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Abstract

Stabilizing the unknown dynamics of a control system and minimizing regret in control of
an unknown system are among the main goals in control theory and reinforcement learning. In
this work, we pursue both these goals for adaptive control of linear quadratic regulators (LQR).
Prior works accomplish either one of these goals at the cost of the other one. The algorithms
that are guaranteed to find a stabilizing controller suffer from high regret, whereas algorithms
that focus on achieving low regret assume the presence of a stabilizing controller at the early
stages of agent-environment interaction. In the absence of such stabilizing controller, at the
early stages, the lack of reasonable model estimates needed for (i) strategic exploration and
(#4) design of controllers that stabilize the system, results in regret that scales exponentially
in the problem dimensions. We propose a framework for adaptive control that exploits the
characteristics of linear dynamical systems and deploys additional exploration in the early stages
of agent-environment interaction to guarantee sooner design of stabilizing controllers. We show
that for the classes of controllable and stabilizable LQRs, where the latter is a generalization of
prior work, these methods achieve @(\/T) regret with a polynomial dependence in the problem
dimensions.

1 Introduction

Linear quadratic regulator (LQR): Linear dynamical systems are general and fundamental
continuous control systems that, due to their unique characteristics, have been vastly used in
real-world problems [Zarchan and Musoff, 2013]. Among linear dynamical systems, LQRs are the
canonical settings with quadratic regulatory costs to design desirable controllers. In LQRs, when
the model of dynamics is given to the decision-making agent, the problem of finding the optimal
control to minimize cumulative costs results in a stabilizing linear controller |Bertsekas, |1995].
The problem of unknown dynamics: The study of LQRs becomes more challenging when the
environment dynamics are unknown. The agent needs to learn the dynamics in order to (1) stabilize
the system and (2) find the optimal controller. This is one of the core challenges in reinforcement
learning and control theory termed as adaptive control. The agent interacts with the environment,
explores it, estimates the system dynamics, and strategically exploits these estimates for further
exploration-exploitation. Due to the agent’s possible sub-optimal decisions during exploration, the
agent’s cumulative cost may increase significantly. The agent needs to balance the exploration and
exploitation such that it reduces the cumulative cost in long term. The performance of the agent is
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evaluated based on the notion of regret, which quantifies the difference between the cumulative cost
encountered by the agent, and the expected cumulative cost of the optimal controller.

Optimism in the face of uncertainty principle (OFU): In order to minimize regret, the
principle of OFU [Lai and Robbins|, 1985 is proposed as an effective strategy for exploration and
exploitation in the study of sequential decision making. OFU principle suggests to estimate model
parameters up to their confidence intervals, and then act according to the policy/controller prescribed
by a model in the confidence set with the lowest optimal cost, known as the optimistic model.

Prior work and motivation: For a couple of decades, the statistical aspect of regret minimiza-
tion problem has been investigated from the lens of asymptotic optimality [Lai et al., |1982, [Lai and
Wei, 1987]. Recently, a set of novel techniques have been proposed to develop learning algorithms
with finite-time performance guarantees in linear models [Pena et all 2009]. The seminal work by
Abbasi-Yadkori and Szepesvari| [2011] uses OFU principle and proposes an algorithm, OFULQ), to
balance the exploration and exploitation in the presence of sub-Gaussian disturbances. After T' time
steps of interaction, OFULQ achieves regret of /T in controllable LQRs, a subset to stabilizable
LQRs. However, in the early stage of interactions, when the agent’s model estimate may not be good
enough, optimism may not provide a sound and strategic exploration, causing a possible blow up in
the system state. This uncontrolled state explosion results in a regret upper bound with exponential
dependency in LQR dimensions [Abbasi-Yadkori and Szepesvéari, 2011], which further highlights
the need for improved exploration in the early stages of interactions. In order to circumvent state
explosion and have graceful transition to exploitation, most of the prior works assume access to a
stabilizing controller during early stages, which may not be possible in many applications.

Controllability vs. stabilizability: The controllability assumption implies that the state
of the system can be brought to any desirable state in finite-time (Definition [2.2)). However, this
condition can be too stringent for practical systems. A weaker notion is the stabilizability, which
states that there exists a controller that makes the system stable (Definition [2.1)). This condition is
the necessary and sufficient condition for the optimal control problem to be well-defined [Bertsekas,
1995].

Stabilizable but not controllable system: Consider the following simple linear dynamical
system:

—2 0 11 10
Tip1= |15 0.9 13|z + [0 1] u.
0 0 05 0 0

The state x; and the input u; are 3 and 2 dimensional vectors respectively. First two elements in the
state vector correspond to controllable modes of the system since any initial value can be brought
to any desired value via inputs. However, the input has no control over the third element, thus
the system is not controllable. The third element of the state vector evolves with the dynamics of
z¢41,3 = 0.5 3. Notice that it is stable, i.e. x;3 decays over time. Thus, the system is stabilizable.
This example shows that the class of stabilizable systems includes a fairly larger number of systems,
including any practical system where the inner dynamics that user cannot directly control are stable.
Therefore, in this work we consider the general case of stabilizable systems. Based on these, in this
paper, we address the following questions:

1. Can we provide regret guarantees in stabilizable setting?

2. Can we avoid the exponential dimension dependence (at least in long term) in the regret bound
by utilizing unique characteristics of linear dynamical systems?



Table 1: Comparison of current results with prior works.
* := No specified dimension dependency, T := ExPOPT without additional exploration

Initial
Work Regret Setting Stabilizing Controller
[Abbasi-Yadkori and Szepesvari, [2011]  d%/T Controllable Does not require
[Faradonbeh et al, 2017] T* Stabilizable ~ Requires
[Dean et al., |2018] poly(d)T?/?  Controllable Requires
|[Faradonbeh et al., [2018] T~ Stabilizable ~ Requires
[Mania et al., |2019] poly(d)v'T ~ Controllable Requires
[Cohen et al.l 2019] poly(d)v'T ~ Controllable Requires
[Simchowitz et al., 2020 poly(d)vT ~ Stabilizable =~ Requires
[Simchowitz and Foster, 2020)| poly(d)v/T ~ Stabilizable Requires
Theorem d/T Stabilizable  Does not require
Theorem poly(d)v/T ~ Controllable Does not require
Theorem poly(d)v/T  Stabilizable Does not require

Contributions: In this work, we give affirmative answers to these questions. First, we extend
the prior work on controllable settings to the more general case of stabilizable LQRs. We show that,
in stabilizable LQRs, when using optimism to balance exploration and exploitation, choosing proper
time steps to update model parameters and controller plays a crucial role in minimizing regret. We
propose an algorithm with a carefully designed choice for updating rule and show that it achieves
the regret of O(d*v/T) in stabilizable LQRs with sub-Gaussian disturbances. Here d is the problem
dimension of LQR and (5() presents the order up to logarithmic terms.

In order to mitigate the exponential dependency in the regret upper bounds, we further investi-
gate the behavior of optimism-based agents, specifically, in the early stages of agent-environment
interactions. In these early stages, the agent has inaccurate model estimates. When the agent
strategizes upon its inaccurate estimates using optimism to directly minimize regret, the committed
actions may not provide sufficient exploration required to achieve stabilizing controllers. This
insufficiency results in regret with exponential dependence in the problem dimension.

To address this challenge, we suggest to further exploit the unique characteristics of linear
dynamical systems. In the early stages, any strategy may result in linear regret. Therefore, instead of
directly aiming to minimize regret in these stages, we propose to carefully adjust the early exploration
to also guarantee that stabilizing controllers are soon achieved. Achieving stabilizing controllers for
the unknown systems assures that the agent can bring the system states under control, avoid the
explosion of dynamics, and attain a better long term regret. We accompany the OF U-based controller
with an additional random exploration in the early, when the optimism alone may not provide any
better exploration strategy. We show that this additional exploration imposes slight additional
constant regret in the short stages of early interaction, but the resulting stabilizing controllers ensure
stable behavior, therefore much smaller regret in the long term. Using these principles, we propose
two algorithms, respectively, for controllable and stabilizable LQRs with sub-Gaussian disturbances,
both with regret upper bound of O(poly(d)yv/T). The results in this work can be considered as a
generalization of the prior work. Table [1| provides the comparison of our results with prior works in
terms of rate, system characteristic, and the existence of a initial stabilizing controller.



2 Preliminaries

We denote the Euclidean norm of a vector x as ||x||2. For a given matrix A, ||Al|2 denotes the spectral
norm, ||A||r denotes the Frobenius norm, while AT is the transpose, Af is the Moore-Penrose inverse
and for square matrices, Tr(A) gives the trace of matrix A and p(A) denotes the spectral radius of
A, i.e. largest absolute value of A’s eigenvalues. The j-th singular value of a rank-n matrix A is
denoted by 0;j(A), where omax(A) 1= 01(A) > 02(A) > ... > omin(A4) := 0, (A). I is the identity
matrix with relevant dimensions. Consider a discrete time linear time-invariant system characterized
as,

Ti41 = Awxt + Bour + wy. (1)

where x; € R" is the state of the system, u; € R? is the control input, w; € R™ is i.i.d. process noise
at time t. At each time step t, the system is at state x; where the agent observes the exact state
information. Then, the agent applies a control input u; and the system evolves to x;y1 at time ¢ + 1.
At each time step ¢, the agent pays a cost ¢; = ;] Qx; + u] Ruz, where Q € R™" and R € R¥*¢
are positive definite matrices such that ||Q|], || R| < @ and omin(Q), omin(R) > a. The problem is to
design control inputs based on past observations in order to minimize the average expected cost:

1 T
Jo = li in —E| J ! R 2
This problem is the canonical example for the control of linear dynamical systems and termed as
linear quadratic regulator (LQR). One can represent the underlying system as

.
Ter1 = O, 2 + wy

where ©] = [A, B,] and z; = [z} u/]T. Knowing ©,, the solution of (2), the optimal control law,
is a linear feedback control u; = K(©.)x; with

K(©.)= - (R+BIP©.)B.)  BIP(0.)A. ®)

where P(0,) is the unique positive definite solution to the discrete-time algebraic Riccati equation:

P(©,) = ATP(0.)A, + @~ ATP(6.)B. (R+ B P(0,)B.) BIP(©.)A,. (@)

The optimal cost for O,, J, = Tr(P(0,)W) where W = E[w,w, |F;_1] for a corresponding
filtration F;. When the model parameters, A,, and B, are unknown, the agent interacts with the
environment to learn these parameters and aims to minimize the cumulative cost Zthl c¢. Note
that the cost matrices @ and R are designer’s choice and given. After T time steps, we evaluate the
regret in agent’s performance, i.e.,

REGRET(T) = 3" (e - J.),

which is the difference between the performance of the agent and the expected performance of the
optimal controller. We have the following definitions for the linear dynamical system governed by
A, and Bi..



Definition 2.1 (Stabilizability). The linear dynamical system O, is stabilizable if there exists K
such that p(As + B K) < 1.

Definition 2.2 (Controllability). The linear dynamical system O, is controllable if the controllability
matriz [B. AyB. A?B, ... A"7'B.] has full row rank.

Note that stabilizability is weaker than controllability, i.e., all controllable systems are stabilizable
but the converse is not true. Under both conditions, it is guaranteed to have a unique positive
definite solution to |Kuceral, |1972]. Similar to |Cohen et al. [2019], we need quantitative version
of stabilizability for the finite-time analysis.

Definition 2.3 ((k,7)-Stabilizability). The linear dynamical system ©, is (k,)-stabilizable for
(k>1and 0 <~ <1)if|K(O.)| <k and there exists L and H > 0 such that A, + B,K(0,) =
HLH™', with |L|| <1 -+ and |H|||H™| < &.

Note that this is just a quantification of stabilizability. In other words, any stabilizable sys-
tem is also (k,~)-stabilizable for some k and ~ and the conversely (k,~)-stabilizability implies
stabilizability (Appendix . In this work, we provide an array of results for various settings of
LQR. We consider the problem setups with sub-Gaussian process noise w; and two different system
characteristics.

Assumption 2.1 (General Sub-Gaussian Noise). There exists a filtration (F;) such that z¢, x¢ are
Fi-measurable and for allt >0, and j € [0,...,n|, w ;s are o2 -sub-Gaussian, i.e., for any v € R,

E [exp (ywy ;) |[Fio1] < exp (v?05/2) and E [wtwﬂft,l} =21 for some G2 > 0.

Note that the assumption of having isotropic w; is only used to provide cleaner analysis and the
analysis works without that assumption similar to |Abbasi-Yadkori and Szepesvari [2011].

Assumption 2.2 (Controllable Linear Dynamical System). The unknown parameter O, is a member
of a set S, such that

S.C {@’ = [A, B € R™(H) | @ is controllable, |A' + B'K(0')| < T <1, [©/|r < s}

Following the controllability and the boundedness of S., we have finite numbers D and k > 1 s.t.,
sup{||P(@")]| | © € 8.} < D and sup{||K(0")| | © € 8.} < k.

Assumption 2.3 (Stabilizable Linear Dynamical System). The unknown parameter ©, is a member
of a set S such that

Ss C {@/ = [4A/, B] € R™*(+d) ‘ ©' is (k,v)-stabilizable, ||©'||r < S}

From (k,~y)-stabilizability and the boundedness of Ss, we have that p(A’ + B'K(©)) <1 —+, and we
have finite numbers D and k > 1 s.t., sup{||P(©)| | ©" € S;} < D and sup{||K(0')| | ©" € S;} < k.

In the following, under Assumption [2.1] we provide three different algorithms with regret
guarantees that are tailored for the systems that satisfy Assumption 2.2 or Assumption



Algorithm 1 ExpOpT

1: Input: Setting, Initial Exploration, Hy minimum duration for a controller

2: if Setting == Controllable then

3: Choose the controllability set, S = S,, set exploration duration T, = T, and H = 0
4: elseif Setting == Stabilizable

5: Choose the stabilizability set, S = S, set exploration duration T, = Ty, and H = H|

6: Initialize the optimistic model Oy and controller K (6y)
7. fort=0,...,7 do

8: if Determinant of the design matrix is doubled since last controller update,
9: and More than H steps is passed since last controller update then

10: Estimate the system using regularized least squares in ()

11: Construct the confidence set and find the optimistic parameter ©;

12: if Initial Exploration = True and (¢t < T,) then

13: Deploy control input u; = K((:)t_l)xt + 1 OPTIMISM + EXPLORATION
14: else

15: Deploy control input u; = K((:)t,l)xt OPTIMISM

16: Observe ;41 and update the design matrix

3 Algorithm

We propose ExrOPT, whose pseudocode is provided in Algorithm [I} The algorithm is applicable to
both controllable and stabilizable LQRs. If the system is controllable, then ExPOPT chooses the
controllability set S = S, described in Assumption and if the system is stabilizable, then the
stabilizability set S = S described in Assumption is chosen for the search of optimal controller.

ExpPOPT uses regularized least squares estimates obtained using the past input-output(state)
pairs,

@t = argngn ZZ;;Tr ((JUSH — @Tzs> (LL‘S+1 — @Tzs)T> + )\H@”% (5)

Using this, ExXPOPT constructs a high probability confidence set C;(d) that contains the underlying
parameter O, with high probability. For § € (0,1), at time step ¢, C¢(9) is defined as,

= = e f 1/2
Ct(é):{@:\/Tr (0-06,)TVi(0-6,)) < m(a)} for ﬁt(é):aw\/inogQii;((‘;I))l/Q) VA8,

and V; = A\ + Zf;é z;z] . The guarantee that O, € C;(§) with probability at least 1 — § for all time
steps t is obtained in |Abbasi-Yadkori and Szepesvari| [2011]. The confidence set above provides a
self-normalized bound on the model parameter estimates via regularized design matrix V;. At all
time steps of execution, ExpOPT deploys optimism in the face of uncertainty (OFU) principle in
order to design the controller. ExpOPT chooses an optimistic parameter O, from C; NS such that,

0,) < inf 1/t
J(9t)_966135)msJ(@)+ /V,

and constructs the optimal linear controller K (ét) for the chosen parameter ©;. The key idea in
OFU principle is to choose the model whose average expected cost is smallest among the set of



plausible models. This allows ExPOPT to obtain a good balance between exploration and exploitation.
As the confidence set shrinks, the performance of ExpOPT improves over time. For technical reasons
utilized in Appendix [C] the algorithm uses the one step prior optimistic controller at each time step,
i.e. at time t, the optimal linear controller K(0;_1) for ©;_; is used.

ExPOPT avoids frequent updates in the system estimates and the controller. It uses the same
controller at least for a fixed time period of Hy if the system is stabilizable and also waits for
significant refinement in the estimates whether the system is controllable or stabilizable. The latter
is achieved by updating the controller if the determinant of the design matrix is doubled since the
last update.

For both systems, the algorithm has two options, applying additional random exploration in first
T, steps or avoiding additional exploration. The additional exploration is dedicated to obtain better
estimates of the model at a faster rate in the expense of slightly larger regret in the early stages
of ExpOpT. To this end, an i.i.d. Gaussian vector, v ~N(0,02I) where 02 = 2x252,, is injected
besides the control input, K (ét—1)$t, at each time step of the additional exploration period.

The additional noise excites the system uniformly which enables to find a stabilizing neighborhood
around the underlying parameter O, faster. If the enforced exploration is chosen, ExpOPT continues
injecting v, until the system parameter estimates are guaranteed to be close enough to the underlying
parameters which is determined by the enforced exploration duration of T,,. Define T, and T as

T, == poly(ow, cr;l, n+d, (l—T)_l, k), Ts:= poly(ow, 0;1, n+d,(1— 7/2)_1, K, @, Q). (6)

T, is equal to T, if the system is controllable and equal to T if the system is stabilizable. These
durations are chosen such that after T, time steps, the agent has the guarantee that the linear
controller K ((:)t,l) produces stable dynamics when applied to the underlying system ©,. Thus, if
initial exploration is desired, then we have

Uy = K(ét_l)l't +uy fort <Ty,, and u; = K(ét_l)xt for t > T,.

Otherwise for all ¢, ExpOPT applies uy :K(ét,l)xt. Note that for controllable systems with no
additional exploration, ExpOPT yields OFULQ of |Abbasi-Yadkori and Szepesvari| [2011] where the
authors provide O((n + d)"t%/T) regret upper bound. In the following, we first generalize OFULQ
to stabilizable systems and then study ExpOpPT with exploration in both controllable and stabilizable
setting. The precise description of ExpOPT is in Appendix [B]

4 Analysis

4.1 Generalization to Stabilizable LQR

We first consider ExpOPT without additional exploration in stabilizable LQR. The setting is more
challenging compared to its controllable counterpart considered in [Abbasi-Yadkori and Szepesvari
[2011]. Recall Assumption that states the system is (k,~)-stabilizable, which yields p(A, +
B,K(0,)) <1 —~ for the optimal controller K(©,) < k. Therefore, even if the optimal controller
of the underlying system is chosen from S;, it may not produce contractive closed-loop system, i.e.,
we can have p(A, + B, K(0,)) <1 < ||A, + B,K(0,)|| since for any matrix M, p(M) < || M]|.
From the definition of stabilizability in Definitions 2.1 and 2.3} we know that for any stabilizing
controller K’ there exists a similarity transformation H’ > 0 such that it makes the closed loop



system contractive, i.e. A, + B.K' = H'LH'~!, with ||L|| < 1. However, even if all the policies
that ExpOPT execute stabilize the underlying system, these different similarity transformations of
different policies can further cause an explosion of state during the policy changes. If policy changes
happen frequently, this may even lead to linear scaling of the state over time.

In order to remedy this situation, ExPOPT carefully designs the timing of policy updates and
applies all the policies long enough, so that the state stays well controlled. Therefore, ExPOPT applies
the same policy at least for Hy = O(y~log(x)) time steps. Using this, we show the boundedness of
the state during the execution of ExpOPT (see Appendix for the proof). Then decomposing
regret similarly with |Abbasi-Yadkori and Szepesvari [2011], we provide the following generalization
of their result for stabilizable systems whose proof is provided in Appendix [F}{G]

Theorem 1 (Regret of ExpOPT in stabilizable system using only OFU). Suppose Assumptions
and hold for the given LQR. Then, for 6 € (0,1), with probability at least 1 — &, EXPOPT without
additional exploration achieves regret of O((n + d)"*t¢\/Tlog(1/9)).

4.2 Regret Upper Bound with Early Exploration

Next we analyze the benefit of the early additional exploration of ExpOPT in controllable and
stabilizable LQRs. Define o, > 0 where o, is a problem and in particular &,,, oy, 0, dependent
constant (please refer to Appendix |C| for precise definition). Adding the random exploration
vy ~ N(0,02) for 02 = 2k%52, enables to guarantee the consistency of the parameter estimation and
provides the following bound.

Lemma 4.1 (Spectral norm of parameter estimation error). Suppose Assumption holds. For
T > poly(o?,02,n,10g(1/5)) using additional exploration for the systems that satisfy Assumption
or Assumption with probability at least 1 — 46, we have

1 det(Vr 1/2

o IT <Jw\/2nlog (W) + \F)\S> . (7)

The proof is given in Appendix [C] & [D] We show that for both systems, additional exploration
provides the persistence of excitation of the inputs. In other words, for long enough additional
exploration we show that the smallest eigenvalue of the design matrix V; scales linearly over time.
Using the confidence set construction of ExpOpT, we derive the advertised result in Lemma [4.1]

In Appendix we show that there exists a stabilizing neighborhood around O, i.e., [|0'—0,| <,
such that K (©’) stabilizes O, for any ©' in this neighborhood. By the choice of T, and T} in (),
ExPOPT guarantees to find this stabilizing neighborhood sooner via additional exploration of first
T = T, steps in controllable systems and first T3, = T steps in stabilizable systems. For ¢t > Ty,
ExpOPT starts redressing the possible state explosion due to unstable controllers and the perturbation
in the early stages. Define T, . and T, , as,

L —T10 ((n+d) log(n+d)>  L,—T,40 ((n+d) log(n+d)> | n

log(2/(1+ 7)) %—Hlologﬁ

167 — 6.2 <

Recall that Hy is the minimum duration for a controller such that the state is well-controlled despite
the policy changes. In the following, we show that for 7°>T;.. in controllable and for T'>T, s in
stabilizable systems, the stabilizing controllers are applied long enough that the state stays bounded.



Lemma 4.2 (Boundedness of state with additional exploration).

1) Under Assumptions 55 if EXPOPT runs with additional exploration for T, time steps, with
probability at least 1 — 25, fort < Ty, ||z¢]| = O((n + d)"*?). On the other hand, for T >t > T,
llz¢|| < Xe = poly(ow,/n, (1 — )1 1og(1/8)) with probability at least 1 — 36.

2) Under Assumptions 6’5 if ExpOPT runs with additional exploration for Ty time steps,
with probability at least 1 — 25, for t<T, s, ||z¢|=O((n+d)"*9). On the other hand, for T >t>T, s,
llz¢|| < X = poly(ow, /1, k, v, log(1/8)) with probability at least 1 — 34.

In the proof of lemma in Appendix [E] we use the fact that the policies seldom change via
determinant doubling condition on the design matrix or the lower bound of Hy on the duration
of each controller application. Thus, we show that exponential decay of the closed-loop system
due to stabilizing controller brings the state to an equilibrium. After showing the boundedness of
state for ExpOPT with additional exploration, we can finally present the regret results for these
settings. Using the general regret decomposition for adaptive control of LQR in |Abbasi-Yadkori and
Szepesvari| [2011], we show that the extra regret suffered from additional exploration is tolerable
in the upcoming stages via the guaranteed stabilizing controller, yielding polynomial dimension
dependency in regret.

Theorem 2 (Regret of ExpOPT with additional exploration in controllable systems). Under Assump-
tzonsm . 2.9, for 6€(0,1), with probability at least 1—§, if EXpOPT uses additional exploration
for first T, time-steps then it achieves regret of O(poly(n+d)\/T log(1/5)), for long enough T.

Theorem 3 (Regret of ExpOpT with additional exploration in stabilizable systems). Suppose
Assumptions[2.1 and[2.5 hold. For§ € (0,1), with probability at least 1 -4, if ExpOPT uses additional
exploration for first Ts time-steps then EXPOPT achieves regret of (’)(poly(n +d) Tlog(l/&)) for
long enough T

The proofs and the exact expressions are presented in Appendix [G] Roughly the exact regret
expressions have a constant regret term due to additional exploration for T, time steps with
exponential dimension dependency and a term that scales with square root of the remaining time
with polynomial dimension dependency, i.e. (n + d)"* T, + poly(n + d)\/T — T,,. Note that T,
and T are problem dependent expressions. Therefore, for large enough 7', we derive the advertised
regret bounds.

4.3 Comparison of Theoretical Upper Bounds

To further observe the nature of the stated regret upper bounds, we plot the regret guarantee of
current result with respect to regret upper bound of OFULQ [Abbasi-Yadkori and Szepesvari| [2011]
in Figure[l] Figures([l](a), (b) and (c) show the theoretical regret upper bounds of both algorithms
in 3, 4 and 5-dimensional LQR settings respectively. Notice that the additional explorations in
the beginning of ExpOPT until guaranteeing the construction of stabilizing controller, increases the
regret upper bound by some small margin. Thus for short time period, OFULQ performs better than
ExpOpT. However, once it is guaranteed that all the optimistically chosen controllers stabilize the
underlying system, regret upper bound of EXPOPT starts scaling gracefully with the rate of /1 — T
with polynomial dimension dependency whereas OFULQ continues with exponential dependency.
Therefore, eventually regret upper bound of ExPOPT becomes tighter than OFULQ. Notice that as
the problem dimension increase, the benefit of early additional exploration becomes more apparent.
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Figure 1: Regret Upper Bound Comparison of ExpOPT vs. OFULQ in Adaptive Control of LQR

5 Related Work

Asymptotic results in adaptive control: Over the last decade, a large body of literature
attempt to address the controlling and minimizing costs in unknown dynamical systems. Interactive
learning-based methods are proposed to explore and estimate the system dynamics and exploit the
estimates to design even better controllers. For such methods, a set of fundamental studies provide
in asymptotic convergence guarantees [Lai et al., |1982, Lai and Wei, 1987, Fiechter, |1997]. These
works show that as the number of interactions incrase, the gap between a proposed policy and the
optimal one closes.

Finite time regret guarantees: The finite-time study of LQR in adaptive setting is one of
the most popular research directions recently. Some of the works analyze the suboptimality gap
in adaptive control of LQR using certainty equivalence controller [Mania et al. 2019, Faradonbeh
et al., [2018] where they show sublinear regret, when the estimates are close enough. In |Dean et al.
[2018], it is shown that e-greedy exploration with a robust controller achieves O(poly(d)T?/?) regret.
In Abeille and Lazaric [2018]| and |Ouyang et al. [2017], authors use Thompson sampling to show
VT frequentist regret for scalar systems and /T bayesian regret respectively. (Cohen et al. [2019]
proposes a new SDP formulation for OFU principle and with an initial stabilizing controller shows
VT regret can be obtained. More recently, [Cassel et al. [2020] provides logarithmic regret if only A
or B are unknown in LQR and |Simchowitz and Foster| [2020] provides a regret lower bound and
shows the optimal polynomial dependency when a stabilizing controller is given initially.

OFU based works: For control problems, OFU principle was first used by |Campi and Kumar
[1998|. Besides adaptive control of LQR, OFU principle is widely used in a variety of decision
making paradigm, such as multi-arm bandit [Auer} 2002|, linear bandit |[Abbasi-Yadkori et al., 2011],
Markov Decision Processes |Jaksch et al., |2010} |Azizzadenesheli et al.l 2016, and adaptive control of
partially observable linear quadratic control systems |Lale et al.l |2020blc].

Generalized settings: Besides the classical setting of adaptive control of LQR considered
in this paper, there are various works that consider more general settings. One line of research
considers the partially observable counterpart of LQR termed as LQG. It is the setting where instead
of exact state vector, a noisy linear combination of the state vector is observed. In this setting
Mania et al.| [2019], Simchowitz et al. [2020], Lale et al.| [2020c| achieve v/T regret and [Lale et al.
[2020a] introduces the algorithm that achieves first polylogarithmic regret in this setting. Another
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line of research considers adaptive control under adversarial noise disturbances |Hazan et al., 2019,
Simchowitz et al., 2020]. All these works either consider the existence of a stabilizing controller
or open-loop stable system dynamics. We believe extending the idea of first finding a stabilizing
controller without these assumptions is an important future direction.

6 Conclusion

In this paper, we propose an algorithm framework, ExpOPT, that follows OFU principle to balance
between exploration and exploitation in interaction with LQRs. We show that if an additional
random exploration is enforced in the early stages of the agent’s interaction with the environment,
ExPOPT has the guarantee to design a stabilizing controller sooner. We then show that while the
agent enjoys the benefit of stable dynamics in further stages, the additional exploration does not
alter the early performance of the agent considerably. Finally, we prove that the regret upper bound
of EXpPOPT is @(\/T) with polynomial dependence in the problem dimensions of the LQRs in both
controllable and stabilizable systems. The benefit of additional exploration in finding the stabilizing
neighborhood earlier and significantly reducing the regret in adaptive control of LQRs suggests to
study this phenomenon in other adaptive control problems such as adaptive control in partially
observable setting.
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Appendix

A Stabilizing Neighborhood Around The System Parameters

In this section, we first show that the given systems (both controllable and stabilizable) Discrete
Algebraic Riccati Equation has unique positive definite solution. Then, we show that combining
two prior results, there exists a stabilizing neighborhood round the system parameters that any
controller designed using parameters in that neighborhood stabilizes the system.

Theorem 4 (Unique Positive Definite Solution to DARE, |Bertsekas, 1995|). For ©, = (A, By), If
(A,, B,) is stabilizable and (C, A,) is observable for @ = CTC, or Q is positive definite, then there
exists a unique, bounded solution, P(©,), to the DARE:

P(©,) = ATP(O.)A, +Q ~ ATP(0.)B. (R+ BI P(0.)B.) BIP(O.)A,. (9)

The controller K(0,) = — (R+ B,FTP(G*)B*)f1 B] P(0,)A, produces stable closed-loop system,
p(A« + B.K(0,)) < 1.

This result shows that, for we get unique positive definite solution to DARE for both controllable
and stabilizable systems.

Let J, < J. The following lemma is introduced in [Mania et al. [2019] and shows that if the
estimation error on the system parameters is small enough, then the performance of the optimal
controller synthesized by these model parameter estimates scales quadratically with the estimation
error.

Lemma A.1 ([Mania et al.,2019]). There are explicit constants Co, e = poly (o', @, || Al|, || Bs||, 5%, D, n,d)
such that, for any 0 < e < e and for ||© — O.|| < e, the infinite horizon performance of the polzcy
K(©') on ©, obeys the following,

J(K(©"),A,,B.,Q,R) — J, < Coe’.

This result shows that there exists a e-neighborhood around the system parameters that stabilizes
the system. This result further extended to quantify the stability in Cassel et al. [2020].

Lemma A.2 (Lemma 41 in Cassel et al.|[2020]). Suppose J(K(©'), Ay, B, Q,R) < J' for the LQR
J/

=2
aoz,

under Assumption then K(©') produces (k',~)-stable closed-loop dynamics where ' =
and v = 1/2k".

Combining these results, we obtain the following lemma which will be useful in defining the
exploration duration and the regret results.

Lemma A.3 (Strongly Stabilizable Neighborhood). Under Assumptions 6’5 for any e <
min{\/a2nD/Cy, €}, such that |© — O.|| < e for any (k,v)-stabilizable system O, K(©") produces
(k',~)-stable closed-loop dynamics on O, where k' = k\/2 and 7' = /2.

Proof. Under Assumptions & for the given choice of €, we have ¢ < min{\/J/Cy, €}, thus we
obtain J(K(0'), As, Bx,Q, R) < 2J. Plugging this into Lemma gives the presented result. [
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B ExpOPT

In this section, we provide the pseudocode of ExpOPT explicitly. The delay in the controller is a
technical consiquence in order to lower bound the smallest singular value of the regularized design
matrix V; in Appendix [C]

Algorithm 2 ExpOpT

1: Input: $>0,0>0, A>0,Q, R, oy, 0u, Hy, Setting, Initial Exploration
2: if Setting = Controllable then
3: Set 1eon = 1, choose S = S, & set T, = T
else
Set 1.on = 0, choose § = S & set T, = T
if Initial Exploration = Yes then
Set Lezp =1, else set 1oz, =0

Set Vo =M, 600=0,7=0

10: O = arg mingecy,ns J(O)

11: fort=0,...,7 do

12: if (det(V;) > 2det(Vp))_and (Lo, or (t —7 > Hp)) then

13: Estimate ©; using

14: Find ét such that J(C:)t) < inf@e(:t(é)ﬁs J(@) + %

15: Set Vo = Vs and 7 =t.

16: else

17: ét = ét—l

18: if 1.y and (t < T),) then

19: Deploy control input u; = K(ét_l):z:t + 1, OPTIMISM + EXPLORATION
20: else

21: Deploy control input u; = K(©;_1)x; OPTIMISM

22: Observe zyy1 and set Vg1 = V; + 2] for z = [z u]T

C Smallest Singular Value of Regularized Design Matrix V;

In this section, we show that during the additional exploration, EXxpPOPT provides persistently
exciting inputs, which will be used to enable reaching a stabilizing neighborhood around the system
parameters. In other words, we will lower bound the smallest eigenvalue of the regularized design
matrix, V;. The analysis generalizes the lower bound on smallest eigenvalue of the sample covariance
matrix in Theorem 20 of |Cohen et al., [2019| for the general case of subgaussian noise.

For the state x;, and input u;, we have:

2p = A1 + Baw—1 + w1, and  wp = K(64_1)m + 1y (10)

Let & = 2zt — E [2¢| F¢—1]. Using the equalities in , and the fact that w; and 14 are F; measurable,
we write E [£,&|F;—1] as follows.
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E [&&ﬂftq} =

( ;
_ 512:1[ E%JK(ét—l)T (12)
- 5120K(ét_1) 5121)K(ét_1)K<(:)t_1>T + 2K2 12111
(©-1)"

= r (15)

where follows from o2 = 2x252 and follows from the fact that x > 1 and ||K(6;_1)|| < &
for all t. Let s, = v & for any unit vector v € R*+¢, shows that that Var [s;|F;_1] > Tu

Lemma C.1. Suppose the system is stabilizable and we use stabilizable variant of EXxpOPT with
enforced exploration. Denote s; = v' & where v € R is any unit vector. For a given positive
o2, let By be an indicator random variable that equals 1 if s? > o} and 0 otherwise. Then for any
positive 02, and o3, such that o2 < 03, we have

a3, 2 _ 452 o5 —o3
3 — o1 —40,(1 + 52 ) exp( 557 )
E[E|Fi-] = : T— z (16)

03

»

X

Note that, for any &, > &, there is a pair (¢7,03) such that the right hand side of is
positive.

Proof. Using the lower bound on the variance of s;, we have,
7, 2n (2 _ 2 2n (2~ 2
7“’ <E[s;1(s; < 07)|Fi-1] + E [s;1(s; > 07)|Fe—1]
< o? +E[s{1(s] > 07)|Fi-1]

Now, deploying the fact that both v; and wy, for any t, are sub-Gaussian given F;_1, have that
& is also sub-Gaussian vector. Therefore, s; is a sub-Gaussian random variable with parameter &,
where 7, 1= ((1 + k)% + 2K%)02.

2
w

7 [572(s7 > o) Fic]
2
t

E
=F [S?]l(ag > gy > U%)|th_1] +E [s?ﬂ(s? > ag)\}}_l] (17)
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For the second term in the right hand side of the , under the considerations of Fubini’s and
Radon—Nikodym theorems, we derive the following equality,

dP 2 > 12 F
/ P(s} > s*|Fi_1)ds® —/ / (s Z’ = 1)ds'2ds2
s2>02 §2>02 Js/2>52 ds
dP St = Slz‘ft 1) ;0,0
. e 1572 ds'“ds
s/ >0' s§'2>s >0’

dP(s} > 8% Fi-1) ;2,1
— 5 ds“ds
8’220'3 512252205 dS

dP(s? > ™| Fi_1)
5/220.3 dSlQ

(s — 2)ds"

dP(s? > s"|Fi_
E[S?H(S?ZU%)‘ft_l] _O_g/ _ (St =8 ‘ t 1)d3/2

§/2 20.% dS,2

_ B [s81(63 2 o)\ Fit] — 03 B(s? 2 o3I Fi)

resulting in the following equality,

E [s71(s] > 03)|F—1] :/ P(s? > s%|Fi_1)ds?* + 03 P(s? > 05| Fi_1). (18)

25 2
s4>05

Using this equality, we extend the as follows,

5 U% <E [5?]1(0% > 8? > 0’%)|]~"t,1] + /2 , P(sf > 52|}"t,1)d52 + a% ]P’(s? > U%|ft,1)
$2>05

IN

O'% E []1(0% > 8? > U%)|ft_1] + /2 , ]P’(S? > Sz‘ft_l)dSQ + U% P(s% > U%‘ft_l)
s2>0.

< 03 E[E|Fia] + /2> P(si > 5°|F1)ds” + 05 P(si > 03| Fi). (19)

Rearranging this inequality, we have,

~2
UTw —of - f32>02 P(s; > s*|Fi—1)ds® — 05 P(s7 > 03| Fi-1)
E [Et|ft_1] 2
03
52 o3
% =2 [25,52 0xp(527 )ds? — 203 exp(527)
> o2
_ o2 2
. % — 0% — 452 exp( ) — 203 eXP(faﬁ)
> U%
52 o2 —o32
Su — 455(1 + 325) exp(557)
D) 01 252 252
_ = (20)

The inequality in holds for any o3 < o3, therefore, the stated lower-bound on E [E}|F;_1] in
the main statement holds.

O
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For the choices of o7 and o3 that makes right hand side of , let ¢, denote the right hand side

%1521+ 2 exp(54)
ERE 202/ P\ %52
of (16)), ¢, = p = v,

T

2 where v € R4 g any unit vector. Let E; be an indicator mndom
variable that equal 1 if 52 > 03 /4 and O otherwise. Then, there exist a positive pair o2, and o3, and
a constant ¢, > 0, such that E [Et]}"t_l] > cp > 0.

Lemma C.2. Consider Et =

Proof. Using the Lemma we know that for s; = v'&, we have |s;] > o with a non-zero
probability c,. On the other hand, we have that,

St = 'UTZt = UTét + UT]E [Zt‘.Ft_ﬂ = S + ’UTE [Zt|ft_1]

Therefore, we have, |5 = |st +o E [zt|]:t,1]’. Using this equality, if }UT}E [zt|.7:t,1]‘ < 01/2, since
|st] > o1 with probability ¢,, we have |5;| > 01/2 with probability c,.

In the following, we consider the case where }UTE [zt|]-"t_1]‘ > 01/2. For a constant o3, using a
similar derivation as in and , we have

E [3?|-7:t—1] =E [s?]l(ag <8 < O)|.7:t_1] +E [s?]l(ag > 5 > O)|]:t_1] +E [s?]l(s? > U%)]}} 1]
o2

2
=E [sf]l(ag < st < 0)|Feo1] +E [8?]1(03 > s > 0)|Feo1] + 4621 + b )exp( 2)

252 20

Using the lower bound in the variance results in,

~2 2 2
o _ o —0
?w <E [ 1(o3 < s¢ < 0)|F— 1] +E [St]l(O"g, > 5 > 0)\]-},1] +45%(1 + ﬁ)exp(ﬁ)

Therefore,

Toy -2 3 —a3 2 2

5 45;(1 + @)eXp( 552 ) SE[s{1(o3 < s¢ < 0)|Fs—1] + E [s{L(o5 > ¢ > 0)| F—1 ]

§2 §2

0'% (E|: g]l( U3<3t<0)‘Ft 1:| +E|: t2 (O'3>St>0)’ft_1:|>
03 03

<o? <IE: [‘jt’ﬂ( o3 < 8¢ < 0)|F— 1] +E [ 1(o3 > s > 0)|]:t1]>
3 03

(21)

Note the for a large enough o3, the second term on the left hand side vanishes. Since we have
E [s¢|Fi—1] = 0, we write the following, to further analyze the right hand side of ,

E [St|ft71} =K [St]l(St < O)’]:tfl] +E [stﬂ(st > 0)|ft71] =0
—E [|St|1(8t < 0)‘]:1571] =E [st]l(st > 0)|]:t71]
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Note that, since s; is sub-Gaussian variable, and has bounded away from zero variance, we have
E[1(s; < 0)|Fi—1] + E[L(st > 0)|Fi—1] is bounded away from zero. We write this equality as follows:

E[|si|1(—03 < st < 0)|Fye1] + E[|se|L(s¢ < —03)|Fi—1]
=E [s;1(o3 > st > 0)|Fp—1] + E[s:1(s¢ > 03)|Fi—1]

With rearranging this equality, and upper bounding the first term on the left hand side, we have

E[|si|1(—03 < st < 0)|Fi—1] < E[sil(o3 > sy > 0)|Fi—1] + E [s¢1(s¢ > 03)| Fe—1]
2
3

<E [8,5]1(0’3 > St > O)‘]:tfﬂ + 5‘3 exp(_

=22 (22)

similarly we have

2
%) (23)

E[s;1(03 > s¢ > 0)|Fr_1] < E[|se|1(—03 < st < 0)|Fp_1] + 2 exp( 552

Using the inequality on the right hand side of , we have

<E
2 —
03

_o o2 o2

% — 45 (1 + 525) exp(o8)

2 257 297 [| t| 1(—03 < st < 0)|F— 1]+E[ 1(o3 > 5t > 0)|Fr—1
o3

g3

252

<2E |:j_t]l(0'3 > 5 > 0)|]-'t1} + &2 exp(
3

2
—0
< 2E []1(03 > St > 0)’.715_1] + 53 exp( 25’23)

v
_032))

< 2R [1(s; > 0)|F;_1] + 72 exp( 952

Similarly, using on the right hand side of we have

% — 4521+ ) exp(5%)

<E @1(—03 <5 < 0)|th—1] +E {j_tﬂ(ffs > st > 0)|F-1
3

o3 o3
2 —o3
<2E[1(s¢ < 0)|F—1] + 7; exp( 552 )
Therefore, it results in the two following lower bounds,
5.2 _9 2 2
% 4521+ Zr) exp(52) 52
2 v 25 2 ~2 g3
E[1L 0)|Fi— v 05
[1(s0 < 0)|Fi-a] 2 Z 7 exp(503)
% — 4021+ ) exp(55) 2
L — 45 exp( =2 _
E[L(s; > 0)|Fi_y] > — 2 %L 0552 exp(—=2) (24)
203 205
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Choosing o3 sufficiently large results in the right hand sides in inequalities (24]) to be positive and
bounded away form zero. Let cg > () denote the right hand sides in the . We use this fact to
analyze 5; when ‘UTE [zt|.7-'t,1H > 01/2.

When v"E [z|F_1] > 01/2, since probability ¢}, s; is positive, therefore, |5 > 01/2 with
probability ¢;. When v E [2|Fi_1] < —01/2, since probability cp, 5t is negative, therefore, |5, >
01/2 with probability cj.

Therefore, overall, with probability ¢, := min{c,, ¢, }, we have that [5;| > 01/2, resulting in the
statement of the lemma.

O

Lemma C.3 (Persistence of Excitation During the Extra Exploration). When the exploration
duration T,, > % 1og(12/6), then with probability at least 1 — &, ExpOPT has
P

)\min(VTw) > U,%Tw)

9 o 0.2
for oz = 1161 .
Proof. Let U, = E; — E; [Et\]:t_l] . Then U; is a martingale difference sequence with |Uy| < 1.

Applying Azuma’s inequality, we have that with probability at least 1 — ¢

o / 1
ZUt > — 2Twlog5
t=1

Using the Lemma[C.2] we have

Tw Tw 1
D B> Y B [Ey|Fin] -y 2T0log
t t
/ 1
> Ty — 1) 2T log 5

where for To, > 8log(1/6)/c/2, we have ZtT’” E, > %”Tw. Now, for any unit vector v, define 5 = v ' 2,
therefore from the definition of E}; we have,

T
v Vv = ZE? > Eio?/4 >
t

/ 2
CpO1

8

Ty

This inequality hold for a given v. In the following we show a similar inequality for all v
together. Similar to the Theorem 20 in |[Cohen et al., 2019], consider a 1/4-net of S"*4=1 N(1/4)
and set My, = {Viﬂlﬂv/HV:EUl/ZvH :v € N(1/4)}. These two sets have at most 12"F4~1 members.
Using union bound over members of this set, when T, > %((n + d) + log(1/6)), we have that

/2
CpO7

v Vv > <Ly for all v € My, with a probability at least 1 — 4. Using the definition of members

in Mr,, for each v € N(1/4), we have vV v < 7 5’,02. Let v, denote the eigenvector of the
w wepPl

largest eigenvalue of VT;1’ and a vector v' € N(1/4) such that ||v, —v'|| < 1/4. Then we have

||V;1H = U;Viul’l)n = U’TVT_wlv/ + (v — v')TVTjul (zn + ")

/ —1 /
< T 0'% + Hv" —-v HHVU, HHZn + v H < Toc

— + IV 1/2
P P

2
01
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Rearranging, we get that ||V < 28 Therefore, the advertised bound holds for T;, >

Twc;)af :

25((n + d) + log(1/6)) with probability at least 1 — 4. O
D

D System Identification and Confidence Set Construction, Proof
Lemma [4.7]

To have completeness, for the proof of Lemma [4.1 we first provide the proof for confidence set
construction borrowed from |Abbasi-Yadkori and Szepesvari| [2011], since Lemma builds upon
this confidence set construction.

Proof. Define ©] = [A, B] and z = [z u/ ]T. The system in can be characterized equivalently
as
_oT
Tpy1 = O, 24 + wy

Given a single input-output trajectory {x, ut}thl, one can rewrite the input-output relationship

as,
Xr = Z7O. + Wr (25)
for
[zl ] [ 2] [ w ]
2 2 wy
Xp=| + |[eRP" zZp=| + | R0 wp=| = | eRT"  (26)
T T T
Tr_q Ar—1 Wr_1
BEZN B [ wp

Then, we estimate O, by solving the following least square problem,
Or = argmin || X7 — Zr X ||5 + M| X7
= (Z} Zp + M) 71 2} Xr

= (Z3 Zp + X)X 2L Wy + (24 Zp + M) 21 20O, + N 23 Zp + M) 710, — N(Z] Zp + M) 71O,
= (Z3 Zp+ M) Y2 W 4+ 0, — N(Z] Zp + M) 'O,

The confidence set is obtained using the expression for Or and subgaussianity of the wy,

| Te((O7 — ©.) " X)| = | Te(W4 Zp(Z3 Zp + M) 71X) = ATe(0] (2] Zp + M) 71 X))
< |\ Te(Wi Zp(Z4 Zp + M) 72X)| 4+ A Te(O] (Z4 Zy + M) 7LX))|

< JT(XT(Z] Zr + \D)X) Te(Wil 20 (27 2 + \D) A 21 W)

+ MW T (X T (2] 2+ A1) X) TH(©] (2] Zr +AI)16.), 27)

= /(X T (2] Zr +AD)1X) [\/Tr(W;ZT(ZYTZTJr)\I)1Z¥WT)+)\\/Tr(®I(ZYTZT+)\I)1@*)
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where (27) follows from | Tr(AT BC)| < \/Tr(ATBA) Tr(CTBC) for square positive definite B due
to Cauchy Schwarz (weighted inner-product). For X = (Z]. Zr + X )(O7 — ©..), we get

\/Tr Or—0.)T(Z] Zr+ ) (07— <\/Tr W Zp(Z] Zr+ X)L ZE Wr)+V A/ Te(0] 6.

Let Sy = ZF}—WT e RO+ and s, denote the columns of it. Also, let Vp = (Z;EZT + AI).
Thus,

Te(Wi Zp (21 Zp + X)L 2L Wr) = Te(S} Vi ' Sr) = ZTV si = ZHSZ-H?_I. (28)
) T

Notice that s; = Zf 1 wj,iz; where wj;; is the ¢’th element of w;. From Assumption . we have

that wj; is oy-subgaussian, thus we can use Theorem [5| I to show that,

(29)

det (V)2 det(\T)~1/2
Te(W Zp(Z3 Zp + M) 22 W) < 2no?, log( et (Vr) 56 () .

with probability 1 —§. From Assumptions or we also have that 1/Tr(0]0,) < S. Combining
these gives the self-normalized confidence set or the model estimate:

2

. . det (V)2 det(A)—1/2
Tr((0p — @*)TVT(@T —0,)) < | ow,y|2nlog ( et (Vi) 5 et(A]) > +VAS (30)
Notice that we have Tr((O7 — ©.) TV (Or — 6.,)) > Amin (V) ||O7 — O.||%. Therefore,
. 1 det (V)Y2 det(A)—1/2
167 — O4ll2 € ———x [ 0w, | 2nl0g +V\S (31)
)\min(VT) 6

To complete the proof, we need a lower bound on Ayin (V7). Using Lemma we obtain the
following with probability at least 1 — 20:

A 1 det ([/T)l/2 det(AI)~1/2
Or, — Oull2 < —— | 0w
1O, 2 < T, Owy | 2nlog ( 5 + VS

From Lemma [4.2| for both controllable and stabilizable systems, for ¢t < T, we have that ||z <
c(n + d)"*? with probability at least 1 — 24, for some constant ¢. Combining this with Lemma

A Ke 1 (ow T (14£2)(n+d)2(n+d 1
— < = — — .
|971,— Okll2 < NN \/n(n+d) log<1—|— Nt d) +2nlog(5+\F)\S (32)

O
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E Boundedness of States, Proof of Lemma |4.2

In this section, we will provide bounds on states for controllable and stabilizable systems with and
without additional exploration. First define the following. For controllable systems, let

4(1 4 K)?K2

o=~y

such that for T, > T, we have ||©7, — 0,2 <
stabilizable systems, let

2(11;4_1) with probability at least 1 — 24. Similarly for

&2

Ts = - =
min{a2nD/Cy, e}
such that for T,, > Ty, we have ||Or, — O.|l2 < min{\/32nD/Cy, e} with probability at least
1 — 26. Notice that due to Lemma and as shown in the following section for controllability,
these guarantee the stability of the closed-loop dynamics for deploying optimistic controller for the
remaining part of ExpOPT.

E.1 Controllable System

In this section we will first recall the boundedness of state result from [Abbasi-Yadkori and Szepesvari
[2011]. Since our input is u; = K((:)t,l)xt + v for t < T, and u; = K((:)tfl):nt for t > T, we will
first include the effect of additional uniform exploration in the bound of the state. Then we will
provide a new stability analysis for the states at t > T,.

t<T.:
Choose an error probability, 6 > 0. The following events are modified from [Abbasi-Yadkori and
Szepesvari [2011]. In the probability space Q:

e The event that the confidence sets hold for s =0,...,T,

E={weQ:Vs<T, ©O,€eCs)}

e The event that the state vector stays “small” for s = 0,..., T,

F={weQ Vs < Ty, ol < o}

where

1 n n+d
S

"17211 ICEE) nl
GZ; Bi(0) 20+ D) + (|| Bil|oy + o)1/ 2n log 5

-7 \T
» = max (17 sup 4. + B*K(@>H> C Zr= mex
1/(n+d+1
o (280t d)a e g 1
JU ’ H' %7 1gntd2max (1, S2(ntd-2))
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and H is any number satisfying

452 M2
(n+d)Uy

<aw\/n(n +d) log (%) + )\1/2S>
) , where M = sup .

H > max (16, sup %

Notice that & 2 & O ... DO &r and ]-'1[6] 2 .7-"2[0] D...D ]-"[ch. This means considering the
probability of last event is sufficient in lower bounding all event happening simultaneously. In|Abbasi;
Yadkori and Szepesvari| [2011], an argument regarding projection onto subspaces is constructed to
show that the norm of the state is well-controlled except n + d times at most in any horizon 7. The
set of time steps that is not well-controlled are denoted as T;. The given lemma shows how well
controlled ||(©, — ©;) T ]| is besides T;.

Lemma E.1 (Abbasi-Yadkori and Szepesvari| [2011]). We have that for any 0 <t < T,

n+d

< GZ 5u(5/4) T,

max

(@* - és)TZS
s<t,s¢T:

Building upon this result we will bound the state during the exploration phase. This bound
follows the proof of Lemma 4 in |Abbasi-Yadkori and Szepesvari, 2011]. One can write the state
update as

Tep1 = Dy + 1y

where
I — Ai g+ BtANK((:)tfl) t¢Tr and 1 — (0, — (:)t_l)th + B +w t¢Tr
¢ A* + B*K(Qtfl) t e 7} ! By +wy te 7}
(33)
Thus, using the fact that zg = 0, we can obtain the following roll out for z;,

o =Ty qxey +rm1 =T Teoxp—o +1e—2) + 14
=l ol sz 3+ T 1lory o+ Tiqri—1 + 1
=Tl Ty + -+ Tealeorp o + Tioame1 + 14

t t—1
=> ( rs> ) (34)
k

k=1 \s=

Recall the following expressions,

> .+ B.K(€
n_rtnga:,chA + B.K(6y)

- Tz max| (4 + BK(©) .

Using these, we have that

t
n+d
) Z Ti—k+1 ”TkH

k=1

< 1 n n-+d
o () e el

AN
—
R

o] <
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We have that ||| < H(@* - (:)k_l)TzkH + || Buvys + wy|| when k ¢ T, and ||rx|| = || Bavi + w]

otherwise. Hence,

max ||rg]| < max
k<t

0, -0, )7 H B
Qo (©4 — Op_1) ' 2 +I£g§<|| Uk + wg|

The first term is bounded by the Lemmal[E.I} The second term involves summation of independent
| B«|low and oy, subgaussian vectors. Using Lemma |[[.2| with a union bound argument, for all k < ¢,

| Bsviy + wi|| < (|| Bxllow + ow)y/2nlog & with probability at least 1 — 8. Therefore, on the event of

3
1 n\ntd n+d 1 nt
< — [ L n+d 2(n+d+1) -

lodll < == ()" | G2+ Buo) T +WBNmerMﬂnbg5] (35)

for t < T,,. Using union bound, we can deduce that Ep N .7-"7[?8] holds with probability at least 1 — 24.
Notice that this bound depends on Z; and (;(¢) which in turn depends on z;. Using Lemma 5 of
Abbasi-Yadkori and Szepesvari| [2011], one can obtain the following bound

el < ¢/ (n + d)" . (36)

for some large enough constant ¢’

t>T.:
Recall that once t > T, the controller stops using the exploratory component 4. Thus, the state
has the following dynamics,

Tir1 = (Ay + B.K(0;_ 1))z + wy
= <A* — Ay 1+ A+ B.K(0;_1) — B;_1K(©;1) + BtflK(étfl)) Ty + wy. (37)

Hence, it propagates according to the linear system given in equation with closed loop dynamics
M; = (A* — A g+ (By — Bt,l)K((:)t,l) + A1+ Bt,lK((:)t,l)) driven by the process w; with
xT, as the initial state. With the Assumption for the given T, if the event of £ holds, we have
IM¢|| < ¥ < 1 for all ¢ > T,.. Then for t > T,

t t t—1
|zl = || ] Mizr, + > (H M) w; (38)
1=Tc+1 i=Te+1 \s=i
1+71\" T L1\
< | — , -
<(55) temt pax el | (5 (39)
i=T.+1
1+71\" " 2
< (== - : 4
<(555) heml 2 g, (40)

Using Lemma [[.2| with a union bound argument, we get ||w;|| < oy+/2nlog(n(t — T;)/8) with
probability 1 — ¢, for all ¢ > T,.. Using , for all T' > t > T,, with probability 1 — 34,

25



20, T-T) (1+71T\""
||| < 0 GT\/2nlog n( 5 ) +< —; > d(n+dy"? (41)

Xs

Notice that for ¢ > T, + (n+d) log(ntjg)Hf g(c))—log(Xs) . T, the second term in 1| is equal to X
+7
which is the same as if the noise is driving the stable system starting at an initial state g = 0, i.e.

the effect of unstable controllers during the exploration is removed. Therefore, for all T' >t > T;. .

n(T—T.)

we have |a¢]] < 2Xs = f‘j—’if 2nlog ———=.

E.2 Stabilizable System

Notice that Lemma [E.I] does not depend on controllability or the stabilizability of the system. Thus,
we will again use Lemma [E.I] for all 1 <¢ < T for the variant of ExpOPT that deploys only OFU
principle and for ¢ < T, for the variant of ExpOprT with additional exploration. Then we consider
the effect of stabilizing controller for the additional exploration variant of ExpOPT in stabilizable
systems.

Recall the following events in the probability space :

e The event that the confidence sets hold for s =0,...,T,

E={weQ:Vs<T, ©,eC0)}

e The event that the state vector stays “small” for s = 0,..., Ty,

F = fw e Q:Vs < Tw,  |zsll < ar}
where
— 18%3 —n+d

T . nt
ay = mﬁ GZ;" 1 By (8) 20+ a0 + (|| Byllow + o)y / 2nlog 6] ,

for 7 defined in and the rest are the same with controllable setting.

ExpOprT with only OFU: Following similarly with the controllable system, we have the same
state update in and same roll out for x; in . However, the controller is optimistically designed
from set of parameters are (k,y)-strongly stabilizable by their optimal controllers. Therefore, we
now have
7] > max HA* + B*K((:)t)
t<T

> A, + BiK(©,)) .
, 1 7_1%%2(p<At+BtK(@t)> (42)

During the exploration phase, since the estimates of © are not refined enough, the closed loop
matrix is not stable. In order to have the previous proof go through, we need to satisfy that the
epochs that we use a particular optimistic controller is long enough that the state doesn’t scale too
badly during the exploration. By choosing Hy = 27~ !log(2kv/2), adopting Lemma 39 of |Cassel
et al.| [2020], we guarantee that

nt
)

n+d

18k 14 s T
GZ T By(8) 2+ + (|| By||oy + o)y /20 log

y@8r—1)"

o] <
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Again using Lemma 5 of |Abbasi-Yadkori and Szepesvari [2011], one can obtain the following
bound
22l < ¢ (n + d)"*e. (43)

for some large enough constant .

ExpOprT with additional exploration: The bound for ¢ < T, follows exactly from previous
section. We know consider the state after T,,. Since once t > T,,, the controller stops using the
exploratory component v, the state follows the dynamics of

241 = (Ai + BuK (©4-1))w + wy (44)

Similar to controllable setting, denote Mg = A, + B, K (©,_;) as the closed loop dynamics of the
system. From the choice of T for the stabilizable systems, we have that Mg is (kv/2, v/2)-strongly
stable. Thus, we have p(M¢) <1 — '7/2 for all t > Ty and ||Hy||||H; || < kv/2 for Hy > 0, such that
|L¢|| <1 —~/2 for My = H;L;H;'. Then for T >t > Ty, if the same policy, M is applied starting
from state z7,, we have

t t t—1
el = || J] Mar, + > (Hm> w; (45)
i=Ts+1 i=Ts+1 s=1
t
_ T, , _ t—it1
< V21— /2 T, |+ s, o] (‘z V31— 7/2) ) (46)
i=Ts+1
204,V 2
< kV3(1 = 7/2) T lar.| + ”",yfﬁn gt —T0)/9) (47)

Note that Hy = 2y~ log(2xv/2). This gives that sv/2(1 —v/2)H0 < 1/2. Therefore, at the end of
each controller period the effect of previous state is halved. Using this fact, at the ith policy change
after Ty, we get

2K0y
fonl < 2 an | + 3" 2925 fmnlog C—T/

7=0

<27 g || + W\/%log(n(t ~T)/9)

For all i > (n + d)log(n +d) — log(w\/Zn log(n(t —Ts)/d)), at policy change i, we get

< Wﬂnmg(n(t —T/9).

Finally, from , we have that

1262 + 2kV/2 Ow
el < ¢ )% | fomTogin

- T15)/9), (48)

for all t > T} s where

T, =T, + <<n + d)log(n + d) - log<2"";’fﬁ¢2n log(n(t - Ts>/5>>> Hy
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F Regret Decomposition

ExpOpPT without Additional Exploration The regret of ExpOPT using only OFU yields the
same regret decomposition in Section 4.2 of |Abbasi- Yadkori and Szepesvari [2011], since the underlying
system dynamics is the same. Let J.(O,,w;) denote the optimal average expected cost of an LQR,
[s]

O, with w; disturbances obtained by its optimal controller. Therefore, under the event &r N F7,
ExpOprT without additional exploration, we have

for

M~

RecrET(T) = (x,Tth n u,TRut) —TJ.(Ou,w;) < Ri — Ry — Ry + 2VT
=0
where
T ~
= Z { @t 1)xy — E [$Z—+1P(@t)33t+1‘ft—1} } (49)
t=
T ~ ~
Ry = ZIE [x;l (P(@tq) - P(@t)) $t+1|]‘—t—1} (50)
=0

|
M=

_ 3 T _ _ s
{(At—NCt + Bt—lut> P(©;-1) <At—19€t + Bt—lut) — (Auxp + Boug) ' P(O4 1) (Auzy + B*ut)} :

t=0

(51)

ExpOPT with Additional Exploration (Controllable or Stabilizable) Since for the addi-

tional exploration ExpOPT applies independent external perturbation through the controller but still

designs the optimistic controller (optimal controller for the optimistically chosen system), one can

consider the external perturbation as a component of the underlying system and consider the regret
obtained by using the external perturbation separately.

Denote the system evolution noise at time ¢ as (4. For ¢t < T,,, during the additional exploration,
system evolution noise can be considered as (; = B, Ve + wy and for t > T, ( = w;. Denote
the optimal average cost of system © under (; as J, (0,¢t). The regret of the algorithm can be
decomposed as follows:

!

REGRET(T) = (;cj Qzy + u) Ruy + 20 Rug + v, Rut) —TJ(O,,w) (52)
t=0

where uy is the optimal controller input for the optimistic system ©;_1, v is the noise injected and
x¢ is the state of the system ©;_; with the system evolution noise of (;. From Bellman optimality
equations for LQR, [Bertsekas, |1995], we can write the following for any LQR,

Jo(©4-1,) + 2/ P(O1-1)xs = ) Quy + v Ruy
~ ~ T ~ ~ ~
+E [(At—lﬂft + Bi—jut + Ct) P(©¢1) (At—lxt + Bi—jut + Ct) ‘Ft—l] ;
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where we considered the optimistic system, Os_1. Following the decomposition used in without
additional exploration, we get,

Jo(©1-1,C) + 1/ P(Or—1)xy
- ) . ] ] ;
= xtTQ:):t + utTRut +E <At_1xt + Bt—lut) P(O:-1) (At—NUt 4 Bt—l“t) |}—t_1

+E :gjp(ét_l)qft_l}

T 5 T _ N
= o/ Quy+u/ Ruy + E <At—1$t + Bt—lut) P(6¢-1) (At—1$t + Bt—1ut> | Fi—1

+E |21 P(Or-1)ae4 ‘}—t—l} —E {(A*wt + Bouy) " P(O1-1) (Awae + Bawy) ‘.7'}—1]

= x;rQiL‘t + U:Rut +E z;lp(ét,1)$t+1 ’./T‘.tfl}
_ . T . _ - -
+ (At—lxt + Bt—lut) P(©:_1) (At—lwt + Bt—1ut> — (Awzs + Bowy) ' P(6;_1) (A + Bauy)

where in the one before the last equality we use xy41 = Asxy + Bius + (¢ and the martingale property
of the noise. Hence,

T T
S L0+ RE=Y (a:;ert—i—u:Rut) + RS + RS
=0 =0
where T
R% = Z {x?P(ét,l)xt —-E |:$;:_1P((:)t)$t+1‘ftfl] } (53)
=0
T ~ ~
el (P @) g
=0

T _ _ T _ ~ _
Rg = Z { (At—ll’t + Bt—lut> P(©¢-1) (At—lxt + Bt—1Ut> — (A + B*Ut)T P(©i-1) (Avzy + B*ut)}
t=0
(55)

Therefore, on &7 N fq[fj or &r NF, q[fc] ,

T T

3 (xtTth + utTRut> =" Ju(O4-1,G) + RS — RS — RS
t=0 t=0
Tw

M=

<a3 Tr(P((:)t_l)B*BI)> + (&3, Tr(P((:)t_l))) + RS — RS — RS

it
o

t

Il
=)

where the last equality follows from the fact that, J.(0;_1,¢) = Tr(P(©;_1)W) where W =
[CtCt | Fi—1] for a Correspondlng filtration ;. The optimistic choice of ©; provides that 52 Tr(P(0;_1)) =
Jo(©1_1,w3) < Ju(O4,w;) = 52 Tr(P(0,)). Thus we get,
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T
Z (a:;rQa:t + u;—Rut) —TJ.(Ox,w) < T [ ax {03 Tr(P((:)t,l)B*B;r)} + R§ — Rg - Rg
t=0 -

Combining this with and Assumption or ,

Tw
REGRET(T) < 02T, D||Bll3 + > (QVJ Rug + v} Rut> + RS — RS - RS,
t=0

In the next section, we will bound each term individually.

G Regret Analysis

In this section, we provide the bounds on each term in regret decomposition for both with and
without additional exploration. Notice that ExpOprT without additional exploration in stabilizable
setting yields the same regret decomposition with Abbasi-Yadkori and Szepesvari [2011] and the
bound on the state throughout the algorithm is again ¢/(n + d)"*9. Therefore, the main difference
compared to OFULQ which is tailored for controllable systems is the update rule due to maintaining
boundedness of states in stabilizable setting. This reflects its’ effect on Ra and Rj regret
terms and the analysis of R; in |Abbasi-Yadkori and Szepesvari [2011] directly applies.

For additional exploration in LQRs, the update rule is still doubling of the determinant of
regularized design matrix, thus the additional regret of exploration and the benefit of stabilization
in regret are considered.

G.1 Regret of ExpOrT without additional exploration in stabilizable LQRs
G.1.1 Bounding R;

The following lemma from |Abbasi-Yadkori and Szepesvari [2011] bounds R; with high probability.

Lemma G.1 (R1 in[Abbasi-Yadkori and Szepesvari| [2011]). Let Ry be as defined by (49). With
probability at least 1 — §/2, under the event of Ep N .7-"7[2],

8
Ry < 2DW?/2T log 5t n+/Bs.r,
where W = oy,4/2nlog(8nT'/0) and

Bsr, = (14 TD2S*(n + d)>"9 (1 4 k%)) log (4; \/1 + TD252(n + d)2(n+d) (1 + /432)>

G.1.2 Bounding |Rs]

This term can be bounded by showing that ExpOpT rarely changes policy and besides policy change
instances all the terms are 0.
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Lemma G.2 (Number of Policy Changes in Stabilizable LQR without additional exploration). On
the event of Er N .7:7[?5], i a stabilizable LQR, ExPOPT without additional exploration changes the
policy at most

min {T/HO, (n + d) log, <1 4 T d)Q(n;d)(l T HQ)) } (56)

Proof. Changing policy K times up to time T requires det(Vz) > A"t42K We also have that

T—1
Amax (V1) < A+ Z 2|2 < XA+ T(n + d)* "D (1 + &2)
t=0

Thus, A"192K < (X + T'(n + d)>+9 (1 4 £2))"*4. Solving for K gives

2(n+d) 2
KS(n+d)log2<1+T(n+d) (1+I{)>.

A

Moreover, the number of policy changes is also controlled by the lower bound Hy on the duration
of each controller. This policy update method would give at most 7'/ Hy policy changes. Since for
the policy update, ExpOPT requires both conditions to be met, the upper bound on the number of
policy changes is minimum of these. O

Lemma G.3 (Bounding Rs). Let Rs be as defined by (@) Under the event of Ep N .7-"7[295], we have

|Ry| < 2D(n + d)2 )+ og (1 n T(n + d)2+d) (1 + K2)>
- A

Proof. Each non-zero term in the summation of Ry is bounded by 2D(n 4 d)?**%9). Using Lemma
[G2) as the upper bound on the number of changes we get the result. O
G.1.3 Bounding |R3]

The proofs in this section are adapted from |Abbasi-Yadkori and Szepesvari [2011]. First consider
the following lemma.

Lemma G.4. On the event of ET N .7-"[88], i a stabilizable LQR, the following holds,

T
Z 1(8+—6;) Tz [|* <8max{ 2, <1+

t=0

(1+K2)(n+d)2n+d) H“lﬁ%(a)(uﬁ)(md)?(wl det (V)
) I ) Og(det(AI))

Proof. Let s; = (O, — ét)th and 7 <t be the time step that the last policy change happened. We
have the following using triangle inequality,

l[stll < [[(©« — é)t)TZtH + ”(ét - ét)TZtH~
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For all © € C-(J), we have

10 = 60 =l < [V,V*(© = &) |20] |y, (57)
det(V%)
< ||VM?e -6 At _ 58
V2720 = ©0lly oy el (58)
1+ 2 +d2(n+d) N
< max f\/ e+ d ) IV22(© = &0l (59)
1 2 d)2(n+d)
< max f\/ + ) “j ) ) B+ (8) 122l (60)

where follows from Cauchy-Schwarz, follows from Lemma 11 of |Abbasi-Yadkori and
Szepesvari| [2011]. For consider the following,

t

det(Vi)/det(Vy) = ] (1+ 1[Izl )-

1=7+1

ExPOPT has policy update when the determinant of the regularized design matrix is doubled and

Hj time steps has passed since the last update. Therefore this ratio is either 2 or it is upper
2 2(n+d)

bounded by HZ:ffl(l + HZZH?/;?I) < (1 4 (4w )(n)-\ﬁ-d) > , where we use the fact that Hz,\|2i_11 <

(1+ K2)(n + d)>"*+49 /X which gives (59). Finally at , we use the fact that Apax (M) < Tr(M)

for M > 0. Using this result, we obtain,

T ~
D 1(0x = 00) T z?
=0
Hy
(1+ k%) (n + d)**d) B2(5)(1 + k%) (n + d)>("*+d) det(Vr)
<
< 8maxy 2, (1 * h X log | Get(an)
where we use Lemma [[LT] O

Lemma G.5 (Bounding R3). Let R3 be as defined by . Under the event of Ep N ‘Fi[i]7 we have

n Ho
Ry < <1+ﬂ2><n+d>2<”+d>SD/3T<6>J e {27 <1 4 Lt dF +d)> } log (ji%)
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Proof.

2

|Rs| < ZT: “‘P(ét)l/zéjzt 2 Hp(ét)l/ze)jzt
=0

IN

T ) /2, ) 1/2
(35 (lr@orearal-[riaar=ora])’) (3, (froa=srs| | @rer-))
t=0 t=0

1/2

IN

P(6,)"? (ét - @*>T 2t

T N Y2/ 1 )
(> ) (3 (e or] + e or))
t=0 t=0

<J 8D max {2’ <1 n (1+ &2)(n+ d)2(n+d)>Ho} B2(8)(1 + K2)(n + d)2(n+d) log <det(VT))

A A det(\])

X \/4TD(1 + K2)(n + d)2(nt+d) G2

n Ho
<(1+ IQQ)(TL + d)Z(n—i—d)SDIBT((S)J % max {2’ <1 I 1+ /12)(TL/\+ d)2( +d)> }log <j§ii‘;§;>

< (1+ &%) (n+ d)> "D SDBr(8) x

32T (n + d) (14 K2)(n 4 d)2n+d)\ 7o T(n + d)2v+d) (1 + K2)
JAmaX{Z(l—i— \ ) }log<1+ AN+ d) >

G.1.4 Combining Terms for Final Regret Upper Bound
Proof of Theorem [1} Combining Lemmas [G.T], [G.3] and [G.5] we obtain the following,

REGRET(T) < Ry — Ry — R3 + 2VT
/E— 2(n+d) 2
SQDW2 2T10g§+n /857[{4+2D(n+d)2(n+d)+110g <1+T(n+d) : (1+H )) +2\/T

+ (14 k) (n+ d)>" DS DBr(5) x

J 32T (n+d) e {27 (1 n (1 + Kx2)(n + d)2(ntd) > Ho} log <1 N T(n + d)2n+d) (1 + ;@2))

A A A(n + d)

for W = o4yy/2nlog(8nT/§) and

Bsg, = (1+TD2S%(n + d)*™9(1 + £2)) log (4; \/1 +TD?5%(n + d)2(+d)(1 + /452)> :

This gives the advertised regret upper bound of ExpOPT for the stabilizable system without using
additional exploration.
O
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G.2 Direct Effect of Additional Exploration, Bounding Zf;”o (2VtT Ru; + v Rut)
in the event of & N }"q[fs] or &rN fg
The following result also holds for stabilizable setting since the state is upper bounded similar to the

controllable LQRs, i.e., ||z¢|| < ¢(n + d)"+? for t < T,,. Thus, we present the result for generic T,
and specialization to the settings can be obtained by picking 7. or T5.

Lemma G.6 (Direct Effect of Enforced Exploration on Regret). If Er N .7-"7[33 or&rN .F[ch] holds then
with probability at least 1 — 4,

T,

- 4dT,, 4
> <2VtTRut + ujRut) < do,\/Bs + d||R||o? (Tw + /Ty log — [log 5) (61)
t=0

where

Bs =8 (1 + T ||R|(n + d)2<"+d>) log ("f

1/2
(1 + Twr?| R|*(n + d)z(’”rd)) > :

Proof. Let ¢ = u, R. The first term can be written as

Tw d T
2 E E Qt,iVei = 2 qt,iVi
=0 i=1 i—1 t=0

Let M;; = ZZ:O Qk,iVki- By Theorem |5 on some event Gy, that holds with probability at least
1—4/(2d), for any t > 0,

" . 1/2
2d
MEZ < 202 (1 + Z qil) log 5 (1 + Z q,i)

On &r N .Fj[fs] or &r N figfc], lgk|l < &[|R||(n + d)"*, thus gx; < &||R||(n + d)"*9. Using union
bound we get, for probability at least 1 — g,

Tw
> 2] Ruy <
t=0

d\/sag (14 Twr? | RI(n + d)2+) log <45d (1+ Twr?||R|2(n + d)2<n+d>)1/2) (62)

Let W = o,4/2dlog %. Define ¥; = I/tTRVt —E [Vt—rRVtLFt_l] and its truncated version

Uy = Uilgy, <opwey-
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T
- 4
Pr <Z‘I’t > 2||R||[W?4/2T,, log 5) <
=1
Ty
Pr( max ¥, >2|R|W?) +Pr Z\i/t>2||RHW2\/2T logé
1<t<Tw P )

Using Lemma [[.2] with union bound and Theorem [f], summation of terms on the right hand side
is bounded by 6/2. Thus, with probability at least 1 —§/2,

T
v / 4
> v Ry < dT,02||R|| + 2| R|[W?y/ 2T, log 5 (63)

t=0

Combining and gives the statement of lemma for the regret of external exploration
noise.

O

G.3 Regret of ExpOrT with additional exploration in LQRs

G.3.1 Bounding Rg in the event of &r N ]:Y[i] or &N ]-'j[?c]

In this section, we state the bounds on R% for both controllable and stabilizable systems. We first
provide high probability bound on the system noise.

Lemma G.7 (Bounding sub-Gaussian vector). With probability 1—%, ¢kl < (ow+||Billow)y/2nlog 2L
for k <Ty and ||Ck|| < ow 2nlog¥ forTy, <k <T.

Proof. From the subgaussianity assumption, we have that for any index 1 < i < n and any time
k, lwi;l < owy/2log¥ and |(B.vg)i| < ||Billovy/2log 3 with probability 1 — g. Using the union
bound, we get the statement of lemma. O

Using this we state the bound on R§ for controllable systems.

Lemma G.8 (Bounding Rg for controllable LQR). Let RE be as defined by . Under the event
of Er N F[Cj, with probability at least 1 — &/2, for controllable LQR, for t > T, ., we have

Ry < kc,l(n + d)n+d(0'w + ||B ||GV YAV rclog n+ d)Tr,c/5>
+ k‘c,QO' n\/> \/ r c log t - /5)

Y-
+ kcgnaﬁ,\/T Tywlog(nT/8) + kean(ow + || Billow)* /T log(nT/6),

for some problem dependent coefficients k¢ 1, k2, ke3, kea.
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Proof. Assume that the event Er N ]-"[TCC] holds. Let f; = Azt + Byus. One can decompose R as

T
R = xOTP(C:)o)xo — x;JrlP(éTH)mTH + Z z; P(©y)z; — E {xtTP(ét)a:t‘}}_z}
t=1

Since P(Oy) is positive semidefinite and xg = 0, the first two terms are bounded above by zero. The
second term is decomposed as follows

T T T
Zﬁjp(ét)ﬂft—ﬂ‘z {x;rp(ét)xt‘}—t—2} = thT_1P(ét)Ct—1+Z (CtT_1P(ét)Ct—1 —E {C,:T_1P(ét)<t—1’ft—2}>
=1 =1 =1
Let Rt = >0y [ 1 P(©)¢1 and Rip = 1, (Cg—lp(ét)ft—l —-E {C)f—r—lptCt—l‘ft—2})~ Let

v = fttlp((:)t). R1,1 can be written as

T n n T
R1,1=§ g 'Ut—l,iCt—l,i:E E V—1,iCt—1,4-

t=1 i=1 i=1 t=1

Let M;; = 2221 Vi—1,iCk—1,i- By Theorem |5/ on some event G ; that holds with probability at least
1—49/(4n), for any ¢t > 0,

T.. Th. 1/2
: in :
2 2 2 2 2 2
My, <2(oy, + || Bel[7oy) [ 1+ E Vi1, | log 5 1+ E Vk—1,i
k=1 k=1
. " . 1/2
2 2 2
+20;, |1+ E Vi—1; | log 5 1+ g Vi1 for t > T, ..
k:Tr,c+1 k:Tr,c+1

Notice that ExpOPT stops additional exploration after ¢ = T, and the state starts decaying until
t = T,.. For simplicity of presentation we treat the time between T;, and 7). as exploration

sacrificing the tightness of the result. On &p N fig?j, vkl < DS(n + d)"t4/1+ K2 for k < T,
and ||vg]| < % W 2nlog@ for k > T,.. Thus, vr; < DS(n + d)""/1+ k2 and

Vg < M”lwfwf v1+"””2\/211 log @ respectively for k < T.. and k > T, . . Using union bound we
get, for probability at least 1 — g, for t > T,

Ry <ny/2(03 + | B.]202) (1 + T,,.D252(n + d)20+d(1 + 2)) x

\/log (45” (1 4 TT,CDQSQ(H 4 d)2(n+d)(1 + Hz))1/2>

no?

oo (Lrsn - 10050 1 o (M)

\/log <45" <1 +32(t — TT,C)D2S2(1T1§E)2(1 + 2) log <”(T(5_T)>>>
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Let Weap = (0w + || Bsllov)y/2nlog % and Whoezp = 0w/ 2nlog M. Define ¥; = CtT 1P(ét)Ct—1 —

[Ct 1P( £)Ce—1|Fi— 2} and its truncated version ¥, = \Ift]I{‘lj <opw2,, )} for t < T, and ¥; =

\I/t]I{‘l, <2DW2,..,} for ¢t > T, . Notice that Ry o = Et 1 Uy
qut>2D \/ 2T log + Pr Z U, > 2DW, \/2(T—Tw)log8
exp noewp §
t=Ty+1
< 2 2
<Pr <1ga)T( vy > 2DWexp> + Pr <Tw1+n1zix<T v > 2DWnoexp>
Z\I}t>2D \/2Tw log + Pr Z U, > 2DW, \/(T—T)log8
exrp o noe:):p w 5

By Lemma [[.2] with union bound and Theorem [6] summation of terms on the right hand side is
bounded by d/4. Thus, with probability at least 1 — ¢ /4, for t > Ty,

8 8nT 8§ 8T
Ris < 4nDo? 2(t—Tw)log510gnT+4nD(aw+ |Bullo)?y /2T log < log 7;‘5 .

Combining R;; and Ry 2 gives the statement. O

Recall from Lemma[£.2] the bound on the state in stabilizable system is similar to its controllable
counterpart in the additional exploration period. Similarly after stabilization the state is bounded as
||| < M\/ 2nlog(n(t — T)/9). Therefore, the same result for RS directly translates to
stabilizable setting with change of bounds on the states. We have the following bound in stabilizable
systems with additional exploration.

Lemma G.9 (Bounding R% for stabilizable LQR). Let R§ be as defined by (ﬂ/ Under the event
of Er N }'j[fj, with probability at least 1 — /2, for stabilizable LQR, for t > T, 5, we have

Ry < kg1(n+d)" oy + || Billow)ny/Trs log((n + d) T ¢ /5)
| Fea(126° 4 260V2) o et — 1))

+ ks 3no2\/T — Ty log(nT/5) + ks an(ow + || Bil|ow)*/ T log(nT /),

for some problem dependent coefficients ks 1,ks2,ks3, ks -

G.3.2 Bounding ]Rg\ on the event of &7 N .7-"7[21] or &N .7-"7[58]

In this section, we will bound |Rg\ for both controllable and stabilizable systems. This term is similar
to Ry analyzed in Appendix In a controllable LQR. policy change is governed only by the
determinant of regularized design matrix V;.
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Lemma G.10 (Number of Policy Changes in Controllable LQR with additional exploration). On
the event of Ep N Fj[fc], i a controllable LQR, EXPOPT with additional exploration changes the policy
at most

no? K2 n(T—T.
Tyl + AP0 (L4 52) 4+ (T — T, ) 21l o 1T T2)
A

(n+d)logy | 1+ (64)

Proof. Changing policy K times up to time T requires det(Vz) > A"+t92K. We also have that

T-1

n 32n02 (1 + K2 n(T — T,
Amax (V1) < A+ Z 262 < A+ Tro(n+ d)>"FD (1 + 62) + (T — Tp.) a _( )2 ) log ( 5 )
t=0
n+d

Thus, A"+d2K < (A + Ty o(n+ d)2H) (14 12) 4 (T — T, ) 2080l jog 20 Tc)) . Solv-

ing for K gives
Tr,c(n + d)2(n+d)(1 + 52) + (T o Tr,c) 3271?21('11‘;52) log n(T(S_TC)
K <(n+d)logy | 1+ 3
O

Similarly we have the following for stabilizable LQR.

Lemma G.11 (Number of Policy Changes in Stabilizable LQR with additional exploration). On

the event of ET N ]-"FE], in a stabilizable LQR, ExPOPT with additional exploration changes the policy
at most

2(n+d) 2 _ 2
- {T/HD’ (4 d) log, (1 AT+ d) (im )+ (T TT,S)XS)} (65)

where X = %\/Zn log(n(t — Ts)/9)

Proof. Changing policy K times up to time T requires det(Vy) > A"t92K . We also have that

T-1
Amax (V) S A+ D |22 < A+ Trs(n+ d)*F D (14 52) + (T — T, ) X2
t=0

Thus, A"T92K < (A4 T, 4(n + d)2 (1 4 K2) + (T — TT7S)X3)n+d. Solving for K gives

T. d 2(n+d) (1 2 T—T. X2
Ké(n+d)log2<1+ a(ntd) ( J;KH( X5
Moreover, the number of policy changes is also controlled by the lower bound Hy on the duration

of each controller. This policy update method would give at most 7'/ Hy policy changes. Since for
the policy update, EXPOPT requires both conditions to be met, the upper bound on the number of

policy changes is minimum of these. O

38



Notice that besides the policy change instances, all the terms in Rg are 0. Therefore, we have
the following results for controllable and stabilizable systems respectively.

Lemma G.12 (Bounding Rg for controllable LQR). Let Rg be as defined by . Under the event
of Er N ‘7:7[“03]7 for controllable LQR, we have

2(n+d) 2
|Ry| < 2D(n + d)>"F+ og, (1 n Tye(n+d) (1+k )>

A
32n02(1+k2) . n(T —T.)
2D w 1 d
! A-Tp 8 5 (ntdx
Troln -+ A2 (14 k2) 4 (T — Ty, ) 22700420 o 0T T

logy | 1+

A

Proof. On the event ngf’E]’ we know the maximum number of policy changes up to 7. . and 7" using

Lemma |G.10, Using the fact that ||2;|| < (n 4+ d)"*¥ for t < T, and |ja|| < f‘j—ﬂf 2nlog @,

we obtain the statement of the lemma.

Lemma G.13 (Bounding Rg for stabilizable LQR). Let Rg be as defined by . Under the event
of Er N .7:7[?5], for stabilizable LQR, we have

T, 2(n+d) (1 2
‘R2‘ < 2D(n_|_d)2(n+d)+1 10g2 <1+ , (n+d) S ( + K ))

A+ T d)2Fd) (1 4 g2) 4 (T — T, 5) X 2
+2DXs(n—|—d)log2<l+ + Tro(n+d) (A+”)+( ) X

where Xg = %\/Qn log(n(t —Ts)/0)

The proof follows the same with the controllable counterpart.

G.3.3 Bounding |R§| on the event of &7 N ]-'7[21] or &N ]:j[?c]

For Rg, we will first consider the controllable LQR. The following adapts the proof of |Abbasi-Yadkori
and Szepesvari [2011] to our setting.

Lemma G.14. On the event of ET N f[cc], in a controllable LQR, the following holds,

T

~ 1
> (0. —60) Tul? <
t=0

6(1 + K2)5%(0)
A

det (VTT,C )

TV 4 x2)
det(\) e o8

((n ) g det (Vi) )

det (VTr,c )

where X2 = 32"(‘;721(%;;”2) log n(TgT“)
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Proof. Let s = (O, — (:)t)th and 7 <t be the time step that the last policy change happened. We
have the following using triangle inequality,

st < 11(O« = ©1) T2l + (1O — ©1) " z]l-
For all © € C-(J), we have

[(© =60 2|l < V26 — &) 2]l (66)
A det(V4)
1/2/0 _ t

< IVZ72(0 = 80l | gy el (67)

< V2IVH2(O — 001zl (68)

<V28:(9)| 1zl (69)

where follows from Cauchy-Schwarz, follows from Lemma 11 of |Abbasi-Yadkori and
Szepesvari [2011]. We use the update rule for and finally at (69), we use the fact that
Amax(M) < Tr(M) for M > 0. Using this result, we obtain,

Tr.c 2\ 22 Tr.c
: - 8(1 + k*)Bz, (0) :
SO, =6 )2 < e (n 4 A S mind 231, 1}
A Vi
t=0 =0
16(1 + /-12)5%(5) 9 det(Vrp. )
< d)2(Fd) og ———Tel
= ) (n+d) & "qet(\)
S T2 S+ EDR0) 3202 (1+KY) . (T =T <~ . .
S 1. — 8 TalP < S T s M T minfll 1)
tZTnE t:Tr,c+1
2\ 22 2 2 _
< 16(1 4 £%)B7(6) 32n05 (1 + k%) log n(T —T,) log det(Vp) '
A (1—-17)2 ) det(Vz,.)
where we use Lemma [T in the last lines. O

The stabilizable counterpart follows similarly.

Lemma G.15. On the event of Er N .7:7[21], i a stabilizable LQR, the following holds,

T

2\ 32
;n«a* - @mztngwx

) det(N])

1+ k2)x2\ 7 det(Vy)
X2 2,1 (75 log ————
+ X max{ , ( + \ og det(VTm)

Hp
((n + d)2+ ) max { 2, <1 + (1 +r7)(n+d) > log det(Vr,,.)

where Xy = %\/Qn log(n(t —Ts)/6).
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Proof. Let s = (O, — (:)t)th and 7 <t be the time step that the last policy change happened. We
have the following using triangle inequality,

st < 11(8x = ©1) "2l + [1(©r — ©1) "

For all © € C-(9), for T < T, 5, we have

10 =60 =l < [V,*(© = &)1/l (70)
A det(V%)
< VYo - - 1
1+ k2)(n + d)2(n+d)\ Ho .
< max{ V2, \/<1 IR )(”A ) ) V22O = &nlllzelly-  (72)
1 2 d)2(n+a)\ Ho
< max ﬂ\/ <1+( He)lntd ) B ()24l . (73)

Similarly, for for all © € C;(9), for 7 > T, 5, we have

. 2\ y2\ Ho
1(© — 6y) T2 < max ] V2, \/(1 + W) Br (02t ]l

Using these results, we obtain,

T

p[CHECAREA

t=0

< 8max { 2, <1+

+ $max {2, 1+ <1+>X>H} OO, (Al )

(14 K2)(n + A2+ | B2(5)(1 + £2)(n + )2+ /det(Vr,,)
A y ( det(M) )

X X\ det(Vz, )
where we use Lemma [[L1] O

Remark 1. Here, we provide another lemma which bounds the quantity in Lemma [G-15 more
tightly using the system properties and assumptions. Note that Lemma[G.15 is more general. After
stabilization, updating the policy in doubling epochs, instead of doubling of determinant of reqularized
design matriz, would remove the dependency on Hy in Lemmafor t > T, s, by using the fact
that ||©, — O] = O(1/V1).

Lemma G.16. On the event of ET N ]i}ss], in a stabilizable LQR, let the ExPOPT update its policy
in doubling epochs after stabilizing the system where the base epoch length is T s, i.e., after time-step
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T}, first controller is applied for T, s time steps, second controller is applied for 2T, s time steps, so
on. Then the following holds for this new update rule,

T
D104 = 60) Tz* < w2(1 + 1) X2 log(T)
t=0

for X, = Q2220w o Tog(n(t — T3)/0).

Proof. Let s = (O, — (:)t)th and 7 <t be the time step that the last policy change happened. We
have the following using triangle inequality,

Isell < 110w — O0) T2l + [1(61 — ©1) " 4]|.
For all © € C-(9), for 7 > T, 5, we have

1(© = ©0) "zt < [[(© — ©4)|]12]

< fe 112X,
VT

Let 7+ denote the time step that last policy change occured before time t. Using the new update
rule we obtain,

T T
>0~ BTt < 3 4t
t:Tr,s tZTr,S Tt
2 2y 2 2 2y 2
1 X 1 X
<T, S4w + 2T, S4M +
’ Tr,s ’ 2Tr,s

< K21+ &%) X2 1og(T),

where the last line follows from the fact that there can be at most log(7") updates in this update
scheme. O

Now, we bound Rg in controllable systems.

Lemma G.17 (Bounding Rg for controllable LQR). Let Rg be as defined by . Under the event
of Er N fj[fj, for controllable LQR, we have

BS| = O ((n 4+ dP2 D/ Tos 4 (o dyn /T T

Proof. The proof follows similar decomposition with Lemma i.e., after using triangle inequlity
and we use Cauchy Schwarz inequality and again triangle inequality, and gives the following result:
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1R<)< @0 6ra] - @ era|
!P @067 — o0 el ||+ 3 [ ISCOREC e LR
y Tye tl:/? .Tm 1/2
< Z()P@»”@%HP<ét>“2@IZt>2) (z(mé»%:zt+P<ét>v2@:zt)2)
t=0 t=0

~

1/2 1/2
+ zT: (HP(ét)l/QétTZt‘P((:)t)l/Zg;rzt’DQ) (Z (HP(ét)l/2étTZtH+P(ét)l/QGIztDQ)
T t=Th.c
) 1/2 Tye )
a 1/2~th ~t 1/2 th
) (;(H@t) 6, H+HP(®) ol ))
N2/ g
) (z (1ot et
t=T,

<\/ . +K )20 (n + d)2(n+d) Jog " Tre )\/4T7"CD 1+ £%)S%(n + d)*ntd)

1/2

P(6y)"? (ét — @*)T 2

t
Tr,c

t=0

it

IN

1/2

'P CORE (@t o )th

dt)\I

16D(1 + k%) B2(8) 32n02 (1 + K2) o n(T —T) o det(Vr)
-1z ® 3 S det(Vz,..)

32no2 (1 + Kk?) o n(T —T,)
1-712 % 3

\/4(T —T,..)D(1 + k2)52

- VA A(n +d)
8DS(1+ k2)Br(8) (32n02(1+ k%), n(T —T.)
BRI (S g M)

Tr,c(l + IQQ)(TL + d)2(n+d) + (T _ TT,C) (3278121(’%;52) IOg n(Tg_TC))
(T —Tyc)(n+d)log [ 1+

DS(1 2 2(n+d) T..(1 2 2(n+d)
_8DS(1+5)Br(3)(n + d) \/Tm(n+d)log<1+ oL+ R2)(n+d) >

A(n+d)

The stabilizable counterpart follows similarly with the required changes, thus it’s proof is omitted.

Lemma G.18 (Bounding Rg for stabilizable LQR). Let Rg be as defined by (B5). Under the event
of Er N .Fj[fj, for stabilizable LQR, we have

[RS| = O ((n -+ d) o0t /T 0 (o dnH 02 /T =T )
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If one uses Lemma then the following result is obtained directly.

Lemma G.19 (Improved bound on Rg for stabilizable LQR using doubling epoch length). Let

Rg be as defined by . Under the event of Er N ]:Y[i]’ for stabilizable LQR, after stabilization if
ExpOPT updates its policy in doubling epochs with base epoch length of T, s, we have

IR§| =0 ((n @) Ho DO T (4 dn? /T =Ty T)

G.3.4 Combining Terms for Final Regret Upper Bounds
Proof of Theorem [2k Recall that

Te
REGRET(T) < 02T, D|B.l|% + Y (2ujRut + utTRZ/t> + R$ — RS — RS,
t=0

Combining Lemma for S37, (2v' Ruy + v Riy), Lemma for RS, Lemma for | RS| and
Lemma for |R§\, we get the advertised regret bound.

]
Proof of Theorem [3t Recall that

Ts
REGRET(T) < 02T, D||B.ll3 + > (QUtT Rug + vy Rut> + RS — RS — RS,
t=0

e Combining Lem for tTio (20 Ruy + v Riy), Lemma for Rg, Lemma for
G.18

|Rg| and Lemma |G.18| for ]R§|, we get the advertised regret bound.

Remark 2. Note that this bound is in general setting. If the structure and the assumptions of the
system is further exploited, then using Lemma in bounding Rg, we remove the dependency on
Hy in the polynomial in dimension regret bound after stabilization.

H Stabilizability Discussion

In Assumption we are given a set, Sy, that consists of (k,)-stabilizable systems, i.e. for all
(A, B) € So, 3K such that p(A+ BK) <1 -7, |K| < k and A+ BK is (k,7)-strongly stable.

Definition H.1. A matriz M is (k,7)-strongly stable (for k > 1 and 0 < v < 1) if there exists
matrices H = 0 and L such that M = HLH " with |L|| <1 -~ and | H|||H || < &.

This is a valid assumption since for all stabilizable systems, by setting 1 — v = p(A+ BK) and k
to be the condition number of P1/2 where P is the positive definite matrix that satisfies the following
Lyapunov equation:

(A+ BK)"P(A+ BK) < P, (74)

one can show that closed-loop system is (k,y)-strongly stable Lemma B.1 of |Cohen et al.| [2018].
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I Technical Theorems and Lemmas

Theorem 5 (Self-normalized bound for vector-valued martingales |[Abbasi-Yadkori et al.,|2011]). Let
(Fi;k > 0) be a filtration, (my; k > 0) be an R%-valued stochastic process adapted to (F) , (nr; k > 1)
be a real-valued martingale difference process adapted to (Fi). Assume that ny is conditionally
sub-Gaussian with constant R. Consider the martingale

t
S =Y mkmi1
k=1

and the matriz-valued processes

t
V=Y mpamyy, Vi=V+V, t20
k=1

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

1/2 ~1/2
det (V det(V
vVt >0, ||St||2V_1 §2R210g< et (Vi) et(V) )
t

0

Theorem 6 (Azuma’s inequality). Assume that (Xs;s > 0) is a supermartingale and | Xs — Xs—1| <
cs almost surely. Then for allt > 0 and all € > 0,

—e2
P(1X, — Xo| > €) < 2exp | ——r——
221;:1 cz

Lemma I.1 (Bound on Logarithm of the Determinant of Sample Covariance Matrix |Abbasi-Yadkori

et al., 2011]). The following holds for any t > 1 :

t—1

det (V4)
2 t
1NA1) <21

kz_%) (”Z’“Hvk ' ) = 1% Get(M)

Further, when the covariates satisfy ||zt|| < cm,t > 0 with some ¢, > 0 w.p. 1 then

det (V)
det(\)

A(n+d) + tc%n)

S(n+d)log( N+ d)

Lemma I.2 (Norm of Subgaussian vector). Let v € R? be a entry-wise R-subgaussian random

variable. Then with probability 1 — ¢, ||v]| < R+/2dlog(d/9).

45



	1 Introduction
	2 Preliminaries
	3 Algorithm
	4 Analysis
	4.1 Generalization to Stabilizable LQR
	4.2 Regret Upper Bound with Early Exploration
	4.3 Comparison of Theoretical Upper Bounds

	5 Related Work
	6 Conclusion
	A Stabilizing Neighborhood Around The System Parameters
	B ExpOpt
	C Smallest Singular Value of Regularized Design Matrix Vt
	D System Identification and Confidence Set Construction, Proof Lemma 4.1 
	E Boundedness of States, Proof of Lemma 4.2
	E.1 Controllable System
	E.2 Stabilizable System

	F Regret Decomposition
	G Regret Analysis
	G.1 Regret of ExpOpt without additional exploration in stabilizable LQRs
	G.1.1 Bounding R1
	G.1.2 Bounding |R2|
	G.1.3 Bounding |R3|
	G.1.4 Combining Terms for Final Regret Upper Bound

	G.2 Direct Effect of Additional Exploration, Bounding t=0Tw (2 tR ut + tR t) in the event of ET F[s]Ts or ET F[c]Tc 
	G.3 Regret of ExpOpt with additional exploration in LQRs
	G.3.1 Bounding R1 in the event of ET F[s]Ts or ET F[c]Tc
	G.3.2 Bounding |R2| on the event of ET F[s]Ts or ET F[c]Tc
	G.3.3 Bounding |R3| on the event of ET F[s]Ts or ET F[c]Tc
	G.3.4 Combining Terms for Final Regret Upper Bounds


	H Stabilizability Discussion
	I Technical Theorems and Lemmas

