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Abstract

We investigate decentralized online convex optimization (D-OCO), in which a set of local learners
are required to minimize a sequence of global loss functions using only local computations and
communications. Previous studies have established O(n®/%p=1/2y/T) and O(n3/2p~'logT) re-
gret bounds for convex and strongly convex functions respectively, where n is the number of local
learners, p < 1 is the spectral gap of the communication matrix, and 7" is the time horizon. How-
ever, there exist large gaps from the existing lower bounds, i.e., Q(n+/T) for convex functions and
Q(n) for strongly convex functions. To fill these gaps, in this paper, we first develop novel D-OCO
algorithms that can respectively reduce the regret bounds for convex and strongly convex functions
to O(np~'/*V/T) and O(np~'/?1log T). The primary technique is to design an online accelerated
gossip strategy that enjoys a faster average consensus among local learners. Furthermore, by care-
fully exploiting the spectral properties of a specific network topology, we enhance the lower bounds
for convex and strongly convex functions to Q(np~/4\/T) and Q(np~'/?), respectively. These
lower bounds suggest that our algorithms are nearly optimal in terms of T', n, and p.

Keywords: Online Convex Optimization, Decentralized Optimization, Optimal Regret, Acceler-
ated Gossip Strategy

1. Introduction

Decentralized online convex optimization (D-OCO) (Yan et al., 2013; Hosseini et al., 2013; Zhang
et al., 2017; Wan et al., 2020, 2022) is a powerful learning framework for distributed applications
with streaming data, such as distributed tracking in sensor networks (Li et al., 2002; Lesser et al.,
2003) and online packet routing (Awerbuch and Kleinberg, 2004, 2008). Specifically, it can be for-
mulated as a repeated game between an adversary and a set of local learners numbered by 1,...,n
and connected by a network, where the network is defined by an undirected graph G = ([n], )
with the edge set E C [n] x [n]. In the ¢-th round, each learner i € [n] first chooses a decision x;(t)
from a convex set  C R%, and then receives a convex loss function f; ;(x) : K — R selected by
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the adversary. The goal of each learner ¢ is to minimize the regret in terms of the global function
fe(x) =377 fij(x) ateach round t, i.e.,

T T
Rri=)_ fixi(t) —min} _ fi(x) (1)
t=1 t=1

where 7" denotes the time horizon.

Note that in the special case with n = 1, D-OCO reduces to the classical online convex opti-
mization (OCO) (Shalev-Shwartz, 2011; Hazan, 2016). There already exist many online algorithms
with optimal regret bounds for convex and strongly convex functions, e.g., online gradient descent
(OGD) (Zinkevich, 2003). However, these algorithms cannot be applied to the general D-OCO
problem, because they need direct access to the global function f;(x), which is unavailable for the
local learners. To be precise, there exist communication constraints in D-OCO: the learner ¢ only
has local access to the function f; ;(x), and can only communicate with its immediate neighbors via
a single step of the gossip protocol (Xiao and Boyd, 2004; Boyd et al., 2006) based on a weight ma-
trix P € R™ ™ at each round.! To address this limitation, the pioneering work of Yan et al. (2013)
extends OGD into the D-OCO setting, and achieves O (n°/%p~1/2y/T) and O(n*/?p~" log T') regret
bounds for convex and strongly convex functions respectively, where p < 1 is the spectral gap of
P. The key idea is to first apply a standard gossip step (Xiao and Boyd, 2004) over the decisions
of these local learners, and then perform a gradient descent step based on the local function. Later,
there has been a growing research interest in developing and analyzing D-OCO algorithms based
on the standard gossip step for different scenarios (Hosseini et al., 2013; Zhang et al., 2017; Lei
et al., 2020; Wan et al., 2020, 2021, 2022; Wang et al., 2023). However, the best regret bounds for
D-OCO with convex and strongly convex functions remain unchanged. Moreover, there exist large
gaps from the lower bounds recently established by Wan et al. (2022), i.e., Q(nﬁ) for convex
functions and €2(n) for strongly convex functions.

To fill these gaps, this paper first proposes two novel D-OCO algorithms that respectively
achieve a regret bound of O(np_l/ T ) for convex functions and an improved regret bound of
O(npfl/ 2log T') for strongly convex functions.” Different from previous D-OCO algorithms that
rely on the standard gossip step, we make use of an accelerated gossip strategy (Liu and Morse,
2011) to weaken the impact of decentralization on the regret. In the studies of offline and stochastic
optimization, it is well-known that the accelerated strategy enjoys a faster average consensus among
decentralized nodes (Lu and Sa, 2021; Ye and Chang, 2023; Ye et al., 2023). However, applying the
accelerated strategy to D-OCO is more challenging because it requires multiple communications in
each round, which violates the communication protocol of D-OCO. To tackle this issue, we design
an online accelerated gossip strategy by further incorporating a blocking update mechanism, which
allows us to allocate the communications required by each update into every round of a block. Fur-
thermore, we establish nearly matching lower bounds of Q(np~'/*\/T) and Q(np~'/2) for convex
and strongly convex functions, respectively. Compared with the existing lower bounds (Wan et al.,
2022), our bounds additionally uncover the effect of the spectral gap, by carefully exploiting the
spectral properties of a specific network topology. To highlight the significance of this work, we
compare our results with previous studies in Table 1.

1. More specifically, the essence of a single gossip step is to compute a weighted average of some parameters of these
local learners based on the matrix P. Moreover, following previous studies (Yan et al., 2013; Hosseini et al., 2013),
P is given beforehand, instead of being a choice of the algorithm.

2. We use the O() notation to hide constant factors as well as polylogarithmic factors in n, but not in 7'.
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Table 1: Summary of our results and the best previous results for D-OCO. Abbreviations: convex

— CVX, strongly convex — scvx.

e ource er Boun ower Boun egret Ga
7 S Upper Bound L Bound Regret Gap
O(n5 4p—1 2\/T)
Previous studies Yan et al. (2013); Wangz:(tT;I/@Oﬂ) O(n'/*p=1/2)
cvx Hosseini et al. (2013) '
. O(np~/*\/TTogn) Q(np~/4/T) —
This work Theorem 1 Theorem 3 Olvlogn)
O(n™ %™ logT) Q(n) 1/2 -1
Previous studies Yan et al. (2013); O(n'/?p~logT)
SCVX Wan et al. (2021) Wan et al. (2022)
: O(np~'/2(logn)log T) Q(np~1/2)
This work Theorem 2 Theorem 4 O((logn)logT)

2. Related Work

In this section, we briefly review the related work on D-OCO, including the special case withn =1
and the general case.

2.1. Special D-OCO withn =1

D-OCO with n = 1 reduces to the classical OCO problem, which dates back to the seminal work
of Zinkevich (2003). Over the past decades, this problem has been extensively studied, and various
algorithms with optimal regret have been presented for convex and strongly convex functions, re-
spectively (Zinkevich, 2003; Shalev-Shwartz and Singer, 2007; Hazan et al., 2007; Abernethy et al.,
2008). The closest one to this paper is follow-the-regularized-leader (FTRL) (Shalev-Shwartz and
Singer, 2007), which updates the decision (omitting the subscript of the learner 1 for brevity) as

t

1

x(t+1) = argmin > _(V fi(x(i)),x) + =||x|}3 )
xEX i—1 n

where 77 is a parameter. By setting an appropriate 7, it can achieve an optimal O(\/T ) regret bound
for convex functions. Note that this algorithm is also known as dual averaging, especially in the filed
of offline and stochastic optimization (Nesterov, 2009; Xiao, 2009). Moreover, when functions are
a-strongly convex, Hazan et al. (2007) have proposed a variant of (2),> which makes the following
update

t
. ) ) to
x(t+1) = argmmZ(Vfi(x(z)) — ax(i),x) + — ||x|3. 3)
xek o 2
This variant is named as follow-the-approximate-leader (FTAL), and can achieve an optimal regret
bound of O(log T") for strongly convex functions.

3. Although (3) seems slightly different from the update rule of Hazan et al. (2007), it is easy to verify the equivalence
between them.
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2.2. General D-OCO withn > 2

D-OCO is a generalization of OCO with n > 2 local learners in the network defined by an undi-
rected graph G = ([n], F). The main challenge of D-OCO is that each learner i € [n] is required
to minimize the regret in terms of the global function f;(x) = Z?Zl fi,j(x), ie., Ry, in (1),
but except the direct access to f; ;(x), it can only estimate the global information from the gossip
communication occurring via the weight matrix P. To tackle this challenge, Yan et al. (2013) pro-
pose a decentralized variant of OGD (D-OGD) by first applying the standard gossip step (Xiao and
Boyd, 2004) over the decisions of these local learners, and then performing a gradient descent step
according to the local function. For convex and strongly convex functions, D-OGD can achieve
O(n®*p=1/2y/T) and O(n®/?p~'log T') regret bounds, respectively.

Later, Hosseini et al. (2013) propose a decentralized variant of FTRL (D-FTRL), which per-
forms the following update for each learner ¢ at round ¢

t+1 Z -PUZ] +vft2(xl( ))
JEN;

“)

1
x;(t + 1) = argmin (z;(t + 1),x) + —||x||3
xek n

where N; = {j € [n]|(i,7) € E} U {i} denotes the set including the immediate neighbors of
the learner i and itself. Notice that the cumulative gradients >'_, V f;(x(i)) utilized in (2) is
replaced by a local variable z;(¢ + 1) that is computed by first applying the standard gossip step
over z;(t) of these local learners and then adding the local gradient V f; ;(x;(t)). As proved by
Hosseini et al. (2013), D-FTRL can also achieve the O(n®/*p=1/2y/T) regret bound for convex
functions. Recently, Wan et al. (2021) develop a decentralized variant of FTAL (D-FTAL) for a-
strongly convex functions, where each learner ¢ updates as

i(t+1) Z Pijzi(t) + (Vfri(xi(t)) — ax;i(t))

JEN;

)

. ta
x;(t+ 1) = argmin (z;(t + 1),x) + —Hx”%
xXEX 2

at round ¢. Different from D-FTRL, the local variable z;(t + 1) now is utilized to replace the
cumulative information >"'_, (V f;(x(i)) — ax(i)) in (3), which is critical for exploiting the strong
convexity of functions to achieve a better regret bound of O(n3/2p~1 log T').*

Additionally, many other OCO algorithms have also been extended into the decentralized setting
for handling various scenarios such as complex decision sets (Zhang et al., 2017; Wan et al., 2020,
2022; Wang et al., 2023), time-varying constraints (Yi et al., 2020, 2021), and dynamic environ-
ments (Shahrampour and Jadbabaie, 2018). However, the current best regret bounds for general D-
OCO with convex and strongly convex functions are still O(n%/*p~1/2y/T) and O(n*/?p~1log T)
respectively, and it is not clear whether these upper bounds are optimal or not. Although Wan et al.
(2022) recently establish Q(n+/T) and Q(n) lower bounds for D-OCO with convex and strongly
convex functions respectively, their results only imply that these upper bounds are (nearly) tight in

4. At first glance, Wan et al. (2021) only argue an O(ng/ 2p717%/3 10g T') regret bound for strongly convex functions.

However, this is because they focus on a projection-free property, and it is easy to verify that their algorithm can
achieve the O(n3/ 2p~!log T) regret bound if projection is conducted in each round (see Appendix F for details).
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terms of 7. There still exist gaps in terms of n and p between existing upper and lower bounds.
Notice that the value of p actually reflects the connectivity of the network: a larger p implies better
connectivity, and could even be €(n~2) for “poorly connected” networks such as the 1-connected
cycle graph (Duchi et al., 2011). Therefore, these gaps on n and p cannot be ignored, especially for
large-scale distributed systems. In this paper, we fill these gaps up to polylogarithmic factors.

Discussions Different from D-OCO, previous studies have proposed optimal algorithms for many
different scenarios of decentralized offline and stochastic optimization (Scaman et al., 2017, 2018,
2019; Gorbunov et al., 2020; Kovalev et al., 2020; Dvinskikh and Gasnikov, 2021; Lu and Sa, 2021;
Song et al., 2023; Ye and Chang, 2023; Ye et al., 2023). The closest work to this paper is Scaman
et al. (2019), which investigates decentralized offline optimization with convex and strongly convex
functions. Let p be the normalized eigengap of P, which could be close to p. Scaman et al. (2019)
have established optimal convergence rates of O(e~2+¢ ' 5~1/2) and O (e~ +e1/25~1/2) to reach
an e precision for convex and strongly convex functions, respectively. However, it is worth noting
that D-OCO is more challenging than the offline setting due to the change of functions. Actually,
it is easy to apply a standard online-to-batch conversion (Cesa-Bianchi et al., 2004) of any D-OCO
algorithm with regret R ; to achieve an approximation error of O(Ry;/(nT)) for decentralized
offline optimization, but not vice versa. Moreover, one may notice that due to the online-to-batch
conversion, it is possible to utilize existing lower bounds in the offline setting (Scaman et al., 2019)
to derive Q(nvV/T +np~'/2) and Q(n+np~'T~') lower bounds for the regret of D-OCO with con-
vex and strongly convex functions, respectively. However, for D-OCO, it is common to consider the
case where 7" is much larger than other problem constants, and these lower bounds will also reduce
to those specially established for D-OCO (Wan et al., 2022). In addition, we want to emphasize that
although the accelerated gossip strategy (Liu and Morse, 2011) has been widely utilized in these
previous studies on decentralized offline and stochastic optimization, this paper is the first work to
apply it in D-OCO.

3. Main Results

We first introduce the necessary preliminaries including common assumptions and an algorithmic
ingredient. Then, we present our two algorithms with improved regret bounds, and establish nearly
matching lower bounds.

3.1. Preliminaries

Similar to previous studies on D-OCO (Yan et al., 2013; Hosseini et al., 2013), we first introduce
the following assumptions.

Assumption 1 The communication matrix P € R™*" is supported on the graph G = ([n], E),
symmetric, and doubly stochastic, which satisfies

* Pij>0onlyif(i,j) € Eori=j;
* Y P =en, i = 1,Vj € [n].

Moreover, P is positive semidefinite, and its second largest singular value denoted by oo(P) is
strictly smaller than 1.
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Assumption 2 At each round t € [T), the loss function f;;(x) of each learner i € [n] is G-
Lipschitz over IC, i.e., it holds that

‘ft,i<x) - ft,Z(Y)’ S GHX - yH27 vx?Y c K.

Assumption 3 The set K contains the origin, i.e., 0 € K, and its radius is bounded by R, i.e., it
holds that
[x][2 < R, Vx € K.

Assumption 4 At each roundt € [T'), the loss function f; ;(x) of each learner i € [n] is a-strongly
convex over IC, i.e., it holds that

fri(y) > fri(x) + (Vfri(x),y —x) + %Hy —x|3, Vx,y € K.

Note that Assumption 4 with « = 0 reduces to the case with general convex functions.

Then, we briefly introduce the accelerated gossip strategy (Liu and Morse, 2011), which will be
utilized to develop our algorithms. Given a set of vectors denoted as V1, ..., V,, € R? a naive idea
for approximating the average V = % >it1 V,, in the decentralized setting is to perform multiple
standard gossip steps (Xiao and Boyd, 2004), i.e., setting V¥ = V; and updating as

Vf“:ZBjV§fork:O,1,...,L—1 (6)
JEN;

where L > 1 is the number of iterations. Under Assumption 1, it is well-known that ViL generated
by (6) provably converges to the average V with the increase of L. However, Liu and Morse (2011)
have shown that it is not the most efficient way, and proposed an accelerated gossip strategy by
mixing the standard gossip step with an old averaging estimation, i.e., setting V9 = \3 1=V, and
updating as

Vit =(1+0) ) P;Vi -0V fork=0,1,...,L—1 (7)
JEN;
where § > 0 is the mixing coefficient. Let X* = [(VF)T;...;(VE)T] € R™ for any integer

k > —1. Due to (7), it is not hard to verify that
Xkl — (14 0)PXF —gxF! (8)

for any integer k£ > 0. We notice that this process enjoys the following convergence property, where
X=211TX%=[VT;...; V"] and 1 is the all-ones vector in R".

Lemma 1 (Proposition 1 in Ye et al. (2023)) Under Assumption 1, for L > 1, the iterations of (8)

with @ = (1 + /1 — 03(P))~! ensure that
L _ % 1 L 0
Jx = X< Vi (1 (1= 55 ) VI ) X0 K]

3.2. Our Algorithms with Improved Regret Bounds

In the following, we first propose our algorithm for D-OCO with convex functions, and then show
how to exploit the strong convexity.
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3.2.1. CONVEX FUNCTIONS

Before introducing our algorithms, we first compare the regret of D-OCO against that of OCO,
which will provide insights for our improvements. Specifically, compared with O(v/T) regret of
OGD and FTRL for OCO, the O(n°/4p~1/2y/T) regret of D-OGD and D-FTRL has an additional
factor of n®/*p~1/2. Note that this factor reflects the effect of the network size and topology, and
is caused by the approximation error of the standard gossip step. For example, a critical part of the
analysis for D-FTRL (Hosseini et al., 2013) is the following bound

st ~ 20l =0 (¥ ©)

where z;(t) is defined in (4), Z(t) = 1 3", 2;(t) denotes the average z;(t) of all learners, and
p =1 — o9(P). Since (t) is also equal to 3."_" g() where g(7) = LSV ri(xi(7)), the

regret of D-FTRL can be upper bounded by the regret of a virtual centralized update with z(t) plus
the cumulative effect of the approximation error in (9) (Hosseini et al., 2013), i.e.,

3/2,T
o ions) o B)-o3+22) o

By minimizing the bound in (10) with 7 = O(+/p/(v/nT)), we obtain the O(n>/*p=/2/T) regret
of D-FTRL.

Thus, to reduce the regret of D-OCO, we should control the approximation error caused by
the standard gossip step. To this end, we propose to improve D-FTRL via the accelerated gossip
strategy in (7).> A natural idea is to replace the standard gossip step in (4) with multiple accelerated
gossip steps, i.e., first updating

z; () = (140) > Pyzh(t) — 0z '(t) fork=0,1,...,.L— 1

JEN;

1)

(2
ziL_l(t — 1)+ Vfi1i(xi(t—1)),and z;(1) = zZ-L_ (1) = 0. One can prove that (11) ensures (see
(17) in Section 4.1 for details)

and then setting z;(t) = z(t) for t > 2, where 20(t) = z;(t — 1) + Vfi_1;(xi(t — 1)), z; *(t) =
1

t—1
zi(t) =z (1) =Yg V() (12)
=1
where ggt_T)L(T) denotes the output of virtually performing (7) with V; = V f,;(x;(7)) and L =

(t — 7)L. Due to the convergence behavior of the accelerated gossip strategy, we can control the
error of approximating z(t) = Zt;:ll g(7) under any desired level by using a large enough L.
However, this approach requires multiple communications between these learners per round, which
is not allowed by D-OCO.

To address this issue, we design an online accelerated gossip strategy with only one communi-
cation per round. The key idea is to incorporate (11) into a blocking update mechanism (Garber and
Kretzu, 2020; Wan et al., 2022). Specifically, we divide the total 7" rounds into 7"/ L blocks, and

5. It is also possible to refine D-OGD via the accelerated gossip strategy, but the projection operation in D-OGD will
make the analysis of the approximation error more complex. Thus, we focus on improving D-FTRL and its variant.
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Algorithm 1 AD-FTRL
1: Input: 7, 6, and L
2: Inmitialization: set x;(1) = z;(1) = ziL*I(l) =0,Yi € [n]
3: forz=1,...,7/L do
for each local learner i € [n] do
If2<zseth=0,20(2) =2i(z — 1) +gi(z—1),2; ' (2) =2F (2 = 1) + gi(z — 1)
fort=(2—1)L+1,...,2L do
Play x;(=) and query V f,.:(xi(2))
If 2 < 2, update z7 1 (2) = (1 +0) > jeN; Pijz;?(z) — 0z (2)and k =k + 1
end for
10: Set gi(2) = > ye7. Vfri(xi(2)), where T, = {(: — 1)L + 1,..., 2L}
11: If2 < z,set z;(z) = zX(2)

R A

12: Compute x;(z + 1) = argmin, i (z;(2),x) + %HXH%
13:  end for
14: end for

only maintain a fixed decision x;(z) for each learner i € [n] in block z, where T'/ L is assumed to
be an integer without loss of generality. In this way, the sum of gradients of each learner ¢ in block 2
can be denoted as g;(2) = >, Vfii(xi(2)), where T, = {(z—1)L+1,...,zL}. Moreover, we
redefine g(z) = 2 37" | gi(z) for each block z, and maintain a local variable z; () to approximate
Zi; g(7) for each learner i. The good news is that now L communications can be utilized to
update z;(z) per block by uniformly allocating them to every round in the block. As a result, we
set z;(1) = 0, and maintain z;(z) for z > 2 in a way similar to (11), i.e., performing the following

update during block z
28 (2) = (1+0) Z Pijz?(z) — 0281 (2) fork = 0,1,...,L — 1 (13)
JEN;
and setting z;(z) = z(2), where 20 (2) = 2z;(z — 1) +gi(z —1),2; ' (2) = 2" ' (2 = 1) +gi(2 — 1),
and z“~'(1) = 0. Then, inspired by D-FTRL in (4), we initialize with x;(1) = 0, and set the

decision x;(z + 1) forany i € [n] and z > 1 as
. 1
xi(z 4 1) = argmin (z;(2),x) + —||x||3.
xekl n

We name the proposed algorithm as accelerated decentralized follow-the-regularized-leader (AD-
FTRL), and summarize the complete procedure in Algorithm 1.

In the following, we first present a lemma regarding the approximation error ||z;(z) — z(2)||2 of
AD-FTRL, which demonstrates the advantage of utilizing the accelerated gossip strategy.

Lemma?2 Letz(z) = Zi;i g(7), where g(1) = % Yo 8i(T), and
o 1 I V21In(v/14n)
1++/1-02(P) (V2 —1)y/1 = 02(P)

Under Assumptions 1 and 2, for any i € [n] and z € [T/L), Algorithm 1 with 0 and L defined in
(14) ensures

(14)

|12 (2) —2(2)[l, < 3LG.



NEARLY OPTIMAL REGRET FOR DECENTRALIZED ONLINE CONVEX OPTIMIZATION

Algorithm 2 AD-FTAL
1: Input: 8 and L
2: Initialization: set x;(1) = x;(2) = z;(1) = z/71(1) = 0,Vi € [n]
3: forz=1,...,7/L do
for each local learner i € [n] do
If2<zseth=0,20(2) =2i(z— 1) +di(z — 1),z ' (2) =2 (2 — 1) + di(z — 1)
fort=(2—1)L+1,...,2L do
Play x:(2) and query V foi(xi(2))
If 2 < 2, update z7 1 (2) = (1 +0) > jeN; Pijz;?(z) — 0z (2)and k =k + 1
end for
10: Setdi(2) = > 7. (Vfri(xi(2)) — axi(2)), where T, = {(z — 1)L+ 1,..., 2L}
11: If2 < z,setz;(z) = zX(2)

R A

12: Compute x;(z + 1) = argmin, i (z(2), x) + =25 |x |12
13:  end for
14: end for

From Lemma 2, our AD-FTRL can enjoy an error bound of O(p~1/2log n) for approximating z(z),
which is tighter than the O(y/np~1!) error bound in (9). Combining our Lemma 2 with the regret
analysis for D-FTRL (Hosseini et al., 2013), we establish the regret bound of AD-FTRL.

Theorem 1 Under Assumptions 1, 2, and 3, for any i € [n], Algorithm 1 with 0 and L defined in
(14) ensures

2 2
Re < nf n 13n77§TG .

From Theorem 1, by setting n = R/(v/ LTG), all the learners of AD-FTRL enjoy a regret bound
of O(np~/*\/Tlogn) for convex functions, which is tighter than the existing O(n®/*p~1/2y/T)
regret bound (Yan et al., 2013; Hosseini et al., 2013) in terms of both n and p.

3.2.2. STRONGLY CONVEX FUNCTIONS

Now, we proceed to exploit the strongly convex property to further reduce the regret of D-OCO.
Inspired by D-FTAL in (5), we only need to make two changes to our Algorithm 1. First, each
learner i € [n] should share the information d;(z) = >, (V f1i(xi(2)) — ax;(z)) that consists

of both the local gradient and decision with its neighbors, and maintain a local variable z;(z) to
approximate z(z) = 3.2_1 d(7), where d(7) = L5~ di(7). This can be achieved by iteratively
performing the update in (13) during block z > 2 with a new initialization as z{ (2) = z;(z — 1) +
di(z—1),z; '(2) = 2"} (2— 1) +d;(z — 1), and then setting z;(2) = z*(z). Second, each learner

» g

i € [n] at the end of block z > 2 should update the decision as

xi(z + 1) = argmin (z;(2),x) + MHXH% (15)

xek 2
Note that although (15) cannot be utilized to select x;(1) and x;(2), we can simply set x;(1) =
The detailed procedures for dealing with strongly convex functions are presented in Algo-
rithm 2, and it is called accelerated decentralized follow-the-approximate-leader (AD-FTAL). In
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the following, we first present a generalized version of Lemma 2 to bound the approximation error
|zi(z) — z(2)||2 of AD-FTAL.

Lemma3 Let7(z) = Y72} d(7), where d(7) = L S | d;(7). Under Assumptions 1, 2, and 3,

n

forany i € [n] and z € [T/ L], Algorithm 2 with 0 and L defined in (14) ensures
|lzi(2) — z2(2)||y < 3L(G + aR).

Lemma 3 implies that AD-FTAL also enjoys the error bound of O(p~1/2logn) for approximating
Z(z). Then, combining this lemma with the regret analysis for D-FTAL (Wan et al., 2021), we prove
the regret bound of AD-FTAL for strongly convex functions.

Theorem 2 Under Assumptions 1, 2, 3, and 4, for any i € [n], Algorithm 2 with 0 and L defined
in (14) ensures

3nLG(7G + 13aR)(In(T/L) + 1)
Rr; < - .

From Theorem 2, all the learners of AD-FTAL can exploit the strong convexity of functions to
achieve a regret bound of O(np~/2(logn) log T'). Compared with the O(np~'/*\/Tlog n) regret
of AD-FTRL for convex functions, this bound has a much tighter dependence on I'. Moreover, it
is better than the existing O(n3/2p~1 log T') regret bound for strongly convex functions (Yan et al.,
2013; Wan et al., 2021) in terms of both n and p.

3.2.3. DISCUSSIONS ON EXTREME CHOICES OF PARAMETERS

One may have noticed that the values of ¢ and L are carefully selected to establish the theoretical
guarantees of our AD-FTRL and AD-FTAL. To emphasize their significance, we further consider
two extreme cases: one with 6 = 0, and the other with L = 1.

First, in the extreme case with § = 0, our AD-FTRL and AD-FTAL is equivalent to improving
D-FTRL and D-FTAL by only using multiple standard gossip steps, respectively. It is easy to verify
that due to the slower convergence of standard gossip steps (Xiao and Boyd, 2004), this extreme
case requires a larger L = O(p~!logn) to achieve an even worse error bound of O(p~'logn)
for approximating z(z). Based on this result, the regret bound of AD-FTRL and AD-FTAL will
degenerate to O(np~'/2\/TTogn) and O(np~'(logn) log T), respectively. Although these bounds
are also tighter than the existing O(n®/4p~1/2\/T) and O(n3/?p~"'log T) regret bounds for convex
and strongly convex functions respectively, their dependence on p is worse than the regret bounds
achieved in Theorems 1 and 2.

Second, if L = 1, our AD-FTRL and AD-FTAL become a non-blocked combination of D-FTRL
and D-FTAL with the accelerated gossip strategy, respectively. Following previous studies on D-
OCO (Yan et al., 2013; Hosseini et al., 2013), such a non-blocked combination may be more natural
than the blocked version. However, in this way, the distance between z;(z), which satisfies (12) with
t = zand L = 1, and z(z) cannot be controlled as desired. Specifically, due to the newly added
component in z;(z), i.e., g; " (7) in (12) for 7 close to z — 1, we can only modify the analysis
of Lemmas 2 and 3 to derive a worse error bound of O(pfl/ 2/n). Correspondingly, the regret
bound of AD-FTRL and AD-FTAL will degenerate to O(n>/*p~1/4/T) and O(n®/?p=1/?1og T)
respectively, whose dependence on n is much worse than the regret bounds achieved in Theorems 1
and 2.

From the above discussions, both the accelerated gossip strategy and the blocking update mech-
anism are critical for our desired regret bounds.

10
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3.3. Lower Bounds

Although there still exist gaps between our improved regret bounds and the lower bounds estab-
lished by Wan et al. (2022), this is mainly because they do not take the decentralized structure into
account. To fill these gaps, we maximize the hardness of D-OCO by considering the 1-connected
cycle graph (Duchi et al., 2011), i.e., constructing the graph G by placing the n nodes on a circle
and only connecting each node to one neighbor on its right and left. In this topology, the adversary
can make at least one learner, e.g., learner 1, suffer O(n) communication delays for receiving the
information of the global function f;(x). Because of the O(n) communication delays, we can es-
tablish Q(nv/nT) and Q(n?) lower bounds for convex and strongly convex functions, respectively.
Finally, by exploiting the dependence of spectral properties on the network size n, we obtain lower
bounds involving the spectral gap, which are presented in the following theorems.

Theorem 3 Suppose K = [—~R/v/d, R/\/d]? which satisfies Assumption 3, and n = 2(m + 1)
for some positive integer m. For any D-OCO algorithm, there exists a sequence of loss functions
satisfying Assumption 2, a graph G = ([n], E'), and a matrix P satisfying Assumption 1 such that

vl T
IG(TRG (7];))1/4, and otherwise, R 1 > nkG .
— oy

4
Theorem 4 Suppose K = [—R/\/d, R/\/d|?, which satisfies Assumption 3 and n = 2(m + 1)
for some positive integer m. For any D-OCO algorithm, there exists a sequence loss functions
satisfying Assumption 4 and Assumption 2 with G = 2aR, a graph G = ([n], E), and a matrix P
satisfying Assumption I such that

ifn <8T'+8,Rr1 >

arnR? J oth o Rons > anR2T
, and otherwise, > .
2561/1 — 03(P) =16

Note that in both previous studies (Yan et al., 2013; Hosseini et al., 2013) and this paper, the up-
per regret bounds of D-OCO algorithms generally hold for all possible graphs and communication
matrices P satisfying Assumption 1. Therefore, although lower bounds in our Theorems 3 and 4
only hold for a specific choice of the graph and P, they are sufficient to prove the tightness of the
upper bound in general. Specifically, Theorem 3 establishes a lower bound of Q(npfl/ 4V/T) for
D-OCO with convex functions, which matches the O(np~/4\/T Tog n) regret of our AD-FTRL up
to polylogarithmic factors. For D-OCO with strongly convex functions, Theorem 4 establishes a
lower bound of Q(np~'/2), which matches the O(np~'/?(log n) log T) regret of our AD-FTAL up
to polylogarithmic factors. To the best of our knowledge, this paper provides the first lower bounds
that reveal the effect of the spectral gap on D-OCO.

ifn <8T'+8,Rpy1 >

4. Analysis

We here present the proof of Lemmas 2 and 3, and the omitted proofs can be found in the appendix.

4.1. Proof of Lemmas 2 and 3

Let g2(2) = g; *(2) = gi(2). Forany i € [n], z € [T/L — 1], and any non-negative integer k, we
first define a virtual update as

gl (z) = (1+9) Z Pijgj(z) — 0 (2). (16)
JEN;

11
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In the following, we will prove that for any z = 2,...,7'/L, Algorithm 1 ensures
z—1
2b(z) =3 g T ) vk =1, L (17)

i %
=1

by the induction method.

It is easy to verify that (17) holds for z = 2 due to z?(2) = z; '(2) = g;(1) and (16). Then,
we assume that (17) holds for some z > 2, and prove it also holds for z 4+ 1. From step 5 of our
Algorithm 1, we have

Z?(z +1) =2i(2) + gi(z) = ZZL(Z) + g?(z) an ZgngT)L
(18)
zl_l(z +1)= ZiL_l(Z) +gi(z) = ZiL_l(z) _1 (17) Z (z—7)L— 1

Combining (18) with step 8 of Algorithm 1, for £ = 1, we have
z2i(z+1) =(1+0) > Pyzy (= +1) - 02; *(z + 1)

JEN;
z—7)L+k—1 Z z—7)L—1+k—1
140 Y 7Y e (=03 e )
JEN; T=1 =1

_ Z (1+ 9) Z Pijgj(-z_T)LJ’_k_l(T) _ egZ(Z_T)L_1+k_1(T)
T=1

JEN;

z
(16) —7)L+k
2N gl
T=1

By repeating the above equality for k = 2, ..., L, the proof of (17) for z + 1 is completed.
From (17), forany ¢ € [n] and z = 2,...,T/L, we have

z—1
Z ORI
=1
To further analyze the right side of (19), we define
x* = [gh()T . igh(n)T] e R
for any integer k > —1, X = 2117 X% = [g(r)";...;g(r) "], and ¢ = 1 — 1/v/2. According to

(16), it is not hard to verify that the sequence of X!, ..., X follows the update rule in (8).
Then, combining with Lemma 1, for any 7 < z, we have

[xenr— x| < Vi (1= evT=0a®) T X0 - X,
VI (1= ey =) T (0] 15

z—1
<>
2

=1

|12i(2) — 2(2)ll; =

e ) a0 - a9

(20)

n

>3+ y/nllg™)3

=1

=14 (1 —cy/1— UQ(P))(ZiT)L

12
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Because of Assumption 2, for any z € [T'/L] and i € [n], it easy to verify that

lgi(2)lla = || Y Viui(xi(2))|| < LG, ||&(2)]2 = Zgz < LG. 2
teT: 2 2
Additionally, because of the value of L in (14), we have
L In(v/14n)
= (1 —cy/1— UQ(P)) < (1 —cy/1— JQ(P)) or/1—02(P)
1;1(@) 1 (22)
=)
< (1 —c 1 — o P >1n(17c\/170'2(P)> —
= 2(P) V1dn

where the second inequality is due to Inz~! > 1 — z for any z > 0.
Combining (20) with (21) and (22), for any ¢ € [n| and 7 < z, we have

&) &), <[xt=r x| <2vimm (1 evi-o?) T 1

(23)

(z—7—1)L

<2 (1 — /1 UQ(P)) LG.
Moreover, combining (19) with (23), forany i € [n] and z = 2,...,T/L, we have
z-1 (z—7—1)L =2
2:(2) — 7(2)]], §2LGZ (1 — /1 —Ug(P)) —21GY @
=0 (24)
(22)
_2LG < 2LG+£ <3LG
1—-e¢ Vi1dn —1

where the last inequality is due to v/14n > 3 for any n > 1. Now, we can complete the proof of
Lemma 2 by combining (24) with ||z;(1) — z(1)|]2 = 0.

Note that Lemma 3 can be proved by simply repeating the above procedures with the update
rule of z;(z) in Algorithm 2 and replacing the norm bound of gradients in (21) with

Idi(2)ll2 = || Y (Vfei(xi(2) = axi(2))|| < L(G +aR),
teT. 2 (25)
[d(z)]l2 = Zd < L(G+ aR)
2

where the first inequality is due to Assumptions 2 and 3.

5. Conclusion and Future Work

This paper investigates D-OCO with convex and strongly convex functions respectively, and aims to
fill the gaps between the existing upper and lower bounds. First, we propose a novel algorithm for
D-OCO with convex functions, namely AD-FTRL, which reduces the existing O(n%/*p~1/2/T)
regret bound to O(np_l/ T ). Second, we propose a variant of AD-FTRL for strongly convex

13
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functions, namely AD-FTAL, which achieves a better regret bound of O(np~'/21og T). Finally, we
demonstrate their optimality by deriving Q(np~/*\/T) and Q(np~'/2) lower bounds for convex
and strongly convex functions, respectively.

Both AD-FTRL and AD-FTAL proposed in this paper require the projection operation to update
the decision, which could be time-consuming for complex decision sets. Thus, it is interesting to
design projection-free variants of our algorithms by replacing the projection with linear optimiza-
tion steps. Although there already exist projection-free algorithms for D-OCO (Wan et al., 2020,
2021, 2022), they follow the standard gossip step, and thus only achieve O(n5/ 4p=1/273/ 4) and
O(n3/ 2p=172/3 10g1/ ST ) regret bounds for convex and strongly convex functions, respectively. In
contrast, projection-free variants of our algorithms are expected to achieve refined regret bounds of
O(np=Y4T3/%) and O(np~/2T%/3 10g!/? T), respectively.
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Appendix A. Proof of Theorem 1

According to Algorithm 1, the total 7" rounds are divided into 7"/ L blocks. For any block z € [T/ L],
we define a virtual decision

x(z) = argmin (x,7z(z)) + 1\\><H§ (26)
xeX n

where z(z) = Zi: g(r)and g(r) = 1 3" | g;(7). In the following, we will bound the regret of
any learner ¢ by analyzing the regret of the virtual decisions on a sequence of linear losses defined
by g(1),...,8(T/L) and the distance ||x;(z) — X(z)||2 for any z € [T'/L].

To this end, we first introduce two useful lemmas.

Lemmad4 (Lemma 6.6 in Garber and Hazan (2016)) Let {£;(x)}_, be a sequence of functions
and x; € argmin, g S0 _, €-(x) for any t € [T). Then, it holds that

T T
;Et(x,’f) - ineilrcl;ﬁt(x) <0

Lemma 5 (Lemma 5 in Duchi et al. (2011)) Let Ix(u, ) = argmin, - (u, x) + %HXH% For any
u,v e R<, we have
n
KL (a, 1) = e (v, m)ll2 < 5 fla = 2.

Let /1(x) = (x, g(1)>+%||x||% and /,(x) = (x,g(z)) forany z = 2,...,T/L. Combining Lemma
4 with the definition of X(z) in (26), for any x € IC, we have

T/L —(oV[]2 2
2)]12 —

Z<)—((Z + 1) —x, g(Z)> + ”X( )||277 ||XH2

z=1

L 27

_Z %(z41)) — £.(x)) <0.
Then, combining with Assumptions 2 and 3, it is not hard to verify that
T/L T/L T/L
Y (x(2) = x,8(2)) = ) _(xX(z+ 1) —x,8(= +Z z) =x(z+1),8(2))
z=1 z=1
T/L
3))
2 /L (28)

<7+ZHX ) —x(z 4+ 1ll2/g(2)ll2

T/L
R? - ey R?  nTLG?
<+ 5le@lE < —+
U z=1 2 N 2

where the third inequality is due to Lemma 5 and the definition of X(z) in (26).
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Next, we proceed to analyze the distance between X(z) and x;(z). Let z;(0) = 0 and z(0) = 0.
Forany z € [T'/L] and i € [n], Algorithm 1 ensures

. 1
xi(z) = argmin (x, zi(z — 1)) + ~[}x]3
xel n

According to Lemma 5, for any z € [T//L] and i € [n], we have
_ n _
Ixi(2) = %(2)l2 <5 llzi(= — 1) — 2(2)ll,

n " (29)
=5 |zi(z — 1) —z(z — 1)||, + §||§;(Z —1)|l2 <2nLG

where the last inequality is due to Lemma 2 and (21).
Now, we are ready to derive the regret bound of any learner . Due to Assumption 2, for any
z€[T/L],t €T, j€ [n],and x € K, we have

frj(xi(2)) — frj(x)
<frj(x(2)) = fr;(x) + Gllx;(2) — xi(2)]]2
<V fi(x(2)), x5(2) — %) + Gllx;(2) — x(2)[l2 + Gl[x(2) — xi(2)]2
(29) _ 9 (30)
< (Vfij(x5(2)), %(2) = x +x;(2) — x(2)) + 4nLG
<me( j(2)),%(2) = %) + Gllx;(2) = %(2)|2 + 49 LG
2V 15 (x5(2)), %(2) — %) + 6nLG2.

Then, for any x € I, it is not hard to verify that

T/L T/L
)IPIPITFCTEIES 9p ) SN
(30)T/L
<> D Z V5 (x;(2)),%(2) — x) + 6nnLTG>
z=11teT, j=1
T/L o8 ) ) ,
R?  13nnLTG
= n(g(z).x(2) - x) + 6y LTG? < " ¢ m72
z=1

which completes this proof.

Appendix B. Proof of Theorem 2

This proof is similar to that of Theorem 1, but some specific extensions are required for utilizing the

strong convexity of functions. First, for z = 2,...,T/L + 1, we define a virtual decision
. _ z—1)La
%(2) = argmin (x,2(2)) + 3 61)
xek 2

where z(z) = Y221 d(7) and d(7) = L5~ 1 di(7). In the following, we will bound the regret
of any learner i by analyzing the regret of X(2),...,%(7//L + 1) on a sequence of loss functions
defined by d(1),...,d(7"/L) and the distance ||x;(z) — X(z + 1)||2 for any z € [T'/L].
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Specifically, for any z € [T'/L], we define £.(x) = (x,d(z)) + £2||x||3. Combining Lemma 4
with the definition in (31), for any x € X, we have

T/L

_ ~ Lo, _
> (<x<z 1) =x,d() + 5 (Ix(e + DI - 1)
z=1
T/L (32)
_Z %(z+ 1)) — £,(x)) <0.
We also notice that for any z = 3,...,T/L, Algorithm 2 ensures
—-2)L
x;(z) = argmin (x,z;(z — 1)) + uHXH% (33)
xeK 2
Combining Lemma 5 with (31) and (33), for any z = 3,...,7/L, we have
1 _
[xi(2) = x(z = 1)]]2 < zi(z — 1) —2(z — D]l
(2 —2)La (34)
3(G+aR)
T (2-2)a

where the last inequality is due to Lemma 3.

To bound ||x;(z) — X(2z + 1)||2, we still need to analyze the term ||X(z — 1) — X(z + 1)]|2. Let
F.(x) =7, {;(x) forany z € [T'/L]. It is easy to verify that F,(x) is (zLa)-strongly convex
over I, and X(z + 1) = argmin, - F,(x). Note that as proved by Hazan and Kale (2012), for any
a-strongly convex function f(x) : K — R and x € K, it holds that

« * *
Sl =Xl < £(x) = F(x7) (35)
where x* = argmin,x f(x). Moreover, for any x,y € K and z € [T'/L], we have
[£=(x) = £L(y)| <[(VE(x),x —y)| < IIW ( )H Ix = yll2

=[d(= )+aLXH2IIX—.YII2 < L(G +2aR)[Ix — y|2-

(36)

Then, for any z = 3,...,T/L, it is not hard to verify that

1%(z = 1) = %(z + 1)|I3

(g)zza (Fu(x(z2—1)) — F.(x(z 4+ 1)))
:zza (F o(%(z — 1)) = Fy_a(%(2 + 1)) +TZZ:1 %(z— 1)) — ¢ (i(z+1)))>
P2 S -1 - 1) AR s,
which impliesTthz:
%z~ 1)~ %(z + 1)), < 2R, 37
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Combining (34) and (37), for any z = 3,...,T/L, we have
[xi(2) = %(z + D)2 <[lxi(2) = x(z = D2 + [|x(z = 1) = x(2 + 1)]|2

<3(G + aR) n 4(G + 2aR) < 7G + 11aR (38)
~ (z-2) 2 - (z=2)a
For z = 1 and z = 2, because of x;(1) = x;(2) = 0 and Assumption 3, we have
Ixi(2) =x(z + 1)[2 = [IX(z + Dl2 < R. (39)
Now, we are ready to derive the regret bound of any learner 7. For brevity, let €, = 7%;+121)QR for

any z =3,...,T/Land e, = R for z € {1,2}. Forany z € [T/L],t € T., j € [n],and x € K,
because of Assumptions 2 and 4, we have

frj(xi(2)) — frj(x)

<fri(%i(2)) = fr(x) + Gllx;(2) = xi(2) ]2
<(V/ii(%4(2)),%4(2) —%) - %IIX;( ) = x5 + Gllxj(2) = %(2 +1) + %(2 + 1) = xi(2)]2
<(V/ii(%4(2)),%(z + 1) = %) — %IIX;(Z) x|3 + (Vfei(x(2)), x;(2) = %(z + 1)) + 2Ge;
<(Vfii(%4(2),%(z + 1) = %) — %ij(z) = x5 + Gllx;(2) = %(z + 1)||2 + 2Ge.

<V fti(x(2), %(2 + 1) = x) = 5\\%‘(?«*) — x|} + 3Ge.

where the third and last inequalities are due to (38) and (39).
Moreover, we also have

Il (2) — x[13 =llx;(2) — (= + DIIE + 2(x;(2), %(2 + 1) — %) + [|x[|3 — [|X(= + D)3
>2(x;(2), (2 + 1) — x) + [[x[13 - |%(z + 1)|5.
Combining the above two inequalities, for any z € [T'/L],t € T, j € [n], and x € K, we have
fri(xi(2)) = fri(%)
(Vg 061 (2), %+ 1) =)~ (200,(2), %(z + 1) — ) + [l — (2 + 1)) + 3G
= (Vi 045(2)) — a5 (2), %z +1) =) + & (%= + DI ~ [x]3) + 3.

From the above inequality, it is not hard to verify that

T/L T/L
S ) = 3 0 )
z=1teT; j=1 z=1teT, j=1
T/L N
<3y Z ( (V fug(3x3(2)) — a3 (2), %(2 + 1) =) + 5 ([%(z + D3 = [x]13) + 3Gez)
z=1teT, j=1
T/L Lo T/L
=03 (@)K 4 1) =)+ G+ DI - Ix1B)) + 3026 Y e
z=1 z=1
T/L
<3nLG ) e
z=1
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Finally, combining the above inequality with the definition of €., we have

T/L n T/L n T/L—2
Z Z th,j(Xi(Z)) - Z Z Z ftj(x) <6nLGR + 3nLG(7Ci+ 1aR) Z %
z=1teT, j=1 z=1teT, j=1 z=1
<3nLG(7G + 13aR)(In(T'/L) + 1)
a
T/L—2

where the last inequality is due to > 1 <In(T/L)+1.

z=1

Appendix C. Proof of Theorem 3

Recall that Wan et al. (2022) have established an ©(n+/T') lower bound by extending the classical
randomized lower bound for OCO (Abernethy et al., 2008) to D-OCO. The main limitation of their
analysis is that they ignore the topology of the graph G and the spectral properties of the matrix P.
To address this limitation, our main idea is to refine their analysis by carefully choosing G and P.

Specifically, let A € R™*" denote the adjacency matrix of G, and let §; denote the degree of
node . As presented in (8) of Duchi et al. (2011), for any connected undirected graph, there exists
a specific choice of the communication matrix P satisfying Assumption 1, i.e.,

1

P=I,———
" 5max+1

(D—-A) (40)
where I,, is the identity matrix, dyax = max{d1,...,0,}, and D = diag{d,...,d,}. Moreover,
Duchi et al. (2011) have discussed the connection of the spectral gap 1 — o2(P) and the network
size n for several classes of interesting networks. Here, we need to utilize the 1-connected cycle
graph, i.e., constructing the graph G by placing the n nodes on a circle and only connecting each
node to one neighbor on its right and left. We can derive the following lemma for the 1-connected
cycle graph.

Lemma 6 For the I-connected cycle graph with n = 2(m+ 1) where m denotes a positive integer,
the communication matrix defined in (40) satisfies

? 2

— <4n-.

1—oo(P) = "
Then, we only need to derive a lower bound of £2(nv/nT’) because combining it with Lemma 6 will
complete this proof. To this end, we set

fen—my2142(x) =+ = frn(x) = fr1(x) = fr2(x) = = fipmy2(x) =0

and carefully choose other local functions fy [, /2141(X); - - s fen—m/2141(X). According to the
topology of the 1-connected cycle graph, it is easy to verify that the learner 1 cannot receive the
information generated by learners [m /2] + 1,...,n — [m/2] + 1 at round ¢ unless there exist
[m /2] communication rounds since round t.

Let K = [m/2],Z = (T —1)/K],cz4+1 =T,and ¢; = iK fori = 0,...,Z. The total T
rounds can be divided into the following Z + 1 intervals

[co+1,c1],[er +1,¢a], o [ez + 1, cz41].
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To maximize the impact of the communication and the topology on the regret of learner 1, for any

i €10,...,Z}andt € [c; + 1, ¢ip1], we will set f; 1, /0141(X) = -+ = fi - m/2141(X) = hi(x).
In this way, the global loss function can be written as

fi(x) = (n = 2K + 1)hi(x) @1
forany i € {0,...,Z} and t € [¢; + 1, ¢;y1]. Moreover, according to the above discussion, the
decisions x1(¢; + 1),...,x1(¢;41) forany i € {0, ..., Z} are made before the function h;(x) can
be revealed to learner 1. As a result, we can utilize the classical randomized strategy to select h;(x)
forany i € {0, ..., Z}, and derive an expected lower bound for Ry ;.

To be precise, we independently select h;(x) = (w;,x) for any i € {0,...,Z}, where the
coordinates of w; are +G /+/d with probability 1/2 and h;(x) satisfies Assumption 2. It is not hard
to verify that

IEwo,...,wZ [RT 1]

Ci+1 Ci+1
DR .y Z > (n—2K + 1)h(x mlnz > n—2K+1h()]
=0 t=c; +1 sy |
Ci+1 Z
=n—2K+1)Ew,. . wy, [Z Z wi, X1 (t mi’rcl Z(Ci+1 — cl-)<wi,x>]
=0 t= cz+1 xR0 (42)
—(n—=2K+1)Ew,,. . wy, ;nelnz Cit1 — C){Wi, X )]

z
—(n—2K+1)Ew,, wy, min <x, Z Cit1 — Ci)W z>

xe{-R/VARNVI}" \ i

where the third equality is due to Ev,, . w, [wiTxl (t)] = 0 forany t € [¢; + 1,¢i4+1], and the last
equality is because a linear function is minimized at the vertices of the cube.

Then, let €g1,...,€0d,---,€21,---,€zq be independent and identically distributed variables
with Pr(e;; = £1) = 1/2fori € {0,...,Z} and j € {1,...,d}. Combining with (42), we
further have

d R Z €:G
EWO:--~7WZ [RT,I] = - (n —2K + 1 €01 5--+,€ Z - Z Ci+1 — ) =

= Vd Vd

A
=(n—2K + 1)RGE,, ... [ Z Cit1 — Ci)€il ]
=0 (43)
Z
- 1)
> (n 2K T 1)RG Z Ci+1 — Cz

- V2
< (n—2K +1)RG [(cz41 —co)?  (n—2K 4+ 1)RGT

= v Z+1 ~ Az

where the first inequality is due to the Khintchine inequality and the second inequality is due to the
Cauchy-Schwarz inequality.
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Note that the expected lower bound in (43) implies that for any D-OCO algorithm, there exists
a particular choice of wy, ..., wz such that

(n—2K + 1)RGT N nv2nRGT
20Z+1) 48T —8+n

Rry >

where the last inequality is due to

n—-2K+1  n—-2[m/2]+1 S n—m-—1
VZ+T T - 0/ml 41 T D/m2 +1
B (m+1)vVm+1
VT =1)/Im/2] +1)(m + 1)
N (m+1)vm+1 ny/n
VAT -4+ m+1 28T —8+n

If n < 8T + 8, combining the above result on Ry ; with Lemma 6, we have

Rt > nﬁRG\/T
TL=16(1 — oo (P)) /A

(44)

Otherwise, we have 87 — 8 +n < 2n, and thus Ry > LZGT_

Appendix D. Proof of Lemma 6

We start this proof by introducing a general lemma regarding the spectral gap of the communication
matrix P defined in (40).

Lemma 7 (Lemma 4 of Duchi et al. (2011)) Let §; denote the degree of each node i in a connected

undirected graph G. For the graph G, the matrix P defined in (40) satisfies

5min 6max
< - - —
UQ(P) max{l 5 . 1/\n—1(£)7 5 . 1/\1(£) 1}

where dyin = min{d1,...,0,}, Omax = max{d,...,d,}, L denotes the normalized graph Lapla-
cian of G, and \;(L) denotes the i-th largest real eigenvalue of L.

Moreover, for the 1-connected cycle graph, Duchi et al. (2011) have proved that £ has the following

eigenvalues
o
{1— cos (m) 1=1,--- ,n}.
n

Therefore, because of n = 2(m + 1), it is easy to verify that

2(m+ 1)m
n

M) =1 cos ( ) =1 costm) =2

Moreover, because of n = 2(m + 1) and cos(x) = cos(2m — z) for any x, we have

A1 (L) = min{l ~ cos <2§> ,1— cos (2”(7;_1))} =1 cos <m1 1) > 4(m7i 7

24




NEARLY OPTIMAL REGRET FOR DECENTRALIZED ONLINE CONVEX OPTIMIZATION

Since the 1-connected cycle graph also satisfies that dyax = dmin = 2, by using Lemma 7, we have

(P) <max 1 - 2x,1(L), 2L =12y (L‘)<1—7T72
oA = max gVl T T g S T 12

where the equality is due to A\,,—1(£) < 1 — cos(7/2) < 1. Finally, it is easy to verify that
G < 6(m +1)% < 4n?
O E—— m mn-.
1—o09 (P) - -
Appendix E. Proof of Theorem 4

This proof is similar to the proof of Theorem 3. The main modification is to make the previous local
functions a-strongly convex by adding a term 5 lIx|I3.

To be precise, let K = [m/2],Z = |[(T —1)/K],cz41 =T,and¢; = iK fori =0,...,Z.
We still divide the total 7" rounds into the following Z + 1 intervals

[Co + 1,61], [01 + 1,02], ce [CZ + 1,Cz+1].

At each round ¢, we simply set

ft,n—(m/21+2(x) == ft,n(X) = ft,l(X) = ft,Q(X) == ft,[m/ﬂ (x) = gHXH%

which satisfies Assumption 2 with G = 2aR and the definition of a-strongly convex functions.
Moreover, for any i € {0,...,Z}and t € [¢; + 1, ¢;41], we set

(6%
Fotmy2141(%) = -+ = fon—fm/2141(x) = hi(x) = (wi, x) + = x[|3
2

where the coordinates of w; are =R /+/d with probability 1/2. Note that h;(x) satisfies Assump-
tion 2 with G = 2aR and Assumption 4. Following the proof of Theorem 3, we set G as the
1-connected cycle graph, which ensures that the decisions x; (¢; +1), ..., x1(¢;+1) are independent
of W;.

Then, let w = % ZiZ:O(ciH — ¢;)w;. The total loss for any x € K is equal to

T z
an
S50 = (e = i) (0= 2K + 1w, x) + T x]3)
t=1 =0
anT
=a(n — 2K + 1)T(w,x) + —H ||2 (45)
T (n—2K+1) _||*> [[(n—2K+1)_|?
=— Vnx 4+ —F— W — ‘ —_—W .
(H Vn 2 Vn 2
According to the definition of w;, the absolute value of each element in — 2= 2K n=2K+1 & is bounded by
n—2K+1ZZ: e —c)aR _ (n—2K+ 1R _ R
2 7 wd oV
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which implies that — =25+ belongs to K = [-R/Vd, R/V/d]“.
By further combining with (45), we have

T T 2
) n—2K+1_ . ol |[(n—2K+1) _
argmin » fi(x) = ———  wand min » fi(x)=——||——F——w]|| .
xeK ; ( ) n xek ; ( ) 2 \/’Tl 9
As aresult, it is not hard to verify that
]EWOr--aWZ [RT,l]
r Z Ci+1 2
an aT |[(n—2K +1) _
Bz |2 D (0= 2K + Dwia () + Gl (0)) + 5 \ Y R 2]
Li=0 t=c;+1
 Z  Cit1 2
a(n —2K +1)°T _
s |33 -2 () + 0
Li=0 t=c;+1
[a(n — 2K +1)°T, _
e e
where the last equality is due to Ev, . w,[w, x1(t)] = 0 forany t € [¢; + 1, ¢i11].
Next, leteg1, ..., €04y ---,€21, - - - , €74 be independent and identically distributed variables with

Pr(ej; = +£1) =1/2fori € {0,...,Z} and j € {1,...,d}. Combining the definition of W with
the above equality, we further have

(n—2K +1)?

]EW07~--,WZ [RTJ] = 20T W0, Wz

d
_(n—2K 41)?
—WEem,...,eZd Z

L | £ Jd
_J—l =0 2 (46)
Z
a(n — 2K +1)2R?
- nT EGOL---,EZl Z(Ci—i—l 02)611
=0
a(n—2K+1)2R2 Z ) O[(n—2K+1)2R2T
- (ciy1 —ci)” >
2nT 2(Z +1)

=0

where the inequality is due to the Cauchy-Schwarz inequality and (cz1 — cg)? = T2
The expected lower bound in (46) implies that for any D-OCO algorithm, there exists a particular
choice of wy, ..., wyz such that

a(n — 2K +1)2R*T (4>4) an?R?T

Ry, > .
n= m(Z +1) = 88T —8+n)

If n < 8T + 8, according to Lemma 6, by using the communication matrix P defined in (40), we

have
amnR?

Rry > .
1= 956,/1— 0u(P)

1 2
Otherwise, we have 81" — 8 + n < 2n, and thus Ry > %.
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Appendix F. Regret Bound of D-FTAL

Note that Wan et al. (2021) originally develop a projection-free version of D-FTAL for a-strongly
convex functions, which also adopts the blocking update mechanism to update the decision of each
learner. Following the notations in our Algorithm 2, at the end of each block z = 1,...,7T/L, each
learner ¢ of their algorithm updates as

zi(z+1) = Z Pijzi(z) + d;(z)
JEN; (47)
xi(z+1) =CG(K, K, F. ;(x),xi(2))

where F. ;(x) = (z;(z +1),x) + 2£2|x||3, and x;(z + 1) is computed by utilizing the classical
conditional gradient (CG) method (Frank and Wolfe, 1956; Jaggi, 2013) with the initialization x;(z)
and K iterations to minimize the function F, ;(x) over the decision set .

According to Theorem 1 of Wan et al. (2021), under Assumptions 1, 2, 3, and 4, their algorithm

can achieve the following regret bound

12nGRT
VK +2°

By substituting K = L = T2/3 into (48), they derive an O(n/2p~1T2/310g T') regret bound for
strongly convex functions. However, this choice of K and L is for achieving the projection-free
property, i.e., only one CG iteration based on a linear optimization step is utilized per round on
average. It is easy to derive an improved regret bound of O(n?’/ 2p~llogT) for strongly convex
functions by substituting X' = oo and L = 1 into (48). Moreover, one can verify that by setting
K = oo and L = 1, the algorithm of Wan et al. (2021) reduces to D-FTAL in (5) because the
second step in (47) now is equivalent to computing x;(z + 1) = argmin, i F ;(x) exactly via the
projection operation.

(48)

2 3/2
Rps < <2nL(G;— 2aR) n 3GL(G ;—paR)n

) (1+1In(T/L)) +
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