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Abstract

We study the problem of adaptive control in partially observable linear quadratic Gaussian
control systems, where the model dynamics are unknown a priori. We propose LQGOPT, a novel
reinforcement learning algorithm based on the principle of optimism in the face of uncertainty, to
effectively minimize the overall control cost. We employ the predictor state evolution represen-
tation of the system dynamics and propose a new approach for closed-loop system identification,
estimation, and confidence bound construction. LQGOPT efliciently explores the system dynam-
ics, estimates the model parameters up to their confidence interval, and deploys the controller
of the most optimistic model for further exploration and exploitation. We provide stability
guarantees for LQGOPT, and prove the regret upper bound of (5(\/T ) for adaptive control of
linear quadratic Gaussian (LQG) systems, where T is the time horizon of the problem.

1 Introduction

One of the core challenges in the field of control theory and reinforcement learning is adaptive
control. It is the problem of controlling dynamical systems when the dynamics of the systems are
unknown to the decision-making agents. In adaptive control, agents interact with given systems in
order to explore and control them while the long-term objective is to minimize the overall average
associated costs. The agent has to balance between exploration and ezploitation, learn the dynam-
ics, strategize for further exploration, and exploit the estimation to minimize the overall costs. The
sequential nature of agent-system interaction results in challenges in the system identifying, esti-
mation, and control under uncertainty, and these challenges are magnified when the systems are
partially observable, i.e. contain hidden underlying dynamics.

In the linear systems, when the underlying dynamics are fully observable, the asymptotic op-
timality of estimation methods has been the topic of study in the last decades i J, ,
Lai and Wei, M] Recently, novel techniques and learning algorithms have been developed to
study the finite-time behavior of adaptive control algorithms and shed light on the design of opti-

mal methods [Pefia et _all, uﬂ)ﬁ 1echteﬂ L%Zj Abbasi-Yadkori and Szepesvarﬂ 2011|. In particular,
Mmm&mmd “2Q1_]J] proposes to use the principle of optimism in the face of un-

certainty (OFU) to balance exploration and exploitation in LQR, where the state of the system
is observable. OFU principle suggests to estimate the model parameters up to their confidence
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interval, and then act according to the policy advised by the model in confidence set with the lowest
optimal cost, known as the optimistic model.

When the underlying dynamics of linear systems are partially observable, estimating the systems’
dynamics requires considering and analyzing unobservable events, resulting in a series of significant
challenges in learning and controlling the partially observable systems. A line of prior works are ded-
icated to the problem of open-loop model estimation (Oymak and Ozay [2018], [Sarkar et all [2019)],
Tsiamis and Pappas [2019] where the proposed methods highly rely on random excitation, uncorre-
lated Gaussian noise, and do not allow feedback control. Additionally, in general, computing the
optimal controller requires inferring the latent state of the system, given the history of observations.
When the model dynamics are not known precisely, the uncertainties in the system estimation result
in inaccurate latent state estimation and inaccurate linear controller. The possibility of accumula-
tion of these errors creates a challenging problem in adaptive control of partially observable linear
systems. Therefore, we need to consider these challenges in designing an algorithm that performs
desirably. In this work, we employ regret, a metric in quantifying the performance of learning algo-
rithms that measures the difference between the cost encountered by an adaptive control agent and
that of an optimal controller, knowing the underlying system [Lai and Robbins, [1985].

Contributions: In this work, we study the adaptive control of partially observable linear sys-
tems from both model estimation/system identification and the controller synthesis perspective. We
introduce a novel estimation method for the general cases of both closed- and open-loop identifica-
tion of linear dynamical systems with unobserved hidden states, even in the presence of feedback
loop and correlated Gaussian noise. We provide the detailed finite time estimation analysis and
construction of confidence sets.

We propose LQcOPT, an adaptive control algorithm for learning and controlling unknown par-
tially observable linear systems with quadratic cost and Gaussian disturbances, i.e., linear quadratic
Gaussian (LQG), for which optimal control exists and has a closed form |Bertsekas, 1995]. LQcOPT
interacts with the system, collects samples, estimates the model parameters, and adapts accord-
ingly. LQaOPT deploys OFU principle to balance the exploration vs. exploitation trade-off. Using
the predictor form of the state-space equations of the partially observable linear systems, we define
a least-squares estimation problem and obtain confidence sets on the system parameters. LQcOPT
then uses these confidence sets to find the optimistic model and use the optimal controller for the
chosen model for further exploration-exploitation. To analyze the finite-time regret of LQaOPT, we
first provide a stability analysis for the sequence of optimistic controllers. Finally, we prove that
LQcOPT achieves a regret upper bound of O(v/T), an improvement to the O(T%/3) regret upper
bound in the prior work |[Lale et all [2020], where T' is the number of total interactions.

Independently and simultaneously to our paper, a new arxiv paper Simchowitz et all [2020)]
propose an algorithm which also achieves (5(\/? ) regret bound in partially observable linear systems,
under different problem setup and semi-adversarial disturbances. [Simchowitz et all [2020] employ
the theory of online learning, and propose to start with an initial phase of pure exploration, long
enough for accurate predictive-model estimation. Then this phase is followed by committing to
the learned predictive-model and deploying online learning for the policy updates. Under a set of
different assumptions, e.g., on noise model, access to a set of stabilizing controllers, computation,
the convexity of loss functions, the authors show that their method attains a similar order regret
bound. These two works develop a principally different set of theoretical tools and analyses that
require further investigation.



2 Preliminaries

We denote the Euclidean norm of a vector z as ||z]2. We denote p(A) as the spectral radius of a
matrix A, ||Al|r as its Frobenius norm and ||A||y as its spectral norm. Tr(A) is its trace, A is
the transpose, AT is the Moore-Penrose inverse. The j-th singular value of a rank-n matrix A is
denoted by o;(A), where omax(A) := 01(A4) > 02(A) > ... > omin(A) := 0,(A4) > 0. I represents
the identity matrix with the appropriate dimensions.

Consider the following discrete time linear time-invariant system © = (A4, B,C) and with dy-
namics as:

Tyr1 = Axy + Buy + wy
yr = Cy + 2. (1)
At each time step ¢, the system is at (hidden) state z; € R™, the agent receives observation y; € R™
under a measurement noise z; ~ N (0, o2l ) Then the agent applies a control input u; € RP, and
receives a cost of ¢; = 3, Qu; +u/ Ru; where Q and R are positive semidefinite and positive definite
matrices, respectively. After taking uy, the state of the system evolves to z;y1 for the time step

t + 1 under a process noise wy ~ N (O, 012”[). Here the noises are i.i.d. random vectors and N (u, )
denotes a multivariate normal distribution with mean vector p and covariance matrix ..

Definition 2.1. A linear system © = (A, B,C) is (A, B) controllable if the controllability matriz,
C(A,B,n)=[B AB A’B... A" ']

has full row rank. For all H > n, C(A, B, H) defines the extended (A, B) controllability matriz.
Similarly, a linear system © = (A, B,C) is A,C observable if the observability matriz,

O(A,Cn)=[CT (CA)T (CAHT ... (cAHT]T
has full column rank. For all H > n, O(A,C, H) defines the extended (A, C) observability matriz.
Suppose the underlying system is controllable and observable. Then, the agent chooses control

inputs as a function of past observations and aims to minimize the expected cost,

: : 1
J(©)=lim  min TE

T—00 u=[uq,...,ur]

T
>yl Qui + v/ Ruy
=1

This problem is known as LQG control. The optimal solution to LQG control problem is a linear
feedback control policy given as u; = —K#y; . Here K is the optimal feedback gain matrix,

K= (R + BTPB)_l BTPA,

where P is the unique positive semidefinite solution to the following discrete-time algebraic Riccati

equation (DARE):

-1
P=ATPA+CTQC - ATPB (R + BTPB) BTPA, 2)



and Zy; g is the minimum mean square error (MMSE) estimate of the underlying state using system
parameters © and past observations, where Zo_1 ¢ = 0. At steady-state, this estimate is efficiently
obtained by using the Kalman filter:

Tyo = (I — LC)Zyp—1.0 + Ly, (3)

Ty—1,0 = (AT_1ji—1,0 + Bug-1), (4)
-1

L=3xCT (CECT + a§I> , (5)

where 3 is the unique positive semidefinite solution to the following DARE:
-1
S = ASAT — AXCT (Cch + agf) CSAT + 021

In the adaptive control, the underlying system parameters © are unknown, and the agent needs to
learn them through interaction with the system with the aim of minimizing the cumulative costs
Zle ¢ after T time steps. We measure the performance of the agent using regret, i.e., the difference
between the agent’s cost and the optimal expected cost:

T
REGRET(T) =Y (a1 — J«(©)).
0

t=

The system characterization depicted in (I]) is called state-space form of the system ©. The
same discrete time linear time-invariant system can be represented in several ways which has
been considered in various works in control theory and reinforcement learning |[Kailath et al., 2000,
Tsiamis et al), 2019]. Note that these representations all have the same second order statistics. One
of the most common form is the innovations for of the system characterized as

Tyr1 = Axy + Buy + Fey
yr = Cxy + ey (6)

where F' = AL is the Kalman gain in the observer form and e; is the zero mean white innovation
process. In this equivalent representation of system, the state x; can be seen as the estimate of
the state in the state space representation, which is the expression stated in ({@l). In the steady
state, e(t) ~ N (0, cxCT + 0’3[). Using the relationship between e; and y;, we obtain the following
characterization of the system ©, known as the predictor form of the system,

Ty = Az + Bug + Fyy
yr = Cay + e (7)

where A = A— FC and F = AL. Notice that at steady state, the predictor form allows the current
output y; to be described by the history of inputs and outputs with an i.i.d. Gaussian disturbance
et ~ N (0, cCxC’ + o2l ) In this paper, we exploit these fundamental properties to estimate the
underlying system, even with feedback control. We consider the set of stable systems.

1For simplicity, all of the system representations are presented for the steady-state of the system.



Assumption 2.1. The system is order n and minimal in the sense that the system cannot be
described by a state-space model of order less than n. The system is stable, i.e. p(A) < 1 and

P(A) :=sup,> % < 0.

Note that the assumption regarding ®(A) is required for quantifying the finite time evolution
of the system and it is a mild condition, e.g. if A is diagonalizable, ®(A) is finite. Additionally for
stable A, ®(A) can be upper bounded by the Ho-norm of the system x;11 = Axy +w; [Mania et all,
2019].

We assume that the underlying system lives in the following set.

Assumption 2.2. The unknown system © = (A, B,C) is a member of a set S, such that,

p(A') <1,

(A’, B') is controllable,
(A", C") is observable,
(A’, F'") is controllable.

§Cle = (A, B.CF)

The above assumptions are standard in system identification settings in order to ensure the
possibility of accurate estimation of the system parameters [Knudsen, 2001, (Ovmak and Ozay, 2018,
Tsiamis and Pappas, 2019, [Sarkar et al., 2019, [Tsiamis et all, 2019, Lale et al.; 2020].

Assumption 2.3. The set S consists of systems that are contractible, i.e.,

p = sup HA’—B'K(@/)H <1,
©'=(A",B',C")eS

where K(©') is the optimal feedback gain matriz of ©’, and

U= sup |A"—A'L(e"C'|| < 1.
O'=(A",B',C"ES

where L(©') is the optimal Kalman gain matriz of ©'. There exists finite numbers D, T,  such
that D = superes || P(O)]], T = superes |K(0))]| and ¢ = supeyes [ L(©)].

This assumption allows us to develop stability guarantees in the presence of sub-optimal closed-
loop controllers.

3 Adaptive Control via LqocOpT

In this section, we present LQcOPT, an adaptive control algorithm for LQG control problems, and
describe its compounding components. The outline of LQGOPT is given in Algorithm [II The early
stage of deploying LQcOPT involves a fixed warm-up period dedicated for pure exploration using
Gaussian excitation. LQGOPT requires this exploration period to estimate the model parameters
reliably enough that the controller designed based on the parameter estimation and their confidence
set results in a stabilizing controller on the real system. The duration of this period depends on
how stabilizable the true parameters are and how accurate the model estimations should be. We
formally quantify these statements and the length of the warm-up period.

After the warm-up period, LQGOPT utilizes the model parameter estimations and their confidence
sets to design a controller corresponding to an optimistic model in the confidence sets, obtained



by following the OFU principle. Due to the reliable estimation from the warm-up period, this
controller and all the future designed controller stabilize the underlying true unknown model. The
agent deploys the prescribed controller on the real system for exploration and exploitation. The
agent collects samples throughout its interaction with the environment, and use these samples for
further model estimation, confidence interval construction, and design of the controller regarding to
an optimistic model. The agent repeats this process.

Since the Kalman filter converges exponentially fast to the steady-state gain in observer form,
without loss of generality, we assume that zg ~ N(0,3), i.e., the system starts at the steady-state.
This consideration eases the presentation of the algorithm. We provide the overview of the analysis
for any arbitrary and almost surely finite initialization in the Appendix

In the warm-up period LQGOPT excites the system with u; ~ N(0,021) for 1 < t < T,.
Considering the predictor form representation of the system given in (), we can roll back the
state evolution H time steps back as follows,

H-1
= Z AR (Fy;_p—1+Bup_j_1) + Allzy_ gy
k=0

From Assumption 22, we have that A is stable, thus the state can be estimated in principle for
large enough H. Using the generated input-output sequence D = {yt,ut}tT;"l, LQGOPT constructs
N subsequences of H input-output pairs, ¢; for H <t < T, where T,, = H + N — 1,

-
T T T T H
¢ = |:yt—l Yl wy e ulg| € ROV

Using this definition, we can write the following truncated autoregressive exogenous (ARX)
model for the given system ©, B
= Mo, + e + CAH:Et_H (8)

where M € R™X(m+P)H defined as
M=[CF, CAF, ..., CA""'F, CB, CAB, ..., CA"7'B]. (9)

Thus, any input-output trajectory {y;, ut}g;l can be represented as

YT = CI)TMT + ET + NT (10)
where
Yr = lym, yast, ., yr]| € RV
T:[(b ¢H+17 ceey ¢T]T€RNX(m+p)H
T = [6 Hy CH+41y -+, ET]T = RNXm
NT:[C'Aon, CA :El,...,C’AHxT_H]TeRNXm

for N=T—-H+1.
Note that, during the warm-up period the noise terms are zero-mean including the effect of
initial state since we assume that zo ~ N(0,X). After the warm-up period, LQGOPT obtains the



Algorithm 1 LqocOpT

1: Input: T,,, H, 05, 0., S >0, >0, n, m, p, Q, R
—— WaARM-UP

2: fort=0,1,...,7T, do

3: Deploy u;~N(0,021) and store Do={y;, us}1*,

4: end for
—— ADAPTIVE CONTROL
: fori=0,1,... do

5
6:  Calculate M; using D; = {y,, ut}ggw
7. Deploy SysIp (H, Mi,n) for A;, B;, Ci, L;
8:  Construct the confidence sets C4(i),Cp(7),Cc(7), Cr(i) s.t. w.h.p. (4, B,C, L)€C;, where
Ci=(Ca(i) x Cp(i) x Cc (i) x Cr(7))
9: Find a ©; = (AZ, B;, CZ',LZ') € C;NS s.t.
J(éz) < infglecimg J(@/) + 71
10.  fort=2'T,, ...2"" T, —1 do

11: Execute the optimal controller for ©;
12:  end for
13: end for

first estimate of the unknown truncated ARX model M by solving the following regularized least

square problem,
Mo = arg min 1Yy, — 1, X% + A X|F (11)

where the solution
Mg = (0, @7, + )@ Yo, .

Using this solution, LQcOPT deploys a system-identification algorithm and obtains the estimates of
the system parameters Ay, By, Co, Lo, with corresponding confidence sets C4(0),Cp(0),Cc(0), Cr(0)
in which the underlying system parameters live with high probability. With the initial confidence
sets, LQGOPT starts adaptive control period using the OFU principle. It selects the optimistic
model i.e., the model that has the minimum average expected cost, among the plausible models
and executes the optimal controller for the chosen model. As the confidence sets shrink, i.e., the
estimates of system parameters are significantly refined, LQaOPT adapts and updates its policy by
deploying OFU principle on the new confidence sets.

For a linear system © = (A, B, C'), we define truncated open-loop and closed-loop noise evolution
parameters, respectively G% and G. When the controller is set to be i.i.d. Gaussian excitements,
GOl ¢ RE(m+p)x2H(n+m+p) opcodes the open-loop evolution of the disturbances in the system, and
represents the responses to these disturbances on the batch of observations and actions history. Note
that the historical data is correlated even in the open-loop setting with i.i.d. Gaussian excitements.
The exact definition of G% is provided in equation (20) of Appendix In Appendix we also
show that G% is full row-rank, i.e., omin(G%) > 0, > 0, where o, is known to LQGOPT.

When the controller is set to be the optimal policy for the underlying system, i.e. closed-loop
system, G% € RH# (mtp)x2H(n+m) penresents the translation of the truncated history of process and
measurement noises on the inputs, ¢’s. The exact construction of G is provided in detail in equation



@) of Appendix[A2 Briefly, it is formed by shifting a block matrix G € R("+P)x2H(n+m) by 4py
in each block row where G is constructed by H (m + p) x (n + m) matrices. We assume that H
used in LQGOPT is large enough that G is full row rank for the given system. In Appendix [A.2 we
show that, if G is full row-rank, G% would be full row-rank, too. Thus, we have that for the choice
of H in LqQcOPT, amin(gcl) is lower bounded by some positive value, i.e., amm(gd) > g. > 0, where
LqQcOPT only knows o, and searches for an optimistic system whose closed-loop noise evolution
parameter satisfies this lower bound.

The following theorem states the main result of the paper, an end-to-end regret upper bound of
the adaptive control in LQG systems.

Theorem 3.1 (Regret Upper Bound). Given a LQG © = (A, B,C), and regulating parame-
ters Q@ and R, with high probability, the regret of LQcOPT with a warm-up duration of T, =
pOly(H7 log(T)uUO7UC7U7C7P7m7n7p7p7(I)(A)) is

REGRET(T) = O (\/T) (12)
The exact expressions that define T, are given in Appendix with the detailed definitions.

3.1 Learning the Truncated ARX Model

First consider the effect of truncation bias term, N;. From Assumption 23] we have that ||A|| < v <

1. Thus, each term in N; is order of v1. In order to get consistent estimation, for some problem

2
dependent constant cp, LQGOPT sets H > W, resulting in a negligible bias term of

order 1/T2. The following gives the self-normalized finite sample estimation error of ([ITI).

Theorem 3.2 (Closed-Loop Identification). Let My be the solution to (1) at time t. For the given
choice of H, define

t
Vi=V+ Z bith;
i—H

where V.= M. Let |M|p < S. For § € (0,1), with probability at least 1 — 0, for all t, M lies in
the set Cym(t), where

Ca(t) = {M': Te((Mg — M)Vi(Mg = M')T) < 5},

for B defined as follows,

det (V)Y tvH
— T4 g2
Br = m||CECT 4+ 021||1log <5det(V)1/2 + SV + T2

The proof is given in Appendix [Bl It uses self-normalized tail inequalities to get the first two
terms in the definition of §; , and with the given choice of H, we obtain the final term in the
bound. This bound can be translated to |[M; — M|| in order to be utilized for the confidence
set construction of the system parameters. First, we need the following lemmas that guarantee
persistence of excitation during the warm-up period and adaptive control period.



Lemma 3.1 (Persistence of Excitation in Warm-Up Period). After sufficient time steps in warm-up
period of LQGOPT, with probability at least 1 — &, we have

t 2 - 2 2 2

ol minyo;,, 05,0

Omin <Z ¢Z¢ZT) >t £ { ; = u} (13)
i=1

Lemma 3.2 (Persistence of Excitation in Adaptive Control Period). After sufficient time steps in
adaptive control period of LQaOPT, with probability 1 — 35, we have

t 2 - 2 2
O, MIN\ 0y, 0
o (S 007 ) 2 ) "
i=1

For two problem dependent parameters T,, and Y., that uniformly bound the components of
¢’s during the warm-up and adaptive control period respectively, we have the following theorem
which combines Theorem B.2] with Lemma [B.1] and to obtain the bound over | My — M]||.

Theorem 3.3. During the warm-up period, ||¢¢|| < TwVH with high probability. After the warm-up
period of Ty, the initial estimation of the truncated ARX model, Mg, obeys

”MO o M” < pOly(m7 va)
~ min{oy, 0., 0000V T

During the adaptive control, with high probability | ®¢|| < Y.V H. For the adaptive control period
at any time t > 20y, the least squares estimate of the truncated ARX model My follows

poly(m, H,p)

2 52 252
0202 o202 5252 020h 0i0
tmin{o202,0202,020%, 75, 757

VL, — M| <

Note that the choice of H depends on the horizon, which is needed to be known apriori. Since
the dependency of H in the horizon T is log(T'), one can deploy the standard doubling trick to relax
this requirement

3.2 System Identification

After estimating Mg, LQGOPT constructs confidence sets for the unknown system parameters and
uses these confidence sets to come up with the optimistic controller to exploit the information gath-
ered. LQGOPT uses a subspace identification algorithm SysIp, given in Algorithm 2] in Appendix
SvysIp is similar to Ho-Kalman method [Ho and Kalméan, 1966] and estimates the system parameters
from M. First of all, notice that M = [F, G| where

F = [CF, CAF, ..., CA"7'F] e R™*™H

G =[CB, CAB, ..., CA"~'B] e R™*PH,

Given the estimate for the truncated ARX model

Mt = [Ft71, e 7Ft,H7 Gt,la ey Gt,H]a

2Doubling trick suggests to set the horizon to a time step, and in a repeated fashion, whenever that time step is
reached, double that time step, and continue.



where ]?‘t,i is the 7’th m x m block of f‘t, and Gt,i is the i’th m x p block of Giforall 1 <i< H,
SysID constructs two dy x (dz + 1) Hankel matrices Hg, and Hg, such that (4, j)th block of Hankel

matrix is ]?‘t,i and Gt,i respectively. Then, it forms the following matrix 7:1,5.

o= [He,, Me,|-
Recall that the dimension of latent state, m, is the order of the system for the observable and
controllable system. For H > max {2n + 1, W}, we can pick d; > n and ds > n such
di +do+ 1 = H. This guarantees that the system identification problem is well-conditioned. Using

Definition 2.1] if the input to the SysIp was M = [F, G] then constructed Hankel matrix, H would
be rank n,
H=I[CT, ..., (CAA"YNT[F, ..., A2F B, ..., A2B]
=O0(A,C,dy) [C(A, F,dy+1), A®F, C(A,B,dy+1), A®B]
=0(A,C,dy) [F, AC(A,F,dy+1), B, AC(A,B,ds+1)].

Notice that M and H are uniquely identifiable for a given system O, whereas for any invertible
T € R™ "™ the system resulting from

A =T1'AT, B=T"'B, ¢'=CT, L' =T7'L

gives the same M and H. Similar to Ho-Kalman algorithm, SysIp computes the SVD of My and
estimates the extended observability and controllability matrices and eventually system parameters
up to similarity transformation. To this end, SysID constructs 7:[; by discarding (ds + 1)th and
(2dy 4 2)th block columns of Hy, i.e. if it was H then we have,

H™ = O(A,0,dy) [C(A, F dy+1), C(A,B,dy+1).

The algorithm then calculates M, the best rank-n approximation of 7:[; , obtained by setting its all
but top n singular values to zero. The estimates of O(A,C,dy), C(A, F,dy+1) and C(A, B,ds +1)
are given as

N = U2 312V, T = Oy (A4, C,dy) [Co(A, Fody+1), Cy(A,B,dy +1)].

From these estimates SysIp recovers C’t as the first m x n block of (A)t(/i, C,dy), Et as the first
n x p block of C¢(A, B,dy + 1) and F} as the first n x m block of CE(A’ F,dy +1). Let H; be the
matrix obtained by discarding 1st and (dg 4+ 2)th block columns of Hy, i.e. if it was H then

HT =O0(A4,C,dy) A [Ce(A Fydy+1), Ci(A B,dy+1)].
Therefore, SysIp recovers
jt = ()1("47 C, dl) 7:[2— [Ct("zlv F,dy + 1)7 Ct("zlv B,dy + 1)]T

Using the definition of A = A — FC, the algorithm obtains flt = jlt + Ftét. Recall that FF = AL.
Using the Assumption 22 SysIp finally recovers L; as the first n x m block of AI@I(A, C, d1)7:lt_.
The following theorem essentially translates the bound in Theorem to individual bounds of
system parameter estimates. It provides the high probability confidence sets required for deploying
OFU principle for the adaptive control.
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Theorem 3.4 (Confidence Set Construction). Let H be the concatenation of two Hankel matrices
obtained from M. Let A, B,C, L be the system parameters that SysID provides for M. At time step
t, let flt, l%t, C’t, Ly denote the system parameters obtained by SysID using the least squares estimate
of the truncated ARX model, M. Suppose Assumptions 21 and [Z2 hold, thus H is rank-n. After
the warm-up period of Ty, for the given choice of H, there exists a unitary matriz T € R™ "™ such

that, with high probability, © = (A, B,C,L) € (Ca x Cg x Cc x Cr) where
Calt) = {A' e RV |4, - TTA'T| < BA(t)} ,
B' e RV |B, — TTB|| < B(t } ;

{ )
Colt) = {c’ e R™" . (|G, — C'T|| < Bc(t)}
)={ (t)

)
Y

Crt)y =40 err™m . |L, —TTL| < B }
for
VnH(||H| + on(H ~ 20nH -
m):q( s ”)nmt—Mn, But) = fo = || 2N - M (1)
) = <2l g o VRHAP + on) r gy

on(H) o *(H)
for some problem dependent constants c1,co and cs.

The proof is given in the Appendix [Cl It combines Lemma B.1 of Oymak and Ozay [2018] with
careful perturbation analysis on the system parameter estimates provided by SysIp.

3.3 Adaptive Control

Using the confidence sets, LQGOPT implements OFU principle. At time ¢, the algorithm chooses a
system ©; = (Ay, By, Cy, Ly) from C; NS where Cp := (Ca(t) x Cp(t) x Co(t) x Cr(t)) such that

Ao . .
J(0y) < @/élétfms J©)+1/T (16)

The algorithm designs the optimal feedback policy (I:’t, f(t,f}t) for the chosen system ©;. It uses
this optimistic controller to control the underlying system © for twice as long as the duration of
the previous control policy. This technique known as “doubling trick” in reinforcement learning and
online learning prevents frequent policy updates and balances the policy changes so that the overall
regret of the algorithm is affected by a constant factor only.

4 Regret Analysis of LqcOpT

Now that the confidence set constructions and the adaptive control procedure of LQcOPT are ex-
plained, it only remains to analyze the regret of LqcOpT. Lemma 4.1 of [Lale et all [2020] shows
that the random exploration in the warm-up period acquires linear regret, i.e. O(Ty,).

In order to analyze the regret obtained during the adaptive control period, we first need to
show that system will be well-controlled during the adaptive control period. The following lemma
achieves that.
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Lemma 4.1. Suppose Assumptions[2ZIH2.3 hold. After the warm-up period of T,,, LQGOPT satisfies
the following with high probability for all T >t > T,

1. © € (Ca(t) x Cu(t) x Co(t) x Cu(t))

2. |2 0l <

3wl <Y
where X,Y = O(y/log(T)). Here, O hides the problem dependent constants.

The proof of the lemma with the precise expressions is given in Appendix This lemma is
critical for the regret analysis due to the nature of the adaptive control problem in partially ob-
servable environments. The inaccuracies in the system parameter estimates affect both the optimal
feedback gain synthesis and the estimation of the underlying state. If these inaccuracies are not
tolerable in the adaptive control of the system, they will accumulate fast and cause explosion and
unboundedness in the input and the output of the system. This would result in linear, and po-
tentially super linear regret. The main technical challenge in the proof is to show that with T3,
length warm-up period, the error between the optimistic controller’s state estimation ﬁ;t‘ 1.6 and the
true state estimation Z; g does not blow up. Lemma L] shows that while the system parameter
estimates are refining, the input to the system and the system’s output stays bounded during the
adaptive control period.

Given the verification of stability in the adaptive control period, we bound the regret of adaptive
control. The regret analysis is based on the Bellman optimality equation for LQG control problem
provided in Lemma 4.3 of [Lale et al. [2020]. The following theorem gives the regret upper bound of
the adaptive control period of LQGOPT.

Theorem 4.1 (The regret of adaptive control). Suppose Assumptions[ZHZ.3 hold. After the warm-
up period of Ty, with high probability, for any time T in adaptive control period, the regret of LQGOPT
is bounded as follows:

REGRET(T) = O (VT). (17)
where O(-) hides the logarithmic factors and problem dependent constants.

The proof is given in the Appendices [E] and [Fl Here we provide the main proof ideas. Since
we know that the optimistic controller can attain smaller average expected cost than the optimal
controller of the given system, we decompose the regret using the Bellman optimality equation for
the optimistic system. For each time step t, (Z;;—1,:) is treated as the given state of the system and
the differences between the system evolutions of the true system and optimistic system are analyzed
in the regret decomposition. The regret decomposition is given in Appendix [El In Appendix [E]
we bound each term individually. The main pieces are the facts that the confidence sets shrink
with O(1/+/t) (Theorem B4), LQcOPT avoids frequent policy changes and the control inputs and
system outputs are well-controlled (Lemma [A1]). Combining Theorem E.1] with O(T,) regret from
the warm-up period gives the overall regret upper bound of LQcOPT, stated in Theorem Bl
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5 Related Works

The problem of sequential decision making under uncertainty is one the core studies in the field
of control theory and reinforcement learning. Decision making in dynamical systems, when the
environment is known and regulating costs are considered, results in a reduction to the study
of optimal control. Optimal controls in the general setting of partially observable linear quadratic
Gaussian systems, when highly crafted sensory observations of the system are available, and a fidelity
approximation of the physics of dynamical systems is provided, has a long history of applications
and successes. [Astrom, 2012, Bertsekas, 1995, Hassibi et all, 1999].

When there is a high uncertainty in the modeling of the system, learning algorithms are re-
quired to learn the system behavior. In such situations, the learning agent estimates the system
behaviour and adapt accordingly "Liuné 1999, Kailath et alJ, M] For the class of fully observ-
able systems, [Lai et all “L%d], Chen and Gud ﬂleﬂﬂ study this problem in asymptotic optimal-
ity sense, mainly developed on pure exploration approaches. Along with the regret analysis, the
principle of pure exploration and betting on the best, or OFU has been studied for fully observ-

able environments [Lai and Robbins, 1985, (Campi and Kumai, 1998, Bittanti et all, 2006]. Recent

works, deploy the OFU principle, and study tabular fully and partially observable Markov deci-

sion processes “laks_ch_eiuaﬂ, 2010, |Azizzadenesheli et al, |2_Qld] In |Abbasi-Yadkori and Szepesvari

Ziilll, the authors extend the OFU principle and employ recent advances in the estimation the-

ory ﬂRenaﬂ_&].J 2009, [Abbasi-Yadkori et all, [2Q11|] and provide the first regret upper bound of

(5(\/— ) for the fully observable case. In the setting of fully observable environments, an extensive
advances and development have been proposed to provide generalized methods “Eamdgnllehﬂ_aﬂ,
u)_’d Abeille and Lazarid |JJ_’Z| M, Ouyang et al J, m, Dean et alJ, M] Simultaneously,
pure exploration methods along with uncertainty equivalence methods shed lights into the design
of efficient algorithms “Alﬂl&&l&d@ﬂﬂ_aﬂ |2Q19 |Mama_€£c_&lJ, |2Ql§j, Eamdmlmll_elu‘iu, lZQlfi
Cohen et al, 2019).

The system identification in partial observable linear systems in the presence of Gaussian noise,
LQGs, has recently sparked a flurry of research interests [Chen et al., L()ﬂ |J11anq et alJ L%)_ﬂ

,1994, [Lee and Zhang, 2019, /Oymak and Ozayl, 2018, Sarkar QL_aLl |2Ql§j
2{!19, Lee and Lampgrskﬂ, 201 d, Tsiamis and Pappaé, 201 Q, Tsiamis et al J, 201 Q, Umenberger et al.,

|. Most of the proposed methods in prior works utilize open-loop system identification methods
(without a history dependent controller), using independent Gaussian excitation, which makes it easy
to show the persistence of excitation and deal with the biases in the estimation using Markov param-
eters. However, in|Lee and Lamperski |2 HJ)_Q] the authors use the innovations form of the state-space
model to deal with the biases in closed-loop system identification whereas in
M] it is shown that process and measurement noises are sufficient for persistence of excitation in
the absence of a control input. Another line of novel approaches is proposed to extend the problem of
estimation and prediction to online convex optimization where a set of strong theoretical guarantees

on cumulative prediction errors are provided |[Hazan et all, 2017, |Arora et alJ, 2!!18, Hazan et al.,

In this work, we propose the first learning algorithm to estimate the model parameters using
any arbitrary bounded sequence of samples, even with feedback controls where the future events
are correlated with historical data. Along with the estimation, we provide statistically tight high
probability confidence intervals over the model parameters where the true model parameters live in.

A recent work by [Lale et all 2!!2!1] provides a regret bound of @(Tz/ 3) for such problem. The current
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work, through deploying this novel estimation procedure improves the @(T 2/ 3) bound to @(ﬁ)
Another recent work by [Simchowitz et al. [2020] study a general setting in partially observable with
the presence of adversarial disturbances, and given access to stabilizing controller, provide a regret
bound of (’j(\/T) These two mentioned works and the current paper, are amongst the first to
provide sublinear regret bounds for partially observable linear systems.

6 Conclusion

In this work, we study the problem of adaptive control in partially observable linear systems, also
known as linear systems with imperfect observation. While the prior work relies on open-loop system
identification, we propose a novel method to estimate the system parameters even in the presence
of feedback loop and correlation induced by feedback controllers. We deploy the principles of the
Ho-Kalman method to estimate the model parameters and construct their corresponding confidence
bound. We deploy the principle of optimism in the face of uncertainty and propose LQcOPT, a
reinforcement algorithm for LQGs. LQcOPT sequentially interacts with the environment for a few
time steps, collect samples, and exploit the samples to estimate the model parameters up to their
confidence sets. LQcOPT computes the optimal controller associated with the most optimistic model
in the set of plausible models, and then deploy this controller on the systems, but this time for a bit
longer. LQGOPT repeats this process. We show that following LQGOPT results in a sublinear regret
of O(VT) which is the first O(V/T) regret bound on LQG along with [Simchowitz et all [2020].

In future work, we plan to consider the setting where the cost function is strongly convex as in
Simchowitz et all [2020] and see if one can obtain poly log(T") regret in adaptive control of partially
observable linear systems. We also aim to utilize the estimation method developed in this work
and study the safety in adaptive control. Along with safety, we plan to extend this work to the
problem of constraint control. While the Gaussian assumption on the noise has been long considered
for partially observable linear dynamical systems, this assumption introduces limitation and model
mismatch. Due to the generality of estimation analysis proposed methods in this work, in the future
work, we aim to extend the current results to the case of sub-Gaussian with unknown but bounded
parameters.
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Appendix

In the following, we first provide the definitions of truncated noise evolution parameters for
both warm-up period and adaptive control period in Appendix [Al Appendix [Al also contains lower
bounds on the smallest singular value for ||Q>t¢;r || for warm-up period and adaptive control period
which are used in showing persistence of excitation and thus proving Theorem In Appendix [Bl
we show how the self-normalized bound is obtained for My and provide the proof of Theorem

Appendix [C] gives the SysIp algorithm and describes the construction of confidence sets using
the outputs of SysIp and provides the theoretical guarantees for them. In Appendix [D] we give the
proof of Lemma [4.1] and show that with the given warm-up period, the inputs and the outputs of
the system stay bounded with high probability.

Appendix [E] provides regret decomposition for LQGOPT and states the differences arise from the
policy updates in adaptive control period compared to explore and commit algorithm proposed in
Lale et al. [2020]. In the Appendix [F] we provide the proof of regret upper bound for the adaptive
control period of LqcOPT. Finally, in Appendix[Gl we give the overview of the case when the initial
state for the system is not coming from the steady state distribution.

Note that the warm-up period is chosen to be the following,

Ty > max{TA, T, Te,To, Ty, T, TN, T, Tﬁa T’ya Tg}

where each term satisfies different condition in order to obtain O(v/T) regret upper bound. The
meanings of the terms are explained in detail throughout the Appendix.

A H-length Truncated Noise Evolution Parameters

In this section, we provide definitions of truncated open-loop and closed-loop noise evolution param-
eters, G and G respectively. They will play significant role in the confidence set for M in showing
the persistence of excitation. They represent the effect of noises in the system on the outputs and
the inputs. We will define G and G for 2H time steps back in time and show that last 2H process
and measurement noises provide sufficient persistent excitation for the covariates in the estimation
problem. In the following, ¢; = P¢; for a permutation matrix P that gives

-
- T T T T H
¢ = [yt—l ul gyl uly| € RTPA

A.1 Truncated Open-Loop Noise Evolution Parameter

Recall the state-space form of the system,

Tyr1 = Azxy + Buy + wy
Yt :C$t+2t. (18)

During the warm-up period, t < Ty, the input to the system is u; ~ N(0,021). Let f; = [y u/]T.

From the evolution of the system with given input we have the following:

— o [,,T T 7 T T T T, o
fi=Gowly 2w o owly z2lgo oulgg] g
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where

Go.— Omsen. Isem, Oy C Oppan,. CB CA O, CAB ... CAT=2 0, CAH2D

19
0;z;><n 0p><m Ipxp 0;z;><n 0;z;><m 0p><p 0;z;><n 0p><m 0p><p cee 0;z)><n 0p><m 0p><p ( )

and r? is the residual vector that represents the effect of [w;—1 z; wu;] for 0 <i <t — H, which are
independent. Notice that G° is full row rank even for H = 1, due to first (m + p) x (m +n + p)
block. Using this, we can represent ¢; as follows

SR
Zt—1
ft—l rf_l Ut—1 r?_l
dr=1|  |+] : =g : + | where
ft—nH rY g Wi—2H -1 rY m
R(erp)H “t—2H
| Ut—2H |
R2(n+m+p)H
[ [ G° I Opmtp)xmtn+p) Omap)x(mtnp) Omp)x(mtntp) -+ |
O(mp)x(mtn+p) [ G° I Opnap)x(mntp) Omtp)x(mtntp)
gol — . . (20)
0(m+p)><(m+n+p) 0(m+p)><(m+n+p) [ G° ] 0(m+p)><(m+n+p)
O@mtp)xmtntp) Omip)x(mintp) Omtp)x(mintp) - | G° ]

Define ( :
4 2 ( 2H(m+
327, log? (210421 )

Uﬁain(gd) min{afjj, 0217 0’3 .

T, =

We now prove Lemma BT, which shows that the inputs are persistently exciting uniformly during
the warm-up period for t > T,.

Lemma A.1 (Precise Statement of Lemma [B1). If the warm-up duration T,, > T,, then for
T, <t < Ty, with probability at least 1 — § we have

t 2 - 2 2 2

o:min{o;, 05,0

Omin <Z¢z ;I’) >t < {2w - u} (21)
i=1

Proof. Let 0 = O(m-+p)x (m+n+p)- Since each block row is full row-rank, we get the following decom-
position using QR decomposition for each block row:

_ QO 0m+p 0m—|—p 0m+p T _R_o 6 9 Q -
Omip  Q° Omip Omip O R° 0 0
gol:
Omip Omip o @ Onip| |0 0 ... R O
Omsp Omip Omip ... Q] |0 0 0 ... R
R(m+p)H X (m+p)H R(m+p)H x2(m+n+p)H
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where R° = , | e RmAp)xH(mAn+p) where the elements in the diagonal

0 0 0 x x x
are positive numbers. Notice that the first matrix with QU is full rank. Also, all the rows of second
matrix are in row echelon form and second matrix is full row-rank. Thus, we can deduce that GO
is full row-rank. Since G% is full row rank, we have that

E[&tég—] i gOlgw,z,ugOlT

where %, ., € R2FmAp)Hx2mtmtn)H — diag(02 02 02,...,02,02,02). This gives us

wrTzZrrur YWYz u

Umin(E[(Et(E;r]) Z Oﬁlin(g()l) min{agua Ug? UZ}

for t < T,. As given in ([B3)-(B8), we have that ||¢¢|| < Y,V H with probability at least 1 — §/2.
Given this holds, one can use Theorem [H.I to obtain the following which holds with probability
1-9/2:

t
Amax <Z ¢i07 —Elgig] ]) < 2WAYLH \/log (M )
=1

Using Weyl’s inequality, during the warm-up period with probability 1 — 9, we have

¢
2H
Omin (Z ¢i¢iT> > to, min{o}, 02,05} — 2\/2_tT%UH\/log (@)
i=1

4 2 2H(m+p)
3274, H? log (21z2) )

o min{oy,,08,05}

For allt > T, = , we have the stated lower bound. ]

A.2 Truncated Closed-Loop Noise Evolution Parameter
After the warm-up period, for ¢ > T, the input to the system is u; = —f(t(i'tlt@. Recall the
following relation for state estimation updates using the optimistic parameters:
jjt\t—l@ = At—ljt—ut—l,é - Bt—lf(t—ljt—ut—l,é
Ty = Typ—1,6 T Li(ys — étj:t\t—Lé)
Apq — Bt—lkt—l)fﬁt_l‘t_Lé + Li(Cxy + 2 — Cy( Ay — Bt—lf(t—l)jt_”t_l,@)

I—LiCy)(Apq — Bt—lf(t—l)jt_”t_l’@ + Ly(C(Azy—y — Bf(t—li‘t_”t_l’é +wi—1) + 2).
(22)

= (
= (
Again, let f; = [y u;]T. Using (I8) and 22), the following can be written for f;

me) = (164 (-tohr DR -0 el * i 2 [5]
Tyy1.6 LiCA (I-LiCy)(Ai—1—Bi1Ki-1) = LiCBK; 1| [%y_1)-1,6 L.C L] | 2
——

é'(zt) Gét)

20



f o |: CA —CBKt 1 :| |: Tt—1 :| |: C’lUt—l"FZt
1=

~K;LiCA —K;(I-L:Cy)(Ar_1 — By 1Ky 1)+ K LiCBK;_4 it_1|t_1,é — K, Li(2+Cw;_1)
. C 0 ~(t) Tt—1 C 0 I 0 Wt—1 Zt
O [0 —Kt] 2 [@—1”_1,@] " [0 _Kt] [Ztc Et] [ 2 ) lof
———
I\ . G

Rolling back in time for H time steps we get the following,

t

= (i-1) |Wi—2 ~C~ ~I ~ W—1 c
ft —Ft Z HG G |:22~_1:| + |:_KtLtC —KtLt:| |: Zt :| +rt

i=t—H+1 \j=t

~(t
el

where r{ is the residual vector that represents the effect of [w;—; z;] for 0 < i < ¢ — H, which are
independent. Using this, we can represent ¢, as follows

.
Jt—1 ry_y 21 re_q
ge=| 1 |+ | =G v |
Jt-n FE_H Wt—2H-1 1"§_H
R(mlp)H | *t—2H |
————
R2(n+m)H
where
([ Ger T Omspyximtn) Omimyxtmin) Owmipyximen) -]
O(mtp)x (mtn) | Gi_2 I Opmap)x(mtn) Opmtp)x(mtn) ---
= (23)
O(mtp)x(mtn) O(mtp)x(mn) -+ | Gi-mHi1 ] O(mtp)x (mn)
Ogntp)xmtn) Omapyxnan) Omp)x(many - [ Ge-m ]
for

Gi= é:(lt)7 f\té(zt)égt—l)7 f\té(zt)é(zt—l)é:(gt—m’.”’ f\té(zt)("}(zt—}). é(zt—H-l-l)é:(;t—H) e R(m+p)xH(ntm)

By knowing the underlying system, the agent can deploy the optimal control policy. G represents
the translation of the process and measurement noises into ¢; while using the optimal policy:

I G I Omipyx(min)  O@mtp)x(mtn)  O(map)xmin) -]
Omap)x(mtn) | G I Opntp)ximtn)  Ometp)x(me+n)

gcl —
0(m+p) X (m4n) 0(m+p) X (m4n) o [ G ] 0(717,+p) X (m4+n)
Omtp)ximtn)  Omap)x(man)  Omap)x(min) - | G i
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where

G:[Gl, I'G,Gs, FG22G3, RN FGQH_1G3]€R(m+p)XH(n+m)
for
a._| ¢© I']p_[c 0] q._[A ~BK G._[1 0
' |-KLC -KL|’" |0 —K|' " |LCA (I-LC)(A-BK)—-LCBK|’ " |LC L|"

Note that length of H is chosen such that G is full row rank. Similar to the case with truncated
open-loop noise evolution parameter, having full row rank block rows provides a full row rank G¢
via the same QR decomposition argument. Thus, the assumption on the lower bound of the smallest
singular value of the H—length truncated closed-loop noise evolution parameter, amin(gcl) > 0. >0,
is valid. Due to boundedness of the set S that LQGOPT is searching on, let |G|z < G for all model

in S. Define G, = G + %(mm and

B 204873 H? (10% <M) + H?*(m + p)(m + n) log <Gr . 32H Y cV2nr +82H g 416 max{ oy, }>>

T — o7 min{o%,07}

T mindod o4
odmin{ol, ol

We now prove Lemma [B.2] which shows that the inputs are persistently exciting uniformly during
the adaptive control period for ¢ > T,.

Lemma A.2 (Precise Statement of Lemma B.2)). After T, time steps in adaptive control period,
with probability 1 — 35, we have the following for all t > T,

t 2 - 2 2

o, minyo,,, o

Omin (Z (bng;r) > t$' (25)
i=1

Proof. Define G, which is the translation parameter for the process and measurement noises into ¢
for the system that is governed by the optimistically chosen parameter by LqocOpT while using
the optimal optimistic controller. Recall that we are searching for the optimistic system model
which attains the optimal LQG cost over the set of C; NS and whose closed-loop noise evolution
parameter satisfies the lower bound on the smallest singular value of the H —length truncated closed-
loop noise evolution parameter, .. Therefore, LQcOPT has the guarantee that o, (G°) > o,. Let

<2H +2HT¢ + 2H(H — 1)r<>2

Tg=1Tg .
Oc

Picking T,, > Tg, guarantees that in adaptive control period for all t > T, |G — g~cl\| < %. Using

Weyl’s inequality on singular values, we have that opin( fl) > 5. Hence, for all t > T,,, we have

that

E[&t&:] t gtClZw,z tClT

where X, , € R2+mEx2tmIH — diag(02 02,... 02, 02). This gives us omin(E[¢i¢) ]) > % min{o2 02}

for t > T,,. As given in (B7)-(B9), we have that ||¢¢|| < Y.v/H with probability at least 1 — 26.
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Given this holds, for a given optimistic model, one can use Theorem [H.I] as in the truncated
open-loop noise evolution parameter, to obtain the following which holds with probability 1 — ¢:

A (Z 607~ Eloig, ]) < 2\/%TEH\/1og (FmE), (20

Notice that this bound holds only for a single model. However, we need to show that for any
random model within the confidence set, the lower bound holds. Thus, we need a standard covering
argument. Using the perturbation result that holds for all ¢ > T, we have ||G¢||r < G,. We have
the following upper bound on the covering number:

o\ (M) () 2
NBG), | - lrse) < <Gr + z) |

Thus, the following holds for all the centers of e-balls in |G|, for all ¢ > T,,, with probability
1-29:

Amax (Z ¢i6i —Elgid; ]> =< Z@TiH\/log <W> + H?(m + p)(m + n)log (GT + %)
(27)

Let nr = ow4/2nlog (%) + 0,4/2mlog (%) Considering all the systems in the e-balls,

during the adaptive control period with probability 1 — 39, we have

Omin <Z (bZ(;SZT) >t ( 1 mm{aw, oo} —2¢ (HT fnT+HnT+max{aw/2,a /2}))

=1

- 2\/ﬂTgH\/log (M) + H?(m +p)(m + n) log <G,, + %)

Lot e o2 minfo? %)
lG(HTc\/inT—i-Hn%—i-max{U%U /2,02/2}) ’

Omin <Z ¢Z¢;r> >t < 3 mln{aw, z )

This gives the following bound

o2 min{c2, o2

2HY 2H 1 2 2
— 2V2tT2H, |log <M> + H2(m+p)(m-n) log <G 32HY V201 +32Hn2 +16 max{c2, o2 )

For all ¢ > T, we have the stated lower bound. O
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B System Identification

Recall that for a single input-output trajectory {y;, ut}le, using the ARX model, we can write the
following for the given system,

YV, =®M' + E + N, where (28)
M = [CF, CAF, ..., CA"-'F CB, CAB, ..., C'/_lH_lB] c RX(mp)H
Y: = [yd, Yas1, -, ] € REH)xm
®; = [pu, ¢ay1, -, (MT e RE—H)x(m+p)H
E; = leq, efqi1, ..., e € REH)xm
Ny=[CA"zy, CAMzy, ... ,C’AH;Et_H]TGR(t—H)Xm

M is the solution to minx [|Y; — ®;X " [|% 4+ A| X ||%. Hence, we get M{ = (& ®; + \I)~1®] Y.

Proof of Theorem [3.2]
M, = [(@] &, + AI)"'®] (M + E, + N;)] |
= [(®] @ + A\) 'R (B + Ny) + (9] &y + M) oM T
F MA@ D+ A TIMT — A(@] B+ A TMT] T

— [(@] &+ M) 'O By + (B & + AT Ny + MT — M@ B, + A1) M| T
Using Mt, we get
| Tr(X (Mg — M) ")) (29)
= | Te(X(®, By + M) 71®] E)) + Tr(X (] &y + M) L0 Ny) — ATr(X (P &y + A)"TM )|
< Te(X (@) @y + AT Ey)| + | Te(X (D] &y + M) 710 Ny)| + A Tr(X (@] &y + A)"'MT)|

< \/Tr(X(CIDtTCI)t +ADTLX ) Tr (B, @4(®) &4 + N)~1®] Ey) (30)

+Te X (] @, + AD)LXT) Te(N,T @,(9] @, + A1 8] N,)

+ A TE(X (@] B+ ML)~ XT) Tr(M(®] @, + A)~MT)

= TH(X (@] B + AD)TIXT)

[\/ﬁ(EMt(qJ@t+A1)—1<1>3Et)+\/Tr(NtT<1>t(<1>j<1>t+M)—1<1>tTNt)+A\/Tr(M(cptchtHI)—lMT)

where ([B0) follows from |Tr(ABCT)| < /Tr(ABAT)Tr(CBCT) for positive definite B due to

A

Cauchy Schwarz (weighted inner-product). For X = (Mg — M)(®/] ®; + \I), we get

\/Tr((Mt —~M)V,(M; —M)T) < \/Tr(EJctit—lcptTEt) + \/Tr(NtTcptV;lcijt) + VM| r
(31)
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The first term on the right hand side of (3I)) can be bounded using Theorem [H 2 since e; is [|CXC T +
02I||-sub-Gaussian vector. Therefore,

- det (V)2
T 1T T t
\/Tr(Et o,V @) Ey) < JmCEC +021| log <W (32)

For the second term,

t

_ 1 m _
VTENT @ 0T N < <IN @il < (50|30 6n(CA )T

\/X i=H
<t )2 ‘
=0 R
m H
< _ . .
<t/ 1C|v rgg}llqbzll\lwz_ml

During warm-up period, from Lemma D.1 of [Lale et all [2020], we have that for all 1 < ¢t < T,
with probability 1 —§/2,

¢i(C'AHHJi—H)TH

el < X, o= (e H Ol BURANA) e 7, 75), (33)
1—p(A)

|ze]l < Z = 0.+/2mlog(12mT,/5), (34)

||utH < Uy = Ju\/Zp lOg(12pTw/5)7 (35)

lyell < IC1[ Xw + Z. (36)

Thus, during the warm-up phase, we have max;<;<7, ||¢:|l|zi—n| < YTwXwVH, where T, =
|C|| Xw + Z + Uy,. During the adaptive control phase, from Lemma EI] we have that for all
t > T,,, with probability 1 — 20,

|zt < Xae == |22/ 2nlog(2nT/8) + A + X, (37)
lug] < T, (38)
lyel <V (39)

Thus, after the warm-up phase, we have maxy, <i<7 ||¢i||||zi—r ]| < Y.X..VH, where T, =Y +TX.
Therefore for all ,

H
VTV @8] Ny) < | 5 ot ma (X e, XX}

Picking H = 2log(T)—l—log(max{Tchc,lzguE,lX}zi)—l—Of)log(m/)\)+log(||C||) gives
t
\/Tr(NtT@tVt—chJ N;) < ﬁx/ﬁ (40)
Combining ([B32)) and (@Q]) gives the statement of Theorem O
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Proof of Theorem 3.3t For |[M||z < S, we have
omin (V) [Mg—M||F < Tr(Me —M)V, (M —M) ")

det (V;)'/?
< m||CECT + 21| log <W>+

tvVH
T2

During the warm-up period, for ¢t > T,, using Lemma [A1] we get

T2 1 H(m+p) A(mA4p) H4+tY2)
\/mHCZC g [” <log(5) 2 log ( A(m+p)H )) Rwarm

\/t o2 mm{crw,oz,UQ} - \/E

Mo — M||p <

m 2
\/ 2m||CECT +021]| (1og(1/6>+ Hirtr) log(“ i DT ))+s\ﬁzx+—“;H

oo min{ow,0,0u}
For T\, > T, we will have [|[Mo — M||p < 1.
During the adaptive control period, for ¢t > T, + Ty, using Lemma we get

m m max 2
\/mHC’EC’T + o] (10g(1/5) Hinp) bg( (e 42) 141 {05, 72 )) + SV

. Let T = R?

‘warm *

where Ryarm =

M —M]|F <

2 2 2 minfo2 o2
\/Tw o2 mm{Uévaszu} + (t _ Tw) o2 mml{g,w,az}

\/mHC’EC’T 021 (log(1/6) + gt 10 (AL Tmesl X TE ) ) 4 g/ 4 YT

\/7\/111111 o 2 min{o?2 ,02,02}’ o2 mlnl{ér2 2,02} }

C Confidence Set Construction for System Parameters

After estimating My, we construct confidence sets for the unknown system parameters and use
these confidence sets to come up with the optimistic controller to exploit the information gathered.
LQcOPT uses SysIp, a method similar to Ho-Kalman method |[Ho and Kalméan, [1966], to estimate
the system parameters from M;. The outline of the algorithm is given in the main text and in
Algorithm 2l Note that the system is order n and minimal in the sense that the system cannot be
described by a state-space model of order less than n. Thus, without loss of generality, o,,(A) > 0.
The results in this section follow similar steps with [Oymak and Ozay [2018] with similar changes
mentioned in [Lale et all [2020]. The following lemma is from Oymak and Ozay [2018], it will be
used in proving confidence bounds and we provide it for completeness.

Lemma C.1 (|JOymak and Ozay, 2018]). H, H, and N,./\?’t satisfies the following perturbation
bounds,

max{H?—[+ — 7—Alt+H , H’H_ —7-2;“} < |[H — Hy|| < v/min {dy, dy + 1}||M¢ — M|
W = Nl < 2||m = A7 | < 2/min{d, daFINE — M
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Algorithm 2 SysIp

1: Input: My, H, system order n, di,ds such that dy +do +1 = H
2: Form two d; x (d2 + 1) Hankel matrices HE and Hét from M; and construct H; =

[Hf‘t7 Hét] c Rmdlx(m—i-p)(dg-‘rl)

. Obtain H; by discarding (dy + 1)th and (2ds + 2)th block columns of H;

. Using SVD obtain N; € Rmdlx(m‘”’)dz, the best rank-n approximation of 7:[;
: Obtain Ut, Et, Vt = SVD(M)

: Construct Ot(A C,dy) = Ut2t1/2 RMd1xn

: Construct [Cy(A, F,dy +1), Ci(4, B,dy + 1)] = Z'/2V, € Rrx(mte)dz

: Obtain C’t R™*™ the first m rows of Ot(A C,dy)

: Obtain Bt € R™*P_ the first p columns of Ct(A B,dy +1)

10: Obtain Ft R™ ™ the first m columns of Ct(A F,dy +1)

11: Obtain Ht by dlscardmg 1st and (dg + 2)th block columns of H;

12: Obtain At O (A C, dl) Ht [Ct(A F,dy + 1) Ct(A B,ds + 1)]Jr
13: Obtain A’{lt At + FtCt A .
14: Obtain L; € R™*™ as the first n x m block of AIOI(A, C,d)H;

© 00 N O Ut k=W

The following lemma is a slight modification of Lemma B.1 in [Oymak and Ozay, 2018§].

Lemma C.2 (|Ovmak and Ozay, 2018]). Suppose omin(N) > 2|N — N|| where omin(N) is the
smallest nonzero singular value (i.e. nth largest singular value) of N. Let rank n matrices Ny N
have singular value decompositions USRSV T and UXV T There exists an n x n unitary matriz T so
that

HUzl/Z _ﬁﬁ)l/ZTH2 n Hvzl/Z _\721/2TH2 < 5”HN—/\7H2A
F F= opy(N) = [N =N

The following is the proof of Theorem [3.41

Proof of Theorem [3.4 For brevity, we have the following notation O = O(A, C,d;), Cr =
C(A,F,dy + 1), Cg = C(A,B,dy + 1), Oy = O4(A,C,dy), Cp, = C¢(A, Fidy + 1), Cp, =
Ci(A,B,dy +1). Let Ty = TM%. Directly applying Lemma with the condition that for
given Ty, > T, Omin(N) > 2|V — N, we can guarantee that there exists a unitary transform T
such that A
2 10n|N — N2
< - 7
F on(N)
Since C; — C'T is a submatrix of Oy — OT, B, —T7' B is a submatrix of CBt ~T'Cgand F,—T'F
is a submatrix of Cpt —TTCp, we get the same bounds for them stated in ({#I)). Using Lemma [C.1]
with the choice of dy,ds > g, we have

IV =Nl < V2H|[ M — M.

This provides the advertised bounds in the theorem:

H()t—OTH;+ H[CFt Cp,] — T'[Cr CB]H (41)

V20nH||M; — M|

|B: — TTB|, ||C; — CT||, || F; — T F|| <
on(N)
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Let T = TM%. Notice that for T, > T, we have all the terms above to be bounded by

1. In order to determine the closeness of flt and A we first consider the closeness of jt — TT;lT7
where A is the output obtained by Ho-Kalman for A when the input is M. Let X = OT and
Y = TT[Cp Cg]. Thus, we have
|4 = TTAT||p = |O{H [Cr, Cp,)' — XTH Y|
< (01 ten, n], o (5 ) o ],
+[xtae (1ow ua -y,

For the first term we have the following perturbation bound |[Meng and Zheng, 12010, [Wedin,
1973,

X X - | 10m X
16{ = Xl < [10¢ — X[ p max{[| XT|I*, |O{|I*} < [NV = NG| mmaX{HXTHQ, 1641%}

Since we have o, (V) > 2|V — N|, we have || < 2|V and 20,(N) > 0,,(N). Thus,

N 1 1 2
max{|| X | 2 O!|12} = max , - < — 42
Combining these and following the same steps for ||[Cr, Cg,]t—YT||F, we get
A - 40n
Of - x| . [iCr, CoJl-vT| <|lv- B 43
ot x7],. [ier. &n NN G )

The following individual bounds obtained by using ([42]), (43]) and triangle inequality:

| (01 - x") 7 Cr, Coil| | < 10] = X el A ICr, Ca.'l

wala
=T 2w (W*HH!%?—W\\)
X1 (A - 2) €, Cnl|, < 2\“5:2/\/_)%”
HXTH+ <[éFt Cg,|" - YT> HF < IXTIH N ICr, Cr,]T - YT
vl
2oy

Combining these we get

2~ B T3
1A — TTAT||p < 22 0V)

31\FH%+H HN am

- 202

Sl D R <4¢5—nN il ( N))

+ o~ ]
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Now consider A; = jlt + F,C,. Using Lemma
|A; — TTAT|
= ||A; + B,C, — TTAT - TTFCT| p
<Ay = TTAT|p + (£, — T'F)Cl|r + |TTF(C, — CT)||p
<Ay = TTAT|p + (B, — TTF)||plICy — CT||p + |(E, — TTE)|[p|IC]| + | FIII(Cy — éT)”F

+ 2
< S v o | VNI - NP

n(N)
31\/2nHH7-LH 3\/nH . 20nH||M; — M2
M — M| + ———||[NM; - M
< 2N — 5 Mg — H+2\/§%(N)II ¢ — M| + V)
20nH

+ (IFl+lICh) Ve — M| o V)

Define T4 such that

62v2nH||H 40nHoyn (A)
0+ s T IEIHIC Y 5lh + 255

on(A)

Ty =Tm (44)

Notice that for T,, > T4, we have |A,—TTAT| < 0,(A)/2. Since T,, > Ty, from Weyl’s inequality
we have o, (4y) > on(A)/2. Recalling that X = O(A,C,d;)T, under Assumption 2.2 we consider
Ltl

| —TTL|p
= |AJO[H; — TTATOMH||p
< (Al = TTA'T)OH; | + | TTATT(O] — XN ||p + ITTATTXT(H, — H7)||e

<A} — TT AT R || OL|[[Hy || + 1O — X R AT[1H; || + VallHy — H|JAT] 1 XT)

< (HAI—TTA*THFF + || \/7 HA*H) I 1+ =71

- 1
A | —H
VA s =]

Again using the perturbation bounds of the Moore— Penrose inverse under the Frobenius norm
[Meng and Zheng, 2010], we have HAI ~TTAT|r < Q(A |A,—TTAT||. Notice that the similarity

transformation that transfers A to A is bounded since S = ([CT (CA)T ... (CA®—1)T] ) O(A, C,dy).
Combining all and using Lemma [("1] we obtain the confidence set for L; given in Theorem [3.41
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D Boundedness of The Output and State Estimation, Proof of
Lemma 4.1]

The proof of Lemma [.T] follows similar arguments with the proof of Lemma 4.2 of [Lale et all, 2020)].
The main difference is that LQcOPT, the system estimations are refined during the adaptive control
period, thus the control policy is refined. Also, since the behavior of a system and its similarity
transformation is the same, without loss of generality we assume that similarity transformation
T=1
Proof of Lemma (4.1}

Assume that © € (Ca(t) x Cp(t) x Co(t) x Cr(t)) for all ¢ > T,,, which is holds with probability
1 —9. We can write the decomposition for jt|t,(:) as follows,

Ty0.6 = Ty—1,6 + Li(y Ctxt|t 1,6)
= A 12, 1/t—1,6 — By Ky 12, 1t-1,6 T Lt(yt ét(‘zlt—l‘%t—l\t—l,é - Bt—lf(t—ljt—ut—Lé))
= (I — LiCy)(Ar-1 — Bi1 K1), 1-1,6 T Ly
= (I = L) (A1 = Bioi Ki-1)2, 41 6
+ Ly (Car = Ciyy_y o+ Ciyy_y 0+ 1)
= (I — LiCy)(Ar—1 — Bt—lkt—l)jt_l‘t_lé
+ Ly <C':Et —Ciy, g+ C(A;_y — Bt—lf(t—l)jt_”t_l,é + Zt)
= (At—l — B 1Ky — Ly (étzzlt—l — CyBy1 Ky — CApy + CBt—th—l>> Ty qj4-1,6
+ LiC(zy — Zyy—1,0 + Type—1,0 — it|t_1,(:)) + Lz
= (At—l — By 1K1 — Ly (étzzlt—l ~ C By K — CAyy + CBt—th—l>> Ty q)4-1,6
+ LiC(xy — &yg-1,0) + LiClEy10 — &1 6) + Lozt (45)

Thus, the dynamics of ﬁ;t‘t & is governed by
Ny =A 1 — B 1K1 — Ly (étAt—l ~ OBy 1Ky — CAy_y + C’Bt—1f(t—1)

and it is driven by the process of L;C(x; — Typ—1,0) + f/tC'(iﬂt_l,@ — jt|t 1 é) + Lyz. Let T, =

1—
IN|| < &2 < 1 for all t > T,,. Similar to the proof of Lemma 4.2 in [Lale et. al. 2020] we have
that LtC'( —Zy-1,0) + Liz is C(||C||||Z]|Y/? 4 0.)-sub-Gaussian, thus it’s fo-norm can be bounded
using Lemma [Tk

(—p) With the Assumption 23] and for T}, > T}, we have that |C; — C|| < 1=£ Wthh gives

ILeC (2 = &yp1.0) + Lezell < CUICIISIT? + 02)y/2nlog(2nT/5)

for all t > T3, with probability at least 1 —4d. A special care is needed for Z;,_1 e —2,,_; - Denote
Ay = Zyr_1,0 — Zy4_1,6- Consider the decomposition given in equation (51) in [Lale et al! [2020].
In this setting, since at each time step after the warm-up, the estimation errors are monotonically
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decreasing, therefore we can upper bound the norm of each term in the decomposition by the norm
of the term at the time of end of warm-up. Let

T. =Ty (F(l +e(+ IICH))>27 T, - TAU%(A) <1 +I( +<IIBH)>27

o—v 4 o—p

A 2
7=\ A TIBIACHIANOUCHIATIL4O)

(46)

Thus, using the arguments in [Lale et al. [2020], we can show that after a warm-up period of
Ty > max{Ty, T}, we have that for all t > T}, max{||(A+(A; — A— B;K; + BK;))(I-L;C})|, | A—
BK;+BK;L;(C;—C)||} < ¢ < 1. Using the inductive argument given in |Lale et al., 2020, we can
show that for all ¢ > T, > Tj, ||A¢]| < A with probability 1 — §. Notice that the definition of A
still includes the same terms given in equation (54) of [Lale et al. [2020] but 54, 85, fc is replaced
with 54(Tw), B8(Tw), Bc(Tyw) and AL is replaced by 281 (T,,) due to new estimation method, i.e.,

A=10 <1 ; T 1 ﬁ_ip) (”CH”Z’HUz + Uz) V/2mlog(2mT/é)

for & = 20(A)BL(Tw) + 2((Ba(Tw) + TBB(Tw)), B = 2¢Bo(Tw)(R(A) + 2(Ba(Tw) + T'Bp(Tw))) +
2(84(Tw) +TB5(Tw)) and € = ((p + 2(Ba(Tw) + TB5(Tw))) + 2||B|TBL(Tw). Thus, we get

t
Z N (LiC(JEi—l — Ziji—1,0) + LiC(Zii-1,0 — Ly;_1.6) T Lz’%’)

1=1
<Z v ) (48)

Hi"t\t,(:)H =

| (47)

< max ‘ iC(wio1 — Zijim10) + LiC(Tii-1,0 — 3,1 6) )+ Liz;

1<i<t
2 . . - ) -
< i, tmax ‘ (i1 — Ziji—1,0) + LiC(Ti)i-1,0 — xi\i—l,é) + Liz; (49)
20 (ICIA + (ICNIEI2 + 02) v/2nTog2nT]3))
<X = . (50)

1—p
with probability 1 — 2J. For y;, we have the following decomposition,
Y = C‘%t\t—l,@ + C(l’t - Li't|t—l,(:)) + 2
= Cfﬁt\t_Lé + C(xy — j1t|t—1,@) + C(fﬁt\t—L@ - i"t\t_Lé) + 2

= C(Ay1 = Bia K1),y 1+ Clar — d10) + Clig-r0 — &y 16) + 2

Using similar analysis with iﬂ 16> we get the following bound for y; for all ¢ > T,;:

lyell < IICIX + (ICHIZNY? + 02)v/2m1og(2mT/6) + ||C|| A

with probability 1 — 2. Thus, all three statements of Lemma [£1] hold with probability at least
1 —36. 0
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E Regret Decomposition

Recall the following lemma from |[Lale et al), 2020] on the Bellman optimality equation for LQG:

Lemma E.1 (Bellman Optimality Equation for LQG |[Lale et all, [2020]). Given state estimation
Zyy—1 € R™ and an observation y. € R™ pair at time t, Bellman optimality equation of average cost
per stage control of LQG system © = (A, B, C') with requlating parameters @ and R is

J.(©) + &), <P _ CTQC) Zyjp + 1 Que = min {yf Qui +u' Ru (51)
+E |:§3;L—|——I—1|t+1 (P - CTQC> Ty g + yfﬂ@@/ﬁﬂ] }

where P is the unique solution to DARE of ©, &y, = (I — LC)&y—1 + Lyi, yi'y1 = C(Axy + Bu +
wy) + ze41, and T I — LC) (A%y + Bu) + Ly, The equality is achieved by the optimal

11tL+1|t+1 = (
controller of ©.

Using Lemma [E.1] for the optimistic system at time ¢, we derive the instantaneous regret decom-
position at time ¢ with the following expressions:

jt|t,ét = (I - Etét) Ty + Ly, (52)

Yi11,6, = C’t (zzlt — BJE}) jﬂt,ét + ét;lt (-Z't — it\t,ét) + étwt + Zp41 53

(53)
i‘t+1|t+1,ét = (/Lg — Btf(t> i‘t|t,é + Etét;lt (l‘t — jt\t,é) + ité{wt + itztﬂ (54)
yt+1,@ = OAIIA:t't’é - OBktfijt't’é + CU)t + CA(iUt - jt‘t,é) + zt+1 (55)
Trirpr,e = (I — LO) Ay o — BKidy, ) + Lytr10 (56)
= (I = LO)(A = BK\)i,, 6 + (I = LO)A(#y0 — &y,6) + Lyer1,0 (57)

= —-LC)(A- BKt):i:t‘t@ + LC(A— BK):%t‘t@ + LCw; + LCA(xy — i"t\t,é)
+ (_[ - LC)A(I]E’Hm@ — j;t‘t,é) + L2t+1 (58)
= (A_Bkt)i.ﬂt,é +Lcwt+LCA(xt_‘%t\t,ét)—i_(I_LC)A(‘%t\L@_‘%t\t,ét)—i_[’zt‘f‘l’ (59)
Note that these expressions are the time varying counterparts for the same expressions in
Lale et al. [2020]. Thus, the regret decomposition is similar to the regret decomposition derived
in [Lale et all [2020], but with some changes. Since we are updating the optimistic choices during
the adaptive control each regret term is written using the expressions given (52))-(59). This brings

the only significant change in term R; in the regret decomposition of |[Lale et all [2020]. In order to
analyze the effect of policy changes and obtain a similar analysis for R;, we obtain these two terms:

T
R=Y {az;t’é (H ~C[QC) dy,6-E [gz;”t o (P = CLLQC) @HHHLQ‘@ﬂt_l, v, ut] }

T
Rupdate = ZE [5%:+1\t+1,@ ((Pt - CtTQCt) — (P11 — CtT+1QCt+1)> jt-ﬁ-l\t-}—l@‘jt\t—lyyt,ut]
t=1
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Therefore, due to Lemma [.T] the overall regret decomposition can be represented as

T T
> (w Quitu] Rut) =" J(6)+ Ry + Ry~ Ry~ Ry~ s — Rs— Ry — Rs— Ro— Rap— Rt — Rupatate
t=1 =1
<TJ(O©)+Ri+Ry—R3—Rys—Rs— Rg— R7y— Rg— Ry— R10— R11 — Rupdate
(60)

T ~
Qyt [yt+1,@Qyt+1,® ‘xﬂt—la Yt, Ut] } )

A— BE)TCTQC(A - BRy)# ﬂt@}

{ It,é(‘zlt — BiK) TGl QC(Ay — BiKi)dy, 6 — i, e

t=1
T
Rs=-Y_ {2 oA —BE)' (P, = ClQC)(I — LO)A(iye t\tG)}
t=1
T
Rg=— {(i"t\t,(a—jﬂt,e) AT(I = LC) (P — G/ QC)(I — LC)A@W’@_%@@)}’
t=1

Ry :Z E :thCN’tTQé’twt} —E [thC’TQth] } ,

{
(B [wf 6T L] (B~ CTQC) LiCuw| ~E[w] CTLT (B~ CTQC:) LOw] }

B[ (20— dye) ATCTQCA (20— iy, \aett_l,yt}
_E [(azt _ %’éf ATCTQCA (w1 — iy ) |, yt} }
Rio=3" {B[ (00— 24.6) ATCTET (P - CTQC) L (31~ 2y 6) [our-1.01
R [ (i - %,@)T ATCTLT (B = CTQC) LA () — 6 ) |e, yt] }
r

Ry =Y {2E LT (P=Cl QG (Li— L)z | +E |2 (= 1) (P~ CT QCy) (L= D)z }
t=1

where (60) follows due to optimistic choice of system parameters. This gives us the following regret
decomposition for the adaptive control period of LQGOPT:

REGRET(T) < Ry + Ry — R3 — Ry — Rs; — Rg — Ry — Rs — Rg — R1o—R11 — Rupaate- (61)
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F Regret Analysis, Proof of Theorem [4.1]

Notice that Ry — Ry; given above have the same properties of Ry — Ry of [Lale et al) [2020]. The
only difference is that during the adaptive control period of LQaOPT, the agent updates its estimate
of the underlying system using the doubling trick mentioned in the main text and in Algorithm [l
Therefore, with probability at least 1 — 56, the regret of each term has the following structure,

R._@<Tw+2Tw+4Tw+>
Y \WT, V2T, VAT, T

fori =1,3...,11. Since Ry = O(v/T — T}) and using Lemma[H.2, we get that R; = O <\/T> fori =
1,...,11 with probability at least 1 —54. Notice that there are log(T") policy changes, i.e. there are
log(T') terms in the summation of Rypdate- Each term is bounded by 2 (D—l—HQH (|]CH—|—AC)2) X2

Thus, we have |Ry| < 2 (D—FHQH (HC|]+AC)2> X21log(T) = O(log(T')). Combining all, we conclude
that during the adaptive control period of LaqcOpT REGRET(T) = O (\/T)

g
G System Identification with Non-Steady State Initial Point
Tir1 = Ayxy + Bug + ALy,
yr = Cay + ey (62)

where A, = A — AL,C. If the system is at steady state, i.e. Ly = L = XC" (C’EC’T +U§I)_1.
Since the system is stable, the dynamics of the system approaches exponentially fast to the steady
state dynamics. Therefore, starting at zop = 0 and with a long enough burning period such that

|F; — F|| = O (ﬁ(ﬂ)’ starting from arbitrary point will provide additional bias term in the
estimation which decays over time:

yag = Moy +exg + (Mu — M)oy

H
yra+1 =Moui1 +eni1 + (Muat1 — M)dpi1 +C <H AH+1—i> 1
i=1

H
yr = Moy + e + (Mg — M) + C <H At—i) Ty H

=1
where
M = [CF, CAF, ..., CA"-'F, OB, CAB, ..., CA"=1B] e Rmx(m+D)H
H-1 H—-1
M= |CF,_1, CA,_\F,_5, ..., C<H AH) Fi_y, CB, CA,_\B, ..., C<H At_,)B
=1 i=1
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T
T T T T "
Ot = Y1 Y W1 --- ut_H] e R(m+p)

Note that for any t, My — M represents the model mismatch from the steady-state model
parameters and the parameters of the evolving system. The noise terms are zero-mean including
the effect of initial state since we assume that xyp = 0. The model mismatch combined with the
upper bound on ¢; can be used to define the additional bias in the estimation. Notice that this bias
will decrease over time since the system approaches exponentially fast to the steady state dynamics.
We leave the exact analysis to future work.

H Technical Lemmas and Theorems

Theorem H.1 (Matrix Azuma |Tropp, 2012|). Consider a finite adapted sequence { Xy} of self-
adjoint matrices in dimension d, and a fived sequence { Ay} of self-adjoint matrices that satisfy

Eir_1Xir =0 and Az - Xz almost surely.

Compute the variance parameter

o ;:‘

> AR
k
Then, for allt >0
P {)\max (Z Xk) > t} <d- e_t2/802
k

Theorem H.2 (Self-normalized bound for vector-valued martingales |[Abbasi-Yadkori et al., 2011]).
Let (Fy; k > 0) be a filtration, (mg; k > 0) be an R%-valued stochastic process adapted to (Fi) , (nr; k > 1)
be a real-valued martingale difference process adapted to (Fy). Assume that ny is conditionally sub-
Gaussian with constant R. Consider the martingale

t

S =" mkmi

k=1

and the matriz-valued processes

t
Vi=> mp_my_y, Vi=V+V, t>0
k=1

Then for any 0 < § < 1, with probability 1 — §

7.\ 12 —-1/2

det (V)2 det(V

— ||St\|%/1§2R2log< et (V) 56( ) )
t

Lemma H.1 (Norm of a subgaussian vector [Abbasi-Yadkori and Szepesvari, 2011]). Let v € R? be
a entry-wise R-subgaussian random variable. Then with probability 1 — ¢, ||v]] < R+/2dlog(2d/9).
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Lemma H.2 (Doubling Trick |Jaksch et all, [2010]). For any sequence of numbers z1,. .., z, with
0< 2, < Zpp1 = maX{la Py Zi}

3

k< (V24 1)

i1 V k-1
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