Journal of Machine Learning Research 24 (2023) 1-50 Submitted 10/22; Revised 7/23; Published 9/23

Multi-Consensus Decentralized Accelerated Gradient Descent

Haishan Ye YEHAISHAN @ XJTU.EDU.CN
Center for Intelligent Decision-Making and Machine Learning

School of Management

Xi’an Jiaotong University

Xi’an, China

Luo Luo* LUOLUO @FUDAN.EDU.CN

School of Data Science
Fudan University
Shanghai, China

Ziang Zhou 20071642R @ CONNECT.POLYU.HK

Department of Computing
The Hong Kong Polytechnic University
Hong Kong, China

on an TONGZHANG @ TONGZHANG-ML.ORG
Tong Zhang @

Computer Science & Mathematics
The Hong Kong University of Science and Technology
Hong Kong, China

Editor: Ohad Shamir

Abstract

This paper considers the decentralized convex optimization problem, which has a wide range of
applications in large-scale machine learning, sensor networks, and control theory. We propose
novel algorithms that achieve optimal computation complexity and near optimal communication
complexity. Our theoretical results give affirmative answers to the open problem on whether there
exists an algorithm that can achieve a communication complexity (nearly) matching the lower
bound depending on the global condition number instead of the local one. Furthermore, the linear
convergence of our algorithms only depends on the strong convexity of global objective and it does
not require the local functions to be convex. The design of our methods relies on a novel integration
of well-known techniques including Nesterov’s acceleration, multi-consensus and gradient-tracking.
Empirical studies show the outperformance of our methods for machine learning applications.

Keywords: consensus optimization, decentralized algorithm, accelerated gradient descent, gradient
tracking, composite optimization

1. Introduction

In this paper, we consider the decentralized optimization problem, where the objective function is
composed of m local functions f;(z) that are located on m different agents. The agents form a con-
nected and undirected network and each of them only accesses its local function and communicates
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with its neighbors. All of the agents target to cooperatively solve the convex optimization problem

min h(e) £ f() + () with () £ S fio), (1)

zERI

where f(z) is L-smooth and p-strongly convex, () is convex but may be non-differentiable. Many
machine learning models have the form (1) such as logistic regression and elastic net regression.
Decentralized optimization has been widely studied and applied in many applications such as large-
scale machine learning (Tsianos et al., 2012; Kairouz et al., 2021), automatic control (Bullo et al.,
2009; Lopes and Sayed, 2008), wireless communication (Ribeiro, 2010), and sensor networks
(Rabbat and Nowak, 2004; Khan et al., 2009).

Many decentralized optimization algorithms have been proposed. One class of them is primal-
only methods, including decentralized gradient methods (Nedic and Ozdaglar, 2009; Yuan et al.,
2016), decentralized accelerated gradient method (Jakoveti¢ et al., 2014; Qu and Li, 2019) and
EXTRA (Shi et al., 2015b; Li et al., 2019; Mokhtari and Ribeiro, 2016). They only access the
gradients of f;(z) and are usually computationally efficient. Another class of algorithms are the
dual-based decentralized algorithms, such as the dual subgradient ascent (Terelius et al., 2011), dual
gradient ascent and its accelerated version (Scaman et al., 2017; Uribe et al., 2020), the primal-dual
method (Lan et al., 2020; Scaman et al., 2018; Hong et al., 2017), and ADMM (Erseghe et al., 2011;
Shi et al., 2014). However, dual-based algorithms commonly need more computation cost when the
gradient of the dual function is not explicitly available.

There are several important open problems in the area of decentralized optimization. First,
Scaman et al. (2017, 2019) raised the problem whether there exists an algorithm that has a (near)
optimal communication complexity depending on the global condition number x, = L/ instead
of the local condition number x; (defined in Eq. (7)). Since the data distributed on different agents
are potentially quite different, the global condition number x4, could be much smaller than ry.
In the extreme case, the local function f; may be non-strongly convex, then it is possible that
kg 1s infinitely large while k, is still small. However, existing works only achieved the optimal
computation and communication complexities with respect to the local condition number xy in the
case of r(z) = 0 (Kovalev et al., 2020; Li and Lin, 2021; Song et al., 2023; Scaman et al., 2017).
Furthermore, it is unclear whether the convexity of each individual f;(z) is essential for computation-
efficient and communication-efficient decentralized algorithms. Most of existing algorithms with
linear convergence rates such as EXTRA (Shi et al., 2015b) and OPAC (Kovalev et al., 2020) all require
each f;(x) to be (strongly) convex. Sun et al. (2022) first proposed the linear-convergent algorithm
that allows some individual functions to be non-convex. However, Sun et al. (2022)’s algorithm
cannot achieve the (near) optimal computation and communication complexities. Finally, existing
methods cannot achieve the optimal computation and (near) optimal communication complexities for
non-differentiable r(z) (Xu et al., 2021; Alghunaim et al., 2020, 2019; Sun et al., 2022). How to
design computation and communication efficient accelerated decentralized proximal gradient descent
is still an open question.

This paper addresses the theoretical issues discussed above and designs two novel decentralized
algorithms ProxMudag and Mudag. We summarize our contributions as follows:

1. Our algorithms have the optimal computation complexity O (, /kglog(1/ e)) and the near op-
timal communication complexity O (1/kq/(1 — X2(W))log (Mrgy/L) log(1/€)), where M
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and L are the smoothness parameters of f;(x) and f(z) respectively. To the best of our knowl-
edge, this is the first (near) optimal decentralized algorithm that depends on the global condition
number which provides an affirmative answer to the open problem whether there exists an
algorithm that can achieve a communication complexity of O (1/k4/(1 — A2(W)) log(1/e))
or even close to it (Scaman et al., 2017).

2. Our algorithms do not require each individual function to be convex. Hence, they can be used
in a wider range of applications than existing optimal decentralized algorithms. For example,
the sub-problem of fast PCA by the shift-invert method is non-convex.

3. The proposed ProxMudag can achieve optimal computation and (near) optimal communi-
cation complexity when 7(z) is convex but non-differentiable. To the best of our knowledge,
it obtains the best-known communication complexity for the decentralized strongly-convex
optimization problems with the composite objective function.

2. Related Work

We first review the penalty-based algorithms. Nedic and Ozdaglar (2009) proposed the well-known
decentralized gradient descent method, where each agent performs a consensus step and a gradient
descent step with a fixed step-size related to the penalty parameter. Yuan et al. (2016) proved the
convergence rate of decentralized gradient descent and showed how the penalty parameter affects
the computation complexity. To avoid the diminishing step-size commonly required in penalty-
based algorithms, Jakoveti¢ et al. (2014) combined multi-consensus and Nesterov’s acceleration to
achieve the optimal computation complexity for minimizing non-strongly convex functions. Berahas
et al. (2018) proposed to use multi-consensus to achieve the balance between computation and
communication complexity. Recently, Li et al. (2020b) proposed APM~-C, which employed multi-
consensus and increased the penalty parameter properly for each iteration. Combining Nesterov’s
acceleration, APM—-C can achieve a linear convergence rate and a low communication complexity.
Li et al. (2020a) applied multi-consensus to network Newton method to achieve computation and
communication efficiency.

Dual-based methods are another important research line. These methods introduce a Lagrangian
function and work in the dual space. There are different ways to solve the reformulated problem such
as gradient descent method (Terelius et al., 2011), accelerated gradient method (Scaman et al., 2017;
Uribe et al., 2020), primal-dual method (Lan et al., 2020; Scaman et al., 2018) and ADMM (Shi
et al., 2014; Erseghe et al., 2011). However, such methods are typically computationally inefficient.
For example, using the accelerated gradient method to solve the dual counterpart of the decentralized
optimization problem can achieve optimal communication complexity Scaman et al. (2017); Uribe
et al. (2020), but its computation complexity will have an additional dependency on the eigenvalue
gap of gossip matrix (Uribe et al., 2020).

The gradient-tracking method is a popular way to reduce the computational cost (Qu and Li,
2017; Xu et al., 2015; Qu and Li, 2019; Di Lorenzo and Scutari, 2016, 2015; Sun et al., 2022; Nedic
et al., 2017; Zhu and Martinez, 2010). There are two different techniques for gradient-tracking.
One of them is keeping a variable to estimate the average gradient and uses this estimation in the
gradient descent step (Sun et al., 2022; Di Lorenzo and Scutari, 2016; Qu and Li, 2017). Another
one is introducing two different weight matrices to track the difference of gradients (Shi et al.,
2015b; Li et al., 2019). Recently, (Nedic et al., 2017; Li and Lin, 2020; Jakoveti¢, 2018; Xu et al.,
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Methods Computation Communication Is f;(z) convex?
Acc-DNGD (Qu and Li, 2019) o (% log (%)) o (% log (g)) Yes
NIDS (Li et al., 2019) O ((xe+ =xtamy) log (1)) O (ke + 1=52qwy) log (1)) Yes
ADA (Uribe et al., 2020) @ (\/#W log? %) O (/=5 tog (1)) Yes
APM-C Li et al. (2020b) O (rzlog (1)) o (/5w log? 1) Yes
Acc-EXTRA (Li and Lin, 2020) O (/= e (1)) O (/= g (1)) Yes
OPAC (Kovalev et al., 2020) O (rrlogl) O (/=5 log 1) Yes
Mudag (Algorithm 1) O (Rglog (1)) O (/= e (1)) No
Lower Bound (Scaman et al., 2017) Q (Rglog (1)) 2 (/= e (1))!

Table 1: Complexity comparisons between our algorithm and existing works for smooth and strongly
convex problems. That is, () equals to zero in Problem (1). The notation O(-) hides the
constant terms and O(-) also hides log terms which are independent of e.

2021) studied the connection between these two strategies and showed that they can be transformed
to each other. Due to the tracking of history information, gradient-tracking based algorithms can
achieve linear convergence rates for strongly convex objective functions (Qu and Li, 2017; Shi et al.,
2015b; Nedic et al., 2017; Sun et al., 2022). However, the previously obtained convergence rates and
communication complexities are much worse than the results in this paper.

The communication complexities of existing works commonly depend on the local condition
number ~, (Scaman et al., 2017; Li et al., 2020b, 2019; Li and Lin, 2021; Kovalev et al., 2020). Only
EXTRA (Shi et al., 2015b) and DIGing (Nedic et al., 2017) achieve computation and communication
complexities depending on & (defined in Eq. (7)), which is still worse than our results that depend
on k4 and log 4. Due to the fact K, < &y < mky, a communication complexity depending on kg is
preferred in real applications.

We summarize the results for the case of (x) = 0 in Table 1. Acc—-DNGD is most relevant to our
algorithm. It also utilizes Nesterov’s acceleration and gradient-tracking (Qu and Li, 2019). Howeyver,
the multi-consensus step in our algorithm can analog the centralized accelerated gradient descent more
efficiently and leads the convergence analysis almost to be the same as standard analysis (Nesterov,
2018) in the centralized scenario. In contrast, Acc—DNGD does not have such a good property and it
does not achieve near optimal computation complexity nor near optimal communication complexity.
Since our algorithm can effectively approximate the centralized accelerated gradient descent, our
algorithm does not require each individual function f;(x) to be convex but only requires f(x) to
be strongly convex while this condition is required in Acc—-DNGD. Finally, the convergence rate of
our algorithm depends on the global condition number ,, while that of Acc—DNGD depends on the
local condition number x,.

1. It holds that kg = Q(k¢) for the case used to prove the lower bound of communication complexity (Scaman et al.,
2017).
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Methods Computation Communication Is f; (z) convex?
NIDS? (Li et al., 2019) O((w—&- #(W))log (%)) O((w-{—#(w))log (%)) Yes
D2P2 (Alghunaim et al., 2019) O (=4y 1o (1)) O (=mrylog (1)) Yes
ProxMudag (Algorithm 3) O (\/Rglog (1)) 4] (, / %g(W) log (%)) No

Table 2: Complexity comparisons between our algorithm and existing works for composite and
strongly convex problems.

In Scaman et al. (2017), a lower bound of communication complexity was obtained for the
decentralized optimization problem, which is O (y/kg/(1 — X2(W)) log(1/e)) for strongly convex
problems. A dual-based algorithm was proposed to match the lower bound. However, this method is
only suitable for the cases where dual functions of each local agent are easy to compute. Hence, the
computation complexity of the method in Scaman et al. (2017) severely deteriorates once the dual
functions are computationally inefficient to work with. Recently, Uribe et al. (2020) proposed an
accelerated dual ascent algorithm which achieves the same communication complexity as the one of
Scaman et al. (2017), but with a computation complexity of O (r/+/1 — Ao (W) log?(1/€)).

Recently, Li and Lin (2020) proposed Acc—-EXTRA by applying Catalyst to accelerate EXTRA.
However, due to the lack of the multi-consensus, Acc—-EXTRA fails to achieve the optimal com-
putation complexity. On the other hand, its communication complexity is also no better than
Mudag. Furthermore, Catalyst introduces an additional loop of iteration. In contrast, Mudag
is simple and easy to implement. Kovalev et al. (2020) proposed OPAC, which is a primal-dual
based algorithm. The computation and communication complexities of OPAC are O (\//17 log(1/ e))
and O(y/k¢/(1 — A2(W))log(1/€)) respectively, which depends on the local condition number.
Additionally, it requires each f;(x) to be strongly convex.

For the case r(x) is convex but non-differentiable, many gradient tracking based algorithms
have been extended to decentralized composite optimization problems with a non-differentiable
regularization term such as PG-EXTRA (Shi et al.,2015a) and NIDS (Li et al., 2019). However, due to
the non-differentiable term, these algorithms can only achieve sub-linear convergence rates. Recently,
Sun et al. (2022) proposed a gradient tracking based method called SONATA, and established a
linear convergence rate with the assumption that f(x) is strongly convex. In addition, Alghunaim
et al. (2019) proposed a primal-dual algorithm which can achieve a linear convergence rate when
each f;(z) is convex. Recently, Alghunaim et al. (2020); Xu et al. (2021) proposed a unified
framework to analyze a large group of algorithms. They showed the algorithms including EXTRA
(PG-EXTRA) (Shi et al., 2015b), NIDS (Li et al., 2019) and Harnessing (Qu and Li, 2017) can
also achieve linear convergence rates with a non-differentiable regularization term. Despite intensive
studies in the literature, the convergence rates of these previous algorithms do not match the optimal
convergence rate. Moreover, the communication complexities achieved by algorithms analyzed in
the framework of Xu et al. (2021) and Alghunaim et al. (2020) are sub-optimal. The conference
version of our paper proposed DAPG which achieves the optimal computation complexity and near
optimal communication complexity (Ye et al., 2020). However DAPG takes three multi-consensus

2. Lietal. (2019) only gave a sublinear convergence rate for NIDS when r(z) is convex, the linear convergence rate is
proved in works (Alghunaim et al., 2020; Xu et al., 2021).
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steps while ProxMudag in this paper only takes two multi-consensus steps. Thus, ProxMudag can
achieve better communication-efficiency than DAPG. We compare our ProxMudag with existing
state-of-the-art decentralized algorithms for the composite optimization in Table 2.

3. Preliminaries

We let ; € R? be the local copy of the variable of « for agent i and we introduce the aggregate
variable x € R™*9, aggregate objective function F'(x) and aggregate gradient VF(x) € R™*¢ as

i Lo Vhie)T
x=1:|, Flx)=— Z fi(z;) and VF(x) = : , @)
T = V finm) "
We denote that
I B WO N SR C T ¢ i
xt=m;><§), yt:m§yg) and thmZOVfi(yi)), 3)

where x(?) means the i-th row of matrix x. Moreover, we use ||-|| to denote the Frobenius norm of
vector or matrix and use (z, y) to denote the inner product of vectors = and y.
Furthermore, we denote

1 m
R(x) = — ).
() = — > r(w)
=1
Accordingly, we introduce the proximal operator and aggregated proximal operator with respect to
r(-) and R(-) as

I = xII?).
“)

1
prox, ,.(r) = argmin (r(z) + %Hz - x||2) and prox,,, p(x) = argmin (R(z) +

z€R? zeRmXxd 2mn

Using above notations, we define the (aggregated) generalized gradients as

Ge =" (i = Prox,, p(y: — ns,)) and G =" (yf) ~ prox,,(v;" ~ nS§i))) - O

We also denote
~ _ 1 ()
Gy = — g G,". 6
t m < t ( )

Then we introduce the following definitions that will be used in the whole paper:

e We say f(x) is L-smooth if for all z, 3y € R, it holds that
F() < F(@) + (VT @)y — ) + oy — 2l
e We say f(x) is p-strongly convex, if for all -,y € R, it holds that
F() = F(@)+ (Vf @)y =) + 5y — .

6
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e We say f;(x) is locally M;-smooth if for all z, y € R?, it holds that
M; 2
£ < i) + (V@) — o)+ Dy — .
e We say f;(z) is locally v;-strongly convex if for all 2,y € R, it holds that
”
fity) = filz) +(Vfi(z),y — ) + 52 ly — ||

Based on the smoothness and strong convexity, we can define global and local condition numbers of
the objective function as

L M M
Kg = —, Rg = — and Kp = —, (7
I Y v
where
M = max M; and y= min ;. (8)
ie{l,....,m} ie{l,....,m}
It is easy to verify that
L<M and kg < kg < K. 9)

For the topology of the network, we let W be the weight matrix associated with the network,
indicating how agents are connected to each other. We assume that the weight matrix W has the
following properties:

1. W is symmetric with W; ; # 0 if and if only agents ¢ and j are connected or i = j;
2.0W =XI,W1=1,nul(l —W)=span(1);

where we use I to denote the m x m identity matrix and 1 = [1,...,1]" € R™ denotes the vector
with all ones. The weight matrix has an important property that W = %HT (Xiao and Boyd,
2004). Thus, one can achieve the effect of averaging local z; on different agents by using Wx for
iterations. Instead of directly multiplying W, Liu and Morse (2011) proposed a more efficient way
to achieve averaging described in Algorithm 2, which has the following important proposition.

Proposition 1 Let x% be the output of Algorithm 2 with 0, = 1/(1 + /1 — A\2(W)) and we
denote T = %1TXO. Then it holds that

rT=—1x and ||xg—1Z||<VI14(1—-(1— — 1= X (W xo — 1Z||,
- llxx | < 7 2(W) ) [Ix0 |

where Ao(W) is the second largest eigenvalue of W.

4. Multi-Consensus Decentralized Accelerated Gradient Descent

In this section, we propose two novel decentralized algorithms achieving the optimal computation
complexity and near optimal communication complexity. These two algorithms are suitable for the
case of 7(z) = 0 and the case of r(x) is general convex respectively.
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Algorithm 1 Mudag
1: Input: zg, n, o, and K

2. Imitialization: xy = 1z, yo = Xo

3: x1 = FastMix(yo — nVF (yo))

4 y1=x1 + 172 (X1 — Xo)

5: fort=1,...,T do

6: X1 = FastMix(ye + (x¢ = ye-1) = n(VF(yt) = VF(yi-1)), K)
T Y+l = X1 T ﬁ (X1 — X¢)

8: end for

9

: Output: xr

Algorithm 2 FastMix
1: Input: x°, K, W and 7,,
cxl=x0

2
3: fork=0,...,K do

4 xFt = (14 5, )WxF — n,xF1
5

6

: end for
: Output: xX

4.1 Algorithms and Main Ideas

Our algorithms are based on the multi-consensus, gradient-tracking and Nesterov’s acceleration
technique. We first introduce ProxMudag (Algorithm 3) for solving the problem with r(z) # 0. It
has the following algorithmic procedure:

Xt+1 =ProX,, p(yt — 1st), (10)
. l1—«

yi+1 =FastMix <Xt+1 + 1 (X1 — Xt),K> ) (1)
+ «

st+1 =FastMix(s; + VF (y¢4+1) — VF(y¢), K), (12)

where 1) is the step size and K is the step number in multi-consensus. We can observe that Egs. (10)
and (11) belong to the algorithmic framework of accelerated proximal gradient descent since s; can
approximate the average gradient. In Eq. (12), we introduce s; to track the gradient by using history
information and the gradient difference. Thus, s; can well approximate the average gradient 1g;
(defined in Eq. (3)). Furthermore, the variable y; can also approximate 1%; well by the “FastMix”
operator. Since both g; and g; well approximate the averages, then we can obtain that g; =~ V f(;).
Thus, the convergence properties of our algorithm are similar to the centralized accelerated proximal
gradient descent, which is the main idea behind our approach to the decentralized optimization. In
other words, we combine multi-consensus with gradient-tracking to approximate the centralized
accelerated proximal gradient descent. As we will show, this seemingly simple idea leads to
establishing a near optimal algorithm for the decentralized optimization. Note that Algorithm 3
only takes two multi-consensus steps at each iteration. In contrast, the algorithm in conference
version (Ye et al., 2020, Algorithm 1) of this paper requires three multi-consensus steps at each round.
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Algorithm 3 ProxMudag
1: Input: zg, n, o, K

2: Inmitialization: xo = 1z, yo = X0, So = VF(Xq)
3: fort=0,...,7T do

4 X1 = prox,,, r(y: — nst)

5:  yi41 = FastMix (Xt+1 + 1+a (xp41 —x¢), K

6:  sty1 = FastMix(s; + VF(yi41) — VE(y¢), K)
7: end for

8: Output: xp

Though reducing one multi-consensus step will not improve the order of communication complexity,
it requires much less communication cost and benefits in real applications.

In the case of 7(z) = 0, we propose Mudag (Algorithm 1) that only needs one multi-consensus
step for each iteration. The Mudag has the following algorithmic procedure:

X441 =FastMix(y; + (x¢ — yi—1) = 0(VF(y¢) — VF(yi-1)), K), (13)
11—«
1+«

To understand Mudag from perspective of gradient tracking, we can reformulate the above procedure
in a form similar to Eqgs. (10) to (12) as follows (The reformulation is proved in Lemma 23)

Yit+1 =X¢p1 + (Xt41 — X¢) -

x¢+1 =FastMix (y; — nst, K) , (14)

11—«
1 a(Xt+1 —Xy¢), (15)

si+1 =FastMix(s;, K) + (VF(yi41) — VE(yy)) — n_l(FastMix(yt, K) —yy). (16)

Yit+1 =X¢p1 +

Note that Eq. (16) is an explicit gradient tracking step similar to Eq. (12). Comparing Eqgs. (14)-
(16) with Egs. (10)-(12), we can observe that these two algorithms share a similar procedure since
they share the same intuition. However, the iteration of ProxMudag cannot be improved to one
multi-consensus step like Mudag. If we directly replace Eq. (13) by

x¢41 =FastMix (prox,,, g (y: + (x¢ —yi-1) = n(VF(yi) — VF(yi-1))), K) ,

it is easy to check that the algorithm cannot converge to the optimum.

Because Mudag only has one multi-consensus step for each iteration while ProxMudag takes
two multi-consensus steps, in practice, Mudag commonly requires much less communication
cost than ProxMudag when Mudag is applicable. Thus, the Mudag is a better choice than
ProxMudag in the case of r(z) = 0.

4.2 Main Results

In this work, we focus on the synchronized setting in which the computation complexity depends
on the number of gradient calls and the communication complexity depends on the rounds of local
communication. We give the detailed upper complexity bounds for our algorithms in the following
theorems.
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Theorem 2 Let f(x) be L-smooth and p-strongly convex. Assume each f;(x) is M-smooth. We
setn =1/L and o = \/un in Algorithm 1. Letting K in Algorithm 1 satisfy that

4
K = V2 1 log (F) with B (L) ko3

< :
V2—1\[ 1= W) P=p 9288 \ M
then the sequence {Z;} satisfies that

fen) - fa < (1-9)" (f(a?o) st P 4 S 9 At - Vf(xo)||2> 7

where x* is the global minimum of f(x). To achieve xp such that |xp — 1z*||* = O(me/p)
and f(z1) — f(x*) < € the computation and communication complexities of Algorithm 1 are at

most
T:o(mlog <1>> and Q=O< W 1Og<ML’€g>k’g <1>>

respectively.

Theorem 3 Let f(x) be L-smooth and p-strongly convex. Assume each f;(x) is M-smooth. We
setn = 1/(2L) and a = /i in Algorithm 3. Letting K in Algorithm 3 satisfy that

V2 1 V14 1 L\°
K = 1 - | < — .| = —3/2
V2 T=nm) B\ it : < ) :

then sequence {Z;} generated by Algorithm 3 satisfies that

WEr) — hiz*) < (1 _ %)T (h(g-;o) _ h(e) + T2t 520 ) |

5 = ZHsz'(fo) — V(@)

2

where ©* is the global minimum of h(z). To achieve xp such that ||xp — 12*||* = O(me/p)
and h(z7) — h(z*) < €, the computation and communication complexities of Algorithm 1 are at

most
T:O(\/@log C)) and Q:O< 1—§§(W) o8 <MLﬁg>log <1)>

respectively.

Remark 4 Theorem 2 shows that Mudag achieves the same order of computation complexity as
that of the centralized Nesterov’s accelerated gradient descent. At the same time, the communication
complexity nearly matches the known lower bound of decentralized optimization problem up to a
factor of log (M k4/L). We conjecture that it may be possible to remove the log(kg) factor, because
the term only comes from the inequality ||y — x*|| < \/2V;/u, where Vy is defined in Eq. (17) in the
proof, which may be loose.

10
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Remark 5 Theorem 2 and 3 only assume that f(x) is p-strongly convex and L-smooth, and f;(x) is
M -smooth (note that unlike many previous works, our dependency on M is logarithmic only). Thus,
our algorithms can be used when f;(x) is possibly non-convex. This kind of problem has been widely
studied in recent years (Allen-Zhu, 2018; Garber et al., 2016) and one important example is the fast
PCA by shift-invert method (Garber et al., 2016). In contrast, the previous works (Scaman et al.,
2017; Li et al., 2020b, 2019; Qu and Li, 2019; Kovalev et al., 2020; Li and Lin, 2021) require the
(strong) convexity of f;(x) to obtain the linear convergence rate.

Remark 6 The computation and communication complexities of our algorithms depend on /K
rather than \/kg, which is a novel result. Before our work, it was unknown whether there ex-
ists a decentralized algorithim that can achieve a communication complexity close to the lower
bound 0 (\/kq/(1 — Ao(W))log(1/€)) (Scaman et al., 2017, 2019).

Remark 7 Observe that the step 3 of Algorithm 1 resorts to multi-consensus and gradient tracking
to encourage x(i,:) on different agents to be close to each other. Similarly, for the centralized
distributed optimization problem, the consensus step is also needed, which is often implemented by
two rounds of communications between agents and the central server. In this view, the centralized
optimization methods and the decentralized one only differ in the way to achieve consensus. We can
also regard the decentralized optimization methods as an approximation to the decentralized one.

5. Convergence Analysis

In this section, we give a detailed characterization on how our decentralized algorithms approximate

accelerated (proximal) gradient descent. Since Mudag and ProxMudag have similar ideas for

convergence analysis, we only present how to obtain the convergence rate of ProxMudag in this

section and leave the analysis of Mudag in Appendix C. Note that the analysis of ProxMudag may

be more sophisticated than the one of Mudag because of the additional step of proximal operation.
We first introduce the Lyapunov function as follows

Vi = h(@) — h(e) + 5 1o — 2|1, a7)
where v; is defined as

1 .
Vp = Ty1 + &(jt — 1) with Q= /7). (13)

In the rest of this section, we will show how the Lyapunov function V; converges and how multi-
consensus and gradient-tracking help us to approximate centralized accelerated proximal gradient
descent.

Then we show that Z;, ¥, §; (defined in Eq. (3) and generated by Algorithm 3) and ¥, (defined in
Eq. (18)) can be fit into the framework of the centralized accelerated proximal gradient descent.

Lemma 8 Let %y, 3, §; and Gy (defined in Eqs. (3) and (6)) be generated by Algorithm 3. By
setting 5y = %lTst with s; defined in Eq. (12), it satisfies:

Try1 =0 — nGt, (19)
_ _ l—a,_ _

Yt+1 =Tp41 + T a(wt+1 — Tt), (20)
5t41 =5t + Gi+1 — Gt = Ji+1- (21)

11
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Proof Proposition 1 provides a property of FastMix that & = %1TFastMiX(x, K). Combining the
algorithmic procedures of Algorithm 3 and the definition of G in Eq. (6), we can obtain the first two
equations.

We first the last equality by induction. For ¢ = 0, we use the fact that sy = VF(yg). Then, it
holds that sy = go. We assume that 5, = g, at time ¢. By the update equation (12) and Proposition 1,
we have

Si41 = 8¢ + (Ge41 — G¢) = Jey1-

Thus, we obtain the result at time ¢ + 1. [ |

Lemma 8 shows that the averaged version of Eqgs. (10)-(12) is almost the same as accelerated
proximal gradient descent (Nesterov, 2018). Thus, if 5, is an accurate estimation of V f(7;), then
Algorithm 3 has convergence properties similar to accelerated proximal gradient descent. Next, we
are going to show y(7,:) =~ ¢, and s4(7,:) ~ 5, by the following lemma.

Lemma9 Let z; = [||x; — 1%, |y: — 15,7 /st — 15:]|] "
Algorithm 3, then it holds that

.
40/ MmM 2V}
201 < Az + T [m,/ﬁf

where p and A are defined as

with Xy, y¢ and s; generated by

; (22)

0 2 2

p:<1—\/1—/\2(W))K and A= | 2p 4p 4 | 23)

pM/L 8pM?*/L* 5pM/L

If the spectral radius of A is less than 1 and V; converges to zero, then ||z, || will converge to zero.
Note that ||x; — 1Z¢||, ||[y: — 19| and n ||s; — 15| are no larger than ||z, ||. Hence, Algorithm 3 can
well approximate centralized accelerated proximal gradient descent in such conditions.

Next, we prove above two conditions that lead to the convergence of ||z;||. First, the following
lemma shows the spectral radius of A is less than % if p is small enough.

Lemma 10 Matrix A defined in Eq. (23) satisfies that
0< )\1(A) and |)\3(A)’ < |)\2(A)’ < )\1(A)

with \;(A) being the i-th largest eigenvalue of A. Lettingn = 1/(2L) and p < L3/(1280M?3), then
it holds that

1
)\I(A) S 57

and the eigenvector v associated with \1(A) is positive and its entries satisfy
8v(3)
)
NG

0<v(l) < 0 <v(2) <3v(3) and 0 <v(3), (24)

where v (i) is i-th entry of v.

12
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Now, we are going to show V; converges linearly but with some perturbation terms related to z;.

Lemma 11 Letting X, y+, St be generated by Algorithm 3, it holds that

ly:e — 1712 (25)

13 _ 20M?%n + 10n*
Vit S (L= @)Vi+ sy = 1 + =

The above lemma shows that the Algorithm 3 has a convergence property similar to the accelerated
proximal gradient descent but with some perturbation terms. Next, using above lemmas and choosing
proper p by a proper K, we will obtain the convergence rate of Algorithm 3.

Finally, we provide the proof of our main result Theorem 3.

Proof It is easy to check that p satisfies the conditions required in Lemma 10. Let the eigenvector v
defined in Lemma 10 and set v(3) = 1. Combining with the fact that the first two entries of z( are
zero, we can obtain that,

zo < ||zo|| v and 0,0,1]T <.

By Eq. (22), we can obtain that

ApM  [2m .
zi41 < |zol - A"V + T\ Z; VVi- ATy
ApM  2m < .
= loll A(A) v S 2R STV X (A) (26)
1=0
N 4pM 2m &1\
<tal (5) v+ (5) Vi

H =0

where the first equality is because v is the eigenvector associated with A1 (A) and the last inequality
is because of A\{(A) < 1 obtained in Lemma 10.

Next, we will prove our result by induction. For ¢ = 0, we have ||yp — 1%p|| = 0 and

(25) 131 2 nt 2
i <(1-a)Vo+ (nlso = 150[)* = (1 —a)Vp + 1zo|

a\ 52L 9 o 52L 9
<1—a)Vo+(1-2)22=2 <(1-=)(V+
(1—-a)W (1 ) llzo||” < (1 2> ( 0 [|Zo| )

2 m

Next, we assume that for ¢ = 1, ..., ¢, it holds that

ani 52L .
< (1-% oe .
Vv, < (1 2) <VO+ = |yzoy> 27

13
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Combining with Eq. (26), we can obtain that

Zi1
<v ( \/2m22 SRVAZE e
2m a\’ 52L
. o (@ \/ 2L 2 g-t-1)
v ( M [2m 22 (1-5) o+ 2ol + 2l | g
t—1

M 2m2(y/1=2)  —27(t2 52L
v (4 2V 5) Vo + 225 g2 4 2700 o]

LV u 21— 3 -1

<

t—1
M [2m « 52L e
cve (1230 2O e P g o g )
L I 2 m

Thus, using the definition of z and A, we can obtain that

lye — 1

(22)
< <[2pﬂ 4p7 4p]7zt—1>

2 (120,49, 4], v) - (12LM 2:7 (B) J Vo + 22 o2 + 27D uzOu)
<p(2v(1) +4v(2) +4)- (12LM 2;” (H)H \/Vo - % |1 Zo|* + 27D HZOH>

L (a2 (ULM o (B) Vot 2 g2 42 umr)
<32 (12LM s (H)H Jvo 4 22 g2 4 270 HZOH) |

Then we have

20M%n + 10! _ 2
[yt — 1]
m

10M?/L + 20L _
_ 1007/ lye — 1512 29)

OM?/L 288mM?> -1 2
SOML o 592 (887?; (1-%) <Vo + 22 o) ) +aD HZOHQ) -

m Lop 2

14
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Similarly, we have

1 llse — 15|
M SM? 5M 4pM
=p T e |t +T 7Vt 1

enes (24M?  SM 5MN\ [(12M [2m o\l L.
< i E il B (it ek 1— = o 9—(t=1)
B p( L2 +L\/ﬁ+ L ) ( L jz ( 2) Vot m lzoll” + Iz
t—1
4pM [2m o 52L
apat jam 1< N i
+ 7 m ( 2) Vo + ||ZOH
2M2 5 (12M [2m a\'! 521
< : Sy Y Vot 22 9~ (t=1) .
T (2 (- 2) ot ZE faal? 27

Consequently, it holds that

1377 13 _ 2
Ise — 151> = — - (n||s¢ — 15]|)
m nm

30)
52M* 288m.M? ayt-1 52L (
< 722 7(1——) Vo+ — 2) 44~ 2.
o (Bt (1) (ot B ) + 470 o]
Combining above results, we obtain
Vit1
(25),(29),(30)
< (1-aW
(60 - 32% 4 52 722) pM* [ 288mM?> a\t-t 52L o
_Z e —(t—1) 2
+ - (Bt (1-9) (W4 22 hl?) + 47 ol
a 2 s p M6 a\t 52L 9
< - (1-3) (vo+ Zpal?) 191108 20, (12 2)' (o 2 o)
M2 2L
+ 6366 - pL gy D2k = |zl
o 2 pM?S o} 52L
< O—M@—2)<%+Wﬂ)+L%J@-L6%@—2)<%+zﬂ
NG 52
< _ — -
< (-9 (o Z i),

where the second inequality is because of the induction assumption and the last inequality is due
to p < L6/(5.5 108 . Iig/2M6). Furthermore, it holds that

lx¢ — 14|

=2 <[07 L 1]a Zt>

t—1
(28) 12M  [2m o 52L
<2([0,1,1],v) - (L — <,/1) \/Vo+HZoH +27 0= IzOII>

n 2
t—1
(24) 12M  /2m o 52L
§&<l;(%h> ¢w+\mn+2 |m0
W 2

which concludes the proof.
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6. Experiments

We evaluate the performance of our algorithms on (sparse) logistic regression with different settings,
including the situation in which each f;(z) is strongly convex and the local function f;(x) may be
non-convex.

6.1 The Setting of Networks

In our experiments, we consider random networks where each pair of agents have a connection with
a probability of p. We set W = I — L/\1(L), where L is the Laplacian matrix associated with a
weighted graph, and \; (L) is the largest eigenvalue of L. We also set m = 100, that is, there exist
100 agents in this network. In our experiments, we run the algorithms on the settings of p = 0.1
and p = 0.5, which correspond to 1 — A2(W) = 0.05 and 1 — A\o(W') = 0.81 respectively.

6.2 Experiments on />-Regularized Logistic Regression

We consider the ¢»>-regularized logistic regression model whose local objective function of logistic
regression is defined as

1 — :
filz) =~ > "log (1 + exp(—byj{ai;, z))) + %qua 31)
j=1

where a;; € R¢ and b;j € {—1, 1} are the j-th input vector and the corresponding label on the i-th
agent. We conduct our experiments on a real-world dataset ‘a9a’ which can be downloaded from
LIBSVM repository (Chang and Lin, 2011). We set n = 325 and d = 123. We conduct the following
four experimental settings:

1. Wesetoy = -+ = 0, = 1073, then each f;(z) is strongly-convex.
2. Wesetoy = -+ = 0y, = 1074, then each f;(z) is strongly-convex.
3. Wesetog; = -+ = 05,1 = —107! and o, = 10, then functions f;(z) for i < m are

non-convex but f(x) is still strongly-convex.

4. Wesetoy = -+ = 05,1 = —1072 and 0, = 1, then functions f;(z) for i < m are
non-convex but f(x) is still strongly-convex.

We compare our algorithm (Mudag) to centralized accelerated gradient descent (AGD) in (Nes-
terov, 2018), EXTRA in (Shi et al., 2015b), NIDS in (Li et al., 2019), Acc—DNGD in (Qu and Li,
2019) and APM-C in (Li et al., 2020b). In this paper, we do not compare our algorithm to the dual-
based algorithms such as accelerated dual ascent algorithm (Uribe et al., 2020; Scaman et al., 2017)
because these algorithms cannot be applied to the case where some functions f;(x) are non-convex.
The step sizes of all algorithms are well-tuned to achieve their best performances. Furthermore,
we set the momentum coefficient as (v'L — /i) /(VL + /it ) for Mudag, AGD and APM—C. We
initialize xq at O for all the compared methods.

In the setting in which each f;(z) is strongly convex, we report the experimental results in
Figure 1. Compared with AGD, our algorithm has almost the same computation cost, which validates
our theoretical analysis. Assuming that AGD communicates once per iteration, we can also see
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Figure 1: Comparisons with logistic regression and random networks. Each f;(z) is strongly convex
(o; = 0.001 in the top row, and o; = 0.0001 in the bottom row). Random networks
have 1 — A2(W) = 0.81 in the left two columns and 1 — A2(W) = 0.05 in the right two
columns.
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Figure 2: Comparisons with logistic regression and random networks. Each local objective f;(x)
may be non-convex. In the top row, o; = —10"2 foragentsi = 1...,m —lando; = 1
for the agent i = m. In the bottom row, o; = —107! for agents i = 1...,m — 1,
and o; = 10 for the agent i = m. Random networks have 1 — Ao(W) = 0.81 in the left
two columns and 1 — A2(W) = 0.05 in the right two columns.

that the communication cost of Mudag is almost the same communication cost as that of AGD
when 1 — A\o(W) = 0.81, and six times of that of AGD when 1 — A2(WW) = 0.05. This matches
the theoretical results of communication complexity for our algorithm. Furthermore, our algorithm
achieves both lower computation cost and lower communication cost than other decentralized
algorithms on all settings. The advantages are more obvious for small o;, which also validates the
comparison of the upper bounds with related works.

17



YE, LUO, ZHOU, AND ZHANG

—e—P2D2 —6— ProxMudag, K=1 —o—p2D2 —9—ProxMudag, K=1 —o—P2D2 —o—ProxMudag, K=1 —e— P2D2 ——ProxMudag, K=1
—A—PG-EXTRA —— ProxMudag, K=2 —A— PG-EXTRA —— ProxMudag, K=2 —4—PG-EXTRA ——ProxMudag, K=2 —A— PG-EXTRA —#— ProxMudag, K=2
—e—NIDS —A—ProxMudag, K=3 ——nNIDS —A—ProxMudag, K=3 [——NIDS —A—ProxMudag, K=3 [——nNiDS —4—ProxMudag, K=3

h(z))

log 10 (h(%) — h(a*))
log 10 (h(z)
log 10 (h(#) — h(a*))
l0g 10 (h(z

0 500 1000 1500 2000 2500 3000 " 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 1000C o 500 1000 1500 2000 2500 3000 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Number of Gradient Computations Number of Communications Number of Gradient Computations Number of Communications

—o—P202  —b—Proxiludag, K=1 —e—P202  —6—ProxMudag, K=1

\\ —4—PG-EXTRA —#— ProxMudag, K=2 —A—PG-EXTRA —8—ProxMudag, K=2

R ——NIDS  —A—ProxMudag, K=3 }{——NIDS_ —A—ProxMudag, K-3
N "

—e—P2D2 —O—ProxMudag, K=1 1
—4—PG-EXTRA —#—ProxMudag, K=2
——NIDS —A— ProxMudag, K=3

—e—P2D02  —6—ProxMudag, K=1]] —
—A—PG-EXTRA —#—ProxMudag, K=2||
|—s—NIDS —A— ProxMudag, K=3

$h-giou o
0 hou

)
(e

log 10 (h(z
log 10 (k@) — h
log 10 (h(
Tog 10 (h(#)

n N

15 Y ¥ z ) 5
0 500 1000 1500 2000 2500 300¢ 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 1000C o 500 1000 1500 2000 2500 3000 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 1000C
Number of Gradient Computations Number of Communications Number of Gradient Computations Number of Communications

Figure 3: Comparisons with sparse logistic regression and random networks. In the top row, ex-
periments on ‘a9a’ with o; = 1072 for agents i = 1,...,m in the left two columns
and o; = 10~* in the right two columns. In the bottom row, experiments on ‘w8a’
with o; = 1073 for agents ¢ = 1,...,m in the left two columns and o; = 10~% in the
right two columns.

In the setting in which an individual function f;(z) could be non-convex, we report the experi-
mental results in Figure 2. Note that the global objective function of experiments reported in Figure 1
and Figure 2 are the same but the model that corresponds to Figure 2 contains some non-convex f; ().
Comparing the curves in these two figures, we can observe that the computation cost of AGD and our
algorithm are not affected by the non-convexity of f;(z) because their convergence rates only depend
on ,/Kg. On the other hand, the communication cost of our algorithm increases slightly compared
to the setting where each f;(z) is convex. This is because the ratio M /L of f;(x) increases when
we set 0; = —10~! or 0; = —1072 for agent i = 1,...,m — 1. Our communication complexity
theory shows M /L will affect the communication cost by a log(M/L) factor. Compared with our
algorithm, the performance of the other decentralized algorithms deteriorates greatly, which can be
clearly observed by comparing the two figures in the top right corners of Figure 1 and Figure 2.

6.3 Experiments on Sparse Logistic Regression
We consider the sparse logistic regression model whose objective function is defined as

M) = 3 fiw) + vl

=1

where f;(z) is defined in Eq. (31). We conduct experiments on the graph with 1 — \o(W') = 0.05 and
fi(x) and only consider the case when each f;(x) is convex, since experiments on logistic regression
have already shown the advantage of our ideas for non-convex f;(x). We conduct experiments on the
datasets ‘a9a’ and ‘w8a’, which can be downloaded from Libsvm datasets. For ‘w8a’, we setn = 497
and d = 300. For ‘a9a’, we set n = 325 and d = 123. We conduct the following two experimental
settings:
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1. Wesety=10"%*and oy = --- = 0, = 1075,
2. Wesety = 107%*andoy = =0, = 1074

We compare our algorithm (ProxMudag) with the state-of-the-art algorithms PG-EXTRA (Shi
et al., 2015a), NIDS (Li et al., 2019) and decentralized proximal algorithm (D2P2) (Alghunaim
et al., 2019). In the experiments, we set X = 1, K = 2 and K = 3 in ProxMudag to evaluate
how K affects the convergence behavior. The parameters of all algorithms are well-tuned. We
report the experimental results in Figure 3. We can observe that ProxMudag outperforms other
algorithms in all cases. First, ProxMudag takes much less computation cost than other algorithms
since ProxMudag uses Nesterov’s acceleration to achieve a faster convergence rate. This matches
our theoretical analysis of the computation complexity. We can further observe that the advantage
of ProxMudag is more clear when o9 is small. This is because the small ¢;’s commonly lead to
large condition numbers and the computation complexity of ProxMudag depends on ,/k, instead
of xy or y/k¢. The results also show ProxMudag has great advantages over other state-of-the-art
decentralized proximal algorithms on the communication cost.

7. Conclusion

In this paper, we proposed two novel decentralized algorithms, which achieve the optimal computation
complexity and the near optimal communication complexity. To the best of our knowledge, this is the
best communication complexity that primal-based decentralized algorithms can achieve especially
for the decentralized composite optimization problems.

Our results provide an affirmative answer to the open problem whether there is a decentralized
algorithm that can achieve the communication complexity O (+/k4/(1 — A2(W))log(1/e)) or even
close to this lower bound for a strongly convex objective function. Furthermore, our algorithm
does not require each individual functions f;(z) to be convex. Our experiments showed that the
non-convexity of individual function f;(x) rarely degrades the performance of our algorithm. Our
analysis also implies that integrating multi-consensus and gradient tracking can well approximate the
decentralized optimization algorithm to the corresponding centralized counterpart. The implemen-
tation of the resulting algorithms are simple, effective and with (near) optimal complexities. This
novel perspective may also provide useful insights for developing new decentralized optimization
algorithms in other settings.
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Appendix A. Useful Lemmas

Lemma 12 For any matrix X € R™%d gnd 7 = %ITX, it holds that
12 2
[x — 12" < [|Ix||”.

Proof It holds that

e~ 12

:z; x(7,:) - z;x
m m m 2
=3 [ G = 2 7 G )ox )+ [
j=1 i=1 i=1

o L 3) TR OB R 3 SR RYCR)

i=1 j=1 i=1 j=1
<<l

Lemma 13 We have
IVE(y) = VFE(x)| < M [ly — x|

and

M
g = V£ @I < < llye — 1.

(32)

(33)

(34)

Furthermore, we have the (L + 2/n)-smooth property for the generalized gradient NV h(-) (defined in

Eq. (42)), i.e.,

[Fr@) - )| < (i +L) e — ]l

Proof The first inequality is because each f;(x) is M-smooth and

IVE(y) = VF(x)[ = ZHsz =V fi(x(i, )|

IN

MQZHY P =My —x| .
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The second inequality follows from

i Vii(yt(i,:) = V£i(e)

m . _

_ _ [ye (i, :) — el
_ — < NeAs -7 Jtll

lge = V@Il =], - < MZ -
=1 =0
m . 2
H}’t(l,l) _ytH M _
<M = -1 .

Then we can prove Eq. (35) using L-smoothness of f(x) and the non-expansiveness of the proximal
operator

x — prox, . (z —nV f(z)) y—prox,,(y—nVf(y)) H
7 7

Hﬁh(a:) —Vh(y) H -

s; e — gl + j] |prox, ,(z — 1V f(x)) — prox, .(y — 1V (®))|

§717 [l —yll + 717 (@ =0V i) =y =Vl

2
S<+L> lz =yl
U

where the last inequality is due to the L-smoothness of f(x). [ |

Lemma 14 For 4, i, and vy defined in Egs. (3) and (18), then we can obtain that

Ut — Tt = (Vs — Ut)s (36)
_ Tt4+1 + QU1
— Tl T Al 37
Yt+1 1 Ta ’ ( )
and
(1 —a)v + aye — ﬁ@t r(z), is convex,
_ «a
it = 5 a9
(1 — ) + aye — Egt, r(z) = 0.

Proof First using the definition of ¥, we have

Ter1 + ali1 )T + afZy + 4 (Tep1 — 3y)]

1+« 1+«
Bt + (41 — )
=7 Tyl — T
1T 7 @ t
=Yt+1-

Then we can have

Ut — T¢ = (0 — 7¢).
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Now, we are going to prove Eq. (38) with the case r(z) is convex since () = 0 is a special case

of r(x) being convex. Then we have

(1 — Oé)ﬁt + ay: — gét = — Oé(ﬁt — gt) — gét =X+ U — Y — gét

_ 1, - _ _ _ _
=Tt + E(yt — oy —nGy) =Ty + E($t+1 — Tt) = Vgq1.

Lemma 15 Ler f(x) be u-strongly convex. For g, and Vy defined in Egs. (3) and (17) and x* being

the optimum, we have the following inequality,

_ . 2V,
Ige — 2" < ) =
I

(39)

Proof Since f(x) is u-strongly convex, h(x) in Eq. (1) is also u-strongly convex. Thus, we obtain

_ w1 3D || Tt + Qg X 1 _ . _ *
— EEA | Dt < — _

72"l 2 | HE2E — ot | < o — |+ ol =2
1 2(h(x) — h(z* «a 2 2V
1+ I 1+aVpu 2 7

At the end of this section, we provide the proof of Proposition 1.
Proof We let
_qy_Lloo7 =_ (1T 0 v (L)W —n,W
II=1I nll, H—[O H] and W_[ 7 0 )

then the iteration of Algorithm 2 can be written as

{XkJrl] o [ Xk }
X Xp-1]

The property W1 = 1 directly leads to = %lTxK . It also indicates

1 1 1
WIl =W (I— 11T> =W - W11 =w — =117
n n n

and
1.+ 1.+ 1. .+
Imw=(1--11 W=WwW--11"W=W—--11",
n n n

which means

IIw = WIL
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Consequently, we achieve

= [(L+n)W —n,W]|[II 0
WL = T 0 0 II
[+ n)yWll —n,WII
| II 0 ’
~s [ 0] [+ )W —n,W
i = | [
_ [+ )WL —TIn, W
| II 0 ’
and
- =~ [T 07 [(1+n,)WIL —n,WII
w1 4] [
(1 + ) TIWTT —n,, TIWTT
| 112 0
[+ n)OW =, TIW
| II 0
=W = WII,

where we use the equality (40). This implies for any K > 2, we have
owe = @w)wk-1 = @wimwi-1! = @w)awi-1
=MW Wk =2 = ... = (W)X
—TOTK = A ()
TV () K 2T
A (AWK 2T = - = A
=IWHIL
Combining above result with Lemma 9 of Song et al. (2023), we have

Ixx = 12]| = [[Txx||

<[ = )

X_1
<V14py |[Txo|| = V14py [Ix0 — 12,

= a2

X_1

where

pw = .
\/ L+ /1= 23(W)
Since we have

1 1
1+x§1_<1_ﬂ)$’ 41)
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for any x € [0, 1], it holds that
1

Puw =
Y1+ V=X
<1- (1—\2) 1—A3(W)
<1-— (1 - \2) 1— X(W).

This implies

||XK—1x\|g\/ﬂ<1—<1— ) 1—/\2(W))K||xo—1x|].

Sl

Appendix B. Proof of Lemmas in Section 5
B.1 Collection of Lemmas

We list several important lemmas that will be used in our proofs.

Lemma 16 (Nesterov (2018)) Letting Vh(x) the generalized gradient of h(z) (refer to Eq. (1)) be
defined as
v — prox, (v — 1V f(2))
n
then it holds that Vh(x*) = 0 if z* minimizes h(z).

(1>

Vh(z)

, with n being the step size, 42)

Lemma 17 Letting proxg?n’ g(x) denote the i-th row of the matrix prox

Eqn. (4)), we have the following equation

am,(X) (defined in

A(x),

proxffg% r(%) = prox,

which implies that Ggi) equals to the i-th row of Gy defined in Eq. (5).

Proof By the definition of the proximal operators, we have

Z

1 , moq A A
— argmin | — @ - H (@) _ ()
arg;nln <m r(z") + Z S z X

. 1
prox, () =argin (7(z) + 2o~ xI})

. )

=1 i=1

=1 N
= argmin (Z:1 r(z())+;2n ORI )
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argmin, (r(z) + % Hz — X(I)H>T

L T
argmin, (T(Z) + 2 Hz — x(m) H)
Therefore, we have the following equation

(@)

Prox, . p

(x) = prox, (X(z) )-

Lemma 18 For any x € R™*¢, proxmn’R(-) (defined in Eq. (4)) has the following property

|

Proof Using Lemma 17 and non-expansiveness of the proximal mapping, we have

|

1 1 & ,
=m proxn’r(al—rx) - Z proxmd(x(z))
i=1

< Jx - 1a. 3)

1 1
Prox,,, p (mllTx) - EllTproxnva(x)

2

proxnm’R(Ell X) — Ell prox,,, r(x)

2

2

1 & 1.+ ;
=m|— Z; (proxnm(ml X) — proxmr(x( ))>

2

<proxn,r(;1Tx) — prox,, (x(i))>

(11Tx — x(i)>
m

2
= ||x — 1z]%.

Lemma 19 Letting ng’) be the i-th row of sy and Ggi), G (defined in Egs. (5), (6)) generated by
Algorithm 3, we have

m . N2
S (s = wre|| <2 s — 180l + 8342 |y — 1502 (44)
=1
and
m . N 2
Y6 = G| <18 lye — 10l + 1607 130 — 1501 43)
=1
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Proof Using the inequality that (a + b)? < 2a® + 2b?, we have

3 s~ w5 szi s~ + 2Zm: s~ wr)|
i=1 ' ‘
<2305l a3 - w0 43 s - 90

<2||s; — 15t” + 4M? Hlyt — YtH +4L? |11y — YtH
<2||s; — 15¢|* + 8M? |13, — yo?,

where the third inequality is from Eq. (34) and the L-smoothness of f(z), the last inequality is due
toL < M.

Furthermore, it holds that

e @ AP 7 T2
G —GH:HG——l-l GH
77;“ t t NGy m t

2

|| i) 1 « j j
=> yi” —prox, . (yi" — - > ( ) —prox, . (y" - 7755]))>
i—1 j=1
2
m i 2 m (l ( )
<2y Hy§ ) thH +2) " |lprox, . (y;"” — Z prox,, —ns;”)
1=1 =1
(i) ?
— T 4 Z Hprox —ns;) — prox, ,.(¥: — n5t)
2
m 1 m
+4Z prox, ,.(§: — n5t) f—Zprox Ly — sty
i=1 j=1
. . 2 i ) L2
<2|ly: — 151/ vt =g —n(s” = 50| + 43 [prox, (5 — nse) - prox, ,(vi” — nsi”)|
i=1

<2lye — 15" + 16 |y — 15]1” + 1697 ||, — 15,
=18 [lye — 151> + 167° [}s¢ — 15/,

where the third and forth inequalities are due to the non-expansiveness of proximal mapping. |

Lemma 20 Letting ?h(gt) be defined in Eq. (42), then we have the following error bound for the
estimated generalized gradient

4+2M7]

1o <] <2

lye — 19¢]| + —= [Ist — 15¢]] . (46)
\F
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Proof It holds that

2

% i ( G - Wh(.@t))

=1

n Hét - U@h@t)H =

< 72| (6t = n5m)

= % . \ Zin; H (yf) — proxnyr(ygi) - nsgi))) — (5t — prox, . (J: — 0V f(4t))) H2
< % . \ Zm: <2 Hyt(i) - @tHZ +2 Hproxn’,n(yt(i) - nsgi)) - prox, . (4 — ﬁvf(ﬂt))H2>
< % \ :1 <2 v - gt)f +2 |/t = nsf?) = (i - nv.f@t»HQ)

== 2y~ 1wl + 2l — 1V 5 (1) + v — 1l

S\/; (4lly = 130l + 20 st — 15, + 27 |15 — 19£(30)])

1
g\/; (- 200m) [y — 13 + 205 — 15,1 ).

where the second inequality is due to the non-expansiveness of proximal operator, and the last
inequality is from Eq. (34).
|

B.2 Proof of Lemma 9

Proof For simplicity, we denote FastMix (-, K') operation as T(-). From Proposition 1 we can know
that

<p :

1
H']T(x) — —11'x

1
x— —11"Tx
m m

First, we have
11Z¢11 — Xe 1|

Lo
< ||Prox,,, r(yt — nst) — Ell prox,,, r(y: — nst)

< Hproxnm’R(yt —nst) — Prox,, r (L(ge — 77515))” (47)

+

_ _ 1
ProX,, r (1(yt - 77875)) - EllTproxnm,R(yt - 7751%)

<lye = 17|l +nllse — 15¢]| + [[(y¢ — mst) — 1 (¢ — 154)||
<2|lye — 15|l + 2 ||s¢ — 15|,

where the third inequality is because of Lemma 18 and the non-expansiveness of proximal operator.
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Using the definition of y;; in Algorithm 1 and the property of “FastMix” operation, we have

lyes1 — 11|
Y lxe — 12| (48)

1-—
< —1z
ST a4 %41 Ty +Pl s

(47)
<dpllyr — 14| +4pnllse — 15|l + pllxe — 12| .
Now we are going to bound the value of ||s;+1 — 15,4+1/|. We have

[St4+1 — 15441

<pllsi + VF(yir1) = VF(yt) — 1 (5t + Gev1 — Go) ||

(32)
<pllse — 15| + pM ||y e 1 — yel

<pllst — 15¢|| + pM |ly 41 — 1Geqall + pM (| 17151 — 15 || + pM || 15 — y||

(2);) lse = 15[l + pM (4p [lye — 15|l + 4pm lIse — 15[ + p [lx¢ — 1Ze])
+ pM | 1Ge41 — G| + pM |17 — vyl
= (p+4p>Mn) |lse = 15| + p>M |[x; — 1| + (oM + 4p> M) || 15
<p(1+4Mn) [ls; — 15| + pM |x¢ — 124 + 5pM |lye — 15[l + pM | 1Ge41 — 13|,
where the last inequality is because of p < 1. Then we only need to consider the term ||1g;+1 — 17|
Using the iteration of average variables illustrated in Eq. (20), we have

=yl + pM || 15s 41 — 17|

| Ge1 — el
2 1—a
_ T —

1+ a t+1 1+a — Ut
~ 1fa

T — nG

H yt t) 1+ — Ut

=g — @l + = [|Gd|

_1+
<5 — || + |17 — = H + 20| G = Vh()|| + 20 H@h@t)H

46) _ 8+4M
< o= ol e =l == e = 1l + fust—lstu + 20 | V()|

Furthermore, by Lemma 15 and the fact that Vh(z*) = 0, we can obtain

20 |[Vh@)| + 7= oI+ e - |
=2n]|Vh(z) = Vh@")|| + 7 - o) + 13— 2
=25 — prox,,. (5 — 1V f (1)) — (" = prox,, (" — V@ )| + |7 — "] + |15 — 2"

(35)
<219 = 21+ 20150 — 2" + 20 [V F (@) = V@) + 120 — 27| + (|7 — 27

<G +20L) (|90 — 27| + |20 — 27

(39) 2V
<5+ 220 ¢ (#1) — h(a*))
<72
I
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where the last equality is because of 7 = 1/(2L). Thus, we can obtain that

2
11Ge+1 — 1G]l < (8 +4Mn) [lye — 15|l + 4 l|se — 15| + 7v/my | ;VZ
Combining above results, we can bound the value of 7 |[s;+1 — 15.41]| as follows
nllserr = 18| <p (L +8Mn) - lse — 15¢[[ + p- M [|lx; — 124

D)
+ pMn (13 +4Mn) [lye — 1G]] + TpMny/my | ;V;t

5pM M (49)
SPT 0 |lse — 15| + pT l|1x¢ — 12|
8pM?

+

4pM /2
14 il k) ¥4
12 v el + 7 vm p t

where the last inequality is because of n = 1/(2L) and 1 < M/L.
Combining Egs. (47), (48) and (49), we can obtain

ApM [2v; ]
Zi41 < Az + pL\/ﬁ [0,0, 7t ;

where

0 2 2
A= 2p 4p 4p .
pM/L 8pM?/L?* 5pM/L|

B.3 Proof of Lemma 10

Proof It is easy to check that A is non-negative and irreducible. Furthermore, every diagonal entry

of A is not zero. Thus, by Perron-Frobenius theorem and Corollary 8.4.7 of Horn and Johnson

(2012), A has a real-valued positive number A; (A) which is algebraically simple and associated with

a strictly positive eigenvector v. It also holds that A\; (A) is strictly larger than |\;(A)| with i = 2, 3.
We write down the characteristic polynomial p(¢) of A, that is

p(¢) = Cpo(C) — 32(M/L)*p* + 20p° M/ L,

where
po(¢) = ¢* = p(4+5M/L) ¢ —4p (8p(M/L)?* + 5M/L +1 —5pM/L).

Let us denote
A =16p (8p(M/L)* +5M/L+1—5pM/L) . (50)

It is easy to check that A > 0. Thus, two roots of py(() are

_ p(A+5M/L)+/(4+5M/L)%? + A

G -
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and
¢ p(4+5M/L) —\/(4+5M/L)2p% + A
2 = .
2
By letting
2p- (32(M/L)? +2) (4+5M/L) + y/max{A, 1}
¢ = ;
2
we have

p(¢*) +32(M/L)*p* — 20p* M/ L

2p (32(M/L)? +2) (44 5M/L) + y/max{A, 1}
- 2

2p(32(M/L)*+2) (4+5M/L) + y/max{A, 1} — p(4+5M /L) — \/(4+5M/L)%p*+ A
' 2

2p(32(M/L)*+2) (4+5M/L) + y/max{A, 1} — p(4+5M /L) + \/(4+5M/L)2p>+ A
' 2

2 max 1
. 2p (32(M/L)* +2) (4 +25M/L) + y/max{A, ;}
(2p (32(M/L)? + 1) (4 + 5M/L) 4 \/max{A, 1} )2 — (/A 5MJL)2p% + A)?
' 2

2 (32(M/L)? +2) (4+ 5M/L) + y/max{A, 1}
B 2
' < (2p (32(M/L)? +1) (4 + 5M/L))* + max{A, 1} — (4 + 5M/L)%p* + A)

2

+ (2p (32(M/L)* + 1) (44 5M/L)) { | max {A, i} >

2p (32(M/L)* +2) (4+5M/L) + \/m

>
- 2

- (2p (32(M/L)* + 1) (4 + 5M/L)) |/ max {A, i}
- (2p (32(M/L)*> + 1) (44 5M/L)) - max{A, 1}
2
>2p(32(M/L)2 +1)-5
> < :

Thus, we can obtain that

p(C*) > 2p(32(M/8L)2 D5 32(M/L)?p* 4 20p*M/L > 0.
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Note that p(¢) is monotonely increasing in the range [(*, co]. Thus, p(¢) does not have real roots in
this range. This implies A\;(A) < ¢*. By Eq. (50), we can obtain that if p satisfies the condition that

1

< 51
P=64(8(M/LY?2 +5M/L + 1)’ D
then it holds that A < i. If p also satisfies the condition that
1
(52)

P = I(32(M/L)? +2) (4 + 5M/L)’

M(A) < ¢ < 2t ymax{Ag) g
1 >~ >~

then we can obtain that

2 2
It is easy to check that if p < L3/(1280M3), inequalities (51) and (52) hold.
Now, we begin to prove that \/p < A1(A). We can conclude this result once it holds p(,/p) < 0.
This is because p(¢) will have a root between ,/p and 1/2 and A (A) must be no less than this root.
We have

p(v/p)
=v/ppo(v/p) — 32p*(M/L)* + 20p*M/L
=p (VP —p(d+5M/L) —4\/p (8p(M/L)* + 5M/L + 1 — 5pM /L) — 32p(M/L)* + 20pM/L)
=p (~(20M/L +3)\/p — p(4 + 5M/L) — 4p** (8(M/L)* ~ 5M/L) — p (32(M/L)* ~ 15M/L) )
<p(—(20M/L +3)\/p — p(4+5M/L))
<0,
where the first inequality is because of M /L > 1.

Since v is the eigenvector associated with A; (A), we can obtain that Av = A\;(A)v and have
the following equations

2v(2) + 2v(3) = A1 (A)v(1), (53)
20v(1) + 4pv(2) + 4pv(3) = M1 (A)v(2), (54)
2
o) 48 (Af) v(2) + 5o v(3) = X (A)v(3). (55)

By Egs. (53) and (54), we can obtain that
20v(1) = M(A)V(2) — 20A1 (A)v(1),

which implies that

V)= AN
2p(1+ X\ (A))

Replacing above equation to Eq. (55), we can obtain that

MM (A)v(2) M) 2 5pM
m =AM (A)v(3) - (8/) <L> v(2) + Lv(3)> < A (A)v(3),
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which implies that

2L(1+ M (A))v(3) < 3Lv(3) < 3v(3),

v(2) < i S—7 =

where the second inequality is because of p < 1/2. Combining Eq. (53), we can obtain that

2(3v(3) + v(3) _ 8v(3)
A1(A) RV

where the last inequality is because of A\;(A) > ,/p. [ |

v(l) <

B.4 Proof of Lemma 11

Before proving Lemma 11, we first give several important lemmas which are closely related to the
convergence rate of Algorithm 3.

Lemma 21 Letting x,y:, St be generated by Algorithm 3, it holds that

h(Zi+1) — h(z") <(1 — a)(h(zy) — h(z™)) — <@t, (1 — ) + ax™ — 3¢)

2 — 12
(5B NGl - e g 56

1377 20M2n + 1077*1
m

lse = 15* + lye — 15:]1%
Proof By p-strong convexity , L-smoothness of f(z) and the property of proximal operator, we
have

(1) (i)))

h(prox, ,(yi" — ns D —ns))

f(prox, Sy = sty + r(prox, . (y;” —ns;
=f(y;” + prox, . (yi" —nsi”) - §” )

. . . . . N 12
<fy) + VT (proxn,r(y?) —nst”’) — yi’ )) +3 Hproxn,r()’f) — i) — yi"

1 ; i i i i
+r<z>+5<proxn,r<y” ns)) =yt )T (2 — prox,, (vt —nsi”))

i) +r(prox, . (y

i K 2
<h(z) = V)T (z = yi") H - y{?

(i) (prox, ,(vi” = nsi”) - yi”)

(y! (4) (1)) (1)

s (1) (D _ ()

1
+5<proxn (ys” st =yt st T (z—prox, . (vt —usi”))

—h2) — (VHG). 2=y~ o=y (Tr). 60 )+ LE ]
(o0 - 602l il

=h(z) — <Vf(>’§i)) —s + G,z - y§l)> % Hz —y

—n <Vf(yy)) — S§i),G§i)> -7 (1 - 772) [tedil

L
+§ Hproxn’

2

(57
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for any given z € R%. Multiplying 1 — « on both sides of Eq. (57) and setting z = Z;, we get

(1 — )h(prox,, (v — nsi))

<(1 - (@) — (1 - ) (V") = st + Gz —y () -

— (= (Vi) —s.G) — (1= am (1 - ) il

o

Similarly, multiplying « on both sides of Eq. (57) and setting z = x*, we obtain that

ah(prox, , (y\) — nsi))

<ah(@") - a (Vi) — s+ 60" —y) - B

—an (V) . 6) —an (1= ) .

Adding above two inequalities, we have

« O

r —Yy;

h(prox, ,(y\" — ns{")) - h(z*)
<(1 —a) (h(z;) — h(z*)) - <Vf(y§“> s+ Gy, (1— @)z, + aa” - Y§i)> (58)

(Vs8-8 — (1= ) i - A o - i

Note that by Jensen’s inequality, we can get that

R R 1
% = Gl = || —EZYt) <Jm (59
i=1 =1
Then averaging Eq. (58) from i = 1 to m and using the convexity of h(z), we have
h(Ze11) — h(z")
Iy, 0 <)) pig
<13 hiprox,, (i —nsi)) — h(a)
i=1
(38) « 1 & i i i _ « i
< (1= a)(h(@) — h(a") = > (VI") = s + G (1= o) + aa” —y)7)
i=1
n ua i i I 1 jeze’ 1 z' 2 (60)
— IS (Vi) s 60 ) - n<1—>ZHG —ffzu
i=1
(59) . 1 & i i
< (1 - a)(h(@) ~ h(x >>—E2<w<y§>> st + G (1— @)z +aa” ()
i=1
IR i i i
— 2 AV s 6 ) ZH Gill" = 5 lla” = wil.
it
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Furthermore, we have

;i(sgi)—G )T(l—axﬁ—ozx —y§)>

=1
:%Z(Sgi)_G nyt )T<1—a$t—|—a1‘ — G+ G — ())
=1
(2)_<Gt7(1_0&)i’t+ax*—yt %Z< Vf( ) y§)>

and

LS (s = 6 = V)~ 317
i=1
= %i<s V) + Ge e — ygi)>
=1
. f;<sz> D)4 3 (G- 6 )

1

<.
I

Yt — ygi)

> s

i=1

1
m
\aEler el (A5 st

y St s -vie s o e

LA -1
- 5 Hy 7el?

(44),145)77 _ 9 9 _ .2 9 B _ .2
< L (9lse = 1) + 402 llye — 1) + 9072 iy — 13l )+—|\yt—1ytu
m nm

‘ 2

IN
= 3=

M;i

i=1

AM?y + 10n~1 s
———— lye — 137,

9 _
sy — 15,2 +
m

where the first inequality is because of Cauchy’s inequality and the second inequality is because
of 2ab < na® + b2 /1.

Combining above two inequalities, we can obtain that

1 i i N i
%Z<S§ '@ iy, 5 -y )>
i—1 (61)
4M?n +10n~1
m

_ ) 9 ) )
<= (G, (1 — )Ty + o™ — ) + sy — 15 + lye — 15> -
m
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Moreover, we have

IN

i
i
m (62)
<23 (vt - + et

“hdn _ .2 16M?%p 0 N e H (@) |2
<, 21 1 15 e
< st — 15" + = lye — 1g:l|” + 1m 2 |G

Combining Egs. (60), (61) and (62), we can obtain that

h(Zt41) — h(z")
<(1 = a)(h(zy) — h(z*)) — (Gt, (1 — )Ty + az™ — §p)

-(3-%) - ZH

2 20M?%n + 10~ !
m

Ha — 2
5 ||$* =4l

137
+ = s, — 15| lye — 17>
m

<(1 = a)(h(Z) — h(z*)) — <G‘t, (1— )z + az™ — ﬂt>

(i) le u? -

20M2n + 1077*1
m

13
+ B s, — 152 4 ly: — 1712,
m

where the last inequality is because of Jensen’s inequality. |

Lemma 22 Letting x;,y:,S; be generated by Algorithm 3, it holds that

oy *112 (1_a)lu — *112 ap * 112
5 |Te41 — 2| 372 vy — 2*[|” + > lye — 2™ ||
(63)

+ <Gta (1—a)z + ar” — ﬂt> + g HGtHQ-
Proof We have

e =

(38) 2

MH (1—a) vt~|—ayt——Gt—x

=5 H(l —a)U + gy — a:*H2 — E <Gt, (1—-)t+ay—z > —l— HGtH

]

g 11 = )5y + agi — 27> — a(Gr, (1 — @), + age — o) + g HGtH .

35



YE, LUO, ZHOU, AND ZHANG

Furthermore, by Eq. (36), we have v, = 4; + é(ﬂt — Z4) which implies that

1l—«

(1 —a)o +agy = e + (Gt — @)
Thus, it holds that

-« <C_¥t, (1 —a)v + ay — x*> = <C_¥t, (1 - )z + az™ — gt> .
It also holds that

(1 =)oy + age — 2|
_ * — * 2
< ((t=a)oe =27 + aflge — 27
<(1—a) o =" + ez —2"|*

Therefore, it holds that

— * l-« — * 87 — * ~ — * — ~ (12
B e — o1 < Co W a2 4 O g = 0P 4 (G (- )+ 0 — ) + G
|
Combining above two lemmas, we can obtain the following result.
Proof [Proof of Lemma 11] Using the definition of V;, we have
_ * o *12
Visr = 7(Ze41) = h(z") + 5 [[041 — 27|
(56),(63) 1 nL\ 5,2 13 _ 20M?n + 10n~* _
< (1-a)Vi—n (4 - 172> |G| + el e — 15,1 + e LR Iy — 1717
m
13 _ 20M?%n + 10n~1 i
< (L=a)Vit = sy = Lar|* + = |ly, — 151l
where the last inequality is because of n = 1/(2L). [ |

Appendix C. Convergence Analysis of Algorithm 1

The proof of Algorithm 1 is almost the same to the one of Algorithm 3. But, without the proxi-
mal mapping which will cause extra consensus error terms, the detailed convergence analysis of
Algorithm 1 is clean and easy to follow.

Lemma 23 The update procedure of Algorithm 1 can be represented as

x¢+1 =FastMix (y; — nst, K) , (64)
11—«

Yi+1 =X¢er1 + 1+ a(Xt+1 —Xt), (65)

st+1 =FastMix(sy, K) + (VF(yi41) — VF(y1)) — nfl(FastMix(yt, K)—yy), (66)

with sy = VF(y()).
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Proof The proof of this reformulation is equivalent to prove that given the reformulation of x,
y: and s; at iteration ¢, the reformulation of x;1; holds at iteration ¢ 4 1. Therefore our induction
focuses on x;1. First, when ¢ = 0, we can obtain that

x1 = T(yo —1nVF(yo)) = T(yo — ns0), (67)
which implies that
—yo = —nT(so) + T(yo) — ¥o-
Furthermore, have

s1=T(so) + (VF(y2) = VF(y1)) =1~ (T(y0) — ¥o)-

Thus, we can obtain that

||u.>

T (y1 + (x1 — yo) — n(VF(y1) — VF(y0)))
T(y1 — (nT(so) +n(VF(y1) — VF(yo0))) + T(yo0) — yo)
T(y1 — ns1),

where the first equation is because of the update of Algorithm 1. We obtain that the result holds
att = 0.

Next, we prove that if the results hold in the ¢-th iteration, then it also holds at the (¢ + 1)-th
iteration. For the ¢-th iteration, we assume that x;11 = T(y; — 1s;), which implies that

X1 — T(ye) = —nT(sy).

Therefore, we obtain that

Xty2 = T(Yert + Xep1 — ye — N(VE(yiq1) — VE(y)))
=T(yt+1 + Xt4+1 — T(Yt) —n(VF(yi+1) — VE(ye)) + T(yt) — yr)
=T(yt11 —nT(st) = n(VF(ye+1) — VE(ye)) + T(ye) — ye)
=T(ye+1 — nSt+1)-

This proves the desired result. |

We now show that T, ¥, g; (defined in Eq. (3) and generated by Algorithm 1) and v; (defined in
Eq. (18)) can be fit into the framework of the centralized Nesterov’s accelerated gradient descent.

Lemma 24 Let %y, i;, G (defined in Eq. (3)) be generated by Algorithm 1. Then they satisfy the
following equalities:

Te+1 =Yt — NGt,

11—«
1+«
St+1 =8¢t + Gt+1 — gt = Ge+1-

Yt+1 =Ti41 + (Tey1 — Tt), (68)
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Proof We first prove the last equality. First, we have %HT(’]I‘(yt) —vyt) = 1y — 15 = 0 by
Lemma 1. Thus, we can obtain that

St+1 = S¢ + gr+1 — Gt-

Furthermore, we will prove 5, = 7g; by induction. For ¢ = 0, we use the fact that s) = nV F(y).
Then, it holds that 5o = go. We assume that s; = g; at time ¢. By the update equation, we have

Si41 = 5¢ + (Ge41 — 9¢) = Jeg1-

Thus, we obtain the result at time ¢ 4 1. The first two equations can be proved using Eq. (68) and
Proposition 1. u

- _ _ T
Lemma 25 Letz; = [|ly: — 15|, p " [|x¢ — 1Z¢|| , M ||s¢ — 15¢][]
by Algorithm I and s, defined in Eq. (60), then it holds that

T
/2
Zt11 S Azt + 4% |:07 07 M‘/t:| ) (69)

where p and A are defined as

with x; and y; generated

K 2p  p 2pMn
) 1—>\2(W)> and A=| 1 0 Mnpy
9Mn p 3pMn

p:\/ﬂ<1—<1—\}§

Proof By the update step of y; 1 in Algorithm 1, we have

1+

|yi+1 — 1Ge41]] < |xtr1 — 12| +

o
— 12| .
T l+a o It ol

Furthermore, by Eq. (64), we have
2 1]l < lye = 134l + Mn -~ |13t — 151
— ||x¢+1 — 12 — c—||se — 15|
P t+1 t+11l = ||Yt Yi n ISt t

Therefore, we can obtain that

11—« _ 2pm
-1
1+oz||xt wt”+1+a

Iyest — 1l <2 llys — 1aall + Ise — 15
— _— — s; — 13
Yi+1 Yt+1 11 a Yt Yt t t
1 1
L20|lye — LGl + p - — |Ixe — 124 || + 2pMn - — [[st — 15| .
P M
Furthermore, by Eq. (66), we have

nlIstr1 — 1541
< |IT(s¢) = 18] + 0 |VE (Y1) — VE(ye) — L(Gerr — gl + [T(ye) — yell

(32)
<n||T(st) — 15| + n||VF(ye+1) — VE(ye)|| + | T(ye) — yell
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(33)
<p-nlse — 15 + Mn ||y — yell + [T(ye) — yell
<p-nlse = 15| + Mn|lyee1 — yell + 2 |lye — 15| ,

where the last inequality is because of
IT(ye) = yell = IT(ye) — 19 + 19 — yell < (1 +p) [lye — 15|l < 2|y — 1| -

By the update rule of y; 1, we have

[ H o
_ — x _ <, —
Yt+q1 — Yt I+a t4+1 1ta t — Yt
(64) 2 11—«
= ’]T _ _ P
I+a (Yt nSt) 1+ Y
IT(ye) — ||+ <) |+ 21 IT(se)l
X P —— S
_1+ Y Y 1+ a t— Yt 1+a t
4 1-—
e 1y —_— -1z — 1y
714_ llye — 1]l + 1_~_O[(||Xt Tell + llye — 1|
_ « _ 2n
+ 117 — 2| + (|1 (2 — 27 )H)+71+ ([IT(s¢) — 154 + [|15¢]])
68) 5 2p «
< — U +7~ s x; — 1T
“1ra llye — 13| 1+a n st (H t ¢ll)

e~ )+ I~ ) + ”\F

||9t||

Furthermore, by Eq. (34), we have

Ngell < llge — V@)l + IV (@)l < \f lye = 1gell + IVF (@)l -
Therefore, we can obtain that
! e
M ||St+1 — 1St41
1 B 54+ 2M 2
<pl1+20000)- 7 s = 15l + (2 + 7= lve— 13
1—a _ 1—a _ _ 2ny/m _
1 —z* 1 —z*

o e (12 — 2+ 1@ = 2" ) + T2 V@)

<p(1+2pMn) - % l[se = 18¢l[ + (7 +2Mn) Iy = 1G]] + llx; — 124]|
1@ — =) + 1@ — @) + 20vm [V £ (3) |
<p3Mn- - llse — 18]+ 9Mn- llye — 1] + 1, — 12
H11@ = )+ 112 = 27)] + 20vm [V £ (5]
where the last two inequalities use 1 < 1+ «, 7 = 1/L and L < M. Furthermore, we have
1@ — 2) | + 11z = 27| + 20v/m [V f ()|

<|11(ge — )| + 11 — =)l + 2Lnvm |7 — ]|
<3Vm g — 2| + Vm ||z — 27
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(39) 2V,

<3vm Tt—k\ﬁm\\ft—x*ﬂ
2

<4\/m ﬁ
o

The first inequality is because of the L-smoothness of f(x). The second inequality follows from the
step size n = 1/ L. The last inequality is due to the p-strong convexity. Thus, we can obtain that

1 _
i lIst+1 — 15¢41|

1 1 2
=p-3Mn- - st = 15¢[[ + 9Mn ||y — 1]l + p - » e — 124 + 4v/my | ;Vt
By the definition of z;, we can obtain that

zi01 = Az + [0,0,4v/2mV,/n] .

Next, we will prove the above two conditions which guarantee the convergence of ||z¢||. In the
following lemma, we show the properties of A and prove that the spectrum radius of A is less than %
if p is small enough.

Lemma 26 Matrix A defined in Lemma 25 satisfies that
0< Al(A) and ’)\3(A)‘ < ’AQ(A)‘ < Al(A),

with A\;(A) being the i-th largest eigenvalue of A. Let n = 1/L and p satisfy the condition that

1
<
= 108(Mn)3 + 288(Mn)2 + 24Mn + 167

then it holds that
A(A) <

)

| =

and the eigenvector v associated with \1(A) is positive and its entries satisfy

v(l) < 1;5\227, v(2) < (Wlpjwn + Aj;) v(3), 0<v(3), (70)

where v (i) is i-th entry of v.

Proof It is easy to check that A is non-negative and irreducible. Furthermore, every diagonal entry
of A is not zero. Thus, by Perron-Frobenius theorem and Corollary 8.4.7 of Horn and Johnson
(2012), A has a real-valued positive number A; (A) which is algebraically simple and associated with
a strictly positive eigenvector v. It also holds that A\; (A) is strictly larger than |\;(A)| with i = 2, 3.
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We write down the characteristic polynomial p(¢) of A,

p(¢) = ¢po(¢) — 9(Mn)?p + 3p* M),

where
po(¢Q) = ¢ —p(2+3Mn) ¢ — p (18(Mn)* + Mn+ 1 — 6pMn).

Let us denote
A =4p (18(Mn)* + Mn+1—6pMn). (71)

Thus, two roots of py((), ¢; and (z are

c p(2+3Mn) + /(24 3Mn)2p2 + A
1 pr—

2
and
_ p(2+3Mn) — /(24 3Mn)2p? + A
G2 = 5 )
Letting
o 2p - (9(M17)2+2) (2+3Mn) + \/max{A,i}
— 5 ,
we have
- 2p- (9(Mn)%+2) (2+3Mn) + |/max{A, 1}
p =
2
2p - (9(Mn)% +2) (2 + 3Mn) + \/max{A, 1} — p(2 + 3Mn) — /(2 + 3Mn)2p% + A
' 2
2p - (9(Mn)? +2) (24 3Mn) + \/max{A, 1} — p(2 + 3Mn) + /(2 + 3Mn)2p2 + A
' 2
—9(Mn)?p+ 3p*Mn
. 2 max 1
. 2p- (9(Mn)? +2) (2 +23M77) + y/max{A, 1}
<2p (9(Mmn)? +1) (2 + 3Mn) + {/max{A, %})2 —(/(24+3Mn)2p2 + A)?
' 2
—9(Mn)*p +3p* Mn
2p (9(M17)2 + 2) (24 3Mn) + {/max{A, %}
- 2
. < (20- (9(Mn)® +1) (2 + 3Mn))” + max{A, 1} = (24 3Mn)*p* + A)
2
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+(20- (9(Mn)* +1) (2+ 3Mn)) \/m>

— 9(Mn)*p+ 3p*Mn

20 (90 +2) 2+ 307) + \/max(A. 1}

B 2
(20 (9(Mn)? + 1) (2 + 3Mn)) m
—9(Mn)*p

. (20 (9(Mn)* +1) (22+ 3Mp)) - max{A, 1} )

— 9(Mn)?p > 0.

9(Mn)*p

>2,o(9(Mn)2 +1)-5

Note that p(¢) is monotonely increasing in the range [(*, oo]. Thus, p(¢) does not have real roots
in this range. This implies A1 (A) < ¢*. By Eq. (71), we can obtain that if p satisfies

p < (16 (18(My) + Mn +1)) ",
then it holds that A < i. If p also satisfies the condition that
p< (4-(9(Mn)® +2) (24 3Mn)) ",

then we can obtain that

M(A) < ¢ < R ek VI
1 ~ -~ —_— .
2 2

Combining the above conditions of p, we only need that

1
< .
= 108(Mn)3 + 288(Mn)? + 24Mn + 16

p

Now, we show that \/p < A;(A). We can conclude this result once it holds p(/p) < 0. This is
because p(¢) will have a root between /p and 1/2 and A\ (A) must be no less than this root. We
have

p(V/p) =vppo(/p) — 9(Mn)*p + 3pMn

=p (x/ﬁ—p(2+31\477)—43;3 —9(M77)2+3pM77>
A 2 2
(o)

NN 1 A
=p| -2 - = - = _oMm?
p( (\f 4> +3 NG 9 77><0,

where the last inequality is because of M7 > 1 (by Eq. (9)).
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Since v is the eigenvector associated with \; (A ), we can obtain that Av = A\;(A)v and have
the following equations

2pv(1) + pv(2) +2pMnv(3) = A1 (A)v(D),

v(1) + Mnv(3)
IMnv(1) + pv(2) + 3pMnv(3) = A1 (A)v(3).

|
>
et
2z
=
)
~—

Thus, combining with \/p < A1(A) < %, we can obtain that

V(1) < g Oa(AIV(E) ~ (v(2) + 8pMV(3) < o

and

1 Mn
NA) S (18\/5M77 ! \/ﬁ> v®)

Lemma 27 Letting V; be the Lyapunov function defined in Eq. (17) associated to Algorithm 1, then
it satisfies the following property

3 8 M2 1 ~
Vi< (1-3a) v (14 5) A0 L 1l @)
o L m

Proof When r(x) = 0, h(z) equals to f(x). Thus, we use f(z) directly instead of h(x). By the
update procedure of Algorithm 1, we have

_ _ L Ln? _ 9
F(@e1) <f(@e) —n(V (@), Ge) + 5 Al
2

L
= (@) =1 G 30) + 0 (G130~ V@) + = gl 3)

=1@) — 57 19 + 7 (509~ VI ).

where the last equation is because = 1/L. Furthermore, by the definition of V;, we have

Vigr = g |0r1 — &*)|* + f(Zegr) — flx¥)

(38) - - * - - = *
2L - o + g — 2| = 1= (G, (1 = )5 + 0y — )

+ 55z |G + F(@e) - F)

(73)M — — x (|2 = 3 7 *
<510 =)o+ age — 27" — a{ge, (1 — @)t + age — 27)

+ f(9e) — f(=") + % (96, 9¢ — V(@) -
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Furthermore, by Eq. (37), we can obtain that 7; = ¥j; + é(yt — 7t). Then we can obtain

1l—a

(1—a)v+ ayy = g1 + (G — Tt).

Hence, we have

f(@) — (g, (1 — a)ve + oy — %) — f(z¥)

=f(G) + (ge, ™ + (L — )y — ) — f(27)

=(a+1—a)f(G) + (V) alz® —g) + (1 —a)(@ — ) — f(z7)
+ (Gt — V(@) ax™ + (1 — )2 — )

<(t—a)(f(z) - f(z")) - % 2" = Gell* + (G — V() ax™ + (1 — )T — ) ,
where the last inequality is because f(x) is u-strongly convex. Therefore, we can obtain that
Vier <5 100- a)o + a2 I + 7 (0030~ V(@)
+ (=) (f(z) = f(7)) — % 2" = Gel* + (9 = Vf(5), 02" + (1 — )T — 1)
s@ 5= a1+ 52 g — 0|+ (L - ) (73 ~ F(a"))
% e = gl + (= V00" + (1= @)z~ 5+ 13
=(1—a)Vi + (g = V() ca” + (1 — )2 — ) + % ge = V£ (@)l 1gell
where the second inequality is because of
11— @)z + age — a*|* < (L= @) o, = 2" + allge —27I)* <(1 = a) o, — «*|* + allge — 2" *.

Furthermore, we have

2V
Joz™ + (1 — )7 — yt||<(1—0é)|!xt—w\+aHyt—xH<maX{\/Vt,\/Vt} Ve 3

Therefore, we have

2Vi

1
Vier <0 - )V + = V@l + 2 L - V(@0
1 ~ Vi _
<= a)Vi+ g = V@I + = V@9 @]+ 2 - V)]
<= Vit 7 L= TH@I + 20/ 5 g~ V7w
< —aWVi+ 1 g = VA@IE + GV + o5 - 1 g — V@)

(34) 3 8 M? _
< <1—404>Vt+ (14—&) -T~allyt—1ytll :
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Now, we provide the proof of Theorem 2.
Proof Let the eigenvector v be defined in Lemma 26 and set v(3) = 1. Combining with the fact
that first two entries of zg are zero, we can obtain that,

7o <||zol|v and  [0,0,1]"

By Eq. (69), we can obtain that

t
= ||zo]| >\1(A)”1v+4q/2—m : Z VVi-M(A) iy (74)

<||zO|r() \/%Z() T,

where the first equality is because v is the eigenvector associated with A1 (A) and the last inequality
is because of Lemma 26.

Next, we will prove our result by induction. We have |59 — 7V f(70)|| = 0, because the initial
values xq (i, :) are equal to each other. Then by Eq. (72), we have

Vis (1 - ) Vo s (1 - *> (VO 28/§m ”Z0”2) ‘

Next, we assume that forz = 1, ..., ¢, it holds that

Vi< (1-9) (ot g fmoll?)

Combining with Eq. (74), we can obtain that

z—1 <V - ,/2m§ 2727 V5 4 2707 g
<v- 2’”2? 20 (T2 ot gl 4276
= 2 288
t—1
2(/1—a/2 —2-(t=2)
2m ( ) \/
=v- |44/ — Vo + zo|> + 27V ||z
\/ . a1 0 288 |1zo]* M 1zo
2m o\t
<v-l12,/Z= (/1= 9~ (t=1)
<v ( VE(J1-5) Vot s ol + uzm)
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Now we upper bound the value of |5, — V f(#;)]|. First, by Lemma 25, we can obtain that

ly: — 13|
S <[2P7P, 2pM77]7Zt—1>

‘§’p<zv<1>+v<2>+2Mn>-(12ﬁ (\/1—;“)HW s ol + 27 “umr)

2 2 ! M0 4 on
P\ 18ary T 18y T b 7

t—1
2m «
124/ — (4 /1-= Vi 9~ (t=1)
( V2 (1-2) ot gl + umr)
<p-omn- (122 (=2 H\/v lzo|| + 2701 |||
S/P n 0 B 288 0 0

Combining the inductive hypothesis with Eq. (72), we have

Vit
< (1 — ia) Vi+ <1 + ;) : ]\f : % lye — 15

= (1 - 3404) (1 N %)t (VO * 28/§m ”ZOH2)

r2p (10 5) 20 o (B2 (1-2) (v g l?) + 4 )
<(1-3) (1=5) (o gy )

18288 p- <1+;> 'Af;'i‘(QM”)2‘ (1—%)t<%+288 0| )
= (1 N %)tﬂ (VO + 288 Izol )
(76)

where the last inequality is because of

1 L\*
| =] K,".
P=us"g.288 \ ) "9

Therefore, we can obtain that at the (¢ + 1)-th iteration, it also holds that

b= (12 (10 g o).

Furthermore,

1 (69
5 e = 1&:l| < ({10, M), z-1)

2 n0,m 12,27 ()1 O‘H\/V 2~ (t=1)
oy (1227 (1= 5) Sl 427 ]
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Contn- (12,2 (1 ¢ o Vi K 24 9—(t=1)
< n- 7 -3 0+288m l|zo||” + l|zol| | -

Thus, we can obtain that

t—1
- 2m a K 2 —(t-1)
-1 <p-2Mn- | 124/ — 1——= % 2
e — 120 <p n( 2 (J1-2) Vot gl + 27 o]
—(’)< me)
).

This finishes our proof.

References

Sulaiman A. Alghunaim, Kun Yuan, and Ali H. Sayed. A linearly convergent proximal gradient
algorithm for decentralized optimization. NeurIPS, 2019.

Sulaiman A. Alghunaim, Ernest Ryu, Kun Yuan, and Ali H. Sayed. Decentralized proximal gradient
algorithms with linear convergence rates. IEEE Transactions on Automatic Control, 2020.

Zeyuan Allen-Zhu. Katyusha X: Simple momentum method for stochastic sum-of-nonconvex
optimization. In ICML, 2018.

Albert S. Berahas, Raghu Bollapragada, Nitish Shirish Keskar, and Ermin Wei. Balancing communi-
cation and computation in distributed optimization. IEEE Transactions on Automatic Control, 64
(8):3141-3155, 2018.

Francesco Bullo, Jorge Cortes, and Sonia Martinez. Distributed control of robotic networks: a

mathematical approach to motion coordination algorithms, volume 27. Princeton University Press,
2009.

Chih-Chung Chang and Chih-Jen Lin. LIBSVM: a library for support vector machines. ACM
Transactions on Intelligent Systems and Technology, 2(3):1-27, 2011.

Paolo Di Lorenzo and Gesualdo Scutari. Distributed nonconvex optimization over networks. In
Workshop on CAMSAP, 2015.

Paolo Di Lorenzo and Gesualdo Scutari. Next: In-network nonconvex optimization. /IEEE Transac-
tions on Signal and Information Processing over Networks, 2(2):120-136, 2016.

Tomaso Erseghe, Davide Zennaro, Emiliano Dall’ Anese, and Lorenzo Vangelista. Fast consensus
by the alternating direction multipliers method. IEEE Transactions on Signal Processing, 59(11):
5523-5537,2011.

Dan Garber, Elad Hazan, Chi Jin, Sham M. Kakade, Cameron Musco, Praneeth Netrapalli, and Aaron
Sidford. Robust shift-and-invert preconditioning: Faster and more sample efficient algorithms for
eigenvector computation. In ICML, 2016.

47



YE, LUO, ZHOU, AND ZHANG

Mingyi Hong, Davood Hajinezhad, and Ming-Min Zhao. Prox-PDA: The proximal primal-dual
algorithm for fast distributed nonconvex optimization and learning over networks. In ICML, 2017.

Roger A. Horn and Charles R. Johnson. Matrix analysis. Cambridge university press, 2012.

Dusan Jakoveti¢. A unification and generalization of exact distributed first-order methods. /IEEE
Transactions on Signal and Information Processing over Networks, 5(1):31-46, 2018.

Dusan Jakovetié, Joao Xavier, and José M.F. Moura. Fast distributed gradient methods. IEEE
Transactions on Automatic Control, 59(5):1131-1146, 2014.

Peter Kairouz, H. Brendan McMahan, Brendan Avent, Aurélien Bellet, Mehdi Bennis, Arjun Nitin
Bhagoji, Kallista Bonawitz, Zachary Charles, Graham Cormode, Rachel Cummings, et al. Ad-
vances and open problems in federated learning. Foundations and Trends@®) in Machine Learning,
14(1-2):1-210, 2021.

Usman A. Khan, Soummya Kar, and José M.F. Moura. Diland: An algorithm for distributed sensor
localization with noisy distance measurements. /EEE Transactions on Signal Processing, 58(3):
1940-1947, 2009.

Dmitry Kovalev, Adil Salim, and Peter Richtarik. Optimal and practical algorithms for smooth and
strongly convex decentralized optimization. In NeurIPS, 2020.

Guanghui Lan, Soomin Lee, and Yi Zhou. Communication-efficient algorithms for decentralized and
stochastic optimization. Mathematical Programming, 180(1-2):237-284, 2020.

Boyue Li, Shicong Cen, Yuxin Chen, and Yuejie Chi. Communication-efficient distributed optimiza-
tion in networks with gradient tracking and variance reduction. Journal of Machine Learning
Research, 21:1-51, 2020a.

Huan Li and Zhouchen Lin. Revisiting EXTRA for smooth distributed optimization. SIAM Journal
on Optimization, 30(3):1795-1821, 2020.

Huan Li and Zhouchen Lin. Accelerated gradient tracking over time-varying graphs for decentralized
optimization. arXiv preprint arXiv:2104.02596, 2021.

Huan Li, Cong Fang, Wotao Yin, and Zhouchen Lin. Decentralized accelerated gradient methods
with increasing penalty parameters. IEEE transactions on Signal Processing, 68:4855-4870,
2020b.

Zhi Li, Wei Shi, and Ming Yan. A decentralized proximal-gradient method with network independent
step-sizes and separated convergence rates. [EEE Transactions on Signal Processing, 67(17):
4494-4506, 2019.

Ji Liu and A. Stephen Morse. Accelerated linear iterations for distributed averaging. Annual Reviews
in Control, 35(2):160-165, 2011.

Cassio G. Lopes and Ali H. Sayed. Diffusion least-mean squares over adaptive networks: Formulation
and performance analysis. IEEE Transactions on Signal Processing, 56(7):3122-3136, 2008.

48



MUDAG

Aryan Mokhtari and Alejandro Ribeiro. DSA: Decentralized double stochastic averaging gradient
algorithm. Journal of Machine Learning Research, 17(1):2165-2199, 2016.

Angelia Nedic and Asuman Ozdaglar. Distributed subgradient methods for multi-agent optimization.
IEEE Transactions on Automatic Control, 54(1):48-61, 2009.

Angelia Nedic, Alex Olshevsky, and Wei Shi. Achieving geometric convergence for distributed
optimization over time-varying graphs. SIAM Journal on Optimization, 27(4):2597-2633, 2017.

Yurii Nesterov. Lectures on convex optimization, volume 137. Springer, 2018.

Guannan Qu and Na Li. Harnessing smoothness to accelerate distributed optimization. IEEE
Transactions on Control of Network Systems, 5(3):1245-1260, 2017.

Guannan Qu and Na Li. Accelerated distributed Nesterov gradient descent. IEEE Transactions on
Automatic Control, 2019.

Michael Rabbat and Robert Nowak. Distributed optimization in sensor networks. In IPSN, 2004.

Alejandro Ribeiro. Ergodic stochastic optimization algorithms for wireless communication and
networking. IEEE Transactions on Signal Processing, 58(12):6369-6386, 2010.

Kevin Scaman, Francis Bach, Sébastien Bubeck, Yin Tat Lee, and Laurent Massoulié. Optimal
algorithms for smooth and strongly convex distributed optimization in networks. In /ICML, 2017.

Kevin Scaman, Francis Bach, Sébastien Bubeck, Laurent Massoulié, and Yin Tat Lee. Optimal
algorithms for non-smooth distributed optimization in networks. In NeurIPS, 2018.

Kevin Scaman, Francis Bach, Sébastien Bubeck, Yin Lee, and Laurent Massoulié¢. Optimal con-
vergence rates for convex distributed optimization in networks. Journal of Machine Learning
Research, 20:1-31, 2019.

Wei Shi, Qing Ling, Kun Yuan, Gang Wu, and Wotao Yin. On the linear convergence of the admm in
decentralized consensus optimization. /EEE Transactions on Signal Processing, 62(7):1750-1761,
2014.

Wei Shi, Qing Ling, Gang Wu, and Wotao Yin. A proximal gradient algorithm for decentralized
composite optimization. /[EEE Transactions on Signal Processing, 63(22):6013-6023, 2015a.

Wei Shi, Qing Ling, Gang Wu, and Wotao Yin. EXTRA: An exact first-order algorithm for
decentralized consensus optimization. SIAM Journal on Optimization, 25(2):944-966, 2015b.

Zhuoqing Song, Lei Shi, Shi Pu, and Ming Yan. Optimal gradient tracking for decentralized
optimization. Mathematical Programming, pages 1-53, 2023.

Ying Sun, Gesualdo Scutari, and Amir Daneshmand. Distributed optimization based on gradient
tracking revisited: Enhancing convergence rate via surrogation. SIAM Journal on Optimization,
32(2):354-385, 2022.

Hakan Terelius, Ufuk Topcu, and Richard M. Murray. Decentralized multi-agent optimization via
dual decomposition. IFAC proceedings volumes, 44(1):11245-11251, 2011.

49



YE, LUO, ZHOU, AND ZHANG

Konstantinos I. Tsianos, Sean Lawlor, and Michael G. Rabbat. Consensus-based distributed opti-
mization: Practical issues and applications in large-scale machine learning. In Allerton, 2012.

César A Uribe, Soomin Lee, Alexander Gasnikov, and Angelia Nedi¢. A dual approach for optimal
algorithms in distributed optimization over networks. In ITA Workshop, 2020.

Lin Xiao and Stephen Boyd. Fast linear iterations for distributed averaging. Systems & Control
Letters, 53(1):65-78, 2004.

Jinming Xu, Shanying Zhu, Yeng Chai Soh, and Lihua Xie. Augmented distributed gradient methods
for multi-agent optimization under uncoordinated constant stepsizes. In CDC, 2015.

Jinming Xu, Ye Tian, Ying Sun, and Gesualdo Scutari. Distributed algorithms for composite opti-
mization: unified framework and convergence analysis. IEEE Transactions on Signal Processing,
69:3555-3570, 2021.

Haishan Ye, Ziang Zhou, Luo Luo, and Tong Zhang. Decentralized accelerated proximal gradient
descent. In NeurIPS, 2020.

Kun Yuan, Qing Ling, and Wotao Yin. On the convergence of decentralized gradient descent. SIAM
Journal on Optimization, 26(3):1835-1854, 2016.

Minghui Zhu and Sonia Martinez. Discrete-time dynamic average consensus. Automatica, 46(2):
322-329, 2010.

50



	Introduction
	Related Work
	Preliminaries
	Multi-Consensus Decentralized Accelerated Gradient Descent
	Algorithms and Main Ideas
	Main Results

	Convergence Analysis
	Experiments
	The Setting of Networks
	Experiments on 2-Regularized Logistic Regression
	Experiments on Sparse Logistic Regression 

	Conclusion
	Useful Lemmas
	Proof of Lemmas in Section 5
	Collection of Lemmas
	Proof of Lemma 9
	Proof of Lemma 10
	Proof of Lemma 11

	Convergence Analysis of Algorithm 1

