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Abstract—This work explores the data-driven online tracking
control problem for linear dynamic systems across multiple-input
multiple-output (MIMO) fading channels. Initially, we address
the optimal tracking control for a system with known plant
dynamics, and design an innovative stochastic-approximation
(SA)-based data-driven algorithm that leverage the instanta-
neous wireless channel state information (CSI). Subsequently, we
extend this approach to accommodate unknown plant dynam-
ics by proposing a novel normalized-stochastic-gradient-descent
(NSGD)-based algorithm. This algorithm facilitates simultaneous
system identification and control in an online setting using the
real-time plant state as well as the CSI. Through Lyapunov drift
analysis, we establish the asymptotic optimality of our proposed
data-driven algorithms. Numerical results and analysis further
demonstrate notable performance improvements compared to
several leading learning techniques.

Index Terms—Online training, linear tracking control, machine
learning, MIMO communication, Unreliable transmission.

[. INTRODUCTION

Optimal tracking control for linear systems via wireless
networks has been a focal point of recent research, particularly
due to its wide applications. This discipline is dedicated to the
development of sophisticated remote tracking controllers that
guide dynamic systems towards their desired states. A typical
linear control system comprises three essential components: a
potentially unstable dynamic plant, a remote controller and an
actuator collocated with the dynamic plant, as shown in Fig.
1. The remote controller processes the real-time plant state and
crafts the intermittent control signals. The control commands
are then conveyed to the actuator via an unreliable wireless
network, aiming to synchronize the internal plant states with
predetermined target states. Despite this, the wireless network
can introduce issues such as signal fading and packet loss,
which may markedly diminish the tracking control efficacy of
the system.

The design of tracking controllers for linear systems has
been extensively studied [1], [2]. The linear system is modeled
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Fig. 1: Example of a linear system over the wireless channels.

in the frequency domain, and offline proportional-integral-
derivative (PID) control schemes are proposed [1]. These
schemes rely on empirical PID coefficients, with control so-
lutions generated at a remote controller based on the dynamic
differences between the desired plant states and real-time
states. However, PID control methods are inherently heuristic
and lack robustness, making them suboptimal in many prac-
tical applications. To address these limitations and reduce re-
liance on trial-and-error tuning, online linear-quadratic-tracker
(LQT) control approaches have been proposed in [2], where
controllers and actuators are collocated. These LQT methods
parameterize control actions using tracking control gains de-
rived from solving the Riccati equation [3] in real-time, based
on both the target and actual states of the dynamic systems.
However, directly applying these LQT solutions becomes
problematic for wireless communication. Such scenarios can
lead to undesirable system behavior, as the tracking control
gains need to account not only for the dynamic differences be-
tween target and real-time plant states but also for variations in
wireless network conditions. Specifically, adapting the control
gains to both wireless fading conditions and system dynamics
is crucial for achieving accurate state trajectories. As a result,
brute-force application of the LQT schemes from [1], [2] can
result in significant mismatches between the desired and actual



plant states in wireless networked control systems.

Precise tracking control depends on accurate knowledge
of the dynamic plant model, which is often unavailable
in practice. Consequently, system identification of unknown
dynamic plants becomes crucial for achieving high tracking
performance. Traditional system identification methods for
linear systems have been extensively studied in an offline
setting, primarily through least-squares-based techniques [4].
However, these offline algorithms require exponentially large
memory for sample storage, making them impractical for
large-scale linear systems. To address the computational bur-
den, online system identification methods have been devel-
oped, using recursive least squares [5] and projected online
learning algorithms [6]. These methods reduce computational
complexity by updating model parameters in real time. How-
ever, these approaches assume that controllers and actuators
are collocated and do not account for plant noise, limiting
their applicability in real-world scenarios. Applying these
identification algorithms directly in wireless networked control
systems will degrade identification performance due to the
randomness in state samples used for system identification.
To handle noisy data, stochastic gradient descent (SGD)-
based algorithms have been widely used in parameter learning
problems [7]. However, standard SGD-based approaches are
unsuitable for identifying unstable dynamic plants, as they
struggle with the unbounded variance of the state samples
during training, leading to poor convergence and performance
[8].

In this work, we propose a novel data-driven approach for
online tracking control over wireless MIMO fading channels.
The main contributions are as follows: (@) Data-Driven Online
Tracking Control over the MIMO Fading Channels with
Known Plant Dynamics: Leveraging the knowledge of plant
dynamics and real-time channel state information (CSI), we
develop an online tracking controller for linear systems using
a novel stochastic approximation (SA)-based algorithm; (b)
Data-Driven Online Tracking Control over the MIMO Fad-
ing Channels with Unknown Plant Dynamics: For scenarios
where plant dynamics are unknown at the remote controller,
we propose a new normalized stochastic gradient descent
(NSGD)-based algorithm. This method enables simultane-
ous system identification and online learning of the optimal
tracking control solution, utilizing real-time plant states and
CSI; and (¢) Optimal Convergence Performance Analysis:
By providing Lyapunov-based analysis, we demonstrate that
both the system identification and tracking control algorithms
asymptotically achieve optimal performance.

II. SYSTEM MODEL

A. Dynamic Plant Model

We consider a discrete-time linear system with S state
variables, where the remote controller is equipped with N,
transmission antennas, and the actuator is equipped with N,
receiving antennas. The dynamics of the physical plant are:

Xk41 = Ax, +Bug +wy, £k=0,1,2,..., (D

where x;, € RS*! is the plant state variable, A € R5*5 is
the plant dynamics, B € R5*"r is the control input matrix,
i, € RN~*1 is the received control signal at the actuator
and w;, € R5*1 is the plant noise with zero mean and finite
noise covariance matrix W &€ Si. We assume the dynamic
evolution (1) is potentially unstable !. The plant system (A, B)
is assumed to be controllable.

B. Wireless MIMO Fading Channel Model

As depicted in Fig. 1, a wireless MIMO fading channel is
considered between the remote controller and the actuator [9].
At each time slot &, the control signal received at the actuator,
denoted by 1;, € RV~*1 is given by

u, = 0p,Hyuy + vy, 2

where u, € RN X! is the control action generated at the
remote controller, and 0, € {0, 1} is the i.i.d. random access
variable for the remote controller with Pr(d, = 1) = p.
Hy € RV->Ne ~ N(0,1y,) is the wireless MIMO fading
matrix between the remote controller and the actuator, and
v ~ N(0,Iy,) is the additive Gaussian noise.

III. DATA-DRIVEN OPTIMAL TRACKING CONTROL FOR
THE LINEAR SYSTEM WITH KNOWN PLANT DYNAMICS

The equivalent linear time-varying (LTV) system model can
be derived by combining Eqs. (1) and (2), resulting in

Xkt1 = Ax, + 6. BHLu, + Bvy + wy,. 3)

Let r, € RS*! be the prior-known target state, which
evolves according to rpy; = Gry, where G € R5*5 is
the reference dynamics matrix. The goal of optimal tracking
control for this LTV system can be framed as an ergodic
tracking control problem over the aggregated state sequence
S ={S1,Sa, ...}, where the aggregated state at the k-th time
slot is S = {xg,rx, 0xHy}. The optimal tracking control
problem can then be formulated as the following infinite-
horizon ergodic optimization problem.
Problem 1 (Ergodic Optimal Tracking Control Problem):

K
1
min J”" = minlimsup —=E ke (Sk, ug)],
& n K K [;5 Sewl

st. (3),EE€R,.

where the control policy # : § — U is a mapping from
Sk to ux € U. The per-stage reward function r1(Sg,uy) is
given by 71(Sk,ur) = (xx — )T Q(xx — ri) + uf Ruy, +
(0xHpu,) "MHu,. Q € S5, R € SY*, and M € ST,

The following theorem summarizes the sufficient conditions
for the existence of the solution to Problem 1.

Theorem [: (The Sufficient Conditions for the Existence
of the Solution to Problem 1) Let the singular value de-
composition (SVD) of §,¢BH, (HIMH, + R)™ ' HIBT
be 5:¢(BH, (HIMH, +R) HIBT = V(. V) with

1“The dynamic evolution (1) is potentially unstable” means that plant
dynamics A contains possibly unstable eigenvalues, i.e., ||A| > 1.



the diagonal elements of (i in descending order. Let
I 0
rank (5kBHkHEBT) =~ and IIj, = S" o . Prob-

X
lem 1 exists a unique solution if: (a) 0 < £[|G||? <S 129 and (b)
IE[ATV] (Is — 1) VL A]|| < ¢.
Proof: Please refer to Appendix A. ]
Note that the Problem 1 can be equivalently represented as
a virtual ergodic optimal control problem as follows.
Problem 2 (Equivalent Virtual Ergodic Optimal Control
Problem for Problem 1):

mlnj —mlnhmsup E f T2 (Sk, ug
" Koo ; LI
S.t. §k+1 = .&ﬁk + Bkllk + ‘/I\Vk,
where the equivalent per-stage reward function for the remote
controller 75(Sg,ux) is given by 7ro(Si,ux) = X, ka +

Xk € R25x1, Q _

ulRuy, + (6x:Hrur) " MHuy. X = Lk

Q9 ¢ R29:25 & — Diag(A,G) € RSBy, =
orBH, € R25%*Ni) and Wy = Bvy + wy c R2Sx1.
OS><N,5 Osx1

s a result, the solution to Problem 1 can be obtained via
the solution of the ergodic Bellman optimality equation for
Problem 2 as follows.

Theorem 2: (Ergodic Bellman Optimality Equation for
Problem 1) Under the sufficient conditions in Theorem 1, the
ergodic Bellman optimality equation for Problem 2 is

0* + V*(Sk) = I{llikn[rg(sk, uk) + fE[V*(S/H_l)‘Sk, uk]],
(6)

where the expectation at R.H.S. of (6) is w.r.t. dx+1Hy41, W,
and vi. 0% = J* = inf, J7 is the optimal average cost in
Problem 2, and V*(Sj) is the optimal value function for the
remote controller.

Proof: Please refer to Chapter 6.7 of [10]. [ |

One might consider solving (6) using conventional iterative
methods such as value iteration or Q-learning. However, these
approaches encounter significant obstacles due to the “curse
of dimensionality.” This challenge stems from the necessity
of learning the unstructured, high-dimensional value function
V*(Sk), which depends on the random variable Sy, and spans
an uncountable state space. To address these challenges, we
leverage the fact that d; and Hj are i.i.d. random processes
with respect to k, for 1 < k < K. Based on this, we propose
a structured approach by deriving an equivalent reduced-
state optimality equation, which simplifies the problem and
mitigates the dimensionality issues.

Theorem 3: (Structured Reduced-State Optimality Equa-
tion) Under the sufficient conditions in Theorem 1, the optimal
solution to Problem 2 is equivalent to the solution of the
equivalent structured reduced-state optimality equation for
Problem 2, which is given by

0" + V*(Xk) = Es,m, [min[ra(Sk, ug)

b (7N

+ €E6k+1Hk+1,Wk Vi [V* (§k+1)|sk7 uk]]7

where V*(Xr) = Esm, [V*(Sk)|xi] = XIPX) is the
structured reduced-state value function and P € S29. The
optimal average cost 0* = 6* = inf, J™ = Tr(éP1.sW +
SBTPLSB), where P.g is the S-order leading principal
submatrix of P. The optimal control policy 7* = {uj,Vk},
where u} is the solution to Problem 2 given by

LBIPAR,. (8)

uf = —(R+H/MH, + ¢BTPB,)~

Proof: Please refer to Appendix B. [ ]
In contrast to solving (6) by learning the unstructured high-
dimensional value function V*(Sj), which encompasses an
uncountable state space, solving (7) streamlines the process
by focusing on the structured kernel P of the low-dimensional
function V*(Xy,). This shift in focus significantly reduces com-
plexity and helps to circumvent the “curse of dimensionality.”
By leveraging the structural properties of V*(xk) 9 and uj
as outlined in Theorem 3, the equivalent structured reduced-
state optimality (7) can be expressed as f(P) = 025, where

f(P) is defined as follows:
[(P)=Eym[Q+ CATPA - CATPBLR+
H{MH, + ¢B{PB;) 'B{PA] -

To find the root of the equation f(P) = 055, we can employ
the SA algorithm, as detailed in Algorithm 12.

Algorithm 1 Data-Driven Online Optimal Tracking Control
for Linear Systems over MIMO Fading Channels
Initialization: Given a feasible positive semi-definite initial kernel
value P; € 82 the initial estimated reduced-state value function
is given by V; (xl) = XTP;1X;, and the estimated optimal tracking
control solution at the initial timeslot is given by

u; = —(R +4 H{MH1 + fﬁ?f’1ﬁ1)71§]§?f’11&§1
For k =2,3,...
Step 1: (Update of the Reduced-State Value Function) Using
P}, updated at the (k — 1)-th timeslot, the estimated reduced-
state value function at the k-th timeslot is given by Vi (Xk) =
Xk P kxk
Step 2: (Update of the Tracking Control Solution) Using
P, updated at the (k — 1)-th timeslot, the estimated optimal
control solution at the k-th timeslot is given by

(10)

u; = —(R + Hf MH,, + ¢B{ P, B,) '¢B] P A%y

Step 3: (Update of the Learned Pr)
P, 1 is updated using Py and 6, Hj given by

an

Pii1
T STH o \—

=P+ an(Q+ATPLA — AP BL(R+ 12
'BIPLA — Py),

where ay, > 0 is the learning stepsize at k-th timeslot satisfying

Sty ar =00, 32 (ar)? < oo
End

We formally summarize the convergence of Algorithm 1 in
the following Theorem 4.

’In Steps 2 and 3 of Algorithm 1, the realization of the channel state
61 Hy is necessary. This can be obtained through standard channel estimation
techniques at the actuator, which utilize the received pilot symbols from the
controller and the subsequent channel feedback to the controller [11].



Theorem 4: (Almost Sure Convergence of Algorithm 1)
If the sufficient conditions in Theorem 1 are satisfied, then
we have: (a) The learned P via Algorithm 1 converges to
the ground truth kernel P almost surel/y (b) The learned
Vi(Xk) via Algorithm 1 converges to V*(X;) = XiPXj
almost surely; and (c) uy via Algorithm 1 converges to uj
in (8) almost surely.

Proof: Please refer to Appendix C. ]

Note that Algorithm 1 requires prior knowledge of the
plant dynamics A. In the subsequent sections, we will extend
Algorithm 1 to accommodate scenarios with unknown plant
dynamics. Specifically, we will demonstrate how both A and
the optimal control input uj, can be learned simultaneously in
an online manner.

IV. ONLINE OPTIMAL TRACKING CONTROL FOR THE
LINEAR SYSTEM WITH UNKNOWN PLANT DYNAMICS

We propose an online remote system identification scheme
at the remote controller using {x1, X2, ...} and {uy,us,...}.
The problem is formulated as follows.

Problem 3 (Identification of Plant Dynamics A):

K

minlimsup — ZEWM,,C | xp41 — Axy — 0, BH g%
A K—oo k 1

(13)

Note that Problem 3 is a convex stochastic optimization
problem, where A = A is the unique global optimal solutions.
One may consider using the SGD algorithm to solve Problem
3. However, such algorithm cannot converge since the con-
ditional variance E[xjx} |A] in the standard SGD update is
not guaranteed to be bounded [12].

To tackle the convergence issue of SGD algorithm for
system identification, we propose a novel NSGD algorithm.
Specifically, let {n;} be the Lipschiz step-size sequence sat-
isfying > 72, mr = oo and Y- (nk)? < co. The learning
step-size for plant dynamics 7 is obtained by dynamic
normalization on 7 according to the state realizations as:
e = n if ||x;€,1||2 <1and 7 = W otherwise. Such
state-dependent normalization ensures thit the SGD update for
system identification will be reduced by a smaller equivalent
step size 7, if the state xj,Vk > 1, is drifting away. Based
on the real-time plant state x; and the CSI 0rHj, the update
for identified Ag_; at the k-th time slot is given by

Ay =Ap 1+ Onie(xp — Ap_1Xp1—

. (14)
5k_1BHk_1uk_1)xk_1, Vk € Z+,

where ¢, € {0,1} is an indicating function and ¢ = 1if and
only if [E[(Ar)7 V(I - )V, Al < L and A < e
with ¢ € Ry being a finite prior-given truncatlon constant
satisfying ||A|| << € < c0. Vi, € R9%S and I}, € RS> are
defined according to Theorem 1.

The identified Ay via (14) can be applied to (11) to learn the
optimal tracking control solution. We formally summarize the
simultaneous online system identification and tracking control
algorithm in the following Algorithm 2.

Algorithm 2 Online Identification and Tracking Control for
Linear Systems over MIMO Fading Channels.

Initialization: The identified plant dynamics is initialized as A €
R%*S with the condition for ¢ = 1 satisfied. The learned reduced-
state value function is initialized as V; (Xl) =X P1x1, where P; €
S%5 is a positive semi-definite matrix, X; = [x1,r7 |7 € RS is
the initial plant state, The control solution is initialized as

u = —(R+H{MH, + ¢B{P:B1) ¢BP1A %y,
where A; = Diag(A;, G) € R?5%25
Step 1: (Update of the Identified Plant Dynamics) At k-th time
slot, the identified plant dynamics Aj is obtained via (14) at the
remote controller.

Step 2: (Update of the Learned Reduced-State Value Function)
Using the learned kernel of the reduced-state value function Py
updated at (k — 1)-th time slot, the learned reduced-state value
function at k-th time slot is given by Vi (xx) = X} PiXy.

Step 3: (Update of the Tracking Control Solution u;) The tracking
control solution uy at k-th time slot is given by

(15)

ug = 7(R + HfMHk + §]§{Pk]§k)71§]§ff’kAk§k (16)

where Ay, = Diag(f&k, G), and Py, is updated based on the real-
time plant state x; and the CSI J,Hj, as follows.

Pk+1 = Pk + Ozk(Q + ngpkAk — €2A£Pk]§k(R+
H!MH;, + (Bl P.B,) "Bl PLA, — Py),
Let K =k + 1 and go to Step 1.

a7

The convergence of Algorithm 2 can be achieved by the
convergence of Ay and Pj. We summarize the almost sure
convergence of Algorithm 2 in the following theorem.

Theorem 5: (Convergence of Algorithm 2) (a) Ay via Al-
gorithm 2 converges to A almost surely; (b) Py, via Algorithm
2 converges to P almost surely; (c) Vi(Xx) via Algorithm 2
converges to V*(Xj) = X} PX; almost surely; (d) u via
Algorithm 2 converges to uj, in (8) almost surely.

Proof: Please refer to Appendix C. [ ]

V. NUMERICAL RESULTS

To evaluate the performance of the proposed online learning

algorithms, we compare them with the following baselines:

o Baseline 1: (Known Plant Dynamics and Known Optimal
Tracking Control Solutions [13]) A and uj are known at
remote controller. The remote controller outputs uj, at
each timeslot.

o Baseline 2: (Brute-Force Value-Iteration-based Tracking
Control with Known Plant Dynamics [14]) Based on xy,
the remote controller generates uy, via brute-force value
iteration on (6) with the knowledge of A.

o Baseline 3: (Brute-Force Value-Iteration-based Tracking
Control with SGD-based System Identification [15]) A is
identified by standard SGD-based approach. The remote
controller generates uy, via value iteration on (6) with the
identified plant dynamics.

We consider a linear system paramterized by A =
1.001 0.026 0.015 1.61 1.43
[0.002 0.9 0.03] and B = |:1.67 1.17|. P = 0.8. Ny =
0.004 1.77 1.42

0.0025 0.985,
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Fig. 2: MSE between the identified plant dynamics and the
true plant dynamics.
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Fig. 3: MSE between the learned control solutions and the
optimal control solutions.
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A. Convergence Performance for System Identification

Fig. 2 illustrates the mean square error (MSE) between
the learned plant dynamics and the true plant dynamics as
a function of the iteration number. As depicted in Fig. 2 , the
learned plant dynamics using Baseline 3 do not converge to
the true plant dynamics. This lack of convergence is attributed
to the SGD-based identification algorithm employed in Base-
line 3, which fails to ensure bounded conditional variance.
Consequently, the algorithm does not achieve convergence.
In contrast, the proposed scheme demonstrates asymptotic
convergence in learning the plant dynamics, thanks to its
normalized iterative update law.

B. Convergence Performance for Tracking Control

Fig. 3 reveals that the learned tracking control solutions
obtained from Baseline 2 and Baseline 3 diverge from the
optimal tracking solutions due to the “curse of dimensionality.”
In contrast, our proposed scheme asymptotically converges to
the optimal tracking solutions, demonstrating its effectiveness
in overcoming these challenges.

C. Stability Performance

Fig. 4 indicates that the plant states produced by Baseline 2
and Baseline 3 fail to track the target state due to their inability
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Fig. 4: Stability performance comparison.

to learn the optimal tracking control solutions. In contrast, the
plant state achieved through our proposed scheme asymptoti-
cally converges to the target state over time, reflecting that the
optimal tracking control solution is effectively attainable.

VI. CONCLUSION

This work addressed the data-driven online optimal tracking
control problem for linear systems operating under wireless
MIMO channels, considering both known and unknown plant
dynamics. We proposed novel data-driven online learning
algorithms for identifying plant dynamics and determining
optimal tracking control solutions. Utilizing Lyapunov drift
analysis, we demonstrated that the learned plant dynamics and
tracking control solutions converge to their true values and
optimal solutions, respectively, through the proposed learning
algorithms. Numerical simulations further confirmed the supe-
riority of our approach compared to various existing methods.

APPENDIX
A. Proof of Theorem 1

Problem 2 can be solved via the Markov decision pro-
cess (MDP) techniques [13]. Specifically, using the simi-
lar approach as in [16], the optimality equation associated
with Problem 2 can be represented as 6* + X[ PX; =
I/E\[minuk[ﬁ;‘;Qﬁk + u/ (R + HIMH)u, + &(AX, +
Bkuk)TP(A§k+Bkuk)+§Tr(P1:SW)+§Tr(BTP1:5B)],
and uj, that achieves the minimum value of above equation
is given by (8). Assuming v+ (Xg) exists, ie., P exists, it
follows that §* = Tr ((P1.sW + {BTP1.gB). As a result, it
suffices to prove that the solution P to the optimality equation
for Problem 2 exists, then the solutions of 6* , V*(Xj) and
u; to Problem 2 all exist.

We now prove the existence of unique P. Specifi-
cally, note f(P) = 03¢ has all terms positive semi-
definite. Hence, we can simultaneously diagonalize all terms
for f(P) = 02g. This follows that equations P; =
Q + ¢ATP,A — E[?5,ATP1BH,(R + HIMH; +
¢HIBTPBH;) 'HIBTP;A] and Py = (GTP,G + Q



with unique positive semi-definite root P; and P, exists,
respectively. It is easy to see that unique positive semi-definite
P, exists if 0 < ¢||G||?> < 1. We now prove that unique
positive semi-definite P; exists under the sufficient conditions
in Theorem 1. Specifically, by some derivations, we have
P, < §ATE[VT(I — IL,) VP V(I — II,) Vi A + Q,
where Q € S is a finite positive definite matrix. Under the
sufficient condltlons in Theorem 1, we use the monotonicity
of the R.H.S. of the optimality equation w.r.t. Py, it follows
that there is a unique positive semi-definite P; such that the
optimality equation is satisfied, which concludes the proof.

B. Proof of Theorem 3

Exploiting the i.i.d. property of Hj and Jy, the optimal-
ity equation for Problem 2 in Theorem 2 can be repre-
sented as 0* + V*(Xy, 0 Hy) = miny, [ro(Xgk, 0k Hy, ug) +
SZﬁkﬂ Pr(Xp+1|Xk, 0xHg, ug)V*(Xgy1)]. Taking the ex-
pectation of both sides of above equation over §;Hy, it follows
(7) and concludes the proof.

C. Proof of Theorem 4 and Theorem 5

Note that Algorithm 1 is a special case of Algorithm 2.
This follows to analyze the convergence of Aj and P} in
Algorithm 2 for convergence of both algorithms.

1) Convergence of Aj: We define the Lyapunov function
as Vi = [|[A — A%, with the associated Lyapunov drift
given by A(Ay) = E[Vig1 — Vi|Ay]. Substituting (14) into
A(Ak), and according to Lemma 2.1 of [17], it follows that
limy o0 E[J| A — AJ2] = 0.

2) Convergence of Py: The update rule for P, in (17)
can be represented as Py = Py — akg(Pk,Ak,éka) =
P, — ag fLPk + My), where g(Pk,Ak,éka) =
Pir — g(Pr, Ay, 6:Hy, f(Pr) = E[G(Px, Ak, 6. Hy) [Py,
My, = G(Py, Ag, 61 Hy)— f(Py), g(P ) QJrEAJQPkAk*
EATP.By(R + HIMH, + ¢BTP.B,) " 'BIPA,.
It can be verified that E[|Px||2] < oo,Vk and
E[Tr(Px)] < oo,Vk. Using the boundness of E[|Py||%]
and the linearity of the trace functional on the
monotonic g7 (P, Ay, 8xHy) wrt. Pj [3], it follows
that E[|[Pysy — P|3] = E[Tr((Pyys — P)T(Pysy — P))] =

E(|[Prr1 — PlF] — 204E[Tr(G" (Py, Ay, 6 Hy)(P —
P)]  + (%)2E[||§(Pk7AkﬁkHz@)H%]
EHIPk - PH%l - QOzkE[TI"(( (Pk,Ak,éka) -
7 (PAGH))(Py = P)] + (a)fe < E[P, —
P||2] - QQkE[TI"((AT(Pk,A (Ska) + g (Pk, Ak, (Ska) -

g' (Pr, A, 0:H) — 7(P,A,6:Hy)(Pr — P))] +
(@2 < (1 — xes)EllPx - PIA] + (an)er +
200 E[Tr((g" (Pr, A, 6, Hi) — 97 (P, Ag, 61 H)) (P —
P)] < (1 - a)E[|Py — P3| + (o)’cs +
QQkE[TI'((AAT — Ak(Ak)T)/g\T(Pk, Izs, 5ka)(Pk — P))],
where 0 < c1, co, €3, ¢4 < 0o. Further recursively applying the
Von-Neumann’s trace Inequality to the above inequality, we
have E[|[Pgi1 P 2] < (1—apes JE[[|Py—P 2]+ (ax) e+
akC7E[Zf:1 os(A — Ay)], where 0 < c¢5,c6,07 < 00, and
0i(A — Ay) is the i-th decreasing-ordered singular value of
A— A,

IA

The derivations in 1) shows that the sequence
limg oo E[Y7, 02(A — Ag)] = 0. According to the
definition of the convergent sequence, it follows that for
arbitrary given cg > 0, we have a ﬁnlte timeslot k2 = 1,2, .
such that for all k& > ko, E[Z >, 0s(A — Ay < cs. In

{E[Zil os(A — Ak)L} is also a convergent
sequence that converges to 0. According to the definition of
the convergent sequence that converges to 0, it follows that
limsup_, o E[||Px — P||%] = 0, which concludes the proof.

other words,
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