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Abstract— Diffusion-based planners have achieved gener-
alization comparable to classical planners by leveraging
inference-time optimization through guidance. However, their
limited ability to capture environmental variations often con-
strains their responsiveness in unseen settings. In addition,
the diversity-consistency trade-off inherent in guidance has re-
mained unresolved. In this work, we propose Prior-Constrained
Explorative Guidance (PCEG), a novel approach that gathers
environmental information through local exploration and pre-
vents guided samples from converging prematurely to similar
solutions by leveraging a trajectory prior. The collected in-
formation is included in the guidance via stochastic gradient
estimation, while a succinct parameter scheduling strategy
enables latent optimization driven by environmental signals
without significant computational overhead. Furthermore, dur-
ing the modal-seeking stages of the reverse diffusion process, we
employ a Gaussian Process (GP) to enforce dynamics-informed
priors, effectively constraining the exploration region of each
sample and thereby enhancing solution diversity. Across diverse
benchmarks including 7-degree-of-freedom (7-DoF) robot-arm
manipulation, PCEG substantially improves success rate by
up to 30 percentage points compared to competitive diffusion
planners without compromising trajectory quality, even in
scenarios involving unseen obstacles. Real-world experiments
further validate these findings, showcasing the generation of
smooth, collision-free trajectories in novel environments. The
project page is available at https://rml-unist.github.
io/PCEG/.

I. INTRODUCTION

Motion planning constitutes a fundamental research area

in robotics [1]–[3]. The primary goal of motion planning

is to compute trajectories that connect initial configurations

to desired goals while satisfying feasibility constraints (e.g.,

collision avoidance) and optimality criteria (e.g., smooth-

ness). This field has been approached through two broad

families of methods: classical planners and learning-based

planners. Classical planners [4]–[6] offer solutions in various

environments and a broad generalization without requiring

training. However, they can be computationally prohibitive

in cluttered scenarios or high-dimensional spaces and may
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Fig. 1: Our guidance method generates safe and smooth

trajectories with additional obstacles colored in red (a),

and unencountered real-world environment (b). This gener-

alization does not require extra training with our proposed

guidance method. Local exploration is added to the naive

classifier guidance and modal search is diversified through

GP noise blended during modal-seeking stages of the reverse

diffusion process.

yield dynamically infeasible trajectories, complicating real-

world deployment. Meanwhile, learning-based methods [7]–

[9] produce safer and smoother trajectories by leveraging

learned distributions from demonstrations or classical solu-

tions. Nevertheless, their performance is inherently bounded

by training data, potentially limiting generalization to novel

environments.

Recently, diffusion planners [10], [11] have emerged as

a promising solution to alleviating this trade-off, improving

generalization through multimodal trajectory modeling and

guidance [12], [13]. The guidance steers the generative

process toward satisfying criteria and safety constraints. Con-

ditioned on guidance, diffusion planners can generate diverse

trajectories when the environment admits multiple feasible

paths. This capability expands user choice and improves

adaptability to environmental change and modeling. How-

ever, guidance typically entails a trade-off between sample

diversity and consistency with the conditioning signals [12].

This suggests considerable room for improving diffusion

planners, particularly through advances in classifier guidance.
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In this work, we aim to improve the guidance that simulta-

neously enhances generalization and trajectory diversity. We

propose Prior-Constrained Explorative Guidance (PCEG),

which gathers information about environmental changes via

local exploration and constrains each sample to informative

regions of the search space. Concretely, to promote gen-

eralization, we sample perturbations in the neighborhood

of a candidate trajectory, evaluate their costs, and estimate

stochastic gradients [14]. To avoid intensive computation in

universal guidance [15], we derive a simple yet effective

parameter schedule. To increase diversity, we blend GP noise

[5] with Gaussian noise, thereby constraining each sample to

dynamics-informative regions during modal-seeking stages.

Across diverse environments, the proposed method yields a

substantial increase in success rate without degrading path

quality. Moreover, it enables smooth and safe real-world

deployment in an unseen environment, as presented in Fig. 1

(b). The main contributions are summarized below:

• We propose a guidance mechanism that generates di-

verse trajectories in out-of-distribution environments by

local exploration and GP prior-constrained sampling.

• Our method incorporates information on environmental

changes via stochastic gradient estimation and efficient

parameter scheduling, then blends the GP prior into

the pretrained diffusion process to restrict search space

during modal-seeking stages.

• We evaluate our method across diverse simulated envi-

ronments and an unseen real-world setting where other

diffusion planners have difficulty handling, demonstrat-

ing high success rates and solution diversity without

sacrificing path quality, even with a computationally

light variant.

II. RELATED WORKS

A. Classical planners

Sampling-based motion planning methods [16]–[18], such

as Rapidly-exploring Random Trees (RRT) [19] and RRT-

Connect (RRTC) [4], efficiently explore the search space

through random sampling. These methods are theoretically

supported by probabilistic completeness, which ensures that

a solution trajectory will be found if one exists. However,

the computational complexity of these planners tends to

increase significantly with higher-dimensional state spaces,

and additional trajectory post-processing is typically required

to enhance smoothness.

Trajectory optimization methods [20], [21], including

Gaussian Process Motion Planning (GPMP) [5], explicitly

incorporate dynamic feasibility constraints into their op-

timization objectives. Nonetheless, these methods can get

stuck in poor local minima and may produce trajectories

in collision. Two common remedies for these issues are

stochastic gradient estimation, exemplified by Stochastic

Trajectory Optimization for Motion Planning (STOMP) [14],

and optimization over a diverse set of initial guesses. While

these classical planners exhibit adaptability to novel envi-

ronments, they can still face significant challenges in highly

cluttered spaces, and introducing diversity may inadvertently

increase the likelihood of producing dynamically infeasible

trajectories.

B. Learning-based planners fused with classical methods

Learning-based planners are capable of generating smooth

trajectories even in complex environments [9]; however,

handling distributional shifts remains challenging [22]. Two

common strategies to mitigate this limitation are warm-start

methods and diffusion-based planners. Warm starts [6], [7],

[23] initialize trajectories from learned priors, subsequently

refining them through optimization. Diffusion planners [10],

[11], [24] integrate sampling and optimization through guid-

ance. Classical optimization principles are frequently incor-

porated to improve guidance: Diffusion-ES [25] employs

evolutionary strategies on multiple samples, enhancing global

exploration, while EDMP [26] guides unconditional trajec-

tory distributions using an ensemble of cost functions that

capture diverse environmental perspectives.

In our method, local exploration acquires additional envi-

ronmental information, and each sample searches for trajec-

tory modals within a dynamically constrained latent space,

which is independent of exploring different viewpoints of the

same environment.

III. METHOD

In this section, we propose Prior-Constrained Explorative

Guidance (PCEG), a novel motion planning framework

based on diffusion models, designed to generate collision-

free and dynamically feasible trajectories in diverse envi-

ronments. In Sec. III-A, we first define the problem and

provide an overview of the proposed method. We also present

the background on diffusion with classifier guidance that

accounts for obstacles and trajectory smoothness. We then

discuss the two core components of our method: explo-

rative guidance and prior-constrained sampling in Sec. III-B

and III-C, respectively.

A. Overview

We aim to generate a trajectory τ = [q1,q2, ...,qH ],
a sequence of joint configurations q ∈ R

N , that avoids

obstacles O, given start, q1, and goal, qH , configurations.

Here, H is the horizon of a trajectory and N is the dimension

of a robot configuration space. To simultaneously enhance

both generalization performance and trajectory diversity,

we propose a novel motion planning method that collects

environment information through local exploration while

leveraging trajectory priors to prevent guided samples from

prematurely converging to similar solutions.

Classifier-guided diffusion. In this work, we model the

motion planner using a classifier-guided diffusion model that

enhances the generalization of diffusion planners to unseen

environments [10], [11], [26]. Basically, the forward process

with Tdiff diffusion timesteps adds Gaussian noise, N (0, I),
into a clean trajectory τ

0:

τ
i =

√
ᾱiτ

0 + ϵ
√

1− ᾱi, ϵ ∼ N (0, I), (1)
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where ᾱi =
∏i−1

j=0 α
j , {αj}Tdiff−1

j=0 is pre-scheduled. The

diffusion model learns the reverse process by predicting the

added noise via the standard denoising objective:

Lθ(ϵ, ϵθ)=Ei∼[0,Tdiff−1], τ
i∼q(τ i|τ0)

[

∥

∥ϵ− ϵθ(τ
i)
∥

∥

2
]

, (2)

where q(τ i|τ 0) is the forward process and ϵ denotes the

same Gaussian noise used in q(τ i|τ 0). Diffusion planners

optimize trajectories by guidance at inference time.

The classifier guidance approximates a conditioned pos-

terior mean with a sum of prior and likelihood scores for

enhancing the generalization performance:

ϵ̂θ = ϵθ(τ
i)− s

√

1− ᾱi∇
τ

i log yϕ(τ
i, e), (3)

where s is a guidance scale and yϕ(τ
i, e) quantifies how well

a noisy trajectory τ
i satisfies conditions e. To avoid training

a noisy-input network, [15] and [27] use an estimated clean

sample, τ̂ 0:

τ̂
0 =

τ
i −

√
1− ᾱiϵθ(τ

i)√
ᾱi

. (4)

This simple modification broadens the applicability of

diffusion models to flexible conditions. Additionally, [15]

introduces backward guidance:

ϵ̃θ=ϵ̂θ−s

√

ᾱi

1−ᾱi
∆∗, ∆∗=argmin

∆
E(τ̂ 0+∆, e), (5)

where E(·, ·) can be any energy function related to yϕ(·, ·).
These additional steps strengthen the consistency with con-

ditions in the diffusion process, but require backpropagation

through the model and the steepest-descent direction.

Collision and smoothness. To obtain collision-free and

dynamically feasible trajectories through guidance, both

smoothness and collision are expressed via differentiable cost

functions, following [11].

Let the obstacle set O be defined as a union of infeasi-

ble configurations in an environment. Then, collision with

obstacles is expressed with the signed distance field for pre-

defined collision spheres S = {Sk}Kk=1 from a subset of

robot joints:

cobs(q) =

K
∑

k=1

csdf (F(q,Sk),O),

csdf (F(q,Sk),O) = max(−d(F(q,Sk),O) + δ, 0),

(6)

where K is the cardinality of S, F(·, ·) is a differentiable

forward kinematics, d(·, ·) is the signed distance field, and δ
is a margin. For each q, the collision cost is added over all

collision spheres, as in Eq. (6).

For a manipulator, self-collision is also considered, by

pairing each Sk with L other spheres, {Sk,l}Ll=1 ⊂ S/{Sk}.

Collision cost for each pair, (Sk,Sk,l), is calculated with an

L2 distance with margin δ. Self-collision costs for all pairs

are summed for the final cost:

cself (q) =
K
∑

k=1

L
∑

l=1

max(−∥F(q,Sk)−F(q,Sk,l)∥2 + δ, 0).
(7)

Fig. 2: An overview of our proposed method (the red circle

denotes an obstacle). After a diffusion model denoises trajec-

tories, PCEG guides each sample. Based on estimated clean

trajectories, explorative guidance enhances trajectories via

stochastic gradient estimation. Then, a GP prior constrains

reverse diffusion sampling.

Smoothness is formulated by GP cost [5]:

cGP (xt,xt+1) =
1

2

H−1
∑

t=1

∥Φt,t+1xt − xt+1∥Qt,t+1
, (8)

where xt = [qT
t , q̇

T
t ]

T , ∥·∥Qt,t+1
is a Mahalanobis distance,

Φt,t+1 =

[

I ∆tI

0 I

]

, Qt,t+1 =

[

1
3∆t3Qc

1
2∆t2Qc

1
2∆t2Qc ∆tQc

]

,

∆t is a timestep, and Qc is a power spectral density. The

total cost function c is the weighted sum of these costs. To

illustrate, for 7-DoF manipulation,

c = wobscobs + wselfcself + wGP cGP , (9)

where wobs, wself , and wGP balance each cost term.

Although the classifier guidance makes valid trajectories

with c, this naive method leads to insufficient information on

environmental variations and leaves the unresolved trade-off

between diversity and consistency. To handle these problems,

our method makes guidance explorative and the search space

constrained with dynamics-aware noise, as depicted in Fig. 2.

Our method predicts a clean trajectory, τ̂ 0, using the noise

predicted by the diffusion model. We then sample pertur-

bations around τ̂
0 and estimate a cost-based gradient from

the perturbed trajectories. After a guidance step, we blend

GP noise with Gaussian noise, which constrains dispersion

from the guided mean using the structured covariance of

GP. In this way, our method generates diverse trajectories

in unencountered environments.

B. Explorative guidance (EG)

To enhance generalization via collection of environmental

information, our method extends the classifier guidance by

incorporating stochastic gradient estimation and backward

universal guidance.

Stochastic gradient estimation. The stochastic gradient

estimation [14] samples noisy trajectories and weights them
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by softmax cost:

E [∇τc(τ + δτ)] ≈ −
Np
∑

n=1

softmax

(

− 1

λ
c (τ + δτn)

)

δτn,

(10)

where Np is the number of perturbations, λ is the tempera-

ture, and δτ is a sampled perturbation.

In our method, explorative gradient is combined with the

classifier guidance via a parameter scheduling grounded on

the backward universal guidance, under the assumption of

the detachment of predicted noise:

ϵ̂θ = ϵθ − s

(

√

1− ᾱi +
1√

1− ᾱi

) Np
∑

n=1

wnδτn,

wn = softmax

(

− 1

λ
c(τ̂ 0 + δτn)

)

.

(11)

Derivation. When guidance and trajectory optimization

start from the same latent vector, the forward and backward

guidance can be combined in a single equation, using Eq.

(4) and (5):

ϵ̂θ = ϵθ+s
√

1− ᾱi∇
τ

ic(τ̂ 0)+s

√

ᾱi

1− ᾱi
∇

τ̂
0c(τ̂ 0), (12)

where the likelihood of the condition is designed

as exp
(

−c(τ̂ 0)
)

, and the one-step gradient descent,

−∇
τ̂

0c
(

τ̂
0
)

, replaces the steepest direction. With the

stochastic gradient estimation,

∇
τ

ic(τ̂ 0) ≈ −
Np
∑

n=1

wnδτ i,n, ∇
τ̂

0c(τ̂ 0) ≈ −
Np
∑

n=1

wnδτ0,n.

(13)

A constant multiple relates the perturbations in the two

spaces, if the predicted noise is detached:

τ̂
0 + δτ0 =

τ
i + δτ i −

√
1− ᾱiϵθ√

ᾱi
, δτ0 =

1√
ᾱi

δτ i.

(14)

After Eq. (13) and (14) are substituted into Eq. (12), Eq.

(11) is derived.

C. Prior-constrained (PC) sampling

To resolve the innate trade-off in classifier guidance,

sampling in the reverse diffusion process is constrained

by dynamics-informative prior during modal-seeking stages,

improving trajectory variance.

GP prior. GP is a collection of random variables whose

samples are in a joint Gaussian distribution, N (µ,K). The

covariance K can be structured based on a linear time-

varying stochastic differential equation:

ẋ(t) = A(t)x(t) + u(t) + F(t)w(t), (15)

where x(t) is a system state, A(t) and F(t) are time-

varying systems, u(t) is a control input, w(t) is a GP white

noise, w(t) ∼ GP(0,Qcδ(t− t′)), and δ(·) is a Dirac delta

function. With a constant-velocity model, the same Φt,t+1

is obtained with Eq. (8). A GP prior with the structured K

Algorithm 1 Prior-Constrained Explorative Guidance (PCEG) :
Expandable to batch operations

1: Input: Pretrained diffusion model θ, GP N (µ,K), start

and goal configurations (q1,qH), total cost function c,

guidance scale s, scheduling terms (ᾱi, σi)

2: τ
Tdiff ∼ N (0, I)

3: for i = Tdiff − 1, . . . , 0 do

▷ Predict x̂0 from the latent, xi: Eq. (4)

4: τ̂
0 = τ

i−
√
1−ᾱiϵθ(τ

i)√
ᾱi

▷ Exploratory guidance: Eq. (11)

5: ϵ̂θ = ϵθ − s
(√

1− ᾱi + 1√
1−ᾱi

)

∑Np

n=1 w
nδτn

▷ Blend GP noise with cosine annealing: Eq. (16)

6: ϵGP ∼ N (µ,K), γi = 1− cos( i
Tdiff

π
2 )

7: ϵiblend = γiϵGP + (1− γi)ϵ

▷ Perturb the guided mean with the blended noise

8: τ
i := µi(ϵ̂θ) + σiϵiblend

▷ Re-apply start and goal configurations

9: τ
i
1 = q1, τ

i
H = qH

10: end for

11: Output: Optimized trajectory τ

gives dynamics-informative smooth samples [5], [6].

Stages in a guided diffusion. Guided diffusion can be

divided into three stages with respect to the influence of

guidance [27]. In the initial chaotic stage, updates are large,

but the guidance barely makes anything reasonable. During

the semantic stage, guidance produces substantial, content-

level changes. In the final refinement stages, guidance adjusts

only details of the result. Accordingly, modal-seeking behav-

ior occurs in the chaotic and semantic stages.

Our method blends the GP noise, ϵGP , with the Gaussian

noise during the modal-seeking stages. It constrains explo-

ration to a region of smooth trajectories, mitigating diversity

reduction induced by guidance. As sampling approaches the

state space, the generated trajectories remain diverse, driven

by the placement of obstacles. To keep the semantic stage

close to the trained reverse dynamics for controllability,

cosine scheduling is adopted on the blending weight:

γi = 1− cos(
i

Tdiff

π

2
), i ∈ {0, ..., Tdiff − 1},

ϵiblend = γiϵGP + (1− γi)ϵ.
(16)

Algorithm 1 presents the whole process of our method.

IV. EXPERIMENT

This section examines our method in four aspects: 1) per-

formance gains over strong baselines across diverse environ-

ments. 2) effect of each component: the contribution of local

exploration to robustness under environmental changes, the

benefit of guidance-time optimization via parameter schedul-

ing relative to the warm start strategy, and the effect of the

PC sampling on diversity. 3) the impact of computationally

efficient variants on performance. 4) generalization to novel

real-world settings.
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To investigate these aspects, Sec. IV-A describes the

experimental setup and evaluation metrics, Sec. IV-B intro-

duces competitive baselines, Sec. IV-C presents quantitative

and qualitative comparisons, Sec. IV-D performs ablation

studies of each component, Sec. IV-E introduces computation

reduction techniques and assesses their impact, and Sec. IV-F

reports real-world deployment results.

A. Experiment setting

We generate trajectories for a point mass (N = 2) in 2D

and a Franka Panda (N = 7) in 3D environments with unseen

obstacles (Fig. 3). For collision costs, the margin δ is set

as 0.05 for a point mass, and as 0.06 for the manipulator,

considering the link volume. There is no manipulator-specific

cost (e.g. end-effector cost).

Metrics (averaged over 300 seeds) include planning time

(T ), success rate (S), path length (PL), path smoothness

(PS), variance (V ), and collision intensity (I). For S,

success is declared if at least one collision-free trajectory is

found. T is considered only for collision-free plans to avoid

overestimation from failures. T is not compared because

certain hyperparameters (e.g., the number of whole diffusion

loops) were tuned solely for S. With the definition,

collision(q) =

{

1, ∃ Sk ∈ S, d(F(q,Sk),O) < 1e−2

0, otherwise,
(17)

other metrics are defined as,

PL =

H−1
∑

t=1

∥qt − qt+1∥2 , PS =

H
∑

t=1

∥q̇t∥2 ,

I =
1

BH

B
∑

b=1

H
∑

t=1

collision(qb,t), V =

H
∑

t=1

Var (D(qt)) ,

(18)

where B = 100, D(qt) = {||qk
t − qk′

t ||2 | 0 ≤ k < k′ ≤
Bs − 1}, and Bs is the number of collision-free trajectories

in a batch. All experiments are conducted on an AMD Ryzen

9 5950X and a single NVIDIA RTX 3090 GPU.

B. Baselines

Our method is compared against both classical and dif-

fusion baselines. Classical methods include RRTC [4] and

GPMP [5]. These two methods collect training data for

pretrained MPD [11]. For diffusion planners, MPD and

Diffusion-ES [25] are selected. Diffusion-ES resembles our

method in that it searches samples via global exploration, but

it enhances them by selecting elites rather than exploiting

gradients. Hyperparameters are adjusted until each baseline

obtains competitive success rate, regardless of planning time.

For PCEG, we use an off-the-shelf pretrained MPD model

based on a U-Net [28] with noise parameterization. For

the explorative guidance, perturbations are drawn from the

GP prior and scaled by
√
1− ᾱi. We set Np = 5 for 2D

environments and Np = 15 for the manipulation. To mimic

partial gradients, per-configuration costs are not summed;

(a) Dense2D (b) Narrow2D

(c) Simple2D (d) Sphere3D w. Franka Panda

Fig. 3: Environments for experiments. Unseen obstacles are

highlighted in red. The environments were selected to span

diverse obstacle densities, permitted multimodality, width of

cost plateaus and robots.

their gradients are estimated independently. Start/goal config-

urations are enforced at each diffusion timestep. To prioritize

smoothness, we clip the guidance scale at 0.5 during 5

additional noiseless sampling, slightly lowering the success

rate but improving path quality.

While other algorithms benefit from GPU-based paral-

lelism and thus run quickly, RRTC is inherently sequential

and therefore incurs longer runtimes. To address this, fol-

lowing [11], we utilized a GPU-accelerated implementation

of RRTC. In particular, collision-free configurations are

precomputed to exploit parallelized collision checking, and

nearest-neighbor searches are also parallelized on the GPU.

RRTC is evaluated using this optimized implementation.

Since RRTC returns a single path on success, V and I
are not measured. RRTC uses 15 seconds, set via Simple2D

calibration. GPMP runs 30 iterations to match planning time

with MPD at most. For MPD and our method, we increase

the guidance scale until path quality visibly deteriorates in a

small seed set, then select a scale with the best success rate

after conducting a sweep from 0.005 to 7. For Diffusion-

ES, temperature is swept from 0.05 to 10 and the number of

whole loops is set to 20 with competitive success rate.

C. Performance comparison

Quantitative comparison. Our method is compared with

selected baselines, detailed in Table I. Classical planners

generally find feasible trajectories with sufficient computa-

tion, but are degraded under tight time budgets. Especially,

RRTC fails to make collision-free trajectories under dense

obstacles or high-dimensional state spaces, despite acceler-

ated implementation. With a large batch size, GPMP presents

strong generalization indicated by high S and low I but it

does not improve trajectory diversity and dynamic feasibility.

Diffusion planners give various smooth trajectories using

their multi-modal prior, but they show lower S than GPMP

in the presence of unseen obstacles even with their own
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TABLE I: Comparisons between baselines and the proposed method, with the best highlighted in bold and the second-best

underlined. Each baseline shows uneven performance on S and V , whereas our method attains strong results in both metrics,

without sacrifice on path quality. ‡We increase batch size to match diffusion planners. Alleviating the initial-trajectory issue,

GPMP attains high success rate but dynamic feasibility and trajectory diversity are not improved.

Environment Dense2D Narrow2D

Method T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓ T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓
RRTC - 0.0 - - - - 8.7669 0.33 1.5201 5.9056 - -

GPMP‡ 0.4043 96.0 1.8378 8.4064 0.8820 1.0808 0.4053 82.33 1.7603 4.7546 0.7428 1.4458

MPD 0.3724 81.33 1.9844 3.3171 1.6947 7.6422 0.3743 70.67 1.7061 2.1086 0.4003 9.0434

Diffusion-ES 2.8869 82.33 1.9746 3.3704 2.0088 9.3982 2.9012 72.0 1.7171 2.1432 0.5039 9.6705

PCEG (Ours) 0.5735 85.0 1.9526 3.2559 3.4008 8.3730 0.5733 92.0 1.7478 2.1584 1.1874 8.2395

Environment Simple2D Sphere3D w. Franka Panda

RRTC 2.6660 97.67 2.9223 15.2386 - - 3.6539 30.0 10.1967 58.8870 - -

GPMP‡ 0.4121 100.0 1.5736 3.9179 0.9617 0.0671 10.3610 81.67 6.8792 16.5661 6.1449 0.1598

MPD 0.3781 82.67 1.6015 2.0526 1.1343 13.9184 9.2180 59.33 5.9304 5.5145 11.1329 18.1603

Diffusion-ES 2.9090 84.33 1.6009 2.1274 1.6345 14.9705 4.3481 63.0 5.9504 5.5756 18.5080 18.6252

PCEG (Ours) 0.5743 98.67 1.5870 2.0952 3.0401 6.8019 10.3148 93.0 6.0188 5.5957 23.9041 6.4153

(a) GPMP (b) MPD (c) Diffusion-ES (d) EG (Ours) (e) PCEG (Ours)

Fig. 4: Qualitative results for baseline planners in Dense2D. Yellow lines are collision-free trajectories, but black lines are

in collision. The cyan line indicates the best (PL + PS). EG indicates PCEG without prior-constrained sampling.

guidance. MPD exhibits low S in 7-DoF planning under

harsh conditions, inflated collision costs and no informative

end-effector signal. In addition, Diffusion-ES requires loops

on full diffusion timesteps to obtain competitive success rate.

Unlike other methods, PCEG shows high S and V , especially

in Narrow2D where exploration is critical due to wide

plateaus in SDF. Although GPMP sacrifices PS to increase

S in Dense2D, our method finds diverse smooth trajectories,

indicated in PS and V . Given that dense obstacles lead to

highly curved avoidance trajectories, this result suggests that

our method produces dynamically feasible trajectories by

exploring diverse candidates and preventing premature con-

vergence. Overall, our method yields the highest trajectory

diversity while maintaining path quality and success rates

comparable to baselines across all environments, showing

improved generalization.

Qualitative comparison. Fig. 4 qualitatively compares the

baselines. Trajectories planned by GPMP are highly jerky

and unsafe, exploiting severely narrow gaps. However, all

diffusion planners produce smooth trajectories between wider

spaces. Although Diffusion-ES enables global exploration,

elite sampling makes its search space similar to MPD, as

indicated by the black lines. In contrast, PCEG achieves more

diverse exploration, discovering more various collision-free

trajectory modes. As indicated in the cyan trajectory, it is

helpful to search diverse modals for obtaining a trajectory

closer to the desired criteria.

D. Ablation study

This section examines each component of our method, EG

and PC sampling. The result is illustrated in Table II. The

ablation study is conducted on Dense2D with the densest

obstacles and Sphere3D with the 7-DoF manipulator.

Explorative guidance. EG is compared with MPD and

MPD warm start (MPDws) to examine the effectiveness of

exploration in guidance and whether EG offers an advan-

tage over post-optimization. In MPDws, MPD offers initial

trajectories for stochastic post-optimization. EG consistently

shows higher S and V than MPD with on par path quality,

indicating that local exploration in guidance increases gener-

alization in unseen obstacles, generating diverse trajectories.

Leveraging stochastic post-optimization, MPDws consis-

tently outperforms MPD across S, V , and I . EG, in turn,

incorporates the benefits of post-exploration into the guid-

ance process via the parameter scheduling. EG exhibits

weaker collision handling without fine local adjustment in

state space, but instead produces a more diverse set of

high-quality trajectories with comparable S, searching for

trajectory modals in the latent space. Qualitatively, EG yields

a more diverse exploration than MPD, as shown in Fig. 4d.

Prior-constrained sampling. Table II also presents per-

formance difference between PCEG and EG, ∆(vs. EG).

In spite of the modest performance degradation, diversity
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TABLE II: Ablation study on explorative guidance and prior-constrained sampling. ∗Comparison of stochasticity in post-

optimization and guidance. 15 additional iterations are executed after MPD. † Performance gap between PCEG and EG.

Differences in S and I denote percentage points. For S and V , [+] denotes improvement over EG, [-] for the others.

Environment Dense2D Sphere3D w. Franka Panda

Method T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓ T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓
MPD 0.3724 81.33 1.9844 3.3171 1.6947 7.6422 9.2180 59.33 5.9304 5.5145 11.1329 18.1603

MPDws-15∗ 0.5499 85.67 1.9970 3.6253 2.3015 2.7015 14.7033 81.33 6.5712 6.9145 13.4514 2.5909

EG (Ours) 0.5697 85.67 1.9302 3.2343 3.0303 8.8638 10.3162 88.33 6.0124 5.5420 15.5410 6.1188

PCEG (Ours) 0.5735 85.0 1.9526 3.2559 3.4008 8.3730 10.3148 93.0 6.0188 5.5957 23.9041 6.4153

∆(vs. EG)† - -0.67 +0.0224 +0.0216 +0.3705 -0.4908 - +4.67 +0.0064 +0.0537 +8.3631 +0.2965

TABLE III: Results after computation reduction. The comparison is conducted among our PCEG variants.

Environment Dense2D Sphere3D w. Franka Panda

Method T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓ T [s] ↓ S[%] ↑ PL ↓ PS ↓ V ↑ I[%] ↓
MPD 0.3724 81.33 1.9844 3.3171 1.6947 7.6422 9.2180 59.33 5.9304 5.5145 11.1329 18.1603

MPD-DDIM 0.1965 79.0 2.0091 3.5266 2.2145 12.5048 4.8802 65.33 6.2400 6.1652 17.1164 18.7426

PCEG 0.5735 85.0 1.9526 3.2559 3.4008 8.3730 10.3148 93.0 6.0188 5.5957 23.9041 6.4153

PCEG-S 0.4396 85.0 1.9792 3.3881 3.4199 10.4026 6.5420 92.33 6.1346 5.8446 25.8390 7.0302

PCEG-S-DDIM 0.2654 81.33 2.0082 3.5066 3.0665 13.3603 3.4762 83.0 6.2192 6.1666 20.4415 9.0775

(a) GPMP (b) MPD (c) Diffusion-ES (d) PCEG (e) PCEG-S-DDIM

Fig. 5: Trajectory on unencountered environment of baseline planners. Starting behind the wall, the end effector goes into

the lower shelf. Only planners that produced a collision-free path are executed on the real robot. Calibration is used only

for visualization when overlaying the executed trajectories on the RGB-D point clouds in (c), (d), and (e).

TABLE IV: Comparison between baselines and our methods

in the unseen realistic environment setting over 10 seeds.

Method PlanS[%]↑ SimS[%]↑ SimV ↑ Best↓
GPMP 40 0 - -

MPD 20 0 - -

Diffusion-ES 40 10 0.0000 15.5475

PCEG 70 60 8.8139 9.5989

PCEG-S-DDIM 100 100 10.0074 10.3066

is improved in both environments. It indicates that PC

sampling reduces the likelihood that an individual sample

will discover high-quality trajectory modals but enhances

global search by restricting the search space for each sample

in the informative prior.

E. Computation reduction

Our method can reduce computation by scheduling the

number of perturbations:

Np(t) = max(int(Np ∗ (1− t/Tdiff)), n), (19)

where n = 2 for the point mass, or 5 for 7-DoF manipulator.

Early steps emphasize coarse, wide exploration for modal

decision; later steps perform narrow, precise refinement to

satisfy constraints. This method is referred to as PCEG

small (PCEG-S). Furthermore, diffusion planners can be

accelerated by DDIM [29]. Focusing on a semantic stage

and additional sampling steps, the number of timesteps is

non-uniformly reduced to 16. We use full noise to enable

PC sampling. With DDIM, Np(t) adopts n = 3 for the point

mass, or 6 for the manipulator.

As shown in Table III, PCEG-S lowers computational

cost with minimal performance loss. However, PCEG is

sensitive to DDIM unlike MPD. Reducing sampling steps

limits opportunities to correct deviations from the trained

diffusion process caused by GP noise. Despite this sensi-

tivity, PCEG-S-DDIM still attains higher success rate while

maintaining comparable path quality and diversity, with

runtime on par with MPD-DDIM. In a real-world test on an

unseen environment, PCEG-S-DDIM successfully generates

feasible trajectories, whereas full MPD struggles to find a

solution. Collectively, these results indicate that DDIM does

not compromise the generalization capability of our method.

F. Real-world deployment

We conduct real-world experiments with a Franka Re-

search 3 robot to validate the transferability of our model

from simulation to real-world settings, as well as its ro-

bustness in unseen realistic environments. We design a new

scenario where an object must be placed at a target location

inside a shelf, with an obstacle blocking the direct route. All

diffusion planners are instantiated from a single MPD model

pretrained in the Sphere3D environment [11]. We replicate
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the real environment in Isaac Gym and compute trajectories

in the simulation.

Before execution on the real robot, all planners are tested

in Isaac Gym to assess robustness to environment modeling.

We report success rate in the planning environment (PlanS)

and in the simulator (SimS). To quantify diversity, variance is

computed over collision-free simulated trajectories (SimV ).

Best cost is the minimum sum of path smoothness and

path length across all generated trajectories. We deploy the

trajectory with the best cost in the real world.

As illustrated in Table IV, PCEG methods achieve higher

success rate and greater diversity without degrading path

quality, indicating superior generalization. Fig. 5 presents

qualitative results for each planner. Both GPMP and MPD

fail in simulation: GPMP produces dynamically infeasible

trajectories, while MPD collides with a novel shelf obstacle.

Both Diffusion-ES and PCEG generate valid trajectories, but

our method yields qualitatively better paths with reduced

upward motion. Even without a manipulator-specific cost,

PCEG generates smooth, safe trajectories, demonstrating

generalization in the previously unobserved setting.

V. CONCLUSION

In this paper, we have proposed PCEG, an improved

guidance mechanism by integrating local exploration with

backward universal guidance and by blending GP noise into

the reverse process. This combination increases success rates

and trajectory diversity across environments without loss of

path quality, and these improvements are generalized to an

unseen real-world setup. A promising extension is to com-

bine the proposed method with ensemble-of-costs guidance

[26] to search from multiple perspectives, or with movement

primitives to enforce smoothness such as B-splines in an

advanced MPD [30]. Applying our method as a local planner

with onboard sensing is another compelling direction.
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