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Fig. 1: Real-world demonstrations of SanD-Planner. The proposed algorithm enables the robot to traverse cluttered environments
with tight clearance, including navigating narrow passages, avoiding obstacles, and climbing stairs.

Abstract—The challenge of generating reliable local plans has
long hindered practical applications in highly cluttered and
dynamic environments. Key fundamental bottlenecks include
acquiring large-scale expert demonstrations across diverse scenes
and improving learning efficiency with limited data. This paper
proposes SanD-Planner, a sample-efficient diffusion-based local
planner that conducts depth image-based imitation learning
within the clamped B-spline space. By operating within this
compact space, the proposed algorithm inherently yields smooth
outputs with bounded prediction errors over local supports,
naturally aligning with receding-horizon execution. Integration of
an Euclidean Signed Distance Field (ESDF)-based safety checker
with explicit clearance and time-to-completion metrics further
reduces the training burden associated with value-function learn-
ing for feasibility assessment. Experiments show that training
with 500 episodes (merely 0.25% of the demonstration scale
used by the baseline), SanD-Planner achieves state-of-the-art
performance on the evaluated open benchmark, attaining success
rates of 90.1% in simulated cluttered environments and 72.0%
in indoor simulations. The performance is further proven by
demonstrating zero-shot transferability to realistic experimen-
tation in both 2D and 3D scenes. The pre-trained models are
open-sourced, and further details are available on the project
website: https://wangjincheng1998.github.io/SanD-planner,

'Department of Computer Science, University College London,
London, the UK. (jincheng.wang.22@ucl.ac.uk, lingfan.bao.24@ucl.ac.uk,
ucacjji@ucl.ac.uk, d.plasencia@ucl.ac.uk, d.kanoulas@ucl.ac.uk)

2Department of Computer Science and Technology, Tsinghua University,
P. R. China. (fong.yang @zju.edu.cn)

3Department of Aeronautical and Aviation Engineering, the Hong Kong
Polytechnic University, Hong Kong, P. R. China.

*Corresponding Author

I. INTRODUCTION

The capability of robust navigating in cluttered and dynamic
environments remains a fundamental challenge for general-
purpose mobile robotics [1} 2]]. Classic navigation frameworks
typically utilize a modular pipeline that sequentially executes
perception, SLAM, and planning sub-routines [3H7]. Albeit
effective in structured settings, the dependency on precise
mapping creates bottlenecks in dynamic environments. Fur-
thermore, the sequential processing induces latency and com-
pounded error from sensor noises and drifts, compromising
the system’s ability to safely adapt to abrupt changes. This has
catalyzed a shift toward end-to-end navigation approaches [8-
that map onboard observations directly to actions or
trajectories. While deep reinforcement learning (DRL) opti-
mizes policies through environment interaction 135], it is
often hindered by sample inefficiency and the difficulty of
reward engineering [16]. In contrast, imitation learning (IL)
bypasses these issues by learning directly from expert demon-
strations. Recent advances have shown remarkable results by
aggregating large-scale real-world datasets to achieve general
navigation behaviors [17-19].

However, the success of these methods remains largely
data-driven, relying heavily on demonstration coverage and
diversity [9]. Performance gains often hinge on expanding the
supervision pipeline rather than learning effectively from lim-
ited demonstrations, becoming more challenging in scenarios
where expert data are costly and unsafe to collect [20].
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In this paper, we explore a complementary direction by
asking whether local navigation can achieve high perfor-
mance in a data desert of limited expert demonstrations. We
propose SanD-Planner, a Sample-Efficient Diffusion-based
Local Planner that maps depth observations directly to smooth
and parametric paths. Unlike waypoint-based methods [18]
that scale the output dimension linearly with the planning hori-
zon, SanD-Planner predicts a fixed set of eight B-spline control
points. This representation embeds structural geometric priors
as an inductive bias, enabling an extended horizon to mitigate
myopic behavior [21] without increasing learning complexity.
By construction, B-splines guarantee C? continuity as a struc-
tural property rather than a learnt feature, while their local
support isolates far-horizon perceptual uncertainty (e.g., depth
noise or occlusions) to distal control points, preventing it from
destabilizing the immediate execution segment. Finally, we
decouple trajectory generation from safety assessment via an
interpretable online critic. By relegating feasibility checks to
this explicit geometric module, we reduce learning complexity
and allow the policy to focus exclusively on distilling the
expert trajectory distribution. The contributions can be sum-
marized as follows:

o SanD-Planner: A sample-efficient diffusion-based local
planner that generates smooth and collision-avoiding
paths within a clamped cubic B-spline control-point
space. As such, it achieves high-performance point-goal
navigation using only 500 expert trajectories, which is
approximately 0.25% of the demonstration scale required
by current state-of-the-art (SoTA) algorithms.

« Representation Study: A systematic investigation con-
ducted under a unified training and evaluation protocol,
characterizing how trajectory representations, precisely
waypoint discretization, cubic interpolation, and B-spline
control point design, impact the performance and sample
efficiency of imitation learning-based local planners.

o Zero-Shot Sim-to-Real Validation: Successful deploy-
ment on a Unitree Go2 quadruped robot across di-
verse real-world environments, as shown in Fig. [I} This
demonstrates robust, depth-only 3D navigation in unseen
complex scenes without any real-world fine-tuning.

o Reproducibility: We will release our complete training
and evaluation framework, including the dataset and pre-
trained models.

II. RELATED WORK

A. Learning-based End-to-End Visual Navigation

DRL is a prominent category in this domain, employing
trial-and-error optimization to eliminate the need for labeled
data [12H14} [22]]. However, DRL is often sample-inefficient
[23] and relies on complex reward engineering that often
proves more difficult than providing expert demonstrations
[24]. IL has emerged as a practical paradigm, enabling policies
to learn directly from expert behaviors [} [17,25-29]]. Building
on this foundation, recent approaches have explored generative
policies, particularly diffusion-based ones, which model local

paths as conditional distributions, thereby capture the inherent
multi-modality of navigation [11 19} [30H33]]. However, their
robustness is fundamentally conditioned by the diversity and
long-tail coverage of training data [[10]. Consequently, pushing
the limits of end-to-end navigation has largely depended on
scaling expert demonstrations [34]. This is typically achieved
by aggregating large real-world datasets [8l [17] or by generat-
ing high-quality simulation supervision at scale, rather than
learning effectively from limited data. Recent works such
as NavDP [19] leverage high-fidelity simulators to generate
extensive supervision, utilizing datasets spanning hundreds of
kilometers and requiring substantial compute budgets.

In contrast to the trend of data scaling, this work demon-
strates that a robust local planning policy can be learned
effectively with limited data by injecting structural priors. We
leverage B-spline parameterization to explicitly enforce path
smoothness and inherent representation-level robustness. By
combining this generative policy with an explicit geometric
critic for trajectory selection, we decouple safety verification
from policy learning. This design enables robust navigation
with significantly fewer demonstrations.

B. B-spline Representation in Navigation

B-splines [35H37] are mathematical representations that
encode complex geometric curves compactly into control-point
space. This motivates us to perform optimization within the
control-point space for the efficiency purpose while naturally
respecting smoothness and feasibility constraints. Classical
optimization-based planners exploit spline structures, such as
the convex-hull property, to improve clearance and dynamic
feasibility [38-40]. These results suggest that trajectory pa-
rameterization can serve as a powerful inductive bias for
learning-based navigation. In previous works, many IL policies
were supervised using single-step actions [26} 27, 4 1], making
temporal consistency an explicit learning burden [42]. To mit-
igate this, recent diffusion-based planners [43] predict short-
horizon waypoint rollouts or action sequences and execute
them in a receding-horizon manner, encouraging coherent
motion [18} [31]. Moving beyond discrete sequences, recent
approaches predict sparse waypoints and convert them into
cubic-spline paths [9} [10]. In contrast, this work learns local
planning directly in a clamped B-spline control-point space,
thereby inheriting the continuity and convex-hull properties.
Our analysis in Section will demonstrate that B-splines
offer distinct advantages for imitation-based planners com-
pared to waypoint or standard cubic-spline parameterizations.

III. PROBLEM FORMULATION

This work addresses mapless local navigation in cluttered
environments by learning a collision-free goal-reaching policy.
At each planning step ¢, the robot receives a short history
of four depth images O; = {D;_3,D;_2,D;_1,D;}, cap-
tured in the robot frame, and receives a three-dimensional
relative goal g; = [z,y,2]" expressed in the same frame.
To ensure temporal consistency across consecutive replanning
cycles, we also incorporate a motion context term v} " that
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Fig. 2: Overview of SanD-Planner. The pipeline tokenizes and fuses historical depth images, relative point goals, and previous
velocity using a two-layer Transformer encoder. The multi-modal context conditions a diffusion policy to generate B-spline
control points through iterative denoising. Finally, a geometric critic module selects the optimal plan from candidates for
execution and feeds its initial velocity back to the next planning step to maintain temporal consistency.

encodes the heading direction of the plan executed in the
previous step. These inputs are projected via domain-specific
encoders f(.) and fused into a unified latent context C; =

@(fo((’)t)7 fo(8e), fv(vfrev)> using an encoder ®. Instead
of predicting waypoint sequences, our planner operates in the
structured space of B-spline control points. The trajectory 7y
is continuously expressed in the robot frame, which consists
of 3D waypoints (z,y,z). In Eq. (I), we parameterize each
output local trajectory 7 as a sequence of N control points
Q= {Qt,z‘}?’:f)l € RV*3 in the robot frame.

The objective is to generate a smooth, collision-free trajec-
tory T that efficiently connects the current pose to g;. To this
end, we learn a conditional diffusion model py(Q; | C;) from
expert demonstrations that captures the distribution of feasible
control points. During planning, the diffusion policy samples
K candidate control-point sets {ng)}szl, which generate
continuous trajectories {Tt(k) S . The optimal plan 7;* is then
selected from these candidates by minimizing a task-specific
cost JJ, which encompasses safety constraints and efficiency.

IV. METHODOLOGY

As illustrated in Fig. 2] SanD-Planner presents a two-stage
generate-and-select pipeline: 1) trajectory generation within a
B-spline control-point space (Sections and [IV-C), and
2) critic-based selection with explicit geometric objectives
(Section [IV-D). In the first stage, the policy network uses a
conditional diffusion model to sample K candidate control-
point sets {Qik)}szl conditioned on the context tensor C;.
Subsequently, these discrete sets are mapped to continuous
local trajectories via B-spline basis functions. In the second
stage, a lightweight ESDF-based critic module ranks these
candidates by evaluating a task-specific cost function. The
trajectory with the lowest cost, 7", is selected as the local
plan and executed in a receding-horizon manner. The initial
heading velocity of the selected trajectory is fed back as v}’
to condition the next planning step.

A. Perception and Condition Encoding

At each planning step ¢, the agent receives historical obser-
vations O, to capture environmental dynamics. Each depth

frame is encoded using a lightweight ResNet-18 backbone
fo [44]. To preserve fine-grained geometric details required
for local navigation (e.g., obstacle boundaries for collision
avoidance and stair-step structures for climbing), we extract
spatial feature maps F € R¥*WxD for each frame from an
intermediate layer rather than the final layer. These spatial
features F are then flattened into a sequence of H x W visual
tokens. To maintain spatial and temporal structure, we augment
each token with 2D positional embeddings [45]] and a learnable
temporal embedding to distinguish tokens from different time
steps. The resulting visual embedding sequence is denoted as
ep = fO(Ot) c R4><(HW)><D‘

Simultaneously, we project the relative goal g; and the pre-
viously executed velocity vi™" into the same latent dimension
D via dedicated MLPs, serving as encoders f; and f,. This
yields the goal token e, = f,(g;) and the velocity token
e, = fo(VvP™). If historical velocity is unavailable (e.g.,
t = 0), a learnable null token substitutes e,. All tokens are
then concatenated into a sequence and aggregated by a two-
layer Transformer encoder ®. The final output serves as the
multi-modal context C; = ®([ep, ey, €,]), which is used to
condition the diffusion denoising process.

B. Trajectory Parameterization via B-Spline Control Points

We represent each trajectory as a clamped cubic B-spline
which inherently possesses C continuity to ensure its smooth-
ness [46-48]]. Given a B-spline of degree p and a set of knot
vectors U = {ug, ..., un+p}, the trajectory 7, is defined as

N-1
Tt(u) = ZBi,p(u) Qt,ia

7=

u € [up,un], (1)

where B, ,(-) are the B-spline basis functions. We employ a
uniform knot vector, anchoring the curve at the endpoints so
that 74 (up,) = Qq0 and 7 (un) = Q¢,n—1. The control points
Q, are defined in the robot frame, hence Q; o = 0.

This parameterization transforms the learning objective
from a discrete sequence of waypoints to a compact set of
control points. We view this reparameterization as a structured
inductive bias for IL: it constrains the policy to a function
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Fig. 3: Comparison of trajectory representations among dis-
crete waypoints, cubic spline, and B-spline. (a) Ground-truth
A* path (gray) and an 8-waypoint sequence (orange, 0.2m
spacing). (b) Mean arc-length displacement A(s) under iden-
tical perturbations (10x disturbances). Over the first 1.5m, the
B-spline deviation stays near zero, whereas the cubic spline
oscillates. (c, d) We first fit the same ground-truth path with an
8-point interpolating cubic spline (c) and an 8-point B-spline
(d), and then apply the random perturbations to the last four
points within a 1m radius. Owing to local support and convex
hull property, B-splines avoid overshoot and better preserve
the global path shape, yielding smaller deviations than cubic
splines under the same perturbation range.

class that is compact, smooth, and locally controlled. To
make this bias concrete, we contrast B-splines against two
prevalent IL parameterizations, discrete waypoints [8} [19} 31]]
and interpolating cubic splines [9} [10], with toy examples
illustrated in Fig.

1) Parameter Efficiency: As shown in Fig. E] (a) and
(c), B-spline control-point modeling decouples the number
of predicted points from the spatial sampling resolution:
with the same fixed output budget, the model predicts the
shape of a continuous curve rather than a short sequence of
densely spaced waypoints. This allows an 8-control-point B-
spline to cover a longer local lookahead than an 8-waypoint
rollout under the same output dimension, thereby mitigating
waypoint-induced myopia [21]]. We note that this compactness
comes with a controlled loss of expressivity for longer-horizon
planning, as the representation favors smooth, low-frequency
trajectories rather than arbitrary path geometries. For short-
horizon local planners studied here, 8 points empirically
balance representational capability and training efficiency.

2) Smoothness: A trackable robot trajectory should exhibit
continuous position, velocity, and acceleration profiles, oth-
erwise the downstream controller is forced to absorb dis-
continuities that the planner emits. Rather than expecting

the policy to acquire this property from limited and noisy
expert demonstrations, we encode smoothness directly into the
representation: cubic B-splines are C?-continuous by construc-
tion, so any trajectory generated from the predicted control
points is guaranteed to be smooth. Together with the compact,
longer-horizon output discussed above, this structural prior
relieves the policy of learning smoothness on top of dense
waypoint placement, thereby simplifying the learning objective
and enhancing trackability for downstream control.

3) Representation-Level Robustness: Depth sensing often
suffers from partial, noisy observations and occlusions, which
compromise the reliability of long-range planning. B-splines
offer representation-level robustness against this issue through
two key properties.

Local Support: A B-spline segment depends only on p+ 1
local control points. Consequently, noise-induced deviations
in distal control points remain isolated and do not reshape
the entire path. This property aligns naturally with receding-
horizon planning, allowing the robot to execute a stable near-
horizon segment while iteratively correcting far-horizon errors
in subsequent steps. In contrast, globally coupled interpolating
splines propagate local perturbations across the entire trajec-
tory, potentially destabilizing immediate actions.

Convex Hull Property: To ensure safety under distribution
shifts, the representation should prevent prediction errors from
amplifying into large path deviations. Since B-spline basis
functions B; ,(u) satisfy the partition of unity [48] (i.e.,
> Bip(u) =1, B;, > 0), every point on the trajectory 7 (u)
lies within the convex hull of its control points. For a predicted
set with errors Q) ; = Q;; + AQy;, the trajectory deviation
is uniformly bounded by the maximum control-point error:

mgx”rt’(u) —7(u)|| < m?XHAQtaiH' )

Eq. (Z) shows that B-splines prevent error amplification by
providing a strict upper bound on path deviation. As shown
in Fig. 3] B-splines preserve the global trajectory shape even
under perturbation, whereas interpolating splines often suffer
from Runge’s phenomenon [49]], where small nodal errors
induce disproportionately large overshoots.

C. Diffusion Policy for Local Trajectory Generation

1) Diffusion in B-Spline Control-Point Space: We model
local planning as conditional generation in B-spline control-
point space. Given the conditioning context C;, the generator
samples a set of control points Q;, which is deterministically
mapped to a continuous trajectory 7 via the B-spline repre-
sentation. Let Q; € RV*3 denote the expert control points
obtained by fitting a B-spline to an expert trajectory, and let
%o := vec(Q;) be the corresponding clean control-point vec-
tor. We train a conditional Denoising Diffusion Probabilistic
Model (DDPM) [50] to model py(xq | C;). With a predefined
noise schedule {(as,o,)}5_; satisfying a? + 02 = 1, the
forward process is

q(xs | x0) = Masxo, 021), se{l,..., S}, 3



where S denotes the total number of denoising steps and s is
the current diffusion step. We employ the v-prediction param-
eterization [51] with the target defined as v := a € — 05X,
where € ~ AN(0,I). A denoiser is trained to predict the
diffusion target conditioned on the context embedding and
timestep. Specifically, we use a conditional 1D U-Net over
the control-point sequence with cross-attention to C; and
timestep embeddings injected into each block, and predict
the v-parameterization target v = vy(x,,Cy, s). The training
objective is the standard v-prediction loss [S1]]

Laiee(0) ZExU,e,s[HVs —f/g(xs,ct,S)HZ}. @)

During inference, given c;, we initialize the diffusion pro-
cess from Gaussian noise and run S reverse denoising steps
to sample K candidate B-spline control-point sets Q,Ek) ~
po(Q: | Cy) for k € {1,..., K}, which are subsequently
mapped to continuous local plans {Tt(k)}szl.

2) Temporal Consistency: Receding-horizon planning un-
der partial observability is often inherently multi-modal, where
valid paths exist in distinct topological modes [43] (e.g.,
bypassing an obstacle from left or right). If consecutive
plans switch between these modes, the executed behavior
may oscillate, yielding jittery headings and collisions [52].
To increase temporal consistency in the generated candidates,
we augment the conditioning signal with an explicit previous-
plan token vi"®" representing the heading direction from the
previously selected trajectory 7.

With a clamped cubic B-spline, the initial heading direction
is proportional to the difference between the first and the
second control points, i.e., 7(0) < (Q¢—1,1 — Qi—1,0). In our
robot-centric frame, the first control point is anchored at the
origin Q;—1,0 = 0. The last heading direction is obtained
as vi'*" = norm(Qj_, ;), where Q;_, ; denotes the second
control point of 7;_;. To simplify training and stabilize the
learning process, we use privileged information for vi".
During training process, vi " is computed from the ground-
truth expert control points Qy o rather than from the previous
step. For the first planning step, we use a learned null token
to indicate the absence of previous-plan information.

D. Safety-Aware Candidate Selection via the Critic Module

While the diffusion policy effectively captures the multi-
modal distribution of expert behaviors, the sampled trajectories
are not guaranteed to satisfy safety constraints [53l 154]. To
decouple complex distribution modeling from strict safety
verification, we employ a generate-and-select pipeline. At each
planning step ¢, the diffusion policy samples K candidate
control-point sets {ng)}szl conditioned on the context C,
which generate continuous trajectories {Tt(k)}kK:l. These are
evaluated by an explicit geometric critic, which selects the
optimal one 7} by minimizing a cost function J:

argmin J(7). 3

‘re{‘rfk)}szl

*
T =

In contrast to learning-based trajectory ranking [[19] which
requires extensive training and often fails under distribution
shifts, we propose an explicit, analytic geometric critic. This
module leverages real-time sensor data for robust safety verifi-
cation without additional supervision. We discretize each can-
didate spline Tt(k) into M waypoints {xj}j]\i ! equidistantly
spaced in arc length. The cost J of each path is then evaluated
using the following terms.

1) Discounted Safety Cost: To score the safety of each
trajectory candidate, we build a robot-centric ESDF map E'(x)
using the current depth image D,. Each voxel stores the signed
distance to the nearest obstacle surface, where positive values
indicate free space and negative values lie inside obstacles.
We prioritize obstacle clearance. Since the planner operates
in a receding-horizon manner and executes only the near-
horizon segment before replanning, later waypoints should not
be weighted equally. We design a temporal discount factor
v € (0,1) to prioritize near-field safety:

1 M-1
T Z ~7 max(O, dsafe — E(ng))),
2j—0 V%0
(6)

where E(x) is the ESDF value at position x, and dg,p is the
desired safety margin. This formulation imposes a weighted
penalty on clearance violations, placing greater importance on
the near-horizon segment of the execution path.

2) Path Efficiency: To encourage the efficiency of the
selected plan, we penalize unnecessary detours and prioritize
candidates that terminate closest to the local goal g;.

M—2
k k k
Jlen(‘l't( )) = Z ngﬁl —xg- )HQ,
=0

Jgoal("'t(k)) = HX%C[)A - gtHz'

Jesdt (Tt(k)) =

)

The total trajectory cost for each candidate path is a
weighted sum of the three terms:

T () = A Jesar (1) 4 22 Jien (1) + 23 Jgoa (7)), (8)
where Aj, Ay, A3 > 0 balance safety and efficiency.

V. EXPERIMENTS

This section conducts experiments to answer the following
questions:

e Q1. How does SanD-Planner perform compared to other
vision-based baselines? (Section

e Q2. How does SanD-Planner scale with the number of
expert trajectories (i.e., sample efficiency)? (Section [V-C)

e Q3. How does trajectory representation affect planning
performance? (Section

e Q4. How much does critic-based candidate selection
contribute, and how does performance scale with the
number of candidates K? (Section

o Q5. How does the velocity token affect planning consis-
tency? (Section

e Q6. Can SanD-Planner generalize zero-shot to real-world
and unseen complex environments? (Section
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Fig. 4: Comparison of depth images. (a) Real-world capture.
(b) Clean simulated depth. (¢) Domain randomization depth.

Fig. 5: Simulation benchmark environments [19]. Left: Clut-
teredEnv provides diverse geometric obstacle layouts. Right:
InternScenes features photorealistic indoor settings.

A. Experimental Setup

1) Training Dataset and Implementation Details: Our train-
ing dataset is collected entirely in simulation across 10 di-
verse environments, including two photorealistic Matterport3D
scenes [55] and eight Gazebo worlds comprising tunnels
and indoor layouts [3]. To facilitate 3D local planning, we
explicitly incorporate multi-level structures (e.g., stairs) and
low-clearance obstacles. We collect 500 navigation episodes
using the PCT-planner [6] as the expert to generate collision-
free 3D trajectories while logging the egocentric depth stream.
To maximize data efficiency, we construct training pairs by
randomly sampling sub-trajectories from each expert episode.
Each segment is defined by a random start pose and a future
waypoint along the same expert path, which is then fitted
with a clamped cubic B-spline using eight control points. This
resampling strategy generates diverse and informative labels
from a limited set of demonstrations, significantly enhancing
the policy’s sample efficiency.

The model is trained on a desktop equipped with an
NVIDIA RTX4080 GPU, requiring approximately 5 hours
to converge on the 500-trajectory dataset. During inference,
candidate trajectories are sampled using the deterministic
DPM-Solver++ [56], achieving an operational frequency of
approximately 8Hz. For real-world validation in Section [V-G|
the system is deployed on a laptop with an RTX4090 to ensure
low-latency planning during autonomous navigation.

2) Observation Domain Randomization: To bridge the sim-
to-real gap, we apply domain randomization to observations
during training: /) Temporal Latency: we introduce a tempo-
ral freezing mechanism to mimic compute and communication
delays. With a probability of 0.1, we either freeze the observa-
tion buffer O, to the latest frame or replicate individual frames

TABLE I: Quantitative comparison on InternNav benchmarks.
Results of the baseline methods are taken from [[19].

Benchmark Environment Method SR 1 SPL 1
iPlanner 84.8 83.6

ViPlanner 72.4 72.3

ClutteredEnv NavDP 89.8 87.7
SanD-Planner 90.1 84.0

iPlanner 48.8 46.7

InternS ViPlanner 54.3 52.5
ntern>cenes NavDP 65.7 60.7
SanD-Planner 72.0 63.7

TABLE II: Training data and compute resources.

Method Training Data Training Time
iPlanner 30k depth images 1x RTX3090 Ti, ~ 20h
ViPlanner 80k start-goal pairs 1x RTX3090, ~ 6h
NavDP 200k traj. (= 40M images) 32x A100, 24h
Ours 0.5k traj. (= 35k images) 1x RTX4080, ~ 5h

from their predecessors, simulating signal loss or cold starts.
2) Sensor Noise: We emulate noise patterns characteristic of
the Intel RealSense D435. Following parameters in [S7], we
inject distance-dependent axial noise that scales quadratically
with depth, as visualized in Fig. d] We also synthesize random
pixel dropouts with 0.1 probability, a stereo-occlusion band on
the left margin, and spatially correlated speckle noise. Such
perturbations force the policy to prioritize structural geometric
cues over perfect depth measurements.

3) Simulation Benchmark: We evaluate SanD-Planner us-
ing the InternNav Benchmark [19], which provides photore-
alistic indoor environments designed to minimize the sim-to-
real gap for local obstacle avoidance. The benchmark features
diverse assets and predefined start-goal pairs for point-goal
navigation. To ensure a fair comparison, all baselines are eval-
uated under the same protocol as shown in Fig. 5} Following
the protocol, failure is defined as a collision-caused timeout.

B. Quantitative Performance Comparison

We evaluate SanD-Planner against three SoTA visual plan-
ners: iPlanner [9], ViPlanner [10], and NavDP [19], regarding
the point-goal navigation task. NoMaD [18] is excluded as
it targets image-goal navigation rather than our point-goal
setting. Following the benchmark protocol, we report Success
Rate (SR) and Success weighted by Path Length (SPL) [58]]
across 2020 episodes in ClutteredEnv and 4040 episodes in
InternScenes. Notably, despite training on only 500 trajec-
tories (=~ 0.25% of the 200k trajectories used by NavDP),
SanD-Planner achieves competitive or superior performance
across both benchmarks (Tab. m) On the realistic InternScenes,
SanD-Planner outperforms NavDP by large margins (+6.3%
SR and +3.0% SPL), demonstrating robust generalization to
complex indoor layouts and diverse obstacle distributions.
In ClutteredEnv, SanD-Planner achieves the highest 90.1%
SR while maintaining a competitive 84.0% SPL. The slight
SPL gap compared to NavDP is partly attributable to the B-
spline parameterization, which embeds a structural bias toward
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SR and SPL improve consistently with training dataset size.

safer, albeit more conservative, detours. However, analysis
in Section [V-C| suggests this gap arises from limited data
scale rather than methodological constraints and could be
further narrowed with additional supervision. DD-PPO [59]]
achieved only 6.6% SR / 6.5% SPL on ClutteredEnv due to
the mismatch between its step-wise discrete actions and our
trajectory-level protocol, so we exclude it as a baseline.

The performance comparison between iPlanner (depth-only)
and ViPlanner (depth and semantics) highlights the trade-offs
of multi-modal inputs. While ViPlanner leverages semantics
in InternScenes (4+5.5% SR over iPlanner), it suffers a severe
performance degradation in ClutteredEnv (—12.4% SR), where
primitive obstacles lack well-defined semantic categories. This
underscores the potential brittleness of relying on semantic
cues under distribution shifts. Crucially, SanD-Planner outper-
forms ViPlanner on both benchmarks using depth observations
alone. These results suggest that depth information provides
sufficient geometric cues for general 2D collision avoidance,
whereas semantics may degrade model generalization in out-
of-distribution (OOD) scenes when training data is limited.

Tab. summarizes the reported training data units and
compute budgets of representative learning-based local plan-
ners. These numbers serve as contextual references only, since
methods differ in supervision, data unit, and training protocol,
making budgets not strictly commensurate. NavDP serves as
the most relevant comparison because it is also a trajectory-
level diffusion planner. NavDP is trained as a broader general-
ist model using 200k trajectories, approximately 40M images,
across 3k scenes, whereas our current model is trained on 500
trajectories, approximately 35k logged depth images, from 10
scenes. The results show SanD-Planner demonstrates superior
efficiency, requiring orders of magnitude less training data and
compute to achieve SoTA performance.

C. Sample Efficiency and Data Scaling

We investigate the sample efficiency of SanD-Planner by
training on trajectory-level subsets ranging from 10% to 100%
of the full dataset. As shown in Fig. [6] our approach exhibits
monotonic performance gains as the number of demonstrations
increases. Notably, the model is highly efficient even in data-
scarce regimes, achieving a non-trivial 55.5% SR with only

B-S’pl'ihe
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Fig. 7: Comparison of trajectory representations in simulation.
Top-right: the scene reconstruction with the same start and
goal. For each representation (discrete waypoints, cubic spline,
and B-spline), we show the ego-view image and a bird-view
radar visualization with 10 candidate trajectories overlaid.

TABLE III: Ablation on trajectory representation. Average SR
and SPL on two ClutteredEnv and two InternScenes scenes.

Benchmark Representation SR [%]T SPL [%]1
Waypoints 75.5 65.8
ClutteredEnv Cubic spline 75.0 70.6
B-spline (Ours) 93.0 83.8
Waypoints 75.5 67.8
InternScenes Cubic spline 72.0 65.8
B-spline (Ours) 83.5 72.1

50 expert trajectories (10% data). With 250 trajectories (50%
data), the model attains 65.0% SR, recovering 76% of its
peak performance. Although basic collision avoidance can
be learned from minimal data, SPL continues to improve
substantially as the dataset scales to its full size (49.6% —
78.9%). This suggests that small datasets are sufficient for
acquiring safe behaviors, whereas larger demonstration sets
help the planner learn more efficient bypass strategies and
reduce unnecessary detours.

D. Ablation Study on Trajectory Representation

To validate the impact of trajectory parameterization, we
ablate the output representation while keeping the rest of the
navigation pipeline fixed. All variants predict eight anchor
points to maintain identical output dimensionality. The discrete
waypoint baseline utilizes a fixed 0.2m spacing, resulting
in a 1.4m lookahead. In contrast, both interpolating cubic
splines [9] and our B-spline representation parameterize an
extended horizon of approximately 6m. Tab. shows that
the choice of representation influences performance, with B-
splines consistently outperforming the alternatives. In Cluttere-
dEnv (episodes > 20m), discrete waypoints suffer from the
myopic behavior [21]; while they match cubic splines with
~ 75% SR, they exhibit lower efficiency (65.8% vs. 70.6%
SPL) due to suboptimal detours. Spline-based parameteriza-
tions mitigate this by enforcing smoothness and extending the
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corresponding 3D reconstructions from Depth Anything 3 [60], where the cyan curve indicates the camera/robot trajectory.

planning horizon within the same parameter budget.

The performance gap of B-splines highlights the critical role
of local support. The interpolated cubic splines are globally
coupled, causing prediction errors in occluded far-field regions
to propagate backward and destabilize the immediate execu-
tion segment. Conversely, B-splines possess compact support,
which effectively isolates far-field uncertainty and ensures
near-field stability. In the confined InternScenes environment,
the advantage of long-horizon planning is less pronounced
due to heavy occlusions. This explains why myopic waypoints
slightly outperform cubic splines in such settings. However, B-
splines maintain the best overall performance, balancing near-
horizon robustness with path efficiency. Qualitative results in
Fig. [7| further illustrate this robustness: waypoints yield non-
smooth, less trackable paths, and cubic splines amplify predic-
tion noise across the entire curve. In contrast, B-splines gen-
erate consistent candidates with localized variations, demon-
strating lower sensitivity to perceptual uncertainty.

E. Ablation Study on Candidate Selection

This section further investigates the contribution of the
critic-based candidate selection strategy, since the final perfor-
mance of SanD-Planner depends on both the B-spline diffusion
policy and the online selection module. To disentangle these
factors, we fix the trained B-spline diffusion model and vary
the number of sampled candidates /K during inference. When
K = 1, the planner executes a single diffusion sample, and
the critic-based minimization in Eq. (5) becomes a trivial
selection over a singleton set. This setting, therefore, discards
the candidate selection. For K > 1, the same diffusion model
produces K B-spline candidates, and the ESDF-based critic
selects the trajectory with the lowest cost according to Eq. (§).

Tab. [[V] reports the results on ClutteredEnv. With K = 1,
the policy alone achieves 75.5% SR and 66.8% SPL, indicat-
ing that the learned B-spline policy can generate non-trivial

TABLE IV: Ablation on the number of diffusion candidates
K on 2 ClutteredEnv scenes.

K |1 4 8 16 32
SR [%] 1 75.5 88.0 90.0 90.0 93.0
SPL [%] 1 66.8 78.5 80.9 81.0 83.8

feasible trajectories without selection. However, increasing
K to 4 improves SR from 75.5% to 88.0% and SPL from
66.8% to 78.5%, showing that candidate selection provides
a substantial improvement. Further increasing K yields non-
decreasing performance, reaching 93.0% SR and 83.8% SPL
at i = 32. The gains become smaller after K = 8, suggesting
diminishing returns once the candidate set contains sufficiently
diverse feasible modes.

These results clarify the role of the critic. The critic module
significantly improves execution-time robustness by rejecting
unsafe or inefficient samples. At the same time, the K = 1
result shows that the B-spline diffusion policy itself remains
a meaningful planner rather than relying entirely on the critic.
Together with the representation ablation in Section [V-D] these
results indicate that the two components contribute comple-
mentary benefits. The B-spline parameterization improves the
quality and stability of the generated candidate distribution,
whereas the critic exploits this candidate set to perform safety-
aware selection.

F. Ablation Study on Velocity Token for Temporal Consistency

We evaluate the impact of previous plan information on
planning consistency by ablating the velocity token v*". As
reported in Tab. [V| removing this temporal conditioning leads
to a consistent performance drop, which confirms its neces-
sity for trajectory reliability. Analysis reveals that collisions
without vi™" frequently occur near geometrically symmetric



TABLE V: Velocity-token ablation on ClutteredEnv scenes.

w/o token w/ token
Scene SR [%]T SPL [%]T SR [%]1 SPL [%]1
Scene 1 79.0 0.73 87.0 0.78
Scene 2 93.0 0.86 99.0 0.89
Average 86.0 0.80 93.0 0.84

obstacles (e.g., pillars), where an example is shown in Fig. [§]
Under partial observability, such structures induce bimodal
distributions of plausible bypass trajectories. Without velocity
conditioning, the diffusion model generates dispersed, high-
variance candidates at each step. Since the critic selects the
optimal trajectory independently per step, the planner suffers
from topological inconsistency, frequently switching between
conflicting bypass modes. This results in oscillatory steering
and eventual collisions. In contrast, the v condition effec-
tively regularizes the generative process, yielding concentrated
candidate sets consistent with the robot’s established motion
and ensuring a stable heading.

G. Real-world Experiments

Real-world experiments are deployed on a Unitree Go2
quadruped robot. The platform features an Intel RealSense
D435 depth camera with an IR-pass filter, with algorithms
executed on a tethered laptop. These experiments are designed
to qualitatively verify the zero-shot sim-to-real capability of
our system under unseen scenes, varying illumination, and
noise from realistic depth sensors. The planner operates at
approximately 10Hz, with trajectories tracked by an onboard
Model Predictive Controller (MPC) [19]]. To facilitate high-
frequency replanning in a receding-horizon setting, we employ
a warm-start strategy: each subsequent planning cycle is
initialized from the previous solution and denoised only from
an intermediate diffusion timestep, i.e., from step 6 in a 10-
step sampling schedule. At each step, K = 16 candidate
trajectories are sampled in parallel, with the optimal plan
selected by the geometric critic module.

To assess SanD-Planner’s generalization, we conduct ex-
periments across diverse scenarios with static and dynamic
pedestrians, as shown in Fig. [I] and Fig. 0] Static tests in-
clude narrow mazes and cluttered office with tight clearances.
We further evaluate outdoor navigation, where illumination
changes and complex geometries present significantly more
challenging perception conditions than simulation. Addition-
ally, we demonstrate 3D navigation capability through stair-
climbing trials. For these trials, we switch the Unitree Go2
to its built-in stair-climbing locomotion mode so that the
same planner output drives genuine 3D motion through the
controller. Despite these diverse settings, SanD-Planner gen-
erates smooth, collision-avoiding trajectories, confirming the
effectiveness and zero-shot capability of our method.

VI. CONCLUSION AND FUTURE WORK

This paper presents SanD-Planner, a sample-efficient,
diffusion-based planner using clamped cubic B-spline pa-

Fig. 9: Demonstrations of SanD-Planner in unseen environ-
ments. Depth inputs and predicted trajectories are also shown,
with the selected trajectory highlighted in green.

rameterization. By predicting control points and decoupling
the safety check via a critic module, our method reduces
learning complexity and data dependency. Benchmarks show
that with only 500 expert episodes, SanD-Planner matches or
surpasses SOTA performance. Our findings suggest that: /)
B-splines isolate sensing uncertainty better than waypoints or
interpolating splines, yielding more stable planning; and 2)
depth sensing provides sufficient geometric cues for collision
avoidance. Zero-shot real-world deployment further validates
our method, enabling 2D and 3D navigation tasks such as
point-goal navigation and stair traversal without fine-tuning.

Despite its strong performance, SanD-Planner inherits the
limitations of depth sensing, especially for small, thin, or
specular objects. Future work will investigate integrating
monocular depth foundation models, such as DepthPro [61], as
complementary geometric inputs to improve perceptual cover-
age. However, their scale ambiguity and prediction uncertainty
require explicit handling; conservative ESDF margins can only
partially compensate for such errors. Since our ESDF is con-
structed from local observations, partial observability remains.
The planner emphasizes short-horizon reactive safety, while
long-term spatial memory is better handled by a global plan-
ner. In dynamic scenes, receding-horizon replanning allows the
system to react to moderate changes, but systematic dynamic-
scene benchmarking remains future work. The modular critic,
currently used for post-hoc candidate selection, could also
be extended to test-time guidance or trajectory refinement
under distribution shift. Finally, although this work focuses
on sample efficiency, our data-scaling results suggest further
capacity: training on larger and more diverse demonstrations
may improve generalization across varied environments.
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