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Abstract— Learning-based path planners based on diffusion
and flow matching can generate diverse trajectories from
demonstrations but classically lack guarantees on safety and con-
straint satisfaction during deployment. We propose a framework
that integrates flow-matching-based path planning, trained on
demonstrations, with model predictive path-following control to
combine data-driven path diversity with real-time safe execution.
The flow-matching model efficiently captures multimodal path
distributions, while predictive controller adapts the motion
online, ensuring satisfaction of state/input constraints and
obstacle avoidance. We introduce an event-triggered re-planning
scheme that biases new path generation using solutions from
the predictive controller, enabling safety even in environments
with previously unseen obstacles.

I. INTRODUCTION

Recently generative models based on diffusion [1] and
flow matching [2], [3] have been explored for robot path
planning and control, as they excel at capturing multimodal
distributions in imitation learning [4], [S] and motion plan-
ning [6], [7]. These models generate diverse motions from
demonstrations but classically lack safety guarantees during
deployment. For instance, a learned policy executed in open
loop may fail when facing unseen obstacles or dynamic
constraints. In this work, we adopt the shortcut model [8],
a flow-matching variant known for fast sampling [9], and
propose a framework to enforce safety during execution.

To address the lack of guarantees, we integrate the genera-
tive planner with a model predictive path-following controller
(MPPFC) [10], [11], [12]. Unlike standard tracking MPC [13],
[14], MPPEC treats path progression and velocity as opti-
mization variables. This allows the controller to adapt the
motion profile online—slowing down or deviating locally—to
ensure constraint satisfaction and collision avoidance while
maintaining the geometric structure of the expert path.

Combining generative models with predictive control is
an emerging area of research. Recent works have utilized
diffusion to warm-start optimizations [15], parameterize
MPC feedback [16], or guide sampling-based controllers
like MPPIC [17], [18], [19]. However, these approaches often
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focus on simplified or unimodal settings. Our method differs
by employing MPPFC not just as a predictive safety filter [20],
[21], but as the primary controller that actively shapes path
execution. This combination enables the safe, adaptive deploy-
ment of data-driven plans in complex, cluttered environments.

II. PROBLEM FORMULATION

We consider a dynamical system:

@(t) = fle(t),u(t), y(t) = h(z(t))

where x € R"», v € R™, and y € R™ represent state, input,
and output respectively. The objective is to navigate from
a start to a goal state while avoiding obstacles, mimicking
expert behavior observed in a dataset of trajectories D..

III. FROM EXPERT DEMONSTRATIONS TO PATH DATA

Given N expert trajectories 7(*) = {5, u(t5)) =0, we
aim to model behavior as geometric curves rather than
time-dependent trajectories. This decouples the model from
velocity profiles and trajectory lengths. Using a B-spline
parametrization, we convert the raw trajectory data into a
dataset of coefficients D¢ = {£()}Y, by solving the linear
least squares problem:

5(1) = arg Inglnz |y(tj) —p(ej)|2, (M
3=0

where 6; represents normalized time. The solution is com-
puted in closed-form [22].

A. Modeling and Learning Expert Behaviors

To capture the multimodal distribution of expert paths, we
train a shortcut model [8]—a fast-sampling variant of flow
matching [2]—on D,. The model learns a flow ¢ that maps
an initial noise distribution ¢p to the target data distribution
q1 via the differential equation:

dg(A, &)

T = U()H ¢(>\a€0))7 ¢(07€0) = 50 ~ qo, (2)

where v is a learned velocity field conditioned on the start
and goal positions. Assuming a linear interpolation path
DA, &) = (1 — XN)& + A1, the velocity field is learned
by regressing to the target direction &; — &p:

Ly = E&o, &, A [[o(X, €X) — (&1 — &)I?] - (3)

To enable efficient sampling with large integration steps d,
the shortcut model enforces self-consistency. It minimizes



the discrepancy between a single step of size § and two steps
of size 0.59 using the augmented loss [8]:

Ly, =E[[v(X,€x,0) — (&1 — &0)I* + [v(A, €x,6) — 0],
“)

where v represents the averaged velocity of the two smaller
steps. This ensures accurate generation of expert-like coeffi-
cients with minimal computational cost.

IV. MODEL PREDICTIVE PATH-FOLLOWING CONTROL

We employ a model predictive path-following controller
(MPPFC) [10], [11], [12] to track the generated reference path
and to ensure safety. The optimization problem is formulated
as:

min J(e,u,0,w) (5a)
st. Vs € [tg,tr + T

z(s) = f(2(s),u(s)), z(te) =zk,  (5b)

0(s) = p(8(s),w(s)), O(tx) = O, (5¢)

y(s) = h(z(s)), (5d)

e(s) =p(6(s)) — y(s), (Se)

0(s) € Cy, w(s) € W, (59)

T(s) € Xate C &, u(s) €U, (5g)

[T (te+T) 0T (tx+T)]] €. (5h)

At time ¢, we predict the system behavior over a horizon
T using (5b)—(5d) to optimize the control input u. Crucially,
we employ virtual dynamics (5c) for the path parameter 6,
governed by the virtual input w. By treating 6 as a degree
of freedom, the MPPFC actively optimizes path progression,
integrating planning and control. This allows for adaptive
motion profiles to satisfy input and safety constraints (5g),
such as obstacle avoidance. The cost function (5a) is defined
as:

to+T
J(e,u,0,w) :/t L(e(s),u(s),0(s), w(s))ds ©

+E@(tr+T),0(t, + 1)),

The stage cost L penalizes contouring errors (5e), control
effort, and lack of path progress. The terminal cost £ and
constraint (5h) are designed to ensure convergence to the
path [11].

V. SAFETY THROUGH MODEL PREDICTIVE
PATH-FOLLOWING CONTROL

While generated paths can be safe regarding known static
obstacles, they often lack formal guarantees, particularly
when environmental changes occur. Re-evaluating the global
generative model for every local change is computationally
prohibitive [7]. Instead, we employ MPPFC to locally re-plan
the system behavior, ensuring safety against new obstacles
detected by onboard sensors (e.g., LIDAR). At initialization,
we select a collision-free path from the generative batch to
define the terminal constraints of the MPPFC. As established
in [11], if the MPPFC finds a solution converging to this safe
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Fig. 1.

reference at the end of the prediction horizon, the execution is
safe. However, unforeseen obstacles may render the optimal
control problem infeasible if the system cannot realign with
the path within the prediction horizon 7'. To address this, we
employ an iterative horizon extension strategy. If the MPPFC
fails to find a solution, we temporarily increase 7' until
feasibility is recovered, allowing the solver to plan a detour
around the obstacle (see Fig. 1). Once the obstacle is cleared,
the horizon is shrunk back to its nominal length. While
formal verification of this switching logic is challenging, this
heuristic ensures local safety and task completion provided a
physical path exists. If the necessary deviation is significant,
we trigger an event-based re-planning of the global reference.

A. Biasing the Planner Toward the MPPFC Solution

When the MPPFC performs a large evasive maneuver, the
resulting trajectory, while safe, may diverge significantly from
the expert distribution. In such cases, it is advantageous to
resample the generative planner. To avoid the computational
cost of sampling from pure noise, we propose initializing
the process from an intermediate state. We utilize the latest
MPPFEC predicted trajectory as a clean approximation él of
the desired path. We fit B-spline coefficients to this prediction
using (1) and generate a partially noisy sample &5 at an
intermediate step A € (0, 1). By initializing the flow matching
model with (&5, )\), we efficiently generate a new batch of
expert-like paths that align with the currently feasible, safe
local plan.

VI. CONCLUSION

We propose a framework combining flow-matching plan-
ners with Model Predictive Path-Following Control (MPPFC)
to ensure safe execution of diverse, data-driven trajectories.
MPPFC dynamically adapts motion to satisfy constraints,
while an event-triggered re-planning scheme—biased by
the controller’s prediction—maintains consistency during
evasive maneuvers. This synergy bridges expressive generative
modeling with rigorous safety, enabling robust navigation in



cluttered environments. Future work will address perception
integration and dynamic obstacles.
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