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Abstract

We study the problem of online tracking in unknown nonlinear dynamical systems, where only
short-horizon predictions of future target states are available. This setting arises in practical scenarios
where full future information and exact system dynamics are unavailable. We focus on a class of
nonlinear systems that admit a Koopman linear embedding, enabling the dynamics to evolve linearly
in a lifted space. Exploiting this structure, we analyze a model-free predictive tracking algorithm
based on Willems’ fundamental lemma, which imposes dynamic constraints using only past data
within a receding-horizon control framework. We show that, for Koopman-linearizable systems,
the cumulative cost and dynamic regret of the nonlinear tracking problem coincide with those of
the lifted linear counterpart. Moreover, we prove that the dynamic regret of our algorithm decays
exponentially with the prediction horizon, as validated by numerical experiments.
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1. Introduction

We study the online tracking problem in unknown nonlinear dynamical systems, where an agent
aims to follow a time-varying target trajectory using only short-horizon predictions of future target
states. This sequential decision-making problem arises in many real-world applications, such as
robotics (Falcone et al., 2007), autonomous systems (Rios-Torres and Malikopoulos, 2016; Kim and
Kumar, 2014; Zheng et al., 2016), and adaptive control (Van Trees, 2004; Krstic et al., 1995; loannou
and Sun, 1996; Annaswamy and Fradkov, 2021), where complete knowledge of future targets or
system dynamics is rarely available. At each time step, the agent observes the current system state,
receives short-horizon predictions of future target states, and selects a control action to steer the
system toward the evolving target. The goal is to minimize the cumulative tracking error as well as
its control efforts over a finite horizon.

While online control of linear dynamical systems has received significant attention (Abbasi-
Yadkori et al., 2014; Li et al., 2019; Yu et al., 2020; Foster and Simchowitz, 2020; Zhang et al., 2022;
Karapetyan et al., 2023; Tsiamis et al., 2024; Agarwal et al., 2019; Hazan and Singh, 2022), its
extension to nonlinear systems, especially in the presence of predictions, remains largely unexplored.
In this work, we focus on a special class of nonlinear systems that admit a Koopman linear embedding:
a lifting procedure into a higher-dimensional space in which the system evolution becomes linear
(Brunton et al., 2016; Shang et al., 2024). This structure enables us to reformulate the original
nonlinear problem as a linear one in the lifted space, allowing us to exploit tools from linear control.
However, in practice, the exact Koopman embedding is often unknown. To address this, we study a
model-free predictive tracking algorithm inspired by Willems’ fundamental lemma (Williams et al.,
2015). While the method follows the general template of Model Predictive Control (MPC) (Garcia
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et al., 1989), a widely used approach for online control with predictions, it departs from classical
MPC by imposing nonlinear dynamics constraints purely from offline trajectory data (Shang et al.,
2024), without requiring explicit system identification.

The asymptotic properties of MPC have been extensively studied under general assumptions
on dynamics and cost functions (Diehl et al., 2010; Griine and Pirkelmann, 2020; Angeli et al.,
2012). However, non-asymptotic performance metrics remain less well understood. Dynamic regret,
a standard measure in online learning (Jadbabaie et al., 2015) and control (Yu et al., 2020; Goel
and Hassibi, 2020; Zhang et al., 2021; Lin et al., 2022), quantifies the performance gap between an
online controller and the optimal control sequence in hindsight. This metric is particularly suited for
nonstationary environments, such as tracking moving or adversarial targets (Abbasi-Yadkori et al.,
2014; Dressel and Kochenderfer, 2019). Recent work has established dynamic regret guarantees for
linear MPC, demonstrating near-optimal performance in both stochastic and adversarial disturbance
settings (Yu et al., 2020; Zhang et al., 2021; Lin et al., 2021). However, these results rely on known
linear dynamics, limiting their applicability to nonlinear or model-free settings. Extending dynamic
regret guarantees to such systems remains a significant challenge due to the complexity of nonlinear
dynamics and the absence of explicit models. To our knowledge, this work is the first to provide
dynamic regret guarantees for online tracking in unknown Koopman-linearizable nonlinear systems.

Our contributions. More specifically, for systems that admit exact Koopman embeddings, we
establish an equivalence between the nonlinear tracking problem and its linear counterpart in the
Koopman space. In the offline setting with full target information, we show that the optimal tracking
policy can be characterized by solving the lifted linear problem (Lemma 3.1). Moreover, for any
online controller, its dynamic regret can be analyzed by the lifted linear counterpart (Corollary 3.1).
Building on this insight, we study a model-free predictive tracking method (Algorithm 1) based
on the extended Willems’s fundamental lemma (Shang et al., 2024), which enforces the nonlinear
dynamics constraint using offline trajectory data and computes control actions by solving a data-
driven quadratic program at each time step. In particular, we establish the first dynamic regret bound,
showing that the regret grows linearly with full horizon and decays exponentially with the prediction
horizon (Theorem 5.1). Our design and analysis depart from standard approaches in two key aspects.
First, stability (state boundedness) is ensured by a sufficiently long prediction horizon rather than a
carefully designed terminal cost. Second, unlike most regret analyses that rely critically on positive
definite stage costs, a condition violated by the Koopman structure, our results hold under the weaker
assumptions of positive semidefinite stage costs and detectability.

Related works. Our work intersects with two key areas: Koopman operator theory and on-
line (nonstochastic) control. We here review some closely related results.

(i) Koopman operator theory, which enables representing nonlinear dynamical systems as linear
systems in a high-dimensional space via lifting functions/observables (Brunton et al., 2016).
Standard approaches often approximate the infinite-dimensional Koopman operator using
Extended Dynamic Mode Decomposition (Williams et al., 2015; Proctor et al., 2018), which
requires a careful selection of lifting functions to avoid modeling bias (Korda and Mezi¢, 2018;
Berberich and Allgower, 2020). Recent advances learn embeddings (Shi and Meng, 2022)
or bypass explicit lifting (Shang et al., 2024), but these methods typically assume known or
partially identified dynamics. In contrast, our work assumes exact Koopman embeddings and
employs a model-free predictive control algorithm inspired by a recent Willems’ fundamental
lemma (Shang et al., 2024). By imposing dynamics constraints through offline trajectory



data, we eliminate the need for system identification or lifting approximation, enabling robust
tracking of unknown nonlinear systems with theoretical guarantees (Theorem 5.1).

(i) Online nonstochastic control, which adopts a learning-theoretic perspective for decision-
making under nonstochastic or adversarial environments. This class of approaches typically
reformulates the decision-making problem into online convex optimization, intending to
minimize policy regret, which compares the performance of the online policy against the best
fixed policy in a parameterized class (Agarwal et al., 2019; Simchowitz et al., 2020; Hazan
and Singh, 2022). While this framework allows for tractable algorithm design, it is less suited
for nonstationary tasks such as target tracking with evolving references. Instead, we focus on
dynamic regret, which measures the performance gap relative to the best sequence of control
actions in hindsight. This stronger benchmark better captures the challenges of online tracking
under predictions. Moreover, while most existing results apply to linear systems with known
dynamics, our work provides dynamic regret guarantees in a nonlinear, model-free setup.

The rest of the paper is organized as follows. Section 2 presents the online tracking problem for
nonlinear systems. Section 3 establishes the equivalence between the original nonlinear problem
and its lifted linear counterpart. Section 4 presents a unified predictive tracking algorithm. Section 5
analyzes the dynamic regret. Section 6 provides numerical experiments, and Section 7 concludes the
paper. Technical proofs and experimental details are given in the appendix.

Notation. For a matrix M, let || M || denote its induced ¢2-norm, and let p(M ) denote its spectral
radius, defined as the maximum absolute value of its eigenvalues. For a vector z, ||z|| denotes the
standard Euclidean norm, and ||z p := (27 Pz)'/? denotes the P-weighted norm for any P > 0.
We write 21,4 = {x1,...,2;} for a sequence of vectors and also use it to denote [z],...,z]]T for
notation simplicity. We utilize [t] = {1,..., ¢} for the index set.

2. Problem Setup

We study an online control problem where the system initialized with z; evolves according to some
unknown nonlinear dynamics z;+1 = f(2¢,u). Here z; € R™ is the state and uy € R™ is the
control action at time ¢. The agent aims to track a target trajectory r1.7 over a finite horizon of
length T'. In the classical setting, the entire trajectory is known a priori (Anderson and Moore, 2007;
Bertsekas, 2012). However, in many cases, the target may be unknown or even adversarial. We
therefore consider the problem of online tracking with predictions, where at each time step ¢ € [T,
the agent interacts with the adversary (environment) as follows:

* the agent observes z; and predictions 7.,y —1 over a prediction horizon W;

* the agent selects and applies control action uy;

* the adversary selects 741y, and the agent incurs the stage cost ||z; — rt||2Qz + [Juel%;
* the system evolves according to z;+1 = f (2, uy).

Letm= {Wt}thl denote the online (causal) control policy followed by the agent. Based on the
above interaction protocol, 7; can depend only on the available information up to that point, i.e.,
u =7 (21:4, T1:0+w—1). Let u = w7 and r = r1.7. We define the cumulative cost incurred by 7 as:

T
Tr(wr) =Y " lz,usre), Lz ) = |z — g, + lullz, (1
t=1

where (), >0 and R > 0. For notation simplicity, we omit the dependence of Jr on z;.
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Dynamic regret. We measure the performance of the agent’s policy 7 via the notion of dynamic
regret, which compares the cumulative cost of « to that of the optimal noncausal policy 7* in
hindsight (with full knowledge of the target trajectory r and system dynamics f):

Regr () = Jr(wr) - Jr, 2

where J; := miny {Jr(u;r) | 2e41 = f(2, u) }. Dynamic regret reflects how well the online
controller adapts to a nonstationary, possibly adversarial environment (Goel and Hassibi, 2020). This
contrasts with policy regret (Agarwal et al., 2019), which compares against the best fixed policy
from a parameterized class. We make no assumptions on the target trajectory r beyond boundedness;
without loss of generality, we assume ||r;|| < 1 for all ¢t € [T']. In this paper, we focus on a special
class of nonlinear systems (Shang et al., 2024; Brunton et al., 2016).

Koopman-linearizable dynamics. A (nonlinear) system z;+1 = f(z¢, uy) is said to be Koopman-
linearizable if there exist a lifting function v : R™* — R™ and matrices A € R"=*"= B cR"=*"u,
and C' € R™=*"= guch that, for all z; € R"=, the lifted state x; = 1(z;) evolves linearly z;1 =
Az, + Buy and the original state satisfies z; = Czy = C(z;). We refer to the tuple (A, B, C, )
as the Koopman embedding. This class of nonlinear dynamics strictly goes beyond standard linear
systems and can be used as an alternative to classical local linearization techniques.

Assumption 2.1 The nonlinear system f is Koopman-linearizable. In addition, there exists a
uniform bound Dy, < oo such that ||1(r)|| < Dy, for all ||| < 1.

Example 2.1 ((Brunton et al., 2016)) Consider the nonlinear system (3). With the lifted coordi-

nates x = (z) 1= [21, 20, 22]", it admits an exact linear embedding (4). O
The lifting function v is generally unknown [2’1 ] _ [0992’12] [O] . 3)
even if it exists. In this work, we develop a model- &) Z2+ 2 1

free predictive controller that exploits the Koopman

Jr
structure without requiring explicit knowledge of x}k O.(E)) ! (1] (1) il + (1) u. (4)
. . x2 == 2 .
f or 1, and provides a dynamic regret guarantee. $§r 0 0 0.992| |5 0

3. From Nonlinear to Linear via Koopman Embedding

We here establish a formal equivalence between the original nonlinear tracking problem and its lifted
linear counterpart, then use linear control theory to characterize the optimal offline noncausal policy.

3.1. Equivalence in the lifted space

Consider the nonlinear dynamics f initialized at z; with Koopman embedding (A, B, C,1). Let
x1 = ¥(21). Define Q := CTQ.C and the lifted cumulative cost

T
J%ft(u; r) = Zglft(a;tauﬁrt), O (e, w;re) == |2 — w(rt)HzQ + HUtHQR
t=1

We now present a lemma capturing the cost equivalence under Koopman lifting.
Lemma 3.1 Let x1 = ¢(z1). The following statements hold:

(i) Jr(u;r) = JE(u;r) for any control sequence u;

(i) J5 = (JEY*, where (JIE)* := miny {JE(u;r) : 2441 = Az + Buy}.



Proof The proof is straightforward. Since z; = Cz; and r, = C(ry), the stage cost satisfies
||2¢ — TtHQQz =|Czx¢ — C'w(m)HQQZ =]z — ¢(rt)|]2Q, and thus (i) follows. For (ii), because Jr and
J¥t agree for all control sequences u, their optimal values are identical. |

We next define the lifted dynamic regret Reg (7) := Jit(u;r) — (JX*)*. By Lemma 3.1, the
following result follows immediately.

Corollary 3.1 (Equivalence of dynamic regrets) For any online policy T, Regy () = Regh(n).

This result allows us to analyze the dynamic regret (2) in the linear Koopman space, while drawing
conclusions for the original nonlinear system. We impose the following assumption.
Assumption 3.1 (A, B) is stabilizable, (Q, A) is detectable, Q, = 0, Q = 0, and R > 0.

The assumption () > 0 is nontrivial. Since the recovery matrix C'is not full column rank, the
lifted cost matrix Q = C'TQ.C cannot be positive definite, even if Q. > 0.

3.2. Optimal offline policy

We now analyze the optimal (noncausal) tracking policy. The key idea is to exploit an exact Koopman
embedding to transform the nonlinear tracking problem into an equivalent linear-quadratic tracking
problem in the lifted space. The two formulations are presented below:

Jp = m&n Zthl 0z, ug;re) s.t. ze1 = f(ze,u), 21 given; N)
(J%ft)* = m&n Z;le Oyge (T, ug; ) s.t. k41 = Axy + Buy, ©1 = 1(z1). @L)
To solve the lifted problem (L), we first introduce the standard Riccati recursion.

Definition 3.1 (Riccati recursion) Let Pr = Q) and define the backward Riccati recursion:

Po=Q+ AP A-ATPBY'BTP 1A, Ky =% 'B"P A

forallt € [T — 1] where we denote ¥y = R+ BT P, 1B.

We also introduce the following notation for brevity. Let the closed-loop matrix at time ¢ € [T]
be Ay := A — BKj, and define the state transition matrix for any ¢1 < to < T"as A¢j ¢, =
A tsActta—1 -+ - Act g, +1 With the convention Agy ¢, 1= 1.

Now we are ready to characterize the optimal noncausal policy for (L), which follows from
(Foster and Simchowitz, 2020; Zhang et al., 2021; Goel and Hassibi, 2022). For completeness, we
give a self-contained derivation in Appendix A.

Theorem 3.1 Ler uj = 7 (x4; 1) denote the optimal policy for (L). This policy admits the following
closed-form expression for all t € [T):

up =75 (zir) = —Ky(ze — 0(re) — S Kiosi (Av(rs) — ¥(risn)) 5)
where K denotes the feedback gain and K;_,; := X, 1BTACT1 i Piv1 the feedforward gain, both
computed via the Riccati recursion in Definition 3.1. ’
By the cost equivalence established in Lemma 3.1, the following result follows directly.

Corollary 3.2 The optimal control sequence from (5) achieves the minimum cost J7. for (N).

While (5) gives a closed-form solution to the nonlinear problem (N), this policy is not imple-
mentable as it requires full knowledge of the target trajectory and the exact Koopman embedding.
Instead, it serves as an offline benchmark for evaluating the dynamic regret of our proposed online
controller introduced in the next section.
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Algorithm 1 Predictive Tracking
: fort € [T'— W]do

Observe current state z; and receive target predictions 7.4+ —1.

Solve (N-MPC), (L-MPC), or (DDPC), and apply the control action ultvlpc = u*1‘| "
end for
: Attime step t = T'—W +1, observe current state z; and receive target predictions 7.
: Solve (N-MPC), (L-MPC), or (DDPC), and apply the control actions uMEC := W

SAN A o S e

4. Predictive Tracking for Koopman-linearizable Systems

MPC is a widely used online control strategy that repeatedly solves a finite-horizon optimal control
problem using short-term predictions. At each step, only the first control action from the optimized
sequence is executed, and the procedure repeats. Below, we introduce a unified predictive tracking
algorithm that encompasses three MPC variants, differing in the level of model knowledge:

* Nonlinear MPC, which optimizes directly over the true nonlinear dynamics;

* Lifted Linear MPC, which assumes access to a known Koopman embedding;

» Data-driven MPC, which uses a data-driven dynamics constraint without model knowledge.

Note that Algorithm 1 follows the standard MPC procedure up to time step 7' — W. After that, a
final open-loop control sequence is applied over the remaining horizon.

4.1. Predictive control with known dynamics

We start with the case where the nonlinear dynamics f and its Koopman embedding (A, B, C, 1)) are
known. In this case, Algorithm 1 can be instantiated using either the nonlinear formulation (N-MPC)
or the lifted linear formulation (L-MPC), as detailed below:

. 1%
uméﬁ Doim Lz s merim1) St zip1e = (2ie i)y 210 =245 (N-MPC)
1: t

. w
UHHIT Y im1 Qe (@i Wigs 1) St Ty = A+ By, Ty =20=10(21)- (L-MPC)
1:W|t

This lifted formulation (L-MPC) allows the use of linear control techniques. A key observation is
that Theorem 3.1 can be applied to characterize this online MPC policy.

Theorem 4.1 Let uM? C= TP C(z¢; 1) denote the online MPC policy induced by solving (L-MPC)
in Algorithm (1). This policy admits the following closed-form expression:
(i) Forallt € [T — W], the policy is given by
uC = iy, = —Ki(we — o(re) = T T2 Kisicen (A¢(r) = d(rign)),  (6)
where K1:= Ky denotes the feedback gain and K1_i.:= K1 yw 7w i for k € [W] the

feedforward gain, all defined via the Riccati recursion in Definition 3.1 and Theorem 3.1.

(i) ForT — W <t < T, the policy coincides with the optimal offline policy from Theorem 3.1, i.e.,
aMPC (g 1) = 7 (24 1).

Fort € [T — W), the MPC gains K and { K, }}"_, are time-invariant, unlike the time-varying
offline optimal gains K and {Ktﬁi}g:tl in Theorem 3.1. This invariance arises from the constant
weight matrices () and R. If the weights were time-varying, the resulting MPC gains would also
vary with time (Zhang et al., 2021). By Lemma 3.1, the following result is immediate.



Corollary 4.1 Let uMP¢ = 7MPC(2,: 1) denote the online MPC policy induced by solving (N-MPC)
in Algorithm 1. Then T™MC(z; 1) = aMPC (25 1) for all t € [T).

4.2. Data-driven predictive control with unknown dynamics

We now consider the case where both the dynamics and Koopman embedding are unknown, but a
sufficiently long input-state trajectory, denoted ug := 1.y, and zq := Z1.p,, is available. We then
design a predictive controller using only the collected trajectory data. This approach is referred to as
data-driven predictive control (DDPC).

Online DDPC for tracking. We instantiate Algorithm 1 by solving:

min 37, 2ife = Tevioa gy, +llwiellz st Hag= [uiTli,t?uI:Wﬁ?Zi—lr—li,t’ ZI:W|t]T? (DDPC)
UL:W |t:21: W [t:9

where H, is a data matrix constructed from the offline trajectory (uq, z4) as detailed below, and
Winj ¢ ‘= Ut—T:t—1 € R7uTini and Zinit ‘= Zt—T,;i—1 € R™=Tni denote the most recent length-Tjy;
input-state trajectory, which serves as the initial condition for the predictive control. With a rich
enough data library Hy and a sufficiently long initial trajectory (Wini ¢, Zini ¢ ), the equality constraint
provides a model-free representation of the nonlinear system, as guaranteed by the extended Willem’s
fundamental lemma (Shang et al., 2024). The (DDPC) formulation offers two key advantages: (i)
it bypasses explicit system identification and the need for choosing lifting functions, and (ii) it
transforms the nonlinear constraint into a linear one. As we will see below, the control actions from
(DDPC) coincide with those from (N-MPC) and (L-MPC). Below, we detail the data-driven constraint
and the associated data requirement.

Construction of data library. We first describe the construction of Hy. It is obtained by
partitioning the single length-nq trajectory (ug, zq) into [ shorter overlapping segments of length
L := Ty + W, where | = ng — L + 1. Specifically, we form Hy € R("utn=)LxI a5 below:

wy w2 ccc Wpy—L+1
1 ..2 l W w s Why—
Hy = u? u(21 e uld _ HL(ud) HL(wln ) L 2 3 ng—L+2
. ) N T . . . . b}
Zd Zd Zd ,HL(Zd) d . . .. .
wrp WL+1 -+ Wny

where (uf1 = Ujir [—1, zé = Zj.i+1,—1) for i € [{] are the shorter input-state trajectories of length L.
To ensure that the collected data is sufficiently informative to represent the behavior of the nonlinear
system, we impose the following condition (Shang et al., 2024).

Definition 4.1 (Lifted excitation) We say that Hy provides lifted excitation of order L if the matrix

1 l . B
[ w‘(’;i) N szzl )] e Rultna)xl pas full row rank, where z1 € R"* denotes the first element of zy.

Although the Koopman embedding is unknown, its dimension n, can be identified from a
sufficiently long trajectory (Markovsky and Dérfler, 2022), and in practice, an estimated upper bound
often suffices. Moreover, for any Koopman-linearizable systems, a data matrix Hq satisfying lifted
excitation is guaranteed to exist and can be constructed by designing uq for the controllable Koopman
embedding (Shang et al., 2024). Given lifted excitation and an initial trajectory of length larger than
ng, we are ready to present the model-free linear representation of the nonlinear system.

Theorem 4.2 (Model-free representation (Shang et al., 2024)) Consider a Koopman-linearizable
nonlinear system. Suppose Hg satisfies lifted excitation of order L. At time t, we collect the most
recent input-state sequence Wiy, Zini¢ Of length Tin; > ng. Then, the concatenated sequence
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[uIﬁ, ulI, zIﬁ, ZE]T, where up € R™W zr € R™W is a valid length-L trajectory if and only if

there exists g € Rt such that Hqg = [ui-';li, ug, zi-r'—1i7 z;]T.
To apply the above representation in (DDPC), we set up, zg as decision variables uy.yy ¢, 21w
Theorem 4.2 shows that the feasible region of uy.yy|¢, 21.y|¢ includes all future input-state trajectories

consistent with the initial condition ujy;, Zi,i, thereby fully capturing the system’s behavior.

5. Performance Guarantees for Predictive Tracking

We here demonstrate the effectiveness of Algorithm 1, especially with (DDPC). We establish a
dynamic regret bound and outline the main analysis strategy.

5.1. Dynamic regret bound

Before presenting the regret bound, we introduce key system-dependent quantities used in the
analysis. Under Assumption 3.1, there exists a unique P, = 0 satisfying the discrete algebraic
Riccati equation (DARE): Py, = Q + ATPy A — ATPB(R + BT P, B) ' BT P, A, with the
optimal gain K, := (R + BTPOOB)_IBTPOOA and closed-loop matrix A¢ o ‘= A — BK
(Bertsekas, 2012; Zhou et al., 1996). The first quantity p, € (0, 1) denotes the exponential rate at
which the Riccati recursion converges to P, (Hager and Horowitz, 1976). Second, the factor o, :=
2 (1+ p(Aa,e0)) € (0,1) captures the closed-loop stability of state transition matrices A4, ¢,

Finally, the stabilizing window Agap, := O(log (1 — p(AClm)) _1) represents the minimal horizon
length for the system to exhibit stability. All these quantities depend only on the lifted system
parameters (A, B, @, R) and are independent of the full horizon length 7". Throughout, the O(-)
notation hides constants that depend only on (A, B, Q, R, Dy,) butnot on 7.

Theorem 5.1 (Dynamic regret) Let Ao :=max{pso, Voo } and suppose that the prediction horizon
satisfies W > Ngian. Under Assumptions 2.1 and 3.1, the dynamic regret of Algorithm 1 satisfies

Regy(MPC) = O(W?2\2V 1)1,

To the best of our knowledge, Theorem 5.1 provides the first dynamic regret bound for online
control of nonlinear systems that admit an exact Koopman embedding. The result shows that the
regret grows linearly with the time horizon 7', but decays exponentially with the prediction horizon
W. In particular, a prediction horizon of length W' = ©(log T') suffices to achieve constant O(1)
regret, paralleling the results in (Yu et al., 2020; Zhang et al., 2021; Lin et al., 2021) for linear systems.
Notably, this performance guarantee is obtained without requiring a terminal cost or knowledge
of the dynamics, relying instead on a sufficiently long prediction horizon to ensure stability. This
feature is unique to Koopman-linearizable systems due to the lifting process.

5.2. Dynamic regret analysis
We here provide a proof sketch of Theorem 5.1, with details deferred to Appendix C. Our analysis
builds on dynamic regret results for linear MPC with predictions but differs in two crucial aspects
due to the Koopman lifting structure: (i) the lifted stage cost matrix () is only positive semidefinite,
and (ii) our MPC formulation lacks a terminal cost.

The first key step uses Corollary 3.1 to reduce the analysis to the lifted linear system:

Reg;(MPC) = Reglf! (MPC) = JJ'(uMPC;r) — ()",

1. Hidden constants in O(+) also do not depend on W throughout entire analysis. Moreover, this bound can be tightened
to O(p2Y T) if max{peo, Yoo } = Poo; see Appendix C.7.



where JI(uMPC; ) is the cost incurred by uMPC from Algorithm 1. By the cost difference lemma
(Kakade, 2003), the dynamic regret can be expressed as a cumulative sum of control deviations.

Lemma 5.1 The lifted dynamic regret can be expressed as Regitt (MPC) = Y"1 [|uMPC — v 1%,

where uMPC = 7MPC(2,:v) and uf = 7} (x4;1) denote the control actions generated by the MPC

and the optimal non-causal policy, respectively, both evaluated on the lifted MPC trajectory x.

Let w; := Av(r;) — 1(riy1). From Theorems 3.1 and 4.1, it is clear that the control deviation
vanishes for ' — W < t < T, and admits the following decomposition for ¢ € [T' — W:

up™C —up =(K; — K1) (20— () + S0 2 (K = Kisier)wi + i hwy Kisiw,

With the above expression and Lemma 5.1, we obtain the following regret bound decomposition

) (el - o)

~
truncation deviation feedback deviation

_ 2
+ < ?:HW ZZiXVﬁZ(Kt—n’ _Kl—n'—t-i-l)wi Zt). @)

We now bound the regret term-by-term, with all technical details deferred to Appendices B and
C. All the results below are stated with the same settings in Theorem 5.1. We first establish the
exponential decay behavior of some key quantities.

Reglft(MPC) < < W HZZ w1 Kiiw;

feedforward deviation

Lemma 5.2 (Exponential decay of state transition matrices and feedforward gains) Forallt; <
ta < T, we have [|[Acipy—t, || = O(YR2 ™) and || Ky, o, || = O(v2™").

The proof leverages the strong stability (Cohen et al., 2018) of the closed-loop matrix A~
together with the exponential convergence of the Riccati recursion; see details in Appendix C.2. This
result directly yields a bound on the truncation deviation term in the regret decomposition.

Proposition 5.1 The truncation deviation term in (7) satisfies (truncation deviation) = O(v2V'T).

Next, to handle the remaining two terms in the regret decomposition, we establish exponential
decay bounds for the gain deviations and ensure boundedness of the lifted MPC state trajectory.

Lemma 5.3 (Exponential decay of feedback and feedforward deviation) Fort [T — W] and
t <i <t+W -2 wehave |[K; — K| = O(pX) and | Ky—si — K1—yi—111]] = Oyt pl —+1).

The proof of bounding gain deviations is more delicate and involved, but builds on similar
techniques used in the proof of Lemma 5.2; see Appendices C.4 and C.5 for details.
The bound below ensures the lifted MPC state remains bounded; see Section C.6 for proof.

Lemma 5.4 (Uniform bound on lifted MPC states) Suppose W > A .p. There exists a constant
D, > 0, independent of T, such that for all t € [T — W/, we have ||z, — ¥ ()| < Dy.

The key idea in Lemma 5.4 is to leverage a sufficiently long prediction horizon. This contrasts
with standard MPC, which often relies on a specially designed terminal cost to guarantee stability (Yu
et al., 2020; Zhang et al., 2021). Relying on Lemmas 5.3 and 5.4, we obtain the following bounds.

Proposition 5.2 Suppose W > Agian. In (7), we have (feedback gain deviation) = (’)(ngWT) and
(feedforward gain deviation) = O(W?2\2V'T).

It is now clear that combining Propositions 5.1 and 5.2 yields the desired bound in Theorem 5.1.
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Figure 1: Performance of Algorithm 1 with (DDPC) under varying prediction horizon W': tracking
and reference trajectories (left), dynamic regret for different R (middle) and different M (right).

6. Numerical Experiments

We validate Theorem 5.1 by evaluating the track-
ing performance of (DDPC) on the nonlinear sys-
tem (8), which similar to Example 2.1 is Koopman-
linearizable with the lifted state z := [21, 29, 27, 23, 2] . Here, the control objective is to let the
second state 2, track a sinusoidal reference ro; = M sin(7t/30). In the experiment, we set the
horizon T = 200, state cost matrix @), = diag(0, 1), and initial trajectory length i, = 10. For
construction of the data library Hy, a single trajectory of length 2W + 24 is collected for each
prediction horizon W (the minimum length to satisfy the lifted excitation), where the control input is
uniformly sampled from [—1, 1].

We show in Figure 1 the tracking performance and dynamic regret. In the left subfigure, we
observe that a longer prediction horizon W' yields smaller tracking error and faster convergence to
the reference trajectory, as indicated by the quicker correction in the blue curve. The middle and
right subfigures show that the dynamic regret decreases exponentially with increasing prediction
horizon W, which aligns with our bound in Theorem 5.1. Moreover, we observe that the decay rate
depends on the control cost matrix R and reference magnitude M.

Finally, to illustrate how the proposed data-driven predictive control method extends to systems
that are not Koopman-linearizable, we conduct an additional experiment on path tracking of two-
wheeled robots. Due to the page limit, we put these additional experimental results in Appendix D.

Zl,t+l _ 0.99217t (8)
22 t+1 - 0.922,t+zit+zit+2ft+ut

7. Conclusion

This paper studied the online performance of a data-driven predictive tracking method for a class
of Koopman-linearizable nonlinear systems. The approach relies only on sufficiently rich offline
data and requires no explicit model identification or knowledge of Koopman lifting functions.
Leveraging the lifted representation, we established a dynamic regret bound that quantifies the
tracking performance relative to the optimal offline control sequence and reveals the impact of the
prediction horizon on regret. Numerical experiments supported our theoretical findings. Future
directions include extending the data-driven method and regret analysis to settings with disturbances
or approximate Koopman embeddings, relaxing data richness conditions, incorporating imperfect
predictions, and exploring alternative regret measures.
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Appendix A. The Optimal Noncausal Policy for Linear Quadratic Tracking (LQT)

This section derives the optimal offline (noncausal) policy given in Theorem 3.1 and characterizes
its value function (cost-to-go). Recall lig (x4, ug; ) = ||ze — (1) H2Q + ||u¢||% for t € [T] and the
LQT problem (L) given full knowledge of the target trajectory r = ry.1

min 300 O (e, ues )

ul.T

s.t. xy4p1 = Az + Buy, x1 given.

To formalize the optimal control policy under reference tracking, we introduce notions of the
optimal value function V;*, Q-function ()}, and optimal policy 7}, defined as follows.

Definition A.1 (LQT optimal value function, Q-function, policy) Define the terminal quantities:
Qr(x,u;r) = b (x,u;ry), 7wp(x;r) = mgnQ}(x,u; r) =0, Vi(z;r)=lg(x,0;r7).
For each t € [T — 1), define recursively:
Q; (z,u;r) = b (x, us ) + Vi (Ax + Bu;r),

77 () = argmin Q; (, u; v),
u

Vi (w;r) = min Qf (z, u;v) = Q; (x, 7} (;7); 7).

A.l. Equivalence between LQT and LQR with disturbance

We first establish the equivalence between LQT and linear quadratic regulator (LQR) with distur-
bances, which serves as a key step in the subsequent proof. By a change of variables, we define the
lifted tracking error state z; and the disturbance sequence w; as follows

Ty = —P(re),  wp = AY(re) — (ri41), ©)
we can readily verify that the LQT problem (L) is equivalent to LQR with disturbance w = wy.73

min S ] QF + uf Ruy
uLT (10)
s.t. Ty = A%y + Buy + wy, T given.

To formalize the optimal control policy under this equivalent LQR setting, we define the corre-
sponding value functions and policies in terms of Z; and wy, mirroring the structure in Definition A.1.
Under this change of variables (9), we note that £y (z, u; ;) = fg (Z,u;0) = ' Q% + u' Ru.

Definition A.2 (LQR optimal value function, Q-function, policy) Define the terminal quantities:
Q7 (&, u; w) = O (F,1;0),  Fp(Fw) = min Qr(&,u;w) =0 VA(F w) := (&, 0;0).
For each t € [T — 1], define recursively:
QZ‘(JZ", u; w) = g (2, u;0) + f/til(Ai' + Bu + wy; w),
77 (%; w) = argmin Q} (%, u; w),
u

Ty (5 w) 1= min Q (3, s w) = Q (2,77 (2 w): w).

14



A.2. Proof of Theorem 3.1

We restate Theorem 3.1 in terms of the lifted error state £ and the disturbance sequence w as follows,
and provide its proof.

Theorem A.1 The optimal (noncausal) policy for (10), given full knowledge of w, is given by

~ - T—

up =7 (B w) = —Kedy — S0, Kiaw,
where the feedback gain K; and the feedforward gain K;_,; = E;IBT(Acu e Acl7t+1)TPi+1 are
defined via the Riccati recursion in Definition 3.1. Moreover, the corresponding optimal value
function (cost-to-go) at time t is given by V;*(&;w) = &' P& + v] % + q¢, where the recursive
relation of (Py, vy, q¢) is given in (12). Equivalently, in terms of the original lifted state x: and r, the

value function admits the form Vi*(z;r) = (z — w(rt))T P (z—v¢(re) +vf (z—(re)) + .

Proof The proof proceeds via dynamic programming, recursively computing the optimal control
actions. For t € [T' — 1], consider the optimal value function

Vi (#; w) = min (iTQﬁc +u" Ru + Vi1 (A% + Bu + wt)) ,

with the terminal condition V;:(#; w) = #TQZ. We aim to show that for all ¢ € [T, the value
function admits the quadratic form V;*(#;w) = &' P& + v & + ¢;. Att = T, the claim holds
trivially with (Pr,vr,qr) = (Q,0,0). We now proceed by backward induction. Suppose that
Vii1(2) = T Pry1@ + vf 1@ + gi11 holds for some ¢ € [T — 1] as the induction hypothesis. Then
the value function at time ? is

Vi (#;w) = min (iTQa? +u' Ru+ (A% + Bu + w;) " Py 1(AZ + Bu + wy)

+ fU;r_;'_l(Afff —+ Bu + 'UJt) —+ (Jt+1) .

The above is a quadratic optimization problem in u, rewritten as follows:

T
U R + BTPt+1B BTPt+1A BTPt+1 l.BT u

k[~ o . ff ATPTB Q + ATPtJ,_lA ATPt+1 §AT ff
V;f (l‘, W) —Hluln wy Pt+1B Pt+1A Pt+1 %I wy + qi+1 |,
V41 3B 1A ir 0 Vig1

where the minimizer (optimal control action) is given by

kg~ _ - 1
U,;j{ = Ty (.’E,W) = —(R + BTPtJ,_lB) 1BT <Pt+1A$ + Pt+1wt + 2'l)t+1> . (11)

Substituting (11) back into the value function yields

.
I Q+ATPA ATPyy AT | 2

Vi (@ w) = | w P A Pyr 3l wy
Vg1 3A 31 0 Vt+1
T T
z ATP. 1B ATP, B z
— | wy P.1B | (R+B"P1B)™' | PiB we |+ qet1,
Vit1 3B 3B Vt+1
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which is in the quadratic form V;*(#; w) = &' P, + v} & 4 ¢; with the recursion given by

Pi=Q+ATP1A— ATP1B(R+ BT Py1B) ' BT Py A,

P A P..1B -1
o =2 wt] O - <R+BTPH1B) BTP. A,
Vt+1 5 5
T P, lr P.1B 1P, 1B !
_ | we t+1 3 _ t+1 <R—|—BTP B>_ 41 Wy n .
qt [Ut+1] % I 0 % B t+1 % B Vrit qdit+1

(12)
We then proceed to derive an explicit expression for w; in (11) in terms of w = wy.7. For brevity,
we use the notations >; := R + BTPtHB, i =R+ BTPtHB, Aqt:=A— BK;and

Sy:=1- P BY BT,

Hence, uy in (11) is rewritten as

~ _ 1
uf = —Kii — ;' BT (Ptﬂwt + 2”t+1> : (13)
We start with the recursive expression of vy
1 P A ! P B !
[P t+1 7T -1 [1t+1 wy
2’Ut %A A Pt—i—lBZt %B Ve

_ _ 14
=AY (Py1— P B 'BTP ) wy + AT(I+ Py B ' B vy (19

1
=ATS, (Pt-l-lwt + 20t+1> .
Substituting (14) into (13) gives

* - _ 1
uf =— K@ — % 'BT <Pt+1wt + AT (mem + vm))

2
=—Ki-'B"(P ATS, P,
tT t 1wy + t+14t2We1
1
+ ATS 1 AT S 2 Prswiye + 2ATSt+1ATSt+2Ut+2>

=, 1T T
= — Kt[L‘ — Et B <Pt+1’wt + Acl7t+1Pt+2wt+1

1
+ Al 1AL 2 Prstwirs + 2ATSt+1ATSt+2’Ut+2>,
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where the last equality follows from the identity ATS; = ACT1 ;- By iterative substitution and noting
that v = 0, we eventually obtain

~ —1pT T
uf = —Ky& — ¥, B <Pt+1wt + Acy 1 Prrowitn

+ (Aatr2Aci11) T Pryswiga+- -+ (Aar—1-- ‘Acl,t+1)TPTwT—1>

T—1
= —Kii — Y Kisqw, Kisi =SB (Aai - Actir1)" Pipr.
i=t
Lastly, the optimal noncausal policy in Theorem 3.1 follows directly from the change of variables. H

Appendix B. Structural Properties in Linear Quadratic Control

B.1. Noiseless linear quadratic regulator

We briefly review the optimal controllers for the noiseless LQR problem in both the finite- and
infinite-horizon settings, which are key components for our subsequent analysis. See Zhou et al.
(1996); Bertsekas (2012) for more details. We begin with the finite-horizon problem:

min Z?:l x] Qs + ul Ruy
ul.T (15)
s.t. w41 = Axy + Buy, xp given.

Recall the Riccati recursion in Definition 3.1. The solution to (15) is given below.

Proposition B.1 The optimal control policy for (15) is given by uy = —Kyxy for all t € [T).
Moreover, the optimal cost-to-go is quadratic in the state, i.e., for any t € [T and x,

T _ T T T
xy Pxy = 1721;1 Yo x; Quy + u; Ru;.

We now turn to the infinite-horizon case, where the optimal solution is characterized by the
discrete algebraic Riccati equation (DARE).

Proposition B.2 There exists a unique positive semidefinite matrix P, > 0 that solves the DARE:
Po=Q+A"P A— AP B(R+ B"P,,B)"'BT P A. (16)

Given the solution P, we define the following associated steady-state quantities:
Yoo 1= R+ BTPyB, Ky =Y BTPyA, Ago:=A— BK.

Note that these are intrinsic control-theoretic quantities determined solely by (A, B, Q, R).
The following result describes the infinite-horizon optimal policy and its stability.

Proposition B.3 As T — oo, the optimal control policy for (15) converges to the stationary policy
u = —Kooxy. Moreover, the corresponding closed-loop matrix A« is stable, i.e., p(Acro0) < 1.
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B.2. Strong stability and regularity of Riccati-based quantities

We establish some structural properties of key control-theoretic quantities intrinsic to (A, B, @, R)
and the Riccati recursion, which underpin the analysis of the lifted-space optimal offline and online
MPC controllers in Theorems 3.1 and 4.1. We start with a quantitative notion of stability.

Definition B.1 (Strong Stability (Cohen et al., 2018)) A matrix A—BK is said to be (k,~y) strongly
stable for some k > 0 and vy € [0, 1) if there exist matrices H and L such that

A-BK=HLH™, |H| |H7Y <&, L] <~

We may also refer to a gain matrix K as (strongly) stable, meaning that its corresponding closed-loop
matrix A — BK is (strongly) stable. Moreover, any stable matrix is strongly stable for some « and +.

Lemma B.1 (Cohen et al., 2018, Lemma B.1.) Suppose that A— BK is stable, i.e., p(A—BK) < 1.
Then there exist constants k > 0 and v € [0,1) such that A — BK is (k,"y) strongly stable.

Below we establish the strong stability of the closed-loop matrix A o :=A — BK.

Corollary B.1 There exists some ko > 0 and Yoo € [0,1) such that Aq oo is (Koo, Yoo) Strongly
stable. That is, there exist matrices H o, and L) o such that

Acl,oo = -F—rcl,ooLcl,oo-E[_1 ”Hcl,ooH : HHC_l ” < Kooy ||Lcl,ooH < :Yoo

cl,00? 1,00

Proof Since A is stable by Proposition B.3, Lemma B.1 implies that it is also strongly stable. H
In fact, from the proof of Lemma B.1, we can choose Yo := p(Adl00) € [0, 1).

Lemma B.2 For anyi > 0, we have HAf:LOOH < Kool

Proof By Corollary B.1, it follows that || A%, || = ||[Haco L) o H

cl,00 cl,oo" " cl,

1)0” < "{oo:Yéo- u

We next recall a classical result from Hager and Horowitz (1976), which guarantees exponential
convergence of the Riccati recursion to the DARE solution Py,. This result requires only ¢ > 0 and
detectability of (A, @), unlike more recent analyses (e.g., Dean et al. (2018); Foster and Simchowitz
(2020); Zhang et al. (2021)) that assume @) > 0 to obtain explicit rates. Since the Koopman lifting
yields only @) > 0, we rely on this more general guarantee.

Proposition B.4 (Hager and Horowitz (1976)) Let P; and K be defined as in Definition 3.1. Then

there exists a constant po, € (0,1), independent of the horizon length T, such that for all t € [T,
1P = Pooll = O(p5s")  and || Ky — Kool = O(p3 "),

where the hidden constant in O(-) depends only on (A, B, Q, R) and not on T.

To facilitate the analysis of time-varying matrices A ;, we also define the transformed versions
Lo :=H ! ActH o 00. We next show that L ; remain uniformly bounded by 1 for all but the

cl,oo
last Agtap, steps of the horizon 7', where Agi,p, is independent of 7.

LemmaB.3 Let Voo := 3(1 + o) and Ageap, := O(log(1 — Yoo) 1), where the hidden constant
is independent of T'. Then it holds that ||L¢) ¢|| < Yoo < Lforallt < Tiap :=T — Agtab.

18



Proof Forany ¢t € [T, we have || Lci ¢ || < || Letooll + | Lett — Lel,oo || < Foo + Kool Aclt — Aclool] <
Foo + Kool Bl - | Kt — Kool|- By Proposition B4, | K; — Kwo|| = O(p;t). Thus, there exists a
constant Ay, = O(log(1 — 7o) 1), independent of T, such that the desired result holds. [ |

To facilitate the MPC analysis, we introduce the following Riccati recursion.

Definition B.2 (Riccati recursion for MPC) Define the backward Riccati recursion as:
Py:=Q, P:=Q+A"P41A-A"P,\BY'B"P,1A, K,:=%'B"P,A
fort € [W — 1] where we define ¥y := R + BT P,,1B.

Note that the above time indices for MPC correspond to those in Definition 3.1 via ¢ — T'—W +¢—1.
Thatis, Ky = Kr_wi¢—1, Prv1 = Pr_wis, and Xy = Sy o1 forall t € [W]. We also define
Aar=A—BEKy, Aai—si-t+1:=Aai—t4+1- Aaz

for t < i with t € [W]. Finally, we have the following bound on Ac 1 = A 17—

Lemma B.4 Forany W > Agap, we have ||f_1i171|] < Kool

Proof From Lemma B.3, it follows that for W' > Agtap We have || Lo 7—w| < 7Yoo. Therefore,
||AC1T W” - HHclooLclT %78 cl H < Iioo’yoo ]

Lemma B.4 establishes a stability property of the MPC closed-loop dynamics and plays a key
role in proving the boundedness of the MPC state trajectory in Lemma 5.4.

Appendix C. Proofs of Section 5
C.1. Proof of Lemma 5.1
The proof uses the cost difference lemma (Kakade, 2003; Fazel et al., 2018; Zhang et al., 2021).

Lemma C.1 For two policies 1, s, the difference of their cost-to-go Vi and V3 is given by
Vi (2) = Vi () = 20 QF (272, u) = Vi (27?) (25)

where {2}, u;?} are the trajectory generated by starting at initial state « and imposing policy 7.

Proof By Lemma C.1, the relative cost between the MPC and offline optimal policy is equal to
Jit M) — It (utr) = 300 Q7 (e u®Cir) — Qf (2}, ).

By Definition A.1 and Theorem A.1, Q; (zMP€, ;1) is strongly convex quadratic and u} is its
minimizer. Therefore, the first-odrer optimality condition implies that

MPC MPC MPC MPC 2
Qt( ) ) Qt( utv ) - Hu uz||v%Q;($lt\/lPC7u;;r)~

Finally, the result follows from V2Qj (zMPC v¥:r) = %;. [ |
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C.2. Proof of Lemma 5.2

We highlight the key proof idea from Lemma B.3: matrices L ; are uniformly bounded by 1 for
all but the final A,y steps, where Agtp, is independent of the horizon T'. Therefore, any bounded
product involving at most Ag,}, terms near the end of the horizon can be absorbed into the constant
in O(+), ensuring that the overall product still decays exponentially in ¢t — £;.

Proof Since A ; = Hel oLl tH ,we have Aq i, = Hel oo Ll t1_>t2H oo and therefore

[Actts -t || < ||Hcloo\| Gl Lttt ll < ool Letty -t .
It remains to bound || L1 ¢, +, || in the following three cases.

Case 1: ty < Tyap. By Lemma B.3, we have || Ley || < 7o < 1forallt € [t; + 1,12]. Thus

”LCltl‘ﬂ‘ZH < 7t2 &

Case 2: t; < Tiytap < to. In this case, decompose the product at Ty .1,

||LC11t1_>t2|| S HLClytlﬁTstab” ’ ‘|LC17Tstab_>t2H

(@

< 7908 T Lo Tyt

(t)

< Yagr Ty T (V) B | Loy 1yt

Doz,

o0

where (a) follows from Lemma B.3, (b) uses the fact that to — Tstap, < Agtan, and (c¢) absorbs
(7l)Astab | Le1, 7., —t. || into the constant, since the product involves at most A1, terms and is
uniformly bounded independently of 7.

Case 3: Ty, < t1 < t9. Here we have

Lt ts—tall = Y27 (732" | Lttt ||
(a)
S '733 h (PYo_ol)AStab HLCLtl —ta H

Y o(yz ),

where () is due to t2 — t; < Agiap and (b) absorbs (y!)2stab || L 4, s, || into the constant, since
this quantity is uniformly bounded by a constant independent of 7'.

Combining all cases yields the desired bound. |

C.3. Proof of Proposition 5.1

Proof Let w; = AvY(r;) — ¢(ri41). By Assumption 2.1, ||w;|| < Dy, := (||A|| + 1)Dy. Then,
2
W
W o Ko < ST Il (ST il )
T-W
<02 2] S (S0 )

2 (IR 1B 1Pl ) - SIS (S, 00ih)

[

<D
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where the last equality follows from Lemma 5.2. For the inner sum, changing the summation index
viaj =1 —1t+ 1, we obtain
T-1 i— T—t i i
Zi:t+W—1 O =0 (ijw %Jxv) =0 (Z;ﬁw Vgo) = 0(7%)-

Therefore, taking the square and summing over ¢ gives

2
T-W T-1
Zt:l HZi:tJrWﬂ K w; . = O(’YgoWT)~

t

C.4. Auxiliary lemmas for Lemma 5.3

To prove Lemma 5.3, we first introduce two technical lemmas (Lemmas C.2 and C.3) below for
bounding the difference between two intermediate matrices defined as follows:

. T T
Xisi = AgiPiv1 = (A Acgs1)

: T . i 1T
Xisictrn = Ag i o1 Pitr2 = (Acimer1 - Aa2) Pioiro

Piiq,

The first lemma relates the difference of Xlﬁi,tﬂ — X;_; to ijt+2 —Pjpfort+1<j5 <.

Lemma C.2 Fortec [T —W]andt <i<t+W —2,

_ - _
Xisictt1 — Xisi = Agqysi(Pimt42 — Pig1)

i
+ Z Ad i (Pr-wj—ts2 — Piy1) " B(R+ BT Pr_w 4 j—142B) ' BT X 115141
J=t+1

Proof We first observe the recursive structure
T % AT v
Xii = A1 Xer15i, - Xisictp1 = Ag o Xosi—t41.
Therefore,
Xisit+1 — Xtsi
=(Al, — AL, )Xo Al (Ko i1 — Xev1o
—\Yc clit+ 1= C i— %
(A2 14+1) X2siot41 + Ac i1 (Xosiotp t1—i)
z TpTv T -
=(K2 — Ki11)' B' Xoi—t+1 + Agp 1 (Xomiotr1 — Xev14)-
By iterative expansion using the above recursive relation, we obtain
Xisimt+1 — Xsi
=(Ky — Kiy1) "B X5, Al (Koiig1 — Xig15i
=(Ko 1) 9vi—t+1 T Acp 1 (Xosiot41 t+1-5i)
_ T o
=(Ky — Kiy1) B  Xoi—i41
T % TpT v T T %
+ Acip1 (K3 — Kiy2) ' B Xgoimii1 + A1 Acio(Xsoimtt1 — Xeyai)
i
T % T 7% TpTy
:Acl,t—>i(Xi—t+1—>i—t+1 - Xi—>z‘)+ Z Acl,t—>j—1(Kj—t+1 - Kj) B Xj—t+1—>i—t+1
j=t+1

i
=Albi(Pictr2 — Pir) + Z Ad i1 (Kjmi1 — Kj) "B X i15it41 (17)
J=t+1
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where the last equality uses the convention that A ;—,; = I. We also have
Kit41 - Kj = Kp_wij—141 — K;
=(R+ B " Pr_wj—1+2B) 'B"Pr_w4j_t42A— (R+ B"Pj;1B) 'B' P, A
=(R+ B"Pr_wj_142B) ' BT (Pr_wj—t+2 — Pj31)A
n ((R + B Pr_yajpeB)  — (R+ BTP]-HB)_l) B™P A
=(R+ B " Pr_wj—+2B) ' BT (Pr_w4j_t+2 — Pjs1)A
— (R+ BT Prowj—112B) "' B (Pr_wj1+2 — Pjs1)B(R+ BT P11 B) ' BT Py, A
=(R+ BT Pr_wj—14+2B) ' BT (Pr_w4j—1+2 — Pj41)(A — BK)) (18)
where the third equality uses the identity
Myt = Myt = My (M — My) My
for two invertible matrices M7 and Ms. Substituting (18) into (17) then completes the proof. |

Based on Lemma C.2, Lemma 5.2 and Proposition B.4, we obtain the following bound.

Lemma C.3 Fort € [T —W]andt <i<t+ W — 2, we have

Proof From the expression in Lemma C.2, we have

1 X1mict1 — Xiosill S [|AG il - 1Ptz — P

7
+ > AL I 1 Prowsjmero = Piall- I BRAB Prow i j—t42B) " BT || Xj—ts15i-e41 -
j=t+1

First by Lemma 5.2,
1% 1micertll = | (Acizerr - Aagisa) | Pioeyel = O(IZ7). (19)
Also by Proposition B.4, we have fort € [T'— W]andt+ 1 <j<t+W —1,
1 Pr—wj—t+2 = Pipall < [[Pr-wj—t42 = Pooll + [[Poo — Pt
= O0(p T + 07T
_ O(pmin{W—j+t—2,T—j—1})
= O(p 7). (20)
Therefore,
X1 i1 = Xisill < O(5") - O(pi ™)
3 O - O B2 - R - O(v57)
NP o . Wi
= O P + 0 (1 i P )
= O(v P )
where the first inequality follows from (19) and (20). |
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C.5. Proof of Lemma 5.3
Proof The proof is based on Lemma C.3. Recall the feedforward gains
Kisi =57 BT (A Acgyr) P,
Kisictr1 =57 BT (Acit1 - Aa2) " Pimgo
fort € [T —Wlandt <i <t+ W — 2. We can rewrite their difference as
Kisi— Kisici1 =5 BT Xy — 57 BT X101
=Y Y B "X, i — B™ X15i) + (7 2B X i (21)
Using Lemma C.3, the first term in (21) is bounded as
1 (BT Xyi = BT Xisimor) | S IR IIBI - [ Xei — Xissimeia |
= 0" P ™) (22)
For the second term in (21), by the identity ¥, ' — X7t = ¥,71(%; — %)%,
1S = STYBT Kasicvinl < IS7 - 1S3 = Sl - IST - 1B 1K i
< IBIP-IBTHP - 1P = Peall - [ Xisivesa |
= 0(psove' ™), (23)

where the last equality follows by arguments analogous to those in (20) and (19). Combining (22)
and (23), and applying Lemma C.3, we obtain

[Kisi = Kimsimspa ]| = OO o ™) + 00y ™) = O ke ).
Finally, one can verify that K; — K1 = (K4 — K1_,1)A and thus
1K — Ko || < || Kisi — Kiall - Al = O(p).

C.6. Proof of Lemma 5.4
To prove Lemma 5.4, we first introduce a lemma.

Lemma C.4 Consider the MPC policy given in Theorem 4.1. Fort € [T — W], we have
up™® = — K12 — q(w), q(w):= Zf:?/_Q Kiictpawi,
where Ty = xy — () and wy = AY(ry) — Y (re41). Then,
(i) The state trajectory Ty for t € [T — W can be expressed as
Tpr1 (W) = Zﬁzl flif{wz - Zﬁzl AZHB%'(W)-
(i) The feedforward term is uniformly bounded for all t € [T — W] as
lge(w)l| < Dg := [|R7H| - [|B]| - | Poc|l - Do - (1 = 700) "

Proof The first statement directly follows from recursive substitution. To bound ||¢;(w)]|, recall that
Kisitnr = Krowor-wiiot1

1 T T
=YX wB (Aar—wi—t+1- - Aar-w+1) Prowii—i42
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defined fort <i <t + W — 2 witht € [T — W]. Therefore, by Lemma 5.2,
lae(w) | = [ SE 2 Riirsnws
<17l - 1Bl - max || Prowi—s+2[ - Duw S P A wsr-wio

W—
IR B - 1Pss]l - Dw - 323257 7 O(A ™) < Dy

Proof We bound the norm of the lifted MPC trajectory as follows:
Al = Y A Bau(w)|

(b) A
< (1 A1+ maxlan)]) - iy ot

||9Ct+1

(©)
< Koo(1+ HAH + Dq) : (1 - '700)_1 = Dy,

where (a) follows from Lemma C.4, (b) applies Lemma B.4, which ensures that for any W > Agap,
the decay bound ||At !l < Kooyis? holds, and (c) uses again Lemma C.4. [

C.7. Proof of Proposition 5.2
Proof We first bound the feedback gain deviation. From Lemma 5.4, we have

— = 2 _
S (K = K@= d(r)) |5, < D2 -max |2 - 25" 1K - K2 = O3 T),

where we use the convergence bound || K; — K1|| = O(pX) from Proposition B.4.
We next bound the feedforward gain deviation. Since ||w;|| < D,,, we get

S HZHW 2(Kimi — Kisicer1)w; .
<D max [ S (T2 K~ Kisiceall)
<02 mas 2] - SL (ST 206t )
o) T, (T 06k ™))

0(1)- L, (S5200))" = owT),

where Ao := max{vs0, Pco }» and we use the bound from Lemma 5.3 in the second inequality. Note
that when 7o, < poo, We have ZW 20 (Yoo/Po0)?) = O ((1 = Yoo/psc) ™) = O(1) and hence
the bound can be improved to O( pQWT)

t

Appendix D. Additional Experiments: Two-wheeled Robots

We here illustrate that the proposed online controller (DDPC) can be adapted to work for nonlinear
systems that are not Koopman-linearizable. We consider a two-wheeled mobile robot with nonlinear
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kinematic dynamics (Li et al., 2019):
Zpi1 = Zgpt + At - cos(zsy) - vy,
Zyt+1 = 2yt + At -sin(zs¢) - vy,
25141 = 254 + AL - wy,

where (z,, z,) denotes the robot’s position, v and w represent tangential and angular velocities, zs is
the heading angle (relative to the x-axis), and At = 0.025s. The objective is to track a heart-shaped
reference trajectory (r;, r,, rs) given below while minimizing control effort:

req = 16sin3(t — 6),
Tyt = 13 cos(t) — 5cos(2t — 12) — 2 cos(3t — 18) — cos(4t — 24),

T —r
rs¢ = arctan Syt T Tyt .
Tet+l — Txt
1 0 O
We set the cost matrices (), = [g ! g] and R = 1.3 x 103 I5. As this nonlinear model is generally

not Koopman-linearizable, we introduce a regularization term for implicit model selection and a
slack variable for numerical stability (Dorfler et al., 2022). The regularized DDPC then becomes

. min S Nz = revimaly, + il + Agllglh + Aelloz 13
LW [621:W [t:9:02 (Reg—DDPC)
st. Hyg=[u. ulT:W|t, (Zini + 02) 7, ZIWH]T'
When the data library Hy is collected from a nonlinear system that is not Koopman-linearizable, it
typically has full row rank, rendering the equality constraint ineffective. To address this, we employ
the /1-norm regularizer ||g||; to encourage the optimization to select more “important” trajectories
for prediction. This serves as a convex relaxation of the /p-norm to reduce model complexity.

In addition, modeling error may cause the initial trajectory to fall outside the range space of Hy.
To maintain feasibility, we introduce a slack variable o, and penalize large deviations from the initial
trajectory through a relatively large weight A.. In our simulation, we set Ay = 2 and A, = 3 X 106,
Also note that for general nonlinear systems, the collected data captures only the local dynamics over
the data collection region. Therefore, the data-driven constraint in (Reg-DDPC) can be viewed as
a local linear approximation. Thus, to improve prediction accuracy and tracking performance, our
strategy is to switch the data library based on the robot’s current state.

Since the nonlinearity of the two-wheeled robot mainly arises from the coupled terms sin(zs) - v
and cos(z;) - v in the dynamics of z, and z,, the switching strategy is based on the robot’s orientation.
Specifically, during offline data collection, we collect 4 trajectories of length 1500 with initial states
(0,0, %), (0,0, %’T), (0,0, %’r) and (0, 0, %”) The input signals v and w are uniformly sampled from
(10, 20] and [—F, &), respectively. For each prediction horizon W, we construct 4 corresponding data
libraries Hy with Tjp; = 5, each approximately representing the local behavior of the nonlinear system
within orientation intervals [0, 3 ), [Z, ), [r, 2F), and [2F,27). During online tracking, the data
library associated with the robot’s current orientation is selected to improve tracking performance.

The results of tracking the heart-shaped curve over two cycles with prediction horizons W = 6,
9, 12 are shown in Figure 2. We observe that the robot tracks the reference trajectory relatively well
in smooth segments but exhibits noticeable deviation or oscillation at sharp turns. As we can see, a
longer prediction horizon enhances tracking accuracy in smooth regions by reducing drift and allows
the robot to recover more quickly after deviating at sharp corners.
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Figure 2: Tracking performance of the two-wheel robot under varying prediction horizons: W = 6
(left), W = 9 (middle), and W = 12 (right). The red curve denotes the reference trajectory, and the
blue curve shows the robot’s actual path.
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