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Abstract

We establish the first finite-time logarithmic re-
gret bounds for the self-tuning regulation problem.
We introduce a modified version of the certainty
equivalence algorithm, which we call PIECE, that
clips inputs in addition to utilizing probing inputs
for exploration. We show that it has a C'logT
upper bound on the regret after T time-steps for
bounded noise, and C' 1og3 T in the case of sub-
Gaussian noise, unlike the LQ problem where log-
arithmic regret is shown to be not possible. The
PIECE algorithm is also designed to address the
critical challenge of poor initial transient perfor-
mance of reinforcement learning algorithms for
linear systems. Comparative simulation results
illustrate the improved performance of PIECE.

1. Introduction

Minimizing the variance of the output of a system with
respect to a desired set-point is an important problem in
control systems. When the system model is unknown, this
results in the extensively studied “self-tuning regulation”
problem. It has a large number of engineering applications,
including large scale paper production, ore crushing, adap-
tive autopiloting of supertankers, etc. It differentiates itself
from LQ control or self-tuning “controllers” by the fact that
it is a singular limit where there is no added penalty on
control effort.

Self-tuning regulators have been deeply examined with
respect to several asymptotic properties such as stability
(Goodwin et al., 1981), whether it asymptotically achieves
the minimum variance (Goodwin et al., 1981), whether the
controller self-tunes itself asymptotically to the optimal con-
troller for the unknown system (Becker et al., 1985; Kumar
& Praly, 1987), and how to achieve asymptotically optimal
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regret (Lai, 1986; Lai & Wei, 1987).

However, in many applications, in addition to the asymp-
totics, how to control the system shortly after its initial-
ization so as to control its transient behavior is also im-
portant since one wishes to avoid large initial transients.
This requires the design of transient control and analysis of
the finite time regret of the singular learning system. This
problem has remained an open problem. Such an analy-
sis of finite time behavior has been conducted for the so-
called Linear Quadratic (LQ) control problems that feature
a strictly positive definite weighting on the control inputs
in addition to quadratic weighting of the system’s outputs
(Abbasi-Yadkori & Szepesviri, 2011; Lale et al., 2022; Co-
hen et al., 2019; Mete et al., 2022; Jedra & Proutiere, 2022;
Simchowitz & Foster, 2020; Mania et al., 2019; Faradon-
beh et al., 2020; Shirani Faradonbeh et al., 2020; Abeille
& Lazaric, 2017). However, these analyses do not apply to
the minimum variance control problem since it is a singular
problem that does not feature a positive definite quadratic
penalty on the control inputs. Moreover, LQ problems gen-
erally only admit C'v/T regret, rather than the logarithmic
regret that we establish in the singular minimum variance
case.

1.1. Background on Self-Tuning Regulation and
Difference from Adaptive LQ

The problem of controlling a paper machine was the sem-
inal application that launched the field of self-tuning reg-
ulators (Astrém & Wittenmark, 1973), (Fjeld & Wilhelm,
1981), (Borisson & Wittenmark, 1974), (Cegrell & Hedqvist,
1975), (Astrém, 1967), (Astrém, 1987). Paper manufacture
is subject to several uncertainties. These include pulp qual-
ity, moisture control, machine speed, pressure distribution,
etc. Thus the basis weight of the paper produced, related to
its thickness, is “stochastic.” At the same time, the sale of
the paper produced is related to its minimum basis weight.
In order to provide a guarantee on minimum basis weight
for the paper produced, the manufacturer therefore has to
set a set-point that is larger than the mean by a multiple of
the standard deviation of basis weight. If one can reduce the
variance of basis weight, then one can accordingly reduce
the set-point, which leads to a large savings of paper pulp,
and concomitantly, cost. Similarly, in other applications
too, reducing the variance of the output improves product
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quality/control system performance; e.g., supertanker ship
steering (Brink & Tiano, 1981) or ore crushers (Borisson &
Syding, 1976).

The resulting minimum variance (MV) control problem,
called the “regulation” problem, is a singular limit of the
linear, quadratic (LQ) control problem. The latter features
a positive definite penalty on the quadratic of the control
effort, in addition to a quadratic on the system output, while
the former has no penalty on control input. As we show
in this paper, this allows the attainment of a very different
order of regret performance results. The LQ problem admits
a Q(v/T) lower bound on regret (Simchowitz & Foster,
2020),(Ziemann & Sandberg, 2022), based upon the positive
definiteness of the matrix penalizing control costs. However,
in the regulation problem considered here, we show that
one can achieve a logarithmic regret upper bounded by
CilogT + C5 foreach T.

The following is an outline of the highlights of the steps
used to establish a O(log T') regret: The regret during the ex-
ploratory steps Z can be bounded proportional to its length.
For times t ¢ 7, we show that “prediction error” associated
with predicting the output y;1; is closely connected to in-
stantaneous regret. We then use the recursion in Lemma C.3
to show that regret can be bounded by five terms, each of
which can be bounded separately. Central to the analysis is
the lower bound on the minimum eigenvalue of the covari-
ance matrix, which is derived in Appendix F. This lower
bound yields tight upper bounds on the estimation error,
as well as on the norm of Y;, U;. The “bottleneck term”
which has the highest contribution to the regret turns out
to be 74,2, and its upper-bound relies upon the analyses in
Appendix F, K.

1.2. Our Contributions

This paper proposes a design of a reinforcement learning
(RL) algorithm for the singular minimum variance problem
and its finite time analysis. We show how the certainty-
equivalence scheme can be modified so as to have provably
good transient performance. We propose a RL scheme
that employs a “clipping” mechanism to bound the control
behavior during learning. We also employ an approach
of using increasingly infrequent probing intervals when
white noise is injected into the system. This differs from
another approach of always using additive noise, but of
diminishing excitation, used in (Guo et al., 1991). The
resulting algorithm, which we call PIECE, is a simplified
and optimized version of the asymptotically regret-optimal
policy of (Lai & Wei, 1987). We show the following two
results:

Result 1: Bounded noise
If the noise is bounded, then PIECE results in a finite-time

regret bound,
Regret(T) < Co?(p+q—1)logT
+C'\/logT -loglogT + C”,

with probability greater than (1 — §) after T steps, where
C = 1, p and q are the orders of the system model, and o2
is the variance of the noise. The dominant first term closely
matches the asymptotically optimal regret (1) established
by (Lai & Wei, 1987).

Result 2: Sub-Gaussian noise
If the noise is sub-Gaussian with a proxy variance of o2,
then PIECE results in a finite-time regret bound,

Regret(T) < C" log T'log*(T'/d)
+ C””O’Q(p +q-— 1) 10g2 T,

with probability greater than (1 — ¢) after T steps.

We also present the results of simulations that show how the
proposed PIECE controller performs in comparison to the
asymptotically regret-optimal policy of (Lai & Wei, 1987)
as well as the certainty equivalence scheme.

1.3. Prior Work

Self-tuning regulators were first proposed in (Astrom &
Wittenmark, 1973). The motivating application was the reg-
ulation of the thickness of paper produced in a paper mill,
as measured by its variance. The adaptive control law with
a stochastic gradient estimator was shown to be stable and
asymptotically self-optimal in (Goodwin et al., 1981), and
asymptotically self-tuning in (Becker et al., 1985; Kumar
& Praly, 1987). For least squares estimates, the stability,
self-optimality, and self-tuning under a modification to the
adaptive control law featuring an additional diminishing
excitation were established in (Guo et al., 1991). The ro-
bustness of an appropriately modified minimum variance
controller to modeling assumptions, e.g., perturbations with
respect to the graph topology in the space of transfer func-
tions (Vidyasagar, 1984), which lead to infinite dimensional
systems, was shown in (Praly et al., 1989). A modified cer-
tainty equivalence approach was proposed in (Lai, 1986; Lai
& Wei, 1987) by introducing “exploration episodes” where
the algorithm, which we refer to as LW in the sequel, utilizes
probing inputs — in contrast to the diminishing excitation
approach of (Guo et al., 1991). Its asymptotic regret was
shown to be

lim sup Br =d’(p+q—1). 1

T—o0 1Og T

It was shown that asymptotic regret of the LW algorithm is
optimal in the sense that it matches the asymptotic regret
lower bound. There has been no prior work on finite time
bounds for the minimum variance problem.
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There has been work on finite-time bounds for quadratic
costs that include a strictly positive definite quadratic cost
on the control inputs. High probability, finite-time analysis
of adaptive controllers for linear systems was initiated by
(Abbasi-Yadkori & Szepesvdri, 2011). However, except in
very limited special cases, e.g., where the A or B matrices
are known (Jedra & Proutiere, 2022; Cassel et al., 2020), the
finite-time regret bounds achievable are shown to be C'v/T'
rather than logarithmic. These include the optimism-based
designs StabL (Lale et al., 2022), OSLO (Cohen et al., 2019),
and ARBMLE (Mete et al., 2022), modified versions of CE
algorithms including (Jedra & Proutiere, 2022), CECCE
(Simchowitz & Foster, 2020; Mania et al., 2019), RCE
(Faradonbeh et al., 2020), and IP (Shirani Faradonbeh et al.,
2020), and Thompson Sampling-based algorithms (Abeille
& Lazaric, 2017). Notably, (Lale et al., 2020) derives log-
arithmic regret bound for partially observed LQ systems,
in which regret is defined with respect to the best “persis-
tently exciting policy.” However, it was noted in (Tsiamis
et al., 2023) that the optimal policy might not necessarily be
“persistently exciting.” In fact, a lower bound of C'v/T was
shown for the fully observable LQ setting in (Simchowitz &
Foster, 2020) for any algorithm. Moreover, the minimum
variance problem is a singular problem where there is no
positive definite weighting on the control cost, and the LQ
results are not applicable to it.

1.4. Organization of the Paper

The notations used in the paper are described in Section 1.5.
We describe the system model in Section 2. In Section 3,
we describe the PIECE self-tuning regulation algorithm. We
present the logarithmic bounds on regret and their proofs in
Section 4. In Section 5 we present the comparative results
obtained in simulation experiments. We conclude with a
brief discussion on open problems in Section 6. All the de-
tailed proofs and additional simulation results are provided
in the appendices.

1.5. Notation

For a matrix M, we use det(M),Tr(M) and || M || to denote
its determinant, trace, and operator norm induced by the
Euclidean norm, respectively. For a vector z, let =’ be its
transpose, and ||z|| its Euclidean norm. We use a A b to
denote the minimum, and a Vb the maximum of two numbers
a,b. We use the abbreviations “w.h.p.” to denote “with high
probability.” Throughout, to keep notation simple, we use
< and 2 to hide problem-dependent constants. We denote
the projection of a vector x onto a vector subspace S by
proj(z, S). We use N to denote the set of natural numbers,
Z the set of integers, and Z the set of positive integers. For
m € N, we use [, to denote the identity matrix of size m.

2. System Model

Consider an auto-regressive linear system with exogenous
inputs (ARX system),

Yt =a1Ye—1 + G2Yt—2 + ... + apYr—p + brur_1
+ bgut,Q + -+ bqut,q + Wy, Vite N, (2)

where y;,u; are the output and input at time ¢ respec-
tively, and w; is the system noise at time ¢. {w;}
is assumed to be a martingale difference sequence
with respect to filtration {F;}, with initial values
Y0, Y=1,- s Y1—ps U0, U—1, - - ., U1—q €qual to 0. The opti-
mal control law to minimize the variance of the output, the
minimum variance (MV) control law, is (Astrém, 2012),

Ut = — (1/b1)(a1yt +agys—1+ ...+ apYr—p+1
+bour—1 + -+ bgts—gi1)- (3)

The above ARX model (2) can be written as:
Ye = ;10" + wy. “4)

where, 0* := (a1, as, ..
(ytfh Yt—2, .-

.,ap,bl,bz,...
s Yt—p, Ut—1, Ut—2, - -

) bq): and ¢y 1 =

. 7ut7q) .

We make the following assumption regarding the unknown
linear system (2).

Assumption 2.1. The parameter §* associated with the
ARX model (2) satisfies the following condition: the poly-
nomials s? — a1 — assP™2 — ... — a, and by st +
bes?™2 + ... + b, have all zeroes inside the open unit disk.
Moreover, by # 0.

The latter minimum phase assumption is necessary for in-
ternal stability of the MV control law (Kumar & Varaiya,
1986). The former assumption can be replaced by the as-
sumption that a stabilizing linear control law is known, and
is also used for regret analysis in (Lai, 1986; Lai & Wei,
1987).

Define the vectors Y; := (Y, Ye—1,--- ,yt_p+1)/

and Uy = (ug,ue—1,... ,ut_q+2)/, and the matri-

o ar o Gp1 Gp o

ces A = I, 0) ,and B =

(_bz/bl _bQ/bl) , where I,,_1,I,_- are identity
I, o 0

matrices of sizes p — 1 and ¢ — 2 respectively. We have
[|A™]] < C1p™, ||B™|| < C1p™, where p < 1 can be taken
to be any number greater than the spectral radii of A and
B. When we want to depict the dependence of these quan-
tities upon the coefficients in a parameter vector 6, we use
p(0), A(8), B(0),C1(6). For objects pertaining to 6* (the
true parameter), we suppress this dependence and simply
write p, A, B, C, etc.
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Assumption 2.2. The noise {w;} is a martingale difference
sequence with respect to filtration {F;}, with conditional
variance bounded away from 0, i.e.,

irtlfIE(wt2|}'t,1) >c; >0, as. 5)
Also,

E(w;|Fi-1) < 0?, as., Vt. (©6)

Within this setup we consider two possibilities, either
bounded or sub-Gaussian noise:

Assumption 2.3 (Bounded noise). {w;} is uniformly
bounded a.s., i.e.,

|wi| < By, a.s., Vt. @)
We present the main result on regret and a proof sketch
under Assumption 2.3 in Section 4.1. This is then relaxed
in Section 4.2 to allow for unbounded noise:

Assumption 2.4 (Conditionally sub-Gaussian noise). For
all v € R, we have,

E {exp(y\wt|)‘ft_1} <exp(y?0?/2) as., Vt, (8)
where o > 0.

We also assume the following prior information about the
unknown system, as in (Lai & Wei, 1987):

Assumption 2.5. The learning algorithm has knowledge of
a compact set © C RPT4 that contains the true parameter
value 6*.

Regret of Self-Tuning Regulators

Noting that the MV controller results in y; = w;, we judge
the performance of an algorithm A by its cumulative learn-
ing regret,

T
Rr(A) =Y (g —wi)*. ©)

t=1

A discussion on the equivalence of the above definition of
regret with the standard definition found in the reinforce-
ment learning literature (Lai & Robbins, 1985; Auer et al.,
2002; Auer & Ortner, 2007) can be found in Appendix B.

3. PIECE: An Adaptive Minimum Variance
Control Algorithm

The PIECE algorithm is presented in Algorithm 1. It di-
vides the total operation time into two functionalities: (i)
Exploration: This consists of a sequence of intervals dur-
ing which white noise, by which is meant i.i.d., mean 0

and constant variance noise, is used as the control input
to ensure sufficient excitation of the system, which in-turn
yields consistent estimates, and (ii) Exploitation: The rest
of the time, where a standard Certainty Equivalence (CE)
controller is applied by generating controls that are optimal
under the assumption that the least squares estimates are
equal to the true parameter values. Though this structure is
inspired by the algorithm of (Lai & Wei, 1987) (henceforth
dubbed LW), we will highlight in the sequel some major
differences which lead to better transient performance and
make possible a finite-time regret analysis.

Exploration: The set of exploration time instants is denoted
by Z. Fort € Z, u; is an i.i.d. mean 0 sequence that is
independent of {w; }, and bounded:

lut| < By, a.s.t €T. (10)

The reason why we clip inputs at B,, is that during this
phase, the algorithm is essentially open-loop. Consequently,
it behaves “conservatively” and avoids using inputs of large
magnitudes.

Let N®)(t) denote the number of exploratory steps until ¢.
T is composed of multiple episodes, each comprising of a
set of consecutive time steps. Fori = 1,2, ..., the ¢-th such
exploratory episode is [n;, n; +m;]. The first episode begins
at time t = 1, i.e,, n; = 1, and lasts until the following
stopping-time,

ny +mq = max {inf{t : b1, # 0}, H1(0,¢)}, (11)

where b, ; denotes the estimate of b; generated at time ¢,
H, (0, ¢) depends upon the model parameter set ©, and e
is a parameter choice that decides the length of the first
exploratory phase in the algorithm. It is detailed in the
Appendix. Its effect on the regret is shown in Theorem 4.1.

The first exploratory phase serves as a special “warm-up”
phase, and is of longer duration than the remaining ones.
It arises naturally out of the regret analysis, with sufficient
exploration in the first few time-steps allowing us to bound
the regret as C'logT. For the remaining episodes, i =
2,3,...,

n; = exp(i?), m; = H := [m* + logp<3clq>—‘, (12)
1

log B,
m* = =2 logsupcl(é’)(YoHCl(H)
ogp 0€©
q
+BuC1(0) {1+ [be(6)] )
{=1

where B, is as in (20).
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Estimates: Let Ht(I) be the least-squares estimate (LSE) of
0* based upon only the samples in Z,

—1

o = Y .0

Y bsysa |, (13)

s<t,s€T s<t,s€T
where,
T
VB =Ly + Y 68l (14)
s<t,se€T

Since the estimate of b; in Ht(I) might be 0, we modify it
slightly as follows so that the resulting estimate can be used
for estimating A:

) @ 454D
i = {ot o170, (15)

éﬂ otherwise .

Let A := —(ar, as,...,ap, by, ..., by)'. Since bi) # 0,
we use it to estimate A as follows,
- 1 - -
MWD = o (aﬁ),agﬁ),...7b§?7...,bgﬁ>). (16)
by {

Even though we later show éEI), /N\gz) to be consistent, they
need not be efficient since they use only a small fraction of
the total available samples. Hence, while generating {u;},
for most of the time we will directly estimate the parameter
A using all the available samples by the following recursive
estimator,

At = A1+ Py (Ut - 5(1?—1yt+1 - )\;711/%), a7

where P, is obtained recursively as

Pl =P + o, (18)

and 1, is as in (26).
Exploitation: We rewrite the system equation (2) as

yt+1 = bl(ut 7)\/1/%) +’Ll)t+17t: 1,2,.... (19)
The inputs are chosen according to the CE rule, i.e., the
algorithm assumes that A;_; is the true value of the optimal
gain which yields minimum variance. More specifically, for
times ¢ ¢ Z, we have,!

'We note that a similar control law u; = k; V % A k., was pro-
t
posed in econometrics (Anderson & Taylor, 1976) for the simple

model y:y1 = a + bus + Wi

where,

)‘;—11/%
if A1 —

< B logN

N il

21

A vy

Xﬁf’l 1) otherwise ,

Zt =

where the parameters Bo, B,, > 0 are user-specified. Note
that X"
i.e., in the event that the inputs prescribed by S\g)l and
A¢—1 differ significantly, the algorithm detects that the input
prescribed by \;_; is “bad” and falls back on the estimate

(T
D

is used to provide “diagnostic checks” on A;_1,

Clipping Inputs: Let

M(©) : —1—1—3161817

{1+Z|b¢ } (22)

The clipping threshold B, in (20) is given by B, =
% (14 M(©)), where ¢; is any constant that satisfies the
following inequalities,

1
(P + q) supgeo (1 + [AO)])’

(sup IA@)] + 1) (M(©) 461 <1, and  (24)
0cO

01 < (23)

e [0 = p0))
3‘5‘52&[@@]X

-1
QBM +sgp;\ae ] : (25)

To see why a solution exists, we note that the first two
inequalities admit a solution set trivially, while in the third
case, the L.h.s. is a monotone increasing function with value
0 for §; = 0, while the r.h.s. is decreasing and has a positive
value for §; = 0.

3.1. Discussion of PIECE

A key challenge experienced by many adaptive controllers
is their poor empirical performance, especially at the initial
stages of learning (Lale et al., 2022; Mete et al., 2022).
For improving the transient performance, it is important to
properly adapt the system in the initial phase. Otherwise, the
states of the system can reach arbitrarily high values before
settling down to what is predicted by the asymptotic theory.
This is even more exacerbated for the MV-CE control law,
which can be written as u; = A}, where

At o= (=1/bi¢) (a1, -,
Ve = (Y,

’ bq,t)/ 9
ut7q+1)/- (26)

Qpt, b27t, e

yYt—p+1, Ut—15 - -,
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Algorithm 1 PIECE: Probing Inputs for Exploration in
Certainty Equivalence

of the PIECE algorithm. We perform analysis under two
separate assumptions on {w;}. Section 4.1 considers the

Input The exploration set Z, By > 0.

if t € 7 then
Generate an exploratory white noise input u; such that
|ut| < B,, and has mean 0.

else

Compute the estimates Gt(Il, )\(Il and A; as defined in
(15).
(=Bu) v (Xi_1ve) A (Bu)
Bs |9 || log N{*)
= if | A}y — ( 1) t‘ el llv(i
(=By) V ( )\(I >/\ B,,) otherwise .
end if

)

case when the noise is uniformly bounded, i.e., |ws| < By,
and shows that the regret of the algorithm is upper-bounded
by C'logT'. This is relaxed in Section 4.2, where the noise
is allowed to be unbounded, but conditionally sub-Gaussian
(Assumption 2.4). Then PIECE suffers a regret that is at
most C’ log® T'. Precise values of constants and bounds are
given in the Theorems below and in the Appendix.

4.1. Regret for Bounded Noise

Theorem 4.1. Consider the ARX system (2) that satisfies As-
sumption 2.1, and {w;} satisfies Assumptions (2.2,2.3). For
every d > 0, there is a set having probability at least 1 — 60,
such that for every € > 0 the cumulative regret until T' can
be bounded as follows,

Since A involves a division by b, ; it is susceptible to large
errors even for modest values of estimation error of by,
which in-turn leads to high regret, especially during the
initial time steps. To overcome this shortcoming, PIECE
clips the inputs suggested by the CE rule to a compact set
[~ Bu, By]. The value of threshold B,, is chosen based upon
a fine-grained analysis of learning regret and utilizes knowl-
edge of ©, a compact set in which the true parameter 6* is
known to reside.

To establish finite-time regret bounds, as well as improve ini-
tial performance, we have also added exploratory episodes
where noise is injected to gather information about 6*. This
ensures that the estimator is well-behaved without greatly
affecting the performance. The values of the clipping thresh-
old and the power of the exploratory noise are designed
carefully using the information available about the parame-
ter set. The resulting PIECE algorithm is a simplified and
optimized version of (Lai & Wei, 1987).

The PIECE algorithm is computationally efficient since it
maintains an estimate of the optimal gain and LSEs of the
unknown ARX parameters, both of which can be updated
recursively and hence require O(1) computation at each
time step.

All of these improvements are visible when one compares
the empirical performance of LW with PIECE. PIECE is
seen to outperform LW and CE by a huge margin, as shown
in Section 5.

4. Finite-Time Regret Analysis

We now state our key results which quantify (i) an upper-
bound on regret, and (ii) the estimation error ||6* — HIEI) I

Ry <(1+c(e))o*(p+q—1)logT

+ Li(p)V/10g T,
(14¢)?

-1
1
(1 o (1—6)2(1—26)> [(1—6)2(1—25)} —1-=
0ase— 0, while Li(p) = coas p /1.

27)

where c(€) :=

Outline of Proof. The instantaneous regret at time ¢, de-
noted 7, can be shown to be equal to b2 (u;_; — Xz/)t_l)Q.
We analyze this separately for exploratory time steps, i.e.
fort € Z,and fort ¢ 7.

Regret during ¢t € Z: We bound r; for t € Z by u?_; plus
terms < ¢’||1;_1 2. We derive an upper-bound on |y;| that
holds uniformly for all times after an initial phase. Since
during Z, the magnitude of input is bounded by B,,, upon
combining this with the bound on |y;| it yields an upper-
bound on ||3)¢|. This shows that the regret incurred during

the exploratory episodes is < ¢” Nt(I).

Regret during ¢ ¢ Z: To derive an upper-bound, we relate
the instantaneous regret r; with the “prediction error” e; :=
Yes1 — b1g(ue — N_190), where by ; (ug — Nj_1¢y) is the
prediction of the algorithm about the next observation; if
6* were known, this error would have been w;;1. This
observation allows us to show that the instantaneous regret
can be bounded by the “mismatch” (e; — wy)?, but only
when this mismatch is “not too large.” Following this, the
proof for t ¢ T is split into the following two parts:

1. Ensuring that under the proposed algorithm, the mis-
match (e; — w;)? does not become too large. While
this cannot be ensured at all times and for all sample
paths, we show that under the PIECE algorithm, this
does hold with a high probability for “most” of the
time steps after a sufficiently large duration . We show
that a sufficient condition for this to occur is that under
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PIECE, the inputs u; are not clipped too often, i.e., the
condition |z;| < B, holds. To ensure this, PIECE (i)
uses exploratory episodes of sufficiently large duration
H (12), and, (ii) explores using white noise of suffi-
ciently small magnitude (Ju;| < By, t € I). Since
the roots of the polynomials are strictly inside the unit
circle (Assumption 2.1), when the estimation error
||[0* — 6¢]| is sufficiently small, the magnitude of the
output for times ¢ ¢ 7 lying between two consecutive
episodes can be bounded.

2. Central to the ensuing finite-time performance results
of the proposed algorithm is the fine analysis of the
growth-rate of the minimum eigenvalue of the covari-
ance matrix associated with LSE. We show that it

grows as A4/ Nt(I), where Nt(I) is the number of ex-
ploratory steps until ¢. The pre-factor A is a function
of system parameters, and (i) increases with the value
of variance of the process noise, (ii) decreases with a1,
(iii) decreases as the stability margin 1 — p (defined in
the sequel) approaches 0.

3. Deriving an upper-bound on the cumulative mismatch
gz — w;)?. The analysis relies upon a recursion
for the quantity g; := Tr(b3(\ — NP7 (A — A)').
Upon summing this recursion, it can be shown that
after sufficiently large ¢, with a high probability, the
mismatch can be controlled by deriving upper-bounds
on six terms which mostly involve discrete-time mar-
tingale transforms. The rest of the analysis relies upon
carefully bounding these terms using concentration
results for self-normalized martingales (Pefia et al.,
2009; Abbasi-Yadkori et al., 2011) and the Azuma-
Hoeffding inequality for unbounded martingale differ-
ence sequences (Tao & Vu, 2015).

O

We note that by letting € N\, 0, we are able to match the
pre-constant as well as the logarithmic growth rate of the
asymptotically optimal regret (1 of (Lai & Wei, 1987). Fur-
thermore, our bounds also quantify the transient perfor-
mance and how it is affected by various parameters such as
0, By, By, and the operator norm dependent quantity p.

In order to minimize the regret, we need to control the esti-
mation error ||9§I) — 0*|| associated with LSE. Therefore,
we provide the following finite-time guarantees on the per-
formance of the LSE operating under PIECE algorithm in
Theorem 4.2.

Theorem 4.2. Consider the ARX system (2) that satisfies
Assumption 2.1, {w,} satisfies Assumptions (2.2,2.3), and
LSE is given by (13). On a set having probability greater

than 1 — 49, the estimation error can be bounded as follows,

« (T log(d p+q
o — 6P )2 <~ 0L
2N, 2N}

C1 B, 1
log ((01Y0|| I it >l
/=1

L—p

X

+ un)QNt(I)> .

Outline of Proof. Vt(I) = I+ > <t ee7 595 is the co-
variance matrix associated with the LSE at ¢. It can be

@)
shown that w.h.p. ||6* — Gt(I) > < ¢’ %
min (Vy

hence it suffices to upper-bound \,.x(V;) and lower-bound
)\min(Vt(I)). )\max(Vt(I)) is bounded by ) ||¢s 2, which
in turn is shown to be < ¢t B2. The key challenge in the

,and

proof is to derive a lower-bound on )\min(Vt(I)) that holds
for all times ¢ greater than some finite time w.h.p. This is
done in Appendix F.

O

4.2. Unbounded Noise

To deal with unbounded noise, we slightly modify the
PIECE algorithm as follows. Firstly, the exploratory
episodes are changed to have n; = exp(i), and, in the
definition of m*, B,, is replaced with 4/log(7'/9), with this
quantity serving as a high-probability upper-bound on {w; }.
While deciding the threshold B,, for clipping inputs, once

again B, is replaced by +/log(T'/0). Let H be the resulting
episode duration.

Theorem 4.3. Consider the ARX system (2) that satisfies
Assumption 2.1, and {w} satisfies Assumptions (2.2,2.4).
The regret of PIECE can be bounded as follows: For every
0 > 0, there is a set having probability at least 1 — 7§ such
that for every € > 0, the cumulative regret until T' can be
bounded as follows,

Ry < Clog T'log?(T/8) + HLy(p)log T + (1 + c(e)) x
[0%(p+q—1)log T +10g(T/5)] + La(e,8,p),  (28)

where c(¢) is as in Theorem 4.1, while Li(p) — oo as
p /L and Ly — coase N0, p 71, 0rd 0.

We note that in comparison with Theorem 4.1, there is an
additional log?(T'/8) term that arises due to an increase
in the high probability upper-bound on the norms of || Y|
and ||Uy||. This, in-turn happens due to an increase in the
magnitudes of noise, exploratory inputs, and inputs during
the exploitation phase, as compared with the bounded noise
case. It is shown in (Lai & Wei, 1987) that the regret of LW

is asymptotically o%(p + ¢ — 1) log T under the assumption
that sup, E {exp(7|wt|)‘}}_1} < 00, a.s., for some v >

0. It remains to be seen if the finite-time regret of our
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Example CE LW | PIECE
I 313 364 36
II 16224624 | 5816 66
I 9888 15644 46

Table 1. Cumulative Regret Performance at 7' = 1000.

proposed algorithm can be improved so that it matches this
asymptotically as T" — oo.

5. Simulations

In this section, we compare the performance of the PIECE
algorithm with the algorithm proposed in (Lai, 1986) (LW),
as well as the standard CE controller. Each simulation
experiment is performed for 1000 steps. The reported results
are the averaged values over 50 runs. The examples of
the ARX systems considered in the experiments are the
following:

EXAMPLE I (PAPER MACHINE (ASTROM & WITTEN-
MARK, 1973)): Linear system with p = 2 and ¢ = 2:
Yt = 1.283yt_1—0.495yt_2+2.307ut_172.025ut_2+wt.

EXAMPLE II: An linear system with p = 4 and
qg=41y; =1.18y;—1 —0.48y;_o+0.45y;,_3—0.41y,_4 +
0.28Ut_1 + 0.14’U¢_2 + 0.16Ut_3 + O.OSut_4 + We,

EXAMPLE III: An linear system with p = 6 and
q = 6: yp = —0.66y;—1 — 0.79;_o + 0.2y;_3 —
0.03y;—4 +0.09y; ¢ + 0.32u4 1 + 0.06us_o — 0.2u;_3 —
O.Olut_4 - 0.03Ut_5 + 0~001ut—6 + wy.

Cumulative Regret Table 1 highlights the cumulative re-
gret at the end of the experiment. In Figure 1, we plot the
logarithms of the cumulative regrets, log(R;).

One of the key issues with many adaptive controllers is
their empirical performance in the initial phase of learning
(Lale et al., 2022; Mete et al., 2022). It is evident from
the empirical results that CE as well as LW both suffer
from this issue. As described in Section 3, the PIECE
algorithm differs from LW with regard to the clipping of
the input as well as the choice of exploration episodes. The
empirical results demonstrate that PIECE does not suffer
a large regret at the beginning of the experiments, unlike
the LW and the CE controllers. The benefits of the PIECE
modifications of clipping, as well as improved exploration
strategy, are clearly evident as the resulting algorithm has
much lower empirical regret compared to LW or the standard
CE controller.

Estimation Error: In Figure 2, we plot the estimation
error ||0; — 0*||?. It is interesting to note that LW has a

better estimation error than PIECE. This reiterates the point
that the exploration scheme in PIECE is more efficient in
achieving lower regret, which is the primary objective of the
controller, at the cost of a higher estimation error.

35
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Figure 1. Log(Cumulative Regret) averaged over 50 runs.

Results for more example, comparison of performance
with algorithms LQ learning algorithms like OFU (Abbasi-
Yadkori & Szepesvdri, 2011), StabL (Lale et al., 2022),
hyper-parameter sensitivity analysis, and technical details
on implementation are provided in the Appendix L.

6. Concluding Remarks

How to obtain a logarithmic, as opposed to polynomial,
finite-time regret for the minimum variance controller that
is of great value in applications, has been an open prob-
lem. To obtain one, it is necessary to re-design the initial
learning phase so that it does not have a large transient. We
have proposed the PIECE algorithm that employs a modi-
fication consisting of clipping the inputs, as well as using
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Figure 2. Estimation Error (]|6* — 6;]|3)

probing noise at increasingly infrequent intervals. We have
established the first finite-time logarithmic as opposed to
polynomial regret bounds for two scenarios: (i) When the
system noise is bounded, the regret of the PIECE algorithm
is C'log T'. (ii) When system noise is unbounded, the regret
of the PIECE algorithm is C'log® T'. Simulations show the
advantage of the PIECE algorithm over LW and the standard
certainty equivalence controller.

Whether the regret bound in the unbounded noise case can
be improved to C'log T remains an open question. A natural
next step is to analyze performance of similar algorithms
for an ARMAX system. One can potentially adapt simi-
lar algorithms which use probing inputs in other various
reinforcement learning settings, including Markov Decision
Processes and LQ systems.
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This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
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Contents

A. Organization of the Appendix

Appendix B provides justification for the regret definition considered by showing its equivalence with the standard
regret definition. Appendix C provides the proof of the regret bound presented in Theorem 4.1 for the case of bounded
noise. Appendix D relates the estimation error of §* with the instantaneous regret. Appendix E derives bounds on the
estimation error and proves Theorem 4.2. Proof of Theorem 4.2 relies crucially upon the analysis done in Appendix F
of )\min(‘/;(z)), i.e., the minimum eigenvalue of the covariance matrix. The design of PIECE algorithm involves the
choice of length of the first episode and the clipping function B, which is discussed in Appendix G and Appendix H
respectively. Appendix I proves Theorem 4.3, i.e., it extends the regret analysis of Theorem 4.1 to the case of sub-Gaussian
noise. Finally, the details of simulation setup and additional results are provided in Appendix L.
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B. Regret Definition
For the regret analysis for the self-tuning regulators, the regret is defined as follows (Lai, 1986; Lai & Wei, 1987):
T
Rr(A) = (g — w)? (29)
t=1

Here we show the equivalence between the above definition with the standard definition of regret, widely used in reinforce-
ment learning literature (Lai & Robbins, 1985; Auer et al., 2002; Auer & Ortner, 2007; Abbasi-Yadkori & Szepesviri,
2011).

First, consider the same definition of regret as used in the bandit literature. If 1, denotes the mean reward of arm a, and a;
denotes the arm pulled at time ¢ by policy , then regret of 7 is taken to be Regret(w) := Zthl maxg flg — Zthl E™ g, .
Similarly, for minimum variance control problem, the cost (negative of reward) incurred at time ¢ is y2. Hence the analogous
definition of regret of a policy 7 is:

T
Regret(m Z E™[y?2] Z n}rilnE”/ [y2]. (30)
t=1

Consider the second term on the right above. We show that when {a,}, {b,,, } are known, then min E™ [y?] = o2. To see
this, note that

p 4q
Yt = E agYi—¢ + g bt —m + Wy,
/=1 m=1

where u; is measurable w.r.t. F;_; (sigma-algebra generated by {ys, us}g;ll). Hence we have,

2
p q
=E" (Z aeYt—e + Z b Ui—m + wt)
(=1 m=1
!’ p q 2 !’
=FE" agyt_g —+ Z bt —m +E™ ’U)?

m=1

+2E™

Now, let us focus on the term E™ (> aeye—e + >

P q
E™ HZ rYi—p + Z bmutm} Wy
=1 m=1

Ut—m } we]. We have,

P q
{Z Wy + Y bmut_m} wt] : (31)
= m=1
L bm
(E” {Z QpYi—¢ + Z bt m} Wi

e .

= ]EW/ [{Z agYi—e + Z bmut—m} EW, (wt]:t—l)‘|

(=1 m=1

b q
Z agYt—eo + Z bmut—m} 0]
(=1 m=1

(32)

where in the second-last equality we have used E™ (wi|Fi—1) = 0 a.s. From (31) and (32) we obtain the following,

P q
E™y? = E™ ([Z agyi—o + Z bmut_m]2> +E™ [w?]
=1 m=1

> IE”,wt2

= 0'2.

13



Finite Time Logarithmic Regret Bounds for Self-Tuning Regulation

Note also that the second inequality above becomes an equality only when the policy 7' chooses u; =

Py QeYt—e D o bmUt—m T . /
DS LTEY, E:m,z m=t=m Hence we have Y, _, miny E™ y7 = 0T

Therefore, Regret(r) = E™ 3. [y?] — o2T. Note that this can also be written as Regret(r) = E™[Y1_, y2 — .1, w?],
since B, w? = o2T.

Now, let us begin with the cost criterion used by Lai and Wei (Lai & Wei, 1987) for minimum variance control problem:
E™ Zthl (y+ — we)?. Note that if the system parameters {a¢}, {b,,} were known, then min/E™ ([y, — w]*) = 0, since

X eyt 30 o bmli—m
b1

one can choose a policy that applies u; = . Therefore,

=

Regret(m) = E™ » (y; — w;)?

E™ > (47 +wi — 2wyyy)

~
I
=

I
&=
3
7~

p q
(y? +uf — 2, [z o+ 3 bt +
=1 m=1
p q
S+ 3 bmut_m]

=1 m=1

)

~
I
—

I
=
3
(]~

(yt2 - wf) — 2E™w;

o~
Il

1

I
&=
3
7~

(yf — wy) (since the last term is 0, as shown above)
1

M~ ¢

E yt2 - 0—2T7

t=1

Therefore, this definition of regret (29) is equivalent to the standard definition of regret (30).

C. Regret Analysis (Proofs)
Letr; := (y; —w;)? be the instantaneous regret at time . The regret equation (9) and re-parameterization of ARX model (19)
yield,

re = (yr — wt)2

=03 (ue—1 — Neh—1)” (33)

The behavior of the term u; — A’'¢); is different for times ¢ ¢ Z and ¢ € Z, and so we study them separately in Section C.1 and
Section C.2 respectively. Section C.3 derives results which are used while proving Lemma C.4 of Section C.1. Section C.4
combines the bounds derived in Section C.1 and Section C.2 in order to provide bound on the cumulative regret.

Definition C.1 (s(-)). For § > 0, define the function ns(z) as follows,

z

5)§x-z,VzZy}. (34)

ns(z) := min {y eN: log(

Note that lim,_,o % =1

The relation < (2) corresponds to < (>) up to a universal multiplicative constant.

Cl.rfortecZ

We will discuss only the case of bounded noise, i.e. when {w;} satisfies Assumption 2.3, since the proof under Assump-
tion 2.4 follows through using similar arguments by restricting to the set G,, defined in (291).

14
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For t € Z, the instantaneous regret (33) can be bounded as follows:

re = b2 (w1 — Niby_1)?
<207 (Jura|* + N ]?)
<20 (By + (N ?)
< 207(B, + 1M 10:]°)
<207(B, + AP (101 + [1Y2]%))

<207 B2+ [[AI* [ ¢B2 + | Cip' (1Yo

N
shgsf))

where the second inequality follows since |u;| < B,, by the design of the algorithm, the third inequality follows since
[loe]l < ||#¢], and the fifth inequality follows from Lemma K.2.

<267 | Bi + |1 | ¢B2 + | 1Yo

(35) yields us the following bound on the cumulative regret incurred during the exploration steps Z.
Lemma C.2. When {w;} satisfies Assumptions (2.2, 2.3), then we have,

dore <26t | Bi+ AP | B+
tel

C1[Yo

{1 +Zlsz N, (36)

where Nt(I) is the number of exploratory steps until t, and C1, p are as discussed in Section K. The same conclusion holds
on the set G,, where {w} satisfies Assumption 2.4 instead of Assumption 2.3.

C2rfort ¢

Ont ¢ Z, the input u; is chosen according to the rule (20). This rule can be written equivalently as follows. Define

/ 7) ! lo N
D = (W0 ) v < 2 jﬁwt” , (37)

(/\(I ) 1y otherwise .

Rule (20) can be written equivalently as follows,
Uy = (—Bu) Vz A\ Bu (38)

The re-parametrization (19) suggests that one can view the quantity 5@_1 (ut — /\2_11/),5) as the prediction of ;41 based on
the information available until ¢ . Hence, define the prediction error at time ¢ + 1 by
Tz
€t+1 = Yt+1 — bﬁj_l (Ut - >\1/:—11//t)

= by (up — Nepe) — )y (= Np_qhe) + wipn, (39)

where the second equality follows from (19). It is shown in Theorem D.2 that for times ¢ > max{t3(p), t5(p), t5(p)}, where
t¥(p), t5(p), t5(p) are as in Definition D.1, the instantaneous regret for ¢ ¢ Z can be bounded by the quantity (e; — w;)>.
Hence, we will now focus on bounding > t>max{t: ()43 (0).t5(p)} (e; — wt)Q, Instead of bounding this summation, we will

bound ", ,. (e; — wt)z, where t* is as in (48), since bounding this expression is simpler.

We begin with some definitions. Define,

g =M = NP7 = N, (40)
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where P! is obtained recursively as follows,

P =P . (41)
Also let,
g o = Tr(bige), (42)
b
= (43)
1,t
Let
t
7:=inf {t > el is invertible} ) (44)
s=1

The following result is essentially (4.12), (4.13) of (Lai, 1986):
Lemma C.3. For the ARX model (2), we have the following recursion for q, for timest > T,

q — qt—1 = — [bl(l —ve)(up — /\/7/115) —bi(A\e—1 — )\)/?/Jt]Q
+ [0 (1 — ve) (we — X?ﬂt)f — 2wiby (Me—1 — N) 1
+ (P Poade) [b1(1 — ) (g — Nape) — by (Ae—y — N) 1y — %wt]Q L t=1,2,.... (45)

Define the times,

2
2C1Yoll)” +2( B {1+ T, [bel}) + B2

: = 4
t5(€1) 5361 , €1 > 07 ( 6)
and,
toles, 6) :=1inf {t e N: E(t;6%,0) < bres}, €3, > 0. 47)

where p is operator norm of the unknown system as in Section 2. We will occasionally omit dependence of ¢ (1), t5(es3, d)
upon €1, €3, 0 to ease notation. Let,

£ = 15(p) V 3(p) V t5(p) V t5(e1) V £5(e3,0) V 7, (48)
where the times t7(p), t5(p), t5(p) are as in Definition D.1. Define,
T
Tor= > [br(L— ) (ue — N, (49)
t=t*
T
Tsi= Y wibi(A—1—\) ¥y, (50)
t=t*
L 2
Ta:= Y (W,Pabs) [br(1 = vs) (s — Nbe) — br(Aec1 — N)'ths — yews] (51)
s=t*

where (3 is as in (210). The sets G, Gr sk, gpmy Gz are defined in (60), (144), (250) and (157) respectively. The parameter
€1 here controls the “degree of excitation,” i.e. Amin(V%), during the first exploratory episode. The parameter €3 controls the
estimation error at the end of the first exploratory episode, and ¢ is the confidence parameter which decides the probability
contained in the corresponding event.

Lemma C4. Let ey, e3 > 0 be as in (46),(47) respectively. When {w,} satisfies Assumptions (2.2, 2.3), then on the set
G NGLse N Gprej N Gz we have,

zt: (ws — e,)? 1 (T2 + T3+ Ta2) + (1 + €3)05 /(14e5)2 (@) + Go»
S S — (

1—€2) 1—€6—(1+e3)

) (52)

s=t*

forall a € (0,1), where g, is as in (42), Ty 2 is as in (68), and n;5(+) is as in Definition C.1. The same conclusion holds on
GgNGrse N mej N Gz N Gy, when {w;} satisfies Assumption 2.4 instead of Assumption 2.3.

16
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Proof. The result is obtained by summing the recursions (45), and bounding each of the terms separately. These bounds are
derived in Section C.3.

Upon substituting the bounds derived in Section C.3, and summing up the recursions (45) for ¢ > t*, we get the following:

Qt_Qt*+Z [bl(l_'Ys)(us_X¢S)_b1( s—1 — )'1/15] { _w;PS'l/}s}

s=t*

<T+Ts+Ta2+ Tas, (53)
where T4 2, 74,3 are as in Section C.3 (see (67)). We now derive an upper-bound on 9, Pyt in order to control the
summation in L.h.s. above. Since the duration of the first exploratory episode is greater than ¢£ (e ), we have N‘I) < ¢ for
t > tt. Fort > tf(e1),

[l
Amin (Z‘{;:l w5¢g>

e
Munin (5 w0t
[[¥e]?
=< ﬂgNt((I)
(Cull¥oll + BC {1+ S0, Il})” + B2

(Z)
ﬂSth

2
2ACuIY0lD)* +2( S {1+ X0, [orl}) + B2
BN

Yy Pipy <

<

< €1, (54)

where the third inequality follows from Theorem F.4, while the fourth follows from Lemma K.2, and f3 is as in (210). The
last inequality follows since the first exploratory episode is of duration greater than ¢%(eq ).

Denote

t

S1o= 30 [bu(l =) (us — Nebs) — br(hemr — N)'2] . (55)

s=t*
Upon combining (53) with Proposition C.9, we get,
Si(1—€) <To4+Ts+ Taz + (1 +e3)(a- St + 15/ (14e5)2 (@) + @i, (56)
where a € (0, 1). Upon re-arranging we obtain,

(T2 + T3+ Taz2) + (1 + €3)05/(14¢5)2 (@) + @
1—€6— (1+e3) '

8§ < (57

We will now relate Sy to 324, (e, — ws)”.

From Proposition C.12 we have,

bl(]- - "Ys)(us - )\/11)5) - bl()\s—l - A),l/)s = (ws - 65).

17
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Let e3 > 0. For times s > t§(es, 0) (47), we have,

(b1 (1 = s ) (s — N1bg) = b1 (A1 — X)) > (1 = e5)* (wy — €)%

Upon performing a summation over s, and substituting the resulting inequality into (57), we obtain,

> (o= < gy [ BB T ()t )
s=t* 3 1 3
This completes the proof. O
C.3. Bounds on 75, 73, 7, used in proof of Lemma C.4
We begin by deriving an upper-bound on the process {¢;} (42), on the following set,
Gy :={w: (1,2, 3) below hold}, where, (59)

t 1/2 t
Z by (As—1 — z/JSwS < (Z {bl()\kl — A)/¢s}2> x log l(ls (Z {bl()\s,l — )\)’ws}2>] Vit > t*

s=t* s=t* —
t ¢ ; ) 5
2) > (PP {wf - ]E<w§ 5_1)} <\ > wiPay) 1Og<w>’ Vi
s=7+1 o—1

t
Zw Psws ’Ys [bl(l_’)/s)(us_)\/’@[]s)_bl( s—1— )ws] Ws
s=1

< Z 'l/] Ps'ws [bl(l_'Ys)( S_)‘/ws)_bl( s—1 7 )1/18]

s=1
t , 2 2 _ RV _ —
y log<Zs_1(wsPs¢s) (7s)” [ba(2 %)(S(us N1ps) = bi(As—1 = \)'9] )}w. (60)
Proposition C.5.
P(G, > 1 - 30). D)

Proof. We will show that the probability with which any of the above conditions 1)-3) is violated can be bounded by §. For

1), we have ZZ:TH Ysb1(As—1 — N) Ysw, = ZZ:TH %(As_l — )N Ysws. It then follows from the self-normalized

inequality (294), with 7, set equal to w, and X, equal to g()\s_l — \)'4), that the probability of violation of 1) is
upper-bounded by J. The probability of violation of 2) is again upper-bounded by § by using self-normalized martingale

concentration (294) since {w? — E (w? 5_1)} is a martingale difference sequence. Similarly, the probability of violating
3) can also be bounded using (294). O]

The sets G155, gproj, G1,G, are defined in (144), (250), (157) and (60) respectively.
Proposition C.6 (Bounding 73). On the set Gpsg N gpmj N Gz (144), T2 (49) can be bounded as follows,

Ta<e Y 1 (62)

t>th
Proof. Recall T, = ZtT:t* [b1(1 — ) (us — Noy)]>. Since v, = bﬁ—ls for t > t&(es3,d), we have
(b1 (1 — 35 (us — N1hs))? < €2(by (us — N'1bs))>. The proof is completed by noting that 7, = b2 (u; — N1)>. O

18
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Proposition C.7 (Bounding 73). Under Assumption 2.3, on G N\ Grsg N gpmj N Gz, we have,

T
Ts < o (27-2 + 2(1 + 63)2 Z (65 - es)2> + 775(@), (63)
s=t*

Sorall a € (0,1). Same conclusion holds under Assumption 2.4 on GoNGrse N gpmj N G

Proof. Recall that T3 = Y7, w;by(Ar—1 — A)'¢br. On G,

t 1/2 t
S (Z {0 - Wﬁz) o E (Z (b - Ws}zﬂ | o

Hence, to bound 73, we will focus on bounding 22:1 {b1 (As—1 — )\)'1/)5 }2. We have,

b1(Aso1 = A)'ths = ba(1 = 75) (us — N'bs) + 75 (e — €), (65)
so that
(b1 (o1 = N8} < 2[b0(1 — 75 (s — N + 292 (es — €)™, (66)
This gives,
T T
3 b =N} <2423 22 (es — e)?
frd =
7

<272+ 2(]— + 53)2 Z (65 - 65)27

s=t*

where the second inequality follows since we have v5 < 1 + €3 (follows from the definition of ¢§ (47)). The proof then
follows by combining the above inequality with (64), and using the definition of the function 7;(-). [

We will now derive an upper-bound on 74. We have

t

Ta= S (WL Pabs) [br(1 — ) (us — Nebs) = by(Aemr — A)'bs — ysws]”

s=t*

= 3" WP [br(1—7s) (s — Nebg) — bi(Asor — A28

s=t*

+ Z (¢;;Psws)('78ws)2

s=t*

=2 ) (W Pathe) (vsws) [br(1 — ) (us — Nebs) = br(Asm1 — A)'bs] - (67)

s=t*
The term 7y is therefore composed of three summation terms, which we denote by 74 1, 74,2, 74,3 respectively, i.e.,

t

Tax o= D WL Pabs) [br(1 = 7) (s — Neba) = bi(Aam1 = N)'855]
t

71,2 L= Z (¢;Psws)(78ws)27 (68)

s=t*
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and,

t

Tagi= > (W Psbs) (vsws) [br(1 = 7s) (s — Nebs) = br(As—1 — N) '] . (69)

s=t*

Thus,
To=Ta1+Ta2—2Ta3. (70)

Next, we analyze these terms below separately.

Proposition C.8 (742). On the set G, we have,

T2
(1+€3)

{-g)

5 <o’(p+q—1)logT+0*(p+q—1)log| C <|Iwo

S{-g)

(p-+a - Do |7 C3 (ol + B (1+ 2, )|

+ [(p+q—1)log TC?(II%

X |log 5 (71)
Proof. Consider
t 2t t
Taz= Y (ULPap) (rsw,)” < (sgtp vs> D (WiPas) wi < (14 e3)* Y _(WiPabs) wf, (72)
s=t* st s=1 s=1

where the last inequality follows from the definition of ¢§. Now,

)+

S @na) {u? B (u?

s=7+1

> WP w? = > (WP, E(w?|F

s=t* s=t*

)}

The first summation above is bounded as follows,

ZW Psws) ( s— 1) < (72 Z W;Ps?/fs) < 02 IOg [det (Z %%)] .

s=t* s=7+1 s=1

For second summation,

t

> WP {w? —E(w?

)} < Z;w' ) log<2t_1(51w>2>

5 )

s=7+1
t t
) Dot (VL Psts)
< ;(% S¢S)10g<15>
¢ log |detS2_, byt
e [det(Zi/)sWS)] o[ LU E )]y

s=1

where the first inequality follows from the definition of G,, the second inequality follows since 1, Pyt < 1, while the third
inequality follows since 22:1 YL Psips < log [det (22:1 z/)sw;)} .
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In summary, we obtain the following,

+ |log [det (j: wsiﬁé)] log log [det (2221 1/151/4)} . 74

s=1 0

7:12) <o logldet<zws >

(1+e€ p—

We now bound log [det (Zizl %%)} . For a matrix M € R®+a-1)x(r+a=1) ywe have log det(M) is the sum of logarithm

of its eigenvalues, and hence can be upper-bounded by (p+ ¢ — 1) times the log of the maximum eigenvalue. The eigenvalues
of the matrix ZZ:I 51, are bounded by 22:1 |45 ||?, which can be bounded using Lemma K.2 as,

{1+Z|bg}> wq)% g (75)

Substituting this into (74), we obtain the following bound on 74 o:

t
D lsl* <t <||Y0|
s=1

T2
(1+€3)”

<o*(p+q—1)logT +0*(p+q—1)log| C} (HwO

Spse)

(o+a-1log |70 (Il + 3G {1+ SL, )|

)

+ [(p+q—1)log TCQ(II%

x |log 5 (76)
O
We now bound the term 7y 3.
Proposition C.9 (7,.3). On the set G, (60) we have,
t
Ta3 < (1+e€s3) 2(51(1 — s ) (s — Npg) = br(As—1 — A) ws)
s=1
1o ) (32000 )~ X — (s A )° )
g B 2 1 Vs 1(As—1 s .
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Proof. We have,

T

Tag = (WLPabs)(vs) [ba(1 = s (s — Nebs) = br(As—1 = N) '] w
T
< 2(111;1351/15)2(75)2 [51(1—’75)(%—)\’%)—5)1( s—1 — )ws}
< (zz_lwgaws)?( 7)” (01— 55) (s = X95) = b1 (s 1A>’ws]2>
og 5
§<S1>1R > Zbl 1*75 siA,lbs)*bl(sl* )ws)
SUDg >4+ V2 :
x | log K%”) (Z(bl(l—vs)(us—st)—bl( o1 = N)t,) ) 7 (78)

where the first inequality follows from the definition of G,, while the last inequality follows since ¢ Ps1)s < 1. Proof is
completed by noting that from definition of ¢§ we have sup,>« 75 < 1 + e3. O

We now derive a bound on gy« .

Lemma C.10. On G, NGrsg N gpmj N Gz we have,

o < 2 {clnyo

{1+Z|bz|}} +B |, (79)

where q; is as in (42), and t* as in (48).

Proof. We have g; = Tr(b3(A\, — A\)P,"(A¢ — A)). Since the trace of a matrix is equal to the sum of its eigenvalues, by
using the bound on estimation error derived in Theorem (E.5), we get,

I), px
g < EWND10%,6)2 ||

s<t

< &N 0%,6)2 - {cluyo

{1+Z|bg|}} +B2 (80)

cB.dp {clnyo

{1+Zbg}} + B2 |, (81)

where the function £(z;60,0) is defined in (152) where the second inequality follows from the definition of ¢§, and
Lemma K.1. O

C.4. Bounding the Cumulative Regret R : Proof of Theorem 4.1

The “good sets” Gy, G155, gprojv G7,Gw, szB are defined in (60) (144), (250), (157), (291), (270) respectively, and our
analysis is performed on the intersection of these. Theorem 4.1 derives bound on the cumulative regret Rr. In order to
prove this result, we will instead show the following stronger result. Theorem 4.1 then follows directly from Theorem C.11.

Theorem C.11. Consider the ARX system (2) in which {w;} satisfies Assumptions (2.2,2.3). On the set G,NGrsE N mej N
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Grn ngB , the cumulative regret of the PIECE algorithm until T' is bounded as follows:

{1+Zbg|}> + B2

B,Cy
GillYoll + T— > {1+Z|be|}+3uq

{=1

{1+Z|bz }} + B2

2
B,C Z

+D-0*(p+q—1)log Cf(lleIH e {1+Z|bz|}>
(=1

s{-g)

2
(p+a - Do |7 G2 (ol + B (14 £2, )|
5 b

Ry <D-0%(p+q—1)logT

+2D’ <Cl||Y0|

2

+202 | B2+ ||A? N

+ D - (1+ €3)05/(1+4e5)2 (@)

+D 6163 D/ {Cl”YO

+D- |(p+qg—1)log TCQ(II%

(82)

x |log

where,

D=

1 1 B €2(1 + 2a) + 2a(1 + €3)? !
i-a) L—el <1+e3>a}x{1 - <1+63)a>} ’

€1, €3 are as in (46), (47), ns(-) is as in Definition C.1, and D’ satisfies D' < 1/ey, D' < 1/e3.

(83)

Proof. Since the cumulative regret during Z has already been bounded in Lemma C.2, we begin by deriving a bound on
the cumulative regret during times ¢ ¢ Z. From Theorem D.2, for times ¢ ¢ Z and greater than max{¢7, ¢, 3}, r; can be
bounded by (w; — e;)>. Thus, we decompose the regret Dot ¢z '+ into the following two parts,

D= ) ont ) (84)
t¢T tET t<t* tET >t
where t* is as in (48). The first summation is bounded as follows,
Z Ty = Z lye — wi|?
tET t<t* tET <t

< t*sup |y — wy|?
t

Bu01 1 ? 2
<2 | | GillYall + =) L+> bl | +B2 |, (85)
/=1

where the second inequality follows from Lemma K.2. The second summation Zt ¢T 4> Tt in (84) is bounded as follows
using Lemma C 4, B

S ()’ 1 [(75 + T3+ Taz2) + (1 + €3)05/(14e5)2 (@) + Qt*] . (86)

<
tET,t>t* (1—€3) 1—€e — (14 e€3)
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Consider 75 in the bound above. The term involved in 73 at time ¢ is equal to (by (1 — ~v¢)(us — N 1/13))2, while r, =
b2 (uy — N1by)?. Now since 7, = %, for t > t%(es,0) (47) we have (by (1 — ;) (ug — N1b¢))® < €2r,. Thus, we obtain,

T
T:<e > m (87)

t=t*
Now, Proposition C.7 yields a bound on 73 in terms of 7z,
T
T <« (27'2 +2(1 + €3)? Z (es — 65)2> +n(a). (88)
s=t*

Upon combining the above inequalities, and using Theorem D.2 to relate instantaneous regret with (e; — wy)?, we get,

ol (1 + 20) + 2a(1 + €3)? 1 (Ta2) + (L4 €3)M5/(14e5)2 (@) + G
> e |1 |<o2al

—d)(l—a—(te)a)| S1=a) I —a—(+e)a ] (89)

tg T, t>t*

From Theorem D.2, this also yields a bound on the corresponding regret, i.e.,

(90)

Z - 1 |:7:l,2 + (1 + 63)7’]5/(1+63)2 (a) + qi* :| |:1 63(1 + 204) + 2(1(1 + 63)2 :| -
. < _

W (1—€2) l—e—(14+e3) 1-e)1—e — (1+e)a)

Proof is then completed by substituting the bound on ¢;« derived in Lemma C.10, bound on the regret during times ¢ € 7

from Lemma C.2, and bound on 7 » from Proposition C.8 and also bounding ¢*.

O
C.5. Some Auxiliary Results
Proposition C.12.
/ ! bl
bl(l - ’75)(”5 - A ’(/}s) - bl()\sfl - )\) ws = K(wt - et)- (91)
,t
Proof. We have,
Yr = b1(up—1 — Npe—_1) + wy, 92)
and also,
er =y — bre(ue—1 — Ai_1¥—1). (93)
Hence,
€t Yt /
—— =up] — — — A _
b17t Ut—1 bl,t t—1Pt—1
bi(ug_1 — Napy_
g 1(ue—1 ‘ Yy_1) +wy VT
1.t
w
= (1 =) (up—1 = Np—1) = (w1 — Nppo1) w1 — Ny_the1 — th
,t
w
= (1 =) (u—1 — Npe—1) — (A1 — A) 1 — b17t7 (94)
,t
where the second equality follows from (92). The proof is completed by re-arranging the terms. O
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D. Relation between Prediction Error and Regret for ¢ ¢ 7

The sets G4, GrsE, gproy G7,Gw, ngB are defined in (60) (144), (250), (157), (291), (270) respectively.
Definition D.1. For p € [0,1) define,

log Nt(I)

ti(p) :=inf{teN: By + E(t;0%,8) < 1,C1p"|Yol| < Bu ¢ (95)

ND

and,

5(p) = inf{t EN:

1 N(Z)
Byt g(t0%,5)| - [b (

e R0 B

Cip Yo < 01B. }, %)

where the function £(x; 0, d) is as in (152). For 6 > 0 define,

log NZ(I)

t5(0) :=inf< t € N: £(t;0%,96) < %1 and ———— > o7)

Theorem D.2. Under Assumptions (2.2, 2.3) on {w.}, the following holds on the set G, N Grsg: For times t >
max {t%(p), 5(p), t5(8)}, the instantaneous regret vy can be bounded by (e; — w)”.

Proof. From (33), the instantaneous regret is given by

B3 (ugmy — Nepe—r). 98)
Recall that from (39), we have
err1 = by (uy — Nipy) — 1 - 1( = N1 ¥e) + wepn, 99)
so that
err1 — W1 = by(up — Ny) — Bﬁ)_l (wy — Nj_1%4). (100)

Note that from Lemma D.7 we have that u; = z;, where z; is as in (37). Hence, we consider the following two cases, and
show that in both these cases, the expression (98) can be bounded by (e; — wt)Q.

Case-I: uy = \j_ ;.

In this case,

€1 — W1 = by(uy — N 7J’t) 1 Jt— 1( t 1%)

Thus, in this case, (e;41 — wi41)” is equal to the instantancous regret b2 (u; — N1 )°.
_ /
Case-II: u; = (/\g)1> Wy,
‘We have,
<\’
|ug — N1 ¥e| = |()\(7) ) e = N1
log N(I

>
e

25

[l (102)



Finite Time Logarithmic Regret Bounds for Self-Tuning Regulation

where the inequality follows from (21). Moreover, from guarantees on the estimation error provided in Theorem E.5 on
GrsE, we have,

1A= A5 < £V 07,9). (103)
Upon combining these two, we obtain the following,
e = Xi_yt6e] > Bay/log NEP | = AZ) s (104)
‘We have,
|Ut - XTM = |(/~\g)1>/¢t - /\/wt|

NP, — N[l
Jur — Ny 1]

Bsy/log N&

where the second inequality follows from (104). From (100) we have,

IN

IN

(105)

et — wip1| > i’g&)—l(“t - )‘7/5—1%)‘ = (b1 (ur = N'¢py)|

> B3 (e = X90) Ba/log NP | — Jou (= X'
b

(e = Xv1)Balog NP | = b (s = Xo0)

>1b1(ur — N'py) B

\Y

)

where the second inequality follows from (105). This completes the proof. O

D.1. Auxiliary Results

The key result of this section is Lemma D.7, which is used in proof of Theorem D.2. It shows that on a high probability set,
after a sufficiently long enough time we have u; = z;, where z; is as in (37).

Proposition D.3. When {w,} satisfies Assumptions (2.2, 2.3), then on the set G, N\ Grsg N gpmj N Gz we have,

log Nt(z)

VANE

where z; is as in (21), and Bs is as in (20). If Assumption 2.4 holds instead of Assumption 2.3, then the same conclusion
holds on gq NGrse N gpmj NGz N Gy.

2| < | Il + Be +EWINE0%,6)| el (106)

Proof. The bound on the estimation error derived in Theorem E.5 yields the following on Gy s p:
IN=2P| < en® 0%, 6). (107)
This means that

X = (M) | < €VP50°, 0)llu. (108)

Moreover,

No_ 1y — )\’wt‘ < ’/\2_11/% — (S\EI))/%‘ + [Ny — (5\1(51)>,¢t|

-~ !
< Mgt = (AD) w| + VP30, 6) s, (109)
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where the second inequality follows from Theorem E.5. It then follows from the definition of z; in (21), and the
bounds (108), (109), that

’ IOgNt(I) (). px

o = Xn| < | Bao=e + £V 0%,0) | [, (110)

/N@

t

or

log NP
2ol < [ IAl+ Be=5= + EV56%,6) | [l (a1

/N@

t
This completes the proof. O

Proposition D.4. When {w; } satisfies Assumptions (2.2, 2.3), then on the set G,NGrseN gpmj NGz, we have the following:
For times t > t that satisfy t ¢ I, on the event

(A + D[]l < Bus, (112)
we have,
[yess — wesr| < by | Baoe + E(N0%,6) | [Bup+1+ —= 31+ bl ]| (113)
\/@ L=r (=1

where By is as in (21). If {w:} satisfies Assumption 2.4 instead of Assumption 2.3, then the same conclusion holds on
GqNGrse NGprei NGz N Gu.

Proof. From Lemma K.2,

Vel < Crp'[[Yio |l + p

B,C !
1_1{1+Zb4|}, (114)
{=1

where Yt = (yhyt—h PN ,yt_p+1)l. Recall Ut = (ut,ut_l, ey ut—q+2)/- Since ||th S ||UtH + ||}/tH’ and ||Ut|| S Buq,
for ¢t > {7 we have,

B,C, kd
¢¢]l < Bug+ Bu + lip {HZIbe}- (115)
=1
For t > t7,
1 N(I)
BBt e(ND.g%,5) < 1, (116)

lze] < (A + D) lleel-
Thus, when (||[A|| + 1)||¢t|| < Bu, we have |z¢| < B, so that from (20) we have u; = z;. This gives,

[Ye41 — wepr| = [br(uy — Ney)] (117)
= |b1(3t - X?/Jt)|

1 N(I)
< by | Bo—22 1 e(NE;0%,6) | [l

L \/ Nt(I) J
O q
Bu<p+1+ ﬁ {HZWI})] :
=1

so that from Proposition D.3 we have,

1 N(I)
<b; | By 08 ¢

+ &N 60%,6)

(118)
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where the second equality follows since u; = z;, the first inequality follows from (110), and the second inequality from (115).
This completes the proof. O

Proposition D.5. When {w,} satisfies Assumptions (2.2, 2.3), we have the following on G, N\ Grsg N mej N Gz: For
t > max{ty,t5} (116),

|ue| < 01By, (119)
where §1 > 0 satisfies (279)-(281).
Proof. Tt follows from Proposition D.3 that for ¢ > max{t}, ¢},
[2e[ < (A 1) lle - (120)

Moreover, from Proposition D.4 for ¢t > max{t},t5} where ¢t ¢ Z, on the event

(Il + D[4l < Bu, (121)
we have,
log NP C a
e — wipt] < by | B 4 E(N30%,6) | [Bu[p+ 14+ —— 14> foel b ] (122)
ND 1—p P
t
From definition of ¢5 we have that for ¢ > ¢3,
o7
[Yer1 — wepa| < 5Bu~ (123)
‘We have,
|wt| S Bw
7
< 3B, (124)

where the second inequality follows from (286). Upon combining this with (123), we obtain that when (|| A|| + 1) < By,
then we have

62
|yt+1| S Bw + ElBu
< 6% B,,. (125)

Now, choose a sufficiently large episode 7, so that its start time satisfies n; > max{¢7,t5}. We will now show that for times

t € {n; +m*,...,n;y1}, where m; > m*2, the following holds:
|ug| < 01Buy, (126)
and |y, 1] < 02 B,,. (127)

We consider the following two cases separately.
Case 1). t € {n; +m*,...,n; +m;}:
From (305) we have the following bound,

m q
Yo, mll < Crp™ Yol + BuCr Y p° {1 +> bé|} , (128)
=1

s=0

Zm* is as in (306).
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where m < m,;. When m > m™, so that it satisfies (307), this bound yields,

||Ym+m|| < By <1 + Oy Zps {1 +Z|bel}>
62 !
= 1731 <1+Clzp {1+;1|be|}>

< 0?By, (129)

where the equality follows from (286) and the last inequality from (290). This shows that (127) holds. Since |u:| <
B, ¥Vt € 7, (126) also clearly holds.

Case 2). t € {n;+m;+1n;+m;+2,...,n;41}: For v < mn;4q, assume that (126), (127) hold for times
t € {n;+m*,...,n; +m;,...,v}. We will show that (126), (127) also hold for t = v + 1. Note that we have al-
ready shown above that they hold for ¢t € {n; + m*,...,n; + m;}.

‘We have,
(A + Dbl < A+ Dy + gl + -+ [gor1—p| + | + 1| + o+ |up—g41])

< (Il + 1) (67 + ¢01) B,
< By, (130)

where the second inequality follows from the induction hypothesis (126), (127), and the last inequality follows since d; has
been chosen to satisfy (279) for § = 6*. Since (||| + 1)||¢v+1]| < B, it follows from (125) that

Yy 12| < 02 By. (131)

This shows that (127) holds for ¢ = v + 1. It remains to show that we have |u,1| < 61 B,,. Consider the bound on ||U||
derived in Lemma K.1 (ii),

ti—to—1 P
[Us || < Crp™ =" ||Uy || + ﬁ > {|wt1+1—s +> a€|yt1+1—s—é|} ; (132)

h = =1
where t; > ¢o. Consider time ¢y € {n; + m*,n; + m* + 1,...,n; + m;}. Then |w;| < B, < 3’552 , where the second
inequality follows from (286). Our induction hypothesis yields that |y;| < B,0% for times t € {to,to+1,...,v},
and also |u;| < 1B, fort € {tg + 1,...,v — 1}, and we have shown above that |y, 12| < §%. Consider the vector
Upi1 = (Upg1, Uy, ... ,u,,+1,q+2)/. Note that it follows from our induction hypothesis that ||U;, || < §1B,q. Upon

substituting these bounds into (132), and setting t; = v + 1, we obtain the following,

‘& L Bl L
[Ups1l < Crp"*1 7106, B, Q+ - Z { ' +Z|aé|5 By }

s=0

+1—t Cly 2 s 5% " 2
uw| Cip 019 + — by §+e:21|ae\51

s=0

v—to P
1
_ v+1—to
_61Bu<01p q+5—Zp {2+;a£|}>
< 61Buy, (133)

where the last inequality holds since v is sufficiently large and §; sufficiently small, i.e.,

(134)

-1
o 1 <
M{2+¥|a5|}] . (135)
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The first condition holds since episode duration H is sufficiently large, i.e.,

H+1—(ni+m*)210gp<2cl q). (136)
1

while the second holds because ¢, satisfies (279)-(280).
We have thus completed the induction step, and shown that (126), (127) holds for all ¢ € {n; +m*, ..., n;41}.

It remains to be shown that |u:| < §, B, for times ¢ € Z. But we already have |u:| < B,, < §1 B, where the last inequality
follows from (283). This proves the claim. O

Proposition D.6. When {w,} satisfies Assumptions (2.2, 2.3), then the following holds on the set Gg N\ Grgg N gpmj NGz
Sort > max {t7,t5}:

¥l < Byo1. (137)

<1+Clzt:ps{1+;bel}> +q

s=0

If instead {w. } satisfies Assumption 2.4, then the same conclusion holds on Go N Grsg N gpmj NGz N Gy.

Proof. We have shown in Proposition D.5 that on G, N Grsg N gproj N Gz, for t > max {t}, t5} we have,

[ue| < 1B,
and hence,
U]l < qBuo1. (138)
Also,
|wi| < By,
< Bydy, (139)

where the second inequality follows from (283). Upon substituting these bounds in Lemma K.1-(i), we obtain,

t q
IYell < Cup!|[Yoll +C1 Y~ p° {thsl + |bz|Utsz}
(=1

s=0

t q
< C1p'||Yo| + Bub1Cy ZPS {1 + Z |be}
=1

s=0

t q
< B,y <1+Clzps{1+2|bg|}>, (140)
=1

s=0

where the first inequality follows since |us| < d1 By, and the last inequality follows from the definition of ¢5(p) (96), and
since t > t5. Since
= (yt;yt—l, ce Yt—pt1, Ut—1, Ut—2, . - . ,Ut—q+1)/7

we have ||¢|| < |Yz]| + || Ut

|. The proof is then completed by substituting the bounds on ||Y;|| and ||U]|. O

Lemma D.7. When {w,} satisfies Assumptions (2.2, 2.3), then on the set G; N\ Grsg N mej N Gz, for t > max {t},t5},

and t ¢ T, we have uy = z. If instead {w.} satisfies Assumption 2.4, then the same conclusion holds on GoNGrse N
gprgj N gI N gw-

Proof. From Proposition D.3 we have,
[2e] < (I 1) lle -
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From Proposition D.6, we have,

[[e]l < Bué:. (141)

t q
<1+Clzps {1+Zbe|}> +4q
s=0 (=1

Upon combining these two bounds, we obtain,

|2e] < ([IAI+1) Byéy.

t q
<1+Clzps {1+Zbe|}> +q
s=0 (=1

Now, it follows from (20) that for ¢ ¢ Z whenever |z:| < By, the input u; is set equal to z;. Thus, when

t q
(Il +1) (1 +O Y {1 +Z|bz|}> +aqlo <1,
s=0 =1
we have u; = z; for sufficiently large ¢. This condition is true since J; satisfies (281). O

E. Estimation Error

PIECE uses multiple estimators while designing inputs {u;}. A recursive estimate of A using all the samples until ¢ is
generated as in (17), and denoted by \;. Let 6; be the LS estimate of 8* using all the samples until time ¢. Let

9t<z>:<a<z> DD b0 D b(z))7

1,t>a2,t7"'a p,t 2 V1t st Vgt

be the least squares estimate of 8* using only the samples collected during the exploratory instants Z. We have,

VO =L+ Y 6.0l (142)
s<t,s€T
‘We have,
-1
o = (VD) | X b | (143)
s<t,sc€T
Definition E.1. Define,
GrLsE =
' - e
det(V,77)2
. ’ 2 t
wi| D dews DA > ¢ew, | <402 log ENGETE Yt . (144)
s<t,s€T s<t,s€T s<t,s€T 5)\min(Vt )
Lemma E.2. We have,
P(Grsg) > 1 —0. (145)
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Proof. The estimation error at time ¢ satisfies,

* T I~ —
6 = o112 = (V) YD els)w(s
s<t,se€l
2

IN

T T
IV 22 ST g,
s<t,se€T
/

— / —
IR X s [(0P) ] () X o
s<t,se€T s<t,se€T
/

T —-1/2 T -1
:H(Vt( )) P{ D dsws (Vt( )) D bws
s<t,se€T s<t,se€T
1

| ) (W) T b (146)

1)
)\min(V; ) s<t,s€T s<t,s€Z
/

% > v | (W) | X e . (147)

(7)
min(vvt ) s<t,se€T s<t,s€Z

The proof then follows from (294) by letting s = ws and X3 = ¢s. O

Lemma E.3. On G sz,

(p+q)log ()\max <Vt(I)>) — 2log(d)
Amin (V)

6 — 6|2 < o2

Proof. Follows from the bound (146) and the definition of G s 5. O]

It follows from Lemma E.3 that in order to bound the estimation error, we need to derive an upper-bound on Ay ax (V;(I)> .
This is done in the following result.

Lemma EA4. [f {w,} satisfies Assumptions (2.2, 2.3), then

Amax (VD) < <01|Y0||+ {HZlbﬂ}) +qB2 | NP +1, v, (148)

Proof. Since Amax(V;F) < > e<t.sez #s]I?, we will derive an upper-bound on ||¢,||:

C q
lgs]l < CullYoll + 1p{1+Zlbe|}+un, vs e 7. (149)

(=1

Since |us| < By, and |w,| < B,, < B,, Lemma K.1-(i) yields

t—1 q
Vel < C1p'|[Yoll + C1Bu Y p° {1 + Z |bz}

s=0

< 1| Yo + {1+Z|be|} (150)
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. i
Since ¢r = (Y, Ye—1,- -+ Yt—pt1, U, Ug—1, .., Ut_qs1) » We have,

el = [1¥2l* + 102

C1B I ’
< CillYoll+ =21+ > Jbel ¢ | +aB2, (151)
I=p =1
where U; = (us, U1, ..., us_qr2) . The proof is completed by noting that )\max(Vt(I)) <D ectiser llds |2 O

It follows from Lemma E.3 that in order to obtain an upper-bound on the estimation error, a lower bound on )\min(Vt(I))
under the proposed learning algorithm is required. This is derived in Section F. This is then used to prove the main result on
estimation error below. Define the function,

£(:0,0) = (p +2q6);zg(w)
(p+q)log [(cl(e)nm + G081 S n@))) + B2+ 1] —2log(9)

+ 202 (152)

Psx ’

for # > 0 where f3 is as in (210), and o2 is as in (158). The sets gq,gLSE,gproj,gI,gw,ngB are defined

in (60) (144), (250), (157), (291), (270) respectively. We now state the main result of this section, that states a high-
o : * _ oD

probability upper-bound on the error ||6* — 6,7 ||.

Theorem E.5. If {w;} satisfies Assumptions (2.2, 2.3), then on the set Grsg N Gproj N9z N Gy2, the estimation error can
be bounded as follows,

16* — 67|12 < &(NF; 6%, 6), (153)

where the function (-, ; 9, 0) is as in (152). If instead {w; } satisfies Assumption 2.4, then the same conclusion holds on the
set G155 N Gproj N 97 N G2,

Proof. Follows from Lemma E.3, Lemma E.4 and Theorem F.4. O

F. Lower Bound on )\min(‘/;(z))

The required theory of projections is developed in Section F.1. This is utilized in order to obtain a lower bound on the quantity

)\min(V;(I)). This lower bound is used in Section E for controlling the estimation error. This is stated in Theorem F.4, which
is the main result of this section.

Consider the ARX model (2), repeated here for convenience,
Y = a1yi—1+a2ys2+ ...+ apyip +brug1 +bouy o+ -+ bguyg +wy,t=1,2,..., (154)

where ug is F4_1-measurable, while y, is Fs-measurable. Consider the design matrix associated with 6;, the LS estimate of
0 at time ¢,

Yr—1 - Yr—p Ur—1 - Ul—gq
v, = : (155)
Y—1 - Yt—p Ut—1 -+ Ut—gq
where I > max{p, ¢}. Also let,
Us = (Us—1,Us—2, - Us—q) - (156)
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Lemma F.1. Define the event,

t (7)
N,
gI = >\min < § UQUé) > Uth(I) - qBi 2N1‘(I) 10g<q6T> ’ (157)
s=1

where a2 is the variance of the exploratory noise, i.e.

o2 :=E(u}), teT. (158)
We have,
P(Gz) >1—6. (159)
For
2B4 N(I)
> log<q ., (160)
O-E
on Gz, we have,
. T2 (D)
Amin U U | > Z2eND, 161
() = o
Proof. Since,
Amin | D UUL| 2 Amin | > UUL |, (162)
s<t seZ,s<t

we will instead derive a lower bound on the latter quantity. For ¢ # j, consider the (i, j)-th element of the matrix
Y sez.s<¢ UsUL. Thisis given by >~ us_;u,_j, without loss of generality assume i < j. Define new random variables
{@s} such that @ is the s-th exploratory input.

This sum » ;- us_jus_; is equivalent to ) | sy, ;. Now consider the filtration {]:'5} defined as follows: F; is the
sigma-algebra generated by {iis}5_,. Now, {@sfistj i, Farj_i_1} is a martingale difference sequence. By using the

Azuma-Hoeffding inequality we deduce,
€2
<) =200z

t
P ’ it
s=1
q2N7(:~r)

where ¢ < N;I). Letting = \/ 2t(B§)2log(5>, we deduce that the event

t o~
{ ‘ Zs=1 UsUs4j—i

over t, and all possible ¢ # j, we conclude that the probability of the following event is less than §/2,

(T)
> \/Qt(Bg)ZIOgCIQJZT) } , has a probability less than #. Upon using a union bound
Ny

2N(I)
> 2t(35)2log<q 5T ),Vt1,2,...,N§1),vz‘,j6{1,2,...,(1},@'7&]' . (163)

t
‘ § UsUs4j5—i
s=1

(1)
One may note that (163) is equivalent to the off-diagonal entries of Zsez,sgt U,U! being less than B2, |2t log (qN5T> .

The diagonal terms of ), ., UsUg are Y _ @) @2. Upon using Azuma-Hoeffding and a union-bound on ¢ on the
= =7t
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process {a2 — E(a2)}, we deduce that the following event has a probability less than 4,2,

. ~2 ) 4N;I) (1)
(Zus —tB(a2)| > || 20(B2)?log | L |, vi =12, NG b (164)
s=1
The proof then follows from the Gershgorin circle theorem (Horn & Johnson, 2012). O
Let I > max{p, q}. For ¢ € Z, define,
y(t)(f) = (y1757"'7yt75)7 (165)
u®(0) == (ug_g,urg1—0, ..., us—g), and (166)
wW(0) = (Wi, wrgr—e, - wig) (167)
Define,
uI*l PR quq
D= - (u<f>(1), . ,u(t)(q)). (168)
ut*l PRI utfq

The design matrix ¥, (155) can thus be written as
v = (500,50 ), Dy). (169)

In the sequel, we will omit the superscript ¢ when it is clear from the context. Let d be a column of ¥,, and d its projection
onto the linear space spanned by the remaining columns of ;. We will derive a lower bound on the quantity ||d — d||. This
will yield us a lower bound on A, (¥} %) since from Lemma J.1 we have,

(p+q) |d—d|| > Ain (V%) > (p+ )" ||d — d]|. (170)
Also define
. pgB2  8pgB2  2c? log(%)
tx ) :=inf<t : Y Y
2 2, Albl? p2 4B I
B +2||Yo|* + 0-p)2 Bq+ a=” \, 2¢% log(3) y 2B Io qNT(« ) (171
P 3)5 2 7 5 '
(c1/3) (c1/3) O¢

To ease notation, we will occasionally omit the dependence of t%,,(p, ) on p, §. The sets G G are defined in (250)

cov proj>
and (157) respectively.

Proposition F.2. Consider the ARX system (2) and assume that {w} satisfies Assumptions 2.2 and 2.3. Let d be a column
of Dy, and d its projection onto the linear space spanned by the remaining columns of V. Let ¢ > 2c1, and define,

By = /4 , (172)
6 |:2||Y ||2 + 4||b]|2 B2q + 4337 :| + 4B2
pll70 p(l—p)> "u p(1—p)® w
where ¢y is as in (5). On the set gpmj N Gz, we have,
. U2N(I) . N
Ja-d > T 1a i ] fore > 00, (73)
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Proof. Consider a column d = (dy, ..., d;) of D;. Let D* be the sub-matrix of D; consisting of all the other columns
exceptd. For £ = 1,2, ..., let D*({) be the matrix (y* (¢),y® (¢ +1),...,y(p), D*).For £ = 1,2,...,p, let d; denote
the projection of d onto L(y(¢),y(¢ + 1), ...,y(p), D*). Let dy be the projection of d onto L(D*).

We begin with deriving a lower-bound on ||d — do||. We have,

Amin (DI/ﬁDt)
q
Uth(I)
2

ld — doll

V

> (174)

where the first inequality follows from Lemma J.1, while the second follows from Lemma F.1 since D;D; = Zi: LUUL.

This shows Apin (D} Dy) > U—;Nt(z). Upon substituting this into (174), we obtain

. 2N(I)
ld — do|| > Tt (175)
2q
Now we will derive lower bounds for ||d — dg|| for £ = 1,2, ..., p. We will show that
Id—de|® > ||d—do|? P, =1,2,....p, (176)

where 8, > 0 s as in (172). We will prove this via induction. We begin with £ = p. Consider the vector y*) (p). Its i — I-th
element (7 > I) is y;_p, and is equal to

Yiep = Q1Yi—p—1+ Q2Yi—p—2+ ... + QpYi—p—p T b1Ui_p_1+ ...+ bgUi_p_q + Wi_p.
This can be written in vector form as,

YD) = Wieps-- s Yi—p)

= (vryee ey 0) F (Wr—py ooy wi—p) (177)
= (vr,..., ) +w(p), (178)
where
Vi = @ Yi—p—1 + T OpYi—p—p T 01U+ DU pg. (179)
Let v := (vy,... ,vt)/. Note that v; is F;_,_; measurable. Hence u;, and therefore also h; are F;_j,_; measurable.

From (177), d,, is the projection of d onto L(D*,v + w(p)). Let i,(p) be projection of w(p) onto D*. Let v* be the
projection of v onto L(D,y® (p)). Let 4jo(p) be the projection of y*) (p) onto L(D*). Let © be the projection of v onto
L(D*). Define,

7 t
Spim1v 1og+<'d‘5dp>v 2log<Z||¢s||2>, (150)
s=1

A~ t
Si:=1V 4 [log" (M) V| 2log (Z II¢SII2>. (181)
s=1

It follows from (310) that the conditions of Theorem F.10 are satisfied, and hence we can use Theorem F.10 and obtain the
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following after performing some algebraic manipulations,

. = dol[2 {Jlo — w2 + [1w(p) — iy ()12 — S5}
=™ = S Tw) — @@ + 2o — ol (o — 3] + 32
ld— dol[2 {Jaup) — o (D)2 — S5}
= o =D+ Talp) — o @I + 2o — ol (T — o + 5]
ld— dol[2 {lawp) — sy ()2 — S5}
30— D2 + Tule) — @I + 20— o158
I — do2 {Jaup) — o (P2 — S5}
6l (yD(p) — 9o@) 1> + Tllw(p) — @o(P)]1? + 2[|v — 0[|S4
I — dol? {[lw(p) — (@) — S5}
2 SO @I + TTwlp) — o) 1 2o — o15s

(182)

(183)

where (182) follows since y(p) = v + w, so that y(p) — J(p) = v — d + w(p) — @(p), and hence ||v — 5| < 2|jy(p) —
9(p)|I* + 2||w(p) — w(p)||*. We will now derive bounds on various terms in the numerator and denominator of (183), which
will allow us to lower-bound this expression.

Recall Y = (Y4, Yi—1,-- - Yt—p+1) - Since y (p) = (yr—_p, - - -, Yt—p), e have,
Iy @)% = 1¥epl* + Viopl® + - 4 Ve oy I (159

After bounding ||Y;_ |1, [ Yi—2p|1?, - . ., [|[Ys— ¢ || using Proposition (K.5), and performing algebraic manipulations, we
obtain,

2t 4b]|%t 4B2t
@) < )2+ A pzg . Bul (185)
p p(1=p) p(1—p)
Proposition F.7 gives us the following lower bound,
. 2 1
lw(p) = @(p)|” = ter — 4 [2tc? log| <
t 2 t
4 X35
—p {1Viog" (W) V2log| g x Zuf , Vt, (186)
j=1
where c; is as in Assumption 2.2.
We also have,
lw(p) = @@)|* < ' (p)|?
< B2t, Vt. (187)
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Since from (179) we have v; = a1¥i—p—1 + ... + Gp¥Yi—p—p + D1Ui—p_1 + ... + Dgtli—p_q = (a,b) - P;_p, We get,

[0 =3[l < o]

t—p
<l b)lly| Y sl
s=1

4||b|\ ol 4
< |l(a,0)| ZzHAsn Y012 + SN v o Bkt aBi
1

s=1 /4=

4Hb|| 4
a,b 21| As||2||Yol|2 + QB?U + Bﬁ

s=1

4
< fl@.b)] ZzuAsn Ioll2 + (' s B ani (188)

where the third inequality follows from (314).
Substituting the bounds (185)-(188), and also |us| < B, into (183), we get,
1" —dP|? = (1d® - dg”|1* - T, v, (189)

where,
. tey — y/2tc®log(3) — p {1 \/log+(@> % 210g(qBﬁt)} — 83 (150,
[”IIYH2 I B2g + e } +TtB2 +2-Ts - Sy
with,
Ts == ||(a, )] Z2||A 121 Yo12 + A[lel™ B2gt + A B2t + qB2t. (191)
= 1-p " -
After performing some algebraic manipulations, we get that for ¢ > ¢, (171), we have,
7}) > 01/4
[ 1Yol + 4lb[1 B2q + 4BL | 4+ 7B2
p(1—p)® " p(i—p)? w
= f, (192)
or equivalently,
1d® — dP |12 > [|ld® — d |28y, vt. (193)

Next, suppose that (176) holds for £ = m + 1, m + 2, ..., p. We will show that (176) holds for £ = m. Once again, similar
to (177), we have,

y(m) = v +w(m), (194)
where the ¢ — I-th element (z: > I) of v is y;_,, and is given by,
Yi—m = 01Yi—m—1 + @2Yi—m—2 + ...+ ApYi—m—p + bOUz’—m +...+ bqui—m—q-

This shows that d,,, is the projection of d onto L(D*(m + 1),v + w(m)). Let 1y, (1) be the projection of w(¢;) onto
D*(£5), and v* the projection of v onto L(D*(m + 1), y(m)). It follows from (310) that the conditions of Theorem F.10
are satisfied, and hence we can use Theorem F.10 and arguments similar to (183) to obtain the following:

ld = di* 2 ||d = dms1 |- (195)
This completes the induction step, and hence we have shown (176). The proof of the claim then follows by substituting (174)
into (176). O]
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Proposition F.3. Consider the ARX system (2) and assume that {w;} satisfies Assumptions (2.2, 2.3). Let ¢ be a column of
the matrix (y,(1), ..., yn(p)), and ¢ be its projection onto the linear space spanned by the remaining columns of

U, = (y(t)(l)7 L yD(p), Dt)7 where Dy = (u(t)(l), cul? (q)) (196)

If instead {w, } satisfies Assumptions (2.2, 2.4), then on mej N Gz we have,

. et . /2 *
— ¢ >4/ — 1A vVt >t 197
HC C” = 4 |: 26{3121,1.,1..,;0} ﬁ2 :| ) = Ycov> ( )
where t% . is as in (171), and
By = (c1/3) (198)
2 342 [QHY 12 + 41[b]12 B2q + 4B3 } + B2 '
LLp 20 p(1—p)? Pud T p(1—p)? w

Proof. Let the column c be y*)(¢), where £ € {1,2,...,p}. Also let U* be the sub-matrix of ¥, obtained by removing
y® (£). Recalling that y®) () = (yr_¢, ..., yi—¢) and

u(t) (m) = (uffmu UT41—my - -+ 7Ut7m)/7
define the matrix,
V() == (y(l+1),y(+2),...,y(l +p),u(0),u(l),...,u(l +q)).

Let Ly be the linear space spanned by y(1),4(2),...,y(¢ — 1) and the columns of W(¢). Since L(W¥*) is a subspace of Ly,
clearly,

[ly(£) = proj(y(€), LIY*))[| = lly(€) — proj(y(£), Le)|-
Thus, in order to show the claim, we will derive a lower bound on ||y(¢) — proj(y(¢), L¢)||. Let @,(¢) be the projection of
w(¢) onto L(W(¢)).

Fori=1,2,...,¢ — 1, let m; be the projection of y(¢) onto L(y(¢ —3),...,y(£ — 1), ¥(£)). Also let 7y be the projection
of y(¢) onto L(¥(¢)). We will now derive lower bounds on |ly(¢) — m;||. We begin with i = 0. Now, y(¢) is a linear

combination of the columns of ¥ (¢), and w(¢) = (wy_g,...,wi_p)’,
p q
y(0) = asy(t+s)+ > bau(l + s) + w(l). (199)
s=1 s=1

Since the vectors {y(¢ + s)}£_,, {u(¢ + s)}?_, belong to ¥(¢), we have,
y(0) —mo = w(l) — wy(0). (200)

Hence, we will now derive a lower bound on w(¢) — @, (¢). From Proposition F.7 we have (c is as in 265),

l+q 2 4p 2
1 _qollu(s + _ y(s
() = oy (O)]|* > ext — 4 | 26c? log(5> -p {1 Vlog* (ZSO et 525*“1 lyte)) )

lw

l+q l+p
v1og<Z lu()[>+ > ||y(s)2>}- (201)
s=0

s=0(+1

Now Y4 [lu(s)]|2 + Zii‘éﬂ ly(s)||? can be bounded by B2t + 2t||Yo | + %Bﬁq + éf_;%)t? using techniques as
in (184), (185). Thus, when t > t*

cov’

Clt

() - g0 = 5,

(202)
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which when combined with (200) yields,

it
ly(€) = mo* = = (203)
Next, consider 7 = 1. We have
p—1
y(l—1) = ary(t) + Y aspry(C+ s) + w(l — 1), (204)
s=1
where w(¢ — 1) := (wy_g41,. .., Wn_ey1). Since the columns {y(£ + s)}7Z] belong to ¥(¢), we get,
L(y(€ —1),¥(0)) = L(a1y(¢) + w(l — 1), ¥(£)). (205)

Hence, setting v = a1y(¢), we can use Theorem F.10 to obtain

ly(€) = m1* = [ly(€) — mo|*x
lw( = 1) — iy (£ = 1)]* — Ss

3a70(0) — 7ol + 0 — 1) — (€~ DI + 28 ly(0) — moll 200
where @, (¢ — 1) is the projection of w(¢ — 1) onto L(¥(¢)), and S3, Sy are as in (180), (181).
Similar to (185) we have,
ly(£) = moll* < lly(O)]1?
< vy 4 O o, ABut (207)
p p(1—p) p(1—p)

Upon substituting this and the bounds (186)-(188) into (206), and performing algebraic manipulations similar to the proof
of Proposition F.2, we obtain,

ly(€) — m1|]* = [ly(€) — mo||? - Be. (208)

The proof is then completed by induction.

O

The following is the main result of this section and provides a lower bound on the minimum eigenvalue of W} ¥, that holds
w.h.p.

Theorem F.4. Consider the ARX system (2) and let {w.} satisfy Assumptions (2.2, 2.3). On gpmj NgznN ngB , for times
t2 tzO’u’

Amin (T30;) > B3N, (209)

where,

2
O, . 0/2 C1 . £/2
= (Ze AlE , 210
Pa <2q ee{glll,r.lu,p}ﬁl > (4 ee{én,ll,r.l..,p}BQ ) (210

and Wy is as in (155). Same conclusion holds for {w;} satisfying Assumptions (2.2, 2.4) on the set gpmj NngrnN gw%B.

Proof. Follows from Propositions F.2, F.3, (170) and noting that Nt(I) < +/t under the proposed algorithm, after some
algebraic manipulations. O
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F.1. Properties of Projections

The material in this section contains “finite-time version” of the results in (Lai & Wei, 1982a). More specifically, the proof
of Theorem F.4 relies upon finite-time versions of Corollary 2 and Theorem 5 of (Lai & Wei, 1982a). In order to obtain
these finite-time results, we will derive non-asymptotic versions of several results from (Lai & Wei, 1982a). The results in
this section are of independent interest, and have much wider applications. The main result of this section is Theorem F.10,
and it is used in the proof of Propositions F.2 and F.3 while deriving a lower bound on the minimum eigenvalue of the
covariance matrix.

Within this section we consider stochastic processes {xs } 71, {ws} 1, {25}, {vs} 1, where 25 = (251, 25,25+ - - Zs.p)
is a vector-valued process. While performing analysis, we will be interested in ¢-dimensional vectors created from the
first + components of these processes, with time index ranging from 1 to . Hence denote Z(*) = {zij h<i<t1<j<ps
2O = (zy,29,.. ., 2), w® = (wy,wa,...,w) and v = (v1,vy,...,v;)". For a matrix M, we let L(M) be the linear
space spanned by its columns. When the time ¢ is clear from the context, we will omit the superscript ¢, which will be mostly
the case in this section since the analysis is performed for a fixed ¢. So we will write 2 in lieu of z(*), and so on. Only when
we explicitly want to depict the dependence upon ¢, will we use a super-script. Let Z, w, © be the projections of the vectors
x,w,vonto L(Z). {w,} is a martingale difference sequence w.r.t. {F,}. For each s > 1, z, v, 2z, are F,_1 measurable
random variables. In this section, we will derive the results for the case when {w;} is either bounded (Assumption 2.3) or
sub-Gaussian (Assumption 2.4).

Theorem F.10 is the main result of this section, and allows us to lower-bound the minimum eigenvalue of the covariance
matrix. The following is the finite-time version of Theorem 4 of (Lai & Wei, 1982a).
Theorem E.5. [f {ws} satisfies Assumptions (2.2, 2.3), then on gpmj (250) we have,

(z—2)- (w—w)=(z—2) w=zx - (w—w)

t P
<llw =2 q1v 10g+(x ) 202 lo ZZ? : @11)

If instead {w} satisfies Assumptions (2.2, 2.4), then (211) holds on gpmj N Gu.

Proof. Let J be a non-empty subset of {1,2,...,p}. We will use Z 7 to denote the ¢ x |J| matrix formed by the vectors
{(z1,5,22,5,.--»2t,5) 7 €T} Also, fors =1,2,...,t,let Z, 7 be the | 7|-dimensional column vector with components
Zs,i,t € J. For each non-empty subset J of {1,2,...,p}, define the following stopping-time,

¢
77 := inf {E : Z ZS7JZ;“7 is non-singular } ,
s=1

where we let 77 = oo if the set on the r.h.s. is empty. For times ¢ > 77 define,

Y -1
Vog = (Z Zs,aZ;,g> , (212)

s=1
while for £ < 77 we let Vp, 7 be the Moore-Penrose generalized inverse of Zﬁzl Zs g Z; 7- Let,

L
Xog =Y x.Zsg, wherel=12 .t (213)

s=1
Let 2:(7) be the projection of z onto L(Z 7). We have,
proj(z, L(Z7)) = (Z1,57: Z2,7+- - -+ Z,5) V.7 Xe,7- (214)
Thus,

t
(2 = proj(@, L(Z5))) - w = Y_ {ws = X; sVis Zoos | s, @15)

s=1
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and also,

t

, 2
& = proj(z, LZ I = Y (s = X1 g Viw Zons ) (216)

s=1

Assume that we have that there exists a 7 s.t. we have 77 < co. By using Lemma F.13, we obtain that the following holds
on gproj (250,

|(z — proj(z, L(Z7))) - w|

. t
: +( llz = proj(z, L(Z7))||
< |l& — proj(z, L(Z7))|| - max \/log ( 5 , 1202 log Z Zzgj . (217)

jeJ s=1

For times t > 7.7, we have () = proj (x(t), L(Z‘(;))).
This completes the proof. O
Theorem F.6. If {ws} satisfies Assumptions (2.2, 2.3), then on mej (250) the following holds,

t 2 t j
17
[ ®]* < p {1 vje{rln2ax o log™ (225_(51”) V207, 10%( E Zfé) } , V. (218)

If instead {w,} satisfies Assumption 2.4, then (218) holds on G,, N mej.

Proof. Let Z. ; be the j-th column of Z, and Z’j the projection of Z. ; onto the linear space spanned by Z. 1, Z. 2,...,Z. j_1.
We let Z. 1 = 0. Consider the orthogonal vectors Z. 1, Z.o — Z. o,...,Z.,, — Z. ,. These span the space L(Z). Since w0 is
the projection of w onto L(Z), we have,

~ 2
]|* = i {(ZJ _ ZJ) .w} : (219)

1Z.; = Z.51

J=1

In case the denominator of a summand in the above is 0, we set that term to 0. From Theorem E.5,

; , +(125= 2,51 2 10e (S5 2
‘(Z.’j — Z.yj) w‘ <|Z;—Z |l x{1V,|log s V 4| 202 log Z Z 22

s=1m=1

. S22 ¢ il
<125 = Z x g1V log+<s—g”>v 2oalog<ZZz§,m) : (220)

s=1m=1
where in the last inequality we have used | Z. ; — Z. ;||? < || Z. ;| = Zi 1 23 j- The proof is then completed by substituting
the above bound into (219). O

Proposition F.7. If {w.} satisfies Assumption 2.2 and Assumption 2.4, then the folowing holds on the set gpmj N G2

wyB’

1
w® —@® |2 > tey — [ 2tc? 1og<5>

Zi: Z? : ’
—p {1 vje{llrg?)p} log™ <51J Vaoglog( D> 22, | v, (221)

s=1m=1

where G, 2 is as in (266), while g proj is as in (250). If instead {w;} satisfies Assumption 2.2 and Assumption 2.3,
then (221) holds on gpm] N sz . The sets G,, 2 and Guw 2 are as in Lemma F.15 and Lemma F.14 respectively.
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Proof. We have,

lw® —2®|* =

12,50}

>em1 L
—-p {1 \/je{rlnzax log™ ( 51 J \/20 log 2222 (222)

where the first inequality follows from Lemma F.14, while the second follows from Theorem F.6. Both the inequalities hold
on high probability sets. O

Proposition F.8. Define,
ri=x— 1. (223)

Let 7 be the projection of r onto L(v+w), and & the projection of x onto L(Z,v 4+ w). Then,

lz =21 = I7)1* + llo — . (224)
Also,
I17]|? = [r'(v+wi®iw)]2 (225)
lv+w—0—w|?
Proof. We clearly have,
F=F+7 (226)
or equivalently,
r=x—2=r+(z— ). (227)
Since 7 and z — 7 are orthogonal, we get
lz — &% = I171? + ||z — 2> (228)

This proves (224).

Since (= x — &) is orthogonal to L(Z), and & + 4 is the projection of v + w onto L(Z), we have that 7 is also equal to the
projection of 7 onto L(v + w — ¢ — ). Hence,

r-(v+w—10—1w)

I71* = R (229)
which proves (225).
O
Proposition F.9. Let v* denote the projection of v onto L(Z, x). Then,
Il — 6+ w — @) - r-(v+w—{)—w)‘2
= [rl” {llv = v I” + w = b[|* + 2(0 = ") - w} — : (230)

where r = x — I is as in (223).
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Proof. Since v — ¥ is orthogonal to L(Z), its projection on L(Z, x) is the same as its projection onto L(xz — &). Suppose
that this projection is equal to a(xz — &) = a r. Then we have,

v—0=ar+ (v—2ovY), (231)

where the second quantity in the r.h.s. above is the component that is orthogonal to L(Z, x). Since the vectors r and v — v*
are orthogonal,

lv—0]1* = a® 7] + [lv — ™. (232)
Upon taking dot product with the vector 7 on both sides of (231), we get,
r(v—"2)=alr|> (233)
This gives,
r-(v—0+w—w)=alr]*+r-(w—1b). (234)

Note that since = x — Z, it is orthogonal to Z, hence it is also orthogonal to @ so that we have r - w = 0. Upon substituting
this into the above relation, we get

r-(v—0+w—w)=alr|®+r- w. (235)
Taking squares on both sides,
[r (v —o+w—®)* = a®|r|* + (r-w)” +2a]r (- w). (236)
Now,
(v = 0) + (w = D)* = [Jv = 8|* + lw — BI|* +2(v — 0) - (w — D)

= o= 0| + flw — @ + 2(v — 8) - w
=a® [|r|* + |lv = v*[]* + [lw — @|* + 2(v — 9) - w
a® [|7[]* + flv = v*|]* + lw — @[ + 2a 7w+ 2(v — v*) - w, (237)

where the second equality follows since v — ¢ is orthogonal to L(Z), and hence (v — ©) - = 0, the third follows from (232),
and the last follows from (231). Upon multiplying (237) by ||| and subtracting (236) from it, we get,

. . . “\12

Il (v = 2) + (w = D) = [r- (v = 0 +w — )]

= [rlf? {llv = v + lw = @]|* +2(v — v*) - w} — : (238)
This completes the proof. O
Theorem F.10. [f {w;} satisfies Assumptions (2.2, 2.3), then on gpmj (250) we have the following for all t,

[z — 202 >
Nr.
i . (@39)
o= o)+ = i + 20 = o {1v yfog (1250) v 2ot tog(T0, 72, )
where,
|z — & v
_ 2 2 A 12 ~ 112 + - 9
Nr.=|rl?{llv—v*]? + lw —@|*} = [|o — &[> S 1V /log (6) V1202 log ;;Zs,j
. . 1/2
+ v — v 2 2 2
—2llv — "] { 1 Viogh ———" v 207, log SN 24> : (240)

and where r = £ — £, 21 js the projection of £ onto L(Z® ,v® 4+ w®), and (v)* is the projection of v'*) onto
L(Z® 2 ™). If the assumption on {w;} is replaced by Assumption 2.4, then the same conclusion holds on Gproj (250).
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Proof. We note that,

lz = 2|* = |Ir[I* = |7
2 A2 e BN P
R Rl S R Rt ) o)
|lv+w—0—w|?
where the first equality follows from (224), while the second one follows from Proposition F.8.
Next, we derive an upper-bound on the denominator of the above expression. We have,
(v =) + (w = D) > = [[(v = O)|* + [|w = @[|* + 2(v = D) - (w — @)
< l(w =) + [|lw — @]
. 1/2
+2|jv — 9| { 1V log (” ”) V2ozlog( > ) 22, , (242)
s=1j=1

where the inequality follows from Theorem F.5. From Proposition F.9, the numerator in (241) can be bounded as follows,
v +w — o — @|* ~ [r '(v+'wfﬁ*w)]2

= lIrl? {llv = v* I + flw = ®l|* + 2(v — v*) - w} — (243)

The terms (r - w)* and |(v — v*) - w| can be bounded using Theorem F.5 as follows,

(r-w)® = (@ — ) - w]®

~ t
<112 +f lz—2| 2 2
<Jlz—2)?{1Viog ( 5 Vv 202 log ZZZJ : (244)
s=1j=1
and,
o — o] ~y t -

‘(v—v w‘ <o —v*)| {1VIlog™ 5 \/20 log Z zfj —l—Zﬁcz . (245)

s=1j5=1

Upon substituting these into (243), the numerator in (241) can be lower-bounded as follows,

I+ w =5 = dl> = [r - (0 4+ w = 5 = )

. ) . [l — &]|
> el {llo = v** + lw = @*} = [l = 2* { 1V log" = 207, log DD

s=1j=1
X . . 1/2
—2|jv —v¥|| 1\/10g+w\/20310g ZZzgj —&—in . (246)
s=1j5=1 s=1
The proof is then completed by substituting the bounds (242) and (246) into (241). O]

F.2. Auxiliary Results

Recall that {w;} is a martingale difference sequence with respect to {F,}. If J is a non-empty subset of {1,2, ..., p}, then
define 77 := inf {é : Z§:1 Z; 77} 7 is non-singular }, and for times s > 7.7 define,

s —1
Vig = <Z ZWZ,;J> . (247)

k=1

45



Finite Time Logarithmic Regret Bounds for Self-Tuning Regulation

Recall X; = >"'_, x,Z 7. Define,

, 2
sp 0= Z(x - Xtvmzs,j) :

s=1
dy: =z — X, Vi Z4.7,and

Gproj = {w : (1,2) below hold}, where

X

2
) / k—1 ’ k—1
kg Vi-1.9 (Zi:l Zz'sz')wk _ s (Zk,JVk—LJ 2im1 Zi,Jwi)

> : :
=1 1+ Zkthkfl,JZk 1 (1 + Z]; ij—l,JZk,J)
’ k—1 2
u <Zk,JVk*1,.7 >ict Zi,J“’z‘)
02 log +1 ,VJ, sand

N 2
0 k=1 (1 + Z]/q,jvk*LjZk,J)

Q)idsws<\ <1+Zd2> 10g< +Zé ! )V]C{LQ,...JD}, Vt}

t
3)‘ Zwsws
s=1

Lemma F.11.

1 2
< /1+Zw§\/ai,log(+%srs), Vi
S

#(Gp) <5

Proof. Follows from the self-normalization bound. (294)

Lemma F.12. If {w;} satisfies either Assumption 2.3 or Assumption 2.4, then on gpmj (250) we have,

' k-1 2
ES: (Zk,JV’C*LJ Dict ZiJwi) o2 1ou ES:Z p
g O max
1 + Z]/C’jvk;_17jzk,j — w g k,J k,J

k=1 k=1

1
+ 810g(6) + log 8, Vs.

Proof. The following is essentially (2.17) of (Lai & Wei, 1982b),

/ k—1 2
s <Zk TVi-1,7 2o Zi sz')

(; Zi,Jwi> Vi, 7 (; Zi,Jwi> + ; 71 n Z;;Jkaz,JZk,j

Z,;vij—l,j (Zf:_ll Zi,jwi)wk
1+ Z, sVer.9Zkg

S S
=> Zy s VegZrg wi +2)
k=1 k=1

Since V7 is positive semi-definite, this yields,

2
/ k—1
s (Zk,jkal»J > Zi,sz)

kzzl 1+ 7y, 7Vie1,5 2.5

Zy ij 1,7 (Ek— ' Zi,jwi>wk

< Zy Vi o7 wi 42
Z 0.7 Ve7 Zi.g WE Z ¥ 7 Versng

k=1
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We will derive upper bounds on both the terms in the r.h.s. above. For the first term we have,

> Zp, 7Vieg Zig wi = > Zy, 7Ve7 Zieng 0 + > Zy 7Ve7 Zig (W} — E{w}]| Fu1}). (255)

After performing some algebraic manipulations we obtain the following,

> 2k 7Vig Zig oi < o4 log (A (Z Zk,jz,;,j> ) : (256)

k=1 k=1

To bound the second term on the r.h.s. of (254), we note that from the definition of gproj s

- 2
(Zk,JVk—lJ Py Zi,J“’z‘)
1+

2
k=1 (1 +Z,'f,ij_LjZk“7>

. / k—1
S Ly gVe-1,0 (Zi:l ZiJ“"t‘)“”f

’ S
; 1+Zk,ij_1,jZk

2
/ k—1
1< (Zk,JVk*LJZi:l Zi,Jwi) 1
x |02 log EZ

, R
k=1 (1 —&—ZkJVk,LJZkJ)
s (2, .V g ) s (2, .V, L)
fo g Vi—1,7 2im1 Zi g Wi 1 ko7 Vi—1,7 22521 Zi, g Wi 1
< [1+)° o3 log| = +5 | (257)
k=1 (1 + ZkJVkA,JZk,J) k=1 (1 + Zkijkfl,JZk,J)
Upon substituting (256), (257) into (254), we get the following relation,
s ! k-1 2 s
3 (PrsVirs T Zugw) < 0% 1og Anax | S Zrr 21 (258)
>0 max k,J %k, T
= 1+ 2 Vg Zkg v —
2 ’ k—1 2
’ k—1 s Z ! Vi_1,7 Ei= Zi, gw;
. zs: (ZkJVkA,J Dic1 Zi,Jwi> , > k=1 (Z: ;1T+z,gljvk,1,;zk,g ) (259
og :
1 1 + Z,’CJVk_LJZkJ 6
The proof is then completed by performing algebraic manipulations. O

Lemma F.13. If {w,} satisfies Assumption 2.2 and either Assumption 2.3 or Assumption 2.4, then on gpmj (250) we have
the following bound,

t
‘ Z(xs - X;WZS,J>ws S (St)1/2
s=1
" 1/2
St 2 /
X max 1og<g), 282 log (Amax <Z_‘; YY)) Vi (260)
Proof. The following results are essentially Lemma 3 of (Lai et al., 1979),
t t s—1
Z (Is - Xt‘/tZs,J)ws - Z ds Wg — Z&j‘/s—l Z Zj,ij 5 (261)
s=77+1 s=Fs+1 j=1
t
si=si d§(1 T Z;_va_lzm). (262)

s=T7+1
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We now bound each term on the r.h.s. of (261) separately. It follows from the definition of G

proj’ that we have the following
bound on the first term,

t
e B
< /s 1og<%), (263)

where the second inequality follows from (262). Using the Cauchy-Schwartz inequality,

t s—1
Z dSZ;VJVvS_l ZZ'ij ‘
Jj=1

s=F7+1
. 1/2 . (Z/, jVe—l Zs‘:l Z~jw,)2 1/2
<y d§<1 4 Z;JVs_lZSJ) . 57 Vsm1221 Zj.gw;
st el (1 n Z;va_lzw)
9y 1/2
12 ! (Z;,va—l Dyl Zj,ij)

< (s¢)

s=T7+1 (1 + Z;’j‘/slei,\_7>

S 1
< (s)*- [ngu log (/\max (Z ZkJZ,;J)) + 810g<6> +log8

k=1

1/2
) (264)

where the last inequality follows from Lemma F.12. The proof is completed by substituting (263), (264) into (261). O

Under Assumption 2.4, the process {w; } is conditionally sub-Gaussian, and hence the process [w} — E(w?_,|F;—1)| is
sub-exponential (Vershynin, 2018), i.e. we have

P(|w; — E(w;_;|F;—1)| > z) < exp(—cz), Vo > 0, for some ¢ > 0. (265)

Lemma F.14. Define,

! 1 ™\\>. (1
- 2 —
gw%B = SE:1wS >t — 2t<clog<€/)) log<6>, vVi=1,2,...,T ;. (266)

Let {w} satisfy Assumption 2.2 and Assumption 2.4. Then,

P(Guz, ) 21— (5+¢). (267)
Proof. Using the union bound on individual increments and (265), we obtain that the following occurs w.p. less than ¢’,

]P’(Hs c€{1,2,...,T} st ‘wf — E(w§|fs,1)( > i10g<T)> <, (268)

¢
where ¢ > 0.

Upon letting B = X log(Z) in Theorem J.2, and applying (268), the union bound over ¢, and letting € + %, § < =, we
get,

t 2
P Z{wg—E(wg\FH)} < \/%(ilog(Z)) log((ls), Vt=1,2,...,T <5+¢€. (269)

s=1

The proof is then completed by noting that E(w?|F;—1) > ;. O
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Lemma F.15. Let {w;} satisfy Assumption 2.2 and Assumption 2.4. Define,

: 1
Guz = {; w? > eyt — \/2t(2Bw)210g<5) } .

P(ng) >1-4.

B

Then,

Proof. Follows from Azuma-Hoeffding J.2 after noting that |w} — E(w?|F;—1)| is bounded by 2B,,.

G. Duration of the First Exploratory Episode

Recall (11) lasts until the time n; 4+ m that is given as follows,
ny +myp = max {inf{t : by ; # 0}, H1(O,¢€)}.
The quantity H; (O, ¢) is as follows,
H1(0,€) =t1(p) Vt5(p) V13(p) V t5(e1) V 15 (€3, ).

Though these have been defined earlier, we repeat these for convenience,

log Nt(I)

Vo

t7(p) =inf{ t € N: By +E(;0%,0) < 1,C1p"|Yo|l < Bu ¢ »

t5(p) = inf {t eN:

log NP o d 2

By—2t L £(£60%,6)] - |b 1+ 1 b <3,

2\/@+ ( |l it —I—;ld 5
; =

Cupt|[Yol| < 513u}.

()
b Bsy/log N
t3(p) = inf teN:E(t;@*,é)gé, and£>

5 Z

2
2Cu Yol +2(BC {1+ T, [bel}) + B2
t¢(€1) = = 2 , €1 >0

5 o . 02 o - ¢
mln{2q mingeg12..p} 017 G Mingeqr2..p} By’ p €@

te(es,0) =inf {t € N: E(t;0%,0) < bies}, €3 > 0.

H. Choosing 5, the Threshold for Clipping Inputs

We will now describe how to choose B,,. We will also discuss the sensitivity of the algorithm to the choice of B,,.

We begin with few definitions.
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Definition H.1. Let 6 € RP* be a possible parameter associated with ARX (2). Let (61(6), B, (0)) be a tuple that satisfies
the following set of inequalities,

(M@ + 1) (pd1(8)* + qd1(6)) < 1, (279)
-1
% G (Cl( ) ) QBU +Z|ae H > 61(6), (280)
(IA@)]+ 1) ( il { I }>+q ORS e81)
Bw 51(0) Bw 51(9)
< ; < , (282)
Bu®) = 2 T BuO) T (14 20 14 50, b0}
B’w
Bo(0) < 01(9), (283)
Bu(0) > 1. (284)

Here C4(6), p(0) are as in Lemma K.1. When (279)-(283) are required to hold for every 6 € ©, denote a solution to those
inequalities by (91(©), B,(©)) and denote 6; = 61(0), B, = By (0).

Obtaining §1, By,: Our interest will be in obtaining a (§1(0), B, (©)). A solution to the above set of inequalities can be
found using the following set of simplified inequalities. It can be verified that a solution to these inequalities also satisfies
the above set of inequalities. Define

M(©) = 1 be( 285
©) 3691_ {+Zz } (285)
We use
By
By = — - (1+M(9)), (286)

where d; satisfies the following inequalities,

1
0 < 287
'S B Dsupece(L L PO 87
-1

L @00 [ 8
ss i e |mae +Z‘QSZ"” ] 259
1> (sup [N + 1> [M(O) + g] 1. (289)

oe

We now discuss how to compute B,,. In order to compute B,, efficiently, we will assume the following about the set O: (i)
© is a polytope, (ii) supgcg p(0#) < 1 — €1, where €; > 0. Recall that M (©) is as follows,

M(@)—Seal(’: {1+Z|bz }

From the discussion above, we see that in order to set the value of B,,, it suffices to compute the following quantities:

{1+ 300 [be(0)1} at

* Lower bound on M (©): A lower bound is easily computed by evaluating the function 1611,,(?9))
an arbitrary 6 € ©.
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* An upper-bound on M (©):Under our assumption on ©, we have

Since the function >_j_; |be(6)| is convex, and since from Bauer maximum principle (Bauer, 1958) we have that
for a convex function maxima occurs at an extreme point, we can compute the term (supyee {1+ > ¢_; [be(6)[})
by evaluating the function >_7_, |b,(#)| only at the extreme points of ©. It remains to compute an upper-bound on
supgce C1(0), which is discussed next.

* Computing supycg C1(6): Note that Cy (9) is as follows: ||A(0)|| < C1(0)p", ||B(0)"|| < C1(0)p", where p < 1 can
be taken to be any number greater than the spectral radii of A(6) and B(6). Note that the dimensions of A(6) and B(6)
are equal to p and g — 1 respectively. In the rest of discussion, in order to keep notation simple, we will carry out
derivations using the inequality ||A(0)|| < C1(0)p™ only, and it is straightforward to show that the same arguments
hold for that involving B() too. In order to compute an upper-bound on C4 (6), we write A(#) in its Jordan form, and
after performing algebraic manipulations obtain the following,

Ci1(0) < max max kmL")k
= me{1,2,....p} keN (p(0) + €2)*’

where N is the set of natural numbers. Since the objective of the above optimization problem can equivalently be

written as (H_ilez)k, and since under our assumption we have p(0) < 1 — ¢; for all § € O, we obtain
p(0)

supCi(A) <  max  max k"G",

0cO me{1,2,...,p} keEN

where,

€2

g:=1+

)

1-— €1

is a constant that satisfies 8 € (0,1). Since relaxing the constraint ¥ € N to k € R (the set of real numbers) only
increases the optimal value of the optimization problem, we have

supCi(f) < max max z™f".

et me{l,2,...,p} z€R

After solving the inner optimization problem, we get

m "™, m/n(/8)
sup C1(0) < max T 173 / )
sco 1(6) < me{1,2,....p} [ln(l/ﬂ)} )

a((e)
b1(0)

’ can be optimized over O using linear fractional

>

N

bm(0)| " Since the functions "”—w bm (6)

----- 9| 51(0) 51(0) | 7| D1(0)
programming, an upper-bound on supgcg ||A(6)]] is obtained efficiently.

* upper-bound on supgcg ¥y |a¢(f)]: obtained easily since the L1 norm is a convex function, and hence maxima
occurs at an extreme point. An upper-bound is thus computed by evaluating the function Y 7_, |a¢(6)] at the extreme
points of ©.

SENSITIVITY OF ALGORITHM TO CLIPPING THRESHOLD B,,:

We make the following observations: (i) B,, decides the duration of the warm-up phase t* as O(Bi) (Appendix B), and
hence the regret during times ¢ € 7 is O(B2) (Appendix B.4). (ii) 73 = O(B,)? and 74,2 = O(log B,,), so that the regret
during t ¢ 7 is bounded as O(B,,) (proof of Theorem B.5). In summary, the dependence of regret on B,, is O(B3).

30 hides logarithmic factors.
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I. Unbounded Noise Case

Recall that we assumed the following holds,
supE {exp(’y|wt|) ’]—'t,l} < exp(7%0?/2),a.s. Vt. (290)
t

Since the noise is not bounded, we will restrict our analysis to the following set.

Lemma L.1. Define,

T
= < - =
gw {‘wt| >0 log(6>a vt 132a aT}a (291)

where o > 0. Then,

P(GS) < 6. (292)

Proof. 1t follows from Chernoff bound that P(|w¢| > z) < exp(—a?/(20?)). The proof then follows by letting z =
log(%), and using union bound fort =1,2,...,T. [

Buy(T) := oy /10g<§>. (293)

Since unlike the bounded noise case, in which we had |w;| < B,,, Vt, there is no upper-bound on the noise values, the
quantity B,,(T") serves as a high-probability upper-bound. Indeed, most of the results derived so far under Assumption 2.3
continue to hold under Assumption 2.4 upon replacing B,, by B,,(T). Since the analysis of regret for sub-Gaussian noise
closely follows that of bounded noise, we will only highlight the differences between the two.

Define,

We begin with the lower-bound on A, (V4) that was derived in Theorem F.4. Notice that 85 involves Bfu in the denominator,
and hence after replacing it by B,,(T'), we have that 83 w, and hence decays with time-horizon 7'. In order

to compensate for this, the algorithm explores more often, so that we let the episode duration H be equal to 1//5, and

let number of episodes until ¢ be log ¢, which yields Nt(I) ~ 1%—?. With this change, the high-probability bound on the
estimation error derived in Theorem E.5 is modified, so that after x episodes the error is bounded by

b otogtey @ 0108 | (CUONTa + S8 (14 T2, b(@)l) + a5 — 210800
_l’_

2z T

The relation r, < (e; —w;)? fort ¢ Z and t > 5 V t5 \/ t} that was derived in Section D continues to hold, except that now

in the definition of ¢7, t3, t5 we replace B,, by B,,(T") and this introduces additional dependency upon 7'. We now discuss
changes made while analyzing regret in Section C.

The cumulative regret ) -, r; for times ¢ € 7 was determined by multiplying the cumulative number of exploratory instants
NP, with the bound log(T/5) log(T) on ||¢||2, where we had [|¢]|> < B2. We now have N\ > log(T/6) log(T),
while ||¢¢]|2 < log(T'/6). In summary, this regret is now bounded (log(7'/4))? log(T).

We recollect that the analysis of ZtQI ry involved summation of (45), and bounding 75, 73, 74. Thus, we will have to
consider the dependence upon B,, of the bounds derived in Section C.3 on 72, 73, 74 therein. From Proposition C.7, the
bound on 73 is < B, (after hiding terms that are log B, log log B,,), or equivalently < B,,, and hence this bound is
now < By, (T'). Bound on 742 is < log(B,,), which is same as < log(B,,), and hence contributes a term that grows as
log log(%). Upon making the changes described above, we obtain the desired result.

52



Finite Time Logarithmic Regret Bounds for Self-Tuning Regulation

J. Useful Results

J.1. Self-Normalized Martingales Concentration Results

Let {F:,t € N} be a filtration and {n;,t € N} an F;-adapted process such that E {exp()\n(t) ’]-'t_l} < exp(\?R?/2).
1%

Let {X(¢)}1en be a predictable process, i.e., X (t) is F¢—1 measurable. Define V(t) := V + Zizl X(s)X(s)" and

S(t) = 22:1 7(s) X (s). The following holds w.p. greater than 1 — §:

||S(t)||‘27(t)71 < R?log (det(V(t? det(V)>  VteN. (294)

The following result is essentially (3.6) of (Lai & Wei, 1982a).

Lemma J.1. Consider an n x m matrix A = {a; ;}, and denote its columns by A. 1, A.2,..., A. . Let /1] denote the
projection of the j-th column on the linear space spanned by the remaining m — 1 columns. Then

m™ min A — A |> < Auin(A’4) <m min 4. — A |2 (295)

1<j<m 1<y

The following result from (Tao & Vu, 2015) is essentially the Azuma-Hoeffding concentration inequality for unbounded
random variables.

Theorem J.2. Ler { X;}?_, be a supermartingale such that the differences are bounded w.h.p., i.e.

P(3i st |X; — X;—1| > B) <e, (296)
where ¢, B > 0. Then,
22
P(X,, > Xo + z) <exp <2nBQ> + €. (297)
K. Bounds on || Y}/, ||U||
Consider the following vector-valued processes associated with the ARX model (2): Y; = (yt, yt—1, - -, yt,pﬂ)' and
Up = (ug, ug—1, ... ,ut,ﬁg)/. Consider the matrices
_( @ - Gp-1 Gp
A= (Ipl O) , (298)
and,
B= (‘bQ/bl o ‘bq/bl) , (299)
Iy 0

where I,,_1, I, are identity matrices of sizes p — 1 and ¢ — 2 respectively. We have the following bounds, which are
essentially Lemma 2-(i), (ii) of (Lai & Wei, 1987).

Lemma K.1. Consider times t, > tg, and let Assumption 2.1 hold true for the ARX model (2). There exists 0 < p < 1,
C1 > 0 such that:

1
tlftofl q
1Yol < gl i+ Y {|wt1_s| 3 |bz|ut1_s_e} . (300)
s=0 (=1

II We have the following bound on ||Uy||:

B C t1—to—1 . P
[T < Crp" 7" [Ty || + le > oS lwnaosl+ D laellysp1-sel ¢ - (301
s=0 (=1

53



Finite Time Logarithmic Regret Bounds for Self-Tuning Regulation

We note that p above can be taken to be any number greater than the spectral radius of A but less than 1.

Lemma K.2. For the case when |ws| < B,, forall s = 1,2, ..., we have,

Y| < Oy ptr—b||Y; Bu.Cy | y b
V3] < Crp™ 7| t0||+1_p +) ool ¢

(=1

Proof. The proof follows from Lemma K.1-(i) after noting that |ws| < B,, < B, and also |us| < B,, for all s. O

Remark K.3. When we want to indicate the dependence of p on the system parameter, we will write p(6). Similarly for

ag(0),b0(0),C1(0).

We now exhibit a result for |y;|, ¢ € Z that holds for the ARX process evolving under the PIECE algorithm. Note that the
inputs {u;} are chosen so as to satisfy the following bounds,

lut| < By Vt, |ug| < By, fort € . (302)
Moreover, the noise process {w } is also bounded as,
|wi| < By, where By, < B,,. (303)

The exploratory phase Z is comprised of several episodes, where the i-th episode consists of m; consecutive steps, starting
at time n,; and ending at time-step n; + m;.

Since |ug|, jws| < B, we obtain the following bound from Lemma K.1-(i) by setting ¢; = n; and tq = 0:

t1—1 q
[V, || < C1p™ (Yol + BuCr Y p° {1 +) |be|}

s=0
{1 + Z |bg|} (304)

Now, in Lemma K.1-(i), we let tg = n;, and t; = n; + m where m < m;, so that we have t; < n; + m;, and also
3 forn; <t < n; +m;. So,

< Cyp™

m q
HYnH-mH < ClpmHYm ” + Cl ZPS {lwni-‘rm—s' + Z |b€||uni+m—s—€}

s=0 (=1

m q
—|—BwC1ZP5 {1+Z|b£|}

s=0

< ClpmHYm

q
< Cip™ [Cyp™ {1+Z|b/} + By Clzp {1+Z|be}
/=1
m q
< Cyp™ 01||Y0H+ {1+Zbg|} Z {1+Z|bg}. (305)
=0 =1

Define,

(306)

m* = ’V log Bu “
logp "\ [Call¥oll + BeC {1+ T, bel}] - &

Upon choosing m > m*, we obtain the following bound on || Y, £ ||.

Lemma K.4. Consider the ARX system (2) evolving under PIECE, in which {w.} satisfies Assumption 2.3, and {u;}
satisfies (302). Consider the i-th exploratory episode, and let m satisfy,

m* <m <m;. (307)
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Then,

||Yni+mH < Bw

m q
1+Clzp5{1+2|b@H. (308)
s=0 =1

If instead {w, } satisfies Assumption 2.4, the same conclusion holds on G,,,.

Proposition K.5. Consider the ARX model (2). Under Assumption 2.3,

s 4||b||2 . s—/{ 2 4 2
Y, |12 < 2||A%|12|| Yo |* + —— U + ——B2, 309
IYAI1? < 21)4° )2 Yol 1_p<§£=1jp led] > T (309)
and,
/ ( o] 77 ) ( ; ,> L R
Tr(P, ;) < 4{ ] +1]qgTr E U,U, +4[ ] B, t, (310)
1—-p i 1—p

where b = (by1,ba, ..., by), and p is as in Lemma K.1. Note that tr(V,¥,) = ZZ:I lps
time s.

2 where ¢, is the regressor during

Proof. We have,

|wi| < By (311)
We will derive an upper-bound on 22:1 y2. Define,
Us := (bius—1 + bats_o + ... + bgus_q + ws,0,...,0)". (312)
We have,
Y, =AY, 1 + U, (313)
where A is as in (2). This yields,
IYll? = |4°Yo + D A*“Ty?
=1
< 2] A%|P|Yoll* + 21| Y AT ?
=1
s 2
< 21| A% Yol* + 2(2 IIAS_EIIIIUeH)
=1
< 2||A%|2||Yol|? + 2(2 ||AM||> (Z | AS=4|(brue—1 + batg_o + . .. + bgug_q + wg)2>
=1 =1

2 i N
< 2|l 4|1 Yol + T, <Z | AS =8| (bruwg—1 4 botg_o + ... + byug_g + we)2>
(=1

2 e
:2||A3||2||Y0||2+1fp > o)A é|(b'Ue+wz)2>
=1

s 4 e
=2 A PPIIYoll® + T— <Z A== bl NUel® + wﬂ)
L

P =1
(Z P LBl TE]* + wf})

—9 AS 2 Y, 2 4||bH2 s—/{ U 2
=2| ||||0||+17p P U ) +

B

=2 A" PIIYoll® + =

B

2
2Bw’

4
(1-p)
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where the third inequality follows from the Cauchy-Schwartz inequality, and p is as in Lemma K.1. Upon using ||¢s||? =
IY:l12 + [|Us]]?, we get,

46)1? (& 4
ol < 212 val? + T (Zps w?) bl anh G14)

{=1

Summing up the above inequality from s = 1 to ¢t we get,

4 b t s
Z||¢s||2<22\\AS|| vl + A0 (Z o~ fUﬂ) (1 wZnU RIS
2 4||bu2 ( . ) 4 o, )
——Yo|?+ 1U” | + ——=But+ 1Us|". (316)
1—p?2 " 2 (1-p)° Z:‘I

O

<
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L. Simulations
L.1. Methodology

We demonstrate the empirical performance of the PIECE algorithm for a variety of auto-regressive linear systems. We
compare the PIECE algorithm with the standard certainty equivalence approach (Algorithm 2) and the modified certainty
equivalence approach by (Lai & Wei, 1987) (dubbed as LW, Algorithm 3). Table 2 describes the ARX models considered in
the simulation experiments. Example I represents a linearized model of a paper machine (Astrém & Wittenmark, 1973).
Example II is an ARX model for a hairdryer (Ljung, 1998), where the y; is the temperature of the air, and w; is the power
delivered to the hairdryer. The remaining examples are randomly generated ARX systems. Table 3 summarizes the results.

Ex.|pla|wy
T |22 1.283y_1 — 0495y, 5 + 2.307u; 1 — 2.025u; 5 + wy
I | 3|3 | 1.4898y;—; — 0.7025y;_o + 0.1123y;_3 4+ 0.0039u;_; + 0.0621u;_o — 0.0284u;_3 + wy
I | 4| 4| 1.18y;—1 — 0.48y;_2 + 045y, 3 — 0.41ys—4 + 0.28us_1 + 0.14uz_o + 0.16us_3 + 0.03us—1 + w;
IV | 2 ]3| —0.01ly;—1 — 0.46y1—2 + 0.1uz—1 + 0.086us—o + 0.02us—3 + wy
V | 66| —0.66y;_1 —0.79% 2 — 0.2s_3 — 0.03ys_4 + 0.09;_¢ + 0.32u;_1 + 0.06u; 5 — 0.2u; 3
—O.Olut_4 — 0.03ut_5 + 0.00l’LLt_G + wy

Table 2. ARX Models

Algorithm 2 Certainty Equivalence (CE)

Input Horizon, .
7 = inf {t >0:) o, ¢s@, is invertible and by ; # 0}.
if t < 7 then
Generate an exploratory input u; ~ N (0, 02)
else
Compute the estimates 6;_; and A\;_1 as follows:

~1
ter—1 = (Q14—1s-- s Qpi1,D140-1, -+ -y Dgi—1) = (Z ¢s¢;) (Z ¢sys+1> , and

s<t s<t

Ai—1 = (=1/b1—1) (@1 -1, Qpt—1,b24-1,. .. ;bq,tfl)l

Apply control, u; = N,
end if

Hyper-Parameters: PIECE needs two system-dependent parameters and a bound on the absolute value of the noise in order
to compute the algorithm’s hyper-parameters. p is an upper bound on the eigenvalues of matrix A (see (2)) and ||A||2 is the
{5-norm of vector \. The duration of the first exploration episode is ||A||3. In the following table, their values are given
for the three examples described in (5). Other hyper-parameters depend on the system as well as the noise process. B, is
the upper bound for the absolute value of the noise sequence. B, the threshold for the clipping input, and § > 0 are such
that (B, J) satisfies (287, 288 and 289). H, defined as in (12), is the exploration episode duration after the first episode.
Among the noise process-dependent hyper-parameters, we observed that § does not vary significantly across experiments.

System Noise Regret Estimation Error | Terminal Regret
IID Gaussian Noise, o0 = 0.2 Figure 3 Figure 4 Table 5
IID Gaussian Noise, 0 = 0.6 Figure 5 Figure 6 Table 7
IID Gaussian Noise, 0 = 1 Figure 7 Figure 8 Table 9
Random walk with IID Gaussian steps, 0 = 0.2 | Figure 9 Figure 10 Table 11
Random walk with IID Gaussian steps, o = 0.5 | Figure 11 Figure 12 Table 13

Table 3. Summary of Results
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Algorithm 3 Lai and Wei (LW)
Input Algorithm parameters, d > 0,p > 1, Bs > 0, B,, > 0; horizon, H.
IT={1,...,7}UUin,<g {ni +1,...,n; +m;}) where
T =1inf {t >0:) ., ¢s¢, is invertible and by ; # 0}, n; = " (+°() and m; = (logi)°.
if t € 7 then -
Generate an exploratory white noise input u; such that |u;| < B,, loglogt and has mean 0.

else
Compute the estimates étq)p X§{)1 and ); as defined in (15).

(=Bu)V (A;—ﬂ/’t) A (By) if
(=Bu) VvV ((;\EI)1>/1/&) A (B,) otherwise .

o1t — (/\(I)) | <

logN
v el

Uy =

end if

p [RYE 9
Examplel | 0.7036 | 1.06 | 0.0231
Example II | 0.7596 | 423.68 | 0.0001
Example III | 0.8986 5.1 0.0038
Example IV | 0.6782 | 4.69 | 0.0227
Example V | 0.8282 | 3.36 | 0.0104

Table 4. System parameters

So, we kept it constant for a particular system and added its values in the following table. The experiment-dependent
hyper-parameter values are given along with the corresponding experimental results.

System Noise: We perform our experiments for two different noise processes : (i) Gaussian Noise and (ii) Random walk
with IID Gaussian Steps.

L.2. Regret and Estimation Error

Cumulative Regret: We plot the logarithms of the cumulative regrets, log( R;) and highlight the cumulative regret at the
end of the experiment. One of the key issues with many adaptive controllers is their empirical performance in the initial
phase of learning (Lale et al., 2022; Mete et al., 2022). It is evident from the empirical results that CE as well as LW both
suffer from this issue. As described in Section 3, the PIECE algorithm differs from LW with regard to the clipping of the
input as well as the choice of exploration episodes. The empirical results demonstrate that PIECE does not suffer a large
regret at the beginning of the experiments, unlike the LW and the CE controllers. The benefits of the PIECE modifications
of clipping as well as improved exploration strategy are clearly evident as the resulting algorithm has much lower empirical
regret compared to LW or the standard CE controller.

Estimation Error: We also plot the estimation error ||; — 6*||. It is interesting to note that LW has better estimation
error than PIECE. This reiterates the point that the exploration scheme in PIECE is more efficient in achieving lower regret,
which is the primary objective of the controller, at the cost of a higher estimation error.
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Figure 3. Log(Cumulative Regret) averaged over 50 runs for Gaus-
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Figure 10. Estimation Error (||0* — 6,]|3) (Noise: Random walk

Figure 9. Log(Cumulative Regret) averaged over 50 runs (Noise: with 1..d. Gaussian steps, o = 0.2).

Random walk with i.i.d. Gaussian steps, o = 0.2).
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Figure 12. Estimation Error (||0* — 6;|3) (Noise: Random walk

Figure 11. Log(Cumulative Regret) averaged over 50 runs (Noise: with i.i.d. Gaussian steps, ¢ = 0.5).

Random walk with i.i.d. Gaussian steps, o = 0.5).
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CE LW PIECE
Example I 313 364 36
Example 11 N/A 2460117 368
Example III | 16224624 5816 66
Example IV 27935 1969 57
Example V 9888 15644 46

Table 5. Average Regret at 7' = 1000 for Gaussian noise with
mean 0 and standard deviation 0.2.

By, By, H
ExampleI | 0.6 22876.16 45
Example II | 0.6 | 195743858.13 | 85

Example III | 0.6 777879.64 182
Example IV | 0.6 6024.01 34
Example V | 0.6 59334.86 89

Table 6. PIECE hyper-parameters for Gaussian noise with mean 0
and standard deviation 0.2.

CE LW PIECE
Example I 1136155 19059 301
Example II N/A 3115039 | 3259
Example III | 1646089 49267 565
Example IV | 24324377 2304 48
Example V 836005 53870 134

Table 7. Average Regret at ' = 1000 for Gaussian noise with
mean 0 and standard deviation 0.6.

B, B, H
ExampleI | 1.8 65268.34 45
Example II | 1.8 | 558480071.75 | 85

Example III | 1.8 2219381.4 182

Example IV | 1.8 17187.19 34
Example V | 1.8 186218.2 90

Table 8. PIECE hyper-parameters for Gaussian noise with mean 0
and standard deviation 0.6.

CE LW PIECE
Example I 10300 22253 827
Example II N/A 2573490 | 9041
Example III | 6701137 | 28624 1562
Example IV | 6442807 2972 132
Example V | 4012054 | 52550 361

Table 9. Average Regret at ' = 1000 for Gaussian noise with
mean 0 and standard deviation 1.0.

B, B, H
ExampleI | 3.0 115626.85 45
Example I | 3.0 | 989381514.38 | 85

Example III | 3.0 | 3931769.53 182

Example IV | 3.0 27680.15 33
Example V | 3.0 299906.28 89

Table 10. PIECE hyper-parameters for Gaussian noise with mean
0 and standard deviation 1.0.

CE LW PIECE
Example I 947 469 286
Example II N/A 2368557 | 9478
Example IIT | 3760 20722 563
Example IV | 561426 1791 157
Example V | 492781 13770 225

Table 11. Average Regret at 7' = 1000 (Noise: Random walk with
1id Gaussian steps, o = 0.2).

By, By, H

ExampleI | 0.6 22876.16 45
ExampleII | 0.6 | 195743858.13 | 85
Example III | 0.6 777879.64 182
Example IV | 0.6 6024.01 34

59334.86 89

Example V | 0.6

Table 12. PIECE hyper-parameters (Noise: Random walk with iid
Gaussian steps, o = 0.2).

CE LW PIECE
Example I 10438 5030 1772
Example 11 N/A 2258821 | 59209
Example IIT | 481603 22630 3490
Example IV | 1168033 6144 777
Example V | 7172206 | 41842 851

Table 13. Average Regret at 7' = 1000 (Noise: Random walk with
iid Gaussian steps, o = 0.5).

By, B, H
ExampleI | 1.5 53940.78 45
Example I | 1.5 | 461553778.3 | 85
Example III | 1.5 1834199.5 181
Example IV | 1.5 14204.29 33
Example V | 1.5 153899.34 90

Table 14. PIECE hyper-parameters (Noise: Random walk with iid
Gaussian steps, o = 0.5).
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L.3. Sensitivity Analysis

We have examined the sensitivity of three hyperparameters of PIECE, H, B, and B,,. For Example I, we have plotted the
Log(Cumulative Regret) and the Estimation Error in Figs. 13 and 14, respectively, with each parameter varied £10% from
its calculated value keeping the other hyperparameters fixed. We created two systems by perturbing each parameter of the
system in Example I with Gaussian noise of mean 0 and standard deviation 0.025. The plots for Log(Cumulative Regret)

and the Estimation error of PIECE on three systems (Example I and two perturbed systems) are shown in Fig. 15.
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Figure 15. 15a and 15b are, respectively, the Log(Cumulative Regret) plot and the Estimation error plot of PIECE algorithm for the true
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Figure 16. Log(Cumulative Regret) averaged over 50 runs (Noise: I[ID Gaussian noise with mean 0 and o = 0.2).
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Figure 17. Estimation Error (||0* — 6;|3) (Noise: IID Gaussian noise with mean 0 and o = 0.2).

L.4. Comparison with Algorithms Originally Designed for LQ Systems

One could be inquisitive about the performance of learning algorithms originally developed for adaptive LQ problems on
minimum variance control tasks, hence we demonstrate the performance of LQ algorithms for minimum variance tasks. A
popular class of algorithms for LQ system are the algorithms based on the optimism principle such StabL (Lale et al., 2022),
OFU (Abbasi-Yadkori & Szepesvari, 2011). These adaptive LQ algorithms involve choosing a estimate 6;:

0y € arg grencp J(0)

where, C; is a high confidence parameter set and J(6) is optimal average quadratic cost for parameter 6.

In the case of minimum variance control, J(6) is same for all §. Hence the optimism principle and algorithms based on it
can not be directly adapted for minimum variance control. One approximate way to employ LQ learning algorithms on MV
tasks is to utilize a low-norm positive definite matrix in order to weigh the control cost, in the hope that this will approximate
the MV task well. We compare the performance of CE, LW, and PIECE with the following two LQ learning algorithms:
OFU (Abbasi-Yadkori & Szepesvari, 2011), and StabL (Lale et al., 2022). We set the coefficient (since inputs are scalar) for
the control cost to be 1072, and the noise process is IID Gaussian with o = 0.2. The plots for Log(Cumulative Regret) and
the Estimation error of all the five algorithms on Example I, Example II, and Example V are shown in Fig. 16, and Fig. 17,
respectively. CE, LW, and PIECE outperform OFU and StabL by a large margin.
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