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Abstract—Diffusion models have recently emerged as a pow-
erful approach for robot motion planning, capable of generating
multimodal, high-quality trajectories. Their main limitation is
slow sampling, which hinders real-time replanning in dynamic
environments. This work studies several acceleration strategies
for diffusion-based motion planning and leverages the resulting
speedups to enable replanning at up to 100 Hz in a dynamic
benchmark with randomly moving obstacles. A cost-based trajec-
tory selection mechanism is used to exploit multimodality during
replanning by balancing motion time, predicted collision risk,
and smoothness. Comparisons against warm-start diffusion and
MPC show that accelerated diffusion models achieve the best
performance in dynamic settings.

Index Terms—Motion Planning, Diffusion Models, Dynamic
Environments

I. INTRODUCTION

Robot motion planning is a fundamental problem in
robotics, involving the computation of collision-free trajecto-
ries from a start state to a goal state within a given environ-
ment. Classical approaches such as sampling-based planners
and optimization-based methods (e.g., model predictive control
(MPC)) have shown strong performance, but often struggle
with either multimodality or generalization to complex or
dynamic environments.

Diffusion models [1], [2] have recently emerged as a
promising alternative. They iteratively denoise Gaussian noise
into feasible trajectories, enabling diverse solutions and strong
generalization when conditioned on environmental context.
Their main limitation is slow sampling, since generating
a trajectory requires many sequential network evaluations,
making real-time replanning difficult.

This work shows that accelerated diffusion sampling enables
high-frequency replanning in dynamic environments, and that
explicit selection over sampled trajectories is key to exploiting
multimodality during execution.

II. PRELIMINARIES & RELATED WORK

A. Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs) [2], are
a class of generative models that learn to reverse a gradual
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noising process. The idea is to transform data into noise
through a forward diffusion process and then learn a reverse
process to recover the original data. The forward process is
defined as

q(xt | xt−1) = N
(
xt;

√
1− βt xt−1, βtI

)
, (1)

where βt is a variance schedule. After T steps, xT approxi-
mates an isotropic Gaussian N (0, I). A closed-form expres-
sion allows direct sampling of xt from x0 ∼ q(x0):

q(xt | x0) = N
(
xt;

√
ᾱt x0, (1− ᾱt)I

)
, (2)

with ᾱt =
∏t
s=1(1− βs).

The reverse process aims to denoise xt back to x0 and is
learned using a neural network with weights θ:

pθ(xt−1 | xt) = N (xt−1;µθ(xt, t), Σθ(xt, t)) , (3)

Typically, only the mean µ is learned and the covariance is set
to the lower bound of the reverse process entropy Σ = σ2

t I,
with σ2

t = 1−ᾱt−1

1−ᾱt
βt. Additionally, the total added noise ϵ is

learned instead of the mean µ by minimizing the following
loss:

L = Ex0,ϵ,t

[
∥ϵ− ϵθ(xt, t)∥22

]
. (4)

Training involves sampling a timestep t, generating xT using
(2), and updating the network parameters via the loss above. At
inference, sampling starts from xt ∼ N (0, I) and iteratively
applies the learned reverse steps, optionally conditioned on
environment information, to produce a valid trajectory.

B. Diffusion Models in Motion Planning

Diffusion models have recently gained attention for robot
motion planning due to their ability to generate multimodal,
long-horizon trajectories. Existing approaches can be broadly
divided based on how task objectives and constraints are
incorporated during sampling. Some methods guide the re-
verse diffusion process using an additional term, such as
gradients from a reward or constraint predictor (classifier
guidance), to enforce feasibility and goal-directed behavior
[3]–[5]. In contrast, other approaches avoid auxiliary guidance
at inference time and instead condition the diffusion model
on contextual information through architectural mechanisms,
such as encoded task descriptions or environment features
(classifier-free guidance) [6], [7]. These context-aware models



inject conditioning directly into the U-Net backbone, enabling
generalization across tasks and environments while maintain-
ing efficient sampling.

Diffusion models are attractive for motion planning due
to their ability to represent complex, multimodal trajectory
distributions. However, a major limitation of most diffusion-
based planners is their slow inference: generating a plan
typically requires T sequential denoising steps (often 20-100),
making real-time replanning impractical in dynamic settings.
To mitigate this, a warm-start strategy can be used [3], [5].
Instead of denoising from pure Gaussian noise, replanning is
performed by perturbing a previously generated trajectory with
small noise and refining it over Tr ≪ T steps. While effec-
tive for improving latency, warm-starting alters the sampling
behavior: initializing from a near-valid solution significantly
reduces exploration and suppresses multimodality. As a result,
the planner may converge to a single locally refined solution,
undermining one of the central advantages of diffusion models
and potentially leading to suboptimal behavior in environments
where diverse trajectories are essential.

C. Accelerated Sampling

Reducing diffusion inference latency is a major topic in im-
age generation, but remains relatively underexplored in motion
planning. The main computational bottleneck is that sampling
requires T sequential neural network evaluations. Existing
acceleration methods typically follow two directions: reducing
the cost of each diffusion step, e.g., through architectural
improvements or latent diffusion [8], and reducing the number
of diffusion steps required at inference. This work focuses on
the latter. The most relevant approaches are improved sampling
schemes, that can simply replace the DDPM sampling scheme
without retraining the model, or knowledge distillation using
the well-known student-teacher principle.

1) Alternative Sampling Schemes: These methods replace
the standard DDPM sampler (Sec. II-A) with more efficient
algorithms that require fewer steps while preserving sample
quality.

A first important example is Denoising Diffusion Implicit
Models (DDIM) [9], which replaces the Markovian reverse
process of DDPM with a deterministic, non-Markovian one.
Because the training objective depends only on the marginals
q(xt | x0), the same model can be sampled without retraining.
In practice, DDIM predicts x0 from the estimated noise,

x̃0 =
xt −

√
1− ᾱt ϵθ(xt, t)√

ᾱt
, (5)

and uses this estimate to take larger, deterministic steps during
sampling pθ(xt−1|xt, x̃0).

A complementary view formulates diffusion in continuous
time as a stochastic differential equation (SDE) [10], [11].
While the reverse-time SDE remains stochastic and therefore
still requires small step sizes, it admits an equivalent determin-
istic probability flow ODE (PF-ODE) with the same marginals.
This ODE perspective enables the use of dedicated numerical
solvers with larger steps.

Based on this formulation, DPM-Solver++ [12] was pro-
posed as specialized solvers for the PF-ODE. By exploiting
its semi-linear structure, they reduce discretization error more
effectively than generic ODE solvers. DDIM can in fact be
interpreted as a first-order instance of this family, while DPM-
Solver++ further improves stability and efficiency through
reparameterization and multistep higher-order updates.

2) Knowledge Distillation: Unlike alternative samplers,
which can be used as drop-in replacements, knowledge dis-
tillation trains a separate student model to mimic a pretrained
diffusion model in fewer steps. The student is typically trained
to approximate multiple denoising steps of the teacher with a
single update. Progressive Distillation [13] does this iteratively
by merging two teacher steps into one student step. Consis-
tency Distillation [14] instead enforces that points along the
same ODE trajectory map to the same denoised sample x0.
More recently, Simple and Fast Distillation (SFD) [15] re-
stricts training to the timesteps actually used during inference,
resulting in a particularly efficient distillation procedure.

III. ACCELERATION STRATEGIES FOR DIFFUSION-BASED
MOTION PLANNING

Several strategies for accelerating diffusion-based motion
planning are considered, with standard DDPM sampling serv-
ing as the baseline. The considered methods are:

• DDIM [9]: a first-order deterministic sampler.
• DPM-Solver++ [12]: a higher-order multistep ODE

solver.
• Distillation: a lightweight single-stage distillation proce-

dure producing a reduced-step student model.

A. Sampling Schedules and Stability Considerations

Reducing the number of diffusion steps requires an appro-
priate sampling schedule. For DDIM, a subset of timesteps
S = {S0, S1, . . . , SK} is selected from {0, 1, . . . , T}, spaced
as uniformly as possible:

S =

{
round

(
k · T

K

) ∣∣∣∣ k = 0, 1, . . . ,K

}
. (6)

Rounding is required because both the diffusion model and
the noise schedule are defined on discrete timesteps.

For DPM-Solver++, the schedule is instead chosen
to be uniform in half-log signal-to-noise ratio, λ =
log(

√
ᾱt/

√
1− ᾱt):

S =

{
tλ

(
λ(T ) + k · λ(0)− λ(T )

K

) ∣∣∣∣ k = 0, 1, . . . ,K

}
.

(7)
Unlike DDIM, DPM-Solver++ is not restricted to discrete
timesteps. The discrete cosine noise schedule ᾱt is therefore
interpolated to obtain a continuous ᾱ(t), which in practice
generalizes well to intermediate times.

To improve numerical stability, static thresholding of x̃0 is
used for DDIM, while DPM-Solver++ uses dynamic threshold-
ing [16]. Instabilities are most pronounced near t = T , where
very small ᾱt can amplify noise-prediction errors and pro-
duce unrealistic denoised values. Although v-parametrization



has been proposed as a remedy [13], [17], better empirical
results were obtained by starting the denoising process from
t = T − m rather than t = T , with m chosen from a lower
bound on λ(t).

B. Distillation Training Procedure
The distillation procedure follows the main idea of SFD: the

student model is trained on the timesteps used by the teacher
during inference. This keeps training short, but ties the student
to a specific sampling scheme and reduced step count K.

The student noise predictor ϵψ uses the same architecture
as the teacher and is initialized from the teacher weights θ.
Training proceeds as follows:

1. Noise is added to clean data using (2), yielding xSK
.

2. The teacher denoises xSk
→ xSk−1

using L DPM-
Solver++ steps conditioned on encoded context cθ, while
the student predicts the same transition in a single large
DDIM step conditioned on cψ .

3. The student is optimized to match the teacher output
using mean squared error.

4. The teacher output is then used as input for the next
step in both models, and the process is repeated until
full denoising.

This allows the student to approximate the teacher using only
K denoising steps. In the implementation used here, L = 6,
the sampling schedule is log-SNR uniform as in (7), and static
thresholding is applied.

To further reduce function evaluations, the Analytical First
Step (AFS) trick from SFD is adopted. Since the first denoising
input is pure noise, the corresponding noise estimate can be
approximated as ϵ(xSK

, SK) ≈ xSK
, eliminating one network

evaluation. This is particularly beneficial for small K.

C. Distillation of Guided Diffusion
Many diffusion models use classifier-free guidance (CFG)

[18], where the noise prediction is computed as

ϵ̃θ(xt, t, c) = ω ϵθ(xt, t, c) + (1− ω) ϵθ(xt, t, ∅), (8)

with guidance scale ω, conditioning context c, and ∅ denoting
the absence of conditioning.

Distilling guided diffusion introduces an additional design
choice: whether to preserve flexibility in ω. Prior work ad-
dresses this either by conditioning the student on ω [19] or
by training over multiple guidance values [20]. Here, a single
value of ω is fixed before training and used throughout teacher
denoising. This simplifies student training and removes the
second model evaluation otherwise required by CFG during
inference, as the student implicitly learns the guided model for
the chosen ω. Although this sacrifices flexibility at inference
time, retraining with a different ω remains practical due to the
short training time.

IV. ADAPTIVE REPLANNING IN DYNAMIC, UNCERTAIN
ENVIRONMENTS

We consider motion planning in environments with dy-
namic, uncertain obstacles. At time τi, the robot is in con-
figuration q0 and must reach a goal qM while avoiding a

set of obstacles {On}Nn=1 whose future motion is stochastic.
A trajectory is denoted by π = {q0, q1, . . . , qM}, where
qh is the configuration at time τi+h = τi + h∆τ . At each
replanning step, we seek a trajectory that balances progress to
the goal, collision avoidance under predicted obstacle motion,
and consistency with past decisions.

The acceleration strategies described above make diffusion-
based online replanning feasible in such settings. Crucially,
once sampling is sufficiently fast, a batch of trajectories can
be sampled in each replanning step and we can exploit the
multimodal trajectory distribution at every decision step rather
than relying on a single warm-started refinement [3], [5]. As
the diffusion model is trained on static scenes and conditioned
on a single obstacle layout at inference time, dynamic environ-
ments are handled through repeated replanning with updated
static observations.

A. Adaptive Replanning
An online replanning mechanism reduces the dynamic prob-

lem to a sequence of locally static planning problems. At
fixed intervals ∆τ , the robot executes the previously selected
trajectory while generating a new batch for the next time
instant τi+1 = τi + ∆τ . The start state for this batch is the
predicted robot configuration at τi+1.

Since trajectory generation for step τi+1 is already initiated
at time τi, the obstacle observations at τi+1 are not yet avail-
able and must be estimated. To this end, we perform a short-
horizon prediction by linearly extrapolating obstacle motion
from recent observations. Concretely, the pose of obstacle n
at step h is denoted by Ôh

n and obtained by extrapolating
its average velocity over the last four observations. These
predicted obstacle poses are used as conditional context for
the diffusion model, allowing each replanning step to operate
on a static proxy of the otherwise dynamic scene.

B. Optimal Trajectory Selection
At each replanning step, the diffusion model generates a

batch B of candidate trajectories π. The trajectory selected
for execution minimizes a composite cost that trades off goal
progress, predicted collision risk, and smoothness relative to
the previously executed trajectory. This score, referred to as the
ReplanScore, enables switching between modes in response to
moving obstacles.

Let ϕ(q,On) denote the signed distance to obstacle n (neg-
ative in collision) and define the penetration depth δ(q,On) :=
max{0,−ϕ(q,On)}.

1) Duration cost: Preference is given to trajectories with
low remaining motion time from the current state to the goal:

Cdur(π) = τc→g(π). (9)

2) Predictive collision cost: To account for delayed colli-
sions, a short horizon H is evaluated using predicted obstacle
poses. An exponential decay γ ∈ (0, 1] reflects increasing
uncertainty:

Ccoll(π) =

H∑
h=0

γ h
N∑
n=1

[
δ(qh, Ôh

n)
]2
. (10)



TABLE I
RESULTS ON THE STATIC FRANKASPHERES DATASET.

Sampler S(%)↑ FTR(%)↑ Jerk(rad/s3)↓ Var↑
DDPM 96.6 67.5 9.32 2.88
DDIM 94.1 48.7 9.05 2.56

DPMSolver++ 93.7 48.0 9.09 2.44
d-CAMPD 96.4 57.4 9.04 4.08

3) Smoothness cost: To discourage erratic switching, a
smoothness penalty is imposed with respect to the previously
selected trajectory πprev, shifted by one step:

Csmooth(π) =

H∑
h=0

η h max
{
0, ∥qh − qh+1

prev∥22 − κ
}
. (11)

The selected trajectory minimizes the ReplanScore:

C(π) = Cdur(π) + wc Ccoll(π) + ws Csmooth(π), (12)

π⋆ = argmin
π∈B

C(π) (13)

where B is the sampled batch of trajectories and wc, ws > 0
are scalar weights.

C. Comparing the Acceleration Techniques

All acceleration methods are evaluated using CAMPD [7] as
backbone model, with standard DDPM sampling (T = 50) as
baseline. Evaluation is performed on the static FrankaSpheres
benchmark for a 7-DoF Franka Emika Panda manipulator
planning between random start and goal states in environments
with randomly placed spherical obstacles inside the workspace
BF = {[x, y, z] | x, y ∈ [−1, 1], z ∈ [0, 1.3]}. The test set
contains 3000 unseen environments with 5 to 10 obstacles.
Each sampler generates batches of 100 trajectories, and ac-
celerated samplers use K = 3 diffusion steps. Table I reports
success rate (S), feasible trajectory rate (FTR), mean RMS
jerk, and mean inter-trajectory variance (Var) as a proxy for
multimodality.

The accelerated samplers retain success rates close to
DDPM while reducing inference time from 132ms to 8ms.
The main degradation appears in feasible trajectory rate,
suggesting that context-awareness rather than denoising qual-
ity becomes limiting at very low step counts. Among the
accelerated methods, the distilled CAMPD model (d-CAMPD)
best preserves both success and multimodality, and is therefore
used in the dynamic replanning experiments with K = 3.

D. Evaluation in Dynamic Environments

Dynamic evaluation is performed on a new test set of 500
unseen FrankaSpheres-like environments. Each environment
contains 1 to 5 spherical obstacles whose motion follows
an Ornstein–Uhlenbeck process with obstacle-specific long-
term mean velocities, introducing stochastic and uncertain
dynamics. Obstacle motion is constrained to the workspace
BF through boundary reflections, and a safety zone is enforced
around the robot base.

TABLE II
RESULT ON THE DYNAMIC FRANKASPHERES TEST SET.

Method S(%)↑ MS Jerk(rad/s3)↓ τs→g(s) ↓
warm-start 74.8 0.0 38.3 1.85

MPC 63.4 0.1 15.8 2.37
d-CAMPD 81.2 3.8 56.6 2.14

w/o ReplanScore 72.4 0.6 53.0 1.85

Elapsed
time:

Fig. 1. Example of dynamic replanning at 100 Hz using d-CAMPD with
ReplanScore. As the dynamic spherical obstacles move through the workspace,
the planned trajectory (yellow line) switches between modes to maintain
feasibility.

The proposed approach is compared against two baselines:
warm-start diffusion and model predictive control (MPC) im-
plemented with CuRobo [21]. The warm-start baseline replans
at 100Hz by denoising a perturbed previous trajectory with
DDPM using Tr = 3 steps per cycle. The MPC baseline also
runs at 100Hz using predicted obstacle positions at time τi+1.

To isolate the effect of multimodal trajectory selection, d-
CAMPD is evaluated both with and without ReplanScore.
Without ReplanScore, the shortest trajectory in the sampled
batch is selected. Table II reports overall success rate (S), mean
number of mode switches (MS), mean RMS jerk, and mean
motion time.

The results show that d-CAMPD combined with Re-
planScore achieves the highest success rate, indicating that
fast batched sampling can effectively exploit multimodality
during replanning. Selecting only the shortest trajectory greatly
reduces mode switching and lowers performance, showing that
the gain comes from explicit selection across modes rather
than from fast replanning alone. This improved adaptability
comes at the cost of increased jerk due to more frequent mode
changes.

V. CONCLUSION

This work demonstrates that diffusion models, traditionally
applied to static planning tasks, can enable real-time, mul-
timodal motion planning when combined with acceleration
techniques and an adaptive replanning scheme, exploiting the
multimodality for which diffusion models are known. Experi-
ments show an improvement in success rate compared to MPC
and warm-start-based diffusion, underscoring the potential of
accelerated diffusion models for dynamic environments. Fu-
ture research will focus on mitigating jerk caused by frequent
mode switches, reducing training and distillation data require-
ments, deployment on physical systems, and strengthening
safety guarantees.
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