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Abstract— In Model Predictive Control (MPC), the objective
function plays a central role in determining the closed-loop
behavior of the system, and must therefore be designed to
achieve the desired closed-loop performance. However, in real-
world scenarios, its design is often challenging, as it requires
balancing complex trade-offs and accurately capturing a per-
formance criterion that may not be easily quantifiable in
terms of an objective function. This paper explores preference-
based learning as a data-driven approach to constructing an
objective function from human preferences over trajectory
pairs. We formulate the learning problem as a machine learning
classification task to learn a surrogate model that estimates
the likelihood of a trajectory being preferred over another.
The approach provides a surrogate model that can directly be
used as an MPC objective function. Numerical results show
that we can learn objective functions that provide closed-loop
trajectories that align with the expressed human preferences.

Index Terms— Model predictive control, Calibration,
Preference-based learning, Machine learning, Classification.

I. INTRODUCTION

The main advantage of Model Predictive Control (MPC)
is its ability to handle constraints while optimizing a given
objective function [1], [2]. The parameters defining the
MPC controller and its objective function need to be tuned
to achieve the desired system behavior and performance.
However, tuning MPC parameters remains a challenging task
in practice, as it requires expert knowledge and significant
manual effort to achieve the desired closed-loop behavior [3].
Moreover, a limiting factor in many industrial applications
is that obtaining an explicit measure quantifying the desired
performance may be difficult or impossible. Instead, only
qualitative assessments by a human expert may be available.

The challenge of calibrating the parameters of an MPC
controller, otherwise known as MPC tuning, has received
considerable attention from the research community. Many
approaches leverage the availability of an explicit charac-
terization of the desired system performance. For instance,
Bayesian optimization [4] and other global optimization
techniques [5] have been applied to MPC tuning [6], [7],
or to adapt the learning procedure of the predictive model
utilized in MPC to improve closed-loop performance [8].
These techniques, among others such as sensitivity-based
approaches, have also been extended to tuning PID and
LQR controllers [9], [10], [11]. Other approaches that have
been used for MPC tuning include the use of reinforcement
learning [12], [13] or inverse optimality [14].
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Preference-based learning provides a promising alternative
when there is no available explicit function characterizing
system performance. Instead, human preferences are used,
which can be expressed in different ways: pairwise compar-
isons, where a human selects the preferred option between
two choices; ordered preferences, where multiple options are
ranked in sequence; or binary yes/no choices. A common
application that considers this paradigm is training large
language models to align with user preferences [15], [16].
Different approaches have been employed to learn from hu-
man preferences, such as reinforcement learning [17], [18],
or preferential Bayesian optimization along with Gaussian
processes for classification [19]. The result is a surrogate
model, typically in the form of a deep Neural Network (NN),
that has been trained to capture the underlying preference
function driving the human decision-making.

Several preference-based learning approaches have been
explored for tuning controllers. In [20], preferential Bayesian
optimization is applied to tune proportional-integral con-
trollers from human-in-the-loop feedback providing pair-
wise preferences. In [21], [22], a semi-automated calibration
approach was proposed for MPC tuning based on pair-
wise preferences between experiment outcomes. A surrogate
model of the underlying preference function is fitted using
the global optimization algorithm GLISp [23] by iteratively
proposing new calibration parameters in an exploration-
exploitation framework. Inverse reinforcement learning is
another approach that is strongly related to preference-based
learning and that has also been used for MPC tuning [24].

This paper proposes an MPC tuning approach where a
dataset of pairwise comparisons of input and state trajec-
tories are used to train a surrogate model that captures the
underlying human preference function. In contrast with [21],
[22], we pose the learning problem as a binary classification
problem that is solved by standard machine learning tools.
The problem is posed such that the fitted model can be di-
rectly used as the objective function of an MPC controller to
achieve a closed-loop behavior that aligns with the collected
human preference.

The rest of the paper is organized as follows. Section II
presents the problem formulation, the proposed approach
for training a surrogate model of the underlying preference
function, and how it is then used as the objective function of
an MPC controller. Section III shows numerical results for a
system of oscillating masses, where we fit quadratic objective
functions to achieve a closed-loop behavior that aligns with
the human preferences. We conclude with Section IV.

1

ar
X

iv
:2

51
1.

22
50

2v
1 

 [
ee

ss
.S

Y
] 

 2
7 

N
ov

 2
02

5

https://arxiv.org/abs/2511.22502v1


Notation: Given x, y ∈ Rn, x ≤ (≥) y denotes componen-
twise inequalities. The exponential function is denoted by
exp(·). The set of natural numbers (including 0) is denoted
by N. For i, j ∈ N with i ≤ j, N[i,j]

.
= {i, i+ 1, . . . , j}.

II. LEARNING MPC COST FROM HUMAN PREFERENCES

This section presents the proposed preference-based learn-
ing process to obtain an objective function for MPC that
reflects human preferences. The idea is to use a dataset
containing pairwise comparisons of system trajectories. The
dataset can be used to learn the objective function of an MPC
controller such that the closed-loop behavior of the system is
likely to be preferred by the human over any other alternative.

A. Problem formulation

Consider a system modeled by the discrete-time dynamics

x(t+ 1) = f(x(t), u(t)), (1a)
y(t) = g(x(t)), (1b)

where x(t) ∈ Rnx , u(t) ∈ Rnu and y(t) ∈ Rny are the
system state, input and output at the discrete-time instant
t ∈ N, and f : Rnx × Rnu → Rnx , g : Rnx → Rny define
the system state dynamics and output equation, respectively.
Without loss of generality, the control objective is to steer
the system state to the origin xr = 0, ur = 0, which is
assumed to be an equilibrium of (1); that is, x(t) → xr

and u(t) → ur as t → +∞. Moreover, we assume that the
system must satisfy (possibly coupled) state-input constraints
(x(t), u(t)) ∈ Z,∀t, for some given Z ⊆ Rnx × Rnu .

Let T = (X ,U ,Y) ∈ T be a finite trajectory of (1), i.e.,
X = (x0, x1, . . . , xN ), U = (u0, u1, . . . , uN−1) and Y =
(y0, y1, . . . , yN−1), where xi ∈ Rnx , ui ∈ Rnu and yi ∈
Rny satisfy xi+1 = f(xi, ui), yi = g(xi), ∀i, and N ∈ N.1

We assume that the human expresses their assessments
according to a preference function Π: T × T → {0, 1} that
encodes a preference between two trajectories Ti and Tj as:

Π(Ti, Tj) =

{
1 if Ti is preferred over Tj ,
0 otherwise.

In our framework, Π is unknown but accessible, in that we
can evaluate Π(Ti, Tj) for any pair of trajectories Ti, Tj . In
a real scenario, Π could be defined as the preference that an
expert operator assigns by looking at two different trajecto-
ries. The exact reason for the expert operator to choose one
trajectory over another may be difficult to formally represent,
but we assume that there is some underlying Π that the
operator uses, consciously or unconsciously.

Let {Ti}nt
i=1 be a collection of nt trajectories Ti ∈ T of

system (1). We assume the availability of a dataset

D = {(TIℓ
, TJℓ

, pℓ)}
np

ℓ=1

that collects np trajectory pairs (TIℓ
, TJℓ

), where Iℓ and Jℓ

are the indices of the trajectories from {Ti}nt
i=1 considered

in the ℓ-th preference pℓ
.
= Π(TIℓ

, TJℓ
).

1We omit N from the notation of T for convenience. Throughout the
article, all trajectories are of length determined by N unless stated otherwise.

B. Training a surrogate model of the preference function
Our objective is to learn a surrogate model π : T × T →

{0, 1} of Π that would ideally satisfy

π(Ti, Tj ; θ) = Π(Ti, Tj), ∀Ti, Tj ∈ T, (2)

where θ ∈ Rnθ is the vector of parameters defining π. Vector
θ will be trained using the dataset D so as to maximize the
satisfaction of (2). Furthermore, our objective is to be able to
use π to define the objective function of an MPC controller
so as to obtain closed-loop trajectories that would generally
be preferred over others according to Π. To this end, we take

π(Ti, Tj ; θ) =

{
1 if σ(Ti; θ) ≤ σ(Tj ; θ),
0 if σ(Ti; θ) > σ(Tj ; θ),

(3)

where σ : T → R is parameterized by θ. We note that this
choice of π is taken to allow us to use σ as the objective
function of an MPC controller, as explained in Section II-C.

The objective of obtaining a function π that always satis-
fies (2) is generally unattainable due to the lack of knowledge
of the underlying (and unknown) preference function Π.
However, we can formulate a learning problem of function π
to maximize the accuracy in satisfying (2) for the trajectory
pairs in the dataset D. In particular, we train θ by solving
a binary classification problem using the dataset D [25]. As
typically done in logistic regression for binary classification,
we use the sigmoid function to model the probability of the
preference between two trajectories Ti, Tj ∈ T. We take this
probability as

Pπ(Ti, Tj ; θ) =
1

1 + exp(σ(Ti; θ)− σ(Tj ; θ))
. (4)

Taking this expression for Pπ , the surrogate model (3) can
then equivalently be expressed as

π(Ti, Tj ; θ) =

{
1 if Pπ(Ti, Tj ; θ) ≥ 0.5,

0 if Pπ(Ti, Tj ; θ) < 0.5.
(5)

The learning problem is given by

min
θ

r(θ) +
1

np

np∑
ℓ=1

L(pℓ, Pπ(TIℓ
, TJℓ

; θ)), (6)

where L : R× R → R is the cross-entropy loss

L(p, p̂) = −p log(p̂)− (1− p) log(1− p̂)

measuring the likelihood of the prediction p̂ ∈ R matching
the target p ∈ {0, 1}, and r : Rnθ → R is an ℓ2-regularization
term r(θ) = ρ∥θ∥2, for a given penalty parameter ρ > 0.2

The optimal solution θ∗ of (6) provides the parametrization
of σ that maximizes the likelihood of the surrogate model
π (3) satisfying (2) over the trajectory pairs in the dataset D.
Problem (6) can be solved using standard machine learning
procedures for different popular choices of the loss func-
tion and regularization term, including popular optimization
methods such as Adam [26] or L-BFGS-B [27]; see, e.g.,
the Python package jax-sysid [28], which uses Adam to
warmstart L-BFGS-B.

2We note that other regularization terms could be used instead, e.g., ℓ1-
regularization, or a combination of ℓ1 and ℓ2 norms.
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C. Using the surrogate model for MPC

Our choice of taking the surrogate model π as in (3)
and the probability model Pπ as in (4) differs from the
straightforward approach in machine learning for binary
classification, cf. [25]. Indeed, the straightforward approach
would be to consider a function σ̃ : T×T → R parameterized
by θ (typically a NN where θ collects the weights and biases),
and then take (4) as

Pπ(Ti, Tj ; θ) =
1

1 + exp(−σ̃(Ti, Tj ; θ))
.

The surrogate model in this case would be given by (5).
Instead, the idea is to consider a function σ : T → R and

then take its difference σ(Ti; θ) − σ(Tj ; θ) in the exponent
term of (4). In doing so, we obtain a function σ(T ; θ) that can
be used to predict the preference between two trajectories as
the one given by the trajectory resulting in the smaller value
of σ, cf. (3). Therefore, once θ∗ has been obtained by solving
the training problem (6), we obtain a function σ(T ; θ∗) such
that (the possibly non-unique) T ∗ .

= argminT σ(T ; θ∗)
satisfies π(T ∗, T ; θ∗) = 1, ∀T ∈ T. That is, T ∗ would be
preferred (or deemed equal) to any other trajectory T ∈ T
according to our learned surrogate model π. The parameter
vector θ∗ has been learned so as to increase the likelihood
of objective (2) being satisfied for the trajectory pairs in the
dataset D. Therefore, assuming that the dataset D is rich
enough to capture the underlying preference function Π and
assuming that (6) is successfully solved, the hope is for T ∗ to
be preferred by Π over any other trajectory (not necessarily
included in the dataset), that is, for Π(T ∗, T ) = 1, ∀T ∈ T.

We can exploit this feature to pose an MPC controller [1],
[2] whose objective function is the learned function σ(T ; θ∗):

min
T

σ(T ; θ∗) (7a)

s.t. x0 = x(t), (7b)
xk+1 = f(xk, uk), k ∈ N[0,N−1], (7c)
(xk, uk) ∈ Z, k ∈ N[0,N−1], (7d)
xN ∈ XN , (7e)

where (7b) imposes the initial state constraint, (7c) imposes
the system dynamics (1) on the predicted states and inputs
(xk, uk), (7d) impose the state-input constraints on the given
set Z ⊆ Rnx ×Rnu , and (7e) imposes a terminal constraint
on a given terminal set XN ⊆ Rnx . Let T ∗(t) be the
optimal solution of (7) at time t. The control law of the
MPC controller is u(t) = u∗

0(t), where u∗
0(t) corresponds to

the first control action in the optimal trajectory T ∗(t).
By posing the minimization of σ(T ; θ∗) as an MPC prob-

lem, we have that T ∗(t) minimizes the objective σ(T ; θ∗) for
all trajectories satisfying the constraints (7b)-(7e), i.e., for all
trajectories satisfying the system dynamics and constraints.
Therefore, we have that

σ(T ∗(t); θ∗) ≤ σ(T ; θ∗), ∀T ∈ T : T satisfies (7b) − (7e).

The results is that, according to the learned model π(T ; θ∗),
T ∗(t) is preferred by Π over any T ∈ T satisfying (7b)-(7e).

Remark 1. In this paper, we allow σ to be any function
such that problem (6) can be solved using standard machine
learning tools. This includes non-smooth functions σ such
as feedforward NN with ReLU activation functions. In this
general setting, the MPC controller (7) does not guarantee
stability of the closed-loop system. Additional consideration
should be taken to ensure its stability for the choice of σ.

Remark 2. Problem (7) can be particularized to linear
MPC, where we note that using σ as the objective function is
not restrictive, since it can be taken as a convex function. In-
deed, σ can be taken as a quadratic function, cf. Section III,
or, more generally, as an input-convex neural network [29].

Remark 3. In Section II-A we define T as a collection of
state, input, and output trajectories. However, σ does not
need to be a function of all three. That is, σ could be a
function of state and inputs σ(X ,U ; θ), inputs and outputs
σ(Y,U ; θ), or only consider the initial state σ(x0,U ; θ). Fur-
thermore, T could contain reference information (xr, ur) ∈
Rnx × Rnu , leading to functions such as σ(X ,U , xr, ur; θ)
and an MPC formulation (7) parameterized by (xr, ur).

III. NUMERICAL RESULTS

This section presents numerical results highlighting the
proposed preference-based learning approach for MPC ob-
jective functions. We present two case studies: one where
the preference function is based on evaluating a quadratic
function, and one where we consider a more complex
preference function. Both case studies consider the system
of oscillating masses described in [30, §IV.A], which is
formed by three objects connected by springs. The state
x = (p1, p2, p3, v1, v2, v3) is given by the position pi and
velocity vi of each object, and the input u = (F1, F2) by the
forces Fi applied to the two outermost objects. We take the
output as y = (p1, p2, p3). The dynamics of this system are
given by a linear state-space model

x(t+ 1) = Ax(t) +Bu(t), (8a)
y(t) = Cx(t). (8b)

The control objective is to steer the system to (x, u) = (0, 0)
while satisfying the input constraints |ui| ≤ 1, i ∈ N[1,2].

To solve problem (6), we start by some initial guess of the
parameters θ. We first perform 200 iterations of the Adam
solver from the optax Python package (version 0.2.4),
taking the learning rate as 0.01 and decay rates as β1 = 0.9,
β2 = 0.999. We then run a maximum of 1000 iterations
of the L-BFGS-B solver (with a history size of 10) from the
jaxopt Python package (version 0.8.3), starting from the
solution returned by Adam. We take ρ = 10−6 for the ℓ2-
regularization term of (6). Tests are performed using Python
3.11.10 on a Macbook Air with an M3 microprocessor.

A. Learning a quadratic-based preference function
We first evaluate the proposed approach by considering a

scenario where the preference function is given by

Πϕ(Tj , Tj) =

{
1 if ϕN (Ti;Q,R) ≤ ϕN (Tj ;Q,R),

0 if ϕN (Ti;Q,R) > ϕN (Tj ;Q,R),
(9)
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TABLE I: Training and performance results for Πϕ.

MPC cost Train Test Time [s] Avrg. ϕ30 Max. ϕ30 Min. ϕ30

From Π – – – 1.000 4.426 0.054
Random – 82.6 – 1.833 10.532 0.106
σ20 100.0 92.0 1.13 1.355 5.491 0.086
σ60 100.0 94.8 1.13 1.108 4.598 0.059
σ100 98.0 95.0 1.16 1.230 5.192 0.059
σ400 100.0 99.4 1.53 1.043 4.536 0.057
σ1000 100.0 99.8 1.87 1.013 4.404 0.056

“Train”, and “Test” are the accuracy on training and test datasets, in %. “Time” is
the average computation time of solving problem (6). The average, maximum and
minimum performance, with performance measured by ϕ30, have all been normalized
by the average performance obtained with the MPC using the Q and R from Πϕ.

with

ϕN (T ;Q,R) =

N−1∑
k=0

∥xk∥2Q + ∥uk∥2R, (10)

for unknown positive definite matrices Q ∈ Rnx×nx and R ∈
Rnu×nu . That is, Πϕ prefers the trajectory with the smallest
quadratic cost for matrices Q, R, and horizon N , which
we take in our simulations as Q = diag(40, 40, 40, 5, 5, 5),
R = diag(0.2, 0.2), and N = 10.

We build a dataset D by first generating nt = 50 closed-
loop trajectories of (8), each starting from a random x(0) and
controlled using the Linear Quadratic Regulator (LQR) for
random matrices Q̂ ∈ Rnx×nx and R̂ ∈ Rnu×nu penalizing
states and inputs, respectively. For x(0), we take the position
and velocity of each object from uniform distributions in the
intervals [−0.3, 0.3] and [−0.05, 0.05], respectively. For Q̂
and R̂ we generate predominantly-diagonal positive definite
matrices, with diagonal elements in the range [0.1, 10].
Datasets of paired trajectories are obtained by randomly
selecting pairs from the nt trajectories and then evaluating
the preference function on each pair.

We take σ as a quadratic function (10):

σ(T ; θ) = ϕN (T ;Qθ, Rθ), (11)

where Qθ ∈ Rnx×nx and Rθ ∈ Rnu×nu are encoded
by θ as follows. Let nQ = nx + nx(nx−1)

2 and nR =

nu + nu(nu−1)
2 . Then θ ∈ RnQ+nR contains the non-zero

elements of the Cholesky decomposition of matrices Qθ and
Rθ. This encoding allows us to impose positive definiteness
on matrices Qθ and Rθ by enforcing θ(i) ≥ ϵ, with ϵ > 0,
for all components i of θ corresponding to an element in
the diagonal of Qθ or Rθ. We take ϵ = 0.01 This lower-
bound constraint on θ is imposed when solving problem (6).
Additionally, we impose the first element in the diagonal of
Qθ to be greater or equal to 1, which is formulated as a
lower bound on the corresponding element of θ in (6).3

By taking σ as in (11), we guarantee the existence of
matrices Qθ and Rθ such that our model perfectly captures
the preference function (9). Indeed, (2) is always satisfied if
Qθ = Q and Rθ = R. However, we assume that matrices

3This additional constraint is added to limit the degree of freedom in
scaling matrices Qθ and Rθ , while also improving numerical conditioning
by avoiding small values in θ∗.

Q and R are unknown by the learning process to simulate
a real scenario where the underlying preference function is
unknown. Therefore, we randomly initialize Qθ and Rθ using
the same approach taken to generate matrices Q̂ and R̂ for
the dataset D. The θ corresponding to these random Qθ and
Rθ is used to initialize the Adam solver.

We consider training datasets of different sizes and a
testing dataset with 500 paired trajectories, which we use to
evaluate the accuracy of the trained surrogate models. Model
accuracy is measured as

1

np

np∑
ℓ=1

[π(TIℓ
, TJℓ

; θ∗) = Π(TIℓ
, TJℓ

)] ,

where np is the number of trajectory pairings (TIℓ
, TJℓ

)
in the test dataset. For each dataset size np, we train 20
functions σnp , each one starting from a different random
initialization of θ. We keep the σnp

with the highest accuracy
on the test dataset. We then use the functions σnp

as objective
functions of the following particularization of the MPC
controller (7):

min
T

ϕN (T ; Q̂, R̂) (12a)

s.t. x0 = x(t), (12b)
xk+1 = Axk +Buk, k ∈ N[0,N−1], (12c)
u ≤ uk ≤ u ∈, k ∈ N[0,N−1]. (12d)

We perform 200 closed-loop simulations with system (8),
each one starting from a random x(0) computed as for the
generation of the datasets. Simulations have a length of 30
sample times. Additionally, for the purpose of comparison,
we take an MPC (12) with Q̂ = Q and R̂ = R, and, for each
simulation, an MPC (12) with random matrices Q̂ and R̂.

Table I shows the training and test results. We report the
accuracy of the models on training and test datasets, as well
as the average computation time of solving (6).4 We also re-
port the average, maximum and minimum performance of the
closed-loop trajectories for each MPC controller, with per-
formance measured as ϕ30(T ;Q,R). That is, performance
is measured using matrices Q and R from the preference
function (9). Therefore, a smaller value of the performance
index corresponds to a closed-loop trajectory that would be
preferred by Πϕ (9). We normalize all performance values by
the average performance obtained using the MPC controller
with Q and R from the preference function Πϕ (9). Fig. 1
shows performance results of the MPC controllers as well as
an example comparing the closed-loop trajectories obtained
by different MPC controller for a random initial state x(0)
with position of the central object set to −0.3.

The results show that as the size np of the training dataset
increases, the learned functions σnp tend to provide a higher
accuracy on the 500 trajectory pairs within the test dataset.
That is, we obtain matrices Qθ and Rθ that capture the
preference function Πϕ. We note that matrices Qθ and Rθ

obtained in these tests do not necessarily resemble matrices

4This includes the execution of Adam, L-BFGS-B and overhead.
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Fig. 1: Results for quadratic-based preference function Πϕ and quadratic σ.

Q and R. In particular, Q and R are diagonal matrices,
whereas Qθ and Rθ typically have significant non-diagonal
values. Nevertheless, the MPC controllers using σnp

pro-
vide good closed-loop performance. Indeed, results indicate
that the use of functions σnp as objective function of the
MPC (12) provide a closed-loop behavior and performance
that resemble the ones obtained by using the Q and R from
Πϕ (9), when using a sufficiently large training dataset. Note
that for σ1000, the average performance only increases by
1.3%. We also observe that the use of functions σnp

obtained
from very small datasets provide better results than using
MPC controllers with random matrices Q̂ and R̂ (generated
with the same procedure used to populate the dataset).

B. Learning a complex preference function

We now consider a preference function that selects the
trajectory with the smallest 2-norm output settling time:

κε(T )
.
= min

k≥0
k : k ∈ N, ∥yk∥ ≤ ε, ∥yℓ∥ ̸> ε ∀ℓ > k,

where we take ε = 0.1. That is, we consider

Πκε(Tj , Tj) =


1 if κε(Ti) < κε(Tj),
0 if κε(Ti) > κε(Tj),
Πu(Tj , Ti) otherwise,

with

Πu(Tj , Tj) =

{
1 if max ∥ui(t)∥∞ ≤ max ∥uj(t)∥∞,

0 otherwise,

where ui(t) and uj(t) are the input trajectories associated
with Ti and Tj , respectively. The combination of Πκε

with
Πu is designed to predominantly choose trajectories with
small output settling times κε while encouraging the use of
small maximum values of the control action.

As in Section III-A, we obtain a dataset of paired tra-
jectories from closed-loop simulations with random LQR
controllers. In this case, we take N = 15, and Q̂ and R̂ as di-
agonal matrices with non-zero elements taken from uniform
distributions on the following intervals: [5, 20] for elements
of Q corresponding to object positions, and [0.1, 1.0] for
the rest. This change provides datasets with a rich variety
of values of κε that typically satisfy κε(T ) ≤ N for all
T in the dataset. The median value of κε for the generated

trajectories is 6. As in Section III-A, we take σ as a quadratic
function (11) and perform 200 closed-loop simulations with
the MPC controllers (12) taking random initial states x(0).
In this case, we remove the input constraints (12d) so as to
provide the controller with freedom to achieve smaller output
settling times κε.

Table II shows the training results, the median and maxi-
mum values of κε for the closed-loop tests, and the average
value of max ∥u(t)∥∞. We also report the results on κε

and max ∥u(t)∥∞ for the same tests but removing Πu from
Πκε

.5 Fig. 2 shows the results for the output settling time
and the average values of ∥y(t)∥ for each sample time t of
the simulations. It also shows the average values of ∥y(t)∥
obtained when removing Πu from Πκε . The results show
that we learn objective functions that tend to provide smaller
output settling times κε as the size of the dataset increases.
Additionally, we observe that removing Πu from Πκε

results
in smaller values of κε at the expense of an increase in the
control actions, as expected.

IV. CONCLUSIONS

We have presented a preference-based learning approach
for learning the objective function of an MPC controller from
human preferences expressed over trajectory pairs. We learn
a surrogate function of the underlying human preference
function by posing a binary classification problem, which
can be solved using standard machine learning tools. The
problem is posed so that the fitted model can be directly
used as the objective function of an MPC controller so as to
provide a closed-loop behavior that aligns with the human
preferences. Case studies show good results when using 50
closed-loop trajectories and a few hundred evaluations of the
preference function, indicating that the MPC can be tuned
using a relatively small amount of machine and human time.
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