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Abstract

Model predictive control (MPC) has evolved from an industry-originated heuristic to a rigorously grounded and widely adopted
control framework. This survey provides a structured account of MPC’s trajectory across three interrelated dimensions:
theoretical foundations, practical deployments, and future outlook. We first trace the emergence of core principles especially
around stability and robustness and highlight pivotal contributions that have shaped linear, nonlinear, robust, stochastic,
and adaptive MPC variants. The second part reviews computational advances, data-driven innovations, and widespread
deployments, with a particular emphasis on automotive applications. Finally, we articulate a forward-looking vision of MPC
as a general and unified paradigm for embodied intelligence. Throughout, we underscore contributions from international
and Chinese research communities and point to emerging research directions at the intersection of control theory, machine
learning, and intelligent systems.
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1 Introduction and background of model
predictive control

Model predictive control (MPC), also known as Receding
Horizon Control, has become a central paradigm in modern
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control engineering. Since its emergence in the late 1970s,
MPC has evolved from an industry-driven heuristic into
a formally grounded methodology that is widely adopted
across high-value domains ranging from process industries
and energy systems to robotics and intelligent transportation.
Its appeal lies in its systematic use of predictive optimization
to compute control inputs that satisfy performance objectives
and respect system constraints over a moving time horizon.

In its most common form, MPC is implemented as a
discrete-time, finite-horizon optimal control strategy, mak-
ing it naturally suited to digital control and embedded
computation. At each sampling instant, an optimization prob-
lem is solved to determine a sequence of future control
actions that minimize a cost function subject to system
dynamics, state and input constraints, and possibly termi-
nal conditions. A major strength of MPC lies in its explicit
treatment of constraints, setting it apart from classical lin-
ear controllers such as PID and LQR, which often require
heuristic mechanisms for constraint enforcement [1]. After
the optimal control sequence is determined, only the first
control input is applied, and the procedure is repeated at the
next sampling instant using updated state information. This
receding-horizon approach imparts feedback properties to
the controller, even though the optimization problem solved
at each step is open-loop. The continual re-optimization
enables MPC to adapt to disturbances, model uncertainties,
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and changing constraint activity in a predictive and respon-
sive manner [2, 3].

The development of MPC can be broadly categorized
along three interrelated dimensions: (i) its evolution from an
industrial heuristic to a rigorous optimization-based control
framework, underpinned by theoretical guarantees on stabil-
ity, robustness, and performance [4]; (ii) the expansion into a
rich family of algorithmic variants spanning linear, nonlinear,
robust, stochastic, and adaptive formulations tailored to dif-
ferent system classes and uncertainty structures [5, 6]; and
(iii) advances in computational and architectural technolo-
gies, including fast real-time solvers, hardware acceleration
techniques, and distributed and cloud-based implementation
paradigms, which have substantially improved MPC’s appli-
cability to time-critical and large-scale systems.

Along this trajectory, contributions from Chinese
researchers (notably Yugeng Xi, who introduced predic-
tive control to China in the late 1980s [7]) have played
an important role in advancing both theoretical understand-
ing and practical deployment. Notable contributions by
Xi and his colleagues include elucidating the fundamental
ingredients of MPC: predictive model, rolling optimization,
and feedback correction [7], and formalizing a qualitative-
synthesis perspective that integrates optimal control and
Lyapunov arguments with terminal ingredients [8], partic-
ularly in the Chinese control community; advancing robust
MPC formulations with rigorous stability and performance
guarantees [9-12]; and promoting tractable deployment for
large-scale and networked systems (e.g., urban transporta-
tion) through aggregation-based, distributed, and hierarchi-
cal algorithms [13-20]. Beyond these technical contribu-
tions, they have also shaped the field through flagship tutorial
reviews and widely adopted textbooks [21-23], providing
a coherent and accessible toolkit for MPC researchers and
practitioners.

This article surveys the past, present, and future of MPC,
with particular attention to foundational theory, modern
applications (especially in the automotive domain), and
emerging research directions. We also propose a forward-
looking view of MPC as a general and principled framework
for planning and control of embodied intelligent systems.

1.1 Motivation and scope

Originally developed to address the control challenges of
petrochemical and process industries, MPC has evolved into
a general-purpose framework with wide applicability. Its
defining strengths include the ability to anticipate future
behavior, enforce constraints in a principled way, and opti-
mize multi-objective performance over a predictive horizon.
With the development of fast solvers and embedded com-
puting platforms, MPC has become viable for high-speed,
safety-critical systems, including autonomous vehicles [24],
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aerospace systems [25], advanced robotics [26], smart grids
[27], and so on.
This survey is structured around three overarching goals:

1. To trace the theoretical evolution of MPC from early
industrial heuristics to a rigorous, optimization-based
control framework, integrating key insights that have
shaped its stability, robustness, and implementation in
practice.

2. To review the widespread deployment of MPC across
domains with particular emphasis on its adoption and
advancement in automotive applications.

3. To explore future directions where MPC serves as a foun-
dation for intelligent planning and control, particularly in
the context of embodied intelligence.

We remark that the literature on MPC is vast and rapidly
growing, making it infeasible to cover all relevant contri-
butions in detail. In this article, we focus on representative
works that illustrate key directions and flagship advances.
For readers interested in a more comprehensive treatment of
MPC theory, algorithms, and applications, we refer to the
classic textbook by Rawlings, Mayne, and Diehl [3], as well
as the monographs by Xi [22, 23] and Chen [28], which
have played a foundational role in advancing MPC educa-
tion and research in China. In addition, there already exist
survey articles devoted to specialized topics such as robust
MPC [29], stochastic MPC [30], distributed MPC [31], learn-
ing MPC [32], and others. Rather than attempting to review
each of these directions in depth, our aim here is to provide
an overarching perspective on the developmental trajectory
of MPC, emphasizing the key milestones and thematic shifts
that have shaped the field.

1.2 Core principles of MPC

At its core, MPC operates on the following receding-horizon
loop:

1. State measurement: Measure (or estimate using an
observer) the current system state x;.

2. Predictive optimization: Solve the following problem for
an optimal control input sequence {uk|t},1{V=_01 :

N—1

min ) €(xke, k) + €5 (XN|) (la)
k=0

st Xpq1r = f Oy uge), k=0,...,N—1, (1b)
Xo|r = X¢, (1o
Xk € X, upp €U, k=0,...,N —1, (1d)
XNt € Xf (le)



Model predictive control: past, present, and future

3. Execution: Apply only the first input u; = ug; over a
sampling interval.
4. Receding horizon: Repeat the process at the next timestep.

In (1), the notation ()|, denotes the predicted value of a
variable, either the system state x or control input u at future
timestep ¢t + k, based on information available at current
time #. The parameter N specifies the length of the finite
prediction horizon. The functions £ and £ represent stage
cost and terminal cost, respectively. The sets X, U/, and Xy
define the admissible regions for the state, input, and terminal
state (i.e., the state at the end of the prediction horizon). The
function f represents a model used to predict the system
dynamics over the horizon.

Key features The following characteristics underscore the
power of MPC as a unifying control paradigm and its suit-
ability for modern complex systems with stringent safety and
performance requirements:

e Predictive feedback: Although each optimization is per-
formed in an open-loop fashion, the receding-horizon
structure (replanning at every timestep) yields closed-
loop behavior capable of reacting to disturbances and
model errors.

e Multi-objective optimization: The cost function can be
flexibly designed to encode multiple performance objec-
tives such as reference tracking, energy efficiency, control
smoothness, and safety margins enabling systematic
trade-off and prioritization.

e Constraint handling: MPC incorporates constraints on
state and input variables explicitly within the optimiza-
tion process, enabling formal compliance with physical
limits and safety specifications.

e Generality: The predictive model f can take various
forms, ranging from physics-based equations to data-
driven models and neural networks. This flexibility
makes MPC broadly applicable across diverse system
classes and computational platforms.

1.3 Organization

The remainder of this article is organized as follows: Sec-
tion 2 traces the historical evolution of MPC, highlighting key
theoretical developments in stability, inherent robustness,
and the emergence of major algorithmic variants. Section 3
examines the current state of MPC, focusing on real-time and
scalable computation, data-driven approaches, and domain
applications, with an emphasis on automotive systems. Sec-
tion 4 envisions future directions for MPC as a foundational
and general mechanism for planning, learning, and safety
in embodied intelligent agents. Section 5 offers concluding

remarks and synthesizes perspectives for the next generation
of MPC research.

2 The past: theoretical foundations and
evolution of MPC

MPC originated from industry-driven innovations in the
1970s and evolved into one of the most powerful frameworks
in modern control engineering. Its development followed
a clear trajectory: from heuristic algorithms to rigorous
theoretical analysis, from industrial batch processes to safety-
critical embedded systems. In this section, we review the key
milestones in the early development of MPC, including the
emergence of stability theory, the concept of inherent robust-
ness, and various algorithmic variants that form the basis
for MPC’s modern capabilities. Chinese scholars particularly
those active from the 1980s onward contributed substantially
to this evolution, both in foundational research and in applied
extensions.

2.1 Origins of MPC and foundational theoretical
developments

MPC’s roots lie in the process industry, where constrained
multivariable control presented a long-standing challenge.
Pioneering algorithms such as Model Algorithmic Control
(MAC) and Dynamic Matrix Control (DMC) emerged in
the 1970s to address this issue using output predictions and
finite-horizon optimization [33, 34]. However, these early
approaches lacked rigorous treatment of stability and robust-
ness.

During the 1980s and 1990s, MPC became formalized
through frameworks such as generalized predictive con-
trol (GPC) and other receding-horizon schemes, which
introduced explicit handling of constraints and optimization-
based feedback [2, 35]. These developments shifted MPC
from an industrial heuristic to a control-theoretic discipline
with provable properties.

In parallel, Chinese researchers began exploring predic-
tive control frameworks. Notably, Yugeng Xi was among the
first to introduce MPC theory in China. In the late 1980s,
he proposed a multilayer intelligent predictive control archi-
tecture that integrated planning, feedback, and constraint
handling, effectively anticipating the hierarchical and dis-
tributed MPC frameworks that would gain prominence
decades later [7]. This work provided a conceptual bridge
between industrial needs and emerging tools, laying the foun-
dation for the subsequent widespread MPC research in China.
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2.1.1 Stability theory of MPC

A central theoretical concern in MPC is the assurance of
closed-loop stability under finite-horizon operation. Unlike
infinite-horizon optimal control, which naturally yields sta-
bilizing policies, MPC must incorporate certain structural
elements such as terminal constraints or costs to guarantee
that the closed-loop system remains stable over time [36].

One of the earliest rigorous stability results for gen-
eral MPC formulations extending beyond linear regulators
was provided in 1988 by Keerthi and Gilbert [37], who
showed that optimal feedback laws for constrained nonlinear
discrete-time systems can be approximated via moving-
horizon strategies. Their work proved asymptotic stability
of such strategies under mild assumptions, making it the first
formal analysis of nonlinear MPC stability and laying foun-
dational groundwork for later developments. Building on the
growing interest in handling constraints in control systems,
Gilbert and colleagues introduced the concepts of maximal
output admissible sets in the late 1990s [38, 39]. These tools
provided a set-theoretic approach to define feasible regions
and to design invariant terminal sets, which remain essential
to many modern MPC stability formulations.

In parallel, significant progress was made in China. During
the 1990s, Yugeng Xi and colleagues investigated the closed-
loop properties of GPC, producing a series of foundational
results [40—42]. Addressing the challenge of tractable nonlin-
ear MPC design without requiring exact terminal ingredients,
Chen and Allgower introduced the quasi-infinite horizon
MPC framework in 1998 [43]. By leveraging stage costs
with appropriate decay properties, their formulation ensured
asymptotic stability while avoiding the need for explicit ter-
minal regions or costs, an advancement that significantly
facilitated the practical application of nonlinear MPC, par-
ticularly in embedded and automotive systems.

In the seminal survey article [2], Mayne et al. synthe-
sized many of these ideas into a general and now widely
adopted framework for finite-horizon constrained MPC.
Their approach formalized three sufficient ingredients for
guaranteeing stability: (i) a terminal cost that approximates
the infinite-horizon value function, (ii) a terminal constraint
set that is invariant under a local stabilizing law, and (iii) a
stage cost that acts as a Lyapunov function within the terminal
region. This formulation is considered canonical in the field
and underpins much of modern MPC theory and application.
Systematic methods for constructing these ingredients for
nonlinear systems include approximate dynamic program-
ming to estimate stabilizing terminal costs [44]; Hamilton-
Jacobi reachability and viability-kernel methods to compute
controlled-invariant terminal sets [45, 46]; sum-of-squares-
based semidefinite programs and occupation-measure-based
convex relaxations to synthesize control-Lyapunov func-
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tions and invariant terminal regions [47, 48]; among other
approaches [3].

Together, these contributions spanning moving-horizon
approximation, set invariance, and terminal-relaxed design
form the backbone of MPC stability theory. They continue
to inform controller synthesis in both academic research and
industrial practice, particularly as MPC extends to uncertain,
distributed, and learning-enabled adaptive systems.

2.1.2 Inherent robustness of MPC

A critical insight in the MPC literature is that even when
uncertainties are not explicitly modeled, MPC often exhibits
a degree of inherent robustness. This robustness arises
primarily from the receding-horizon mechanism: each opti-
mization re-plans based on updated state measurements,
allowing the controller to attenuate small disturbances before
they propagate.

Early insights into this phenomenon were offered by
Muske and Rawlings [49], who observed that nominal MPC
controllers often exhibit stable behavior and maintain feasi-
bility under small disturbances, even when such disturbances
are not explicitly modeled in the formulation. Scokaert et
al. [50] extended this understanding by establishing condi-
tions under which nonlinear MPC remains stabilizing in the
face of perturbations.

Pushing these insights further, researchers have developed
a variety of analytical tools and formulations to quantify
robustness margins and extend the permissible range of
uncertainty [51-56]. Within the quasi-infinite horizon MPC
framework proposed by Chen and Allgower [43], Yu et
al. [57] provided a detailed analysis of the robustness prop-
erties of nonlinear MPC under bounded disturbances. They
established conditions under which recursive feasibility and
input-to-state stability are preserved. These results general-
ized earlier formulations and provided practical insights for
implementing MPC in embedded systems operating under
uncertainty.

Collectively, these contributions establish that MPC pos-
sesses a remarkable degree of robustness, even in its nominal
form, due to its structure, especially its recursive nature. This
has made MPC particularly attractive in safety-critical and
uncertain environments where robustness is a central require-
ment.

2.2 Key MPC variants and their historical emergence

As MPC matured, several algorithmic variants emerged to
address different classes of systems and uncertainty models.
These developments have significantly shaped both theoret-
ical research and practical applications.
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2.2.1 Dynamic models in MPC: linear versus nonlinear
formulations

Linear and explicit MPC The foundational form of MPC
assumes linear system dynamics and quadratic cost func-
tions, often referred to as Linear-Quadratic MPC. The
controller solves a constrained finite-horizon optimal con-
trol problem of the form:

N-—1

min Y (x,?lt Oxkpr + ”ZpRuklt) + x},lthN\t (2a)
k=0

S.t. Xg11)r = Axg)r + Bugyy, k=0,...,N —1, (2b)
X0t = Xt, (2C)

xkp € X ={x: Hx < hj},
ugp €U ={u:Gu<g}, k=0,...,N—1, (2d)
xny € Xp={x:Hsx < hy}, (2e)

where Q@ > 0, R > 0, and P > 0, which are frequently
referred to as penalty matrices, specify the cost weights, the
dynamics model is a linear model defined by the matrices A
and B, and the admissible regions X, I, and X'y are convex
polyhedral sets. This class of problems gives rise to con-
vex Quadratic Programming (QP) formulations, which can
be solved efficiently and reliably using standard optimiza-
tion algorithms. Due to its practical relevance for tasks such
as set-point regulation and reference tracking, as well as its
computational tractability and the widespread availability of
efficient QP solvers, linear MPC has become and remains the
dominant formulation in industrial applications [58, 59].

Linear MPC has a long and well-established history of
investigation. Over the years, its development has been
grounded in several core mathematical foundations that con-
tinue to underpin its modern application. These include
polyhedral invariance theory for constraint satisfaction and
feasibility guarantees [39, 60], stability and robustness anal-
ysis [2], which ensures reliable long-term performance,
duality theory for efficient online optimization, and paramet-
ric programming enabling offline computation and explicit
control laws [1, 61]. Together, these tools provide a rigor-
ous framework for certifying constraint satisfaction, stability,
robustness, and scalability, making linear MPC a widely
trusted solution for multivariable constrained control.

An important milestone was the development of explicit
MPC [1, 61], which transforms the online optimization prob-
lem into an offline parametric programming problem. By
partitioning the feasible state space into polyhedral regions,
explicit MPC constructs a piecewise-affine control law of the
form:

uy = Kix; +c¢; if x, € Ry, (3)

where each region R; corresponds to a polyhedral partition
of the feasible set. During runtime, control input evaluation
reduces to identifying the active region and applying the
corresponding affine feedback, enabling real-time deploy-
ment on hardware with limited computational capability.
This paradigm is especially advantageous in applications
with stringent timing constraints, such as automotive ECUs,
power converters, and embedded robotics.

Despite its apparent simplicity, linear MPC remains an
active research area, especially in embedded and resource-
constrained environments [62-65]. With the advent of
lightweight solvers and automated code generation tools,
such as CVXGEN [66] and qpOASES [67], the reach of linear
MPC continues to expand into fast-sampling and safety-
critical domains. The textbook by Borrelli, Bemporad, and
Morari [68] provides a comprehensive treatment of linear
and hybrid MPC theory and implementation, forming a
widely adopted reference for both researchers and practi-
tioners.

Nonlinear MPC Many engineering systems exhibit nonlinear
behavior due to intrinsic physical laws, constraint-induced
effects, and complex interactions between subsystems. In
such scenarios, linear approximations often fall short, and
accurate control requires predictive models that capture the
system’s nonlinear dynamics.

Nonlinear MPC extends the predictive control framework
by solving, at each sampling step, a nonlinear optimization
problem subject to dynamic and operational constraints [5].
This introduces several challenges, notably non-convexity,
increased computational demands, and the difficulty of estab-
lishing recursive feasibility and stability guarantees.

To address these challenges, algorithmic advances such as
multiple shooting [69], direct collocation [70], and Sequen-
tial Quadratic Programming (SQP) [71] laid the groundwork
for practical implementations. The Real-Time Iteration (RTT)
method [72-74] marked a significant step forward, enabling
efficient online optimization by exploiting the problem’s
sequential structure. Modern software frameworks including
ACADO [75], CasADi [76], and FORCESPRO have further
facilitated nonlinear MPC deployment in embedded systems.

Despite its higher computational demands relative to lin-
ear MPC, nonlinear MPC provides a flexible and powerful
framework for handling nonlinear dynamics and complex
constraints. Itremains an active and evolving area of research.
While theoretical results on stability and robustness have
been established under certain assumptions [2, 77], general-
purpose guarantees are not yet comprehensive particularly
for non-conventional problem formulations, systems with
model uncertainties, and under limited state information [78].
Ongoing advances in numerical optimization, automated
code generation, and hardware acceleration continue to
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enhance its real-time feasibility and broaden its applicability
across safety-critical and high-performance domains.

It is worth noting that, while most MPC formulations are
based on state-space models, Nonlinear AutoRegressive with
eXogenous input (NARX) models are also widely used in
industrial processes. NARX models capture nonlinear input-
output dynamics and can be incorporated into predictive
control schemes [79-81]. Moreover, a NARX model can be
reformulated into a state-space representation by defining
the regressor vector as a pseudo-state [82]. This transfor-
mation enables the application of conventional state-space
MPC formulations, including constraint handling and stabil-
ity analysis, while preserving the modeling advantages of
NARX structures.

2.2.2 Uncertainty handling in MPC: robust, stochastic, and
adaptive frameworks

Although nominal MPC exhibits a degree of inherent robust-
ness due to its receding horizon implementation and feedback
structure, such robustness is generally limited to small dis-
turbances and model inaccuracies. For systems subject to
significant uncertainty, either deterministic or probabilistic,
ensuring constraint satisfaction and performance guarantees
requires more principled formulations. This has led to the
development of robust, stochastic, and adaptive MPC as com-
plementary frameworks for uncertainty-aware control.

Robust MPC Robust MPC targets constraint satisfaction
and performance guarantees under worst-case uncertainty,
typically modeled as bounded disturbances or structured
model mismatch [29]. A foundational approach is min-
max optimization (i.e., min-max MPC), where the control
sequence is optimized to perform well under the worst
admissible disturbance realization [83-85]. This delivers
strong, broadly applicable worst-case guarantees, but in gen-
eral leads to non-convex and computationally demanding
problems. Tractability improves by restricting the search to
parametrized policies, at some loss of generality and with
added conservatism. For instance, under linear dynamics and
polytopic uncertainty, the min-max problem can be reformu-
lated as a Linear Program (LP) by confining the controller to
affine feedback policies [86].

For robust constraint satisfaction, an alternative strat-
egy is constraint-tightening MPC. It enforces a nominal
(disturbance-free) trajectory to satisfy robustly tightened
constraints. The tightenings are pre-computed typically from
bounds on disturbance-induced error so that the actual trajec-
tory satisfies the original constraints for all admissible distur-
bances. Tube-based MPC makes this mechanism explicit by
decomposing the dynamics into a nominal subsystem and
an error subsystem, stabilizing the latter via an ancillary
feedback controller, and thereby confining the actual trajec-
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tory to a bounded tube around the nominal. The tube then
serves as an explicit robustness margin, allowing the nomi-
nal constraints to be robustly tightened according to the tube’s
cross-section or radius. In linear systems with bounded addi-
tive disturbances, this yields convex (often LP or QP) online
problems with favorable scalability [87-90]; the trade-off is
conservatism governed by the tube shape, which is depen-
dent on the chosen stabilizing ancillary gain. The approach
extends to output-feedback [91, 92] and to nonlinear set-
tings [93-96], while computing tight tube and tightenings
is more challenging in the nonlinear case. Another class of
constraint-tightening MPC comprises robustness-constraint
formulations, which impose explicit robustness constraints
directly in the MPC optimization without introducing a tube-
bounded error system [97, 98]. In these schemes, the nominal
predictions are required to remain within a restricted admis-
sible set defined by these added robustness constraints, to
ensure that all disturbance-affected trajectories satisfy the
original constraints.

Another robust strategy leverages Robust Control Invari-
ant (RCI) sets [99—104]. By embedding RCI sets in the online
optimization, these schemes ensure recursive feasibility and
robustness guarantees without explicitly enumerating distur-
bance trajectories, shifting most of the computational burden
offline to set construction. For linear and polynomial systems,
RCI sets can be computed with Linear Matrix Inequalities
(LMI)-based methods and semidefinite programs, but these
methods can scale poorly with dimension, and coarse approx-
imations increase conservatism.

Because robust MPC targets worst-case guarantees, it is
inherently conservative, often at the expense of nominal
performance. Balancing computational tractability with per-
formance conservatism is a central theme in robust MPC
research. When richer information about uncertainty is avail-
able, alternative frameworks may be leveraged to reduce
conservatism and improve performance.

Stochastic MPC 1In contrast, stochastic MPC models uncer-
tainty probabilistically and enforces constraints in a proba-
bilistic sense [30]. It is especially relevant in systems where
uncertainty is modeled from data or measurement noise and
strict worst-case performance is unnecessarily conservative.
By relaxing hard guarantees to chance guarantees, stochastic
MPC enables more balanced performance Crisk trade-offs.
Core techniques in stochastic MPC include chance-
constrained optimization, where constraints are required to
hold with a specified probability [105-108]. Such formula-
tions are often reformulated into tractable convex approxi-
mations, e.g., using Boole’s inequality, constraint separation,
or distributional assumptions. Scenario-based approaches
approximate chance constraints by sampling uncertainty
realizations and enforcing satisfaction over the sampled
set [109-112], offering a nonparametric means of handling
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arbitrary distributions, though scalability depends on the
required number of scenarios for statistical guarantees. Dis-
tributionally robust stochastic MPC further hedges against
ambiguity in the underlying distribution by enforcing con-
straints for all distributions within an ambiguity set (e.g.,
defined by moments or Wasserstein balls) [113—115]. This
yields robustness against model misspecification while pre-
serving probabilistic flexibility.

Recent work integrates learning-based uncertainty quan-
tification into stochastic MPC to improve adaptivity. Exam-
plesinclude Gaussian process-based MPC [116] and Bayesian
distributionally robust formulations that update posterior-
informed ambiguity sets [117]. These directions emphasize
the synergy between data-driven learning of uncertainty and
principled risk-aware decision-making in stochastic MPC.

Adaptive MPC Unlike robust or stochastic MPC which fix
an uncertainty description a priori, adaptive MPC lever-
ages online data to reduce uncertainty or adapt to changes
over time, thereby improving closed-loop performance. It is
particularly effective in systems with static or slowly time-
varying uncertainty.

A common formulation is indirect adaptive MPC, which
employs recursive estimation techniques to update predic-
tive model parameters online and embeds these updates into
the MPC optimization problem [118-121]. This approach
preserves computational tractability but typically requires
safeguards for stability and constraint satisfaction during
transients. Direct adaptive MPC, in contrast, updates the con-
troller law without explicit model identification, enabling
faster adaptation but involving more challenging analy-
sis [122, 123].

Adaptive MPC is closely related to modern data-driven
and learning-based MPC, which extend the principle of
online adaptation with richer data-driven models and closed-
loop learning mechanisms. These approaches position adap-
tive MPC as a bridge between classical online identification
and the broad family of data-driven control methods.

While nominal MPC offers some robustness by virtue of
its feedback nature, robust, stochastic, and adaptive MPC
extend this capability in formal and complementary ways.
Robust MPC prioritizes worst-case guarantees, stochastic
MPC manages uncertainty through probabilistic trade-offs,
and adaptive MPC leverages online data to reduce uncer-
tainty. Together, they represent three essential pillars of
predictive control under uncertainty.

The theoretical foundations of MPC particularly around
stability, robustness, and algorithmic variants have matured
into a robust and widely applicable framework. The field
developed through contributions across continents, and Chi-
nese researchers have been integral in this journey. From

the early theoretical contributions of Yugeng Xi, who helped
introduce predictive control to China and shaped its founda-
tional landscape, to ongoing research in robustness, nonlinear
systems, and large-scale industrial deployment, the develop-
ment of MPC reflects a globally intertwined scientific evolu-
tion. In the next section, we examine how these foundations
have enabled the widespread application and technological
integration of MPC in the modern data-driven, embedded
systems era.

3 The present: computational advances and
widespread deployment of MPC

In the present stage, MPC is marked by rapid computational
advances and increasingly widespread deployment, with
progress spanning real-time and distributed implementa-
tions, the integration of data-driven methods, and large-scale
adoption in domains such as automotive systems.

3.1 Real-time and distributed computational
advances for MPC

As MPC continues to expand beyond its roots in process
industries into domains characterized by fast and safety-
critical dynamics such as automotive systems, robotics,
and aerospace, the demand for real-time, reliable computa-
tion has become increasingly critical. In modern embedded
applications, control decisions must often be made within
strict timing constraints, frequently on the order of millisec-
onds or less. At the same time, the rise of large-scale and
interconnected systems particularly multi-agent networks,
cyber-physical infrastructures, and cloud/edge computing
architectures has introduced new computational and archi-
tectural challenges. These emerging system architectures call
for MPC implementations that are not only fast but also scal-
able and decentralized by design.

To address these evolving demands, two complemen-
tary computational strategies have gained prominence. First,
advances in fast optimization algorithms and hardware
acceleration have significantly enhanced the feasibility of
implementing MPC in embedded platforms with tight com-
putational budgets. These developments are particularly vital
for real-time control in high-speed and resource-constrained
applications. Second, the emergence of distributed and cloud-
based MPC frameworks has enabled scalable coordination
in spatially distributed and functionally heterogeneous sys-
tems. Here, we discuss distributed MPC primarily from a
viewpoint of architecting and spatially decomposing the
overall computations for solving the system-level MPC prob-
lem, rather than emphasizing its algorithmic variant features.
From this perspective, both real-time optimization and dis-
tributed implementation represent complementary advances
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in computational paradigms, and it is reasonable to group
them together in this section to highlight their shared role in
enabling practical and scalable MPC deployment. While dis-
tributed MPC is undoubtedly also shaped by factors such as
spatially distributed sensing and actuation, communication,
and privacy at the edge, the core consideration in determining
centralized versus distributed MPC often remains the orga-
nization of computation.

Real-time optimization Real-time implementation remains
one of the most active and impactful frontiers in MPC
research. The requirement to solve constrained optimization
problems online at every control step necessitates fast, reli-
able, and resource-aware solvers. This is especially critical in
domains such as automotive, robotics, and aerospace, where
sampling rates are on the order of milliseconds or less.

The development of efficient optimization algorithms has
been foundational. Primal-dual interior-point methods [124]
and active-set strategies have matured into embedded-
ready solvers such as CVXGEN [66], qpOASES [67], and
OSQP [125]. They focus on different algorithmic strategies:
CVXGEN generates highly problem-specific, library-free
C code with minimal overhead, qpOASES exploits warm-
starting to accelerate solution of related QPs, while OSQP
leverages operator splitting for robustness and scalability.
Collectively, these solvers provide fast and predictable solu-
tions, especially for linear-quadratic MPC, in embedded
applications. For nonlinear MPC, the RTI scheme proposed
by Diehl et al. [72, 73] marked a conceptual shift: exploiting
the strong similarity between successive MPC problems as
the horizon advances, it performs only a single SQP itera-
tion per sampling step instead of solving each optimization
to full convergence, while still ensuring local convergence
and closed-loop stability under mild assumptions. Building
on the same principle, Time-Distributed Optimization (TDO)
proposed by Liao-McPherson et al. [126, 127] reformulates
MPC as arolling optimization process and dynamically allo-
cates iterations across timesteps to reduce per-step load.
Compared to RTI, TDO further increases flexibility by dis-
tributing effort over time, making it particularly suitable for
embedded systems where the resources available for MPC
may vary, for instance, depending on the real-time demands
of perception or other concurrent modules. In a complemen-
tary direction, Hong et al. [128] introduced a mechanism
knowledge-enhanced, timescale graph-parallel computation
method for fast MPC implementation, reporting significant
speedups relative to baseline methods.

Beyond algorithmic advances, hardware acceleration has
become essential for achieving low-latency execution. Xu
and Guo demonstrated the feasibility of implementing non-
linear MPC on FPGA s by exploiting pipeline scheduling and
parallelism to meet sub-millisecond deadlines in embedded
platforms [129-131]. Yu et al. [132] and Bishop et al. [133]
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leveraged GPU architectures for high-throughput linear MPC
by accelerating QP solvers through massive parallelism.
Complementing these efforts, Khusainov et al. [134] pro-
posed a codesign methodology that jointly optimizes the
MPC algorithm and computing hardware, enabling an opti-
mal performance-resource trade-off. These hardware-based
techniques can be combined with algorithmic advances,
yielding integrated solutions that advance the practical fron-
tier of real-time MPC.

Distributed and cloud MPC As MPC expands into large-
scale and networked environments, Distributed MPC (DMPC)
has become a compelling framework for coordinating con-
trol across multiple interacting subsystems. DMPC typically
decentralizes the global optimization by assigning local sub-
problems to individual agents, each with partial system views
and local objectives, while coordinating through communi-
cation to ensure cohesive system-level performance. This
structure is particularly well suited for multi-agent systems
such as vehicle platooning [135, 136], smart grids [137,
138], and building automation [139, 140], where centralized
control becomes impractical due to scalability, privacy, or
communication limitations.

Foundational theoretical efforts have laid the ground-
work for DMPC design. Scattolini [141] and Christofides
et al. [31] introduced a widely adopted taxonomy of
DMPC architectures, classifying coordination schemes by
their cooperative versus non-cooperative/independent objec-
tives, global versus local communication, and synchronous
versus asynchronous update structures. These distinctions
frame the trade-offs between communication burden, conver-
gence guarantees, and implementation feasibility. In linear
systems, distributed constraint handling and performance
coordination have been addressed through consensus-based
schemes [142] and dual decomposition methods [143].
Recent advances have pushed DMPC toward improved scal-
ability and efficiency. Zhou and Li [144] proposed a DMPC
framework based on neighbor screening, which dynamically
adjusts the communication topology based on agent prox-
imity and relevance, reducing bandwidth demands without
sacrificing system performance. Complementing previous
efforts, Shorinwa and Schwager [145] proposed a separable-
optimization DMPC method, in which each agent commu-
nicates only with relevant neighbors and solves a reduced
local MPC subproblem. The method achieves linear conver-
gence in convex settings, significantly enhancing scalability
and preserving privacy in large-scale multi-agent systems.
Building on this trajectory, Zhou et al. [17] and Ma et
al. [18] introduced event-triggered distributed MPC schemes
for nonlinear and piecewise-affine systems, enabling com-
munication and computation to occur only when necessary
while guaranteeing recursive feasibility and closed-loop sta-
bility.
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An important extension of DMPC in recent years is the
emergence of cloud-based MPC, enabled by rapid advances
in cloud computing, edge intelligence, and networked com-
munication infrastructure. In modern cyber-physical systems
such as smart buildings, energy networks, and industrial
automation computational demands and large-scale coor-
dination requirements increasingly motivate the offload-
ing of optimization tasks to cloud platforms. Cloud-based
MPC frameworks leverage centralized or distributed cloud
resources to perform high-fidelity and long-horizon plan-
ning, global coordination, and data-driven adaptation, while
interfacing with local controllers that handle real-time actua-
tion. This paradigm enables scalable, computation-intensive
control strategies that are otherwise infeasible on embedded
hardware. Skarin et al. [146, 147] proposed a cloud MPC
framework that maintains performance despite network-
induced delays by adapting horizon lengths and fallback
strategies. Li et al. [148] introduced a cloud-based MPC
scheme using parallel multi-block ADMM to handle large-
scale problems efficiently. Li et al. [149] and Ma et al. [150]
proposed cloud-edge cooperative MPC designs that inte-
grate high-fidelity optimization in the cloud with simplified
local MPC controllers to ensure robust performance and con-
straint satisfaction. Despite its promise, cloud-based MPC
poses several active research challenges including managing
asynchronous updates, coping with communication latency
and packet loss, enforcing real-time constraints under cloud
execution, and preserving data privacy in networked environ-
ments. These issues have spurred a wave of recent research
aimed at enhancing the theoretical and practical viability of
cloud-based MPC frameworks [151-153].

Advances in fast optimization algorithms, embedded
hardware acceleration, and distributed computing frame-
works have broadened the applicability of MPC to engi-
neering systems characterized by stringent timing constraints
and decentralized structure. These innovations underscore
the field s shift from theoretical control design to high-
performance, scalable deployment across diverse application
domains.

3.2 MPCin the data-driven era

The modern control landscape is increasingly shaped by the
abundance of data. In many domains such as autonomous
driving, robotics, building energy management, and smart
grids, data from sensors, logs, and simulations is read-
ily available, while accurate first-principles models have
become progressively harder to obtain due to growing sys-
tem complexity, pronounced nonlinearities, and the presence
of unmodeled dynamics. Meanwhile, advances in machine
learning have enabled the extraction of rich and essen-
tial dynamical information from raw data. These develop-
ments have motivated renewed interest in Data-Driven MPC

methods, so named for their extensive use of data through-
out the control design process. Broadly, data-driven MPC
approaches can be categorized into two types: direct and
indirect.

Direct data-driven MPC Direct data-driven MPC methods
bypass the intermediate step of model identification and use
measured system trajectories to predict future behavior and
compute control actions. One representative approach is the
Data-enabled Predictive Control (DeePC) method, intro-
duced by Coulson et al. [154]. DeePC uses Hankel matrices
built from measured input-output trajectories to formulate the
prediction and optimization problem directly. This method is
rooted in the behavioral systems theory [155], particularly,
Willems’ Fundamental Lemma [156], which asserts that any
trajectory of a controllable linear system can be expressed as
a linear combination of past measured trajectories, provided
persistency of excitation is met. Theoretical characterizations
of DeePC and its extensions to noisy and nonlinear systems
continue to be active areas of investigation [157-160]. Yang
etal.[161-163] developed a data-driven technique integrated
into a robust MPC architecture for unknown-but-bounded
time-independent or slowly time-varying linear systems. The
method guarantees recursive feasibility and input-to-state
stability under noisy input-state data and parametric model
uncertainty. Li et al. [164] contributed an alternative direct
data-driven MPC method. This method ensures stability
and Ho-type disturbance attenuation while satisfying time-
domain constraints, by solving LMI-type online optimization
problems.

Indirect data-driven MPC In contrast, indirect approaches
first learn a structured model or estimate its parameters from
data using system identification, regression, or embedding
techniques and then use this model in a standard MPC frame-
work. While not a new concept (system identification has a
long and rich history [165]), the data-driven era has brought
renewed attention and innovation to this direction.

An increasingly prominent method is Koopman MPC,
which leverages the Koopman operator theory to approxi-
mate nonlinear dynamics through a lifted linear represen-
tation in a higher-dimensional observable space [166]. In
this framework, data is used to identify the lifted dynam-
ics typically via methods such as Extended Dynamic Mode
Decomposition (EDMD) or neural network-based lifting
lifting, enabling the use of linear MPC techniques for sys-
tems with nonlinear behavior. Koopman MPC provides a
compelling trade-off between model expressiveness and
computational tractability, particularly for systems exhibit-
ing structured nonlinearities [167, 168]. The framework
has been extended to incorporate robustness guarantees and
safety-critical considerations in embedded applications [95,
169, 170].
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A related and rapidly expanding direction within indi-
rect data-driven MPC is the use of neural networks and
other machine learning models to enhance various com-
ponents of the control architecture. A common approach
involves training a neural network from input Coutput data
to approximate system dynamics, which is then embedded
in the MPC formulation for trajectory prediction [171, 172].
This strategy leverages the universal function approximation
properties of deep networks, making it particularly appealing
for complex nonlinear systems that defy analytical model-
ing [173, 174]. Beyond dynamics modeling, recent works
have employed machine learning particularly Reinforcement
Learning (RL) to tune MPC elements, such as cost weights,
horizon length, and constraint parameters [175—-182]. Such
RL-based tuning can mitigate suboptimality arising from
model mismatch, finite-horizon truncation relative to the
infinite-horizon optimum, and imperfect terminal ingredi-
ents. This broad class of methods is collectively referred to as
Learning-Based MPC [32], encompassing both supervised
learning for model construction or online update and RL for
adaptive performance shaping. Notable works in this space
include [183-188]. These methods hold strong promise for
improving adaptability and performance in uncertain or high-
dimensional environments, but they also raise challenges
related to generalization and certifiable safety, particularly
with respect to feasibility and stability. A growing body of
work addresses these issues by incorporating robust control
techniques such as constraint tightening, input-to-state sta-
bility analysis, and Lyapunov-based safety filtering, aimed at
providing formal guarantees while preserving the flexibility
of data-driven methods [189-192].

Together, these data-driven MPC approaches are emblem-
atic of a broader shift toward Learning-Based Control. By
systematically integrating data into the control design loop,
either through direct optimization or model learning, they
offer new avenues for deploying MPC in complex, uncer-
tain, and high-dimensional environments where conventional
modeling is infeasible or insufficient.

3.3 Broad deployment of MPC and automotive focus
3.3.1 Broad deployment of MPC

Over the past four decades, MPC has evolved far beyond
its origins in the process industries to become a foun-
dational paradigm for multivariable, multi-objective, and
safety-critical control across a wide array of domains includ-
ing aerospace [25], robotics [26, 193], energy systems [27,
194], and transportation [24].

In aerospace, MPC has enabled robust trajectory plan-
ning and tracking under uncertainty for both space and aerial
vehicles [195, 196]. In robotics, MPC is extensively used for
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motion planning, adaptive locomotion, and interaction-aware
control in both wheeled and humanoid platforms [197-200],
benefiting from its predictive capabilities and real-time con-
straint enforcement.

In networked energy and transportation systems, MPC
has proven particularly effective for coordinating large-scale,
distributed infrastructures. Yugeng Xi and collaborators have
made substantial contributions in this domain through the
development of scalable MPC schemes for such systems. For
example, Lin et al. [201, 202] developed computationally-
efficient MPC algorithms for urban traffic networks by
reformulating nonlinear problems into tractable forms and
employing model simplification techniques, demonstrating
real-time feasibility in traffic signal optimization. Building
on this, Ling et al. [19] and Zhou et al. [20] proposed hierar-
chical MPC architectures that partition urban traffic networks
into manageable subsystems and coordinate their behavior
through layered control, enhancing scalability and modu-
larity. More recently, Wu et al. [16] designed a distributed,
event-triggered MPC approach for urban traffic light control,
which reduces communication and computation overhead
by activating control updates only when required, offering
a viable solution for bandwidth-limited, city-scale deploy-
ments.

These developments collectively illustrate how MPC
supported by advances in solver technology, distributed com-
putation, and data-driven modeling has become a central tool
for intelligent control in complex, uncertain, and intercon-
nected systems.

3.3.2 MPCin automotive systems

Automotive applications represent one of the most active
and industrially mature domains for MPC. Since the early
2010s, MPC has become a central component in numerous
production-level and experimental vehicle control systems,
driven by its ability to handle multivariable dynamics,
physical constraints, and multi-objective formulations. This
section reviews three major threads of MPC applications in
automotive systems: energy-efficient driving, trajectory plan-
ning and tracking, and chassis control.

Energy-efficient driving and powertrain management
MPC has become a key enabler of energy-efficient driv-
ing strategies, particularly for hybrid and electric vehicles
(HEVS/EVs), for reducing fuel consumption and extending
range. Thanks to its predictive optimization structure, MPC
can naturally incorporate road grade, traffic flow, and signal
timing into its lookahead horizon, enabling anticipatory con-
trol decisions that balance energy consumption and vehicle
performance [203].

In powertrain energy management of HEVs/EVs, MPC
is employed to dynamically allocate power between electric
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motors, internal combustion engines, and energy storage sys-
tems. By optimizing the power split in real time, MPC mini-
mizes fuel consumption and emissions while meeting driver
demands and respecting system constraints. Several notable
works have demonstrated implementable MPC strategies that
achieve energy efficiency and drivability improvement under
real-time computational limits [204-206].

Another important line of work focuses on MPC for eco-
driving and vehicle platooning. Eco-driving refers to the
regulation of vehicle speed and acceleration to minimize
energy consumption. MPC-based eco-driving strategies that
incorporate preview information of preceding vehicle speed,
road grade, and traffic signal timing have been proposed
in [207-212]. Recent studies have also taken into account
interactions with surrounding traffic participants [213]. Vehi-
cle platooning and Cooperative Adaptive Cruise Control
(CACC) are also effective methods for improving energy
efficiency by reducing aerodynamic drag, enhancing traffic
flow stability, and enabling cooperative behavior among vehi-
cles. MPC-based vehicle platoon control and CACC strate-
gies have been developed in [136, 214-218], incorporating
inter-vehicle distance constraints, variable communication
topologies, and robustness against external disturbances.
These developments demonstrate the suitability of MPC for
enabling energy-efficient, safe, and coordinated operation of
road vehicles.

Trajectory planning and collision avoidance Trajectory
planning for automated driving and Advanced Driver-Assis
tance Systems (ADAS) is another key domain where MPC
has demonstrated strong effectiveness. Its predictive opti-
mization structure, together with its ability to explicitly
enforce physical, safety, and comfort constraints, makes
MPC particularly well-suited for generating feasible and reli-
able trajectories in dynamic environments. The literature on
MPC-based trajectory planning is rich and diverse. Notable
contributions include the MPC-based path planning frame-
work developed by Liu et al. [219], the stochastic MPC
approaches for lane change decision-making accounting for
surrounding vehicle behavior uncertainties proposed by Suh
et al. [220] and Briidigam et al. [221], the interaction-aware
trajectory prediction and planning framework based on inte-
gration of game theory and MPC presented by Liu et al. [222],
and the unified planning approach based on a convex stochas-
tic MPC formulation developed by Nair et al. [223].

In addition to trajectory planning, MPC has been exten-
sively employed for trajectory tracking (including inte-
grated planning and tracking) and real-time collision avoid-
ance [224-232]. Its flexibility in incorporating vehicle
dynamics, environmental constraints, and multi-dimensional
performance objectives makes MPC a powerful and versatile
tool for collision-aware trajectory tracking in both structured
and unstructured environments.

Chassis control: Steering, suspension, and beyond MPC
has a long-standing history in vehicle chassis control, with
early applications tracing back to to the mid-1990s [233]. Its
suitability for handling multivariable systems with physical
and safety constraints made it an early candidate for chas-
sis subsystems such as steering, braking, and suspension.
In steering control, MPC has been widely applied to active
steering, enabling enhanced stability and precise trajectory
tracking in critical maneuvers [234-237]. In suspension sys-
tems, MPC optimizes damping or control force based on road
preview and vehicle body dynamics to improve handling and
ride comfort [233, 238-241]. Recently, this has evolved into
integrated chassis control, where MPC coordinates multiple
actuators spanning steering, braking, and suspension within
a unified framework [242, 243]. These developments under-
score MPC’s sustained relevance in chassis control, from
traditional safety systems to modern intelligent vehicle plat-
forms.

The automotive sector continues to expand the frontiers
of MPC deployment across electric powertrains, automated
driving, and intelligent chassis systems. Looking ahead, the
future of automotive MPC lies in deeper integration with
perception, machine learning, and cloud connectivity while
retaining its core strengths in multi-objective optimization,
constraint handling, and formal performance guarantees.

4 The future: toward a unified embodied
intelligence framework

MPC has progressed from an industry-inspired heuristic into
a control framework with rigorous theoretical guarantees and
broad impact across engineering domains. As it continues
to advance, MPC is becoming increasingly interwoven with
emerging computational paradigms, data-driven modeling,
and learning-enabled adaptation, placing it at the frontier of
intelligent decision-making. We envision a future in which
ongoing research will not only continue to tackle long-
standing challenges for MPC including extending guarantees
to more general nonlinear settings, further improving real-
time and scalable deployment, and enabling seamless online
learning but also push the framework beyond its traditional
boundaries, positioning it as a cornerstone of the embodied
Al era.

4.1 MPC as a general principle for intelligent agents

MPC embodies a fundamental operational principle well-
suited for intelligent agents, unifying measurement, predic-
tion, optimization-based planning, execution, and continuous
updating over a receding horizon. The core MPC paradigm,
as outlined in Sect. 1.2, constitutes a powerful and general-
izable feedforward and feedback structure.
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A defining strength of MPC lies in its inherent flexibil-
ity regarding the prediction model. The predictive model can
range from physics-based equations to purely data-driven
neural networks or hybrid models integrating both physics
and machine learning components. This flexibility allows
MPC to function robustly across a variety of computational
platforms and operational domains, from resource-limited
embedded systems to distributed cloud-edge infrastructures.
As a result, MPC naturally accommodates evolving compu-
tational architectures and system complexity.

The explicit capability of MPC to enforce constraints
further enhances its role as a trustworthy decision-making
mechanism, particularly in safety-critical and high-stakes
scenarios. Constraint handling ensures safety compliance
and performance guarantees, which are increasingly vital
as intelligent agents operate autonomously in dynamic and
uncertain environments.

Moreover, MPC extends significantly beyond classical
control paradigms, encapsulating broader decision-making
and planning contexts traditionally studied in computer
science and artificial intelligence. Recent research demon-
strates how MPC can be effectively utilized in Markov
Decision Processes (MDP) [244-247] and decision-making
within belief spaces [248-250], facilitating robust deci-
sions under uncertainty and partial observability. In robotics,
repeated online re-planning using methods such as Rapidly-
exploring Random Trees (RRT), physics-informed RRT
variants [251], and other sampling- or search-based algo-
rithms where locally feasible trajectories are iteratively
generated based on updated state and constraint informa-
tion can be interpreted as specialized instances of the MPC
paradigm.

Consequently, it is safe to envision that MPC, or closely
related predictive and optimization-based strategies, will
increasingly shape the future landscape of intelligent sys-
tems, particularly embodied intelligent agents. As these
agents grow more sophisticated, integrating perception, cog-
nition, and dynamic interaction with their environments, the
general principle encapsulated by MPC provides a structured,
reliable, and computationally scalable framework that natu-
rally accommodates complexity and uncertainty.

4.2 MPC with learned world models

Models that describe how an environment evolves in response
to an agent’s actions, popularly referred to as World Models
in recent Al literature, are increasingly regarded as foun-
dational components of embodied intelligence. Prominent
examples such as Dreamer [252, 253] and MuZero [254]
demonstrate how learned world models enable agents to
simulate and evaluate future trajectories internally. These
models, typically implemented as neural networks and
trained via supervised or reinforcement learning [255, 256],
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have been integrated with MPC in recent research [257,
258] to generate objective-driven behavior. This integra-
tion allows an intelligent agent to operate effectively in
complex and uncertain environments by leveraging MPC’s
core strengths: recursive prediction, constraint enforce-
ment, and closed-loop optimization. A notable instantia-
tion of this principle is Meta’s Joint Embedding Predic-
tive Architecture (JEPA) [259], which unifies perception,
prediction, and action through learned predictive embed-
dings.

For scalable deployment across diverse tasks, world mod-
els should adapt their level of abstraction according to task
requirements. Coarse-grained models may suffice for high-
level navigation or strategic planning, while fine-grained
models are essential for precise low-level manipulation. This
notion of task-adaptive granularity is critical for efficient and
flexible integration within MPC frameworks [260].

MPC or planning frameworks analogous in spirit built
upon learned world models have been successfully applied
to visual navigation [261], robotic manipulation [262], and
game-playing [254], demonstrating impressive generaliz-
ability and adaptability. These developments underscore the
growing potential of unifying learning and predictive control
to support intelligent, feedback-driven behavior in dynamic
and uncertain environments.

4.3 Formal guarantees in Al planning and
decision-making

As autonomous agents are increasingly deployed in safety-
critical domains such as autonomous driving, robotics, and
industrial automation, ensuring reliable and verifiable oper-
ation becomes more important, but also more challenging,
especially due to the growing adoption of data-driven,
neural, and generative Al methods. Techniques such as
Large Language Models (LLMs), diffusion models, and
Vision-Language-Action (VLA) systems enable complex
multi-modal reasoning, but they often lack built-in mech-
anisms for handling physical constraints, real-time dynam-
ics, or providing formal guarantees of safety and correct-
ness.

A promising strategy to address this gap is the inte-
gration of MPC principles particularly its receding-horizon
optimization structure and explicit constraint handling into
modern Al planning architectures. This integration has
gained significant traction in Safe Reinforcement Learning,
where MPC-style mechanisms are used as safety filter or
backup controller to ensure constraint satisfaction during
exploration [263-268]. Recent efforts have also proposed
hybrid frameworks in which high-level plans generated by
generative models are verified or refined by MPC mod-
ules operating over known or learned dynamics [269, 270].
In such architectures, MPC acts as a trust layer, ensuring
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that behavior remains feasible and safe even when upstream
reasoning is approximate or uncertain. Moreover, the struc-
ture of MPC particularly its ability to incorporate predictive
models and reason under constraints offers a template for
embedding formal verification techniques into Al plan-
ning.

As embodied Al systems continue to expand into open-
world, safety-critical settings, the demand for planning and
decision-making frameworks with formal safety and per-
formance guarantees will continue to intensify. MPC, with
its principled structure and rigorous theoretical foundations,
is uniquely positioned to bridge the gap between flexible,
high-level intelligence and grounded, reliable execution in
embodied Al

5 Conclusions

Over the past four decades, MPC has evolved from a process
control heuristic into a rigorous and widely adopted frame-
work for multivariable, multi-objective, and constrained
control. Recent advances in fast solvers, embedded comput-
ing, distributed architectures, and data-enabled techniques
have facilitated its broad deployment across domains such as
robotics, transportation, and beyond.

Looking ahead, MPC is well-positioned to serve as a uni-
fying paradigm for intelligent decision-making and control.
Its capacity to integrate prediction, learning, and constraint
enforcement makes it particularly suited for trustworthy
embodied agents operating in complex, uncertain environ-
ments. Emerging challenges and opportunities including
scalable implementation, integration with learned models,
and formal guarantees under data-driven uncertainty will
continue to shape the future of MPC and its role in next-
generation autonomous systems.
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