
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 �(s) under iden-
tical perturbations (10� disturbances). Over the �rst 1:5m, the
B-spline deviation stays near zero, whereas the cubic spline
oscillates. (c, d) We �rst �t 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. 3.

1) Parameter Ef�ciency: As shown in Fig. 3 (a) and
(c), B-spline control-point modeling decouples the number
of predicted points from the spatial sampling resolution:
with the same �xed 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 ef�ciency.

2) Smoothness: A trackable robot trajectory should exhibit
continuous position, velocity, and acceleration pro�les, 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 C2-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 Bi;p (u) satisfy the partition of unity [48] (i.e.,P

B i;p (u) = 1; B i;p � 0), every point on the trajectory �t (u)
lies within the convex hull of its control points. For a predicted
set with errors Q0

t;i = Q t;i + �Q t;i , the trajectory deviation
is uniformly bounded by the maximum control-point error:
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Eq. (2) shows that B-splines prevent error ampli�cation 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 Ct , the generator
samples a set of control points Qt , which is deterministically
mapped to a continuous trajectory �t via the B-spline repre-
sentation. Let�Q t 2 RN �3 denote the expert control points
obtained by �tting a B-spline to an expert trajectory, and let
x0 := vec( �Q t ) be the corresponding clean control-point vec-
tor. We train a conditional Denoising Diffusion Probabilistic
Model (DDPM) [50] to model p� (x 0 j Ct ). With a prede�ned
noise schedule f(�s; � s)gS
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