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Abstract— The interest in combining model-based control
approaches with diffusion models has been growing. Although
we have seen many impressive robotic control results in difficult
tasks, the performance of diffusion models is highly sensitive
to the choice of scheduling parameters, making parameter
tuning one of the most critical challenges. We introduce Linear
Path Model-Based Diffusion (LP-MBD), which replaces the
variance-preserving schedule with a flow-matching–inspired
linear probability path. This yields a geometrically interpretable
and decoupled parameterization that reduces tuning complexity
and provides a stable foundation for adaptation. Building
on this, we propose Adaptive LP-MBD (ALP-MBD), which
leverages reinforcement learning to adjust diffusion steps and
noise levels according to task complexity and environmental
conditions. Across numerical studies, Brax benchmarks, and
mobile-robot trajectory tracking, LP-MBD simplifies schedul-
ing while maintaining strong performance, and ALP-MBD
further improves robustness, adaptability, and real-time effi-
ciency. Our code is available through anonymous repository
https://anonymous.4open.science/r/adaptive_l
inear_path_model_based_diffusion-C58C

I. INTRODUCTION

Diffusion models have achieved remarkable success in
various real-world applications, particularly in image and
video generation. Recently, their use has expanded beyond
visual domains, with a growing body of work exploring
applications in robotic control. Several approaches [1] [2]
have been proposed that integrate diffusion models with
model-based control to solve complex trajectory optimization
problems. These approaches have close relationships with
sampling-based optimization methods, and they have been
shown to be effective in addressing problems that have
nonlinear, non-smooth dynamics and non-convex objectives
and constraints.

However, the performance of model-based diffusion crit-
ically depends on the design of the noise schedule. In
diffusion-based approaches, the sampling process consists
of a sequence of diffusion steps, where noise is incre-
mentally injected into trajectories and progressively reduced
to produce feasible and improved samples. The scale of
the injected noise at each step plays an important role in
determining performance, and even in the case of a simple
linear parameterization with a variance-preserving schedule
[1], we need to tune several parameters to get the optimal
solution. These parameters are intricately coupled in shaping
the overall noise profile, making it difficult to find optimal
values. Moreover, the optimal parameters often vary with
the system state and the complexity of the problem, which
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frequently leads to overly conservative parameter choices.
Even within the same task, the values of the optimal param-
eters can differ substantially across different conditions. We
illustrate this idea by using a self-driving car example shown
in Fig. 1.

In this paper, we first introduce Linear Path Model-Based
Diffusion (LP-MBD), a variant of the original Model-Based
Diffusion (MBD) framework that replaces the variance-
preserving schedule with a linear probability path inspired
by Flow Matching [3][4]. LP-MBD offers several advantages
over the original MBD. The linear probability path provides
a simple, geometrically interpretable interpolation between
prior and target distributions; under common Gaussian as-
sumptions, it can align with optimal transport, offering
clear theoretical grounding. More importantly, unlike the
variance-preserving schedule, where multiple parameters are
intricately coupled to determine the noise magnitude, the
linear path formulation eliminates such dependencies. As a
result, LP-MBD requires fewer hyperparameters, making the
tuning process more straightforward and interpretable.

Building upon this foundation, we further propose Adap-
tive Linear Path Model-Based Diffusion (ALP-MBD), which
extends LP-MBD with a reinforcement learning–based mod-
ule for dynamic parameter adjustment. ALP-MBD adapts
scheduling parameters according to task complexity and
environmental conditions. For instance, it can increase the
number of diffusion steps in challenging scenarios or enlarge
the noise level to promote broader exploration, thereby
enabling more flexible and effective control. In contrast,
under simple or well-structured conditions, it can reduce both
the noise magnitude and the diffusion steps, leading to more
efficient sampling without sacrificing solution quality.

We extensively evaluate LP-MBD and ALP-MBD across
diverse environments and settings to demonstrate their effi-
ciency and performance. Our experiments include numerical
studies, Mujoco-based benchmarks implemented in Brax,
and a mobile robot trajectory-tracking task.

This paper has three main contributions:
1) Linear Path Model-Based Diffusion (LP-MBD):

We introduce a flow-matching–inspired linear path
scheduler that yields a geometrically interpretable and
decoupled parameterization. This reduces the burden
of tuning and provides a stable foundation for adaptive
extensions.

2) Adaptive Linear Path MBD (ALP-MBD): Building
on LP-MBD, we develop an adaptive scheduler that
leverages reinforcement learning to adjust diffusion
steps and noise levels based on the environment state,
enhancing both robustness and efficiency.
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3) Comprehensive evaluation: We validate LP-MBD
and ALP-MBD through numerical studies, Brax bench-
marks, and mobile-robot trajectory tracking, demon-
strating improved sample efficiency, control quality,
and adaptability across diverse settings.

Fig. 1. The left figure illustrates a simple scenario in which the red ego
vehicle drives in an obstacle-free environment. The right figure depicts a
more complex case, where the red ego vehicle attempts to overtake a white
vehicle while simultaneously avoiding an approaching car from behind.
In the latter scenario, additional safety constraints are imposed, typically
requiring more diffusion steps to obtain an optimal trajectory.

II. RELATED WORK

Trajectory optimization is a fundamental component of
safe and precise robot control. There are two principal
approaches: (i) solving the underlying optimization problem
directly with gradient-based methods [5], [6], [7], [8], and
(ii) employing sampling-based approaches [9], [10] to search
for optimal trajectories. This paper focuses on the latter, as
it can better accommodate complex dynamics and objective
functions. MPPI [11], [12] is among the most widely used
sampling algorithms. It can be viewed as a soft-weighted
variant of the Cross-Entropy Method (CEM) [13], where
samples are weighted smoothly rather than selected by a
hard elite set. CEM itself is closely related to CMA-ES
[14], but CMA-ES further refines the update by adapting the
covariance and step size in a principled way, making it more
robust for problems with strong correlations or anisotropy.

Generative models provide powerful tools for capturing
complex distributions. Diffusion models [15], [16], [17] and
Flow Matching [3], [4] have gained significant attention due
to their ability to represent intricate distributions and have
been applied to planning problems [18], [19], [20], [21].
Recent works such as [22], [23] explore the link between
sampling-based methods and diffusion models, while [2]
highlights the connection between diffusion models and
MPPI.

Reinforcement Learning (RL) [24] has been applied across
diverse domains, including model-based planning in combi-
nation with sampling-based planners [25], [26], [27]. These
studies demonstrate that integrating RL with sampling meth-
ods achieves superior performance compared to state-of-the-
art model-free approaches [28], [29], [30], [31], [32]. Beyond
planning, RL has also been used to fine-tune diffusion models
[33], [34], [35]. For instance, [36] employs RL to optimize
the initial noise in diffusion models, enabling mode selection
within complex distributions. In this paper, we leverage RL
to adaptively determine scheduling parameters conditioned
on the environment state.

III. LINEAR PATH MODEL-BASED DIFFUSION

In this section, we first review Model-Based Diffusion
(MBD) [1] and discuss why the choice of diffusion schedule
can become a key practical bottleneck. We subsequently
present Linear Path MBD (LP-MBD), which incorporates
the linear probability path from Flow Matching. By con-
structing an optimal transport interpolation between the prior
and target distributions, this formulation not only simplifies
hyperparameter tuning but also provides a more stable and
geometrically interpretable trajectory generation process.

A. Variance Preserving Model-Based Diffusion

Trajectory optimization (TO) is a fundamental tool for
steering a robot toward a desired goal. We consider a finite-
horizon problem with states xt ∈ Rnx and controls ut ∈
Rnu :

min
x1:T , u1:T

J(x1:T ;u1:T ) (1a)

s.t. xt+1 = ft(xt, ut), (1b)
gt(xt, ut) ≤ 0, t = 0, . . . , T − 1, (1c)

where J is a user-specified cost, ft denotes the system
dynamics, and gt is constraints. Let Y = [x1:T ;u1:T ]
denote the decision variables. Following [1], we recast TO
as a sampling problem from the following target probability
distribution

p0(Y ) ∝ pd(Y ) pJ(Y ) pg(Y ), (2)

where pd(Y ) enforces dynamical feasibility, pg(Y ) encodes
constraints, and pJ(Y ) ∝ exp

(
− J(Y )/λ

)
biases toward

low cost with temperature λ > 0.
MBD [1] samples decision variables using a diffusion

process. A standard forward process gradually perturbs an
initial distribution p0 toward an isotropic Gaussian pN with
noise governed by a schedule {αi}Ni=1:

Y (i) = ci,0 Y
(0) + ci,1 ε, (3)

ci,0 =
√
ᾱi, ci,1 =

√
(1− ᾱi), ᾱi =

i∏
k=1

αk, (4)

where ε ∼ N (0, I). Here, Y (0) denotes a sample drawn from
the initial distribution p0, which corresponds to the original
decision variables of the optimization problem before any
perturbation is applied. Note that the coefficients ci,0 and
ci,1 define the noise schedule of the forward process and thus
critically influence the performance of the diffusion model.

From Eq. (3) and Eq. (4), if the variance of the initial
distribution is standardized such that Var[Y (0)] = 1, the vari-
ance of Y (i) remains equal to one for all i. This invariance
arises because the coefficients ci,0 and ci,1 are chosen to
satisfy c2i,0+c

2
i,1 = 1, thereby preserving the overall variance

throughout the forward diffusion process. For this reason,
the schedule {αi} is referred to as a variance-preserving
(VP) noise schedule. In practice, MBD uses a simple linear
VP schedule in which βi is interpolated linearly over i =
1, . . . , N with β0 = 1.0 × 10−4 and β1 = 1.0 × 10−2, and
αi = 1 − βi. We denote this specific instantiation of MBD
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as VP-MBD, in order to distinguish it from the proposed
approach.

Unlike model-free diffusion planners that learn the score
from data, MBD exploits known objectives and dynamics to
estimate the score ∇Y (i) log pi(Y

(i)) and performs a Monte-
Carlo score-ascent–type denoising step:

Y (i−1) =
ci−1,0

ci,0

(
Y (i) + c2i,1 ∇Y (i) log pi

(
Y (i)

))
=

1
√
αi

(
Y (i) + (1− ᾱi)∇Y (i) log pi

(
Y (i)

)) (5)

The score can be written (via Bayes’ rule and the forward
kernel) as an expectation over “clean” trajectories Y (0)

sampled from a Gaussian proposal and reweighted by the
model-based target:

∇Y (i) log pi
(
Y (i)

)
≈

− Y (i)

1− ᾱi
+

√
ᾱi

1− ᾱi

∑
Y (0)∈Y(i)

VP-MBD
Y (0) w(Y (0))∑

Y (0)∈Y(i)
VP-MBD

w(Y (0))︸ ︷︷ ︸
(importance-weighted average)

(6)

where w(Y ) = pJ(Y ) pg(Y ) and Y(i)
VP-MBD follows a Gaus-

sian distribution:

Y(i)
VP-MBD ∼ N

(Y (i)

√
ᾱi
,
1− ᾱi

ᾱi

)
(7)

For TO, candidate Y (0) = [x1:T ;u1:T ] are made dynamically
feasible by rolling out xt+1 = ft(xt, ut) (shooting), and then
scored via w(Y ). Substituting Eq. (6) into Eq. (5), we get

Y (i−1) =
√
ᾱi−1

∑
Y (0)∈Y(i)

VP-MBD
Y (0) w(Y (0))∑

Y (0)∈Y(i)
VP-MBD

w(Y (0))
(8)

Although VP-MBD attains strong performance, tuning
the noise scheduling parameters remains challenging. In
the variance-preserving (VP) formulation with simple lin-
ear scheduling, the schedule is specified by the triplet
(β0, β1, T ), which jointly determine {αi} and the cumulative
noise levels {ᾱi}. In particular, the maximum noise level is
not controlled solely by the endpoints β0 and β1, but is also
influenced by the total number of diffusion steps T . As a
result, these parameters interact in a nontrivial manner to
shape the effective noise scale at each step. This interdepen-
dence complicates the tuning process, as the impact of each
parameter on the exploration–refinement trade-off is highly
indirect and task-dependent, often requiring extensive trial-
and-error to obtain satisfactory performance.

B. Linear Path Model-Based Diffusion
Motivated by flow matching, we adopt a linear probability

path between a clean trajectory Y (0) and a standard Gaussian
ε∼N (0, I):

Yt = (1− t)Y (0) + t ε, t ∈ [0, 1]. (9)

Discretizing t on a uniform grid ti = i
N , i = 0, . . . , N ,

yields a schedule that increases the noise level linearly in
“time.”

Y (i) = (1− ti)Y
(0) + ti ε (10)

This corresponds to Eq. (3) when ci,0 = 1− ti and ci,1 = ti.
At the endpoints, i = 0 (ti = 0) gives Y (i) = Y (0) (clean
trajectory), while i = N (ti = 1) yields Y (N) = ε (standard
Gaussian noise). Thus, the linear probability path recovers
the clean sample at one endpoint and pure noise at the other,
providing a clear and interpretable interpolation between the
two distributions.

We use the same Monte-Carlo score-ascent-type denoising
step:

Y (i−1) =
1− ti−1

1− ti

(
Y (i) + t2i ∇Y (i) log pi

(
Y (i)

))
(11)

where the score function is

∇Y (i) log pi
(
Y (i)

)
≈

− Y (i)

t2i
+

1− ti
t2i

∑
Y (0)∈Y(i)

LP-MBD
Y (0) w(Y (0))∑

Y (0)∈Y(i)
LP-MBD

w(Y (0))︸ ︷︷ ︸
(importance-weighted average)

(12)

Similar to VP-MBD, we sample Y (0) from the following
Gaussian distribution

Y(i)
LP-MBD ∼ N

( Y (i)

1− ti
,

t2i
(1− ti)2

)
(13)

By substituting Eq. (12) into Eq. (11), we get

Y (i−1) = (1− ti−1)

∑
Y (0)∈Y(i)

LP-MBD
Y (0) w(Y (0))∑

Y (0)∈Y(i)
LP-MBD

w(Y (0))
(14)

Although LP-MBD uses an intuitive noise schedule, the
Gaussian proposal in Eq. (13) has a standard deviation
σi = ti

1−ti
, which diverges as ti → 1. This implies

that the initial backward denoising step samples the entire
trajectory space, which is theoretically valid but practically
unnecessary. In trajectory optimization, control inputs are
typically bounded by system constraints, so sampling from
an unbounded domain is inefficient. Constraining the noise
schedule to natural limits improves efficiency without loss
of correctness, motivating a bounded scheduling strategy.
Instead of extending the interpolation to ti = 1.0, we truncate
the schedule at a maximum value tmax < 1, ensuring that
the variance of Y(i)

LP-MBD remains finite:

ti ∈ [0, tmax], tmax < 1. (15)

When ti = tmax, the standard deviation of the Gaussian
distribution Y(i)

LP-MBD reaches its maximum value.

σmax =
tmax

1− tmax

(
equivalently, tmax =

σmax

1 + σmax

)
(16)

In practice, σmax can be determined from the admissible
range of control inputs, which provides a direct and inter-
pretable way to set the exploration limit. Therefore, tmax can
be computed from Eq. (16).
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C. Differences between VP-MBD and LP-MBD

The primary distinction between VP-MBD and LP-MBD
lies in their parameterization and the implications for tuning
and adaptation. In the VP-MBD formulation, the noise
schedule is governed by three parameters (β0, β1, T ), where
the parameters are tightly coupled: modifying the diffusion
horizon T not only changes the discretization but also
increases or decreases the maximum noise variance. This
interdependence complicates the tuning process and makes it
difficult to isolate the effect of each parameter on exploration
and refinement.

In contrast, LP-MBD is characterized by only two pa-
rameters: the maximum noise scale σmax and the number
of diffusion steps T . These parameters are decoupled and
possess clear geometric interpretations: σmax directly sets
the maximum variance of the Gaussian proposal, while
T controls the resolution of the interpolation. Importantly,
adjusting T does not affect the extrema of the noise scale.
This structural simplicity makes the noise schedule not only
easier to tune but also more geometrically interpretable,
providing an intuitive understanding of the interpolation
between clean trajectories and noise. Beyond simplifying
tuning, this decoupling also enables the adaptive extension
in the next section. With two independent parameters, the
parameter adaptation approach can efficiently optimize them,
making LP-MBD a solid foundation for ALP-MBD.

IV. ADAPTIVE LINEAR PATH MODEL-BASED DIFFUSION

In VP-MBD, the diffusion steps and noise scheduling
parameters are fixed once selected and remain unchanged
during execution. In practice, however, the difficulty of
trajectory optimization can vary substantially even within
the same task. For instance, navigation in open space may
require a few diffusion steps, while obstacle-rich scenar-
ios demand more refinement and broader exploration. This
motivates adapting the diffusion process online to balance
robustness and efficiency.

The decoupled and geometrically interpretable parame-
terization of LP-MBD provides a natural foundation for
such adaptation. Unlike VP-MBD, where the parameters
(β0, β1, T ) are tightly coupled and changes in T also in-
fluence the effective noise scale, LP-MBD separates the
maximum variance σmax from the diffusion horizon T .
This decoupling ensures that adjusting T only refines the
discretization without unintentionally changing the explo-
ration range. As a result, the training process of learning
optimal parameters of LP-MBD is more stable and simple.
In contrast, applying RL to VP-MBD would face instability,
since parameter updates may produce unpredictable changes
in the underlying noise profile. Thus, LP-MBD is inherently
more compatible with adaptive parameter learning, enabling
the design of Adaptive LP-MBD (ALP-MBD).

A. Formulation as a Reinforcement Learning Problem

Reinforcement learning (RL) aims to optimize decision-
making policies in environments modeled as a Markov Deci-
sion Process (MDP) (S,A,P,R, ρ0, γ). Here, S denotes the

state space, A the action space, P the transition dynamics,
R the reward function, ρ0 the initial state distribution, and
γ the discount factor. At each time step, the agent observes
s ∈ S, selects an action a ∈ A, transitions to s′ ∼ P(·|s, a),
and receives a reward r(s, a).

In our formulation, the state space S corresponds to the
environment state as in standard RL. However, unlike con-
ventional RL where actions directly control the system, the
action space A consists of the noise scheduling parameters T
and σmax. The actual control signal u applied to the system
is subsequently generated by LP-MBD with these estimated
parameters. Accordingly, the adaptive noise scheduler serves
as a policy that, at each step t, outputs

(Tt, σmax,t) ∼ πϕ(· | st),
πϕ(T, σmax | s) = πT (T | s)πσ(σmax | s),

(17)

where ϕ denotes the policy parameters, πT is a categorical
distribution over T = {Tmin, . . . , Tmax}, and πσ is a
Gaussian distribution. The action at time step t is therefore
defined as at = (Tt, σmax,t).

To promote efficiency, we augment the reward with a
penalty on large diffusion steps:

r̃t(st, at, ut) = r(st, ut)− wT
Tt
Tmax

, (18)

where r(st, ut) is the original environmental reward and
wT > 0 balances task performance and computational cost.
Denoting LP-MBD as πLP-MBD(· | st, at), the RL objective
is

max
ϕ

J(ϕ) = Est∼B, at∼πϕ(·|st),
ut∼πLP-MBD(·|st,at)

[ ∞∑
t=0

γtr̃t

]
, (19)

with discount factor γ ∈ (0, 1) and replay buffer B.
Fig. 2 shows the architecture of the proposed adaptive noise
scheduling system.

Fig. 2. Overview of ALP-MBD. The environment provides the current
state st and reward rt to the adaptive noise scheduler, which outputs the
noise scheduling parameters at = (Tt, σmax,t). These parameters are fed
into LP-MBD to generate the control input ut, which is applied to the
environment.

B. Implementation Details

To train the adaptive linear path scheduler, we employ
the Proximal Policy Optimization (PPO) [37] algorithm.
PPO is chosen for its stability in on-policy training and its
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widespread adoption in both control and discrete tasks. Nev-
ertheless, the proposed framework is agnostic to the choice
of reinforcement learning algorithm, and other approaches
(e.g., DDPG[31], SAC[29][38][39], or TD3[32]) can also be
applied without loss of generality.

We summarize the training procedure in Algorithm 1.
At each iteration, the adaptive noise scheduler samples
scheduling parameters (Tt, σmax,t) according to the current
state, which are then used by the LP-MBD to generate the
control input ut. The environment returns the next state
st+1 and reward rt, which is reshaped into r̃t to penalize
large diffusion steps. The PPO algorithm then updates the
policy parameters ϕ and value function parameters ψ using
collected trajectories from a rollout buffer.

Algorithm 1 Training ALP-MBD with PPO
1: Initialize policy parameters ϕ, value function parameters
ψ

2: for each iteration do
3: for each environment step t do
4: Observe state st
5: Sample scheduling parameters at =

(Tt, σmax,t) ∼ πϕ(·|st)
6: Generate control input ut ∼ πLP-MBD(·|st, at)
7: Apply ut to environment, receive (st+1, rt)
8: Compute modified reward Eq. (18)
9: Store (st, at, ut, r̃t, st+1) in buffer B

10: end for
11: Use PPO update to optimize ϕ, ψ with data from B
12: Clear buffer B
13: end for

V. EXPERIMENTS

In this section, we conduct a series of experiments to
evaluate the proposed LP-MBD and ALP-MBD. These ex-
periments are designed to validate the following aspects:
(i) the behavioral and performance differences between VP-
MBD and LP-MBD; (ii) the advantages of LP-MBD in
reducing the tuning burden; and (iii) the ability of ALP-MBD
to adjust key parameters—primarily the diffusion horizon
T and the maximum noise standard deviation σmax—as
functions of the observed state, and the extent to which
these adaptations improve efficiency. All experiments were
conducted on a single NVIDIA RTX 4090 GPU. Throughout
this experiment, we use β0 = 0.0001 and β1 = 0.01 for VP-
MBD and σmax = 1.8 for LP-MBD.

A. Numerical Experiments

We first perform simple numerical experiments to evalu-
ate LP-MBD and ALP-MBD and compare with VP-MBD,
illustrating their relative advantages in a controlled setting.
Our numerical studies (i) show why VP-MBD parameter
tuning is harder than LP-MBD and (ii) illustrate how LP-
MBD’s simple and independent parameter sets better support
adaptive scheduling.

Fig. 3 presents three one-dimensional examples. In the
first example from [1], both VP-MBD and LP-MBD reach
the optimal solution within 20 steps. However, in the second
and third Gaussian objectives, VP-MBD fails to converge,
while LP-MBD rapidly reaches the optimum in only a few
steps. The performance gap between VP-MBD and LP-MBD
can be attributed to differences in their noise scheduling. For
instance, consider the second example with diffusion steps
T = 2, where we compare the standard deviations of the
Gaussian proposals for VP-MBD (Eq. (7)) and LP-MBD
(Eq. (13)):

VP-MBD
√

1− ᾱi

ᾱi
= [0.1, 0.01] (i = 1, 0),

LP-MBD
ti

1− ti
= [1.8, 0.0] (i = 1, 0).

(20)

In this case, the maximum standard deviation of LP-MBD is
σmax = 1.8, a value that remains unchanged regardless of the
diffusion horizon T since σmax is determined independently.
By contrast, VP-MBD with the same parameters as in the
first example (β0 = 10−2, β1 = 10−4) yields a Gaussian
proposal distribution with extremely small variance, thereby
suppressing stochasticity and precluding meaningful explo-
ration. A similar issue arises in the third example with the
Gaussian mixture objective and diffusion step T = 5, where
LP-MBD again attains a maximum standard deviation of
1.8, while VP-MBD is limited to only 0.16. Consequently,
the change of diffusion step T in VP-MBD can drastically
influence its noise scale, necessitating additional tuning of β0
and β1 to match the behavior of LP-MBD. This comparison
highlights that the proposed LP-MBD provides a more
straightforward and intuitive parameterization, simplifying
the tuning process relative to VP-MBD. Note that we only
change the diffusion step T and keep using the same β0
and β1 for VP-MBD and σmax for LP-MBD in these three
examples.

We next evaluate ALP-MBD on a simple two-dimensional
objective function. Using REINFORCE [40], we jointly
optimize the continuous noise cap σmax and the diffusion
horizon T , with a penalty weight wT = 1.0 on the step
count to discourage unnecessarily large T . For comparison,
we apply the same reinforcement learning procedure to VP-
MBD—optimizing (β0, β1, T )—and refer to this baseline as
Adaptive VP-MBD (AVP-MBD). For fair comparison, both
methods are trained for the same number of policy gradient
updates (30) under identical hyperparameters and evaluation
budgets, and we evaluate each method using its learned
parameters.

Figure 4 reports results on a 2D Gaussian mixture ob-
jective subject to a linear constraint. At T = 3, AVP-
MBD (top) remains comparatively diffuse, with samples
spread across both modes, whereas ALP-MBD (bottom)
rapidly concentrates probability mass in the high-value fea-
sible region, forming a compact cluster by step T = 3.
These results indicate that ALP-MBD successfully discover
an optimal parameter pair (σmax, T ) that improves both
convergence speed and solution quality, while AVP-MBD
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converges more slowly under the same training budget, due
to the stronger parameter coupling among (β0, β1, T ) and
the larger hyperparameter search space.

Fig. 3. 1D examples. (Top) The same example as in [1]. (Middle) A simple
Gaussian objective function. (Bottom) A Gaussian mixture objective with
two modes.

Fig. 4. The comparison of AVP-MBD and ALP-MBD. The white line
represents the constraint 3x0 − x1 ≥ 2.0. The top row shows the result
of VP-MBD, and the bottom row shows the results of ALP-MBD with
estimated parameters. After 30 training steps, we get β0 = 0.000028,
β1 = 0.361, T = 3 for AVP-MBD and σmax = 2.11, T = 3 for ALP-
MBD.

B. Evaluation of LP-MBD

We evaluate the performance of LP-MBD on a range of
tasks in the Brax environments [41]. Brax is a physics-based
simulator designed for large-scale reinforcement learning
research, providing fast and differentiable dynamics for a
variety of continuous control tasks such as locomotion,
manipulation, and navigation.

Table I summarizes the per-step rewards obtained by CEM
[13], MPPI[11][12], VP-MBD[1], and the proposed LP-
MBD. For a fair comparison, we use the same diffusion steps
T , horizon H , and sampling number. Each value represents
the mean performance and its standard deviation over 5
random seeds. Overall, LP-MBD achieves competitive or

superior performance across most tasks. For instance, in
Hopper, HalfCheetah, and Walker2D, our approach attains
the highest rewards, highlighting its effectiveness in improv-
ing control quality.

However, it is worth noting that in the Pusher environment,
LP-MBD has a lower score than VP-MBD. We hypothesize
that this discrepancy arises from the higher dimensionality
and increased complexity of the Pusher task. In such settings,
variance-preserving noise scheduling may provide more ex-
pressive modeling capacity than a simple linear probability
path, thereby yielding improved performance. We leave a
more in-depth study to future work.

TABLE I
PER-STEP REWARDS FOR DIFFERENT TASKS.

Tasks CEM MPPI VP-MBD LP-MBD

Ant 3.80 ± 0.43 2.06 ± 0.44 3.67 ± 0.29 3.76 ± 0.15
Hopper 2.24 ± 0.05 2.31 ± 0.05 2.74 ± 0.03 2.74 ± 0.01
HalfCheetah 1.65 ± 2.33 2.10 ± 0.11 2.53 ± 0.31 2.73 ± 0.12
Walker2D 2.07 ± 0.02 2.08 ± 0.04 2.31 ± 0.02 2.36 ± 0.02
Reacher -0.28 ± 0.04 -0.81 ± 0.06 -0.17 ± 0.04 -0.17 ± 0.04
Pusher -0.95 ± 0.11 -3.47 ± 0.26 -0.53 ± 0.11 -0.74 ± 0.1

C. Evaluation of ALP-MBD

Finally, we evaluate ALP-MBD on a mobile robot
trajectory-tracking task implemented in a custom gym-like
environment. The robot is modeled using a kinematic vehicle
model with state x = [x, y, θ, v], where (x, y) denotes the
position, θ is the yaw angle, and v is the velocity. The
control inputs are acceleration a and steering rate w, and
the dynamics evolve as

xk+1 = xk + vk cos(θk)∆t,

yk+1 = yk + vk sin(θk)∆t,

θk+1 = θk + wk∆t,

vk+1 = vk + ak∆t,

(21)

with time step ∆t. The goal is to track a predefined reference
path under these dynamics while ensuring safe and smooth
behavior. To quantify performance, we use a reward func-
tion that penalizes deviations from the reference trajectory,
misalignment in heading, velocity error, and collisions:

r = −wlat dlat − wyaw (θ − θref)
2

− wv (v − vref)
2 − wcollision 1collision,

(22)

where dlat is the absolute lateral deviation from the reference
path, ψref and vref denote the desired yaw and velocity,
1collision is an indicator of collisions, and w• denotes the
weighting coefficients for each penalty term. The input
state to the RL parameter tuning module is given by
(dlat, dθ, dvel, dxobs, dyobs), where dθ = θ−θref, dvel = v−vref,
and (dxobs, dyobs) denote the relative distances from the ego
vehicle to surrounding obstacles. We train ALP-MBD in an
environment with an S-shaped trajectory described in black
line in Fig. 5. The gray rectangle in the figure shows a static
obstacle in the environment. After the training, we compare
the performance of ALP-MBD with VP-MBD and LP-MBD.
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For fair comparison, we set the planning horizon H = 50
and the sampling number to 100 for all the algorithms. In
this experiment, we implement each method using Python
3.11 and PyTorch.

Table II summarizes the average single-episode reward of
each algorithm evaluated over five random seeds. Among the
three MBD variants, the proposed adaptive method achieves
the highest reward. For ALP-MBD, the reported diffusion
steps T and maximum noise standard deviation σmax are
averaged across the five seeds. Regarding runtime, VP-
MBD and LP-MBD measure only the time to generate a
control input, whereas the ALP-MBD runtime also includes
the parameter estimation process (a policy forward pass to
determine T and σmax). This additional step accounts for
its higher per-step latency relative to LP-MBD and VP-
MBD. Nonetheless, the overhead introduced by parameter
estimation is minor, and ALP-MBD remains well-suited for
real-time control applications.

We also illustrate the trajectory generated by ALP-MBD in
Fig. 5. ALP-MBD adaptively increases both diffusion steps
and the maximum noise standard deviation when avoiding
obstacles, while reducing them during steady cruising along
the reference line. This adaptive behavior reflects the com-
plexity of the underlying objective: when the ego vehicle is
near an obstacle, the target objective function becomes more
complex and requires additional iterations and a broader
exploration range to converge to a feasible solution. In
contrast, when the vehicle follows the reference trajectory
in the absence of nearby obstacles, the objective remains
simple, allowing convergence with fewer diffusion steps and
a smaller variance. This adaptivity enhances the efficiency
of VP-MBD by allocating greater computational effort only
in challenging scenarios, while maintaining efficiency in
simpler environments.

In addition, we evaluate the generalization ability of the
trained ALP-MBD model in a new environment with a
different reference trajectory. As shown in Fig. 6, ALP-
MBD exhibits a consistent pattern with the previous results:
it increases both the diffusion steps and the maximum noise
standard deviation when the ego vehicle is near an obstacle,
and decreases them when the vehicle is farther away. We
further observe that the vehicle increases diffusion steps and
the maximum standard deviation when driving sharp turns
in the reference trajectory. In such cases, the vehicle must
apply its maximum steering angle to remain aligned with the
reference path, which necessitates both additional diffusion
steps and a larger noise variance. Note that ALP-MBD does
not see this trajectory during training, demonstrating its
ability to generalize to previously unseen scenarios.

TABLE II
AVERAGE SINGLE EPISODE REWARD

Methods Steps T σmax Reward Runtime [ms]

VP-MBD 17 - -3498 ± 116 38.3
LP-MBD 17 1.8 -3465 ± 147 36.9
ALP-MBD 16.9 ± 1.14 1.82 ± 0.18 -3342 ± 128 45.5

Fig. 5. ALP-MBD in trajectory following tasks for a mobile robot. The
red point describes the start point, and the green point indicates the goal
point. The black line shows the reference trajectory, and the gray rectangle
is the obstacle.

Fig. 6. ALP-MBD in trajectory following tasks for a mobile robot with
an oval path. The red point describes the start point, and the green point
indicates the goal point. The black line shows the reference trajectory,
and the gray rectangle is the obstacle. We use the ALP-MBD trained in
a different environment.

VI. CONCLUSIONS

We introduced Linear Path Model-Based Diffusion
(LP-MBD) and its adaptive extension (ALP-MBD). LP-
MBD replaces variance-preserving schedules with a flow-
matching–inspired linear probability path, yielding a geo-
metrically interpretable and decoupled parameterization. This
not only reduces the burden of tuning but also provides
the structural stability necessary for reinforcement learn-
ing–based adaptation. Building on this foundation, ALP-
MBD dynamically adjusts diffusion steps and noise levels
in response to task complexity, balancing robustness and
efficiency. Through numerical examples, Brax benchmarks,
and mobile robot trajectory-tracking, we demonstrated that
LP-MBD simplifies scheduling while retaining strong per-
formance, and that ALP-MBD further improves adaptability.
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