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Abstract

This paper focuses on the online distributed optimization problem based on multi-agent systems. In this problem, each agent
can only access its own cost function and a convex set, and can only exchange local state information with its current neighbors
through a time-varying digraph. In addition, the agents do not have access to the information about the current cost functions
until decisions are made. Different from most existing works on online distributed optimization, here we consider the case
where the cost functions are strongly pseudoconvex and real gradients of the cost functions are not available. To handle this
problem, a random gradient-free online distributed algorithm involving the multi-point gradient estimator is proposed. Of
particular interest is that under the proposed algorithm, each agent only uses the estimation information of gradients instead
of the real gradient information to make decisions. The dynamic regret is employed to measure the proposed algorithm. We
prove that if the cumulative deviation of the minimizer sequence grows within a certain rate, then the expectation of dynamic
regret increases sublinearly. Finally, a simulation example is given to corroborate the validity of our results.

Keywords Multi-agent system - Online distributed optimization - Pseudoconvex optimization - Random gradient-free method

1 Introduction

In recent years, distributed optimization has attracted exten-
sive attention in various fields [1-6]. This is due to its wide
range of practicability in numerous fields such as distributed
resource allocation [1], distributed economic dispatch [2],
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distributed machine learning [3], distributed coordination
control [4], etc.

Distributed optimization in static environments has been
widely studied in [7-9]. However, in practical applications,
the scenarios that distributed optimization occurs are often
dynamic. In recent years, online distributed optimization has
been extensively studied [10-14]. For example, in [10], an
online distributed push-sum algorithm is proposed for the
unconstrained problem, and an online distributed coordinated
algorithm based on the gradient descent method is developed
in [11]. In [12], an online distributed saddle point algo-
rithm is developed for optimization problem with a global
set constraint, an online distributed mirror descent algorithm
is proposed in [13], and an online distributed dual averaging
algorithm is designed in [14].

It is worth pointing out that all the above works rely on
real gradient information. However, it is not feasible or costly
to calculate the gradient information accurately in practical
applications. For example, in the Internet of Things [15],
fog computing can not get the closed expression of delay
since its online decision-making needs to adapt to the user
preferences and the availability of resources is temporarily
unpredictable. Moreover, in bandit optimization [16], agents
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can only observe the values of the cost functions, not the
specific cost functions. In these cases, using zero-order infor-
mation is desirable for distributed optimization. Recently,
zeroth-order random online distributed optimization has been
investigated in [17-20]. In [17, 18], zeroth-order random
online distributed algorithms are proposed, where the zeroth-
order information of cost functions is used. Furthermore,
in [19, 20], two different random gradient-free algorithms
are proposed for online distributed optimization under time-
varying networks.

It is worth noting that most of the mentioned articles
are applied to convex optimization problems. However, the
problems of pseudoconvex optimization exist widely in real-
ity. For example, in computer vision [21], the geometric
expressions are usually modeled by pseudoconvex functions.
Also, in portfolio planning [22] and fractional programming
problems [23], cost functions are commonly formulated as
pseudoconvex functions. Pseudoconvex optimization has a
wider application range than convex optimization, as it can
also be applied to some nonconvex cases. In fact, distributed
optimization problems with pseudoconvex functions have
only been studied in [24, 25], where real gradient information
of cost functions is required.

Motivated by [19, 20, 24-26], we study the online dis-
tributed optimization problems with strongly pseudoconvex
cost functions and random gradient-free method in this paper.
Compared with [24, 25], where agents need to achieve real
gradient information, here agents only use estimation of gra-
dients instead of real gradient information to make decisions.
To solve this problem, an online distributed algorithm with
random gradient-free method is proposed, where a multi-
point gradient estimator is used to estimate the gradients
of local cost functions. Different from [11-17], which are
based on the fact that the cost functions are convex, here
the cost functions are considered to be strongly pseudocon-
vex. In [19, 20], gradient-free method and the convexity
of cost functions are used to analyze the convergence of
the proposed algorithms. Different from them, here we
employ the strong pseudomonotonicity of cost functions and
the Karush—Kuhn-Tucker (KKT) condition associated with
pseudoconvex optimization to guarantee the effectiveness.
We prove that if the graph is B-strongly connected, and the
cumulative deviation of the minimizer sequence grows with a
certain rate, then the expectation of dynamic regret increases
sublinearly.

This paper is organized as follows. In Sect. 2, we formu-
late the problem and propose an algorithm. In Sect. 3, the
main results are presented and the detailed proofs are given.
A simulation example is given in Sect. 4. Section 5 is the
conclusion of the full paper.

Notations We use V(1) to denote the gradient of func-
tion ¢ at point u. | T ] is defined as set {0, 1, ..., T'} for any
T € N. For vectors u, v € R” and matrix W € R™*™ we

denote [u]; represents the ith element of u, |u| = VuTu,
(u,v)w = (Wu,v), ||u||%V = uTWu. We use E{u} to
denote the expectation of random variable u.

2 Problem formulation
2.1 Basic graph theory

A time-varying directed communication graph is defined as
Ga) = V,E@), W(t)), where V = {1, ..., n}is a vertex
set, £(t) C V x V denotes an edge set and W (¢) = (W;;)nxn
is a non-negative matrix to represent the weight of adjacent
edges. The neighbor set of agent i is defined as N; (1) =
{j € V| (j,i) € &}, where agent i can receive information
from agent j. For digraph G(¢) and some B > 0, &p =

,Y;lgB*l & (k) denotes the B-edge set. Based on the above
conditions, if digraph G(¢) and the edge set £p(¢) are all
strongly connected for any ¢+ > 0. Then, G(¢) is called B-
strongly connected graph.

In this paper, the following assumption is made for the
communication graph G ().

Assumption 1 For any ¢ > 0, G(¢) is B-strongly connected
graph and matrix W(z) is doubly stochastic.

For distributed optimization, W (¢) is an essential part in
facilitating agents to achieve consensus [25]. For any ¢ >
k > 0, we define

Bt k) =1, ifr=k D

{(D(t, ky=Wk—1)---Wk+1)W(k), if t > k;
Lemma 1 [25] Based on Assumption 1, for any i, j € V and
t > k, there exist certain D > 0 and 0 < p < 1 satisfying

1
[l®(t, k)lij — ;| < Dp'*. )

2.2 Online distributed optimization

In this paper, we consider a multi-agent system with n
agents, where agents exchange local information via graph
G(t). For any i € V), a sequence of cost functions is given
by {wil, R W,-T }, where T is a finite time horizon but is
unknown by agents. For any r € [T], ¢/ : 2 — Riis the
cost function of agent i at time ¢ and §2 C R™. Then, all
agents aim to collaboratively solve the following optimiza-
tion problem with a set constraint, which has the form:

n

min ¥'(z) = Y ¥l (2) st z € L. 3)

i=1

Here, we make some basic assumptions for the problem.

& Springer T



16

X.Yan etal.

Assumption 2 Constraint set §2 is nonempty, convex, and
compact.

Assumption 3 (Strong pseudomonotonicity) Forany m, n €
2,if (V' (n),m—n) > 0, then (V' (m), m—n) > Bim —
n||? for some 8 > 0.

It follows from [27] thatif V! is strong pseudomonotone,
then v is strongly pseudoconvex. The definitions of strongly
pseudoconvex functions are given as follows.

Definition 1 For a differentiable function ¥ (-) : R” — R
and a convex set £2 € R™, ¢(-) is named a pseudoconvex
function if (Vi (n), m — n) > 0 implies ¥ (m) — ¥ (n) >0
for each pair of different points m,n € £2. Moreover, if
(Vi (n),m — n) = 0 implies ¥ (m) — ¥ (n) = Bllm — n|>
for some B > 0 and each pair of different points m, n € 2,
then /() is named a strongly pseudoconvex function on §2.

Assumption 4 (Lipschitz continuous gradient) | V! (m) —
Vy!m)|l < Lillm — nl|l, Vm,n € §2 for some L1 > 0.

In this paper, we are committed to developing a gradient-
free method for solving problem (3). From [28], the smoothed
version of v is defined as

1

WL(Z) = W

56 ¥ (2 + u)e 216 g, )
]Rm

where 1 > 0 is the smoothing parameter of function w; (2).
And the multi-point unbiased gradient estimation is defined
as

g(zi (1))
Qi Yl(z; £ — Wt (7
_ L 3 ¥, (Zt (1) + miy, (t)) Y, (Zz (t)) £,(). (5
Qi qi=1 12%;

where g(z;(t)) ia an unbiased estimator of le’” (zi (1)),
i > 0is the smoothing parameter and the random sequence
&, (¢) is locally generated from an i.i.d. standard Gaussian
distribution for any ¢ € Q, where Q € N7 is the number
of multi-point estimation. Based on results in [29], we know
thatif y! (-) is differentiable, then w/tl (+) is also differentiable,
the gradient of Ipla(-) is defined as

Vi, (2)

L ) -
- 2m)m/2 R w

gef%nsnzdg (6)

Any online algorithm should mimic the performance of its
offline counterpart, and the gap between them is called regret
[25]. The regret with most stringent offline benchmark is
the dynamic regret, whose offline benchmark is to minimize

& Springer

¥ (z) ateach time. The definition of dynamic regrets is given
by

T T
RUT) = Zow’(z,-m) — Zow‘(z*(m, ieV, 7
1= 1=

where z*(¢) = argmin, ., Y!(z) forany t € |T]. An online
optimization algorithm is announced “good” if regret (7)
increases sublinearly, i.e., lim7_, R;’(T) /T = 0. Unfor-
tunately, using dynamic regret will cause the problem to
become insolvable when the minimizer of the cost function
changes rapidly. Inspired by [25], the difficulty is described
by the deviation of the minimization sequence {z*(t)}tT:0 :

T
Or = ZE) 2"+ 1) = 2D (3)
t=

2.3 Online distributed gradient-free algorithm

Now, we consider an offline and centralized optimization
problem, defined as

min ¥ (z), st z e, 9)

where objective function v is strongly pseudoconvex, and
constraint set §2 satisfies Assumption 2. The KKT condi-
tion of pseudoconvex optimization in terms of variational
inequality is given in the following lemma.

Lemma 2 [25] Suppose function yr : R — R is pseudocon-
vex and differentiable and constraint set §2 is convex. Then,
Z* is a minimum point of ¥ on $2 if it can satisfy the following
variational inequality

(VY (z"),z—27") >0, Vze . (10)

Based on Lemma 2, we can know problem (9) is solved if
there exists a point 7 € S2 satisfying

(VY (z),u—2z)>0, Yuces. )

Combining with multi-point unbiased gradient estimation,
we construct an auxiliary problem, defined as

min z' Pz + (@g(z0) — 2Pz0,2), S.I 2z € £2, (12)

where zo € 2, a > 0 and matrix P € R™™ is positive
definite and symmetric. Based on KKT condition, 7* € $2 is
the solution to (12) if and only if

(2Pz" +ag(zo) —2Pzo,u — z%), Vu € 2. (13)

By comparing (11) and (13), we can achieve that z* is also
the solution to (9) when z* = zo. By replacing zo with z(t)
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and z* with z(t + 1), we propose the following auxiliary
optimization strategy:

zZt+1)

= arg min {ZTPZ + {a(t)g(z(t)) — 2Pz(t), Z)}- (14)
zER

Note that if z(t + 1) = z(t) in (14), then problem (9) is
solved, which means that the solution of problem (9) is the
equilibrium point of problem (14). Let matrix P = I, if
Yl is a convex function, then we have arg min,eo{zT Pz +
(@()g(z(1) = 2P2(1), 2)} = 2(1) — L2 (2(1)). Thus, (14)
can be regarded as an extension of the gradient descent algo-
rithm. The detailed proofs of the convergence for algorithm
(14) can be found in [30, 31].

To solve problem (3), a random gradient-free online dis-
tributed algorithm is proposed

G+ 1)
= argmin {7 P2 + (@& (1) = 2Pvi(1). 2) .
vi(t) = Y wijz;(1),
By
L)
1 Z ‘/f (Z,(l)—i—/i,fq,(l))

B Ql gi=1 i

15)

¥ (zi (1))

él]i (t)s

where z; (¢) is the state of agent i at time ¢ with z;(0) € £2
and a(f) > 0is a diminishing learning rate with initial value
a(0) = ap. Motivated by the multi-point gradient estimation
method, consensus algorithm, and the auxiliary optimization
strategy, we propose algorithm (15). When running algorithm
(15), each agent updates status at each time only using the
information received from its neighbors and its own gradi-
ent estimation at past time. Therefore, (15) is an online and
distributed algorithm.

3 Main results

In this part, we will elaborate the main results of this paper
and give their concrete proof.

Theorem 1 Based on Assumptions 1-4, if the learning rate
a(t) = mforsomec > 0, thenforanyi € VandT € N,
the following inequality holds

n 16hM O

1(T+1),Z“’

'<(T+1)?T\/m),

E{RI(T)} < nLo\/F +
culn?2

(16)

441/ (cv)+2K 1)) +3¢2 42/ (cv)+2K5) +6ncL +
p(I—p)In2 cvln2

K= =C%+ Cé(()an{(m +4) Lo, pp =
n(SMKa++/m Lo(kL1+L0)Dn«/ﬁ) _ mn*H? 272
IC = 22(0) (m +4)“Lj

b1 = n(SMK; + (kLy + Lo)cC), Fi = Likc(m + 3)3,
Lo = sup;|7).icycen IVV @I, d = MK*, & = Anin(P).

C= D\/ﬁ; 1z (O)l1, B

M = nimax(P), L1 = sup,c|7) ey zen V21 @), and
h = sup.cg lzll.

where I’ =

= SUPe|7).icv e 18 ),

By Theorem 1, we know that both &7 and p; play impor-
tant roles in the bound of dynamic regret expectation. Note
that if u; = 77272 for any 0 > 0 and ®r grows sub-
linearly with h}{;), then E{Rd(T)} increase sublinearly
with 7', which implies the performance of online distributed
algorithm (15) is “good”. Therefore, algorithm (15) can be
employed to solve some strongly pseudoconvex optimization
problems, where the specific gradient information is unavail-
able or expensive to obtain. If the fluctuation of minimizer

sequence {z (t)}T o 1s dramatical, @7 might become linear

with an(T +1)’ then the problem becomes insolvable. It is a

natural phenomenon, even in online convex optimization.
Before proving Theorem 1, some useful lemmas are need
to be presented. First, we use F; to denote the o -field gener-
ated by the entire history of the random variable as
= {col(z;(5))iev, col(si (s))icy, s =0, ..., t}. (I7)
Based on the above definition, the following lemma can be
achieved.

Lemma 3 [19, 28] If V! is Li-Lipschitz continuous on $2,
then
@ E{IgO)I*IF} < (m +4)°L§.
3
) VY, i) = Vi i)l < %Ll(m +3)2.

© E{lgG®) — Vi, @)IIF} = 0. (18)

To prove Theorem 1, first, we present the following
lemma, which gives the upper bound of the discrepancy
between each agent’s state and their average state at each
update.

Lemma 4 Based on Assumptions 1-4, for anyi € V,

t
llzi(t) — Z(O] < Cp" + ”DTM Zopf—ya(w (19)
y:
and
t
lzi(t) = Z(OI* < Kip' + K2 3 p 77 (@(y))?, (20)

y=0
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n

where Z(t) = L3 zi0). Ky = €+ LB ) =
i=1

mnDp)*

4e2(1—p) *

Proof See Appendix 1. O

Next, we give the expectation for the upper bound of the
cumulative square error between agents’ optimal state and
their average state at each iteration time.

Lemma5 Under Assumptions 1-4, we have

T
B[ X 120) - 201
t=0

2d 8hM O i
~ ua(T) uo(T) ua(T) =0
2p, I i+l

Y3 p Y (a(y))?

uot(T) 1=0y=0

[T Z Wi
=, _nlo 2(a<r)>2 @
uca(T) eua(T) /=
Proof See Appendix 1. O

Proof of Theorem 1 Based on Lemmas 4-5, we can achieve
4 2
B[ X llzt) - 201
t=0

T T
< 28] ¥ Iz - 0P} + 28] T a0 -z01?)
=0 t=0

4d n 16hM O7
uo(T) uca(T)

401
26,
<< a) * >Zp+

+(4 )i’f’yu))z
o
7) =
2R T Z Wi
i=1 2nLy I 2
+ v (D) +8W(T) ZZ( a(t))”. (22)
Let a(t) = ﬁ, there holds
T 1+1
Z ZO P (a(y))?
T+1 T T
= Z > 1pf—y(owy))2 - ZO o' (a(0))?
: :y— =
T+1 2T 2 7
<| X @y (Z p’) + 3 p'(@(0))?
y=1 =0 =0
2 2
< cc(14+p+1In(T + 1)) < 3¢ 1n(T+1). 23)

(I—=p)p (1=p)pln2

& Springer

Based on Jensen’s inequality, we have
T 2 T 5
(Zla®-z0l) =@ +D X lm0 - =0l
1=0 =0
(24)

Now, by taking expectation on both sides of inequality (24),
we can obtain

E{(é I - o)’}

T
= (T + DE{ T () - Z01P}. ©5)
t=0
Based on (22), (23), and (25), we have
T

B[ X ) - o1}

t=0

T
<[+ DE[ ¥ ) — 2 0P
Z(T + DA E M lehmey
veln(T + 1) culn?2
AT + 1)@ 1 1), (26)

Note that Vl//l.t is bounded by Lo foranyi € Vandt € |T].
Thus,

d T
B[R} =Bl S0 @) - v o)
t=
T n
<E{ £ X @) -y ol
t=0 ]:
T
< E{nLo ¥ lla) — 01} )

Substituting (26) into (27) yields (16). Thus, Theorem 1 is
proved. O

4 A simulation example

In this part, we illustrate the validity of proposed algorithm
by using a numerical example. Assume a multi-agent system
with six agents, labeled as V = {1, 2, ..., 6}. Each agent
exchange information with its neighbors via a time-varying
digraph as shown in Fig. 1. For any i € V), cost function of
agent i is given by

Vi(2) = piz’ + qi(0)z,
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Fig.1 The time-varying directed graph sequence

=1,..,6
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t

Fig.2 The state trajectories of all agents under algorithm (15)

where z € §2. In this simulation, parameters are selected as
p1=0.6, pp =08, p3 = ps =1, ps = 0.5, ps = 0.1,
qi (¢) is randomly selected from [—i, i] and subject to a uni-
form distribution. Moreover, £2 = {z] — 10 < z < —1}is the
constraint set of the objective function. Initial states of agents
are selected as z;(0) = 0.3, z2(0) = —0.5, z3(0) = —0.5,
74(0) = 0.4, z5(0) = —0.1 and z6(0) = —0.2. Algo-
rithm (15) is applied to solving this problem. Let «(t) =
1/4/200¢ + 500, u; = 0.05 and Q = 1. The trajectories
of x;(¢t),i = 1,...,6 are represented in Fig.2 and Fig.3
displays the trajectories of the average regrets of all agents.
From Fig.2, it can be clearly seen that all agents’ states grad-
ually approach to the optimal solution z*(¢). Furthermore,
by observing Fig. 3, one can find that average regret of each
agent gradually diminishes to zero. These observations indi-
cate the correctness of achieved theoretical results.

1200 T T T T T T T
1000

O

. 800

n

= 600

~

% 400

200

Fig.3 The average regret trajectories of all agents under algorithm (15)

5 Conclusions

This paper deals with the zeroth-order online distributed opti-
mization problem where the sum of local cost functions is
strongly pseudoconvex. To solve this problem, a random
gradient-free algorithm based on multi-point gradient estima-
tion method and auxiliary optimization strategy is proposed.
Under this algorithm, each agent updates state at each time
only using the information received from its neighbors at the
current moment and the information of its own gradient esti-
mation at previous time.The proposed algorithm is measured
by the dynamic regret. The results indicate that if the com-
munication graph is B-strongly connected, and the deviation
of the minimizer sequence grows with a certain rate, then the
expectation of dynamic regret increases with some sublinear
bound. The simulation example in the previous section has
verified its validity. The cases of communication delays and
packet losses will be our future work, which means that there
will be new difficulty for the online distributed pseudoconvex
optimization problems.

Data Availability Data sharing is not applicable to this article as no new
data were created or analyzed in this study.
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Appendix
Proof of Lemma 4

Note that z; (# + 1) generated by algorithm (15) is the solution
to the following optimization:
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T Al _ ) 1
min 21 P2+ (@(N@ (@i (1) = 2Pvi (1), 2). @ iz - 1%,
Then according to the KKT condition, we can have < Dp'|1Z,O) |1 + 2_ Z P Va(y — 1)
£
(zit+ 1D —vi(®),zt+1) —z2)p - nD i
ot < Do 15,001 + 27 Yay). (36)
< T(é(zz'(t)), zit+1) —z) (29

for any z € £2. Note that v;(¢) € 2. Let z = v;(¢), based
on 2ellzi(t + 1) = viI* < llzi(t + 1) — v (1|3 and
lg(zi ()|l < B1, the following inequality holds

,31()

2lzit + 1) =@ < ——lzit + 1) —vi@ll. (30)

Foranyi € V, ri(t) is defined as r; (t) = z; (t + 1) — v; (¢).
From inequality (30), one can obtain ||r; ()| < B1a(t)/(2¢).
Moreover,

Zi(t+ D= Y wijzi)+ri). (3D

JENi (1)

Forany i € V, vector z;(t) € R" and 7 (t) € R" are defined
as a superposition of the sth entry of z; () and r; (¢), respec-
tively. Then, it follows that

Lt +1) = W0z (0) + 75 (0), (32)

which means the following equation holds

13
() = @(1,00Z:,0) + Y @, y)is(y — 1), (33)
y=1

where the definition of @(t, k) can be found in (1). Since
matrix @ (¢, k) is doubly stochastic, Eq. (33) can be further
expressed

Z(1) = 17%,(0) + Z 1Ty — 1. (34)
y=I1

Combining (33) and (34), one can obtain
@~ 1750
L)
< |(lo .01~ =17)z,0)

+ g (12~ 1 17)rsy — 1)

< max [[£.01; - + 12001 2
! 1
S aly = 1) max [[96, )l — - (35)

for any i € V. Based on inequality (2), one has

& Springer

This inequality directly proves the validity of inequality (19).

O
Furthermore, we can have
Ellzi(t) =zl
nD
<Cp' + 2\/_(m +4)Lo Z o' TV a(y). (37)

y=1

Notethat 0 < p < 1 and learning rate «(¢) is non-increasing,
we can obtain

lzi(t + 1) = 2(0)|1?
< <CZ + CnDﬂ“Oﬂl) p[

(1 — p)
mnpiD)? (L 2
+ (EO Pa) (38)

By Cauchy—Schwarz inequality, we can obtain

2
t
(Z P Valy — 1))
y=0

(i p’y> (Z p’V(a(y>)2>
=0 y=0

1

T—p = Z P (a(y))? (39)

IA

IA

Combining (38) and (39), we can obtain the validity of
inequality (20). O
Furthermore, we can achieve

Ellzi (1) — 2(0)|?

t
<Kip' +Kalm +H*LE Y p'Va(y) (40)
y=1

Proof of Lemma 5

To prove Lemma 5, an auxiliary lemma is given as follows.

Lemma 6 Based on Assumptions 1-4, fort € |T ] and any
u e R™,

S (20 (0) — vi0) u — 2t + D)
i=1
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1 n
<2k + 200 Y o @ @ =X fao Do -z en),
y=0 =
Proof of Lemma 6 Note that - 121 EHZ’ ) —zi(t + DJ?
n +2hM| 25+ 1) — 25|12 45
5 (2 () = w0, 1 — 2t + 1) 5 lee b=l @
i=1
n _ Based on KKT condition, one can obtain
= Z(Zi(t) —vi(0),u—Z(+D)p
X w0+ 5+ D) Wi _(‘)”"(” DO =zt Dir
n: ) ——(8(zi (1)), 2" (1) — zi(t + 1)). (46)
= <Z(Zl([) vi(t),u —z(t + l)>
d Using (41) in Lemma 6, we have
+MZ lzi(®) =viOMzG¢+ 1) —zi ¢+ DIl.  (42)
i=1
4 < 1 — X< 1
It is not hard to prove that Y »_, Pv;i(t) = Y i, Pzi(1), ,;<Z O =2+ D270 -z + D
Then, (Z (z,(t—l—l)—vl(t)) u—Z(l—i—l))P = 0. Using _ i(vi(t) L4 D). ) — 2+ D) p
Young’s inequality and the fact that 37, [|z; (£) — vi (1) ||* < i=1
42?:1 llzi (1) — Z(t)”z» we can have + i (zi(t) — vi (1), 2%(t) — z;(t + D)) p
Z(Zi(t + 1) - Vi(t)» u — Zi([ + 1))P < i %(,@(Zi(l‘)), Z*(t) _ Zi(t + 1)>P
i=l i=1
3 AN 5 SMn
; llzi (1) — z(2)|] ’CIP + _ICZ Z ,Ot ya((y))Z (47)

% i: z( 4+ 1) — z;(r + D> (43)

Combining with (20) in Lemma 4, it immediately implies
41). O

Proof of Lemma 5 Note that
1 * 2 1 * 2
Ellz t+1D—z@E+Dlp — Ellz ®) —z@®lp
1
=(zi(t) =zt + 1, 2*@t) —z;(t + D)p — EHZi(I)

—zi(t + DI + Zl< (z*(t+ 1) +z25(0)

—zit+ D, 25+ 1)+ 250) . (44)

Now, we denote O(t) = + 37, [lzi ()* — z; (t)||%. Then,

VO(t)
=0@+1)—0(@)

n

=3 (a0 -zt + D, 7O -z +1)

—_

i=

n n 1
b — i+ DI+ L {56+
i=1 i=1

l\.)l'—‘

+TO) =+ D+ D= 0)

2 5

Based on Lemma 2 and Assumption 3, the following inequal-
ity can be achieved

(2 vvico.z0 -2 o)= S0 -

* 2
> 2Ol 48)

Note that ||V21p;|| < Lj for any z € £2, it implies
VY] (zi () =V G < Lillzi(1)—z(t)|| foranyi € V.
By combining the boundedness of §2 in Assumption 2, one
can obtain

;(VW;(ZiU))s (1) — zi (1))

= é(vlﬂi’(zz‘ ) = Vi Z(1)), 2% (1) — zi (1))

+ Y (VYL E@0), 2() — zi(D)

i=

- LAVYGEO). 20— )

—

n

< YLt + Lo)lz() = 20l = S 10 = O
(49)
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Thus, the following inequality can be achieved _ i a(t) (V! (zi (D)), 2(t) — zi (¢ + 1))
i=1 l 7 l
@O LAV @), 210 — 2t + 1) Y a (VY G0) — VUG (0),240)
i= i=1
= 3 aO(VY! @), 250 — 2(0) —au+ D)
i=1 n
] Like(m +3)3 Y i
+ Z O[(l)(VI//il(Zi(l‘)), Zi(t) —zi(t + 1)) < i=1 va(t )”Z(t) z (t)||2
i - 2
UOl( ) n
< -0 - 0 + 3 (kLi + Lo)a(®)llzi (1) — Z(t + D]
i=1
+ 3 Loa )z () — 24t + D] ne oo , | n(Loa(n)?
i=1 ; 3 lzi (1) —zit + D= + e (53)

+ i(KL1 + Lo)a@®)|zi (1) — z@)||
Ua()

< - I1Z@) — #0117

+ Z(KLl + Lo)a (@) |lzi(1) =zl

i=1
n 2
+y S )~ zite + DIP + % (50)

Moreover, we can also achieve that

i a(t) (V) (2i (1) = Vi @i (1), (O =z (+1))

I/\

Z a(OKIIVY; @i () = Vi @)l

i=1

n
Lyck(m +3)7 > Wi
< =l 51
< 5 (51

Note that
Yo a(t)(g(zi(1), 25(t) — zi(t + 1))

i=1

= Za(t) (8 (0) = Vi, (zi(0)), 2% (1) — zi(t + 1))

i=1
+ Z a (V] (zi (1), (1) — zi(t + 1))
i=1
n
+ 20 (VY i) = Vi i (), 2(1)
i=l
—zi(t +1)). (52)
Substituting (50) and (51) into (52), using (c¢) in Lemma 3,
then taking the total expectation for the achieved inequality

after taking the conditional expectation over JF;, so we can
obtain

E{éa(t)(é(a(t)), 20 — 2t + 1)

& Springer

By (45), (47), and (53), using (25), we have

E{(VO(r)}
va(t) Fl;ﬂi
= - ElUEO -0 + ——

pr ,  n(Loa(t)?  po 1E] 5
+5o o+ Z d162)
+2RL|Z*(t + 1) — 25| (54)

Due to O(t) > 0 for any r € |T], we can have
— YT, VO@) = 00) — O(T) < O0) < d/2. By sum-
ming from ¢ = 0 to T on both sides of inequality (54), the
validity of Lemma 5 is verified. O
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