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Abstract— Deep generative models, particularly diffusion and
flow matching models, have recently shown remarkable poten-
tial in learning complex policies through imitation learning.
However, the safety of generated motions remains overlooked,
particularly in complex environments with inherent obstacles.
In this work, we address this critical gap by proposing Potential
Field-Guided Flow Matching Policy (PF2MP), a novel approach
that simultaneously learns task policies and extracts obstacle-
related information, represented as a potential field, from
the same set of successful demonstrations. During inference,
PF2MP modulates the flow matching vector field via the
learned potential field, enabling safe motion generation. By
leveraging these complementary fields, our approach achieves
improved safety without compromising task success across
diverse environments, such as navigation tasks and robotic
manipulation scenarios. We evaluate PF2MP in both simulation
and real-world settings, demonstrating its effectiveness in task
space and joint space control. Experimental results demonstrate
that PF2MP enhances safety, achieving a significant reduction
of collisions compared to baseline policies. This work paves the
way for safer motion generation in unstructured and obstacle-
rich environments.

I. INTRODUCTION

Imitation learning (IL) [1] has seen transformative ad-
vancements with the introduction of generative models [2],
[3], [4]. Among these, diffusion models [5], [6] and flow
matching models [7], [8] have emerged as powerful tools,
enabling scalable and efficient policy learning. By capturing
complex, high-dimensional, and multi-modal distributions,
these methods have established generative models as the
foundation of next-generation IL frameworks [9].

Despite these advances, a critical aspect remains insuffi-
ciently explored: the safety of the generated policies [10].
Safety is a critical consideration in real-world applications
such as autonomous driving [11] and robotic manipula-
tion [12], where the consequences of unsafe actions can be
catastrophic. Recent efforts have begun to incorporate safety
considerations into generative models, with notable progress
in diffusion-based IL. For example, some methods enhance
safety by embedding gradients of safety objectives into the
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Fig. 1: Overview of the PF2MP Framework: The pipeline begins
with demonstration data (left). The Base Flow Matching Policy
(FMP) is trained (middle top) to model expert behaviors, while
a potential field is simultaneously learned (middle bottom) using
a density map. During the inference phase (right), the PF2MP
framework integrates the learned vector field from FMP and the
obstacle-aware potential field to generate safe trajectories.

denoising process [13], [14]. However, similar advancements
in Flow Matching-based IL are mainly absent. Current Flow
Matching-based IL primarily focus on accurately modeling
and reproducing expert demonstrations, often overlooking
potential hazards or obstacles inherent in the environment.
This gap presents a significant challenge for deploying these
methods in safety-critical domains.

To address this limitation, we propose a novel approach to
enhance the safety of Flow Matching policies by incorporat-
ing obstacle-aware potential fields into the policy generation
process. The key insight of our method is to leverage
demonstration data not only to learn the desired policy but
also to design a potential field derived from the density of
the demonstrations estimated via Kernel Density Estimation
(KDE). By guiding the flow matching inference process
with the estimated potential field, our approach adjusts
trajectories in response to environmental hazards encountered
during demonstrations, effectively bridging efficient policy
generation with safety assurance.

In summary, we enhance Flow Matching-based IL by
incorporating an estimated potential field that accounts for
the inherent obstacles in the environment, resulting in the
Potential Field-Guided Flow Matching Policy (PF2MP),
illustrated in Fig 1. In contrast to existing diffusion model-
based IL [13], [14], [15], which rely on manually-defined
safety objective functions, our approach autonomously de-
rives safety constraints directly from expert demonstrations.
Through extensive experiments in both simulated and real-
world environments, we demonstrate that our model ef-
fectively improves the safety of the learned policy while
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preserving task performance.

II. RELATED WORK

Ensuring safety is a critical challenge in robot pol-
icy learning, with most studies focusing on reinforcement
learning [12], [16] and imitation learning [13], [17], [18],
[19], [20]. Recently, generative models [5], [6], [7] have
made transformative advancements to robot policy learn-
ing, particularly in the field of imitation learning. Here
we review recent developments, categorizing them into two
major approaches: Diffusion-Based Robot Policies and Flow
Matching-Based Robot Policies.

A. Diffusion-Based Robot Policies

Diffusion models [21], which iteratively transform a Gaus-
sian distribution into a complex target distribution through
denoising steps, have achieved impressive success in var-
ious application domains, including image generation [5],
video synthesis [22], and human motion modeling [23],
among others. In robotics, Diffusion Policy (DP) [3], pri-
marily trained via Denoising Diffusion Probabilistic Model
(DDPM), demonstrated improved performance in imita-
tion learning compared to earlier behavioral cloning meth-
ods [24], [25], [26] with an enhanced ability to capture mul-
timodal action distributions. Consistency Policy (CP) [27]
addresses the expensive inference process of DP by distilling
a student policy from a teacher DP, effectively reducing
computational overhead. Furthermore, diffusion models have
demonstrated strong performance in complex robot pol-
icy learning tasks [28]. For example, 3D Diffusion Policy
(DP3) [29] combines a compact 3D visual representation
with diffusion models, enabling effective policy learning in
more intricate environments.

Several works proposed enhanced diffusion-based policies
to generate safer robot motions. Motion Planning Diffusion
(MPD) [15] guides the diffusion process based on the
gradients of multiple objective functions, thereby enhancing
the smoothness and safety of the generated trajectories.
Similarly, Ensemble-of-costs-guided Diffusion for Motion
Planning (EDMP) [14] incorporates the gradients of multiple
collision cost functions during denoising, significantly en-
hancing the safety of generated motions. Cold Diffusion with
Replay Buffers (CDRP) [13] augments DP by recording the
intermediate variables generated during the denoising process
on the training dataset and storing them as a safe replay
buffer. During testing, CDRP projects the current denoising
intermediate variables onto this buffer, effectively anchoring
the inference process to observed safe states. This approach
enables CDRP to produce robotic trajectories with reduced
collision rate.

B. Flow Matching-Based Robot Policies

Flow Matching (FM) [7], [30] is another class of gener-
ative models that transform a simple prior distribution (e.g.,
a Gaussian distribution) into a complex target distribution
via a vector field. In contrast to diffusion models, the FM
vector field induces straighter paths and its flow corresponds

to an ordinary differential equation (ODE). Therefore, FM
is easier to train and faster to query during inference when
compared to diffusion models.

Capitalizing on these advantages, several works recently
proposed to leverage FM in robot imitation learning.
Braun et al. introduced Riemannian Flow Matching Policy
(RFMP) [4] to learn sensorimotor policies represented by
end-effector pose trajectories and ensuring geometric con-
straints in the generated policies. Stable Riemannian Flow
Matching Policy (SRFMP) [31] enhances the robustness and
inference speed of RFMP by stabilizing the convergence of
the flow to the target distribution. ActionFlow [32] employs
FM with a SE(3) flow and an equivariant transformer to learn
SE(3)-equivariant policies that effectively handle relative
positions between the end-effector and objects. FM was
also applied to multi-support manipulation tasks in [33], to
control a bimanual robot interacting with multiple environ-
mental supports. Additionally, Chisari et al. [34] proposed to
employed 3D point clouds instead of images as observations,
which resulted in improved FM policies performances.

While FM-based methods methods offer efficiency and
flexibility, none of these works addressed the safety of the
generated FM policies. However, ensuring safe policies is
critical in real-world robotics applications, especially in en-
vironments with inherent obstacles and dynamic constraints.
In this paper, we aim to extend the capabilities of FM-
based robot policies by learning not only complex policies
from expert demonstrations, but also potential fields to avoid
unsafe regions and collisions with the obstacles observed in
the demonstrations.

III. BACKGROUND

In this section, we provide a short background on Flow
Matching and Kernel Density Estimation (KDE), which serve
as the foundational frameworks for our method.

A. Flow Matching

Flow Matching (FM) [7] is a deep generative model
that transforms a simple base distribution p0(x), typically
a Gaussian distribution, into an unknown target distribution
q(x1) through a learned vector field. The probability path
is generated by push-forwarding p0 along the resulting
flow, which is governed by an ordinary differential equation
(ODE). While the exact form of the target distribution q(x1)
is unknown, it is assumed that samples x1 drawn from q(x1)
are accessible.

Conditional flow matching (CFM) [7] constructs a con-
ditional probability path pt(xt|x1) linking a Gaussian base
distribution p0(x) and the target distribution q(x1) by con-
ditioning on the available samples x1. The probability path
is defined as,

pt(x|x1) = N (x|µt(x1), σt(x1)
2I), (1)

where µt(x1) and σt(x1) are time-dependent mean and
scalar standard deviation, respectively. The flow ψt that
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pushes the base distribution to the target distribution can be
expressed as,

ψt(x|x1) = σt(x1)x+ µt(x1), (2)

and describes the trajectory of the variable xt as it moves
from the base distribution to the target distribution. Lipman
et al. [7] introduce a general formulation of the conditional
vector field ut that generates such flow ψt,

ut(x|x1) =
σ′
t(x1)

σt(x1)
(x− µt(x1)) + µ′

t(x1), (3)

where µ′
t(x1) and σ′

t(x1) are the derivatives of the mean
and standard deviation functions. By integrating the vector
field (3) with initial points x0 under a predefined time bound-
ary, the result aligns with the target distribution. The training
process of CFM can be framed as a regression problem. A
neural network is trained to mimic the conditional vector
field ut(x|x1) by minimizing a mean squared error loss,

LCFM(θ) = Et,q(x1),p(x0)||vθ(xt, t)− ut(x|x1)||2, (4)

where vθ is the learned vector field, θ represents the parame-
ters of the neural network and t is uniformly sampled within
the time boundary.

Liu et al. [30] proposed a more direct approach by
simplifying the conditional vector field to

ut(x|z) = x1 − x0, (5)

where z = (x0,x1). This simplified vector field is condi-
tioned not only on the sample x1 from the target distribution
but also on the sample x0 from the base distribution. By
connecting the two distributions with a straight path, this
approach significantly reduces the computational complexity
of the vector field calculation and accelerates the inference
process [30]. PF2MP leverages [30] to train a base Flow
Matching Policy to mimic the complex expert policy (see
Section IV-A).

B. Kernel Density Estimation

Kernel Density Estimation (KDE) [35] is a non-parametric
method for estimating the probability density function (PDF)
of a random variable based on a finite sample of observa-
tions. Unlike parametric methods that assume that the data
follows a specific distribution (e.g., Gaussian or exponential),
KDE makes minimal assumptions about the underlying data
distribution, making it a versatile and robust technique in
statistical analysis and machine learning.

KDE seeks to estimate the density function f(x) of a
random variable X , given M independent and identically
distributed samples x1,x2, ...,xM . The KDE kernel estima-
tor is expressed as,

f̂(x) =
1

Mh

M∑
i=1

K

(
x− xi

h

)
, (6)

where K(·) is the kernel function, i.e., a symmetric, non-
negative, and integrable function that determines the shape
of the distribution estimate, h is a positive scalar representing

Algorithm 1 Base Flow Matching Policy Training Process

Input: Initialized parameter θ, prior distribution p0, demon-
stration D = {oτ ,aτ}Tτ=1, training epochs NT

Output: Parameter θ of the learned vector field
1: for i = 1 : NT do
2: Sample a time step t from uniform distribution U [0, 1];
3: Sample a noise A0 from prior distribution p0;
4: Sample a target action series A1 and the paired

observation o from the demonstrations;
5: Build the target vector field ut (7);
6: Calculate the loss function (8);
7: Update the parameters θ;
8: end for
9: return θ

bandwidth or smoothing parameter that controls the width of
the kernel function, and thus the smoothness of the estimated
density function [36]. KDE is employed to estimate the
density of the demonstrations, which is subsequently used
to construct the potential field in PF2MP (see Section IV-B).

IV. POTENTIAL FIELD-GUIDED FLOW
MATCHING POLICY

In this section, we introduce the Potential Field-Guided
Flow Matching Policy (PF2MP), illustrated in Fig 1. PF2MP
is composed of two components trained from the same set
of demonstrations: (1) a base Flow Matching Policy (Sec-
tion IV-A); and (2) an estimated potential field (Section IV-
B). By combining these two components during the inference
process (Section IV-B), PF2MP generates safer policies that
incorporate the environmental constraints observed in the
demonstrations.

A. Base Flow Matching Policy

This section introduces Flow Matching Policy (FMP), as
presented in prior works [4], [32], [33], [34], [31], [37],
which constitutes the base policy of PF2MP.

We consider a set of demonstrations D = {oτ ,aτ}Tτ=1,
where oτ represents the environment observation, aτ denotes
the corresponding action taken by the agent, and T is the total
length of the trajectory. The objective of imitation learning
is to train a policy πθ(a;o) that mimics the expert policy
πe(a;o), which generated the demonstrations.

Flow Matching Policy (FMP) leverages a flow matching
model — specifically based on [30] in this paper — to learn
an observation-conditioned vector field ut(A|z,oτ ), defined
as

ut(A|z,oτ ) = A1 −A0, (7)

where t ∈ [0, 1] represents the time step during the genera-
tion process, A denotes the intermediate variable during the
generation process, the variable z = (A0,A1) includes a
sample A0 from a prior distribution (typically a Gaussian
distribution) with the same dimensionality as A1 and the
target action series A1 = {aτ ,aτ+1, ...,aτ+Ta−1} of length

CONFIDENTIAL. Limited circulation. For review only.

Manuscript 951 submitted to 2025 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). Received February 26, 2025.



Ta, and oτ is the corresponding observation at the begin of
the target action series.1

The vector field network vθ(A, t;o) is learned using the
following loss function,

LFMP(θ) = Et,q(A1),p(A0)||vθ(A, t;o)−ut(A|z,o)||2, (8)

where q(A1) and p(A0) are the target and prior distributions,
respectively. The training process of FMP, summarized in
Algorithm 1, consists of three steps: (1) Sample from the
prior and target distributions; (2) Compute the target condi-
tioned vector field using (7); (3) Update the neural network
parameters θ using the loss function (8).

After training the observation-conditioned vector field,
the policy inference process boils down to integrating the
learned vector field, starting from samples drawn from the
prior Gaussian distribution. As the analytical solution to this
integration is generally intractable, numerical methods are
commonly employed. Among these, the Euler method [38]
provides a straightforward and effective approximation. The
Euler method approximates the integration of the vector field
by discretizing the integration into small time steps. Starting
with an initial sample A0 from the prior Gaussian distribu-
tion and observation o of the environment, the integration
process iteratively updates the state as follows,

At+∆t = At + vθ(A, t;o)∆t, (9)

where ∆t is the integration step size and related to total
number of integration steps N via ∆t = 1/N . The final A1,
generated at t = 1 is the action series. Finally, each action
is given sequentially to the robot to perform the task.

B. Safe Policy Generation with PF2MP

The base FMP primarily focuses on replicating expert
demonstrations to reproduce observed behaviors. However,
it overlooks critical considerations, such as the safety of
the generated action sequences, which are essential for real-
world deployment, especially in obstacle-rich environments.

Expert demonstrations inherently encode more than just
the execution of complex policies to accomplish specific
tasks; they also implicitly capture valuable information about
the environment’s constraints (e.g., obstacles). The regions
explored by the expert policies represent safe areas, while
areas not traversed by the demonstrations often correspond to
unsafe or high-risk regions. By neglecting this implicit safety
information, previous algorithms risk generating policies
that, although behaviorally accurate, may lead to unsafe or
infeasible actions when deployed in obstacle-rich environ-
ments.

To address this limitation, we propose the Potential Field-
Guided Flow Matching Policy (PF2MP), which leverages
the inherent constraint information embedded in the demon-
stration data. Specifically, our approach estimates the den-
sity p̂(a) of the demonstration trajectories via KDE and

1In this paper, the subscript t represents the time step of the FM
generation process, and the superscript τ indicates the real-world time step
of the robot trajectory.

Algorithm 2 Potential Field-Guided Flow Matching Infer-
ence
Input: Trained vector field vθ(A, t;o), number of inte-

gration steps N , observation o, prior distribution p0,
hyperparameter λ, potential field Φ(A)

Output: Generated action series A1.
1: Compute the timestep ∆t = 1

N ;
2: Sample from prior distribution A0 ∼ p0;
3: for i = 1 : N do
4: Integrate the vector field learned by FMP as

Ati = Ati−1 +
[
vθ(Ati−1 , ti−1;o) + λΦ(Ati−1)

]
∆t

(11)
5: end for
6: return A1 =

{
aτ ,aτ+1, ...,aτ+Ta−1

}
constructs a potential function ϕ(a) based on the estimated
density as,

ϕ(a) = log(p̂(a)) + αd(a,H), (10)

which consists of 2 components, whose contributions are
balanced by the hyperparameter α. The first term, log(p̂(a)),
represents the logarithm of the estimated density, while
the second term, d(a,H), is a distance-based penalty that
measures the proximity of an action a to the safer area H.
The safer area is defined as the region where the estimated
density exceeds a predefined threshold, indicating regions
covered by the expert demonstrations.

The resulting potential field Φ(A) is the gradient of the
potential function across the action series, i.e.,

Φ(A) =

[
dϕ

daτ
,

dϕ

daτ+1
, ...,

dϕ

daτ+Ta−1

]
. (11)

The policy inference process of PF2MP integrates the
learned flow matching vector field with the designed po-
tential field into a unified framework. As summarized in
Algorithm 2, the procedure begins by sampling an initial
point A0 from a prior Gaussian distribution, representing
the initial state of the generated action series. At each
subsequent integration step, the intermediate state At is
updated by following the learned FM vector field vθ(A, t|o),
which has been trained to mimic the expert demonstrations,
augmented with the potential field Φ(a), constructed from
the density estimation of the demonstration data. The poten-
tial field acts as a corrective term that incorporates safety
constraints by steering the generated actions away from
low-density (unsafe) regions and toward high-density (safe)
regions. Mathematically, the update at each integration step
is expressed as,

At+∆t = At + [vθ(At, t;o) + λΦ(At)]∆t, (12)

where λ is a hyperparameter controlling the trade-off be-
tween flow matching dynamics and potential field guidance,
and ∆t represents the integration step size of the Euler
method. This iterative process is repeated N times, where N
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(a) Gym Environment (b) Density Map (c) Potential Field (d) FMP (e) PF2MP
Fig. 2: 2D maze navigation tasks: (a) Gym environment with the medium maze (top row) and large maze (bottom row). (b) Estimated
density map, with red points representing the demonstration data. (c) Derived potential field, visualized with blue arrows, based on the
estimated density. (d) Failure case of the baseline FMP, where collisions occur, with the blue star indicating the start point and the orange
fork marking the goal. (e) Collision-free trajectory generated by the PF2MP under the same initial and target conditions as in (d).

is a hyperparameter determining the resolution of the integra-
tion. By integrating safety-aware potential fields into the flow
matching framework, PF2MP generates action sequences
that not only replicate expert behavior but also account for
the obstacles present in the demonstrations, ensuring both
effectiveness and safety in complex environments.

V. EXPERIMENT

We conducted four sets of experiments, including naviga-
tion and robot manipulation tasks in simulated environments,
as well as a real-world robotic task. These experiments are
designed to comprehensively evaluate the effectiveness of the
proposed PF2FMP in enhancing safety with task execution
controlled in task space or joint space.

A. Basic Settings

We implement a conditional 1D U-Net similar to [3],
[31], as the base network for learning the vector field of
the base FM policy. The U-Net consists of a three-layer
structure with hidden dimensions [512, 256, 128], designed
to efficiently model the observation-conditioned vector field.
For comparison, we evaluate PF2MP against three baselines:
base Flow Matching Policy (FMP), Diffusion Policy (DP),
and DP with Potential Field Guidance (DPPF) as a modified
baseline, where the same potential field guidance employed
in PF2MP is integrated into the denoising process of DP.

To measure the performance of different policies, we con-
sider the collision rate, given as the percentage of trajectories
colliding with obstacles in the environment. For the 2D
Maze (Section V-B) and Fetch (Section V-C) tasks, we also
consider the task success rate, irrespectively of collisions
during the execution.

B. 2D Maze Navigation Tasks

We begin by evaluating our approach on a navigation task
in the 2D Maze environment provided by D4RL [39], [40],

Fig. 3: Impact of the potential field weight λ on PF2MP perfor-
mance in the large maze task.

which is built upon the Mujoco physics engine [41]. As
illustrated in Fig 2, the environment consists of brown ob-
stacles and boundaries. The controllable agent is represented
by a green ball, whose objective is to navigate through the
maze to reach a red ball. The training dataset, provided by
D4RL, includes trajectories with random start and goal states
within the safe region. To ensure trajectory smoothness,
we resample the demonstrations to a fixed length of 80
steps, which is sufficient to complete the task effectively.
D4RL provides mazes with varying levels of complexity. For
our experiments, we select the “medium” and “large” maze
configurations. In this task, we utilize PF2MP to predict the
trajectory of the green ball, assuming the existence of a low-
level controller capable of precisely reaching the predicted
states. The observation o is the position of the green and red
balls. To construct the potential field, we randomly sample
3, 000 points from the demonstrations instead of using the
entire dataset to reduce computational overhead.

We evaluate PF2MP and the baseline methods using the
same 500 pairs of initial and target states, repeating each test
three times. All models are inferred with N = 5 integration
steps. The weight λ for PF2MP and DPPF is set to 0.8.

The performance of all models are reported in Table I.
In the medium maze, all models exhibit strong performance,
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TABLE I: Task performance of different models on 2D maze navigation and Fetch robot manipulation tasks.

Tasks Success Rate (%) Collision Rate (%)

FMP PF2MP DP DPPF FMP PF2MP DP DPPF

Maze Medium 99.7± 0.1 99.6± 0.2 99.6± 0.2 99.6± 0.2 0.33± 0.12 0.07± 0.07 0.47± 0.12 0.27± 0.12
Maze Large 96.6± 1.1 96.4± 1.2 96.7± 0.8 96.4± 1.2 9.2± 0.8 3.2± 0.5 8.8± 0.7 7.6± 0.5
Fetch Reach 85.0± 4.4 84.0± 1.7 84.0± 3.5 83.0± 2.0 34.0± 5.6 18.0± 4.4 35.0± 4.4 33.0± 3.0
Fetch Push 50.0± 4.6 51.7± 2.5 48.3± 2.5 47.0± 3.6 30.0± 3.6 25.0± 2.6 33.3± 5.7 30.3± 4.7

with collision rates below 0.4% and success rates exceeding
99%. PF2MP achieves a marginally lower collision rate
compared to FMP while maintaining an equivalent success
rate. A similar trend is observed with DPPF compared to
DP, where a slight reduction in collision rate is evident. In
the large maze, PF2MP demonstrates a significant reduction
in collision rate compared to FMP, achieving the lowest
collision rate (∼ 3%) among all models, while maintain-
ing a comparable success rate to other baselines. These
results indicate that the potential field guidance enhances
the safety of the generated trajectories without adversely
affecting task performance. This improvement is consistently
observed across both FMP and DP, underscoring the general
effectiveness of the potential field guidance.

To further analyze the effect of the potential field guidance,
we conducted an ablation study on the potential field weight
λ using the large maze setting (see results in Fig 3). When
λ is set too low (λ < 0.1), the performance of PF2MP is
nearly identical to the baseline FMP. As λ increases to values
such as 0.4 and 0.8, the collision rate significantly decreases,
and the task success rate remains stable. However, when
λ is further increased, the collision rate rises dramatically,
and the success rate decreases accordingly. We hypothesize
that this occurs because a high λ leads to too-narrow safe
area: As the agent tries to follow the demonstrated trajectory,
it overshoots and collides with the opposite obstacle. This
phenomenon suggests that while PF2MP can enhance safety
in action generation, careful selection of the λ parameter is
crucial for optimal performance.

C. Simulated Robotics Tasks in Task Space

We evaluate PF2MP on robot manipulation tasks by
considering two benchmark tasks — Reach and Push —
performed using the Fetch robot simulator from Gymnasium
Robotics [42]. To evaluate the safety of the proposed method,
we augment the original Fetch environment by introducing
obstacles, as shown in Fig 4. This setup is inspired by and
adapted from the experimental framework presented in [13].
In the Reach task, a thick red wall is placed as an obstacle
in the middle of the platform. The robot’s end-effector is
initialized on the right side of the wall, while the target goal,
represented by a red ball, is randomly initialized on the left
side of the wall. The objective is to control the robot to
navigate around the obstacle and reach the goal point. In the
Push task, a similar thick red wall is present in the middle
of the platform, but with a reduced height compared to the
one used in the Reach task. The objective is to control the
robot to push a black block to a target position marked by a

Fig. 4: Fetch Environments. Left: Reach task. Right: Push task.

red ball. Both the black block and the red ball are initialized
on the surface of the platform.

To collect expert demonstrations, we employ the Stable-
Baselines3, a Python library [43] for Reinforcement Learn-
ing. For the Reach task, we train a reinforcement learning
agent using Proximal Policy Optimization (PPO) [44]. For
the Push task, we employ Soft Actor-Critic (SAC) [45]
combined with Hindsight Experience Replay (HER) [46]
as the replay buffer. Both tasks are trained for a total of
1 × 106 time steps. After training, the RL agents are used
to collect 1000 expert demonstrations for each task under
varying initial conditions. To standardize the dataset, the
length of each demonstration is resampled to 48 steps, which
is sufficient to successfully complete both tasks.

The performance of our proposed method, PF2MP, along
with other baseline models, is summarized in Table I. For
the Reach task, all models achieve an average success rate
of approximately 84%. However, PF2MP stands out as the
only method with a collision rate below 20%, specifically
18%, which is nearly half the collision rate of the baseline
FMP at 34%. For the DP model, the potential field guidance
does not demonstrate significant effectiveness compared to
the 2D Maze scenario, with DPPF outperforming DP by
only 2%. For the Push task, which is simplified as a 2-
points reach task, the overall performance of all models
is less robust, achieving an average success rate of only
around 50%, with collision rates hovering at approximately
30%. PF2MP shows a modest improvement in collision rate,
reducing it by approximately 5%. This may be attributed
to the low quality of the demonstration data collected by
the RL agent, which tends to favor trajectories that closely
follow obstacles. Additionally, the potential field guidance
contributes a slight increase in success rate for this task,
achieving a gain of about 1.7%.

D. Simulated Robotics Tasks in Joint Space

To validate the effectiveness of our proposed approach
to learn policies in joint space, we designed a handwrit-
ing experiment using the Genesis simulator [47]. In this
experiment, a Franka Panda robotic arm was controlled to
draw letters on a planar surface while avoiding predefined
restricted regions, as illustrated in Fig 5. Unlike our previous
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Fig. 5: Genesis Handwriting Task. Left: Simulation environment in
Genesis, featuring a Franka Panda robotic arm, a white tabletop,
and an “S”-shaped trajectory that avoids the red obstacle regions.
Right: 2D end-effector trajectories obtained from the joint-space
demonstrations.

TABLE II: Handwriting Tasks Collision Rate

Policies Collision Rate
Genesis Simulator Unitree Z1 Real Robot

FMP 25.33± 2.52(%) 4/10
PF2MP 0.67± 0.58(%) 0/10

experiments, this task involves direct control of the robot’s
joint space, encompassing 9 degrees of freedom (7 for the
revolute joints, 2 for the gripper). The experimental setup
highlights the adaptability of our method in generating safe
and feasible trajectories under constraints, even in complex
and high-dimensional task spaces.

To train the policies, we collected 20 demonstrations
with the corresponding end-effector trajectories illustrated
in Fig 5. The observation o in this task is the state of the
robot arm in joint space. During testing, all policies were also
inferred with N = 5 integration steps. The PF2MP weight
parameter λ was set to 0.5. Every policy was tested using
the same set of 100 prior samples, and this evaluation was
repeated three times for statistical robustness. The results,
summarized in Table II, demonstrate a clear advantage of
our proposed PF2MP method in generating safer trajectories.
Specifically, the baseline FMP approach exhibited a collision
rate of approximately 25%, whereas our method achieved a
substantial reduction in the collision rate to just 0.67%. This
significant improvement demonstrates the ability of PF2MP
to directly predict safe trajectories in the joint space.

E. Real Robotics Tasks

Finally, we evaluate PF2MP in a real-world scenario for
a task executed on the Unitree Z1 robot arm mounted on
a Unitree B2 base, as shown in Fig 6. This experiment
replicates the Genesis Handwriting task but planning in
task space, where the robot arm is tasked with plotting the
letter “S” on a planar surface while avoiding a predefined
constraint region, indicated by the pink circle in Fig 6. For
this experiment, we collected 10 demonstrations with varying
start and end points of the trajectory, which were generated
via teleoperation using a keyboard interface provided by
Unitree’s official software package. We employed a smaller
UNet with down dimension [16, 32, 64], training it for 100

Fig. 6: Real-World Handwriting Task. A Unitree Z1 robotic arm
mounted on a Unitree B2 robot dog draws the letter “S” on a wall-
mounted sheet of paper, while ensuring that the trajectory avoids
the predefined pink constrained area on the paper.

epochs. The observation o in this task is the state of robot
end effector, and the prediction is the trajectory of the robot
end effector.

During testing, the hyperparameter λ for PF2MP was set
to 0.5. Both policies were tested 10 times under identical
initial conditions. The results, presented in Table II, clearly
demonstrate the safety advantages of PF2MP. For the FMP
baseline, approximately 4 out of the 10 trials resulted in
trajectories that crossed the pink constraint area. In contrast,
trajectories generated by PF2MP consistently avoided the
constraint area in all trials, demonstrating its superior ability
to generate safe trajectories under real-world conditions.

VI. CONCLUSIONS

In this work, we introduced Potential Field-Guided Flow
Matching Policy (PF2MP), a novel approach that jointly
learns a complex policy and an associated potential field from
the same set of demonstrations. By extending the capabilities
of existing FM-based imitation learning methods, PF2MP
generates safer policies that significantly reduce collision
rates. Extensive evaluations across diverse simulated and
real-world robotics tasks demonstrated that our approach
leads to a substantial reduction in collisions.

Despite its promising performance, PF2MP exhibits sen-
sitivity to potential field weight, which requires careful
tuning to balance safety and task success. Additionally, our
experiments are currently restricted to static environments
with stationary obstacles. Addressing these limitations, future
work could focus on designing a framework that incorporates
dynamic obstacle handling by learning a dynamic potential
field, paving the way for broader applicability and improved
robustness in real-world scenarios.
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