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Abstract

Existing decentralized algorithms usually require knowledge of problem parameters for
updating local iterates. For example, the hyperparameters (such as learning rate) usually require
the knowledge of Lipschitz constant of the global gradient or topological information of the
communication networks, which are usually not accessible in practice. In this paper, we propose
D-NASA, the first algorithm for decentralized nonconvex stochastic optimization that requires
no prior knowledge of any problem parameters. We show that D-NASA has the optimal rate of
convergence for nonconvex objectives under very mild conditions and enjoys the linear-speedup
effect, i.e. the computation becomes faster as the number of nodes in the system increases.
Extensive numerical experiments are conducted to support our findings.

1 Introduction

Decentralized (distributed) optimization appears in many applications, such as machine learn-
ing (Lian et al., 2017; Tang et al., 2018b; Lian et al., 2018), robotics (Queralta et al., 2020), signal
processing (Hong et al., 2015), and control systems (Nedi¢ & Liu, 2018; Yang et al., 2019). In
machine learning, decentralized optimization arises naturally when the data is either stored in
different physical locations, or split into different servers to boost training efficiency. Therefore the
main concerns for decentralized algorithms are data privacy, algorithmic scalability and robustness.
For example, starting from earlier works Lian et al. (2017); Tang et al. (2018b), researchers seek
to develop scalable decentralized algorithms for distributed training that are provably more effi-
cient than centralized algorithms, usually reflected in an inverse dependency over the number of
devices/nodes in their final convergence rate, known as linear speedup.

One obstacle of applying most of the developed decentralized algorithms in practice is that
their hyperparameters (such as learning rate) usually depend on information of the problem in
order to show a theoretical convergence, e.g, the Lipschitz constant of the global gradient, the
spectral gap of the graph adjacency matrix or other topological information of the problem. Such
information is usually hard to obtain due to either physical/privacy restrictions or computational
constraints (e.g. due to excessive amount of data in machine learning applications), and tedious
hyperparameter tuning is thus required. Nonetheless, in most of these works people demonstrate
a decent performance in experiments of the proposed algorithms without strictly following the
hyperparameter rules suggested in their theory. This gap between theory and application exists

*Department of Electrical and Computer Engineering, University of Minnesota, Twin Cities. 11003755@umn . edu

TDepartment of Mathematics, University of California, Davis. xuxchen@ucdavis.edu

fDepartment of Computational Applied Math and Operations Research, Rice University. Research supported in
part by NSF grants DMS-2243650, CCF-2308597, CCF-2311275 and ECCS-2326591, and a startup fund from Rice
University. sqma@rice.edu

$Department of Electrical and Computer Engineering, University of Minnesota, Twin Cities. mhong@umn . edu



in centralized optimization problems and researchers have proposed different methods to mitigate
it. However, this gap introduces more serious problems in the decentralized setting for several
reasons: (i) In distributed settings, it is hard, if not impossible, for local devices to know the problem
information of other devices, even if the network is fully connected (Yuan et al., 2022); (ii) The
network architecture might be largely unknown for algorithmic design, especially when the data are
distributed in different physical locations, thus it is difficult to compute network related constants
such as eigenvalues of the graph Laplacian; (iii) The extra error introduced by the heterogeneity of
the data distributions on each local nodes brings more challenges for convergence analysis (Tang
et al., 2018b; Koloskova et al., 2020).

In this work, we close these gaps by designing problem-parameter-free algorithms, i.e., algo-
rithms whose hyperparameters do not require problem information, for decentralized optimization.
Specifically, consider the following stochastic decentralized optimization problem:

min f(z) = - 3 () (11)
=1

where each f; = E¢,up,[Fi(x,§;)] is stored on a local device/node/agent 4, which is assumed to be
L;-Lipschitz smooth and possibly nonconvex, a standard assumption in the literature. Moreover, we
assume that the Lipschitz constant is not available for the algorithmic design. Each local node 7 is
only allowed to access the stochastic function F;(x,&;) in the algorithm design. Note that for different
node ¢ the data distribution could be highly heterogeneous, i.e., each &; follows completely different
distributions D;. Also, each local agent is only connected to a limited amount of neighboring agents,
forming an undirected connected graph, which is summarized by the doubly stochastic mixing
matrix W (see Section 2). To be more specific, in this paper, “problem-parameter-free” means that
the hyperparameters of the algorithm (such as learning rate) do not depend on problems parameters
such as L; and W. The goal of this paper is thus to design such algorithms for solving (1.1).

The most straightforward method for decentralized optimization is decentralized stochastic
gradient descent (D-SGD) where each local device runs stochastic gradient descent then communicates
the update with their neighbors to form the next iterate. In Lian et al. (2017), the authors provided a
convergence analysis under the assumption of bounded heterogeneity, i.e., the gradient distributions
across different devices are similar. To remove this assumption, another famous method is the
decentralized gradient tracking algorithm (D-SGT, Algorithm 1, see Xu et al. (2015); Di Lorenzo &
Scutari (2016); Nedic et al. (2017); Qu & Li (2017); Pu & Nedi¢ (2021); Koloskova et al. (2021); Liu
et al. (2023)) which efficiently guarantees convergence without requiring bounded heterogeneity, also
yields superior numerical performances. We thus first inspect the convergence of D-SGT algorithm
under the problem-parameter-free setting. Our analysis shows that D-SGT could converge when
the hyperparameters are problem-parameter-free. Besides standard assumption of local Lipschitz
smooth, however, this convergence result additionally requires the local functions to be Lipschitz
continuous (i.e., having bounded gradient). To remove this restrictive assumption, we propose a new
decentralized normalized averaged stochastic approximate gradient tracking (D-NASA, Algorithm
2) which enjoys parameter-free convergence without additional assumptions.

Our contributions are summarized as follows.

e New analysis of D-SGT. We investigate D-SGT (Algorithm 1) and point out that one
can use a learning rate that is problem-parameter-free and still guarantee the convergence,
at the expense of an additional assumption: local functions are Lipschitz continuous, i.e.,
bounded local function gradients. This is a rather strong requirement since it implies bounded
heterogeneity among different nodes (see Section 3.1). The analysis also indicates that D-SGT
can no longer achieve a linear speedup under this setting.



e A new parameter-free algorithm. We propose a fully problem-parameter-free algorithm
(D-NASA, Algorithm 2) based on certain normalization technique that does not require
information of global Lipschitz constant or spectral gap of the topology of the problem. The
convergence of D-NASA is guaranteed without any additional assumption. The convergence
result matches the lower bound for nonconvex stochastic optimization and still enjoys the
desired linear speedup.

e Normalization controls consensus error. D-NASA utilizes a novel control over the
consensus error. Specifically, we notice that normalized update efficiently helps the control
of the consensus error, and enables controlling the cumulative consensus error directly by
stepsizes (see Section 3.2). This opens the door of adapting a wide class of normalization-based
adaptive algorithms to the decentralized setting, and its fine-grained analysis is of independent
interest.

e Numerical evidences. We conduct extensive numerical study to verify our findings. We
observe linear speedup effect of D-NASA with the stepsize exactly predicted by our theory.
We also show that D-NASA compares favorably with existing algorithms D-SGD, D-SGT and
D-ASAGT in terms of convergence speed. We empirically demonstrate that D-NASA does not
require any parameter tuning for a wide range of Lipschitz smooth parameters, and network
topology. Without this technique, the stepsize tuning process can be time-consuming since
the optimal choices of the hyperparameters vary drastically when datasets change.

Notation. We denote X' := [zf, ..., z}] which is the collection of local variables z! at iteration ¢
for i = 1,...,n as column vectors. z := 1 ZZ 1 2! is the average of all local varlables. The same
conventlon apphes to U, V, Z and @, ¥, Z'. Also denote by Xt = 71T = 1thlT the collection
of average of local variables, where 1 is n- d1mens1onal all one column vector. The same convention
applies to U, V and Z. We use || - || to represent the Euclidean vector norm and matrix Frobenius
norm to simplify the notation. For matrix 2 norm (i.e., spectral norm) we use || - [|2.

1.1 Related works

Decentralized optimization While the study of decentralized optimization algorithms has a long
history (Tsitsiklis, 1984; Ram et al., 2009; Yan et al., 2012; Yuan et al., 2016), their distinctive
advantages, such as robustness, scalability and privacy preserving, in comparison to centralized
setting like Li et al. (2014), were not well understood both theoretically and empirically until the
case study conducted by Lian et al. (2017). Despite its great success in characterizing the superiority
of decentralized training over the centralized setting, the analysis therein replies on a bounded
gradient heterogeneity assumption, which was later removed by follow-up works such as D? (Tang
et al., 2018b).

Motivated by the empirical success of decentralized training, another line of work focused on
improving the convergence rates of decentralized algorithms. Vanilla decentralized gradient descent
with a fixed stepsize is known to only converge to a neighborhood of the optimal solution even
under the deterministic and strongly convex setting (Yuan et al., 2016). One important technique to
mitigate this effect is gradient tracking, which was introduced in control community (Xu et al., 2015;
Di Lorenzo & Scutari, 2016; Nedic et al., 2017; Qu & Li, 2017) to improve the convergence rate in the
deterministic setting. Later this method was revealed to be helpful to remove the bounded gradient
heterogeneity assumption (Zhang & You, 2019; Lu et al., 2019; Pu & Nedié, 2021; Koloskova et al.,
2021) in convergence analysis. A more recent technique of moving-average updates (momentum)
have been studied in both decentralized optimization and federated learning setting (Xiao et al.,
2023; Cheng et al., 2023) to further improve the rate of convergence.



Table 1: Comparison of D-NASA (Algorithm 2) with some widely-used decentralized stochastic
nonconvex optimization algorithms: D-SGD (Lian et al., 2017), D? (Tang et al., 2018b) and
D-SGT (Koloskova et al., 2021). ‘Other aspt’ refers to the additional assumptions required for
theoretical convergence (Note that the parameters in the assumptions might not be available to
the algorithm), where ‘Hetero’ stands for bounded heterogeneity, and all algorithms require the
stochastic bounded variance and the deterministic gradients begin Lipschitz continuous; ‘Info
Required’ refers to the problem parameters that the algorithm parameters (such as stepsizes) should
depend on to achieve the sample complexity, where “smoothness” is the Lipschitz constant of the
global gradient, and “variance” is the variance of the stochastic oracle; All algorithms in this table
require O(n~'e™*) oracle calls to achieve an e-stationary point.

Algorithm Other Aspt Info Required
D-SGD HETERO SMOOTHNESS, VARIANCE
D? NONE SMOOTHNESS, NET-TOPOLOGY
D-SGT NONE SMOOTHNESS, NET-TOPOLOGY
D-NASA (Ours) NONE NONE

It is worth noticing that the above works all require knowledge about the global problem to
design their algorithms. Under the assumption that the local functions are Lipschitz continuous,
NEXT (Di Lorenzo & Scutari, 2016) is able to achieve a problem-parameter-free asymptotic
convergence (in deterministic setting). We point out again that Lipschitz continuity of the
objective functions is a strong assumption that implies boundedness of gradients and bounded
heterogeneity (see Section 3.1).

Other interesting research topics in decentralized optimization include network topology (Neglia

et al., 2020; Koloskova et al., 2020), communication compression (Tang et al., 2018a; Koloskova
et al., 2019), large-model training (Gan et al., 2021; Yuan et al., 2022), adaptive algorithms (Chen
et al., 2023), to name a few.
Parameter-free optimization (Problem-) Parameter-free optimization refers to the algorithms
that require no/few information needed from the problem so that the algorithm converges without any
tedious process of hyperparameter-tuning. For deterministic smooth optimization, one could show
the convergence of gradient descent to either the optimal (convex) or the stationary point (nonconvex)
when the stepsize 7 is smaller than 2/L, where L is the Lipschitz smooth constant (Nesterov et al.,
2018). When problem parameters such as L are not available, one usually uses backtracking
line-search to determine the stepsize. Recently, there is a line of research initiated by Malitsky &
Mishchenko (2019) that adaptively estimates the local curvature information in each iteration and
does not require the knowledge of L. See Malitsky & Mishchenko (2023); Latafat et al. (2023a,b);
Li & Lan (2023); Zhou et al. (2024) for more recent works on this subject. Currently, these adaptive
methods are for deterministic problems and it remains an interesting direction to extend them to
stochastic and decentralized settings.

For stochastic gradient descent for solving convex problems, the current convergence result
requires either a constant step upper bounded by 1/(2L), or a diminishing stepsize 1; = n/v/t with
7 still upper bounded by terms related to L (Garrigos & Gower, 2023). Sufficiently small stepsize
guarantees the convergence since the analysis resembles the gradient flow regime, yet this is usually
inconsistent with empirical studies, which encourage the stepsize to be large as long as there is no
divergence. The stepsize can be chosen up to 10% and 10* in some logistic regression problems (see



Section C.2 in Grazzi et al. (2020)), which indicates that optimal choices of stepsizes in SGD heavily
depend on problem parameters.

For nonconvex stochastic optimization, various adaptive methods, such as AdaGrad (Duchi
et al., 2011; McMahan & Streeter, 2010), AMSGrad-Norm Reddi et al. (2019), NSGD-M Cutkosky
& Mehta (2020), are proved to be convergent without any knowledge of the parameters Faw et al.
(2022); Yang et al. (2023); Hiibler et al. (2023), which are thus believed to be more robust algorithms
comparing to SGD. Another line of works for the stochastic/online convex optimization is to use
the accumulative norm of the stochastic gradient to design adaptive stepsizes (Carmon & Hinder,
2022; Tvgi et al., 2023). These research results emphasize the optimal dependency on ||2° — z*|, i.e.,
the distance from the initial to the optimal point, and it is not clear how these works adapt to the
nonconvex problems.

Parameter-free stochastic optimization in decentralized setting is unexplored. It is natural to
ask whether one can achieve parameter-free decentralized training, given the unique challenges such
as communication complexity and heterogeneous data distribution across agents. We provide an
affirmative answer in this paper, and in Table 1 we make the comparison between our Algorithm
2 and existing well-known algorithms: D-SGD (Lian et al., 2017), D? (Tang et al., 2018b) and
D-SGT (Koloskova et al., 2021)!. In particular, D-SGD in Lian et al. (2017) requires the information
of Lipschitz smoothness parameter and variance of stochastic gradients. D-SGT in Koloskova et al.
(2021) requires the Lipschitz smoothness parameter and Mg, A, (see Section 2), which we summarize
as ‘net-topology’. Our D-NASA (Algorithm 2) does not require any problem information to select
the algorithm parameters.

2 Methodology

We now present the full methodology of our algorithm. First we recall the decentralized commu-
nication topology with a weighted undirected graph (V,W). The vertex set V = {1,2,...,n} is
the set of local device/nodes, and W = (W ;) € R"*" is a symmetric doubly stochastic matrix
known as weighted adjacency matrix, i.e., W satisfies the following properties: (1) W;; € [0, 1],
Vi, j; (2) Wij = Wi, Vi, j, e, W =W;and (3) Y0, Wij =1, Vi, ie, Wl=T1and 1TW =17,
Intuitively, W; ; represents how well the communication between node i and j is, and W; ; = 0 if
and only if ¢ and j are not communicating. Note that we assume that the eigenvalues of W satisfy
1=A1>X>---> )X, >—1,and

p = max{|Xa|, An|} < 1, (2.1)

which is standard in decentralized optimization literature (Lian et al., 2017; Tang et al., 2018b).
This ensures the communication graph is strongly connected, and after each round of communication
with neighbors, the consensus error (i.e., Y i, |ja; — a||* where a; is a vector owned by the i-th
agent only) decreases at a controllable rate. We assume W satisfies the above properties throughout
the paper and thus will not explicitly state them in the theorems.

Now we recall the decentralized stochastic gradient tracking (D-SGT) (Zhang & You, 2019;
Lu et al., 2019; Pu & Nedié, 2021; Koloskova et al., 2021) in Algorithm 1. The algorithm takes a
gradient step at each local node, keeps a tracker u! to approximate the global stochastic gradient,
and executes a communication round in each iteration to achieve consensus among agents. A simple
arithmetic verification shows that 4’ = o for all iteration number ¢ > 0. This key mechanism
guarantees that the averaged gradient tracker @' is close to full gradient V f provided the consensus

"We do not compare with NEXT (Di Lorenzo & Scutari, 2016), which only proves asymptotic convergence under
deterministic setting.



error >, ||«f — itHQ is small. However, as we will show in Section 3, this popular D-SGT algorithm
cannot achieve a problem-parameter-free convergence with linear speedup even when we assume
that the local functions are Lipschitz continuous, i.e., their gradients are bounded. We primarily
use D-SGT to showcase the difficulties of applying these algorithms to modern machine learning
applications, as we essentially still need to tune the algorithm parameters for a better performance
in distributed training, which is largely impossible Yuan et al. (2022).

Algorithm 1: Decentralized stochastic gradient tracking (D-SGT)
1: Input: T, {n:}, u? =¥ = VF;(2?, &)
2: Output: # = 27 or uniformly from {z!,..., 27}
3: fort=0,....,T—1do
4:  for each node i = 1,...,n (in parallel) do
5 xf»"'l +— Z;‘l:1 Wm(a:z - ntuz),
6: Vit VE (2l et
7 uﬁ“ — Z?:l W,-Juz + U;-H_l — Uf
8
9:

end for
end for

To overcome this obstacle, we propose decentralized normalized averaged stochastic approxi-
mation (D-NASA) as in Algorithm 2, where we maintain 2! as a moving-average update of the
tracker u! and then utilize the normalized direction z!/ Hsz to update z!. Another difference of
D-NASA is that we update all the local operations and communicate at the end, simply for the ease
of analysis. The moving-average technique, also known as momentum method, was recently intro-
duced to distributed optimization and proven to mitigate client drift in federated learning (Cheng
et al., 2023) and achieve linear speedup in decentralized composite optimization (Xiao et al., 2023).
In Section 3, our theory reveals that the normalized direction coupled with the moving-average
provably achieves parameter-free decentralized optimization. The combination of normalization and
moving-average was explored in Cutkosky & Mehta (2020); Hiibler et al. (2023), yet it is unclear
and highly non-trivial to understand if one can achieve parameter-free convergence when each of

the local node is normalized only by its local norm of gradients.

3 Convergence analysis

In this section we analyze the convergence properties of our algorithms. We have the following
standard assumptions for our theoretical analysis of Algorithm 1 and 2.

Assumption 3.1. The function f; is L;-Lipschitz smooth, i.e.
IVfi(x) = Vi)l < Lillz — .
As a result, f is L-Lipschitz smooth with L = %Zl L;.

Next, we also have the following standard assumption on the mean and variance of each local
gradient estimator. Denote the filtration generated by the random variables sampled upon the ¢-th
iteration as Fy, i.e. Fo = {0,Q} and

Fo=o(li=1,.,n, k=0,..,t), vt >1

where o is the o-algebra generated by the random variables.



Algorithm 2: Decentralized normalized averaged stochastic approximation (D-NASA)

1: Input: T, {n:}, {au}, 29 =29 =) =0
2: Output: Z = 27 or uniformly from {z',..., 27}
3: fort=0,....,7—1do

4. for each node i=1,...,n (in parallel) do

5: t+1 —at — HZ§||zf

6: t+1 — VF( 3

T: f“ —ul + ol — o

8: AR (1 — at)z + gttt
9: end for

# Communication

10 [24T et e (2 L ettt
1 W™ et ettt L ekt w
12 [ 2B (AT L 2w
13: end for

Assumption 3.2. The stochastic gradient estimator is unbiased and with bounded variance, i.e.,
Ee,[VFi(x,&)] = V fi(z),
E¢,|VFi(z,&) — Vfi(z)]? < o™

. = 1,..

Moreover, we assume {§; .,n} are independent given F;.

Note that Assumption 3.2 is only imposed on each local stochastic function, and does not imply
any bound for the difference between local and global functions. We now define the notion of
stationarity for this paper.

Definition 3.1. For any ¢ > 0, we say an algorithm finds an e-stationary point, if an output
sequence {:Z’t}tTZO generated by the algorithm satisfies

1
fZEHVf M<e

1

We say that an algorithm achieves linear speedup if it takes T' o« n™* oracles calls at each

node to achieve an e-stationary point.

3.1 Parameter-free convergence theory for D-SGT

We first show the convergence analysis of the D-SGT algorithm in which the learning rate does not
depend on problem parameters. However, this convergence result requires the following Lipschitz
continuity assumption on functions f;.

Assumption 3.3. The function f; is G;-Lipschitz continuous, i.e.
Ifi(z) = fiw)ll < Gillz =yl

As a result, f is G-Lipschitz continuous with G = %Zl G;.



Note that Assumption 3.3 is only used in the parameter-free convergence analysis for the
D-SGT algorithm (Algorithm 1). This is a very strong assumption since in convex optimization,
Lipschitz continuity of the objective functions (or bounded subgradient) can readily give a parameter-
independent convergence result by taking the stepsize to be O(1/+v/t) (Boyd et al., 2003). Moreover, it
implies that each function f; has bounded gradients, i.e., ||V fi(z)|| < G;, which further indicates the
bounded heterogeneity condition since |V fi(z) — V f(2)[| < ||V fi(z)| + 2 Y IVE@)] < Gi+G.

We point out that, even under such a strong assumption, we are not able to show a linear speed
up effect for D-SGT. Specifically, we have the following theorem.

Theorem 3.1. Suppose Assumptions 3.1, 3.2 and 3.3 hold, also take n, = nT*1/2 (constant) or
Ny = nt—1/2 (diminishing, no = 0 for this case) for n > 0, the update of Algorithm 1 satisfies:

*ZEHW )12
2 2 ~12 2
< @<Ao/n+(L0 [n+ LG  pL™n
VT T

Here p > 0 is a parameter dependent on p in (2.1), Ag = f(z°) — f* is the initial function value
gap and we omit higher-order and logarithmic terms in O.

(02 + G2)>.

Remark 3.1. The rate of O(1/\/T) matches the lower bound for nonconvex stochastic optimiza-
tion Arjevani et al. (2023), yet it is worth noticing that we are not able to choose the parameter n to
achieve a linear speedup effect (even if we have access to n, the number of nodes), due to the term
related to G. We also remind the reader that if we assume the access of Lipschitz smooth constant L,
one can achieve linear speedup for D-SGT as in Zhang & You (2019); Xin et al. (2021); Koloskova
et al. (2021). This motivates the design of new algorithms that can achieve linear speedup under
problem-parameter-free setting for decentralized optimization, without the restrictive Assumption
3.3.

3.2 Parameter-free convergence theory for D-NASA

Now we analyze the convergence of D-NASA (Algorithm 2). Similar to the result for D-SGT,
we provide both the result for fixed and diminishing stepsizes. Our analysis depends on a key
observation over the control of the consecutive consensus error. By the update of Algorithm 2 one
can get:

HXt+1 _ Xt+1H2
1 +p

X" = X +

1 =
21+p2HZt ZtHQ

~ t
where Z! := [ﬁ, o Tt H} is the collection of column vectors of normalized zf. Now the key
1

observation is that the consensus error of Z is always bounded:
n

n
St G2 _ % 1 2
126 =257 =3\~ % 2= T
i=1 i i=1 1”1

Therefore the consecutive consensus error for X becomes:

1 S 1+p1 - 1+ p?
EHXH_I o Xt+1||2 ||Xt Xt||2 + - p277t2



and the cumulative consensus error is controlled directly by our stepsize choice 7;. This indicates
that a careful stepsize choice will result in a bounded consensus error, regardless of any problem
parameter. Now we state the convergence result for a fixed stepsize as follows.

Theorem 3.2. Suppose Assumptions 3.1 and 3.2 hold and we take oy = \/n/T and n, = 711/4/7’3/4
in Algorithm 2. The followmg bounds hold:

Ao+ L 52 Int/2
*ZEva |<(9< 0+ —I—a+p(a+ n )’
=0

nl/4T1/4 T1/2
T—
1 _ L+o _nl/4
T ZEH VI < O<n1/4T1/4 + LpTl/z ’
t=0
121
- - Xt . Xt 2 Zt _ Zt 2
T2 X X2 2

nl/A 5 2
SO( T1/2+p (o + L )T>

Here p > 0 is a parameter dependent on p in (2.1), Ag = f(z°) — f* is the initial function value gap
and we omit higher-order terms in O. Note that the above three bounds correspond to stationarity,
approrimation to gradient and consensus errors.

Remark 3.2. To make 1/T ZtT:_Ol E|Vf(Z')| < e, we need T = O(1/(ne*)), which matches the
lower bounds as in Lu & De Sa (2021); Arjevani et al. (2023), and also indicates the linear speedup
effect (Lian et al., 2017). Note that the approzimation error ||zt —V f(z)|| also enjoys linear speedup
effect. Readers might realize that this choice of parameter requires prior knowledge of the total
number of nodes. We presume that it is impossible to achieve linear speedup if we are using none of
the problem information. Moreover, this choice of algorithm parameters still does not require global
information about the loss function or the topological information about the communication graph,
thus it is better than existing algorithms in the literature in decentralized optimization, as we have
presented in Table 1.

To free the algorithm parameters even from the total number of iterations T', we also present
the result when we do not fix the total number of iterations in advance and the stepsize will be
diminishing in Theorem 3.3.

Theorem 3.3. Suppose Assumptions 3.1 and 3.2 hold, also take oy = \/n/t and n = n1/4/t3/4 for
any t (take ny = ap = 0), the update of Algorithm 2 satisfies:

T-1

1 Ao—i-L—I—O'

T ZEHVf( Nl < 0<1/4T1/4
=0

Lpn1/4 + p2(o + L)n'/? + LpPn3/*
T1/4 ’

T—1
1 L+ o0+ Lpn'/?
7 Bl - Vo) < 0 FETEIA ),
t=0

~

T-1
E[IX" = X)) +|z" - 2'|?]

20 2 | 72 501/2
§O<p (o +LT+pn )>7

H\H
3\'—‘




where p and Ao are the same as Theorem 3.2 and we omit logarithmic factors in O.

Remark 3.3. To ensure 1/T Z;‘F:_Ol E[|Vf(@")| <€, we need T = O(1/€*), which again matches the
lower bound as in Lu & De Sa (2021); Arjevani et al. (2023) up to logarithmic factors. Yet we are not
able to achieve a concrete linear speedup effect with this choice of algorithm parameters. This might
root back to our estimation of certain error terms in the proof (see Lemma B.6). Nevertheless, we
show in the numerical experiments (see Figure 1) that the stepsize choices oo = v/n and n = n'/* can
still achieve linear speedup empirically, and we thus stick to this choice of parameters in experiments.

4 Numerical experiments

In this section, we test D-NASA (Algorithm 2) numerically and compare it with existing algorithms
such as D-SGD Lian et al. (2017), D-SGT (Algorithm 1) and D-ASAGT Xiao et al. (2023)%. We
follow the experimental setup in the code framework of Mancino-Ball et al. (2023) to test the
algorithms on real datasets using mpidpy (Dalcin & Fang, 2021) and PyTorch (Paszke et al., 2019).

4.1 Synthetic data experiments

We first use synthetic data to verify the linear speedup effect of D-NASA (Algorithm 2). We consider
a simple linear regression model where the data sample at each node { = (X,Y’) is generated by
Y = X0, + ¢ where X,0, € R? and € ~ N(0,0?) are Gaussian noise. We solve the following
least-square problem:

1 n
in—) E (Y —XT9)2. 4.1
?éi@n; x.y)~pil( )] (4.1)

In our experiment, we set d = 100, data X ~ N (0,1;) and ¢ = 0.1. We simulate streaming data
samples with batch size = 1 for training and 10000 data samples per node for evaluations. We
employ a ring topology for the network where self-weighting and neighbor weights are set to be 1/3.
For D-NASA, we try both fixed stepsizes (a; = \/n/T, n; = n'/*/T3/*) and diminishing stepsizes
(o = \/nft, ;i = n'/*/t3/*) where the total number of iteration T = 15000 and n € {5,10,20}.
Figure 1 shows results of our experiment. It could be seen that with more number of nodes D-NASA
is more efficient in terms of both test loss and the norm of the gradient (at the global point Z!).
Next, we compare D-NASA on (4.1) with the other three algorithms. We still set d = 100, yet
with a spike model with X ~ A(0,diag(100,1,--- ,1)) where only the first entry has a large variance,
in order to make the Lipschitz smooth constant of (4.1) large. It is worth noting that despite the
fact that conservative constant stepsize choices (usually O(y/n/T')) can lead to linear speedup effect
in decentralized training theoretically (Lian et al., 2017; Tang et al., 2018b), this choice is usually
for the sake of proof simplicity (see footnote on Page 6 of Lian et al. (2017)). In practice it is
tempting to choose diminishing stepsize in the learning rate scheduler, since the model training
often benefits from large stepsizes, a phenomenon that has attracted a lot of attention recently in
deep learning community (Lewkowycz et al., 2020; Cohen et al., 2021). We thus compare D-SGD,
D-SGT, D-ASAGT with D-NASA using diminishing stepsizes with a tunable hyperparameter.
For D-SGD and D-SGT, we test the algorithm with diminishing stepsizes 7; = 77\/”7/t as
suggested by Lian et al. (2017); Koloskova et al. (2021); For D-ASAGT, we test the algorithm with
stepsizes n; = n1/n/t and oy = min{\/n/t,0.3} as suggested in their experiments Xiao et al. (2023);

2Xiao et al. (2023) considers nonsmooth proximal version of the algorithm. In our numerical experiments we simply
regard the nonsmooth proximal term as zero.
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Figure 1: The convergence curve of Algorithm 2 to solve (4.1) with different choice of number of
nodes/devices n € {5,10,20}. The above two figures correspond to fixed stepsizes (o = /n/T,
ne = n/*/T3/*) and below two corresponds to diminishing stepsizes (a = \/n/t, n, = n'/*/t3/%),
respectively.

For D-NASA we take 1, = n'/4/t3/* and a; = /n/t based on our theoretical analysis. We conduct
a simple grid search for D-SGD, D-SGD and D-ASAGT to determine and use the best choices of
n for each algorithms. The convergence result is shown in Figure 2. Among all algorithms, the
test loss of D-NASA decreases with oscillations, presenting the catapults (Lewkowycz et al., 2020)
and Edge of Stability (EOS) (Cohen et al., 2021) phenomena, two closely related large-stepsize
regimes in which the training converges non-monotonically with oscillations and usually generalize
better than small-stepsize settings (Lewkowycz et al., 2020; Cohen et al., 2021; Arora et al., 2022;
Ahn et al., 2022). Furthermore, we observe that the test loss of our algorithm is much lower than
other baselines, indicating superior generalization performance. We emphasize that different from
the large-stepsize training setup in the literature, our Algorithm presents the catapults and EOS
without any hyperparameter tuning.
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Figure 2: Convergence curve for D-SGD, D-SGD, D-ASAGT and D-NASA for solving (4.1) under
the spike model.

4.2 Real-world data experiments

We utilize the code framework in Mancino-Ball et al. (2023) where we compare D-NASA with
D-SGD, D-SGT, D-ASAGT for solving the classification problem:

.1
min, Z D; Z o f ,Y) (4.2)

z,y)ED;

on MNIST, a9a and miniboone datasets®. Here ¢ denotes the cross-entropy loss, and f represents
a neural network parameterized by 6 with z being its input data. D; is the training set only
available to agent ¢. We use a 2-layer perception model on a9a and miniboone, and the LeNet
architecture LeCun et al. (2015) for the MNIST dataset. We take n = 8 which connect in the form
of a random graph (p = 0.375) for all three datasets?. The data is divided evenly to n = 8 devices
(CPUs) and using mpidpy interface to communicate the computation results. The batch-sizes are
fixed to be 32.

Similar to the synthetic data, for D-SGD and D-SGT, again we test the algorithm with
diminishing stepsizes ny = 77\/”7/755 For D-ASAGT, we test the algorithm with 7, = ny/n/t and
oy = min{/n/t,0.3}; For D-NASA we again take n; = n'/4/t3/* and a; = \/n/t based on our theory.
Figure 3 shows the test accuracy under different stepsizes n € {0.005,0.01,0.5, 1,5, 10, 50,100}, where
the dashed horizontal line is the result for D-NASA. We can see that D-NASA yields comparable
numerical results without tuning any parameters, and other three algorithms can also work well

under certain parameter choices®.

3Available at https://www.openml.org

4To make sure that the graph is connected, we set the probability of each two node being connected as 0.8. We
refer to Appendix A for more graph designs due to page limits.

°It can be seen that D-SGD, D-SGT and D-ASAGT all seem to work well when 7 is around 10. We believe the
main reason is that all the datasets we tested are normalized and the Lipschitz smooth constant are fairly similar for
all three datasets.
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5 Conclusion

In this paper we propose D-NASA, a problem-parameter-free decentralized stochastic optimization
algorithm and give its finite-time convergence analysis. Moreover, we showcase that in comparison to
other baselines, our algorithm demonstrates superior generalization without tedious hyperparameter
tuning process, thus having great potential for large scale machine learning problems. It would be

interesting to explore parameter-free convergence in convex, also the nonsmooth regimes.
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Appendix

A Details of experiments

Our experiments are performed on Amazon AWS EC2 g5.4xlarge cluster which consists of 16 vCPUs
with 64 GiB memory and NVIDIA A10G GPU with 24 GiB memory. All the experiments are
conducted on CPU where 8 CPU are used to imitate 8 different nodes. The network topology is

chosen as Figure 4.
IR
/ \ % . /
~. N2
Random p =
Ring p = 0.805 0.375 Ladder p =0.892  Complete p =0

.

7
/

I\

Figure 4: Network topology for n = 8. The four graphs represent the ring, (an instance of) the
random, the ladder and the complete graph.

We now present the additional results for testing D-SGD, D-SGT, D-ASAGT, D-NASA on (4.2)
with a9a data over different network topology as specified in Figure 4. The hyperparameters follow
exactly the same as in Section 4.2. The results are presented in Figure 5. It can be seen that
D-NASA achieves competitive testing accuracy under almost every network topology choice.

We also include the figures of the loss, accuracy, and stationarity curves of all algorithms. Figure
6 and 7 shows the training/testing curve with respect to training epoch or CPU time when applying
the four algorithms to (4.2) with MNIST and a9a dataset. We show each algorithm with the best
choice of stepsizes in the light of Figure 3. One can see that D-NASA achieves competitive rate
of convergence with exactly the same stepsize choice as our theory, without tuning any parameter.

B Convergence analysis

B.1 Parameter-free convergence theory for D-SGT
From the update of Algorithm 1, we have that:
Xt+l — Xt . 77tUt .ftJrl — i’t o ntat
PO (B.1)
at =0 = - ;Vﬂ(afﬁvff)

The following descent lemma characterizes the difference between the function values of two
consecutive iterates for Algorithm 1:
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Figure 5: The testing accuracy of the outputs from different algorithms with respect to different
figures corresponds to four different network

choices of learning rates for a9a dataset. The four

graphs as in Figure 4.
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Figure 6: The convergence curve of D-SGD, D-SGT, D-ASAGT, D-NASA for the MNIST dataset,
while the first three are at their best stepsizes (after the grid search as in Figure 3), and D-NASA
follows the stepsize choice as in Remark 3.3, i.e. n; = n'/4/t3/* and oy = n'/2/t'/2. The four
columns are the curves for training loss, testing loss, testing accuracy and stationarity, respectively.
The experiments are repeated and averaged for 10 times.

Lemma B.1. Suppose Assumption 3.1 and 3.3 holds. Algorithm 1 satisfies:

_ _ 3 B 2 02 L2 _
E[f(3)] ~ B )] < 2B |V + 2L 0 + O+ 207 L) B X!~ X 4 7 LGP

where the expectation is taken conditioned on Fi_1.
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Figure 7: The convergence curve of D-SGD, D-SGT, D-ASAGT, D-NASA for the a9a dataset, while
the first three are at their best stepsizes (after the grid search as in Figure 3), and D-NASA again
follow the same choice as Figure 6. The experiments are repeated and averaged for 10 times.

Proof. By the L-Lipschitz smooth of f (Assumption 3.1) we get:
F@*h) — f@)
i L
SVFE)T @ -2 + et - 2P = Vs T+ T

2
=~ [[VAE = mT A @ - T +

— VA - VT B4R - ) + P

where h! := 13 |V f;(al).
Now taking the expectation conditioned on F;_1, we get

E[f (@) - f(@")]

2
_ L. _
< — nE||VF@)|* — nEV £ (0" - V@) + LB
B[V F@)[* + n/4EIVS @) + nEIR — V@) + Lo — V@) + 5P LG
3 i
<—ﬁEHVf P + 22 LR — )12 + (e + 2 L)W — V5 (@) + P LG?

where the second inequality is by E[¢!] = ht, Cauchy-Schwarz, a b < 1/7|al/® + 7||b?|| and

Assumption 3.3, and the third is by |ja + b]|? < 2|al|® + 2||b]|?.
Now taking the conditional expectation over F;_1 we get:

0.2

Bllot — b = B S (VE(el )~ VD) = ZEHVF (et ) — V)P < T

i

due to Assumption 3.2.
As for the term ||kt — V £(z?)||?, we have

S M B xt - x )2
x n .

1 n
ht _ —t\||12 i : :
[n" =V (@) IIn(;Vf (27) = Vfi(@"))]
O
We have the following lemma about the consensus error, that is, the average distance of each
node to the global average.
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Lemma B.2. For the update of Algorithm 1, we have:

1+P o1+ p°

X - Xl

1+p

HXt-H _ Xt+1H2 < F ”Ut I_JtHQ,

1+p

||Ut+1 _fjt-i—lHQ < 'F HUt UtHQ HVt—H VtH2.

Proof. Since
”XH-l . Xt—i—lHQ _ H(Xt _ UtUt)W — ({Et _ ntﬁt)lT”Q

=[(X* - mUt)W - l(Xt — U1 = (A - AT )(W -

117
<||Af - H IIW—sz

.

<p*|A" ~ At;HQ = (X" = 2'1T) = py(U* —a'1")|?
1

<p*(1+ )X =317 + pf (1 + o[ U" — a1 T|)?

2

where At := X — n,Ut. Taking c = 12_”p2
we could get it in a similar way. O

> 0 gives the desired result. For the consensus error of Ut

With the analysis of one step of the consensus error, we are readily to analyze the cumulative
consensus error for the final convergence. To do this, we need the following technical lemma:

Lemma B.3 (Lemma 3.3 in Xiao et al. (2023)). Suppose we are given three sequences {an}o2,
{en}0, {2y, and a constant r € (0,1) such that ag,br, >0, 0=c_1 < cpy1 < cxp <1 and

ag41 < rag + by
then we have

K . K
> cray < T—r <Coao +> Ckbk>
k=0 k=0

for any positive integer K.
Now we are ready to analyze the cumulative consensus error for Algorithm 1 as follows:

Lemma B.4. For the update of Algorithm 1, under Assumption 3.3 and 3.2, we have:

T-1 T-1

1
> X" - X2 <105 Y 00 + G?)
n
t=0 t=0
where T = 0,1 or 2 and
S p 14p?
C1l—pl—p?

Note that p is greater than 0.
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Proof. First by applying Lemma B.2 and B.3 with aj, = 1 [|X* — X*¥||2, }LHU"C U2
and r = (1 + p)/2, we get
-1, -1
D CEIX -XP<p) n-E|U T (B.2)
n n
t=0 t=0
Second, by applying Lemma B.2 and B.3 again we get
T-1 L1 T— L1
*]E Ut I_Jt 2 - Vt+1 Vt 2 B.3
PEu - op <Y e || (B.3)

t

Il
o

t=0
Now we inspect the term V! — V! following Xiao et al. (2023). We first have
Vt+1 o Vt :Vt+1 _ E[vt+1 ‘ yt] o (Vt _ E[vt ‘ yt—l])
+E[VH | 2] — VF(ETY + VE(ETY) — VE(F) + VE(Z) — E[V! | Z,_1]

where we use the notation VF(z) := [V fi(z),..., Vfu(2)] being the matrix of column gradient
vectors. We thus have

E HVtH _ VtH2
<s{EVH —E [V [ S B[V B[V F ) + L ETAG - V.
i=1
+ ZE |V fi(@*) - Vfi(ft)Hz + ZE |V fi(x}) — sz‘(ft)Hz } < 10no? + 60nG?
i=1 j
where the first inequality uses Cauchy-Schwarz inequality, and the second utilizes Lipschitz continuity

of each f;. Plug this back to (B.3) gives the result. For & > 0 we can get the result in the exact
same manner. O

Now we are ready to present our final convergence for Algorithm 1, which we restate it here:

Theorem B.1. Suppose Assumptions 3.1, 3.3 and 3.2 hold, also take ny = 77T_1/2 forn >0, the
update of Algorithm 1 satisfies:

T ZEHW )II? < O<A°/n+ (Li%n +LG ﬁL;n2 (0% + G2)>.

If we take (o =0) g, = nt=Y2 forn > 0, the update of Algorithm 1 satisfies:

T Z E[[Vf(@")]* < O(AO/” i (L‘\’/Q%" +LGn ﬁL;ﬁQ (0> + G2)>.

Note that we hide higher-order terms in O and log terms in O.

Proof. From Lemma B.1 we know that

2

2
g |V < B - ELAE) + 2L + O+ 202 L) S BIXY - X2 + 7P LG?
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sum up the above equation from ¢ =0 to T'— 1 gives

377 2LO'2 T—-1 2 T-1 T-1
t — * P
Z LR ||V r@E)||]P <E[f(2%)] - Zm + 72 e+ 207 DE|X = X*? + LG* Y o}
t=0 t=0 t=0
orp2 T T-1 T-1
<E[f(@)] = f*+ == m +10pL% Y (n} + 20/ L)(0” + G*) + LG Y _n}
t=0 t=0 t=0

where we used Lemma B.4 for the second line.
Now for the constant stepsize 1, = nT /2, it’s very straightforward to check that Dot n? =n?,
Sunp =n3/VT and 3, nt = n?/T, therefore we get the following convergence result:

= 2Lo? 3

3n 2 2 77 2 2
;4\FEHVf )P < Ao+ ( + LG*)n* +10pL (ﬁ—i—QLT)(U +G?)
i.e.
T-1
n |2 Ao | (Lo?/n+ LG?)p? 211 R 2)
T;EHVf(a:)H 30(@* N + pLA (L 7 T Lmgp) (0 + G

where Ao := E[f(z°)] — f*. This gives the first result in the theorem.

For the diminishing stepsize (99 = 0) n; = nt=1/2 for n > 0, it’s again very straightforward to
check that 3", n? < n?log(T), Y., nf < n®/VT and Y, n} < n*/T, therefore we get the following
convergence result:

T-1

3n 2Lo? 2 ~r2 773 774 2 2
g IEV SA—i- + LGn? log(T) + 105 L% (—= + 2LV (0 + G
which results in the second line of the result. O

B.2 Parameter-free convergence theory for D-NASA

From the update of Algorithm 2 we have that:
X =X —n 2!, Z EK
ZH = (1 - ozt)ZtW + o, UW, ZtH = (1 — )z + apa'™? (B.4)

i+l — gt — Z VE (2, )

Zt L |: Z% Zt :|
LI T =R

is the collections of column vectors where each column is normalized 2.
The following descent lemma characterizes the difference between the function value of two
consecutive iterates for Algorithm 2:

where
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Lemma B.5. Suppose Assumption 3.1 holds. Algorithm 2 satisfies:

FETY) — £@) < —milIVF @]+ 2m2t — VF@E] + L Z It — 2 + 2= (B.5)
Proof. By the L-Lipschitz smooth of f (Assumption 3.1) we get:

f(i’t—"—l) _ f(i’t) SVf({Z't)T(i'H_I _ jt + £||a—7t+1 _ thZ

2

O )TCL; ERn n NEl |
<-—nVfEHT (:L Zn: ||j||> + TliL

=1 ?

. .
=i - Zt)T(viE; ) (i; ERES
= >T(iZ )~ (i; 1 )
<ol V1) - =l S+l 3 - g+
2

where the second and third inequalities are by Cauchy-Schwarz inequality. It remains to bound the
second last term in the last line. We have

Z ZHth—Hth ‘
Hth Hth (A
IIZtH HI Gl el Al _ - _
Z HZtHHZtH Hth Z H‘ZtH - HZfH\ < E Z Hzf - ZtH
i i=1

which concludes the proof. O

12"

’ 12

We have the following dual convergence.

Lemma B.6. We have

Vi@ t+1) (1_at)(gt—Vf(ft))-FOét((;i—Féé"_(sé) (B.6)
where
V@) - ViEt)

M
Qi

Sh= SV - VI,
i=1

5t =

%= L3 (- Vi)
=1
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Consequently, we get:

1 & _ 1
E|z' - Vf(z \<L25T+1 tnT+LZ/BT+1 40T EZE”CUZT_@“THQ*'U 52/8(27——&-1):130[7'

7=0 i=1 =0

where we have the following conventions:

b
Bt :=1—a; and Bup:= Hﬁz

i=a

Proof. By the update we know that af = o¢ = 1 L5 vk, thus

=1 "4
—VET) = (1 - )2 + g’ — V()
= (1 —a)(z' = Vf(@")) + (0] + 5 + 83)
Now repeat the above recursive relation we get

2= V(') = (1 - 1) (27 = VAET) + o (07 + 85+ 05

t

= Bra(20 = VIE) + 3 Brsayaas (07 + 85 + )

T=1
t t t
=D Blrr1)@r6] + D Blry1)a0rs + Y Br1y:0003.
=1 =1 =0

Therefore we get

t t t
El|lz' = V@) <D BiranyurBIST I + Y Bran)erBI0E | +EI D Biraryeards|
T=1 =1

t

< LZB(T+1 T +LZBT+1 O — ZEH@' _$T|| + Z/BT+1 tOé IE:||67—||2

=1 7=0

t

1 & _ 1
<LZﬁT+l mT+LZﬂT+1>taT =~ Elof =22+ 0y | =D B0

=1 i=1 =0

where the second term is due to smoothness of each f;, also the last term is by E[(d3',05*)] = 0 for
any 71 # T2 (due to unbiased assumption) and

t t
D B BN 12 = | D B yy02 QZEWF 2!, &) = Vi)
7=0 7=0

< ZﬁT-Fl

since all the cross inner-product terms vanish due to unbiased assumption. ]

We have the following lemma about the consensus error, that is, the average distance of each
node to the global average.
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Lemma B.7. For the update of Algorithm 2, we have:

_ 1 _ 1+ =
I - X < SRR X - 2
AR A
|ZH+ — ZH 2 < 1 +P||Zt 742 + 21 +P2HUt 0|2,
_ 1
Ut — 2 < +P||Ut T2 + ||Vt+1 V|2

B[V = V!||? < 10n0® + 5nL? + 5L21E [th“ =X X=X
Proof. Since
||Xt+1 _ Xt+1H2 — H(Xt _ ntzt)W N (jt . ntét)lTHQ
t ot Lt Stv11 T2 17 117,
=[[(X* —mZ )W— *(X —mZH)11' ||° = H( — A )(W— 7)“
117

<[A" ~ IWW——fM

At~ A2 2t 2T 5t 5tqTy (2
<p|AT - A 7” =p (X' =21 ) —m(Z" =217

1 7 ~ =

<P+ DX = 1T+ P21+ 2~ F1TP

where At := X! — p,Zt. Taking ¢ = 12p

Z! and U! we get it in similar ways. It remains to bound the consensus error of 7! and the term
Vil — vVt For the consensus error of Zt, we have

— n t n t n t

. = L 1 L L
12— 2P =3 it = =S P < Y P <

N n &R T &N

error of

where we use
n

1 n ‘ 1 ' 1 n 4 1 n ' 1 n ‘
= N === =D P = = DY < =D )
=1 =1 =1 =1 i=1

for any sequence of vectors v', ..., v".

Now we inspect the term Vit — V* similar to the proof of Lemma B.4. We again have
Vt+1 _ Vt :Vt+1 _ E[VtJrl ‘ gt] _ (Vt _ [Vt | gtfl])
+E[VIT | %] - VFE(E) + V(') — VE(Z!) + VF(2)) — E[V' | Z_4]

where we use the notation VF(z) := [V fi(z), ..., Vfu(x)] being the matrix of column gradient
vectors. We thus have

B [[ve v

ss{elvet B v | S IV R [Vl SRR - Ve
=1

+ Y E[|VAGET - VAEE)| + Y B Vi) - Vi@ H}
i=1 =1
<5 (200 + nI? + DB [ X = X7 4 X0 - X°])
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where the first inequality uses Cauchy-Schwarz inequality, and the second utilizes Lipschitz smooth-
ness of each f; also note that ||V f;(z'T1) — Vfi(z!)|| < L||2Y|| < L. O

Now we are ready to analyze the cumulative consensus error for Algorithm 2 as follows:

Lemma B.8. For the update of Algorithm 2, if decreasing sequences such that 0 < agy1 < ap <1
and 0 < nv1 <y < 1, we have:

T-1 1 T—1
CEIX X< 5w,
t=0 t=0
t 1 - t
ZaT\/E|’XT - XTHQ <p Arllr,
7=0 n 7=0
T—-1 1 T—-1 T
ZE||Zt — Z1]? < 5*(10 512 24958
~E|Z' - Z2|* < p*(100° + )Z%+pzﬁﬁ,

t= t

t t+1
1 - - ~
Zonﬂ / EEHZT —Z7|2 < p*V/1002 + 5L2 ZnTaT +2V/5L5° ZnZaT.
T=

T7=0 7=0

p—max 14 p? 1—i—p2
/ 1_ 271 pl—

Note that p is greater than 0.

o
Il
)

where

Proof. The first line is by Lemma B.7 and B.3 by taking a, = L1E|X"=X"||?, b, = n2(1+p?)/(1—p?),
¢ =1and r=(1+p)/2 in Lemma B.3 directly.
For the second line, by Lemma B.7 we get

1 1 1 1 1
\/E||Xt+1 Xt+1H2 <\/ +'0 EHXt XtHQ +p ]EHZt Zt||2
n

1 1
<y 2y i - x5 w2
1+p\/1 < 1+ p?
<=5y SE|xXt — X112
<2y i - K [T

where the second inequality is by va + b < v/a + Vb and third is by |2 — itHz < n. Now taking

ar = \/%EHXT — X712, by = -/ (1 + p2) /(1 = p?), ¢ = @ and 7 = /(1 + p)/2 as in Lemma B.3

will give the first line of the result. Note that here ag = 0 due to the initialization of our algorithm.
Now to the third line, again by Lemma B.7 we get

T-1 1 T— 1
> —E|Z' - Z'|* < Z i—E|U' - U'|?
n n
t=0 t=0
T-1 1 - T-1 1
o EEHUt Ut”Q S E HVH—l VtHQ
t=0 t=0
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by using Lemma B.7 for two times. Also since

T—1 T—1 T 1
Eat E||Vt+1 VI < (106 +5L%) > 07 +2) o} ~E||X' - s
t=0 t=0 t=0 n

T 1 T

> of BX X7 <5 afn?

t=0 t=0

where for the third line we again use Lemma B.7. Combining all above equations gives the second
line of the theorem.
As for the forth line, note that from Lemma B.7 and va + b < v/a + Vb, we have:

1 - 1 1 - 1 2 /1 _
Vimize -z < 122 Lz g poy 152 epo oy,
n 2 n 1—p2Vn
1 _ 1 1 _ 1 2 /1
\/EHUtJrl — U2 < \/ + p\/EHUt U2+ Tp \/E||Vt+1 — VY2,
n 2 n 1—p2Vn

\/iEHVtH — V2 < \/m+ V5L [\/iﬂ; HXtH _ XtHH? X \/:LE th B XtHz] ‘

Repeating the proof of the third line gives the fourth line. O

Now we are ready to show our final convergence for constant stepsizes, which we restate as
follows:

Theorem B.2. Suppose Assumptions 3.1 and 3.2 hold, also take o = T2 and ny = nT—3/* for
any o, n > 0, the update of Algorithm 2 satisfies:

lT‘lEva(jt)H co (AO 2Ly 2a¢a) Lo 72V/1002 + 5L2ax
T - n a Vvn CTVA TY/2 ’

T-1
1 o » 2Ln QU\F o1
_ _ < _
7 2 Bl V) < 0(< R )i + 20 )

T—-1 4 2
1 1 t ~t)2 t_ 7t)2 2 ~3 n
_ _ — _ <O -
thon[HX X' P+ 2t -Z2" ) <o T1/2+p(100 +5L)T+2 572

The above three bounds correspond to stationarity, approximation to gradient and consensus errors.
Note that we hide some higher-order terms in O.

Proof. By Lemma B.5, we have

2
wEI|IV ()| < E[f(3") - F@)] + 2mE| 2t - V(@] +E[Z Z Il — 2] + L

<E[f(@) — S )] + Bl — V@) 4y | - SOBfat -z 4

where in the second equality we used EX? > (EX)2.
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Now sum up from ¢ =0 to T — 1 and using Lemma B.5 and B.8, we get

-1 T-1 - -—

1 B L
> mE|VFE)| <Ao+2) nE|F - V(@ HZW gZE”Zf_Zt”“iZ”E
t=0 t=0 = =

T-1 t t t
i 1
<Ag+2 Z Y (L Z Biry1)anr + Lp Z Bir41)aQrnr + 0 n Z /8(27+1):ta’2f>
t=0 =1 =0 7=0
T-1 T 7Tl
+ V1002 + 512 Y mon + 2VELEY Y nfon+ 5 D 0
=0 t=0 t=0
(B.8)

Now we inspect the each of the terms on the right hand side. By our choice of 7; and ay, it’s
straightforward to verify that

T 2
} : an 2 : an j : n
ane = T1/47 Oét,r/t2 = T ) 77152 = T1/2 (Bg)

and

Similarly

Now plugging everything back we get:

2

77 - n o
T3/4ZEHVf < B0+ 2L+ 2Ly + 2 mnva
/1007 4 512 21 4oLy L
+p 0c® +5 1/4+ T +§W
ie.
2Ly 20y, 1 Ly 1
T <
ZEHW )| (77 T 2O i L+ )
1002 + 5020 2v/5Lp% a2
T1/2 T7/4
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The first line of the theorem is obtained by neglecting the higher-order terms. Note that we also

proved the second line of the theorem since (B.8) already contains the bound for ||z — V f(z!)]].
It remains to bound the consensus error (third line), which follows directly from Lemma B.8

and (B.9). O

We also present the result when we don’t fix the total number of iterations in advance. We have
the following useful technical lemma. Most of the result in this Lemma is from Lemma 11 in Hiibler
et al. (2023).

Lemma B.9. Let g € (0,1), p >0 and t > 0. Further let positive integers a,b s.t. 2 < a < b, then
we have that for any a > 0,

b
H (1 _ at—Q) < exp <1 o (al—q _ bl—Q)) )
t=a —4q
If in addition p > q, we have
b t (a —1)7Pexp <a al_qfl(afl)l_q) — b97P exp (aa“z—blﬂv
STl -ar < ) =
— (a+(p—qbit)
and in particular,
b ¢
_ _ (a—1)17P ( al=% — (a — 1)1_q> al™P
=P l—ar )< "—" expla -0 .
; E ( )< ' 1-¢ .

If further in addition p < 1, a > 2, we have

b b
Zt—l’ H (1 — ar_q) < gexp (qu) (b+ 1)q—p

t=2  r=t+1
Proof. For the first equation we get

b

T (1—at™) <exp (—ai;th> < exp (—a /abH tth> — exp (1 - AR 1)1‘1)> .

t=a

Now for the second line, using the above result we get

Zb:“’ f[ (1—ar™?) <exp (01‘“_1_'1> Zb:tp exp <_a(t+1)1_q>

1 —
t=a T=a t=a q

1— b 1—q
< exp ad / t Pexp _at dt (B.10)
1- q a—1 1- q
1—¢q b t1-4a
= exp ad / 7997 P exp _2 dt
1- q a—1 1- q

The above integral can be calculated by integration by parts, specifically:

b 1—
at 14
/ TPt 9 exp (— > dt
a—1 1- q
1a4-p atl—a\ 1= b pa—p—1 atl—a
= [— exp <— ﬂ + (¢ —p)/ exp <— > dt.
a 1=q/}i—a a-1 O l—q
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Finally, since the integrand is monotonically decreasing and p > ¢, we have

b 1— b 1—
t—19 t1—4a

(¢ — p)/ 177 exp (—a ) dt < (q —p)bq‘l/ 7P exp <—a > dt
a—1 l—q a—1 1—g¢q

which is exactly the integral we started with. The results in the second and third lines are thus by
rearranging terms.

Now for the last line of the lemma, and we use the similar technique as the second line, both
adopted from the proof of Lemma 10 of Hiibler et al. (2023). We have

Eb:t—p ﬁ (1—ar™9) <exp (—@27_q> Eb:t—p exp (aTZ;T—Q)

t=2  r=t+1 t=2
b+1 b t
< exp (—a/ 7‘_da> Zt_p exp <a/ 7‘_da>
1 P 0
b
1—(b+1)t4 N ti—a
< _ P
_exp(a - tZ:; exp al—q

Note that the summation in the last line above is the same as (B.10). Repeat the proof of the
second line gives the result. O

Lemma B.10. Suppose we take oy = at=/? and n, = nt_3/4 (g =1m9=0) with0 < o < 1 and
n > 0, then we have

T
> am < O(am), > am; < O(an?), Y 0 <O
t=1 t=1 t=1
and
T-1 t 772
U ZB(T-‘,—l)ZtT]T < O(E log(T))
t=0 T=1
1

where By = 1 — ay.

Proof. The first line is directly by the integral test of the series in the form ), ™ with p > 1.
The proof of the latter three resembles the proof of Lemma 11 in Hiibler et al. (2023). We prove
the second line of this Lemma as a show case and refer to Lemma 11 in Hiibler et al. (2023) for the
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detail of the proof of the last two lines. For the second line, we have

T—1 t
MY Biran)ale =1 +n22t 3/42 H — ag™H2)r3/M
t=0 =1 T=2&=7+1
T-1
<’ +772Zt 342 exp(2a)(t—|—1) 1/4
t=1
9 2 T-1 9 2
=n? 4+ = il exp (2«) Zt Loy =1 i exp(2a)10g( )
o t=1
where we use Lemma B.9 for the first inequality. OJ

Now we are ready to present the final convergence result. We restate the convergence theorem
as follows:

Theorem B.3. Suppose Assumptions 3.1 and 3.2 hold, also take oy = ot='/2 and ny, = nt=3/* for
any n > 0, the update of Algorithm 2 satisfies:

2 1EHW( o) < oo/ Lnjat Lin+ov/a/yn+ p*o + L+ Lp'a + L,
Tt:o e 7
1 =t . L

T;Eﬂzt_Vf( >||<@( 0o + %iaf/f>

~
L

B - 5252 4[24 502
E[||Xt*Xt||2+||Zt*Zt”2] §O<P (U +T + pn )>

Nl
S

t=0

The above three bounds correspond to stationarity, approximation to gradient and consensus errors.
Note that we hide logarithmic factors in O.

Proof. Same as the proof of Theorem B.2, we get

T—

H

mE|Vf(@")] <Ao +2L Z Nt Z Br1yanr +2Lp Z Nt Z Br1yenr +

t=0 t=0 =1 t=0 7=0

T—1 T T—1
N N L
+ p*\/1002 + 512 ;0 Ny + 2\/5Lp3 tgo ntQat + 5 tgo 171t2

Now we inspect the each of the terms on the right hand side. By our choice of 7; and oy and
using Lemma B.10 we get:

T—1
ZmEHVf Nl < (A0+L +Lpn2+7fn+p(0+L)na+Lp a+ Ln?)

vn

where we hide the logarithmic factor in O.

Now since 7 LS T IRV E@EY| < T-VASSE 34 ||V f(2)]], we yield the desired result in the
theorem statement. O
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