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Abstract—Model predictive control (MPC) has established itself
as the primary methodology for constrained control, enabling
general-purpose robot autonomy in diverse real-world scenarios.
However, for most problems of interest, MPC relies on the recursive
solution of highly non-convex trajectory optimization problems,
leading to high computational complexity and strong dependency
on initialization. In this work, we present a unified framework to
combine the main strengths of optimization-based and learning-based
methods for MPC. Our approach entails embedding high-capacity,
transformer-based neural network models within the optimization
process for trajectory generation, whereby the transformer provides a
near-optimal initial guess, or target plan, to a non-convex optimization
problem. Our experiments, performed in simulation and the real world
onboard a free-flyer platform, demonstrate the capabilities of our
framework to improve MPC convergence and runtime. Compared to
purely optimization-based approaches, results show that our approach
can improve trajectory generation performance by up to 75%, reduce
the number of solver iterations by up to 45%, and improve overall
MPC runtime by 7x without loss in performance.

Project website, code, and videos: https://transformermpc.github.io

Index Terms—Optimization and Optimal Control, Deep Learning
Methods, Machine Learning for Robot Control

1. INTRODUCTION

Trajectory generation is crucial to achieving reliable robot
autonomy, endowing autonomous systems with the capability to
compute a state and control trajectory that simultaneously satisfies
constraints and optimizes mission objectives. As a result, trajectory
generation problems have been formulated in many practical
areas, including space, aerial, and underwater vehicles [2], [3]], [4],
robot motion planning [5]], building climate control [6], chemical
processes [7]], and more. Crucially, the ability to solve the trajectory
generation problem in real time is pivotal to safely operate within
real-world scenarios, allowing the autonomous system to rapidly
recompute an optimal plan based on the most recent information.

Motivated by its widespread applications, a collection of highly
effective solution strategies exist for the trajectory generation
problem. For example, numerical optimization provides a systematic
mathematical framework to specify mission objectives as costs or re-
wards and enforce state and control specifications via constraints [8].
However, for most problems of interest, the trajectory optimization
problem is almost always nonconvex, leading to high computational
complexity, strong dependency on initialization, and a lack of guar-
antees of either obtaining a solution or certifying that a solution does
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not exist [9]]. The above limitations are further exacerbated in the case
of model predictive control (MPC) formulations, where the trajectory
generation problem needs to be solved repeatedly and in real-time as
the mission evolves, enforcing strong requirements on computation
time. Moreover, MPC formulations typically require significant man-
ual trial-and-error in defining ad-hoc terminal constraints and cost
terms to, e.g., achieve recursive feasibility or exhibit short-horizon
behavior that aligns with the full trajectory generation problem.

Beyond methods based on numerical optimization, recent
advances in machine learning (ML) have motivated the application
of learning-based methods to the trajectory generation problem [10].
ML approaches are typically highly computationally efficient and
can be optimized for (potentially nonconvex) performance metrics
from high-dimensional data (e.g., images). However, learning-based
methods are often sensitive to distribution shifts in unpredictable
ways, whereas optimization-based approaches are more readily
characterized both in terms of robustness and out-of-distribution
behavior. Additionally, ML methods often perform worse on
these problems due to their high-dimensional action space, which
increases variance in, e.g., policy-gradient algorithms [L1]], [12]. As
a result, real-world deployment of learning-based methods has so
far been limited within safety-critical applications.

In this work, we propose a framework to exploit the specific
strengths of optimization-based and learning-based methods for
trajectory generation, specifically tailored for MPC formulations
(Fig.[T). By extending the framework introduced in [1]], we propose
a pre-train-plus-fine-tuning strategy to train a transformer to generate
near-optimal state and control sequences and show how this allows to
(i) warm-start the optimization with a close-to-optimal initial guess,
i.e., leading to improved performance and faster convergence, and (ii)
provide long-horizon guidance to short-horizon problems in MPC
formulations, avoiding the need for expensive tuning of cost terms or
constraints within the optimization process. Crucially, we show how
the proposed fine-tuning scheme results in substantially improved
robustness to distribution shifts caused by closed-loop execution and
how the injection of learning-based guidance within MPC formula-
tions drastically decreases the loss in performance due to the reduc-
tion of the planning horizon, enabling the solution of substantially
smaller optimization problems without sacrificing performance.

The contributions of this paper are threefold:

« We present a framework to combine the strengths of offline
learning and online optimization for efficient trajectory
generation within model predictive control pipelines.

« We investigate design decisions and learning strategies within
our framework, such as the effects of fine-tuning on MPC
execution, the benefits of learned terminal cost definitions, and
their impact on performance.
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Fig. 1: We propose a framework to combine high-capacity sequence models and optimization-based methods for MPC. The core idea is to train a
transformer model to generate near-optimal trajectories (top), which can then be used to warm-start trajectory optimization problems at inference (bottom).
We leverage methods introduced in [1]] as a pre-training step, whereby a transformer is trained on pre-collected (open-loop) trajectory data (top left) to
provide an initial guess for the full optimal control problem (OCP) (bottom left). For effective MPC, we fine-tune the model through closed-loop corrections
(top right) and use it to provide both an initial guess for the OCP and a target state to approximate future cost within the short-sighted problem (bottom right).

« Through experiments performed in simulation (i.e., spacecraft
rendezvous and quadrotor control scenarios) and real-world
robotic platforms (i.e., a free flyer testbed), we show how
our framework substantially improves the performance of
off-the-shelf trajectory optimization methods in terms of
cost, runtime, and convergence rates, demonstrating its
applicability within real-world scenarios characterized by
nonlinear dynamics and constraints.

II. RELATED WORK

Our work is closely related to previous approaches that aim
to combine learning and optimization for control [13], [14], [15],
[[L6], exploit high-capacity neural network models for control [17],
[LL8]), [19], and methods for warm-starting nonlinear optimization
problems [20], [21], [[1]], providing a way to train general-purpose
trajectory generation models that guide the solution of inner
optimization problems.

Numerous strategies have been developed for learning to control
via formulations that leverage optimization-based planning as an
inner component. For instance, prior work focuses on developing
hierarchical formulations, where a high-level (learning-based)
module generates a waypoint-like representation for a low-level
planner, e.g., based on sampling-based search [13], [[15], trajectory
optimization [16], or model-based planning [14]. Within this context,
the learning-based component is typically trained through either
(online) reinforcement learning or imitation of oracle guidance
algorithms. An alternate strategy consists of directly optimizing
through an inner controller. A large body of work has focused on
exploiting exact solutions to the gradient of (convex) optimization
problems at fixed points [22]], [23], allowing the inner optimization
to be used as a generic component in a differentiable computation
graph (e.g., a neural network). Analogously to previous work, our
approach uses the output of a learning-based module as input to
an optimization problem. However, we focus on providing an initial
guess for the unmodified trajectory optimization problem, avoiding

the misalignment caused by intermediate objectives that do not
necessarily correlate with the downstream task (e.g., fixed-point
iteration in value function learning).

Our method is closely related to recent work that leverages high-
capacity generative models for control. For example, prior work has
shown how transformers [[17], [18] and diffusion models [[19] trained
via supervised learning on pre-collected trajectory data are amenable
to both model-free feedback control [[17]] or (discrete) model-based
planning [18]. These methods have two main drawbacks: (i) they
typically ignore non-trivial state-dependent constraints, a setting
that is both extremely common in practice and challenging for
purely learning-based methods and (ii) they do not exploit all the
information available to system designers, which typically includes
approximate knowledge of the system dynamics. As in [1], our
method alleviates both of these shortcomings by (i) leveraging online
trajectory optimization to enforce non-trivial constraint satisfaction,
and (ii) taking a model-based view to transformer-based trajectory
generation and leveraging readily available approximations of the
system dynamics to improve autoregressive generation.

Lastly, prior work has explored the idea of using ML to warm-
start the solution of optimization problems [20], [21], [1]. While
the concept of warm-starting optimization solvers is appealing in
principle, current approaches are typically (i) limited by the choice
of representation for the output of the ML model (e.g., a fixed
degree polynomial), and (ii) restricted to the open-loop planning
setting [[1], whereby the impact of distribution shifts due to closed-
loop execution [24] (e.g., model mismatch, stochasticity, etc.) is often
overlooked. To address these limitations, we present an extended and
revised version of [1]], whereby we (1) introduce a pre-train-plus-fine-
tuning learning strategy to maximize closed-loop performance, (2)
develop an MPC formulation that enables the transformer to provide
long-horizon guidance to short-horizon problems, and (3) augment
the trajectory representation and the transformer architecture to
handle conditioning on a target state. Crucially, we take full
advantage of the transformer’s autoregressive generation capabilities
within receding horizon control formulations, enabling the same



model to be used with varying planning horizon specifications.

III. PROBLEM STATEMENT

Let us consider the time-discrete optimal control problem (OCP):

minimize J=) J(x(t;),u(t;))
x(ti),u(t:) ; (

subject to  x(tiy1) =f(x(t:),u(ts))
X(ti) eX, ,u(ti) cUy,

(1a)

Vie[1,N],
Vie[1,N],

(1b)
(Io)

where x(t;) € R" and u(t;) € R™ are respectively the
ng,-dimensional state and n,-dimensional control vectors,
J : R%=? 5 R defines the running cost, f : R — R7
represents the system dynamics, X}, and Uy, are generic state and
control constraint sets, and where N € N defines the number of
discrete time instants ¢; over the full OCP horizon T'.

In particular, we consider a receding-horizon reformulation of
Problem (T, whereby we repeatedly solve an OCP characterized
by a moving (and typically shorter) horizon H = [h,h+ H] C [1,N],
with h being the moving initial timestep and H € (0,N] the length
of the horizon. To ensure desirable long-horizon behavior from the
solution of a series of short-horizon problems, MPC formulations
typically require the definition of a terminal cost J1 or constraint
set X4 . Specifically, we will consider cost functions of the form:

h+H-1

T=Tro(x(thym)+ D Jx(t:)u(t:), @
i=h

where the running cost J is evaluated exclusively over H and

J1:R" — R is the terminal cost function.

In this work, we explore approaches to address Problem (2)
by incorporating high-capacity neural network models within the
optimization process for trajectory generation, explicitly tailored
for closed-loop performance.

IV. TRAJECTORY OPTIMIZATION VIA SEQUENCE MODELING

We consider a strategy for trajectory generation whereby state and
control sequences X = (x1,...,.xy),U = (uy,...,uy) are obtained
through the composition of two components,

(X.0) ~ps(X.Ulov) ®

@

where py(-) denotes the conditional probability distribution over
trajectories (given an initial condition o) learned by a transformer
model with parameters 6, Opt denotes the trajectory optimization
problem, and X, U denote the predicted (state and control) trajecto-
ries that are taken as an input to the optimization problem. The initial
condition oy is used to inform trajectory generation in the form of,
e.g., an initial state x(t ), a target state x(¢,) to be reached by the
end of the trajectory, or other performance-related parameters. In this
section, we will first dive into the details of the trajectory representa-
tion for sequence modeling. We will then discuss both open-loop pre-
training and MPC fine-tuning formulations of our approach, together
with specific inference algorithms for open-loop planning and MPC.

(X,U)=0pt (x(tl),fgfj),

A. Trajectory Representation

At the core of our approach is the treatment of trajectory data as
a sequence to be modeled by a transformer model [1]. Specifically,
given a pre-collected dataset of trajectories of the form 7y, =
(x1,u1,r1,...,XN,UN,"N ), Where x; and u; denote the state and con-
trol at time ¢;, and r; =—J (x(¢;),u(¢;)) is the instantaneous reward,
or negative cost, we define the following trajectory representation:

®

where 7; €R" R; €R and C; €N represent a set of performance
parameters that allow for effective trajectory generation. In
particular, we define 7; as the target state, i.e., the state we wish
to reach by the end of the trajectory, that could be either constant
during the entire trajectory or time-dependent. We further define
R; and C; as the reward-to-go and constraint-violation-budget
evaluated at ¢;, respectively. Formally, as in [1], we define R; and
C; to express future optimality and feasibility of the trajectory as:

T= (71 aRl 7Cl X1,U1 7"',TN7RN 7CN 7XN>uN)7

N N
R(t)=Y 1, Clt)=Y Clt)), ©)
j=i j=i
where C(t;) checks for constraint violation as
1, if 3x(¢; )& X U
o(t;)= { ()t £ U o
0, otherwise.

This definition of the performance parameters is appealing for two
reasons: (i) during training, the performance parameters are easily
derivable from raw trajectory data by applying (6) and (7) for R;
and C;, and by setting 7; = xy, (ii) at inference, according to (E])
it allows to condition the generation of predicted state and control
trajectories X and U through user-defined initial conditions oy.
Namely, given user-defined oy = (71,R1,C1,X1), a successfully
trained transformer should be able to generate a trajectory (X,ﬂ)
starting from x(¢;) that achieves a reward of R4, a constraint
violation of Cy, and terminates in state 7.

B. Open-loop Pre-training

In what follows, we introduce the pre-training strategy used to
obtain a transformer model capable of generating near-optimal tra-
jectories X = (X1,....%n),U= (111,...,l1y) in an open-loop setting.
Dataset generation. The first step entails generating a dataset
for effective transformer training. To do so, we generate Np
trajectories by repeatedly solving Problem (I)) with randomized
initial conditions and target states, and then re-arranging the raw
trajectories according to (5). We construct the datasets to include
both solutions to Problem (I) as well as to its relaxations. We
observe that diversity in the available trajectories is crucial to enable
the transformer to learn the effect of the performance metrics; for
example, solutions to relaxations of Problem (1)) will typically yield
trajectories with low cost and non-zero constraint violation (i.e.,
high R and C > 0), while direct solutions to Problem @) will be
characterized by higher cost and zero constraint violation ( i.e.,
lower R and C =0), allowing the transformer to learn a broad range
of behaviors from the specification of the performance parameters.

Training. We train the transformer with the standard teacher-forcing
procedure used to train sequence models. Specifically, denoting the



L2-norm as || - ||2, we optimize the following mean-squared-error
(MSE) loss function:

Np N
£(r) =3 (I =53+~ ).
n=1i{=1
where n denotes the n-th trajectory sample from the dataset,
1 p (™| TSZ),IA,IE”) ~po(ul™ | 7’22 x'™) are the one-step
predictions for both state and control vectors, and where we use
T<¢, to denote a trajectory spanning from timesteps ¢ € [t,t;_1].
Inference. Once trained, the transformer can be used to
autoregressively —generate an open-loop trajectory, i.e.,
(X, U) ~ pg(X, U | 0p), from a given initial condition
o0 =(T1,R1,C1,x1) that encodes the initial state, target state, and
desired performance metrics. Given oy, the autoregressive generation
process is defined as follows: (i) the transformer generates a control
uy, (ii) as in [1]], we take a model-based view on autoregressive
generation, whereby the next state x5 is generated according to a
(known) approximate dynamics model f (x,u)—which we feel is a
reasonable assumption across the problem settings we investigate—,
(iii) the performance metrics are updated by decreasing the reward-
to-go R; and constraint-violation-budget C; by the instantaneous
reward 71 and constraint violation C(¢; ), respectively, (iv) the target
state 77 is either kept constant or updated to a new target state,
and (v) the previous four steps are repeated until the horizon is
reached. To specify the performance parameters, we select R4 as
a (negative) quantifiable lower bound of the optimal cost and C; =0,
incentivizing the generation of near-optimal and feasible trajectories.

@®)

C. Long-horizon Guidance for Model Predictive Control

The core of our approach relies on leveraging the recursive compu-
tation within sequence models for effective model predictive control.
Specifically, given a planning horizon H, we fine-tune a transformer
to generate trajectories Xh:h+ H=Xn,Xnt1y Xt H),ﬁh; hiH =
(Qp,Qpt 1, Up g1 ). In our formulation, the generated trajectories
are used to provide a warm-start to the trajectory optimization
problem, as in the open-loop planning scenario, but also, crucially,
to specify an effective terminal cost Jr. As a result, we use the
transformer to (i) improve runtime by enabling the solution of
smaller optimization problems and (ii) define learned terminal cost
terms and avoid expensive cost-tuning strategies.

Closed-loop fine-tuning. Rather than naively applying the trans-
former trained on open-loop data to the MPC setting, we devise a
fine-tuning scheme to achieve effective closed-loop behavior. It is
well-known that methods based on imitation learning are exposed
to severe error compounding when applied in closed-loop [24]. The
main reason behind this error compounding is the covariate shift
problem, i.e., the fact that the actual performance of the learned
policy depends on its own state distribution, whereas training per-
formance is only affected by the expert’s state distribution (i.e., the
policy used to generate the data). To address this problem, we resort
to iterative algorithms, namely DAGGER [25], in which the current
policy interacts with the training environment to collect trajectory
data and define a new dataset for training based on expert corrections.
In our framework, we care about the closed-loop performance of
MPC policies and define a DAGGER algorithm tailored for trajectory
optimization according to three main design choices (Algorithm [TJ).
First, to incentivize the transformer to learn optimal solutions for the

Algorithm 1: Fine-tuning strategy for MPC
Input: Pre-trained py, Expert 7%, Open-loop data Dy
1 Initialize Dy, +{Do1 };
2 fori=11t0 dagger iterationsdo

3 for num trajectoriesdo
4 Select exploration policy 7%, = {pg, 7" },Vt;
5 Sample planning horizon H € (0,N];
6 Get dataset D; = {x,7*(x)}
of states visited by 7.y}, and controls given by 7*;
7 end
8 Aggregate dataset Dy, < D, UD;;
9 Train model on Dy ;
10 end

full-horizon OCP, we define the expert policy as the open-loop solu-
tion to Problem @) Second, to allow the same transformer model to
be used with multiple choices of the planning horizon, we randomize
H in the exploration policy. Third, as is usual for DAGGER
implementations, we alternate between two exploration policies:
the transformer from the last dagger iteration and the expert policy.

Inference. After fine-tuning, we use the transformer to generate
a trajectory (Xp:nir, Uninirr) ~ po(Xningrr, Unengrr | 7<n)
following the same five-step process defined in the open-loop
scenarioveroooo, whereby the autoregressive generation is executed
for H steps, rather than for the full OCP horizon N. We further
use the generated trajectory to (i) provide a warm-start for the
short-horizon OCP, and (ii) define a cost function of the form:

h+H

T =Jr(x(tnpm) X(tnrm)+ Y J(x(t)ut), O
i=h

where the terminal cost function Jr(Xp4+m,Xp+m) is defined
as a distance metric that penalizes deviation from the predicted
terminal state X;,4 . As a consequence of this formulation, we
use the transformer—trained to generate near-optimal trajectories
for the full OCP—to incentivize solutions that better align with the
long-horizon problem.

V. EXPERIMENTS

In this section, we demonstrate the performance of our framework
on three trajectory optimization problems: two in simulation (i.e.,
spacecraft rendezvous and quadrotor control scenarios) and one
real-world robotic platform (i.e., a free-flyer testbed). We consider
three instantiations of Problem () based on the following general
formulation:

N
minimize ;Hm 12 (10a)
subject to  x;41="F(xs,us) Vie[1,N], (10b)
I'(x;)>0 Vie[1,N], (10c)
X1 =Xstart, (10d)
XN+1=Xgoal, (10e)

where the objective function in expresses the minimization
of the control effort (with p,q € {1,2} denoting an application-
dependent parameter), the constraint in (I0b) represents the (poten-
tially nonlinear) system dynamics, defines the obstacle avoid-
ance constraints through a nonlinear distance function I": R™* "= —
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Fig. 2: Visualization of the three scenarios considered in this work. For the tasks of (a) spacecraft rendezvous, (b) quadrotor and (c) free flyer control,
we show three example trajectories obtained by warm-starting the SCP through a relaxation of the full OCP (blue) or through our proposed approach

(cyan). Keep-out-zones and obstacles are denoted by the red shaded areas.

R™ with respect to m € [1, M] non-convex keep-out-zones, and
where (10d) and (T0¢) are the initial and terminal state constraints.

Experimental design. While the specific formulations of the
trajectory optimization problem will necessarily depend on the
individual application, we design our experimental setup to follow
some common desiderata.

First, we care to isolate the benefits of (i) the initial guess (in
both open-loop and MPC settings) and (ii) learning the terminal
cost for MPC; thus, we keep both the formulation and the solution
algorithm for the OCP fixed and only evaluate the effect of
different initializations. In particular, we resort to sequential convex
programming (SCP) methods for the solution of the trajectory
optimization problem and compare different approaches that provide
an initial guess for the sequential optimizer (or, for MPC, also
a specification of the terminal cost). Second, in the open-loop
setting, we always compare our approach, identified as Transformers
for Trajectory Optimization (TTO), with the following classes of
methods: (i) a cost Lower Bound (LB) baseline, characterized by the
solution of a convex relaxation to the open-loop Problem and
thus representing a (potentially infeasible) cost lower bound to the
full problem and (ii) an SCP-based approach where the initial guess
to Problem is provided by the LB solution described in (i). Third,
in the model predictive control setting, we always consider terminal
cost terms of the form Jp(Xp4 f7,X) = ||Xp+ 1 —X|| p, where ||-|| p
denotes the weighted norm with respect to a diagonal matrix P
and compare different choices for x and P. Lastly, as introduced in
Section to obtain diverse trajectories for offline training we
solve % instances of Problem and % relaxations of the same
problem where we ignore obstacle avoidance constraints from (T0c).

In our experiments, we care about three main performance
metrics: cost, speed of optimization (expressed in terms of the
number of SCP iterations), and overall runtime.As in [1]], throughout
our experiments, we assume knowledge of the obstacle positions
and perfect state estimation at all times. We further assume that the
target state is reachable within N discrete time instants.

Transformer architecture. Our model is a transformer architecture
designed to account for continuous inputs and outputs. Given an
input sequence and a pre-defined maximum context length K, our
model takes as input the last 5K sequence elements, one for each
modality: target state, reward-to-go, constraint-violation-budget,
state, and control. The sequence elements are projected through a
modality-specific linear transformation, obtaining a sequence of 5K

embeddings. As in [18], we further encode an embedding for each
timestep in the sequence and add it to each element embedding. The
resulting sequence of embeddings is processed by a causal GPT
model consisting of six layers and six self-attention heads. Lastly,
the GPT architecture autoregressively generates a sequence of latent
embeddings which are projected through modality-specific decoders
to the predicted states and controls.

A. Problem Description

In this section, we describe our experimental scenarios, the

definition of cost, state, and control variables, and the specific
implementation of constraints in (TOb}{I0¢).
Spacecraft rendezvous and proximity operations. We consider
the task of performing an autonomous rendezvous, proximity
operation, and docking (RPOD) transfer, in which a servicer
spacecraft equipped with impulsive thrusters approaches and
docks with a target spacecraft. The relative motion of the servicer
with respect to the target is described using the quasi-nonsingular
Relative Orbital Elements (ROE) formulation, i.e. x := dce € RS,
[26], [1]]. Cartesian coordinates in the Radial Tangential Normal
(RTN) frame can be obtained through a time-varying linear mapping
[1] and employed for imposing geometric constraints.

Problem (T0) is detailed as follows: (i) in (I0a)), we select p=2
and ¢ =1, to account for impulsive thrusters aligned with the desired
control input; (ii) in (T0d), Xgtars is defined by a random passively-
safe relative orbit with respect to the target; (iii) in , Xgoal 18
selected among two possible docking ports located on the T axis,
as shown in Fig. @; (iv) in , oce; 1 = P, (At) (dce;+B;u,)
is used to enforce dynamics constraints, with ®;(At) € R6%6 and
B; € R%*3 being the linear time-varying state transition and control
input matrices [1]], At the time discretization and u; = Av; € R3
the impulsive delta-velocity applied by the servicer; (v) in (I0c),
we consider an elliptical keep-out-zone (KOZ) centered at the
target, limiting the time index i to [1,N,,]. We further consider
two additional domain-specific constraints: (vi) a zero relative
velocity pre-docking waypoint to be reached at 7 = Ny,; (vii) a
second-order cone constraint enforcing the service spacecraft to
approach the docking port inside a cone with aperture angle eone
for Nyp <4 < N, with axis nepe € R3 and vertex 0reope € R3
determined accordingly to the selected docking port.

Quadrotor control. We consider the task of autonomous quadrotor
flight, in which a quadrotor robot has to reach a target state



Fig. 3: Free flyer testbed and real-world execution of the FT-TTO trajectory
in Fig. Pk. Transparency identifies the time progression from the start
(faded) to the end (opaque) of the trajectory.

while navigating an obstacle field, Fig. 2b. We use a Cartesian
reference frame Oy, with the z-axis pointing upward, to define
x:=(r,v) € RS ,u:=T € R3, with r,v,T € R3 representing the
quadrotor’s position, velocity and thrust vectors, respectively.

We define the following elements of Problem : (i) in
(104), we select p = ¢ = 2 to adhere to the continuous nature
of the control input; (i) in (I0d) and (I0g), we sample Xgiar
and Xgoa from pre-determined start and goal regions; (iii)
in (TOB), system dynamics are given by the nonlinear model
rit1=1; —|—VZ‘At, Vit1 =V + % (_ﬁdragHVi”%'i'ui) At, with m
and [y being the mass and the drag coefficient of the drone,
respectively; (iv) in (I0), we consider multiple spherical KOZs
distributed between the start and goal regions.

Free flyer testbed. Lastly, we consider a real-world free-flyer
platform in which a floating robot—the free flyer—can move
over a granite table in absence of friction, simulating space flight.
We consider the task of controlling the free flyer, equipped with
eight ON-OFF thrusters allowing bi-dimensional roto-translational
motion, to achieve a target state by traversing an obstacle field. The
simulation scenario and the real-world testbed are reported in Fig. 2t
andEI, respectively. We use a global Cartesian frame Oy, to define
x:=(rh,vw) ER® u:= Rep(¥)AAV €R3, where r,v € R? and
1w € R are respectively the position, velocity, heading angle and
angular rate of the free flyer, AV € R® consists of the impulsive
delta-velocity applied by each thruster, A € R3*8 is the thrusters’
configuration matrix and Rgp € R3*3 is the rotation matrix from
the body reference frame of the free flyer to Oyy.

Problem (T0) is specified as follows: (i) in (I0a), we select p=g=
1 as the ON-OFF thruster are not aligned with the control input; (ii)
in (TOd) and (T0€), Xtart and Xgoa1 are sampled from pre-determined
start and goal regions; (iii) in (TOB), the dynamics are propagated us-
ing the impulsive model x; 1 =x;+diag([At,At,At,1,1,1])uy; (iv)
in (TOc), we consider multiple spherical KOZs distributed between
the start and goal regions, comprising the obstacles’ and the free
flyer’s radii. We further consider two domain-specific constraints:
(v) actuation limits defined by 0 < AflRéEu < AV hay, With
AViax = TTAt, where 1" and m denote the thrust level of the
thrusters and the mass of the free flyer, respectively; (vi) state bounds,
i.e. X € Xaple, With Xiaple defining the table region.

B. Open-loop Planning

As a first experiment, we aim to solve the trajectory generation
problem in an open-loop setting. As shown in Fig. 2] this results
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Fig. 4: Percentage improvement in terms of cost suboptimality (top) and
number of SCP iterations (bottom) with respect to REL achieved by
warm-starting the SCP with FT-TTO and TTO. Each bar represents the
improvement averaged over non-convexity factors greater or equal to the
corresponding x-axis value.
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in a single optimal trajectory that can be robustly tracked by a
downstream control system. Specifically, as a form of comparison,
we warm-start the SCP using trajectories generated by (i) solving the
relaxation of Problem which does not enforce the keep-out-zone
constraint (denoted as REL), (ii) the transformer before fine-tuning
(TTO), and (iii) the transformer after fine-tuning (FI-TTO). To
initialize the generation process, we set the performance parameter
R1 to a negative quantifiable lower bound (e.g., the cost of the REL
solution) and C; =0. We evaluate trajectory generation performance

across 40,000 problem specifications which we order according to
J

a non-convexity factor, computed as %, where C{ is the number
of constraints violations observed in the dataset for each problem
specification j € [1,40,000] and Cpax = max;Cj is the maximum
constraint violation observed across the entire dataset. In practice, we
use the non-convexity factor as a direct metric of the difficulty of the
considered scenario, whereby scenarios with a factor of 0 represent
OCPs for which there exists a convex solution and hence the solution
of REL is optimal for the full problem; whereas scenarios with a
factor of 1 represent OCPs for which the closest convex relaxation is
highly infeasible and where a better selection of the warm-start can
have a larger impact on the solution to the non-convex problem.

Results in Fig. @] confirm the findings of [T]] and show a clear ad-
vantage in warm-starting the non-convex problem with TTO, which
strongly outperforms initial guesses based on problem relaxations,
both in terms of cost and number of SCP iterations. Additionally,
Fig. @] clearly highlights the benefits of the proposed fine-tuning
strategy on open-loop performance. In particular, Fig. ] (top) shows
how FT-TTO is able to reduce the sub-optimality gap with respect
to the convex lower bound when compared to the model before
fine-tuning: FT-TTO achieves approximately a 2x cost improvement
compared to TTO in the case of spacecraft RPOD (peak value 75%)
and quadrotor control (peak value 20%), while resulting in similar
cost performance in the free flyer testbed simulation. Furthermore,
in all the scenarios considered, warm-starting with transformers
consistently reduces the number of SCP iterations when compared
to initial guesses based on REL. Specifically, Fig. ] (bottom) shows
how FT-TTO achieves at least a 10% reduction in SCP iterations
across all scenarios and non-convexity levels, achieving up to 40%
improvement for high values of the non-convexity factor. Crucially,
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Fig. 6: Average maximum runtime required by a single MPC iteration. Here,
the runtime is defined as the total computation time needed to generate
the warm-start and solve the SCP.

the substantial cost reduction and the comparable results in SCP
iterations demonstrate that, from an open-loop perspective, the
fine-tuning process of FT-TTO does not cause any degradation in
performance, improving open-loop behavior.

C. Model Predictive Control

The second part of our experiments focuses on solving the trajec-
tory generation problem within a model predictive control scheme.
We compare four methods for the generation of the warm-start and
the definition of the terminal cost J1(Xp+1,X) = |[|Xpt+ 1 —X||2: ()
REL-MPC solves the full-horizon REL problem and defines x as the
state obtained by the REL solution at time ¢, f, i.e. X:= x}f_iL),
(i1) DIST-MPC solves the REL problem over the short-horizon H
and defines Jt to encode the distance from the goal, i.e. X :=Xgoul,
(iii)) TTO-MPC and (iv) FI-TTO-MPC employ the transformer
models before and after DAGGER fine-tuning, respectively, to
generate a short-horizon warm-start and define X :=Xj, 4 7.

For each of the three simulation scenarios considered in
this work, we evaluate all methods on 500 problem instances
uniformly distributed across the non-convexity factor. Each
trajectory is discretized in 100 timesteps and solved according
to ten different planning horizons, ranging from 10 to 100 in
increments of 10. To facilitate comparison across tasks, we
normalize costs to the range between O and 1 by computing
normalized cost increment = macxocscfst_ }Olwoewrebrobuonui <
A normalized cost increment of 0 corresponds to a trajectory
that matches the performance of the lower bound. A normalized
cost increment of 1 corresponds to a trajectory that matches
the worst performance observed across all planning horizons.
Aggregate results in Fig.[5| and[6] show how FT-TTO-MPC is able
to substantially outperform all other approaches both in terms
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FT-TTO
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Fig. 7: Qualitative representation of the experimental results obtained
employing FI-TTO (cyan) and REL (blue) in the open-loop (dashed) and
MPC (solid) settings. Videos available at: https:/transformermpc.github.iol

of cost and runtimeﬂ In particular, Fig. [5| highlights a few key
take-aways. First, due to the short-sighted definition of the terminal
cost, DIST-MPC exhibits the biggest performance degradation,
showcasing the limits of heuristically defined terminal costs. Second,
TTO-MPC (trained solely open-loop data) is highly affected by
the covariate shift problem, which severely impacts its closed-loop
performance causing it to perform worse than REL-MPC. Lastly,
FT-TTO-MPC showcases the importance of fine-tuning transformer
models for MPC, resulting in a significative advantage over all the
other methods. In particular, the cost induced by FT-TTO-MPC
remains stable across different planning horizons, achieving results
with H = 10 that are on par with other methods with H =30 and
allowing for the solution of substantially smaller OCPs.

Results in Fig. (6] further highlight the runtime benefits of
FI-TTO-MPC, which outperforms other non-learning-based
methods across all planning horizons. Crucially, by evaluating
runtime results in the context of their cost performance from
Fig.[5] some relevant findings emerge. For example, in the context
of REL-MPC, planning with H = 30 is necessary to achieve
performance comparable to the one obtained by FI-TTO-MPC
with H = 10. Comparing the corresponding computational times,
we see how the long-term guidance introduced by FT-TTO leads to
approximately a 7x reduction in runtime for the same performance.

D. Real-world Experiments

Finally, we perform experiments evaluating the real-world
effectiveness of our approach through the free flyer testbed described
in Section [V-A] Specifically, we use the cumulative firing time
of the eight thrusters of the free-flyer as a performance metric to
compare FT-TTO and REL. In the open-loop setting, we use a PID
controller to track the solution obtained by warm-starting the SCP
with FI-TTO and REL, respectively. In the MPC framework, we
directly control the free flyer using FI-TTO-MPC and REL-MPC
with a planning horizon H =10.

Fig.[7]and Tab. [ show both qualitative and quantitative results for
the free-flyer experiments, respectively. In the open-loop setting (O-
L), FI-TTO facilitates the convergence to a solution with a reduced
number of sharp turns (Fig. [7)—and thus, propellant consumption
(Tab. [)—clearly outperforming REL. In the MPC framework, FT-
TTO-MPC leads to a closed-loop execution that closely mimics the
open-loop solution, limiting the increase in propellant consumption

!Computation times are from a Linux system equipped with a 4.20GHz processor
and 128GB RAM, and a NVIDIA RTX 4090 24GB GPU.
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TABLE I: Quantitative results of experimental tests shown in Fig.

Target acquisition ~ Frequenc Total firin,
Method ¢ timeq[s} [(}{z] ! time [s] ¢
OL REL 40.0 - 99.70
FI-TTO 40.0 - 75.78
MPC REL-MPC 80.0 1.25 83.76
FI-TTO-MPC 40.0 2.5 91.34

to approximately 20%, i.., a value in line with the numerical analysis
in simulation. On the other hand, REL-MPC results in a terminal
cost that aggressively steers the free-flyer toward the target, leading
to significant deviations from the open-loop solution and abrupt turns
in the proximity of the obstacles. Furthermore, in our experiments, it
was necessary to double the target acquisition time and halve the con-
trol frequency to have REL-MPC successfully reach the target while
accounting for higher computation times and preventing collisions—
a scenario we encountered consistently during experimentation with
REL-MPC. As a result, the increased target acquisition times lead
to an overall lower firing time, as shown in Tab. E} Crucially, FT-
TTO-MPC was the only MPC algorithm able to be deployed within
real-world scenarios that did not require loosened time constraints.

VI. CONCLUSIONS

Despite its potential, the application of learning-based methods for
the purpose of trajectory optimization has so far been limited by the
lack of safety guarantees and characterization of out-of-distribution
behavior. At the same time, methods relying on numerical
optimization typically lead to high computational complexity and
strong dependency on initialization. In this work, we address these
shortcomings by proposing a framework to leverage the flexibility
of high-capacity neural network models while providing the safety
guarantees and computational efficiency needed for real-world
operations. We do so by defining a structure where a transformer
model—trained to generate near-optimal trajectories—is used to
provide an initial guess and a predicted target state as long-horizon
guidance within MPC schemes. This decomposition, coupled with a
pre-training-plus-fine-tuning learning strategy, results in substantially
improved performance, runtime, and convergence rates for both
open-loop planning and model predictive control formulations.

In future work, we plan to extend our formulation to handle
multi-task, reconfigurable, and stochastic trajectory optimization
problems through tailored learning strategies, structured treatment
of uncertainty, and scene representations. Moreover, while we have
investigated the impact of fine-tuning based on (iterative) supervised
learning in this work, the exploration of other fine-tuning strategies
(e.g., based on reinforcement learning) is a highly promising
direction that warrants future work. More generally, we believe
this research opens several promising directions to leverage the
power of learning-based methods for trajectory optimization within
safety-critical robotic applications.
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