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Abstract— Safe and fast robot navigation is crucial for
deploying robots in real-time interactive environments. Recent
diffusion-based approaches for path planning and navigation
leverage data-driven learning to generalize across diverse tasks
and to quickly generate trajectories, but research explicitly
incorporating collision awareness remains limited. In this work,
we propose Efficient Collision-Aware Hierarchical Diffusion
Navigation (ECAHD), a hierarchical diffusion-based framework
designed for both safety and computational efficiency. ECAHD
generates a sparse trajectory for global path planning and a
dense trajectory for local path refinement. The robot follows a
rapidly sampled sparse global trajectory, and when a potential
collision is detected, a collision-aware guidance diffusion mech-
anism—which accounts for the robot’s shape—adjusts the local
trajectory accordingly. Conventional full-sequence diffusion
planners suffer from slow sampling speeds and performance
degradation when collision-aware guidance is applied across the
entire trajectory. ECAHD addresses these issues by significantly
reducing the number of waypoints predicted by the global
diffusion planner, while delegating robot shape aware collision
guidance to the local diffusion planner. This separation not
only accelerates planning but also preserves global trajectory
quality, as goal-conditioned sampling is no longer disrupted by
collision-related constraints. Furthermore, ECAHD allows for
increasing the number of global trajectory samples to enhance
performance, without incurring substantial computational over-
head. In maze2d-large planning tests, ECAHD improved success
rates by approximately 1.3% while reducing collision rates by
more than 50%, all while cutting inference time by nearly
half. In D4RL Navigation benchmark, ECAHD achieved the
fastest goal-reaching time and the lowest collision rate among
compared methods, demonstrating its effectiveness in efficient
and safe robot navigation.

I. INTRODUCTION

With the rapid advancement of generative models, they
have been successfully applied to a wide range of fields,
including natural language processing [1], computer vision
[2], and image generation [3], thanks to their high fidelity
and robustness. More recently, research applying generative
models to robotics has attracted increasing attention, with
approaches such as Decision Transformer [4], which uses
an autoregressive model for sequence-based planning and
control, Diffuser [6], which performs trajectory planning
with diffusion models, and Diffusion Policy [9], which
applies diffusion to visuomotor policy learning.

Diffusion models [5], in particular, have demonstrated
superior capability in capturing multimodal distributions
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Fig. 1. (a) Planning using Fully-sequence Diffusion (FD) and (b) Hier-
archical Diffusion (HD). Without considering collisions during sampling,
collisions may occur during navigation. However, the proposed HD with
collision guidance predicts collisions during global path planning and then
uses a dense diffuser to adjust the local plan.

compared to other generative models, allowing them to
generate diverse trajectories for the same planning task,
rather than a single deterministic plan [6]. This property has
led to studies leveraging diffusion models for global path
planning and navigation in maze environments [10], as well
as for local path planning that focuses on avoiding obstacles
based on cost maps [11].

Compared to classical planners such as A* [12] or
RRT [13], these data-driven, learning-based approaches offer
faster inference and greater adaptability to various tasks
and environmental conditions. Moreover, they can implicitly
learn complex planning heuristics directly from data, reduc-
ing the need for manual tuning of cost functions or heuristics
[6].

However, existing diffusion-based navigation approaches
have several limitations. Some methods only generate global
trajectories and thus require a separate local planner for
fine-grained obstacle avoidance [10], while others focus
solely on local collision avoidance, making additional global
path planning necessary [11]. Furthermore, unlike traditional
planners that can explicitly account for the robot’s shape
[13], many diffusion-based navigation models rely solely
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Fig. 2. Overall framework. (a) Transformer predicts the score function from the state at each step. (b) Sparse Diffusion gets goal distance guidance, and
Dense Diffusion gets collision surface guidance, generating a local plan aware of robot shape and collisions.

on map or cost map information, overlooking the physical
footprint of the robot.

This motivates our research question: How can we de-
sign a learning-based navigation framework that achieves
both fast, efficient global path planning and precise, robot
shape-aware local collision avoidance, without compromis-
ing overall planning performance due to collision guidance?
To address this, we propose Efficient Collision-Aware Hi-
erarchical Diffusion Navigation (ECAHD), a unified data-
driven framework for both global and local planning. Inspired
by recent advances in hierarchical diffusion planning [31],
ECAHD consists of two complementary diffusion modules:
(1) Sparse Diffusion (SD) rapidly generates a coarse global
trajectory, enabling fast path initialization even with incom-
plete maps. (2) Dense Diffusion (DD) refines local segments
when potential collisions are detected, using a differentiable
collision cost that explicitly considers the robot’s shape.

By combining these modules, ECAHD learns and gener-
ates global paths significantly faster than FD (Full-sequence
Diffusion). Furthermore, by offloading the computational
burden of collision avoidance to the DD local planner,
ECAHD prevents performance degradation in global plan-
ning caused by additional guidance computation, ultimately
achieving faster overall navigation and improved collision
avoidance.

Our main contributions are:

* Hierarchical Diffusion Planning: A fully data-driven frame-
work that integrates performance-focused global path gen-
eration with safety-aware local refinement, enhancing both
planning speed and safety.

* Shape-Aware Collision Avoidance: The differentiable colli-
sion cost explicitly captures the robot’s shape and size from
a top-down view, and is seamlessly applied to DD’s guidance
without requiring extra training.

* Efficient and Robust Navigation: The separation of global
and local planning enables fast initialization and targeted
refinement. Fast global planning allows multi-sampling for
better performance, while local refinement is triggered only
when needed based on the collision cost, ensuring efficient

real-time navigation.

II. RELATED WORKS
A. Robot Path Planning and Collision Avoidance

Robot path planning and collision avoidance are core chal-
lenges in autonomous navigation, requiring feasible paths
from start to goal while avoiding obstacles. Classical meth-
ods like A* [12], Dijkstra, and RRT [13] are widely used,
particularly in static environments. A* finds the shortest path
via heuristic guidance, while RRT handles high-dimensional
spaces by incrementally expanding a search tree.

For collision avoidance, traditional approaches rely on cost
maps with inflated obstacle boundaries [24], while reactive
methods such as Velocity Obstacles (VO) [25] and Dynamic
Window Approach (DWA) [26] compute safe velocities by
predicting obstacle motion.

More recently, learning-based methods like Deep Rein-
forcement Learning (DRL) [27] and Imitation Learning (IL)
[28] have shown promise, especially in dynamic environ-
ments. DRL learns collision-free policies through trial and
error, while IL mimics expert demonstrations for better
generalization in complex settings [40].

B. Probabilistic Diffusion Model Path Planning

Probabilistic Diffusion Models (PDMs), originally devel-
oped for image generation [3], have also been applied to
robot path planning. PDMs excel at modeling multimodal
solution spaces, making them effective for planning tasks
with diverse feasible trajectories under varying constraints
and preferences.

Diffusion models generate paths by reversing a forward
process that gradually adds noise to feasible paths. Sam-
pling starts from noise and iteratively refines into a feasible
trajectory via the learned reverse process:

a) Unconditional reverse step [7]:

z ~N(0,1), (D

Xt—1 = pp(X¢,t) + 04 2,

where
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o X; € R?*P s the noisy trajectory at diffusion step
t, represented as a sequence of P robot states in 2D
workspace,

o (p(x¢,t) is the denoiser network (parameterized by 6)
that predicts the reverse mean or score-based update at
step ¢,

e 0, is the variance (noise scale) prescribed by the for-
ward diffusion schedule at step ¢,

« z is a Gaussian noise sample drawn from N(0, I),

e and x;_; is the refined trajectory sample after one
reverse step.

b) Guided reverse step:
Xt—1 :/lg(Xt,t)+0tZ+’yvxt j(xt)v (2)

where ~ is the guidance weight. Conventional classifier
guidance injects Vi, log pe (y | x¢) from a separately trained
classifier [8]. In contrast, ECAHD avoids training an extra
classifier by directly substituting a differentiable surrogate
objective J (x;) that encodes both goal progress and collision
cost (Sec. III-B).

Beyond navigation, PDMs have also been applied to
robotic manipulation via Imitation Learning (IL), success-
fully tackling contact-rich tasks like insertion [37], manip-
ulation [39], and peg-in-hole assembly [38], where learning
from demonstrations ensures skill transfer and generalization.

In navigation, DiPPeR [10] generates global paths directly
from map images without explicit pre-processing or tradi-
tional planners, but lacks embodiment-aware local refine-
ment, limiting its performance in narrow passages. NoMaD
[30] learns reactive goal-masked diffusion policies from
visual inputs, enabling exploration and real-time adaptation
in partially observable environments. However, NoMaD does
not explicitly separate global and local planning.

Together, these works highlight the flexibility of PDMs for
navigation, but neither achieves a fully hierarchical frame-
work integrating fast global planning, shape-aware local
refinement, and real-time collision avoidance.

To make the presentation self-contained, we briefly sum-
marize the problem setting adopted in this paper. A robot
is required to generate a 2D trajectory x = [xg,...,Zp_1]
from a start S to a goal G on a given map M, while avoiding
collisions with its footprint R. Diffusion models address this
by iteratively denoising trajectories from ¢ = K down to
t = 1, with optional guidance terms that encourage goal
progress and penalize collisions. This preliminary formu-
lation parallels the style of prior works such as [30], and
provides the foundation for the hierarchical method proposed
in Sec. III.

III. METHODS
A. Notation for Algorithms 1-2.

We denote the planning map by M, start/goal by
S, G, robot footprint by R, global and local horizons
by P9 and P!, and the number of denoising steps
by K. The global and local diffusion models have pa-
rameters 0, and 0;, respectively. The cost function J

returns a pair (dist_cost,collision_cost). When
isSearchEnabled is activated, we sample [ candidate
sparse global trajectories {t9(V}/_, in parallel and define
goal-reaching trajectories as those satisfying miny ||ti’(l) —
G|| < e. Among the goal-reaching candidates, we select the
one with the shortest path length L(t7) = Y, ||t} —t]|; if
none reaches the goal, we select the trajectory with minimum
L(t9) (we use I = 10 and € = 1.0). Guidance is injected only
in local DD steps via vV J (cf. Egs. (1)—(2)). We assume
a complete static a priori map M (or My,y,) is available
during planning, and J is computed by querying this map.
Therefore, ECAHD in its current form targets static known
environments; dynamic or partially observed settings require
an external perception/prediction or mapping module.

Algorithm 1 Navigation via Hierarchical Diffusion Planning

Require: Map M4y, Diffusion model 6, 6;, Cost function
J, Start position S, Robot shape points R, Goal position
G

1: for p=0,1,2,..., P9 —1 do

2: if isSearchEnabled then

v {1 e ()

4 for : =0,1,2,...,1 — 1 parallel do

5: {t9} < {tJ}U SparseDiffusion(Myar, P9 —
P, 5, G, 0y, J)

6: end for

7: Global Trajectory tJ < BestofN({¢{})

8: else

9: Global Trajectory t7 <— SparseDiffusion(Mpian,

P9 —p, S, G, 04 J)
10: end if
11 Local Trajectory té < LocalPlan(t3[0], t3[1])
12: Local Value dé, cé, — j(t;,,tg[l], PY R, Mpian)
13: if Cé > ¢y, then
14: Local Trajectory t
PLtg[0], t9[1], 61, )
15: end if
16: S+ MoveAgent(té,)
17: end for

! < DenseDiffusion(Mpjqp.

B. Hierarchical diffusion planning considering robot shape
and collision

Unlike conventional diffusion planning or diffusion policy
approaches, the hierarchical diffusion planning framework
proposed in this work explicitly separates the planning
process into two stages: global planning and local refine-
ment. In the global planning stage, a sparse trajectory is
generated by performing state inpainting between the start
and goal, prioritizing long-horizon feasibility and overall task
performance. In contrast, the local refinement stage performs
dense trajectory prediction between nearby waypoints along
the global path, with a primary focus on collision avoidance.

After the sparse trajectory is predicted through the global
SD process, a general navigation plan is already in place,
allowing the robot to move toward the goal by following the
sequence of points. However, without using a local planner
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Algorithm 2 Dense Diffusion and Guidance function
1: function DENSEDIFFUSION(Map M,,;4,, Local trajec-
tory horizon P!, Local Start position t910], Local goal
position tg[l], Dense Diffusion Model 6;, Cost function
J, Robot shape points R, Denoising steps K)
the ~ N(0,1)
for k= K — 1 down to 1 do
di(t},), e () < T (th, t9[1], P', R, Myian)
sk—1 ¢ s, (t, k) +wVy (di(t,) + i (t}))
tfc_l = DDIM(sk,l,tf€7 oy O—1,M)
end for
return Local plan t}
end function

R R AN A R

—_
—_ O

function COST FUNCTION [J(Predicted trajectory tg,
Goal position G, Trajectory horizon P, Robot shape
points R, Map M)

12: dist_cost < MSE(t, G)

13: collision_cost < 0

14: for p=0,...,P—2do

15: Ystart < atan2(tglp + 11 - te[pD)

16: Vend < atan2(tg[p + 2] - tx[p + 1)

17: Rstart < GetRobotShapePoints(ti[pl, ¥start, K)

18: Reng < GetRobotShapePoints(tx[p + 1], Yend,
R)

19: for each (z,y) in DDA(Rstart, Rena) do

20: map-value < BilinearInterpolation(M, z,
Y)

21: collision_cost < collision_cost
+ map_-value

22: end for

23: end for

24: return dist_cost,collision_cost % ‘;ii;lt

25: end function

explicitly designed or trained for collision avoidance, simply
following the sparse plan linearly can result in collisions
with obstacles or walls. In ECAHD, the local plan computed
between each pair of adjacent sparse points is evaluated using
a cost function J, which assesses both the distance to the
local goal d' and the collision cost ¢!. If the collision cost ¢! is
over a predefined threshold ¢y, a new local plan is generated
using dense diffusion to ensure collision-aware navigation.
The complete algorithm for this process is described in
Algorithm 1.

The algorithm for the DenseDiffusion function and the
cost function J is outlined in Algorithm 2. During local
path sampling, we follow the standard denoising update of
diffusion models and apply the DDIM(Denoising Diffusion
Implicit Models) scheme for efficiency [8]. At each denoising
step, the score function is predicted by a Transformer-based
denoiser (see Fig. 2(a)), which serves as the backbone for
both the global (6,) and local (;) diffusion modules. A
shallow CNN (ResNet-18) optionally encodes the map or
visual observations to provide contextual features, which

are concatenated with trajectory tokens and processed by
the Transformer. This design allows the model to jointly
reason about long-horizon dynamics and local collision risks.
In practice, two separate networks are instantiated: one
for Sparse Diffusion (SD) and one for Dense Diffusion
(DD), sharing the same backbone structure but trained with
different horizon lengths.

For training, we use a trajectory reconstruction (noise-
prediction) objective with a K-step forward diffusion. The
model is trained to denoise these bundles using mean squared
error (MSE) loss between predicted and clean trajectories,
with weighting determined by a scheduling matrix. Opti-
mization is performed with the AdamW optimizer (Ir =
1074, B = (0.9,0.999), weight decay 10~2), and a linear
warm-up is applied in the first 5 000 steps. Training proceeds
on datasets of trajectory rollouts, where both sparse and
dense segments are sampled. Guidance is applied only at
sampling time, not during training, making the base model
a standard unconditional diffusion planner.

A guidance term vvtij(tﬁc,tg[l],Pl’R, Mpian) is in-
jected to bias the trajectory toward goal proximity while
avoiding collisions. This ensures that the model generates
a feasible trajectory while simultaneously considering and
minimizing gradients related to the distance to the goal and
collision risks. Unlike previous work in Diffusion planning,
such as Diffuser [6] and Diffusion Policy [9], which rely on
training a separate classifier or using classifier-free guidance,
this approach addresses a critical issue highlighted in [31]:
the difficulty in learning a classifier to predict collision costs
due to the sparse and discrete nature of the states, while
collision costs are continuous. To overcome this, instead of
employing a separate classifier or classifier-free training, we
propose a differentiable cost function that directly accounts
for collision avoidance during sampling. The differentiability
of this approach is demonstrated in Section III.B.

The cost function J calculates two components:
dist_cost, which represents the remaining distance to
the goal point, and collision_cost, which reflects the
likelihood of a collision with the environment, considering
the robot’s shape. Assuming the robot is oriented toward the
next point in the plan at each step, a set of points representing
the interior of the robot’s body, denoted by R, is sampled and
placed around each planned point. The predicted continuous
trajectory of the robot is then generated by connecting the
corresponding internal points between the current and next
positions using the Digital Differential Analyzer (DDA) algo-
rithm [32]. DDA is a classic line-drawing and interpolation
algorithm from computer graphics that incrementally steps
through grid coordinates between two endpoints. In our
setting, it efficiently enumerates intermediate points along the
swept area of the robot’s footprint, ensuring that all potential
contact locations are checked. This process is illustrated in
Fig. 2 (b), where the local trajectory connecting global plan
points (red dots) is depicted as purple points representing
the robot’s predicted path. To compute the local trajectory
cost without losing differentiability, bilinear interpolation is
applied to a discrete cost map, generated from the occupancy
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Fig. 3. Example of planning with collision guidance. (a) FD without
guidance reaches the goal but often collides with walls. (b) FD with guidance
struggles, frequently stalling near obstacles. (c,d) Our ECAHD results: two
representative examples are shown, both demonstrating that SD provides a
feasible global path and DD refines it locally to avoid collisions.

map, to yield the final collision_cost.

C. Cost Function Differentiability

The distance cost penalizes the discrepancy between the
predicted trajectory t; and the goal position G using the
Mean Squared Error (MSE) function, which is a quadratic
function of ¢, and is therefore continuous and differentiable.:

N
. 1 .
dist_cost(ty) = i Z; Itx[i] — G| (3)
To calculate the collision cost, the robot’s orientation
between adjacent state points t;[p + 1] and ¢ [p] must first

be computed using the atan2 function. The atan2 function is
differentiable with respect to x and y, as shown below.

Pha = atan2(tg[p+1, y]—tk[p, v], tr[p+1, x]—ti[p, z]) (4)

datan2(y,z) _ y Oatan2(y,x) =« 5)
or a4y Oy R
awg)tart _ Ay 31/Jﬁan o Az (6)

Otelp,x] Az + Ay?  Otglp,y]  Ax? 4 Ay?

The robot’s shape points R, determined by its orientation
and position, must be rotated and translated. The rotation
function R(R,vk,,) involves trigonometric functions of
kb, and the translation is a simple addition, making both
operations differentiable.

thart = R(R7 wﬁan) + tk[p] @)
_ |cos(y) —sin(¥)| | Ry
R(R,¢) = sin(¢)  cos(v) } [RJ ®)

To compute the collision cost, continuous coordinates
along the line between adjacent robot shape points R%,, and
RP | are generated using the Digital Differential Analyzer

(DDA). DDA itself is not the source of differentiability;
it only produces interpolation points that are differentiable

functions of the trajectory endpoints. The increments in x
and y between two points are given by:

T2 — X1 _ Y2~
Av == Ay = == ©

Next, to compute the collision cost at each interpo-
lated point (z;,y;), the map values are obtained us-
ing bilinear interpolation. The bilinear interpolation is
differentiable with respect to the coordinates x and y,
as shown below. Given four neighboring grid points
(z0,90), (x1,¥0), (x0,y1), (x1,y1), bilinear interpolation es-
timates the value at (z,y) as:

Interp(M, z,y) = (1 — t;)(1 — ty) M (z0,Y0)
+to (1 —ty)M(z1,90)
+ (1 - tz)tyM(xmyl)
+taty M(z1,91)

(10)

where t,, and ¢, are normalized distances between (x,y)
and the neighboring grid points, given by:
T— —
t, = 0 oty = Y—Y
T1— To ) Y1 — Yo
The partial derivatives of the interpolation function with
respect to x and y are:

Olnterp(M, z, y) 1
= —(1—¢,)M
- —— |~ (1= t)M(zo,w)

+ (1 - ty)M(xlayo)

(1)

12)
_tyM(x()vyl)
+tyM(x1ayl):|
Olnterp(M, x, y) 1 [
= — (1 —ty)M (=,
dy Y1 — Yo ( MMz, 30)

+ (1 = ts) M (20, 1)
—+ txM(,Il, yl):|

IV. EXPERIMENTS
A. Collision Guidance Impact

We evaluated Hierarchical Diffusion (HD) planning
against FD and SD across Circular, Quadruped, and Hu-
manoid robots. Success Rate measures if any point in
the trajectory reached within 1.0 units of the goal, while
Collision Rate is the ratio of actual to maximum collision
cost (max: 1000 per grid cell). Inference time covers total
sampling time, with HD including both SD (global) and DD
(local) steps. DD was triggered when c¢;, = 0.1. Robot
radius was 0.4, and each maze2D-large grid cell was 1.
Quadruped and Humanoid used Unitree Gol and Gl top
views, respectively. The dataset was built by generating A*
trajectories between random point pairs, sampled into 10
sparse waypoints for SD and 2 dense local points between
each pair for DD.
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Fig. 4. Example of Navigation result. (a) Diffuser shows frequent wall collisions, while (b) ECAHD achieves a cleaner trajectory thanks to the local DD.

THE PLANNING RESULTS OF HD, SD, AND FD. BOLDFACE INDICATES THE BEST RESULT AMONG METHODS WITH COLLISION GUIDANCE APPLIED,

TABLE I

AND UNDERLINE INDICATES THE OVERALL BEST RESULT ACROSS ALL METHODS.

FD [6] SD HD (ours)
Collision Guidance X v X v X v (ECAHD)
Circular 91.41 64.84 90.63 83.59 86.72 89.06
Success Rate (%) 1 Quadruped 85.94 69.53 89.84 80.47 87.50 89.06
Humanoid 81.25 67.97 85.94 84.38 92.97 84.43
Average 86.20 67.45 88.80 82.81 89.06 87.52
Circular 0.06165 0.05004 0.08646 0.03983 0.04452 0.03365
Collision Rate (%) | Quadruped 0.07513 0.04689 0.11323 0.04197 0.05840 0.03516
Humanoid 0.08923 0.04370 0.11358 0.04112 0.05401 0.03534
Average 0.07534 0.04654 0.10442 0.04097 0.05231 0.03472
Inference Time (s) | 2.762 11.881 1.449 2.443 1.484 1.527
TABLE 11 TABLE III

ABLATION STUDY ON THE COLLISION GUIDANCE OPTIONS.

D4RL NAVIGATION EXPERIMENTS.

Point Line Surface Dilation Embodiment|Succ(%)1 Coll(%)]
v - -
35] | v v - -
v 89.06 0.4675
v v 87.50 0.4372
(ours) v v 94.53 0.0363
v v v 98.44 0.1320

As shown in Table I, in all cases, adding collision guidance
reduces the collision rate. In the case of FD, adding collision
guidance significantly also decreases the previously high
success rate. This is presumed to be because the gradient
of the goal guidance and the collision avoidance guidance
were not positively correlated, simultaneously affecting the
score function. On the other hand, in HD, where goal dis-
tance guidance and collision guidance are separated, adding
guidance resulted in the highest success rate among the
models with guidance and resulted in the lowest collision

Diffuser DiPPeR LDP+A*
(6]
34.820

ECAHD

[10] [11] w/o DD w/ DD

Episode Reward 1 67.672 55.516 37.969 46.862

First Reach | 569.414 676.422 570.281 187.977 182.797

Collision Rate (%) || 0.1820 0.1551 0.0940 0.1062 0.0921

Inference Time (s) | 2.762 2364 12.501 1.963 1.994

rate. This characteristic can be observed in Fig. 3. From
the inference time, it can be seen that FD’s time increases
sharply due to the time needed to compute guidance over the
entire sequence. In contrast, SD and HD do not experience
significant increases in inference time since they do not
need to compute guidance for many densely sampled points.
Especially, since SD has a significantly shorter inference time
compared to FD, this advantage can be utilized to perform
multiple samplings during the robot’s navigation, allowing
for high-quality global planning, as shown in Algorithm 1.
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In all cases, ECAHD achieved the highest success rate and
the lowest collision rate, while showing the shortest inference
time among methods with collision guidance applied.

B. Ablation Study

Table II shows the results of the ablation study on the
method of providing collision avoidance guidance. Point,
Line, Surface refer to how values are assigned from the cost
map to measure the degree of collision for the robot. Indexing
the discrete cost based solely on the coordinates of points is
non-differentiable, which means that the trajectory point cost
calculation method using occupancy map dilation from [35]
cannot be applied to this algorithm. Another approach is to
provide cost guidance by continuously connecting the points
within the trajectories and determining the extent to which
this line overlaps with the interpolated cost map. Since this
method does not involve direct indexing, it is differentiable,
but it has the drawback of not being able to account for
the robot’s shape. In this study, we provide guidance based
on the overlap between the surface generated by connecting
the robot’s trajectory points using DDA and the bilinearly
interpolated cost map. This approach considers the robot’s
shape while achieving the highest success rate and the lowest
collision rate. Since this algorithm takes the shape into
account, there is no need for cost map dilation that adjusts for
the robot’s size, and applying this approach even resulted in a
lower collision rate. It is worth noting that in our framework,
the cost map does not serve as an absolute hard constraint
but rather as a guidance signal injected into the diffusion
process. Excessive dilation can therefore distort this prob-
abilistic guidance, overly biasing the denoising trajectory
away from feasible regions and reducing the effectiveness
of collision avoidance. This explains why we observed cases
where dilation improved the success rate but simultaneously
degraded the collision performance.

C. Simulation Navigation

We conducted a simulation navigation experiment in the
Maze2D-Large environment from D4RL (see Table III). Each
robot’s state observation consisted of 2D position (z,y),
heading angle 6, and a cost map encoding nearby obstacles.
The action space was defined as linear velocity v and angular
velocity w, controlling the robot’s motion at each step. Three
metrics were used:

Episode Reward: The average cumulative reward per
episode, where the reward increases as the robot approaches
the goal. First Reach: The average number of steps taken
per episode for the robot to first reach the goal, indicating
planning efficiency.

Inference Time: The combined average inference time
per episode, which includes a single global path planning
step performed before navigation and the cumulative local
planning steps during navigation.

Diffuser [6] and DiPPeR [10] each generated 100 points
per trajectory for global path planning, and interactive nav-
igation was performed without a separate local planner.
LDP [11] predicted the global path using A*, and for local

planning, it generated 3 to 5 points at each step, similar to
ECAHD. Leveraging the computational efficiency of Sparse
Diffusion (SD), ECAHD can afford to run 10 parallel global
path sampling steps within the same real-time inference
budget. Here, “improved speed” refers not just to absolute
runtime reduction but to relative efficiency compared to full-
sequence diffusion: since SD requires significantly fewer de-
noising steps, multiple candidate trajectories can be evaluated
in parallel without exceeding latency constraints. We then
select the trajectory with the highest score based on the
diffusion prediction and cost function. In ECAHD w/ DD,
the local path planner was only activated when cﬁ, > 0.1, as
specified by the algorithm.

ECAHD achieved a comparable episode reward to other
algorithms while reaching the goal the fastest on average
and showing the lowest collision rate. Furthermore, despite
incorporating multiple model samplings and collision-aware
guidance, ECAHD demonstrated the lowest inference time.

D. Runtime Analysis of Guidance and DD Activation

To analyze the computational cost underlying the inference
time reported above, the collision guidance in Algorithm 2
has complexity O(K P'|R|Niperp), Where K is the number
of denoising steps, P’ the local horizon, |R| the footprint
samples, and Njperp the interpolation steps. We measure the
wall-clock time of a single DD step, including denoising, cost
evaluation, gradient computation, and update, on an NVIDIA
A100 80GB PCle GPU with dual Intel Xeon Gold 6338
CPUs; Table IV reports the per-step runtime.

TABLE IV
RUNTIME BREAKDOWN PER DD STEP (S).

Component w/ioVJ  w/ VJ
Denoiser 0.00034  0.00038
Cost J (forward)  0.00079  0.00094
Gradient V.J - 0.00177
Update 0.00006  0.00006
Total 0.00126  0.00330

With guidance, 53.7% of the DD step time is spent on
VJ. Since DD is applied only to short local segments
when collision risk exceeds a threshold, we further examine
worst-case behavior by varying the DD activation ratio. For
activation ratios of 10%, 50%, and 100%, the average episode
inference time was 0.154 s, 0.759 s, and 3.193 s, respectively,
showing near-linear scaling and bounded runtime.

V. CONCLUSION

In this paper, we proposed ECAHD, a hierarchical
diffusion-based navigation framework that unifies global
planning and local collision-aware refinement in a fully
data-driven manner. By separating global and local stages,
ECAHD resolves the trade-off between goal-reaching perfor-
mance and collision avoidance faced by prior full-sequence
diffusion planners.

With fast goal-conditioned global planning and shape-
aware local refinement triggered only when necessary, EC-
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AHD achieves lower collision rates while maintaining high
success rates and low computational cost.

While this work focuses on static known environments,
future work will extend ECAHD to dynamic obstacles, online
sensor fusion (e.g., vision or LiDAR), and real-time feedback
for physically actuated robots toward embodied diffusion-
based navigation in complex real-world settings.
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