4 ST
This concludes the proof. O

Lemma 16 (Recursion for D). Suppose that Assumptions @, @ and hold. Then, it holds that for any
round r > 0,

232 32L4772 16L2%3%n
pr+1) < ) =(r) 7EH (r)
32L%1? 8L%g?
EH (T) H ’
P P IVEON vy /32)

Proof. We have

E HD(T+2) _ pir+1) _ gir+2) +E(T+1)H2
F

é (14 7)3%E HD(T+1) _ D4 B0 E(r+1)H2
F

+2(1+ 7 E||VAXCH) - V(X <">)HF
2

+2(1 4471 F(XM11T — Vf( (r+y11 T

B v
N F
g (1+7)3°E HD(T-H) D 4+ g _ gtr+D) H +4L*(1 4+~ HE Hx(T-H) X(T)

F

Substituting v = L__gz, we obtain
E HD(T+2) _ DUy _ gpr+2) | E(TH)H2

X(T)

_ D" L g _ E<T+1>H

F
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Using Lemma [8] we obtain

E HD(T-I—Q) _ D(r+1) _ E(r+2) + E(y-_;,_l)H2
F

E HD(TH _ D0 L g _ E(r+1)H2
F

32L n?

<
_1+52

32L4772 ,_(,r) 16L252772
+ N( 5 = e

This concludes the proof.

)H2 8L202n2

]EH{N“) m).

P s

Lemma 17 (Recursion for =, £, and D). We define t € R and A € R as follows:

23%p 648
t = +4, A= ——m— .
_ B2 ’ 252
1-5 1-%- 1+6?

Note that it holds that t > 4 and A > 0. Suppose that Assumptions[1], [4, [3 and[] hold, and step size n
satisfies

p

8Ly /324 + 225

n<

Then, it holds that
2
S(r+1) | %Snzg(rﬂ) n %TIZD(TJA)

36 Aﬁ

Pyi=r) L 20 7’ 7’ (r)
<(1- = e D
<-5E+ 5y )
+ nZIEHVf 2(1) H (9+ 864> PE U —D(’"+1)H2
F
L2 16A 2 2,2
+= (259252 645* )774]EHU(T) +i772]EHE(T+1)H + 27
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Then, from Lemma [T6], we have

3248214 16AL%5*

Aﬁ o 2A4* -
piril) « A0 2p(r) | SLEPE o) DAL P 4EH
1+ 1—pp" (1— )
2A 2L2 A 2L2 2
L3 62 4EHW 7)) H 8 B 7t
(1-5%)p - 2)p3
Using 772 < %22 and 772 < —2W’ we have

128L2(162+ 225)

D 5184L* 32A8%L* —(r P L? —(r D\ —(r
<(1_)+ p3 RS (l—ﬁZ)p3774 2N < (-9 + 0 )20 < -E.

32



Under review as submission to TMLR

In addition, we have
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This concludes the proof.

Lemma 18. We definet € R and A € R as follows:

26%p 648

= 4+4, A= ——m .

_ 32 J 252
1-5 1-%- 1+p2

Under the same assumptions as those in Lemma[I7, it holds that
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Proof. We define ©() := =(") 4 %7725(” + ATQQUQD(T). From Lemma , we obtain
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where we use Zf‘:l(l - < 11) and ZR,k.H(l — Byr=hml < % in the last inequality. Then, from the

definition of £("), we have
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Here, the above upper bounds of £©) and D© are attributed to how we choose the initial values ugo), cz(-o),
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where we use p € (0,1], 8 € [0,1), and R > 1 in the last inequality. Then, using 0 > =) and 2O
we obtain the statement. O

|
L

Lemma 19. We definet € R and A € R as follows:
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Note that it holds that t > 4 and A > 0. Suppose that the same assumptions as those in Lemma [I7 hold.
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for any round r > 1. Then, we obtain
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Using Zf:m_l prk-l < ﬁ and Zf:max{l,k} prk < ﬁ7 we obtain
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Lemma 20. We definet € R as follows:
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Lemma 21. We definet € R and A € R as follows:
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Lemma 22 (Convergence Rate for Non-convex Case). Suppose that Assumptz'ons @, @ and hold. Then,
for any R > 1, there exists a step size i such that it holds that
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Using Lemma 17 in the previous work (Koloskova et al 2020), we obtain the statement. O
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E Hyperparameter Settings

Tables[8] [9] [I0} [IT} and[12]list the hyperparameter settings for each dataset. We evaluated the performance of
each comparison method for different step sizes and selected the step size that achieved the highest accuracy
on the validation dataset.

Table 8: Experimental settings for FashionMNIST.

Neural network architecture LeNet (LeCun et al., |[1998])

Normalization Group normalization (Wu & He, [2018)
Step size {0.005,0.001, 0.0005}

L2 penalty 0.001

Batch size 100

Data augmentation RandomCrop

Total number of epochs 500

Table 9: Experimental settings for SVHN.

Neural network architecture LeNet (LeCun et al., [1998])

Normalization Group normalization (Wu & He, [2018)
Step size {0.005,0.001, 0.0005}

L2 penalty 0.001

Batch size 100

Data augmentation RandomCrop

Total number of epochs 500

Table 10: Experimental settings for CIFAR-10.

Neural network architecture LeNet (LeCun et al., |[1998])

Normalization Group normalization (Wu & He, [2018)
Step size {0.005,0.001, 0.0005}

L2 penalty 0.001

Batch size 100

Data augmentation RandomCrop, RandomHorizontalFlip
Total number of epochs 500

Table 11: Experimental settings for CIFAR-10 with VGG-11.

Neural network architecture VGG-11 (Simonyan & Zisserman), 2015)

Normalization Group normalization (Wu & He, [2018)

Step size {0.5,0.1,0.05,0.01,0.005}

Step size decay /10 at epoch 500 and 750.

L2 penalty 0.001

Batch size 100

Data augmentation RandomCrop, RandomHorizontalFlip, RandomFErasing
Total number of epochs 1000
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Table 12: Experimental settings for CIFAR-10 with ResNet-34.

Neural network architecture ResNet-34 (He et al.|, |2016])

Normalization Group normalization (Wu & He, [2018)

Step size {0.5,0.1,0.05,0.01,0.005}

Step size decay /10 at epoch 375 and 563.

L2 penalty 0.001

Batch size 100

Data augmentation RandomCrop, RandomHorizontalFlip, RandomErasing
Total number of epochs 750
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