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Abstract: Data-driven Koopman operator approximation has gained interest recently for its ability to embed nonlinear
systems into a lifted linear state space using only measurements. When control inputs are included, however, the lifted dy-
namics render a bilinear form, which poses challenges for controller synthesis, such as Model Predictive Control (MPC).
This paper proposes an on-policy actor-critic Deep Reinforcement Learning (DRL) framework that simultaneously learns
the Koopman bilinear dynamics and a MPC neural cost map. Instead of directly generating control actions, the actor net-
work takes the Koopman-lifted states and produces MPC weight matrices for each prediction step. These state-dependent
weight matrices serve as high-level guidance for the control objective, allowing the low-level MPC to run under very
short prediction horizon while maintaining stability and enforcing safety constraints. Simulations carried out with the
OpenAI Gym library demonstrate that, without requiring explicit knowledge of the dynamics, the proposed Actor-Critic
Koopman MPC (ACKMPC) achieves control accuracy and disturbance robustness on par with a model-based ACMPC,
and outperforms a pure DRL-learned policy using baseline Proximal Policy Optimization (PPO). It also exceeds standard
Koopman MPC (KMPC) in both robustness and computational efficiency.
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1. INTRODUCTION

Data-driven system identification and control has
emerged as a powerful methodology for modeling dy-
namical systems and controller synthesis solely from
measurement data [1]. Within this domain, the Koop-
man operator has attracted significant interest for its abil-
ity to represent nonlinear systems linearly in an infinite-
dimensional space. To make this infinite dimensional-
ity applicable in practice, extended dynamic mode de-
composition (EDMD) is typically applied as a finite-
dimensional approximation of the Koopman operator
[2]. This involves identifying a set of Koopman observ-
ables that approximate a Koopman invariant subspace
and project the original system dynamics into this Koop-
man lifted system. While the Koopman approximation
is initially formulated for unactuated systems, many re-
searchers have made the extension to actuated systems
with lifted linear control dynamics [3], [4], [5]. However,
recent studies demonstrate that controlled dynamics often
yield a bilinear form in the Koopman lifted space [6], [7],
[8]. This representation enhances long-term prediction
accuracy but complicates controller design.

To address this challenge, classical reactive control ap-
proaches including optimal control, robust control, and
feedback linearization have been developed specifically
for Koopman bilinear systems [8], [9], [10]. Yet ac-
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curately quantifying the modeling error from the finite-
dimensional approximation remains difficult, and this un-
certainty can propagate through the control law, causing
performance degradation under disturbances and model
mismatch. Model Predictive Control (MPC) offers a
promising alternative by solving a receding horizon opti-
mization problem with constraint satisfaction, which has
been applied to Koopman models in many works [11],
[12], [13]. However, Koopman MPC (KMPC) for bilin-
ear systems faces inherent nonconvexity and high dimen-
sionality, resulting in substantial computational cost.

Romero et al. recently introduced actor-critic MPC
(ACMPC), in which a learned actor network outputs
state-dependent weight matrices [14] to parameterize the
MPC cost. This actor network is essentially a neural
cost map, providing high-level guidance for the optimiza-
tion task, and the low-level MPC layer ensures constraint
satisfaction. According to their results, ACMPC outper-
forms standard DRL with baseline Proximal Policy Op-
timization (PPO) where the actor network directly out-
puts the control action. Nevertheless, like conventional
MPC, ACMPC also assumes perfect knowledge of a first-
principles model.

To bridge the gap, this paper proposes actor-critic
Koopman MPC (ACKMPC), which is an on-policy DRL
framework that jointly learns the Koopman bilinear sur-
rogate model and the MPC neural cost map from data.
In the offline phase, the deep neural network (DNN) pa-
rameterized Koopman observables are trained using ini-
tial rollout measurements. During the online phase, the
Koopman bilinear dynamics and the neural cost map for
Koopman MPC (KMPC) are jointly learned under an on-
policy actor-critic framework. The output of the neural
cost map is passed to a differential MPC solver [15],
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where the gradient of the MPC output is tractable. To
the best of our knowledge, this is the first paper that pro-
poses the end-to-end data-driven learning framework of
the Koopman bilinear model and controller design, where
the model continuously adapts to trajectories generated
by the current policy, and the controller optimizes specif-
ically for the latest dynamics representation. Meanwhile,
with the learned neural cost map of the KMPC, the pre-
diction horizon can be shortened to very few steps, en-
abling real-time execution compared to standard KMPC.
The performance is evaluated with the OpenAI Gym li-
brary, where the proposed ACKMPC achieves dramat-
ically reduced solve times and superior disturbance ro-
bustness relative to the KMPC, while also outperforming
the baseline PPO under perturbations, thanks to its pre-
dictive capability and constraint handling.

The remainder of the paper is organized as follows:
Section 2 reviews the bilinear control form of the Koop-
man operator, the data-driven Koopman approximation
techniques, and DRL fundamentals. Section 3 intro-
duces the ACMPC framework and details the proposed
ACKMPC methodology. System settings and simulation
results are presented in Section 4. The outlines and future
work are concluded in Section 5.

2. PRELIMINARIES

2.1 Koopman Bilinear Representation
Consider a general nonlinear control-affine system

ẋ = f(x) +
m∑

i=1
bi(x) · ui, (1)

where x ∈ X ⊂ Rn, u ∈ U ⊂ Rm, ui denotes the ith

element of u. The Euclidean space is represented by R,
and f , bi=1...m : X 7→ Rn are the drifted and control
vector fields. The Koopman operator is initially defined
for the unactuated term ẋ = f(x), corresponding to the
flow map St

f : [0, ∞) × X 7→ X given by St
f (x0) :=

x0 +
∫ t+t0

t0
f(x(τ))dτ , where x(t0) = x0. Let L2 de-

note square-integrable functions. According to the Koop-
man operator theory, there exists an infinite-dimensional
linear operator Mt

f : [0, ∞) × L2(X ) 7→ L2(X ), such
that [Mt

f g](x) = g(St
f (x)) with g ∈ L2. The Koopman

operator is then defined as the infinitesimal generator of
Mt

f , with

[Kf g](x) : = limt→0+([Mt
f g](x) − g(x))/t

= Lf g(x), (2)

where Lf is the Lie derivative along f .
Definition 2.1: A set of observations g(x) =

[g1(x), ..., gp(x)]T with gj=1...p ∈ L2(X ) : X 7→ C
forms a Koopman-invariant subspace span{gj}p

j=1 if
[Kf g](x) = Ac · g(x), where Ac is a p × p matrix.

Therefore, if the span of general observations
span{gj}p

j=1 is rich enough (p ≫ 0), this observation
space can be treated as the finite-dimensional approxima-

tion of the Koopman-invariant subspace, and yields the
lifted dynamics for (1):

ġ(x) = Lf g(x)︸ ︷︷ ︸
=Ac·g(x)

+
m∑

i=1
Lbi

g(x) · ui. (3)

Assumption 2.1: For the Koopman lifted dynamics (3),
the Lie derivative of the observations along the control-
affine vector field {Lbi

g}m
i=1 and the state vector x lies

inside span{gj}p
j=1.

Similarly, Assumption 2.1 holds under sufficiently rich
Koopman observations. Defining the lifted state z :=
g(x) ∈ Z ⊂ Rp and separating the state-independent
control term, (3) admits a bilinear form:

ż = Ac · z + Bc0 · u +
m∑

i=1
Bci

· z · ui (4)

x = C · z, (5)

where Ac and Bci
|i=1...m ∈ Rp×p, Bc0 ∈ Rp×m, and

C ∈ Rn×p.

2.2 Data-driven Koopman Approximation

From now on, we consider the discrete version of sys-
tem (1) and (4) as

xk+1 = fd(xk) +
m∑

i=1
bdi(xk) · uki , (6)

zk+1 = Ad · zk + Bd0 · uk +
m∑

i=1
Bdi · zk · uki . (7)

Given consecutive trajectories X = [x1, ..., xN ] and
U = [u1, ..., uN−1], define time-delayed measurements
Xc = [x1, ..., xN−1] and Xd = [x2, ..., xN ]. Let Ah :=
[Ad, Bd0 , ..., Bdm

] be the concatenated Koopman bilin-
ear matrices. With fixed Koopman observations {gj}p

j=1,
the lifted measurements Zc := g(Xc) and Zd := g(Xd)
yield the optimal solution A∗

h by solving the following
least-squares problem through pseudo-inverse:

A∗
h : = arg min

Ah∈Rp×(mp+p+m)

∥∥∥∥∥Zd − Ah ·

 Zc

U
U⊗̃Zc


︸ ︷︷ ︸

=ZU

∥∥∥∥∥
F

= Zd · Z†
U , (8)

where U⊗̃Zc := [u1 ⊗ z1, ..., uN−1 ⊗ zN−1] represents
the element-wise Kronecker product between the datasets
Zc and U , ∥ · ∥F denotes the Frobenius norm, and (·)†

stands for matrix pseudo-inverse. Similarly, C∗ = Xc·Z†
c

can be derived in the same way. Koopman observations
can be constructed from manually selected libraries (e.g.,
radial basis functions, polynomials) or learned via DNNs,
with the latter often providing better approximations of
the Koopman-invariant subspace and state reconstruction.

This document is a preprint of: K. Zheng, P. Huang, J. Casas et al., “On-policy Deep Reinforcement Learning Assisted Koopman Bilinear Model Predictive Control for
Unknown Dynamical Systems,” in Proceedings of The 25th International Conference on Control, Automation, and Systems (ICCAS 2025), Incheon, South Korea, Nov 2025.

© 2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or
future media, including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for

resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works.



2.3 Principles of Actor-Critic Methods
Consider a discrete-time Markov decision pro-

cess (MDP) defined by (X , U , {fd, bdi
}m

i=1, r, γ),
where {fd, bdi}m

i=1 denotes the discrete dynamics (6),
r(xk, uk) ∈ R is the immediate reward function, and
γ ∈ (0, 1] is the discount factor, penalizing delayed re-
wards. Within a canonical actor-critic setup, a stochastic
control policy πθa

(·|xk) is implemented as an actor
network parameterized by θa. The state-value function
under policy πθa

is given as

V πθa (xk) : = Eπθa

[ ∞∑
t=k

γt−k · r (xt, ut)
∣∣∣xk

]
= Eπθa

[r(xk, uk)|xk] + γV πθa (xk+1),
(9)

and the corresponding action-value function is written as

Qπθa (xk, uk) := r(xk, uk) + γV πθa (xk+1). (10)

Therefore, the advantage of taking action uk at state xk

over the current policy πθa
is

Aπθa (xk, uk) := Qπθa (xk, uk) − V πθa (xk). (11)

In the standard actor-critic architecture, the state-value
function is also approximated by a critic network with
parameters θc, and is realized together with the actor net-
work as multi-layer perceptrons. The actor network is op-
timized to maximize the state-value function (9) – equiv-
alently, to increase the advantage at each state – whereas
the critic network is trained to reduce the error between
predicted values and the returns observed along collected
trajectories.

2.4 Actor-Critic Model Predictive Control
A typical MPC cost function employing quadratic

penalties is given by

JMPC :=
Np−1∑
k=0

(
∥xref

k − xk∥Qs + ∥uk∥R

)
+ ∥xref

Np
− xNp

∥QT
, (12)

where Np > 0 represents the prediction horizon;
Qs, QT ⪰ 0 are the stage and terminal state-weight ma-
trices, R ≻ 0 is the input weight matrix, and x0 indi-
cates the current state. The corresponding finite-horizon
optimal control problem seeks {u∗

k}Np−1
k=0 that minimizes

the cost, subject to discrete system dynamics and to any
state and input inequality constraints. The optimization is
carried out in a receding-horizon fashion—only the first
control input u∗

0 is applied, and the problem is re-solved
at future steps with the horizon shifting forward. Since
the weight matrices remain fixed throughout this process,
the cost function cannot adapt to changing operating con-
ditions, potentially degrading closed-loop performance.

In ACMPC, instead of having fixed weight matrices,
the actor network πθa is now viewed as a neural cost

map. By expanding the cost in (12) and grouping the
quadratic and linear terms of [xT

k , uT
k ]T , the ACMPC

cost function is formulated as

JACMPC :=
Np∑

k=0

∥∥∥∥[
xk

uk

]∥∥∥∥
Qk

θa
(x0)

+ωk
θa

(x0)·
[
xk

uk

]
, (13)

where the weights for the quadratic and linear compo-
nents are determined by the output of the neural cost map

qθa
(x0) = [q0

θa
(x0), ..., q

Np

θa
(x0),

ω0
θa

(x0), ..., ω
Np

θa
(x0)]

∀ k = 0...Np, qk
θa

, ωk
θa

∈ Rn+m
>0 (14)

with Qk
θa

(x0) = diag[qk
θa

(x0)].

3. ACTOR-CRITIC KOOPMAN MODEL
PREDICTIVE CONTROL

In ACMPC, accurate knowledge of the system model
is required—yet such models are often unavailable or
prohibitively expensive to obtain. To address this limita-
tion, we propose the ACKMPC framework, which simul-
taneously learns a Koopman bilinear model and trains a
neural cost map for KMPC from measurement data, en-
abling a short-prediction-horizon MPC to run in real-time
without explicit model knowledge. ACKMPC training
is divided into two stages. In the offline stage, DNN-
parameterized Koopman observables are learned from
initial rollout data. In the online stage, on-policy actor-
critic updates are employed to learn the KMPC cost map
and refine the Koopman bilinear matrices.

3.1 Koopman Observables Learning
During the offline stage, we first collect the rollout

dataset Doff = {(Xi, U i)}nr
i=1, where each (Xi, U i) ∈

Doff denotes a complete, time-ordered trajectory of states
and control inputs. By reorganizing this data into time-
delayed snapshots (Xd, Xc, U) and defining Koopman
observables parameterized via a DNN mapping gθs

, the
corresponding offline loss is defined as

Lobs : = ∥gθs
(Xd) − A∗

h(θs) · gθs
(Xc)∥2

F︸ ︷︷ ︸
lbilinear

+ ∥Xd − C∗
θs

· A∗
h(θs) · gθs

(Xc)∥2
F︸ ︷︷ ︸

lprediction

+ ∥Xc − C∗
θs

· gθs
(Xc)∥2

F︸ ︷︷ ︸
lconsistency

+ ∥A∗
h(θs)∥1,1︸ ︷︷ ︸

lamp

+
p∑

i=1
|λi(A∗

d(θs)) − 1|︸ ︷︷ ︸
losc

, (15)

where A∗
h(θs) = [A∗

d(θs), B∗
d0(θs), ..., B∗

dm(θs)] and C∗
θs

are calculated through (8) with Zd = gθs
(Xd) and Zc =

gθs
(Xc). The first three loss terms penalize the model ac-
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curacy in both Koopman lifted space (through lbilinear) and
the original state space (with lprediction and lconsistency). The
amplification penalty lamp bounds the maximum singular
value of the Koopman bilinear matrices by penalizing its
entrywise ℓ1-norm, thus suppressing noise amplification.
The losc drives the eigenvalues of the unforced Koopman
bilinear system onto the unit circle, preventing exponen-
tial growth or decay and promoting long-term prediction
stability.

3.2 On-policy Training of Koopman Bilinear Dy-
namics and KMPC Neural Cost Map

Following offline learning of the Koopman observ-
ables, on-policy learning alternates between rollout and
training phases. This paper uses a stochastic policy,
where the differential MPC outputs the mean of a Gaus-
sian policy uk ∼ N (umean

k , Σ) with fixed covariance
Σ. For each sampled action uk, its log-probability
pk = logπ(uk|xk) is recorded for advantage estima-
tion. Trajectories are collected into the rollout dataset
Don = {(Xi, U i, X̂i, Û i, pi, ri, r̂i)}nr

i=1, where pi and
ri are the sequences of probabilities and rewards for the
ith trajectory. The X̂i, Û i represents the KMPC pre-
dicted trajectories at each rollout step, and r̂i is the cal-
culated reward using the predicted trajectory. Once the
rollout dataset buffer reaches its capacity, its contents are
extracted for training and the buffer is reset, such that
the collected data always reflects the most recent pol-
icy. This on-policy scheme avoids distributional mis-
match and generally yields more stable updates than off-
policy methods.

During the training phase, generalized advantage es-
timation (GAE) is employed to estimate the advantage
defined by (11) for each state in the collected rollouts.
For a trajectory Di

on ∈ Don with length T , the estimated
advantage for xk is given by

Âk :=
T −1∑
t=k

(γλ)t−k ·
(
rt + γ · cθc

(xt+1) − cθc
(xt)

)
,

(16)

where cθc
: X 7→ R is the critic network approximat-

ing the value function under the current policy. Here, γ
is the reward discount factor, and λ ∈ [0, 1] represents
the trace-decay parameter that controls the bias-variance
trade-off in the advantage estimation.

With the advantage estimates Âk from (16), the critic
network is trained using two complementary losses. The
value-prediction loss Lvp fits the estimated value to the
GAE-bootstrapped return, while the MPC-consistency
loss enforces consistency of the estimated value along the
MPC predicted trajectories at each state. Define

Lvp := 1
nr · T

nr∑
i=1

T −1∑
k=0

[
cθc

(xi
k) −

(
Âi

k + c̃θc
(xi

k)
)]2

,

(17)

where nr is the number of rollout trajectories, and c̃θc is

a frozen copy of the critic (no gradient) used to compute
the targets Âi

k + c̃θc
(xi

k). Let {x̂i
k+j}Np

j=1, {ûi
k+j}Np−1

j=1 ,

{r̂i
k+j}Np

j=1 be the predicted states, actions, and rewards
from xi

k. The MPC-consistency loss at xi
k is given by

Lmpcc(xi
k) := 1

Np

Np−1∑
j=0

[
cθc

(x̂k+j)−

(Np−1∑
t=j

γt−j r̂k+t + γNp−jcθc
(x̂k+Np

)
)]2

,

(18)

and the overall critic loss is

Lcritic := Lvp + 1
nr · T

nr∑
i=1

T −1∑
k=0

Lmpcc(xi
k). (19)

The actor network updates follow a proximal policy
optimization (PPO) clipped surrogate objective:

Lactor := −1
nr · T

nr∑
i=1

T −1∑
k=0

min
(πθa

(ui
k|xi

k)
πθ̃a

(ui
k|xi

k)
Âi

k,

clip
[πθa

(ui
k|xi

k)
πθ̃a

(ui
k|xi

k)
, 1 − ϵ,1 + ϵ

]
Âi

k

)
, (20)

where ϵ ∈ (0, 1) is the PPO clipping parameter that con-
strains the probability ratio, suppressing excessively large
policy updates.

During the online learning, the Koopman bilinear ma-
trix Ah is updated by solving an exponentially weighted
least-squares problem with the loss function defined as:

Lrls :=
tc∑

t=0
ρtc−t

∥∥Zd(t) − Ah · ZU (t)
∥∥2

F
, (21)

where ρ ∈ (0, 1] denotes the forgetting factor, and t =
0...tc indexes all snapshots collected up to the current
rollout. Thanks to the quadratic structure of Lrls, Ah

can be updated using recursive least-squares (RLS) re-
cursions without storing the full data history. This update
process is integrated into the online learning loop, which
is detailed in Algorithm 1. The projection matrix C fol-
lows an identical update rule to Ah and is omitted here
for brevity.

4. EXPERIMENTS

The learning process and control performance of
the proposed ACKMPC are evaluated on an inverted-
pendulum system from the OpenAI Gym library, with the
dynamics given by

θ̈ = 3
2

(g

l
· sin(θ) + 1

ml2 · u
)

, (22)

where the state space is x = [cos(θ), sinθ, θ̇]T , and u ∈
[−2, 2](N · m).

During the training, each trajectory consists of T =
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Fig. 1. (a) Offline training process of the Koopman observables gθs
. (b) Eigenvalue magnitudes distribution of the

unactuated Koopman bilinear system Ad. (c) Online training process: mean episode return (solid lines) ± 1 std (shaded)
over rollouts, comparing baseline PPO (actor directly outputs control actions), ACMPC, and ACKMPC.

Algorithm 1 ACKMPC Online Training
Require: Koopman observations gθs

, offline dataset Doff. Initialize
the actor network θa and the critic network θc. Set MPC prediction
horizon Np and inequality constraints.

1: Calculate initial Ah through (8) and covariance matrix P ←
(

Xc ·

XT
c

)−1
with data from Doff.

2: while trainingF lag do
3: Don ← ∅
4: # Rollout Phase
5: while Don is not FULL do
6: Get rollout trajectory Di

on
7: Don ← Don ∪Di

on
8: end while
9: # Training Phase
10: for Dbatch in Don do
11: Calculate Lcritic, Lactor from (19) and (20)
12: θa ← OptimizerStep(θa,∇Lactor)
13: θc ← OptimizerStep(θc,∇Lcritic)
14: end for
15: Derive Zd and ZU from Don
16: P̃ ← (1/ρ) · P
17: K ← P̃ · ZT

U · (I + ZT
U · P̃ · ZU )−1

18: Ah ← Ah + (Zd −Ah · ZU ) ·KT

19: P ← P̃ − P̃ · ZU (I + ZT
U · P̃ · ZU )−1 · ZT

U · P̃
20: end while

200 steps with sampling interval ts = 0.05s. In the
offline stage, the Koopman observable network lifts the
state into a p = 20 dimensional space using 3 fully-
connected hidden layers of 20 units each, with Tanh ac-
tivations. It is trained on 100K samples with 20K batch
size. In the online stage, both actor and critic networks
employ 2 fully-connected hidden layers of 128 and 256
units with ReLU activations, with the output layer of the
actor network using Sigmoid activations and the critic
network being left linear. Online learning runs for 200
rollouts, each containing nr = 50 trajectories (10K sim-
ulation steps per rollout, 2 million steps in total), with
each batch having 2K samples and 5 gradient updates.
All networks apply Adam optimizer with learning rate
0.001. The training was conducted on a workstation
with NVIDIA RTX 4090 (24 GB) GPU and AMD Ryzen
9950X CPU.

The training process of ACKMPC is shown in Fig.
1. From Fig. 1(a), the offline training loss Lobs falls
by more than two orders of magnitude over 1000 gradi-
ent steps, indicating that the DNN-represented Koopman
observables have significantly improved precision in ap-

proximating a Koopman-invariant subspace and enable
accurate linear reconstruction of the original state. The
eigenvalue magnitudes λ(Ad) of the unactuated system
in Fig. 1(b) are driven onto the unit circle after training,
preventing exponential growth or decay of the Koopman
observables and ensuring long-term prediction stability.
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Fig. 2. Tracking performance of the pendulum angle
θ under four trained controllers. Left: nominal system
matching the training model. Right: system with a 50%
increase in pendulum mass.
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Fig. 3. Cumulative reward distributions of the trained
controllers under varying levels of model perturbation,
evaluated over 100 trials per disturbance level with ran-
dom initial states.

The control performance is compared in Fig. 2 and
Fig. 3 under varying levels of model perturbation.
Each controller was evaluated over 100 independent tri-
als for each disturbance level, with the pendulum mass
perturbed by a fixed percentage relative to the training
model. Fig. 2 presents two example trajectories of the
pendulum angle θ. In the undisturbed case, all four meth-
ods drive the pendulum to the upright position rapidly,
consistent with the online training results in Fig. 1(c).
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When disturbance is introduced, only the ACMPC and
ACKMPC with learned neural cost maps maintain stabil-
ity, while baseline PPO and KMPC exhibit sustained os-
cillations. This highlights the benefit of a state-dependent
cost map in guiding the controller under perturbations
while still leveraging the constraint-handling capabili-
ties of MPC. Fig. 3 shows the cumulative rewards dis-
tributions across all test runs as the modeling error in-
creases. Baseline PPO and KMPC both degrade sig-
nificantly under moderate mismatch, whereas ACKMPC
closely matches ACMPC across all disturbance levels.
These results demonstrate that the proposed purely data-
driven ACKMPC approach attains robustness compara-
ble to a model-based ACMPC.

Meanwhile, by leveraging a neural cost map, both
ACMPC and ACKMPC achieve the performance shown
earlier with a horizon of Np = 2, requiring less than 5ms
per control update with the IPOPT solver. In contrast,
KMPC demands substantially longer horizons to main-
tain stability, where the solving time grows to over 60ms
at Np = 30, posing a significant challenge for real-time
deployment.

5. CONCLUSIONS

This paper introduced ACKMPC, a fully data-driven
framework that identifies DNN parameterized Koop-
man observables offline, and jointly refines the Koop-
man bilinear dynamics and trains a state-dependent neu-
ral cost map online via on-policy DRL. Leveraging this
learned cost map, ACKMPC achieves less than 5ms
solve times with a 2-step prediction horizon while match-
ing the tracking accuracy and disturbance robustness of a
model-based ACMPC. Compared to standard KMPC and
baseline PPO, ACKMPC delivers superior robustness to
model mismatch and greater computational efficiency.

Future work considers testing ACKMPC on a wider
range of systems including real-world hardware plat-
forms, integrating safety and stability criteria directly into
the neural cost map training, and leveraging historical
trajectory data to learn multiple specialized cost maps
alongside a selection network that adapts to diverse con-
trol scenarios.
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