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Abstract

We study the control of linear dynamical systems
with adversarial disturbances, as opposed to statis-
tical noise. We present an efficient algorithm that
achieves nearly-tight regret bounds in this setting.
Our result generalizes upon previous work in two
main aspects: the algorithm can accommodate
adversarial noise in the dynamics, and can handle
general convex costs.

1. Introduction

This paper studies the robust control of linear dynamical
systems. A linear dynamical system (LDS) is governed by
the dynamics equation

(1.1

i1 = Axy + Buy + wy,

where x; is the state, u; is the control and w; is a disturbance
to the system. At every time step ¢, the controller suffers
a cost c¢(xt, us) to enforce the control. In this paper, we
consider the setting of online control with arbitrary distur-
bances, under known transition dynamics specified by the
matrices A and B. Formally, the setting involves, at every
time step ¢, an adversary selecting a convex cost function
¢¢(z,u) and a disturbance wy, and the goal of the controller
is to generate a sequence of controls u; such that a sequence
of convex costs ¢;(x¢, ug) is minimized.

The above setting generalizes a fundamental problem in con-
trol theory, such as the Linear Quadratic Regulator, which
has been studied over several decades. However, despite
the significant amount of literature on the problem, several
challenges remained.
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Challenge 1. Perhaps the most important challenge we
address is in dealing with arbitrary disturbances wy in the
dynamics. This is a difficult problem, and so, the standard
approaches often assume i.i.d. Gaussian noise. Worst-case
approaches in the control literature, also known as H -
control and its variants, are considered overly pessimistic.
Instead, we take an online (adaptive) approach to dealing
with adversarial disturbances.

Challenge 2. Another limitation for efficient methods is the
classical assumption that the costs ¢;(x, u) are quadratic, as
is the case for the linear quadratic regulator. Part of the
focus in the literature on the quadratic costs is due to special
properties that allow for efficient computation of the best lin-
ear controller in hindsight via dynamic programming. One
of our main goals is to introduce a more general technique
that allows for efficient algorithms even when faced with
arbitrary convex costs.

Our contributions. In this paper, we tackle both of the
challenges outlined above: coping with adversarial noise,
and general loss functions in an online setting. For this we
turn to the algorithmic methodology of regret minimization
in online learning. To define the performance metric, we
denote the cost for a control algorithm 4 as

T

Jr(A) = th(xt,ut).

t=0

The standard comparator in control is a linear controller,
which generates a control signal as a linear function of the
state, i.e., uy = —Kxy. Let J(K) denote the cost of a linear
controller from a certain class K € . For an algorithm A4,
we define the regret as the sub-optimality of its cost with
respect to the best linear controller from a certain set, i.e.,

Regret = Jp(A) — Iin Jr(K).
Our main result is an efficient algorithm for control which
achieves O(v/T) regret in the setting described above.
While a similar setting has been considered in the literature
before (Cohen et al., 2018), our work generalizes previous
work in the following ways:

1. Our algorithm achieves regret O(+/T') even in the pres-
ence of bounded adversarial disturbances. Previous



Online Control with Adversarial Disturbances

regret bounds needed to assume that the disturbances
wy are drawn from a distribution with zero mean and
bounded variance.

2. Our regret bounds apply to any sequence of adversari-
ally chosen convex loss functions. Previous efficient
algorithms applied to convex quadratic costs only.

Our results above are obtained using several techniques from
online convex optimization, notably online learning for loss
functions with memory, and improper learning using convex
relaxations.

2. Related Work

Online Learning: This work advocates for worst-case
regret as a robust performance metric in the presence of
adversarial noise. A special case of our setting is that of
regret minimization in stateless systems (where A = 0),
which is a well-studied problem in machine learning. We
refer the reader to various books and surveys on the topic
(Cesa-Bianchi & Lugosi, 2006; Shalev-Shwartz et al., 2012;
Hazan, 2016). Of particular interest to our study is the
setting of online learning with memory (Anava et al., 2015).

Learning and Control in Linear Dynamical Systems:
The modern setting for linear dynamical systems arose in
the seminal work of Kalman (1960), who introduced the
Kalman filter as a recursive least-squares solution for max-
imum likelihood estimation (MLE) of Gaussian perturba-
tions to the system in latent-state systems. The framework
and filtering algorithm have proven to be a mainstay in con-
trol theory and time-series analysis. We refer the reader to
the classic survey (Ljung, 1998), and the extensive overview
of recent literature in (Hardt et al., 2018). Most of this liter-
ature, as well as much of classical control theory, deals with
zero-mean random noise, typically normally distributed.

Recently, there has been a renewed interest in learning both
fully-observable and latent-state linear dynamical systems.
For fully-observable systems, sample complexity and regret
bounds for control (under Gaussian noise) were obtained
in (Abbasi-Yadkori & Szepesvari, 2011; Dean et al., 2018;
Abbasi-Yadkori et al., 2019). The technique of spectral fil-
tering for learning and open-loop control of non-observable
systems was introduced and studied in (Hazan et al., 2017;
Arora et al., 2018; Hazan et al., 2018). Provable control in
the Gaussian noise setting was also studied in (Fazel et al.,
2018).

Robust Control: A notable attempt to handle adversarial
perturbations in the dynamics takes place in H,, control
(Stengel, 1994; Zhou et al., 1996). In this setting, the con-
troller solves for the best linear controller assuming worst

case noise to come, i.e.,

min max min ... min max E cr(xe,ug),
Ky &1 Ks Kr €T p

assuming similar linear dynamics as in equation (1.1). This
approach is overly pessimistic, and leads to sub-optimal
performance in various cases of interest. In comparison, we
do not solve for the entire noise trajectory in advance, but
adjust for it iteratively, and, in this manner, offer an instance-
dependent guarantee. Another difference is computational:
the above mathematical program may be hard to compute for
general cost functions, as compared to our efficient gradient-
based algorithm.

Non-stochastic MDPs: The setting we consider, namely
control in systems with linear transition dynamics (Bert-
sekas, 2005) in the presence of adversarial disturbances,
can be cast as that of planning in an adversarially changing
MDP (Arora et al., 2012; Dekel & Hazan, 2013). The results
obtained via this reduction are unsatisfactory because these
regret bounds scale with the size of the state space, which
is exponential in the dimension of the system. In addition,
the regret in these scales as Q(T% ). In comparison, Yu et al.
(2009); Even-Dar et al. (2009) solve the online planning
problem for MDPs with fixed dynamics and changing costs.
The satisfying aspect of their result is that the regret bound
does not explicitly depend on the size of the state space, and
scales as O(\/T) However, these assume that the dynamics
are fixed and without (adversarial) noise.

LQR with Changing Costs: For the Linear Quadratic
Regulator problem, Cohen et al. (2018) consider changing
quadratic costs with stochastic noise to achieve a O(v/T)
regret bound. This work is well aligned with our results, and
the present paper employs some notions developed therein
(e.g., strong stability). However, the techniques used in
(Cohen et al., 2018) (such as the SDP formulation for a
linear controller) heavily rely on the quadratic nature of
the cost functions and stochasticity of the disturbances. In
particular, even for the offline problem, to the best of our
knowledge, there does not exist an SDP formulation to
determine the best linear controller for convex losses. In an
earlier work, Abbasi-Yadkori & Szepesvdri (2011) consider
a more restricted setting with fixed, deterministic dynamics
(hence, noiseless) and changing quadratic costs. Ng & Kim
(2005) consider the adaptation of online learning to control
in a manner that ensures stability. While the work does
not provide any regret guarantee, the proposed notion of
stability continues to be useful in the literature (e.g. (Cohen
et al., 2018)) and this paper.

Iterative Learning Control: We also note the similarity
of our proposed algorithm to methods involving iterative
learning control (Ahn et al., 2007; Owens & Hétonen, 2005)
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and feedback error learning (Nakanishi & Schaal, 2004).
These procedures, often operating over deterministic sys-
tems in the episodic setting, attempt to learn a control law
via iteratively adjusting the controller as a function of the
tracking error.

3. Problem Setting
3.1. Interaction Model

The linear dynamical system is a Markov decision process
on continuous state and action spaces, with linear transition
dynamics. In each round ¢, the learner outputs an action uy
upon observing the state z; and incurs a cost of ¢;(x¢, uy),
where c; is convex. The system then transitions to a new
state x4, 1 according to

Ti41 = A.]?t + But + wy.

In the above definition, wy is the disturbance the system
suffers at each time step. In this paper, we make no distribu-
tional assumptions on w;, and the sequence w; is not made
known to the learner in advance.

For any algorithm .A, we attribute a cost of

T

JT(.A) = th(xt,ut),

t=0

where x; 11 = Az + Bug + wy and up = Az, ... x¢).
Overloading notation, we shall use J(K) to denote the
cost of a linear controller K which chooses the action as
Uy = —K.’L‘t.

3.2. Assumptions

We make the following assumptions throughout the paper.
We remark that they are less restrictive than those consid-
ered by previous works, and hence allow for more general
systems. In particular, we allow for adversarial (rather than
i.i.d. stochastic) noise, and we also handle general con-
vex cost functions. In addition, the non-stochastic nature
of the disturbances permits, without loss of generality, the
assumption that zg = 0.

Assumption 3.1. The matrices that govern the dynamics
are bounded, i.e., ||A|| < ka, || B|| < k. The perturbation
introduced per time step is bounded, i.e., ||w¢|| < W.

Assumption 3.2. The costs c;(x,u) are convex. Further, as
long as it is guaranteed that ||z ||, ||u|| < D, it holds that

lee(z,u)| < BD?, and
[Vaer(@, u)[|, [[Vuer (2, u)|| < GeD.

Following the definitions in (Cohen et al., 2018), we work
on the following class of linear controllers.

Definition 3.3. A linear policy K is (k,~y)-strongly stable
if there exist matrices L, Q satisfying A — BK = QLQ ™,
such that following two conditions are met:

1. The spectral norm of L is strictly smaller than one, i.e.,
LI <1—7.

2. The controller and the transforming matrices are
bounded, i.e., |K|| < kand ||Q|, |Q}| < &.

3.3. Regret Formulation

Let £ = {K : K is (k,y)-strongly stable}. For an algo-
rithm A, the regret is the sub-optimality of its cost with
respect to the best linear controller, i.e.,

Regret = Jr(A) — Ir?el% Jr(K).

3.4. Proof Techniques and Overview

Choice of Policy Class: We begin by parameterizing the
policy we execute at every step as a linear function of the
disturbances in the past in Definition 4.1. Similar parame-
terization has been considered in the system level synthesis
framework (see (Wang et al., 2019)). This leads to a con-
vex relaxation of the problem. Optimization on alternative
parameterizations, including an SDP based framework (Co-
hen et al., 2018) or a direct parameterization (Fazel et al.,
2018), has been studied in the literature, but they seem
unable to capture general convex functions as well as ad-
versarial disturbance or lead to a non-convex loss. To avoid
a linear dependence on time for the number of parameters
in our policy, we additionally include a stable linear con-
troller in our policy allowing us to effectively consider only
O(y~!log(T)) previous perturbations. Lemma 5.2 makes
this notion of approximation precise.

Reduction to OCO with Memory: The choice of policy
class with an appropriately chosen horizon H allows us to
reduce the problem to compete with functions with trun-
cated memory. This naturally falls under the class of online
convex optimization with memory (see Section 4.5). Theo-
rem 5.3 makes this reduction precise. Finally to bound the
regret on truncated functions we use the Online Gradient
Descent based approach specified in (Anava et al., 2015),
which requires a bound on Lipschitz constants which we
provide in Section 5.3.1. This reduction is inspired by the
ideas introduced in (Even-Dar et al., 2009).

3.5. Roadmap

The following section provides the notation required to de-
fine our algorithm and regret bounds. Section 5 describes
our primary method (Algorithm 1) and establishes the cen-
tral regret guarantees (Theorem 5.1), along with the requisite
lemmas and their proofs.
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4. Preliminaries

In this section, we establish some important definitions that
will prove to be useful throughout the paper.

4.1. Notation

We reserve the letters x, y for states and u, v for control
actions. We denote by d = max(dim(z), dim(u)), i.e., a
bound on the dimensionality of the problem. We reserve
capital letters A, B, K, M for matrices associated with the
system and the policy. Other capital letters are reserved for
universal constants in the paper. We use the shorthand M;.;
to denote a subsequence {M;, ..., M;}.

4.2. A Disturbance-Action Policy Class

We establish the notion of a disturbance-action controller
which chooses the action as a linear map of the past distur-
bances. Any disturbance-action controller ensures that the
state of a system executing such a policy may be expressed
as a linear function of the parameters of the policy. This
property is convenient in that it permits efficient optimiza-
tion over the parameters of such a policy. The situation
may be contrasted with that of a linear controller. While
the action recommended by a linear controller is also linear
in past disturbances (a consequence of being linear in the
current state), the state sequence produced on the execution
of a linear policy is not a linear function of its parameters.

Definition 4.1 (Disturbance-Action Policy). A disturbance-
action policy (M, K) is specified by parameters M =
(MO MW= and a fixed matrix K, for horizon H >
1. At every time t, such a policy (M, K) chooses the
recommended action u, at a state x;', defined as

H
Ut = —K.’L't + Z M[i_l]wt,i.

i=1

For notational convenience, here it may be considered that
w; = 0 foralli < 0.

We refer to the policy played at time ¢ as M; = {th}
where the subscript ¢ refers to the time index and the super-
script [¢] refers to the action of M; on w;_;. Note that such a
policy can be executed because w;_1 is perfectly determined
on the specification of x; as wy;_1 = xy—Axy_1—Bu;_1. It
shall be established in later sections that such a policy class
can approximate any linear policy with a strongly stable
matrix in terms of the total cost suffered.

Ly, is completely determined given wy . .. w:—1. Hence, the

use of z; only serves to ease presentation.

4.3. Evolution of State

This section describes the evolution of the state of
a linear dynamical system under a non-stationary
policy # = (mg,...,mr—1) composed of T poli-
cies, where each m; is specified by m (M, =
(Mt[o], . .,Mt[H_l]),K). With some abuse of notation,
we shall use w((Mp, ..., Mr_1), K) to denote such a non-
stationary policy.

The following definitions ease the burden of notation.

1. Define Ax = A — BK. A shall be helpful in de-
scribing the evolution of state starting from a non-zero
state in the absence of disturbances.

2. 2 (Mo.;—1) is the state attained by the system upon ex-
ecution of a non-stationary policy 7(Mo.;—1, K). We
similarly define uf€ (My.;_1) to be the action executed
at time t. If the same policy M is used across all time
steps, we compress the notation to (M), uf (M).
Note that z(0), uf(0) refers to running the linear
policy K.

3. \Ilfi’h(Mt_h;t) is a transfer matrix that describes the
effect of w,_; with respect to the past i+ 1 policies on
the state x4, formally defined below. When M is the
same across all arguments we compress the notation to
(M),

Definition 4.2. For any t,h < t,i < H + h, define the
disturbance-state transfer matrix \Ilf;’h to be a function
with h + 1 inputs defined as

\Ilf’(i’h(Mtfh:t) =

h
A Licn + Y AL BMI 71, e .
=0

It will be worthwhile to note that \I/tKZh is linear in its argu-
ments M;_ ... For the rest of the paper we will set & to be
H unless specified otherwise.

Lemma 4.3. If u; is chosen as what the non-stationary
policy n((My, ..., Mr), K) recommends, then the state
sequence satisfies the following recurrence for any time t

and h > 0:

H+h

_ Ghil K,h
i1 = AR xp + E Wy (M) Wi
=0

4.1

Proof. For any time ¢, we will prove the claim inductively
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on h. For h = 0, we have that

H
Tip1 = AKQL't + Z BMt[z_l}’wt,i + wy
=1

H
= Ak, + Z \I]f{O(Mt)wtfi
i=0
Further suppose the lemma holds for some A > 0, we prove
it for h 4+ 1. We have that

H+h
_ jh+1 K,h 4
- — i t—h: —
Tep1 = AR xep + E \ (My—p)wi—;
i=0

H
= AfHH (A p + Z BMt[Z:hlllwtfhfiq-i-
i=1
H+h
wy—p-1) + Z \I’f{h(Mtfh:t)wtfi
i=0

H-+h
= AiPw o+ ) (‘I’ffi’h(Mt—h:t)Jr
1=0

- - i—h—
Axlichyr + A}}?—lBMt[l_hL_f]1i—h—1€[1,H]> Wi—g

R H+h+1
= A}[Z(+2xt7h71 + Z \Ilfji’h+1(Mt7h71:t)wt7i'
i=0
The proof now follows by induction. O

4.4. Idealized Setting

Note that the counter-factual nature of regret in the control
setting implies in the loss at a time step ¢, depends on all
the choices made in the past. To efficiently deal with this
we propose that our optimization problem only consider the
effect of the past H steps while planning, forgetting about
the state, the system was at time ¢ — H. We will show later
that the above scheme tracks the true cost suffered upto a
small additional loss. To formally define this idea, we need
the following notion of an ideal state.

Definition 4.4 (Ideal State & Action). Define an ideal state
y{il(Mt,H;t) which is the state the system would have
reached if it played the non-stationary policy M_ .+ at all
time steps from t — H to 1, assuming the state att — H
is 0. Similarly, define v{j_l(Mt_H:tH) to be an idealized
action that would have been executed at time t + 1 if the
state observed at time t + 1 is ytﬁl (M _pr.t). Formally,

2H

Yyl (My—pre) = Z U (M )wes,
=0

vfil(Mt_H;tH) = nyfil(Mt_H;t)

H
+ Z Mt[:jll]wt-ﬁ—l—b

=1

When M is the same across all arguments we compress the
notation to y (M), v, (M).

We can now consider the loss of the ideal state and the ideal
action.

Definition 4.5 (Ideal Cost). Define the idealized cost func-
tion fy to be the cost associated with the idealized state and
idealized action, i.e.,

Fe(Me—pr—1.4) = ce(yf (My—g—1.4-1), v (My—pr-1.4)).

When M is the same across all arguments we compress the
notation to fy(M).

The linearity of X in past controllers and the linearity of
v/ in its immediate state implies that f; is a convex function
of a linear transformation of M;_y_1.; and hence convex
in My_p_1.+. This renders it amenable to algorithms for

online convex optimization.

In Theorem 5.3 we show that for a given sequence of poli-
cies {M;}, the idealized cost f; and the real cost ¢; are
close by and this reduction allows us to only consider the
truncated f; while planning, hence allowing for efficiency.
The precise notion of minimizing regret on such truncated
ft was considered in online learning literature before as on-
line convex optimization (OCO) with memory (Anava et al.,
2015). We present an overview of this framework next.

4.5. OCO with Memory

We now present an overview of the online convex opti-
mization (OCO) with memory framework, as established by
(Anava et al., 2015). In particular, we consider the setting
where, for every ¢, an online player chooses some point
z; € K C R% aloss function f; : K1 — R is re-
vealed, and the learner suffers a loss of fi(z;—p..). We
assume a certain coordinate-wise Lipschitz regularity on
f+ of the form such that, for any j € {0, ..., H}, for any
To:H, 53]‘ enr,

|fe(xoj—1, 25, Tjp1:m) — [e(@oj—1, Tj, Tjg1:m)|
< L|lzj — ;). 4.2)
In addition, we define ft(a:) = fe(z,...,z), and we let

IV fi(z)l, D= sup [z —y].
z,ye

Gy = sup
te{0,...,T},zeK
“4.3)

The resulting goal is to minimize the policy regret (Arora
et al., 2012), which is defined as

T T
PolicyR t= —H:t) — i fi(x).
olicyRegre ;{ft(xt H:t) glel}cl;ft(m)

As shown by (Anava et al., 2015), by running a memory-
based OGD, we may bound the policy regret by the follow-
ing theorem.



Online Control with Adversarial Disturbances

Algorithm 1 Online Control Algorithm
1: Input: Step size 1, Control Matrix K, Parameters
KB, Ky, T
2: Define H = 2rkgr3y~ 1 log(T)
3: Define M = {M = {MmL
[MEH] < KPrp(1— 7))
4: Initialize My € M arbitrarily.
5: fort=0,...,T—1do
6: Choose the action wu; = ¢t —
Zfil MUY, ;.
7:  Observe the new state x4 and record wy = 441 —
AJ}t — But.
8: Define the function ¢:(M) as
fe(M, ..., M) (refer to Definition 4.5)
9: Set Mt+1 = HM (Mt — ant(M))
10: end for

L ME=Y

K.Tt +

ge(M)

Theorem 4.6. Let { ft}z; g be Lipschitz continuous loss

Sfunctions with memory such that f; are convex, and let L,
D, and G¢ be as defined in (4.2) and (4.3). Then, there

. . . T
exists an algorithm which generates a sequence {x;},_,

such that

T T
> filwrma)—min Y fi(x) < 3D\/Gy(Gr+LH)T.
t=H t=H

5. Algorithm & Main Result

Algorithm 1 describes our proposed algorithm for control-
ling linear dynamical systems with adversarial disturbances
which at all times maintains a disturbance-action controller.
The algorithm implements the memory based OGD on the
loss fi(+) as described in the previous section. The algo-
rithm requires the specification of a (k, v)-strongly stable
matrix K once before the online game. Such a matrix can
be obtained offline using an SDP relaxation as described
in (Cohen et al., 2018). The following theorem states the
regret bound Algorithm 1 guarantees.

Theorem 5.1 (Main Theorem). Suppose Algorithm 1 is

executed withn = © (G W\/>) , on an LDS satisfying

Assumption 3.1 with control costs satisfying Assumption 3.2.
Then, it holds true that

Jr(A) — min Jr(

K) <0 (GaWVTlog(T)) .

Furthermore, the algorithm maintains at most O(1) pa-
rameters and can be implemented in time O(1) per time
step. Here O(-), ©(-) contain polynomial factors in
Y KBy R, Q.

Proof of Theorem 5.1. Note that by the definition of the al-

gorithm we have that all M; € M, where

M= {M = {MO  pHE-Y

1M < KPR (1 - )"}

Let D be defined as
D2 Wk3(1 + HkpT) kpkSW
O e L T

Let K* be the optimal linear policy in hindsight. By defi-
nition K* is a (k, 7)-strongly stable matrix. Using Lemma
5.2 and Theorem 5.3, we have that

T T
min (th(M*)> =D ela (), (0) (5.1)

T
3@l (0),uf (0) + 2TG. DR (1 — )"+

t=0
WH 2 .5
< 9TG.D(1 — 7)H+ (W + Dn?’) . (52)
Y
Let M; ... Mt be the sequence of policies played by the

algorithm. Note that by definition of the constraint set .S,
we have that

vt e [T),Vi € [H] | M) < mpr®(1— 7).

Using Theorem 5.3 we have that

T T
Z oz ugt) — Z fe(My—pm-14) <
t=0

t=0
2TG . .D*k3(1 —y)H+L. (5.3)
Finally using Theorem 4.6 and using Lemmas 5.6, 5.7 to

bound the constants Gy and L associated with the function
ft and by noting that

| M —

max

3
KBK Vd
M| £ ——,
My, MyeM 5

we have that

T T
th(MtfH S My) - Mr?g/lvl;ft(M*’ My <

t=0
8G WD 2k kS H? Sy INT.  (5.4)
Summing up (5.1), (5.3) and (5.4), and using the condition

that H = %2 log(T), we get the result. O
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5.1. Sufficiency of Disturbance-Action Policies

The class of policies described in Definition 4.1 is power-
ful enough to capture any fixed linear policy. Lemma 5.2
establishes this equivalence in terms of the state and action
sequence that each policy produces.

Lemma 5.2 (Sufficiency). For any two (k,y)-strongly sta-
ble matrices K*, K, there exists a policy w(M,, K), with

M, = (M*[O} . MiHﬁl]) defined as
M = (K — K*)(A - BK*)'

such that

T
> (et (M), uf (M) = en(af (0), uf(0))) <
t=0

T. 2GCDWH/£2B/£5(1 -y
v

Proof of Lemma 5.2. By definition we have that

t
E *wt,i.

xt+1
i=0
Consider the following calculation for M, with M,.[i] £
(K — K*)(A— BK*)" and forany i € {0... H}. We have
for any h > H that
UML) = A + Y A BMP Y
j=1
= A + > ALIB(K - K*)A)!
j=1
~ . z ~ . ~ ~ ~
= A + ) A (A — Ag) AJEH
j=1
= Mg+ (A Al = AT AL
j=1

= Al
The final equality follows as the sum telescopes. Therefore,
we have that

H
xtH Z o= We—i + Z \I/ ) Wi i

1=0 i=H-+1

From the above we get that

[ *(0) — Ty ( Dl
SW( >t )+ Z | A% >

i=H+1 i=H+1
< 2WHkrLKP (1 —~)H
N Y

Y

where the last inequality follows from using Lemma 5.4 and
using the fact that || M| < kpr3(1 — 7).

Further comparing the actions taken by the two policies, we
may see that

lur” —uf (M)

H
A’L 1
K Wt—i

= ||K*o:tK + K:ct
i=1

t
> K (A + WEOML) ) wis
i=H+1
< 2WHKLK (1 — )
B Y

Using the above, Assumption 3.2 and Lemma 5.5, we get
that

T
> (e (@ (M), uf (M) = (@l (0),uf (0)) <

T 2G.DWHr%K>(1 — )2
Y

O

5.2. Approximation Theorems

The following theorem relates the cost of fi(M;_p—_1.4)
with the actual cost c; (25 (Mo.;—1), uf (Mo.¢)).

Theorem 5.3. For any (k,~y)-strongly stable K, any 7 >
0, and any sequence of policies M ... My satisfying
HMtM | < 7(1 — )%, if the perturbations are bounded by
W, we have that

T T
S AMy_g 1) =Y cr(@f (Mog—v), uf (Mou)) <
t=1 t=1

2TG.D*k3(1 — )+,
where

Wk3(1 + HkpT) TW

D=2 —
Y1 = r2(1=y)H) oy

Before giving the proof of the above theorem, we will need
a few lemmas which will be useful.

Lemma 5.4. Let K be a (k,7y)-strongly stable matrix, T >
0, and M; be a sequence such that for all i,t, we have

HMtM | < 7(1 — %)% Then we have that for all i,t, h,

||\I/ H <K (1 - ) “li<m + HHBHQT(l —’y)’;l.

‘We now derive a bound on the norm of each of the states.
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Lemma 5.5. Suppose the system satisfies Assumption 3.1
and let My be a sequence such that for all i,t, we have that

M| < 7(1 = )i for a number . Define

Wr3(1+ HrkpT) aW
Y1 = k2L —y)HH) oy

>

D

Further suppose K* is a (k,)-strongly stable matrix. We
have that for all t,

£ (Moz—) s [y (Me—rr—vie—0) |, 1 (0)]] < D

Juf (Mo:e—1) |, lvf (My—pr—1.4)|| < D
lof (Mo—1) — yf (My—g—1.4-1)|| < K*(1 =)D

g (Mose) = vf (Me—pr—1.0)[| < £°(1 = 7)"+'D.

Finally, we prove Theroem 5.3.

Proof of Theorem 5.3. Using the above lemmas we can now
bound the approximation error between f; and c¢; using
Assumption 3.2

o (f (Moe—1), ug (Mo:t)) = fe(My—mr—1:4)]
= les(2f (Mos), uf* (Mo:t—1))

— ety (My—pg—1:0-1), v (My—pr—-14))|
< GeD||wf (Moi—1) — Y (My—pr—14-1) ||+
GcDH”f((MO:t) - UtK(Mtfolzt))”

< 2G.D*kP(1 —y)H T

This finishes the proof of Theorem 5.3. O

5.3. Bounding the Properties of OCO with Memory

Thus far, Lemma 5.2 establishes that it is sufficient to com-
pare against the class of disturbance-action policies. For
such policies, Theorem 5.3 reduces the counter-factual re-
gret minimization problem to online learning on loss func-
tions with memory. It remains to quantify the constants with
which Theorem 4.6 may be invoked to obtain a regret bound.
Note that Line 3 of Algorithm 1 places on upper bound on
the diameter D.

5.3.1. BOUNDING THE LIPSCHITZ CONSTANT

We begin by establishing an upper bound on the lipschitz
constant L as defined in Equation 4.2.

Lemma 5.6.  Consider two policy se-
quences {My—g—1...My_j ... M;} and
{Mi—pg—1 ... Mi_p... M;} which differ in exactly
one policy played at a time step t — k for k € {0,...,H}.

Then we have that

‘ft(Mt—H—l “- Mt—k .o Mt)_

fe(My_g_q ... My_y ... M,)|
H
< 2G.DWkpr3(1 — V)k
=0

K2

(naf2, = azf?, ) -

5.3.2. BOUNDING THE GRADIENT

A bound on the norm of the gradient follows similarly.

Lemma 5.7. For all M such that | MVl|| < 7(1 —~)7 for
all j € [0, H — 1], we have that
3
" H) |

Note that since M is a matrix, the 5 norm of the gradient
V n f+ corresponds to to the Frobenius norm of the V ; f;
matrix. Due to space constraints, we provide the proof in
the appendix.

2KBK

IVar fe(M)||p < GeDWHd (

6. Conclusion

In this paper, we demonstrate an algorithmic methodology
to control linear dynamical systems with adversarial distur-
bances through regret minimization, as well as how to han-
dle general convex costs. Our notion of a robust controller
is able to learn and adapt according to the noise encountered
during the process. This deviates from the study of robust
control in the framework of H., control, that attempts to
find a control with the anticipation of worst-case instances
for all future perturbations.
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Algorithm 2 OGD with Memory (OGD-M).

1: Input: Step size ), functions { ft}tT:m
2: Initialize xg, ...,zg_1 € K arbitrarily.
3: fort=H,...,T do
4:  Play xy, suffer loss fy(zi—pg,...,2¢)
5: Set Tyl = I (l‘t — HVft(l‘))
6: end for

Appendix

A. Proof of Theorem 4.6

Proof. By the standard OGD analysis, we know that

T T D2
Zf T4) glei}chft(x)S 7+TG2TI-
I—H =H
In addition, we know by (4.2) that, for any ¢t > H,
H
|fe(@e—m, .. @) — fe(ze,. . 2)| S L Z |zt — me—j|| < LZZHJCt 141 — T

j=11=1

H j
< LZ Zn”vft—l(zt—l)n < LH*1G,

and so we have that

It follows that
d D2
E fe(xe—g, ..., x¢) — min E filx <7+TG 77+LH nGT.

The theorem follows after setting n = \/ﬁ. O
s(Gy

B. Proof of Lemma 5.4
Proof of Lemma 5.4. The proof follows by noticing that

K.,h i—j—1
15 ) < 1A% ||1z<H+ZHA HBINME 1 jenm
7=0

H

K21 =) Licy + Z kpr>T(1— )t
j=1

2 i 2 i—1
k(1 —=7)" 1<y + Hripr“m(1 — )77,

where the second and the third inequalities follow by using the fact that K is a (k,y)-strongly stable matrix and the
conditions on the spectral norm of M. O
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C. Proof of Lemma 5.5

Proof of Lemma 5.5. Using the definition of x; we have that
e (Mo—)l] < K21 = )" ol gy (M—ra—o)] + W - (Z LA Mt_Hm—l)“)

k*+ Hrkpr*T
< K1 =" Mgy (Mo—m—2)|| + W - (73) :

The above recurrence can be seen to easily satisfy the following upper bound:

2 2
W(k* + Hrkpk*a) <D. C.1)

ll2f (Mo:—1)|| < S0 — R2(1 = )y =

A similar bound can be established for

k% + Hrpk’a
Iy (Moo 2)]| < W (7 5 )g D. €2
It is also simple to see via the definitions that
£ (Mo:e—1) = yi* (My—mr—1.0-1)l| < | Al @e—m—1]| < £*(1 = 7)7HD. (C3)
We can now finally bound
* W2
[z (0)] <
Y
For the actions we can use the definitions to bound the actions as follows using (C.1) and (C.2)
A ; W
Mol < 1K Moe—)ll + 3 IM wnil) < sy (M) |+ —= < D,
i=1
H .
o (Mi—rr—1:0) | < 1KY My 1)l + D 1M | < D.
i=1
We also have that using (C.3)
lug (My— g —1:0) = v (My— 1) | = K (27" (Moa—1) — yf* (My—g—1:0-1)) < 62 (1 =)D
O

D. Proof of Lemma 5.6

Proof of Lemma 5.6. For the rest of the proof, we will denote y{il({Mt Ho1. - Me_p...My_1}) as yf5, and
Y ({My—p—1 ... My_y ... My_1}) as gf5 . Similarly define v/ and ¢/. It follows 1mmed1ately from the definitions that

~ e i—k—1 rli—k—1 i—1] i—1
||yf<—yfu=uA’;<BZ(MLk Vo M) wiit e < mpk(1 - WZ(IIM[ -5
=0
Furthermore, we have that
H
~ i—1 “rle i—1 “rli—1
o = B0 = Il = K (5 = ) + Tamo D (MY = WY l| < 263 (1 — )W Z(HM a5
=1 i=0

Therefore, using Assumption 3.2 and Lemma 5.5, we immediately get that

H
ft(Mt—H~-~Mt—k-~-Mt)*ft(Mt—H”-Mt—k Mf) <2G DWI{BIQ kZ( ]\4Z 1] Mt[l__kl]”)
i=0
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E. Proof of Lemma 5.7

Proof of Lemma 5.7. To derive a crude bound on the quantity in question, it will be sufficient to derive an absolute value
boundon Vi fi(M ) for all 7, p, q. To this end, we consider the following calculation. Using Lemma 5.5, we get that
p,q

yI (M), vE (M) < D. Therefore, using Assumption 3.2, we have that
Oy (M) | Ovf (M)
oMy oMy )

‘Vjulwlft(M” < GcD <|

We now bound the quantities on the right-hand side:

|ayg<(M)| QXH:ZH: 8A§<BM[i—j—1]]wt oo <”§1 QAT B M || < Wrns?
I r —t-1—=] B = = —g| S .
oMy, =l oMy Fomrd! oMy, g
Similarly,

v (M Syl (M " anli-1l 3

vy (m ) <k Yt ([T] ) Z i W (HBI{ N H>

aMPaq 5MP7‘1 =1 aMqu "y

Combining the above inequalities gives the bound in the lemma. O



