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Abstract—Distributed bandit online convex optimization
with time-varying coupled inequality constraints is consid-
ered, motivated by a repeated game between a group of
learners and an adversary. The learners attempt to minimize
a sequence of global loss functions and at the same time
satisfy a sequence of coupled constraint functions, where
the constraints are coupled across the distributed learners
at each round. The global loss and the coupled constraint
functions are the sum of local convex loss and constraint
functions, respectively, which are adaptively generated by
the adversary. The local loss and constraint functions are
revealed in a bandit manner, i.e., only the values of loss
and constraint functions are revealed to the learners at
the sampling instance, and the revealed function values
are held privately by each learner. Both one- and two-point
bandit feedback are studied with the two corresponding
distributed bandit online algorithms used by the learners.
We show that sublinear expected regret and constraint
violation are achieved by these two algorithms, if the
accumulated variation of the comparator sequence
also grows sublinearly. In particular, we show that
O(T?) expected static regret and O(T7/4-9) constraint
violation are achieved in the one-point bandit feedback
setting, and O(T™ax{=1-~}) expected static regret and
O(T'%/2) constraint violation in the two-point bandit
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feedback setting, where 6 € (3/4,5/6] and € (0,1) are
user-defined tradeoff parameters. Finally, the tightness
of the theoretical results is illustrated by numerical
simulations of a simple power grid example, which also
compares the proposed algorithms to algorithms existing
in the literature.

Index Terms—Bandit convex optimization, distributed
optimization, gradient approximation, online optimization,
time-varying constraints.

|. INTRODUCTION

NLINE convex optimization is a promising methodology

for modeling sequential tasks and has important applica-
tions in machine learning [1], smart grids [2], sensor networks
[3], [4], etc. It can be traced back to the 1990s [5]—[8]. Online
convex optimization can be understood as a repeated game
between a learner and an adversary [1]. At round ¢ of the game,
the learner chooses a point x; from a known convex set X C RP,
where p is the dimension of the space. Then, the adversary
observes z; and chooses a convex loss function f; : R? — R.
After that, the loss function f; is revealed to the learner who
suffers a loss f;(z;). Note that at each round, the loss function
can be arbitrarily chosen by the adversary, especially with no
probabilistic model imposed on the choices, which is the key
difference between online and stochastic convex optimization.
Such an adversary with the power to arbitrarily choose the loss
functions is said to be a completely adaptive adversary [9]. The
goal of the learner is to choose a sequence 7 = (x1,...,27)

such that his/her regret Reg(xr, yr) = Zthl (fe(ze) — fi(ye))
is minimized, where T is the total number of rounds and
yp = (y1,- .., yr) is a comparator sequence. Over the past two
decades, online convex optimization has been extensively stud-
ied, e.g., [1], [3], [4], [8], [10]-[19]. It has also been extended to
distributed setting, e.g., [20]-[22], and nonconvex setting, e.g.,
[23]-[25]. All existing online algorithms require the knowledge
of the entire loss function or the gradient of the loss function. In
particular, it is known that the projection-based online gradient
descent algorithm achieves an O(v/T) static regret bound for
convex loss functions with bounded subgradients and that this
is a tight bound up to constant factors [10].

Bandit online convex optimization is online convex optimiza-
tion with bandit feedback, i.e., at each round, only the values of
the loss functions are revealed, rather than the entire loss func-
tion, the gradient of the loss function, or some other information.
Bandit feedback is suitable to model various applications, where
the entire function or gradient information is not available, such
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as online source localization, online routing in data networks,
and online advertisement placement in web search [26]. For
such applications, existing online algorithms are inapplicable but
gradient-free (zeroth-order) optimization methods are needed.
Gradient-free optimization methods have a long history [27]
and have an evident advantage since computing a function value
is much simpler than computing its gradient. Gradient-free opti-
mization methods have gained renewed interests in recent years,
e.g., [28]-[31]. Essentially, bandit online convex optimization is
a gradient-free method to solve convex optimization problems.
In a bandit setting, a sublinear static regret bound may not be
guaranteed if the adversary still can arbitrarily choose the loss
function. Under completely adaptive adversary, Agarwal et al.
[9] gave an example to show that any algorithm suffer at least
linear regret. Therefore, the power of the adversary should be
limited to achieve a sublinear regret bound. For a so-called
adaptive adversary [9], the adversary chooses f; based only
on the learner’s past decisions x1, ..., x:_1, but not on his/her
current decision x;. In other words, the adversary chooses f;
at the beginning of round ¢, before the learner chooses his/her
decision.

A key step in bandit online convex optimization is to estimate
the gradient of the loss function by sampling the loss function.
Various algorithms have been developed and can be divided
into two categories depending on the number of samplings.
Algorithms with one sampling at each round have been proposed
in [32]-[41]. Specifically, in [32], O(T3/*) expected static regret
was achieved for Lipschitz-continuous functions. In [33]-[37],
smaller regret bounds were established under additional assump-
tions. Bubeck er al. [38] and Bubeck and Eldan[39] showed
that O(v/T log(T')) expected static regret can be achieved for
Lipschitz-continuous loss functions, but they did not develop any
explicit algorithm. An algorithm to achieve this bound was pro-
posed in [40] based on the application of the ellipsoid method to
online learning. Algorithms with two or more samplings at each
round have been proposed in [9], [42]-[46]. The expected static
regret bounds can then be reduced compared to the one-sample
case. For example, Shamir [43] proposed a simple algorithm
with two samplings at each round and obtained O (+/T') expected
static regret for Lipschitz-continuous loss functions.

Aforementioned studies did not consider equality or inequal-
ity constraints. In the literature, there are few papers considering
bandit online convex optimization with such constraints, al-
though such constraints are common in applications. Mahdavi et
al. [47] studied online convex optimization with static inequality
constraints and bandit feedback for constraints, whereas Chen
and Giannakis [48] studied online convex optimization with
time-varying inequality constraints and bandit feedback for loss
functions. Cao and Liu [49] studied online convex optimization
with time-varying inequality constraints and bandit feedback
for both loss and constraint functions. Moreover, most existing
bandit online convex optimization studies are in a centralized
setting and only few papers considered distributed bandit online
convex optimization. The consensus-based distributed bandit
online algorithms were proposed in [50]-[52].

This article considers the problem of distributed bandit online
convex optimization with time-varying coupled inequality con-
straints. This problem can be interpreted as a repeated game
between a group of learners and an adversary. The learners
attempt to minimize a sequence of global loss functions and at
the same time satisfy a sequence of coupled constraint functions.
The global loss and the coupled constraint functions are the sum

of local convex loss and constraint functions, respectively. They
are generated adaptively by the adversary. The local loss and
constraint functions are revealed in a bandit manner and the re-
vealed information is held privately by each learner. Specifically,
at each round, each learner can sample his/her local loss and
constraint function at one point (i.e., one-point bandit feedback)
or two points (i.e., two-point bandit feedback). Compared to
existing studies, the contributions of this article are summarized
as follows.

In the one-point bandit feedback setting, we propose a dis-
tributed bandit online algorithm with a one-point sampling gra-
dient estimator to solve the considered optimization problem.
To the best of our knowledge, this is the first algorithm to
solve the online convex optimization problem with time-varying
inequality constraints in the one-point bandit feedback setting.
An advantage of our algorithm is that the total number of rounds
is not used in the algorithm and, thus, does not need to be known
a priori, which is an improvement compared to the one-point
sampling algorithms in [32]-[37], [48], [50], [52]. Moreover,
note that these papers did not consider bandit feedback for time-
varying inequality constraints or did not even consider time-
varying inequality constraints at all. Sublinear expected regret
and constraint violation bounds are achieved by the proposed
algorithm if V(a%.), the path-length of the optimal dynamic
decision sequence, grows sublinearly with a known order. In par-
ticular, O(T%") expected static regret and O(77/4~%) constraint
violation are achieved, where 61 € (3/4,5/6] is a user-defined
tradeoff parameter. Specifically, when there are no inequality
constraints, the proposed algorithm achieves (’)(Tg/ 4) expected
static regret, which is the same expected static regret bound that
has been achieved by the one-point sampling algorithm in [32].
However, in [32], the total number of iterations 7" as well as
the Lipschitz constant and upper bound of the loss functions are
needed for the algorithm.

In the two-point bandit feedback setting, we propose a dis-
tributed bandit online algorithm with a two-point sampling
gradient estimator. This algorithm does not require the total
number of rounds or any other parameters related to the loss
or constraint functions, which is different from the two-point
sampling algorithms in [9], [42]-[44], [46]-[49], and [51]. In
an average sense, this algorithm is as efficient as the algo-
rithms proposed in [11], [12], [47], and [53], although Jenatton
et al. [11], Sun et al.[12], and Yi et al.[53] are in a full-
information feedback setting and Mahdavi et al.[47] consider
the bandit setting only for the constraint functions. Sublinear
expected regret and constraint violation bounds are achieved
by the proposed algorithm if the path-length of the optimal
dynamic decision sequence grows sublinearly with a known
order v € [0,1). For example, O(T1+")/2) expected dynamic
regret and O(T3+¥)/4) constraint violation are achieved by our
algorithm. Thus, the bounds achieved by the centralized two-
point sampling bandit algorithms in [44] and [49] are recovered
by our algorithm. Moreover, O(T™2x{m1-%}) expected static
regret and O(T'~*/2) constraint violation are also achieved,
where £ € (0,1) is a user-defined parameter. Thus, the bounds
achieved by the centralized two-point sampling bandit algorithm
in [43] and [47] are also recovered with x = 1/2. However,
in [43] and [44], static set constraints rather than time-varying
inequality constraints are considered; in [47], static inequality
constraints and full-information feedback for the cost function
are studied; and in [43], [44], [47], and [49], the total number of
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TABLE |
COMPARISON OF THE TWO ALGORITHMS PROPOSED IN THIS ARTICLE TO RELATED WORKS ON BANDIT ONLINE CONVEX OPTIMIZATION
Reference | Problem type Constraint type Information feedback Regret and constraint violation bounds
[32] Centralized gt(z) = O One-point sampling E[Reg(zr, 4)] = O(T%*)
[40] Centralized gt(z) =0y, One-point sampling E[Reg(zr, &4)] = O(TY?log(T))
[43] Centralized gt(z) = 0y Two-point sampling E[Reg(xzr, @) = O(TY?)
[44] Centralized gi(r) = 0, Two-point sampling E[Reg(zr, %)) = O(max{(TV (x%))*/?, TV?})
. V f: and two-point E[Reg(zr, #5)] = O(TY/?),
47 Centralized z) < 0,, K )
4 o) = sampling for g B[ ()]s ] = O(T%)
Vg: and one-point E[Reg(zr, x3)] = O(max{T3*V (z%), T%*}),
48| Contalizd | ge(@) <0y and || sampling for IS0, g+l = 0T/
ter’s iti .
aters conailion | g0 and two-point E[Reg(zr, x%)] = O(max{T?V (x%), TY?}),
sampling for f; 2= 9]+ | = O(T"?)
- - - E[Reg(er, #7)] = O(TV(27))"?)),
[49] Centralized gi(x) < 0m Two-point sampling ’ . . N
) BII(SL, oo+ = OV (i) ), if Viws) > 0
E[Reg(zr,x7)] =
o int . O(max{T91 V(:IT}), Tmax{61,1—01+293,1—93+62}})’
ne-point samplin .
This paper | Distributed gi(z) = P pne 121 g(ao)] 4 || = O(T'=%/2), where 6; € (0, 1),
; : Zi:l gi,t(:ci) < 02 € (O, 91/3), and 03 € (92, (91 — 92)/2]
O .
. | EBlReg(@r, @) = O(max{T™V (@), T,
Two-point samplin ’ e ’
ORI | I gl = O ), where s € (0,1)

rounds as well as the Lipschitz constant of the loss function are
needed.

The comparison of the two algorithms proposed in this article
to related studies in the literature is summarized in Table 1.

The rest of this article is organized as follows. Section II
introduces the preliminaries. Section III gives the problem for-
mulation and a motivating example. Sections IV and V provide
the distributed bandit online algorithms for one- and two-point
bandit feedback, respectively, and present their expected regret
and constraint violation bounds. Section VI gives numerical
simulations for the motivating example and compares the perfor-
mance of the proposed algorithms and the existing algorithms in
the literature. Finally, Section VII concludes this article. Proofs
are given in the Appendix.

Notations: All inequalities and equalities are understood com-
ponentwise. R? and R’ denote the set of p-dimensional vectors
and nonnegative vectors, respectively. N stands for the set
of positive integers. [n] represents the set {1,...,n} for any
n € Ny. [z]; is the jth element of a vector x € RP. (z,y)
denotes the standard inner product of two vectors x and y.
x! stands for the transpose of the vector or matrix . | - ||
(|| - |l1) represents the Euclidean norm (1-norm) for vectors and
the induced 2-norm (1-norm) for matrices. B? and S? are the
unit ball and sphere centered around the origin in R? under
Euclidean norm, respectively. I,, denotes the n-dimensional
identity matrix. 1,, (0,,) stands for the column one (zero) vector
of dimension n. col(zy,...,2) represents the concatenated
column vector of vectors z; € R™ i € [k]. log(-) is the nat-
ural logarithm. Given two scalar sequences {c;,t € N} and
{B; > 0,t € N, }, oy = O(3;) means that lim sup,_, . (a;/3;)
is bounded, whereas «; = o(3;) means that lim; (i /5;) =
0. For aset K C R?, Pk (+) denotes the projection operator, i.e.,

Px () = arg min g [lz — y[|* Va € RP. For simplicity, [-]
is used to denote Pk (-) when K = R% .

[I. PRELIMINARIES

In this section, we present some definitions and properties
related to graph theory and gradient approximation.

A. Graph Theory

Let G, = (V, &) denote a time-varying directed graph, where
V = [n] is the agent set and & C V x V is the edge set. A
directed edge (j,7) € & means that agent ¢ can receive data
from agent j at time ¢. Let Nj*(G;) = {j € [n] | (j,i) € &}
and NP (G,) = {j € [n] | (i,7) € &} be the sets of in- and
out-neighbors, respectively, of agent ¢ at time ¢. A directed path
is a sequence of consecutive directed edges. A directed graph
is said to be strongly connected if there is at least one directed
path from any agent to any other agent in the graph. The mixing
matrix W, € R™*" at time ¢ fulfills [W;];; > 01if (j,i) € & or
i = j, and [Wy];; = 0 otherwise.

B. Gradient Approximation

In this section, we introduce one- and two-point sampling
gradient estimators.

Let f: K — R be a function with K C RP. We assume
that K is convex and bounded and has a nonempty interior.
Specifically, we assume that K contains the ball of radius 7 (K)
centered at the origin and is contained in the ball of radius R(K),
ie.,r(K)B? C K C R(K)BP. Flaxman ef al. [32] proposed the
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following gradient estimator:
Vif(z) = ]gf(x +ouu Vae (l-9K (1)

where u € SP is a uniformly distributed random vector, § €
(0, 7(K)¢] is an exploration parameter, and £ € (0, 1) is a shrink-
age coefficient. The estimator ! f only requires to sample the
function at one point, so it is a one-point sampling gradient
estimator. Some intuition for this estimator can be found in [32].
Different from Nesterov and Spokoiny [28], uniform distribution
rather than Gaussian distribution is used to generate u in (1)

since the later may generate unbounded u. The estimator 2 f

is defined over the set (1 — £)K instead of K, since otherwise

the perturbations may move points outside K. The feasibility of

the perturbations is guaranteed by the following lemma.
Lemma 1 (see Observation 2 in [32]): Forany x € (1 — §)K

and u € SP, it holds that  + du € K for any 0 € (0, r(K)¢].
Our two-point sampling gradient estimator is defined as

Vaf(@) = 5 (fla+6u) = f@)u Voe(1-OK. @

The intuition followAs from difectional derivatives [42].

Both estimators V1 f and Vs f are unbiased gradient estima-
tors of f, where f is the uniformly smoothed version of f defined
as

f(x) = Byeps [f(x +0v)] Ve (16K
with the expectation is taken with respect to uniform distribution.

Some properties of f 2 f, and Vs f are presented in the
following lemma.
Lemma 2:
1) The uniform smoothing f is differentiable on (1 — £)K
even when f is not, and for all z € (1 — §)K

V(@) = Bucss [V1/(2)] = Bucss [V2/ (@)
2) If f is convex on K, then f is convex on (1 — £)K and

flx) < f(z) Ve (1-¢K.

3) If f is Lipschitz-continuous on K with constant Lo (f) >
0, then f and V f are Lipschitz-continuous on (1 — §)K
with constants Lo(f) and pLo(f)/d, respectively. More-
over

|F@) = 1@)] < 6Lo(f) Vo€ (1-K.

4) If f is bounded on K, i.e., there exists Fy(f) > 0 such
that |f(z)| < Fo(f) Vz €K, then

HOIES1E)

9150 < P55 e - e
5) If fis L1psch1tz—cont1nuous on K with constant Lo (f) >
0, then

|Var@)| < pLot) Vo e -gk.
Proof: See Appendix B. |

Intuitively, the key idea of gradient-free optimization methods

is using the smoothed function f to replace the original function
f since they are close when ¢ is small, as shown in 3) of Lemma 2.

Moreover, the gradient of f can be estimated by the gradient
estimators V1 f or Vyf, as shown in 1). The main difference
between these two gradient estimators is that the norm of V f

Vo e (1

is large when ¢ is small, whereas @2 f has a bounded norm,
as shown in 4) and 5), respectively. This difference leads to
improved results for the two-point bandit feedback algorithm,
as will be seen in the later sections.

[ll. PROBLEM FORMULATION

We consider the problem of distributed bandit online convex
optimization with time-varying coupled inequality constraints.
This problem can be defined as a repeated game between a group
of n learners indexed by 7 € [n] and an adversary. At round ¢ of
the game, the adversary first arbitrarily chooses n local convex
loss functions { f; , : RP* — R, ¢ € [n]} and nlocal convex con-
straint functions {g; ; : RP* — R™, i € [n]}, where p;, and m
are positive integers. Then, without knowing { f; ;,7 € [n]} and
{gi.1,1 € [n]}, alllearners simultaneously choose their decisions

2t € X;,1 € [n]}, where X; C RPi are known convex sets.
Each learner ¢ samples the values of f; ; and g; ; at the point ; ¢
as well as at other potential points, i.e., the learners receive bandit
feedback from the adversary. These values are held privately by
each learner. At the same moment, the learners exchange data
with their neighbors over a time-varying directed graph G;. The
goal of the learners is to cooperatively choose a global decision
sequence 7 = (z1,...,27), where T is the total number of
rounds and z; = col(x1 ¢, ..., Zn,) is the decision vector, such

that the accumulated global loss ZtT:l fi(xy), where fi(xy) =
oy fi(xiy) is the global loss function, is competitive with
the loss of any comparator sequence y; = (y1,...,yr) with
yr = col(Y1.¢, ..., Yn,t) (i-e., the regret is as small as possible)
and at the same time the constraint violation is as small as
possible.

Specifically, the regret of a global decision sequence xp with
respect to a comparator sequence yr is defined as

th ) th(yt)-

In the literature, there are two commonly used comparator se-
quences. One is the optimal dynamic decision sequence in hind-
sight yp =« = (27, ..., 2} ) solving the constrained convex
optimization problem

T
minz fi(zy)
t=1

S.t.x; € X,gt(xt) <0,,

where X = X3 x --- x X, C RP is the global decision set, p =
S pi-and gy (z¢) = >0 git(@i,) is the coupled constraint
function. In order to guarantee that problem (3) is feasible, we
assume that for any 7" € N, the set of all feasible decision se-
quences Xp = {(x1,...,z7) : 24 € X, ge(xr) < Oy, t € [T}
is nonempty. With this standing assumption, an optimal dy-
namic decision sequence to (3) always exists. In this case,
Reg(xr, ) is called the dynamic regret for <y. The other
comparator sequence is Yy, = & = (&%, ..., &), where &4
is the optimal static decision in hindsight solving

T
min" f(z)
t=1

s.t.z € X, gi(x) <0, Vte[T]. 4)

Similar to above, in order to guarantee that problem (4)
is feasible, we assume that for any 7' € N,, the set of

Reg(xr,yr)

Vt € [T] 3)
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all feasible static decision sequences X7 = {(z,...,x): 2 €
X, g:(x) <0, t € [T} € X is nonempty. In this case,
Reg(xr, &%) is called the static regret. It is straightforward
to see that Reg(xr, yr) < Reg(zr, i) Yyp € Xr,and that
Reg(xTv i‘}) < Reg(wTa m?})

For a decision sequence o7, the constraint violation is defined
as

[Z gt(fft>]
t=1 n

Note that this definition implicitly allows constraint violations
at some times to be compensated by strictly feasible decisions
at other times. This is appropriate for constraints that have a
cumulative nature, such as in applications with energy budgets
enforced through average power constraints.

The considered problem can be viewed as an extension of
the problem studied in [53], from full information feedback to
bandit feedback. As discussed in Section I, two main motivations
of considering bandit feedback are that gradient information is
not available in many applications [26] and computing a function
value is much simpler than computing its gradient [28].

We make the following assumptions on the time-varying
directed graph G; as well as the loss and constraint functions.

Assumption 1: Foranyt € N, the directed graph G, satisfies
the following conditions.

1) There exists a constant w € (0, 1), such that [W,];; > w
if [Wt]ij > 0.
2) The mixing matrix W, is doubly stochastic, i.e.,
2imaWilij = 225 [Wiliy =1 Vi, j € [n].
3) There exists an integer ¢ > 0 such that the directed graph
+—1&¢41) is strongly connected.

Assumption 2
1) For each i € [n], the set X; is convex and closed. More-
over, there exist r; > 0 and R; > 0 such that

rBP C X; C R;BP ()

and r; is known a priori.
2) For each i € [n], {f;+(x)} and {[g; (2)];,j € [m]} are
convex and uniformly bounded on X;, i.e., there exist con-

stants Iy, > 0 and F,;, > O such that forallt € N, j ¢
[m],z € X;

[fip(@)] < Fy,, and [[gi¢(2)]5] < Fy,. ©)

3) For each i € [n], f;; and g;, are differentiable on X;.
Moreover, {V f;+} and {V[g; +(x)];,j € [m]} are uni-
formly bounded on X, i.e., there exist constants G, > 0
and Gy, > Osuchthatforallt € N4, j € [m],z € X;

IV ir(x)| < Gprand [[Vigie(2)];]| < Ggo (D

Assumption 1 is common in the literature on distributed opti-
mization. Assumption 2 appears often in the literature of bandit
online convex optimization. From Assumption 2 and [1, Lemma
2.6], it follows that for all ¢t € N, i € [n],j € [m], z,y € X;

|fit(x) = fir()| < Gy llz =yl (8a)

[gi1(2)]; = [9:.4(W)]5] < G, llz = yll (8b)

ie., {fit(z)} and {[g; (x)];} are Lipschitz-continuous on X,
with constants G'¢, and G, , respectively.

Algorithm 1: Distributed Bandit Online Descent With One-
Point Sampling Gradient Estimator.

1: Input: Nonincreasing sequences {c }, {5+ }.
{yi.t} € (0,400), {& ¢} C (0,1), and
{6i1} C€(0,7r;& -1],i € [n],t € N4.

2: Initialize: u; 1 € SP%, z;1 € (1 —§1)X,,
Ti1 = zi1 + 011, and g1 = O, i € [n].

3: fort=2,...,Tdo
4:  fori € [n] in parallel do
5: Select vector u; ; € SP* independently and
uniformly at random.
6: Sample f;;—1(xi 1) and g; 4 —1(xi-1).
7: Update
i =Y _[Winlijgji (9a)
j=1
zip = Pa-e )x, (Zig-1 — @iait) (9b)
Tit = Zit+ 0i Uit (9¢)
Qi = [(1 = Biyie)die + 'Yi,tgi,t—l(xi,t—l)]+ .
(9d)
8: Broadcast g; ¢ to N?"*(G;) and receive g; + from
Jj € Ni(Ge).
9: end for
10:  end for

11:  Output: x7.

A. Motivating Example

As amotivating example, consider a power grid with n power
generation units. Each unit ¢ has p; conventional and renewable
power generators. The units can communicate through the in-
formation infrastructure. At stage ¢, let z; ; € X; and X; C RP"
be the output and the set of feasible outputs of the generators in
unit ¢, respectively. To generate the output, each unit ¢ suffers
a cost fi(x;). This local cost f;, is usually described by a
quadratic function [54], but it is unknown in advance, since fossil
fuel price is fluctuating and renewable energy is uncertain and
unpredictable. Except the local generator limit constraints X, all
units need to cooperatively take into account global constraints,
such as power balance and emission constraints. The global
constraints can be modeled as Y ;- | g ¢(z;+) < 0,,, where g; ;
is unit ¢’s local constraint function. Again, the precise form of
the constraint functions is unknown in advance either since that
power demands can change from 1 h to the next, or that the
emission can change due to the uncertain and unpredictable
features of renewable energy. The goal of the units is to reduce
the global cost while satisfying the constraints.

IV. ONE-POINT BANDIT FEEDBACK

In this section, we propose a distributed bandit online algo-
rithm with a one-point sampling gradient estimator to solve
the considered optimization problem. We then derive ex-
pected regret and constraint violation bounds for the proposed
algorithm.
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A. Distributed Bandit Online Algorithm With One-Point
Sampling Gradient Estimator

The proposed algorithm is given in pseudocode as Algo-
rithm 1. In this algorithm, each agent ¢ maintains four local
sequences: the local primal decision variable sequence {x; ¢} C
X, the local intermediate decision variable sequence {z;;} C
(1 — &)X, the local dual variable sequence {¢; ; } € R", and
the estimates of the average of local dual variables {g; ;} C R
They are updated recursively by the update rules (9a)—(9d). In
(9b), a; is the updating direction information for the local
intermediate decision variable defined as

R . T
it =Vifir-1(zi—1)+ (vlgi,tfl(zi,t71)> Gt (10)

The intuition of the update rules (9a)—(9d) is as follows. The
regularized Lagrangian function associated with the constrained
optimization problem with cost function f and constraint func-
tion g is

Al ) = F@)+ n"g(x) — 2l

where p € R is the Lagrange multiplier and 3 > 0 is the
regularization parameter. A(z, 1) is a convex—concave function.
A standard primal-dual algorithm to find its saddle point is

2ia1 = Py (2 — o (Vf() + (Vo) i) ) (120
(12b)

(11)

prs1 = [ +y(g(xr) — Bur)] ,

where o > 0 and v > 0 are the stepsizes used in the primal
and dual updates, respectively. The update rules (9a)—(9d) are
the distributed, online, and gradient-free extensions of (12a)
and (12b). The differences between Algorithm 1 and the cen-
tralized one-point sampling algorithm in [48] are that in [48],
full-information feedback for the constraint functions is used
and in the update of the dual variables in Algorithm 1, i.e., (9d),
there is an additional term —f3; +; +g; +» which comes from the
regularized Lagrangian function and it plays a key role to bound
the dual variables, as shown later in Lemma 5.

The sequences {avi ¢}, {8}, { i}, {&i.e}. and {6; ¢ } usedin
Algorithm 1 are predetermined and the vector sequences {u; ¢}
are randomly selected. Moreover, {g;:}, {#+}, {2}, and
{¢:+} are random vector sequences generated by Algorithm 1.
Let 4l; denote the o-algebra generated by the independent and
identically distributed random variables wy ¢, ..., u,  and let
U, = Ui:l U, Itis straightforward to see that G, 1, 2i ¢, Tit—1,
and ¢; ¢, € [n] depend on U;_; and are independent of &l for
all s > t.

B. Expected Regret and Constraint Violation Bounds

This section states the main results on the expected regret and
constraint violation bounds for Algorithm 1. The following theo-
rem characterizes these bounds based on some specially selected
stepsizes, shrinkage coefficients, and exploration parameters.

Theorem 1: Suppose Assumptions 1 and 2 hold. Forany 7" €
N4, let 7 be the sequence generated by Algorithm 1 with

=i g 2L
7, — 4mp22F921t917 i, — t92 arY’L,t - t1702
1 T
it = ———i€[n),te Ny (13)

g B = ,
(t+1)0" """ (t4+1)0s

where 6; € (0,1), 62 € (0,61/3), and 03 € (02, (61 — 62)/2]
are constants. Then, for any comparator sequence Yy, € X'r

1D) [Reg(a:T, yT)] < Cleax{91,1—91+293,1—93+92}

+C11T"V(yr) (14a)
T
E th(ﬁﬁt)] < CoT102/2 (14b)
t=1 +
n mFyGy. (2ri+R; Gy, (2ri+R;
where C; = Zi:l( 1703(+92 ; + ! (1793 ) +

2

F
i C _
T TOutas Co=v/Caa (2301, Fr+Ch),
8mp?FZ R?
Fg = maXiE[n]{ng}’ Cl,l = Z;’lel MT-%’ CO =
Smn?FyT L

= A 2mnFr, T=(1—-5%)?>1, A= (1-5%),

2n? 2n?

F2

Coq=2n(1+ maxie[n]{m} + 17g;)> w and ¢ are
given in Assumption 1, r;, R;, Fy,, Fy,, G¢,, and G, are given
in Assumption 2, and

T-1 n

Viyr) = Z Z Yi,e41 — Yiell

t=1 i=1
is the accumulated variation (path-length) of the comparator
sequence Y.

Proof: See Appendix C. |

Remark 1: From (14b), we see that Algorithm 1 achieves
sublinear expected constraint violation. From (14a), we see that
Algorithm 1 can achieve sublinear expected dynamic regret if
V(%) grows sublinearly with a known order. In this case, there
exists a known constant v € [0, 1), such that V' (z},) = O(T"),
then setting y, = @} and 6, € (0,1 — v) in Theorem 1 gives
E[Reg(zr, z4)] = o(T).

Remark 2: To the best of our knowledge, Algorithm 1 is the
first algorithm to solve the online convex optimization problem
with time-varying inequality constraints in the one-point bandit
feedback setting. In Algorithm 1, the information about the
total number of rounds is not used, which is an improvement
compared to the one-point sampling algorithms in [32]-[37],
[48], [50], [52]. Note that these papers did not consider ban-
dit feedback for time-varying inequality constraints or did not
even consider time-varying inequality constraints at all. The
potential drawback of Algorithm 1 is that in order to use the
sequences defined in (13), each learner ¢ needs to know F,,
the uniform upper bound of his/her time-varying constraint
function. One way to overcome this is to let a;; = 7; /t91
and 03 € (02, (01 — 03)/2), where 7; > 0 is a user-defined pa-
rameter. In this case, similar to the way we prove (14a) and
(14b), we can establish similar results as (14a) and (14b) for
T > (4mmaxc ) {p2F2 7 /r?})!/(O1=927202) rather than any
T e N;.

Setting y, = &7 in Theorem 1 gives following results, which
characterize the expected static regret and constraint violation
bounds.

Corollary 1: Under the same conditions as in Theorem 1 with
01 € (3/4,5/6], 63 = 26, — 3/2, and 03 = 6, — 1/2, it holds
that

E [Reg(xr, &) < C1T (15a)
T

E th(xt)] < CoTT/A 0 (15b)
t=1 +
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Algorithm 2: Distributed Bandit Online Descent With Two-
Point Sampling Gradient Estimator.

1: Input: Nonincreasing sequences {; +}, {3+ }.
{Vit} C (0,+00), {& .} € (0,1), and
{0i4} € (0,7i&¢-1],1 € [n],t € N4,

2: Initialize: z; 1 € (1 —¢&;1)X,; and ¢;1 = 0,,,7 € [n].

3: fort=2,...,Tdo

4:  for i € [n] in parallel do

5: Select vector u; ¢—1 € SP¢ independently and
uniformly at random.

6: Sample f; ¢~ 1(2i -1 + 6 —1Ui—1),
fit-1(@it-1), Git—1(Tit—1 + 65 1—1ui 1), and
gi,tfl(xi,tfl)-

7 Update

Git = Z[Wt—l}i‘j%’,t—l (16a)
j=1

Tit = Pa-g, )X, (Tit-1 — qitbit) (16b)

@it = [(1 = %,B8i,0)Gie +vigcinl, . (16¢)

8: Broadcast g; ; to N?"*(G;) and receive ¢;; from
J € N™(Gy).

9: end for

10: end for

11:  Output: 7.

Remark 3: The parameter 67 in Corollary 1 is a user-defined
parameter influencing the step length in (13). It enables the
tradeoff between the expected static regret bound and the ex-
pected constraint violation bound. Same as in [32], if there are
no inequality constraints, i.e., g;+ = 0,, Vi€ [n] Vt e N4,
then by setting a;; = 1/t3/4 By =74 =0, = 1/(t +
DY, ands;; = r;/(t +1)/* in (13), we have that (15a)
can be replaced by E[Reg(zr, &) < C1T%/4, where () =
S (4Gy,(2r; + Ri)/3 + 6R? + 4pfF]?/(3rf)) Hence, Al-
gorithm 1 achieves the same expected static regret bound as
the bandit algorithm in [32]. However, in [32], the total number
of rounds, the Lipschitz constant, and upper bound of the loss
functions need to be known in advance to run the algorithm.

V. TwoO-POINT BANDIT FEEDBACK

In this section, we consider a novel two-point bandit feedback
algorithm.

A. Distributed Bandit Online Algorithm With Two-Point
Sampling Gradient Estimator

With two-point bandit feedback at each round, each learner
samples the values of his/her local loss and constraint at two
points. This gives the freedom to design a more efficient algo-
rithm, which at the same time avoids the potential drawback of
Algorithm 1 stated in Remark 2 on knowing the upper bounds of
the time-varying constraint functions. The proposed algorithm
is given in pseudocode as Algorithm 2. In (16b), b;; is the
updating direction information for the local primal decision
variable defined as

~ ~ T
bt = Vafir1(@ia) + (Vagira (@) e (17)

Similarly, in (16c), ¢; ¢ is the updating direction information for
the local dual variable defined as

cit=Vaogit—1(®it—1) (it — Tit-1) + Git—1(Tit—1). (18)

In addition to that Algorithm 2 uses a two-point sampling
gradient estimator, another difference between Algorithms 1 and
2 is that when updating the local dual variable, in Algorithm 2,
¢t is used to replace g; ,—1(x;—1), which is a key difference
between Algorithm 2 and the centralized two-point sampling
algorithm in [49]. This modification is inspired by the algorithms
proposed in [13] and [53] and helps to avoid using the uniform
upper bound of each learner’s time-varying constraint function,
i.e., to remove the potential drawback stated in Remark 2.

B. Expected Regret and Constraint Violation Bounds

This section states the main results on the expected regret and
constraint violation bounds for Algorithm 2.

Theorem 2: Suppose Assumptions 1 and 2 hold. Forany 7" €
N, let 7 be the sequence generated by Algorithm 2 with

1 1 1
@t—tj,ﬁt—tja%—ﬂﬁ

1 T
it = 050 = ,i€nl,teN
g@t T+ 1 it I+1 1 [’I’L} +

where x € (0,1) is a constant. Then, for any comparator se-
quence Yy € Xr

E [Reg(zr,yr)] < C3T™%15 L oR TV (yr)

19)

(20a)

E < O T r? (20b)

T
th(xt)]
t=1 +

where Gy = Y1, (2Gy, (r; + Ry) + 8R? 4 2" 21Gulls 4

A .

plfl?) + %’ 04 = \/04,1(2 Zi:l qu + CS)? C4,1 =
mp? Gy A n?\/mrt

Z?:l 2(2%6191-"_1 + 1), Co = % 4 2TLBQ,

By = v/mFy + /mpGyRmax, and Ryax = max;ep) { Ri}.
Proof: See Appendix D. |
Remark 4: The bounds obtained in (20a) and (20b) are the

same as the bounds achieved in [53] under the same assumptions,

although Yi et al. [53] considered a full-information feedback
setting. In other words, in an average sense, Algorithm 2, which
only uses two-point bandit feedback, is as efficient as the algo-
rithm proposed in [53], which uses full-information feedback.

By comparing (13), (14a), and (14b) with (19), (20a), and

(20b), respectively, we see that if a two-point sampling gradient

estimator is used, then not only the uses of [, the uniform

upper bound of the time-varying constraint functions, is avoided,
but also the upper bounds of the expected regret and constraint
violation are both reduced. An advantage of Algorithm 2 is that
the total number of rounds or any other parameters related to
loss or constraint functions are not used, which is different from

the two-point sampling algorithms in [9], [42]-[44], [46]-[49],

[51].

Remark 5: Similar to the analysis in Remark 1, from (20b),
we know that Algorithm 2 achieves sublinear expected con-
straint violation. Algorithm 2 can also achieve sublinear ex-
pected dynamic regret if V(%) grows sublinearly with a known
order. In this case, there exists a known constant v € [0, 1),
such that V(x%) = O(T"). Then, setting y; = ) and « €
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(0,1 — v) in Theorem 2 gives E[Reg(xr, )] = o(T). One
special case is to set k = (1 — v)/2 in (20a) and (20b). It gives
E[Reg(@r, 27)] = OTUH)/2) and B[S0, g¢(x0))+|] =
O(T®G+¥)/4), which recovers the bounds achieved by the cen-
tralized two-point sampling bandit algorithms in [44] and [49].

Setting y, = @7 in Theorem 2 gives the following results.

Corollary 2: Under the same conditions as stated in Theo-
rem 2, it holds that

E [Reg(xr, &5)] < Cyrmaxinl=r} (21a)
T

E th(a:t)] < O, T2, (21b)
t=1 +

Remark 6: The parameter « for the sequences {cv; 1}, {5t}
and {v;.} in Corollary 2 enables the user to tradeoff the
expected static regret bound for the expected constraint vi-
olation bound. For example, setting x = 1/2 in Corollary 2
gives E[Reg(zr, &%) = O(VT) and E[|[3,_; gu(20)]+ ] =
O(T?/*). These two bounds are the same as the bounds achieved
in[11], [12], and [47]. In other words, Algorithm 2 is as efficient
as the algorithms proposed in [11], [12], and [47]. However,
Jenatton et al. [11] and Sun et al. [12] use full-information feed-
back and Mahdavi et al. [47] consider bandit setting only for the
constraint functions. The algorithms proposed in [11], [12], and
[47] are centralized and the constraint functions considered in
[11] and [47] are time-invariant. Moreover, in [12] and [47], the
total number of rounds and in [11], [12], [47], the upper bounds
of the loss and constraint functions and their subgradients need
to be known in advance to execute the algorithms. Also, an
O(V/T) expected static regret bound was achieved by the bandit
algorithm in [43]. However, in [43], static set constraints (rather
than time-varying inequality constraints) are considered and
the proposed algorithm is centralized (rather than distributed).
Moreover, in [43], the total number of rounds and the Lipschitz
constant need to be known in advance.

Remark 7: If the learners exchange data with their neigh-
bors over a static complete graph rather than the time-varying
directed graph, then with some modifications to the proposed
algorithms and proofs, we can show that all the results on
constraint violation still hold if we replace the constraint vi-
olation metric ||[Y/_, g:(x;)]+|| by the more stricter metric

Zthl l[g(z¢)]||?. It is unclear how to extend this over general
time-varying directed graphs. We leave this for future work.

VI. NUMERICAL SIMULATIONS

This section evaluates the performance of Algorithms 1
and 2 in solving the power generation example introduced in
Section ITI-A. The local cost and constraint functions are denoted

fir(@ie) = xiT,tHItHi,txi,t +(Ties Tit)

Git(@ie) = 2 @ i iy + (G i) + iy

where II;; € RPPi, ;€ RE, ;4 € RPPi ¢ € R,
and ¢; ; € R. At each time ¢, an undirected graph is used as
the communication graph. Specifically, connections between
vertices are random and the probability of two vertices be-
ing connected is p > 0. Moreover, edges (i,7 + 1), € [n — 1]
are added and [Wy];; = 1/n if (j,i) € & and (W], =1 —
Zje\@u(gt) [W4]i;. The parameters are set as: n = 50, m = 1,
p; = 6, X; = [-10, 10J*7, and p = 0.2. Each element of II; ;,

x10*
;

—— Algorithm 1

—— Algorithm 2

—[48] (One-Point Sampling)
—[48] (Two-Point Sampling)
[49]
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Fig. 1. Comparison of evolutions of the expected dynamic regret
E[Reg(zr,z7)]/T.

252100
—— Algorithm 1
2 —— Algorithm 2
—[48] (One-Point Sampling)
—[48] (Two-Point Sampling)
15 —[49]

40
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20PN\ N\
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Expected constraint violation

0
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Rounds

Fig. 2. Comparison of evolutions of the expected constraint violation

E(I[Y1, ge(xe)]+1]/T

it Pit, Piy, and c¢;; are drawn from the discrete uniform
distribution in [-5, 5], [0,10], [-5,5], [-5, 5], and [-5, —1],
respectively. Under aforementioned settings, Assumptions 1 and
2 hold.

Since there are no other distributed bandit online algorithms to
solve the problem of online optimization with time-varying cou-
pled inequality constraints, we compare our Algorithms 1 and
2 with the centralized one- and two-point sampling algorithms
in [48], which use full-information feedback for the constraint
functions, and the centralized two-point sampling algorithm in
[49]. Figs. 1 and 2 show the evolutions of E[Reg(xr, x}.)]/T

and B[||[321_, 9¢(x¢)]+ || /T, respectively. The average is taken

over 100 realizations. Note that E[||[S7_, g, (2:)]4 [|]/T — 0.
This is in agreement with (14b), (20b), and the theoretical results
shown in [48] and [49]. From the zoomed figures, we see that the
centralized algorithms in [48] and [49] achieve smaller expected
dynamic regret and constraint violation than our distributed
algorithms, which is reasonable. We also see that Algorithm 2
achieves smaller expected dynamic regret and constraint viola-
tion than Algorithm 1, which is consistent with our theoretical
results.
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VIl. CONCLUSION

In this article, we considered the distributed bandit online con-
vex optimization problem with time-varying coupled inequality
constraints. We proposed distributed bandit online algorithms
with one- and two-point bandit feedback. We showed that sub-
linear expected regret and constraint violation can be achieved
by both proposed algorithms. We showed that the results can be
cast as nontrivial extensions of existing literature on online opti-
mization and bandit feedback. Future research directions include
considering an adaptive choice of the number of samplings at
each round by different learners, relaxing the doubly stochastic
assumption, studying sampling noise, achieving a smaller regret
bound under stronger assumptions for the cost functions, and
trying to establish sublinear constraint violation under a stricter
constraint violation metric.

APPENDIX

A. Useful Lemmas

The following two lemmas are used in the proofs.

Lemma 3: Let K be a nonempty closed convex subset of
RP and let a,b, andc be three vectors in R”. The following
statements hold.

1) For each z € R?, Pk (x) exists and is unique.
2) Pk (z) is nonexpansive, i.e.,
IPk(e) - Pe()ll < llz ~ yl| Vo,y € R.
3) If a < b, then
Ilal+[I < [[blland[a) s <[]

4) If 21 = Pk (c — a), then

2<'T1 - Y CL>

<lly—cl® = lly — a1l = llas —¢|* VyeK. 24)

Proof: The first two parts are from [55, Th. 1.5.5].

Substituting * = a and y = a — b into (22) with K = ]R]_”|r
gives (23). If a < b, then it is straightforward to see [a] < [b]+
since all inequalities are understood componentwise.

Denote  h(y) = [lc — yl|* + 2(a,y).  Then,
arg min, g i (y). This optimality condition implies that

(1 —y,Vh(z1)) <0 VyeK.
Substituting Vh(z1) = 2x; — 2¢ + 2a into aforementioned in-
equality yields (24). |

Lemma 4: For any constants 6 € [0,1], x € [0,1), and s <
T € N4, it holds that

(22)

(23)

T =

1 1 1
t+ 1) = — < - VteN 25
(+)<t9 (t+1)9)_t €N+ (252)
T
1Tt
< 2
2w, (2sb)
t=s
1
Z =< 21og(T),ifT > 3. (25¢)
t=s
Proof:
1) Denote h;(f) = & — —2<5. Then, for any fixed

to (t+1)°
t € Ny, maxpeq){he(8)} = he(1) since el >
0 VO € 0,1]. Hence, (t + 1)"h(0) < (t+ 1)"h(1) =

T < 1. ie., (25) holds,

2) (25b) holds since
T T 1-k _ _ 1-K
N
tr oq "
t=s
3) (25¢) holds since
N N Y N
Z ;§g+ gdt:;—Hog(T)— log(s)<2log(T).
t=s §

Tlfﬁ
“1-k

11—k

B. Proof of Lemma 2

1) Vf(x) = Eyesr[V1f(z)] is the result of [32, Lemma
1]. Vf(z) = Eyese[Vaf(z)] since Eycse[f(z)u] =
f(x)Eyesru] = 0,,.

2) (1 — &K is convex since K is convex.

For any z,y € (1 — §)K and « € [0, 1], then ax + (1 —
a)y € (1 —¢)Ksince (1 — ¢)Kisconvexand ax + (1 —
)y + dv € K due to Lemma 1. Moreover

flax+ (1= a)y) = Byepr [f(az + (1 = a)y + 6v)]
< Eyepr [af (z +60) + (1 = @) f(y + 0v)]
= af(@) + (1 -a)f(y)

Hence, f is convex on (1 — &)K.

From Lemma 1, we know that (1 — £)K is a subset of the

interior of K. Then, for any z € (1 — &)K, from [56, Th.
3.1.15], we know that V f(z) exists. Moreover

f(x) = Eyens [f (2 + 6v)]

= Evepr [f(z) +0(V [f(2),0)] = f(2).
3) Forany z,y € (1 —¢§K

|F(@) = )| = [Buens [f(x +6v) = f(y +6v)]
< Evens [| (@ + 80) = f(y+ v)]
< Evemr [Lo(/) 12 = yll] = Lo(D)lla = .

Hence, f is Lipschitz-continuous on (1 — &)K with con-
stant Lo (f).
Similarly

|Vi@) - Vi)
= % [Bucse [/ + wyu — F(y + u)ul |
< PEycss [|f (2 + 6u) — f(y + 6u)| |[ull]

4]
L
< PBycso (Lo — ] = 25 o — .

Hence, Vf is Lipschitz-continuous on (1 — &)K with
constant pLg(f)/0.
Forany z € (1 - ¢)K

(@) = £(@)| = [Buews [/ (@ + 60)] - Buegs [/ (@)]
< By [|f (@ + 8v) = f(2)]

< Evepr [0 Lo(f)[|v]]] < Everr [6Lo(f)] = 6 Lo(f)-
4) Forany z € (1 —¢)K and u € SP

|F@)] = [Bucws 17w+ d0)]
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< Eyemr [|f(z + 00)|] < Fo(f)
and

[ =5/

x—|—5u)uH

PFo(f).

< 17w+ sw)lful < 25

5) Foranyz € (1 —§)K and u € SP
|Vt @) = |57+ 6u) = f@)

pLo( )

[ + du — 2|[[ull = pLo(f).

C. Proof of Theorem 1

To prove Theorem 1, the following three lemmas are used.
Lemma 5 presents the results on the local dual variables, whereas
Lemma 6 provides an upper bound for the regret of one round.
Lemma 7 provides the expected regret constraint violation
bounds for Algorithm 1 for the general case.

To simplify notation, we denote 5; = 3; ¢, v+ = Vi t.and & =
it

Lemma 5: Suppose Assumptions 1 and 2 hold. For all i € [n]
andt € N, ¢;; and ¢; ; generated by Algorithm 1 satisfy

) mEF mkF
el < Y < o
-1
Git+1 — @l < 2\/%"}7972%“”7175 (265)
s=1
JAVER < (a T 2mnF?
ey = (@ —q) ge(xe) + 2mnF v
ﬂt+1 2.y 6
lall? + da (1 (269
where ¢; = % Zi:l it

Ay = Z lgie — all* = (1 = Bive) Z lgii-1—al*> @7
i=1 i=1

g is an arbitrary vector in R,

2mn®Fr 1 S e At

Proof:
1) From (6), we have
We prove (26a) by induction.
It is straightforward to see that ¢;1 = ;2 = 0,,, Vi €
mF,

[MMMﬂ<mmwKQ;WH]M
sume that (26a) is true at time ¢ for all i € [n]. We show
that it remains true at time ¢ + 1. First, from (23), (9d),
(28), 1-— Pyt+1ﬂt+1 > 0, and ﬂt > Bt+1’ we know that for
all i € [n]
IGie+1ll < (1= Y1 Ber ) lGs,e1 |+ vesallgie (i)

vmEy,
3 + Y1 vVmEy
t

vmkE, vmkFE,
L+ yp1v/mFy < 2.
Bt-i-l 6t+1

and di(t) =

< (T —e41Be41)

< (T —e41Be4+1)

Then, the convexity of norms and > 7, [W;];; = 1 yield

N . "V,
1Geavll € DoWesaligazennll < D0Vl Y5~
j=1

j=1
F,
= VimEy Vi € [n].
ﬁt+1
Thus, (26a) follows.
2) Note that (9d) can be rewritten as

Qit+1 = Z[Wt}ij%’,t +ei, (29)
j=1
where €, = [(1 = Yi418041)Gie+1 + Vo190t (i 0)] 4+ —
Gi,t+1. Then, (22), (26a), and (28) give

el Il < Il = Yer1Ber1Gier1 + Yer1ie(@ie) |

<2ymF yi41 Vi€ [n]. (30)
Then, from Assumption 1, [20, Lemma 2], ¢;1 =
0,, Vi € [n], and (30), we know that for any ¢ € [n] and
te N+
t
i tr1 — Gyl < anFqTZ%H)»t*s- (3D
s=1
Thus, (26b)  follows since 37 [Wi];; =1
and 1Ge+1 — @l = | 225 Wilijaie — @l <
i1 Wilijllage — |-
3) Applying (22) to (9d) yields

lgit — qll* < |(L = Beve)Git + VeGire—1(zie-1) — gl

= [ldi.e — all* + 7 llgis-1 (ie1) —
a" gi-1(@ip-1) — 2B:7elGie — ) Give-

(32)
For the first term of the right-hand side of (32), by convex-
ity of norms and > "_, [W;1];; = 1, it can be concluded

+ 29 [Gie —

that
n n 2
1Gie — al® = | D _Wialisgier — Y _[Wialijg
=1 =1
<Y Wialijllgge —al* (33)
=1

For the second term of the right-hand side of (32), (26a),
and (28) yield

VR gir (@ia) = Bedinal® < (2VmFyy)®. (34)
For the fourth term of the right-hand side of (32), we have
24 [QNi,t - q}Tgi,tfl(xi,t—l)

=2%[qi-1 — q] gip-1(Tis-1)

+ 29¢[Git — Gt—1]" Gip—1(@i0-1)- (35)
Moreover, from (28) and (26b), we have
29 [Gie — (jt—l]Tgi,tfl(xi,t—l)

~ _ 2’7 dl t—1
< 2% Gt — Q-1 llllgie—1(wie-1)]] < #

(36)
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For the last term of the right-hand side of (32), neglecting
the nonnegative term 3y ||q; ¢ ||* gives

_25t'7t[q~i,t - Q]qu',t < By (||C]||2 - ||Qi,t - (I||2) .

(37)

Combining (32)—(37), summing over i € [n], dividing by

2y, using Y [(Wiq]i; =1 Vit € Ny, settingt = ¢ +

1, and rearranging the terms yields (26c¢). [ |

Lemma 6: Suppose Assumptions 1 and 2 hold. Foralli € [n],

let {x;} be the sequence generated by Algorithm 1 and {y;} be
an arbitrary sequence in X, then

ft(ft) - ft(il/t)
< ()" (ge(we)

N i PIF i

— gi(xy)) + 2d1 (t) + da(t)

n i 2R;||Yit+1 — Vil

i=1 0% i=1 i,t+1
+ dg(t) + Egt [d4(t)] VvVt € Ny (38)
where d;(t) is given in Lemma 5, do(t) = > 7 {(2d;+ +
Ri&) (VMG i ]| + Gy,) + 2liten)y, d(t) =
2F2 o 41
2m mas ety {25 (g2 4+ 0 s — a2,
d _ s ez lgiag— 2l d <
4(t) Zz:l 200, ¢ 4+1 > an Yit
(1= &)yie-
Proof: Forany i € [n],t € Ni,and z € (1 — &)X, denote
fir(x) = By [fir(z + 6;40)]

Gi.t(x) = Byepr it (z + i 4v)]-

From Lemma 2, (6), (28), (8a), and (8b), we know that f, ()
and g; +(x) are convex on (1 — &)X, and for any i € [n], t €
Ni,andz € (1 — &)X

Viir@) =By, [V fia(@)] (39)
firl@) < fin(@) < finl@) + Gy (39b)
9 £ < 2225 (390)
it
Vijii(z) = Ey, [%gi,t(x)} (39d)
9it(2) < Gii(x) < gio(x) + Gy, 051 (3%)
0] < L
i+ ()| < VmF,,. (392)
Then, (8a), (8b), (5), and (39b) yield
[fii(min) = fir(zin)| < Gpllzie — zidll < G050 (40a)
gi.t(wie) — git(zie)ll
< VmGy,l|ziw — zi4ll < VMG, (40b)
fvt@n) — fii(Yir)
= fit(Wit) — fit(yie) + fzt(gzt) — fit(Uit)
< sz‘ Uit — A‘, (gi,t) - fi,t(giﬂf)

<Gy Ri& + Gy (40c)
fi(zig) — fi,t(zi,t) <0 (40d)
95t (Tit) — git(yie) || < VmGy, Ri&;. (40e)

From that f,f(:zz) is convex on (1 — &)X, we have that
fi,t(zi,t) - fi,t(gi,t) < <vfi,t(zi,t)a Zit — gi,t>
= <Eut [@1fi,t(zi,t)} ) Zit — ili,t>
= Ey, [<@1fi,t(zi,t)a Zit — yzt>}

where the first equality holds from (39a) and the last equality
holds since z; ; is independent of ;.

Next, we rewrite the right-hand side of (41) into two terms
and bound them individually.

Ey, {<?1fi,t(zi,t)a Zit — gi,t>}
= Ey, K@lfi,t(zi,t), Zit — Zz’,t+1>}

+ Ey, {<@1fi,t(zi,t);zi,t+1 - taﬂ . (42)

For the first term of the right-hand side of (42), the Cauchy-
Schwarz inequality and (39c¢) give

<@1fi,t(2i,t)a Zit — Zi,t+1>

(41)

~ pFL
< Hvlfi,t(zi,t)H i = il < = Lz — zianall
2
F Qe+ 1
< 52 : Torin 2,6 = 2041017 (43)
it i,

For the second term of the right-hand side of (42), it follows
from (10) that

Ey, K@lfz‘,t(zi,t),zi,tﬂ - Z]i,t>}

T

=Ey, < Vlgz e(zit) ) Gitr1, Uit — Zi,t+1>]

+ Ey, [(@i,t41, 2i04+1 — Jit)]

I
|

-
+ Euf < Vlgz t\Zit ) (ji,t+17zi,t - Zi,t+1>:|

. T
Vigit(zie) ) Gigsv1:Tig — Zzt>:|

+ By, [(@i, 0415 Zijt+1 — it)] - (44)
For the first term of the right-hand side of (44), noting that x; ;
and ¢; ;41 are dependent of Iy, from (39d), G; 141 > Oy, G >
0,,,, (39e), and that g; ; is convex, we have

. T
Eg, [< (vlgi,t(zi,t)> Git+1, it — Zi,t>:|
. T
= <(Eut [vlgi,t(zi,t)}) Git+1,Yit — Zi,t>

= <(v§i,t(zi,t))T Git4+1, Vit — Zi,t>
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< {Gi+1) " GitFie) — [Gie1] it (2ie)

= @) "[9e.0(Fit) — 901 (200)]

= @) " Gie Wit) — Gie (i)
(@] [9i,6(5i.e) + 0i,0Gg, Lin

+ (G — @) @i (Fit)

From (26b) and (39g), we have

+ [Git41

IN

- gi,t(zi,t)]

— Git(2ie)]- (45)

2d, (t)

—Git(zi)] <

For the second term of the right-hand side of (44), from the
Cauchy—Schwarz inequality, (39f), and (33), we have

. T
<(V19i,t(zi,t)> ffi,tﬂ, Zijt — Zi,t+1>

= qT@wi,t(«Zi,t)(Zi,t - Zi,t+1)

(Gier1 — @) (G0 (Tie) (46)

+ (Git+1 — Q)Tﬁlgi,t(zi,t)(zi,t — Zit+1)
2mp; Fy cvi i1 2,
< ?H al” + szt+1—zzt||
2,t
2mpIFZ g | 2 2
PG gy =g+ g =
D; an 41 1
<ommay { 2wt by 1
i€[n] 5i,t Qf t41
2 12 n
p; by 0 g1 2
+2m?elfan}]{{5§t};[Wt]ij||qj’t —qlI*. 47)

For the last term of the right-hand side of (44), noting that ; , €
(1 —&)X; C (1 —&41)X, since & > &4 and applying (24)
to the update rule (9b) yields

200 441 (@i t15 Zist41 — Uit)

< i — zitll® = e — zigr1l® = Nzie41 — ziel?

i + 0ie — 2iel?

— | Fie41 — ziel?. (48)

The first two terms of the right-hand side of (48) can be bounded
by

= i1 — zigra > = 19ie —

zigrl® = zie1 —

141 — Zigar I = i — Zipsr |l

SN Fier1r = Gt Fier1 + Gie — 225641 |
SAR(T = &) Yierr — (1 — &)yl

= AR;[|(1 — &11) (Wit+1 — Yit) + (& — &41)s,
<AR||Yi 1 — Yirll + AR (& — E41) (49)

where the last inequality holds since {£;} C (0, 1) is nonincreas-
ing.
Combining (40c)—(49), taking expectation in il;, summing
over i € [n], and rearranging the terms yields (38). |
Lemma 7: Suppose Assumptions 1 and 2 hold. For any T' €
N, let p be the sequence generated by Algorithm 1. Then,

for any comparator sequence Yy € Xr
E [Reg(wT7 yT)]

T
sz Oéz 41
)]+ Co Z’Ytﬂ + ZZ f
t=1 t=1 i=1
n T-1 n
2R; ||Z‘/z t+1
+
; 1T+1 t=1 ; az t+1
1 I
~ 2
+5 2 G [llgill’] (50a)
t=1
T 2
E ‘ th(l’t)
t=1 i
T T
){ZE[dQ +COZ'W+1
t=1 t=1
T n 2 n
V2 Ff Q41 2R
DD D) D —I-QTZFf
t=1 i=1 i, =3 Qi T+1 p
1 X
5 2 0B [llai — gl 50b
+3 2 E [la q||]} (50b)
- n p?quiaithrl 1 1
where &, =" | (4m maxie[n]{T} + L1
F2 Q41
Be1)s d5(T) = 2n(5; + S (4m maxie[n]{plquF} i

Bir1)).and g = 2[3°0_, gi(ae)]+ /ds(T) € R
Proof:

1) For any A € (0,1) and nonnegative sequence (1, (a2, - - -,

it holds that
T ot T Tt 1 I
D) DTN I} PSP s
t=1 s=1 t=1 s=0 t=1
(S
Thus
T
2y/mn TB
Y odilt) < \F - Z%H (52)
=1
The definition of A; given by (27) ylelds
T
N
i 2
n T
1 {1 )
—32 % [l —alP = s — P
2oE
T n
1 1 1
+3 -—-8 Gt —q
D) (= 2= B ) lawa =l
I -1
=53 | lasn —alP = — s~ al?
Pl R4

+ %ZZ (1 - i - 5t+1> ||qz',t - QHZ

Vt4+1 VYt
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< P 2
< -+

ZZ (——@H) lgsc—al”
f 14i=1
(53)

where the last inequality holds since ¢;; = 0,, and
lgir+1 —gqlI> > 0.

From the properties of conditional expectation, we know
that

Eui;. [Ey, [da(t)]]

where we recall the definition Uy = J_, 4.
Noting that {a; } is nonincreasing and (5), forany s € [T,
we have

=E[d@)] vte[l] (54

1 T n 1 1
=3 ZZ (a- Gi.e — 2iel|* — o |9s,t41

7,1 2y
- Zi,t+1||2>
n
1 1
(- o) e = sal?
: Q5 41 Qi t

n
= 2(% . Z 19i,5 — 21,61l

i=1

Z 9,741 — 2 T+1||

20[2 T+1
n 2R2
+2 R? < . (55)
Z (az T+1 azs) Z: (0% T+1
Let g. : R — R be a function defined as
T T
ds(T

Q) = (Z%(%)) q— %anz (56)

t=1

Combining (26¢) and (38), summing over ¢ € [T, using
(52)—(56) and g;(y:) < O,,,, yp € Xr, and taking expec-
tation in Uy yields

E[g:(¢)] + E [Reg(zr, yr)]

T
Z +C’OZ%+1+ZZPZF52@”H
t=1 t=1 i=1 it

T

+ZZ 2R; ||y1t+1 *yltH

o
t=1i=1 i+l

(673 JT+1

T
+5> @E (g —ql®] VgeRT. (57)
t=1

N |

Then, substituting ¢ = 0, into (57), setting y; 741 =
;. 7, and noting that {«; } is nonincreasing yields (50a).

2) Substituting ¢ = ¢, into g.(q) gives
2

{25:1 gt(xt)] N
c\lc) — 58
9e(qe) 05 (T) (58)
Moreover, (6) gives
|Reg(@r,yr)| <2TY Fy, Yyr € Xr.  (59)

i=1
Substituting ¢ = ¢. and y, = &%, ¢ € [T + 1] into (57),
combining (58)—(59), and rearranging the terms gives
(50b). |
Before proving Theorem 1, let us generally explain why
choosing the sequences in (13). The intuition of the choice is to
let the terms in the right-hand side of (50a) and (50b) be as small
as possible. Specifically, the first four terms in the right-hand side
of (50a) need to be sublinear. Moreover, &, should be nonpositive
otherwise it is unclear how to show that the last terms in the
right-hand side of (50a) and (50b) are sublinear. We are now
ready to prove Theorem 1.
1) Applying (25a), (25b), and (26a) to the first three terms
of the right-hand side of (50a) and noting A < 63 gives

T
> Elda(t)
t=1

ZmFG 27’1+R)T1 03+65
1—05+0-

—~ Gr(2ri+ Ri) 1o
+ Zl 1_793T s+ Cyqlog(T)  (60a)
%me—ﬁz (60b)
t=1
XT: zn: PIFF i1
2
t=1 i=1 527t
2
T'0t20s, 60
_Z4mF2 1—91+293) (60c)
From (13) and 67 — 205 > 605, we know that
_— 1 t+1 ot 2
P10 T (t 4 1)% th (t41)%
- 1 t+1 i 2
T+ (k1) 12 (t+1)%
t t
= — . 61
(t+1)02 02 <0 1)
Combining (50a) and (60a)—(61) yields (14a).
2) Using (25b) and noting #; — 2603 > 6, gives
ds(T) < Co T %, (62)
Combining (50b) and (60a)—(62) gives
T 2
> gt(mt)] <C3T* % (63)
t=1 +

Finally, combining (63) and (E[||[X:tT:1 gr(z)] L |])? <
E[||[>>7_, g:(z:)]4 |?] (which follows from Jensen’s in-
equality) gives (14b).
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D. Proof of Theorem 2 an arbitrary sequence in X, then
The proof is similar to the proof of Theorem 1 with some fe(xe) — fe(ye)
modifications. Lemmas 5-7 are replaced by Lemmas 8-10. T
To simplify notation, we denote oy = iy, Bt = Bit, Ve = < (@) (9:(ve) — ge(x)) + 2o (t) — By, [dr(2)]
Vi, and & = & +. 2R,
Lemma 8: Suppose Assumptions 1 and 2 hold. For all i € [n] + Z D; G2 Q1+ Z lly:, Cz+1 Yitll
andt € N, ¢;; and ¢, ; generated by Algorithm 2 satisfy i=1 i=1 i
. B ds(t) + Eg, [do(t)] VteN 69
a1l < S sl < 2 (642) T da(t) + Bu, [ds(B)] ¥ € Ny (9
! ' where  dg(t) = > i1 {(dis + Ri&t) (vVmGy,llgiil + Gr,) +
t—1 2R2(&—Ei41) } d 1 n -~ 2
. _ 1 e o(t) = 5,7 2ima (1900 — wie]® -
IGit+1 — Gell < 2nB1T Y yeprAl 1S (64b) et § et ' ’
Sz:; 193,041 = wie1 1), and gy = (1 = &)yia-
A AProof: Replacing z;:, a;¢ and (39c) by x;, b;+, and
t+l Vafit(x)| < p;Gy,,respectively, deleting (47), and followin
D) . fi,TESP y g g
Ve+1

< (@ —q)"ge(xy) + 2nB?v, 11 + dg (1)

1 n
T3 Z (2mp; G2 a1 + Beg) llall? + dr (1) (64c)
where ¢ is an arbitrary vector in R, ds(t) =

2V/mn®BiFym Y0 Yea k0 and  dq(t) = = S0

a1 — igl|? + o0 (G er1] Vagi (i) (@i s1 — i)
Proof: From the fifth part in Lemma 2 and (8b), we know that
foralli € [n],z € (1 —¢)X;,andt € Ny

H¢2gzt(‘r)H < Vmp;Gy,.
Hence, (5), (6), (18), and (65) yield

lesirill < lgia i)l + || Vagielei)

(65)

||I7 t+1 *intH
) ,

< VmFy, +2ymp;G, R; < By Vi€ [n] VteNy.
(66)
Replacing z; ; and g; (z;+) by x; ¢ and ¢; 141, respectively,
and following steps similar to those used to prove (26a) and
(26b) yields (64a) and (64b).
Applying (22) to (16¢) yields

lgie — all® < (X = Bev)die + vecie — all?

= ||(ji,t - QH2 + ’YtQ ch‘,t - ﬁtdi,t”z
+ 29 [Gie) " Vagii1(®is 1) (@it — Tie 1)
—2%q Vagit1(Tie1) (@i — Tig-1)

+ 29 (i — Q]T Git—1(Tit-1)

= 2Bve [Gie — q" Gi,t- (67)
For the fourth term of the right-hand side of (67), (65) and the
Cauchy-Schwarz inequality yield

- 2’7th?291‘¢71(xi,tfl)(xzyt — Ti1-1)

szw(mpz 2l + o - sc||) (68)

Replacing (32) by (67), using (68), and following steps similar
to those used to prove (26¢) yields (64c). |
Lemma 9: Suppose Assumptions 1 and 2 hold. Forall i € [n],
let {2} be the sequence generated by Algorithm 2 and {y; } be

steps similar to those used to prove (38) yields (69). |

Lemma 10: Suppose Assumptions 1 and 2 hold. For any T" €
N, let &y be the sequence generated by Algorithm 2. Then,
for any comparator sequence y, € Xr

E [Reg(zr, yr)]

SZE[dS(t)]+COZ’Yt+1+Z !
=1 =1 o1 AT+1
T n
1 11 )
+ —_ —_—
2 ;; <7t+1 Y ﬁt“) [ )
T2 2RV (Y1)
2 max T
+)° Z PIG3 api1 + p” (70a)
t=1 1=1
T 2
E ’ th(xt)
t=1 +
T ", 9R?
< dio(T) ZE [dg(t +COZ’Yt+1+ZaT X
t=1 +

1 T n 1 1

+§ZZ < 5t+1)E[HQi,tQC|2]
T n

+Z p; G} ans +2T2Ffl}

(70b)
1=1
where d1o(T) = 271(,%1 + Zthl(QmngiOétH + B¢+1)) and
Ge = 2[>1_ 91(x1)]4 /dro(T) € R
Proof: With Lemmas 8 and 9 at hand, the proof of Lemma 10
follows steps similar to those used to prove Lemma 7. |
With Lemmas 8-10 at hand, the proof of (20a) and (20b) in
Theorem 2 follows steps similar to those used to prove (14a) and
(14b) in Theorem 1.
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