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Abstract
Safe navigation in dynamic environments remains challenging due to uncertain obstacle behav-
iors and the lack of formal prediction guarantees. We propose two motion planning frameworks
that leverage conformal prediction (CP): a global planner that integrates Safe Interval Path Plan-
ning (SIPP) for uncertainty-aware trajectory generation, and a local planner that performs online
reactive planning. The global planner offers distribution-free safety guarantees for long-horizon
navigation, while the local planner mitigates inaccuracies in obstacle trajectory predictions through
adaptive CP, enabling robust and responsive motion in dynamic environments. To further enhance
trajectory feasibility, we introduce an adaptive quantile mechanism in the CP-based uncertainty
quantification. Instead of using a fixed confidence level, the quantile is automatically tuned to the
optimal value that preserves trajectory feasibility, allowing the planner to adaptively tighten safety
margins in regions with higher uncertainty. We validate the proposed framework through numeri-
cal experiments conducted in dynamic and cluttered environments. The project page is available at
https://time-aware-planning.github.io
Keywords: Conformal Prediction, Motion Planning, Trajectory Prediction, Uncertainty Quantifi-
cation, Machine Learning

1. Introduction

Robust navigation in dynamic environments remains a central challenge for autonomous agents Mavro-
giannis et al. (2023); Rudenko et al. (2020). Applications such as mobile robots navigating crowded
areas or drones operating in shared airspace require planners that can efficiently compute collision-
free trajectories despite the uncertainty in predicting the motion of surrounding obstacles. Classical
approaches to motion planning, such as dynamic window search or sampling-based planners Aoude
et al. (2013), either neglect prediction uncertainty or rely on strong parametric assumptions about
obstacle dynamics, resulting in overly conservative behavior or unsafe plans Phillips and Likhachev
(2011). To handle such uncertainty, a variety of robust planning techniques have been developed.
Chance-constrained motion planning Blackmore et al. (2011); Du Toit and Burdick (2011) incor-
porates stochastic bounds on obstacle trajectories, ensuring constraint satisfaction with high proba-
bility. Distributionally robust formulations extend this idea by optimizing against worst-case distri-
butions within ambiguity sets—recent robotics examples include Wasserstein-robust risk maps and
motion/control schemes Hakobyan and Yang (2021). Tube-based MPC contains deviations within
tightened constraint sets and provides robust feasibility under bounded disturbances Zhang et al.
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(2022); Mayne et al. (2011). Reference governor-based methods (Garone et al., 2017; Liang et al.,
2024) address constraint satisfaction in complex systems by computing safety margins and navi-
gation fields that guide the system toward feasible operating regions. Risk-sensitive /Conditional
Value at Risk (CVaR)-based planners explicitly trade expected cost against tail risk (Chow et al.,
2015). These methods provide theoretical safety guarantee but typically require strong assumptions
on the underlying noise model (e.g., Gaussian errors, convex uncertainty sets) and often scale poorly
in high-dimensional or long-horizon planning tasks. Modern online control approaches leverage
Control Barrier Functions (CBFs) (Ames et al., 2019; Lopez et al., 2020) to ensure safety under
uncertainty, incorporating robust and adaptive techniques to compensate for noisy observations and
disturbance.

Recent advances in trajectory prediction using deep learning models provide high-quality fore-
casts of dynamic agents, but they lack calibrated measures of uncertainty. As a result, plans based
directly on such predictions risk unsafe outcomes when the predictions deviate from reality. Con-
formal prediction (CP) has emerged as a powerful framework for providing distribution-free uncer-
tainty quantification with finite-sample guarantees (Vovk et al., 2005; Sun et al., 2023; Strawn et al.,
2023; Chee et al., 2024; Liang et al., 2025). By producing valid prediction regions around obstacle
trajectories at a user-specified confidence level, CP enables principled reasoning about probabilistic
guarantee. It has been applied to probabilistic verification tasks such as large language model valida-
tion (Wang et al., 2024; Cherian et al., 2024), temporal logic verification (Yu et al., 2026), semantic
segmentation (Mossina et al., 2024) and so on. Lindemann et al. demonstrated how CP can be inte-
grated into a model predictive control (MPC) framework to provide probabilistic safety guarantee in
continuous state spaces (Lindemann et al., 2023). While this represents an important step forward,
MPC-based formulations can be computationally expensive for long horizons, and their continu-
ous nature makes them less suited for discrete, graph-based planning domains such as navigation
on road networks, grids, or task-specific graphs. While split conformal prediction guarantee finite
sample coverage under exchangeability, real deployments rarely preserve exchangeability between
historical calibration data amd the incoming stream. Recent adaptive conformal prediction(ACP)
methods address this gap by coupling an online exchangeability diagnostic with a feedback-driven
update that steers realized miscoverage to a target level without assuming exchangeability. (Dixit
et al., 2022; Gibbs and Candès, 2021; Gibbs and Candès, 2024)

In this work, we integrate conformal prediction into Safe Interval Path Planning (SIPP) (Phillips
and Likhachev, 2011) and extend it to a sampling-based framework for continuous domains. Our
approach augments SIPP with confidence levels derived from conformal prediction, enabling the
planner to reason about probabilistic safety alongside travel time. To handle continuous environ-
ments where online sensor feedback is available, we further develop a time-aware Adaptive Con-
formal Prediction Rapidly-Exploring Random Tree (ACP-RRT) algorithm that leverages real-time
observations at each step to adaptively calibrate safety bounds, enabling local reactive planning
while maintaining distribution-free safety guarantee. Together, these frameworks demonstrate how
conformal prediction can provide unified, uncertainty-aware motion planning across both discrete
and continuous settings—with Conformal Prediction Safe Interval Path Planning (CP-SIPP) suited
for global, long-horizon planning and ACP-RRT designed for local, reactive navigation in response
to incoming sensor data.

The main contributions of this paper are: (i) We introduce a CP-SIPP framework that inte-
grates conformal prediction for global, long-horizon navigation with formal, distribution-free safety
guarantee in discrete spatial-temporal domains. (ii) We propose optimization methods that balance
trajectory feasibility, optimal cost, and CP confidence. (iii) We extend the conformal safety princi-
ple to continuous domains through a time-aware ACP-RRT that performs local, reactive planning
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by adaptively calibrating uncertainty bounds using online sensor feedback at each step, enabling
probabilistically safe motion planning under distribution shift.

2. Preliminaries and Problem Formulation

2.1. Confidence Prediction for Dynamic Obstacles

Consider a controllable robot operating on a finite, undirected graph G = (V,E), where V ⊂ Z2

represents discrete spatial locations and E ⊆ V × V encodes valid transitions between them. The
agent’s trajectory over a time horizon T is a sequence of vertices π = (v0, v1, . . . , vk), where vt ∈ V
and k ≤ T . The environment contains n dynamic obstacles O = {τ1, τ2, . . . , τn}, where each
obstacle follows a continuous trajectory τi ∶ [0, T ] → R2 specifying its position over time. The true
obstacle trajectories τi(t) are unknown and must be estimated from sensor data and motion models,
yielding predicted trajectories τ̂i(t).

Since the predictions τ̂i(t) inevitably deviate from the true future positions, we employ confor-
mal prediction (Lei et al., 2017), a statistical framework for constructing prediction regions with
finite-sample, distribution-free guarantees. CP requires only the assumption of exchangeability be-
tween calibration and test data, rather than any specific parametric form, making it particularly
suitable for real-world settings with uncertain or nonstationary dynamics. The key mechanism of
CP is the nonconformity score, which quantifies the discrepancy between model predictions and
ground truth. We define the nonconformity score at time t as the maximum prediction error across
all obstacles, R(t) =maxi=1,...,n ∥τ̂i(t) − τi(t)∥ (Lindemann et al., 2023).

Given a calibration dataset Dcal of historical obstacle trajectories, the conformal framework
assumes that calibration and deployment data are exchangeable. When this assumption does not
hold (e.g., under time-varying dynamics), a weighted conformal prediction approach (Barber et al.,
2023) can be applied. The prediction threshold Ct is then chosen as the (1 − α)-quantile of the
empirical distribution of calibration nonconformity scores, Ct = Quantile1−α{Rj(t) ∶ j ∈ Dcal},
where α ∈ [0,1] is the user-specified miscoverage rate. This construction ensures that P (R(t) ≤
Ct) ≥ 1−α, providing a finite-sample coverage guarantee that holds under exchangeability without
requiring any distributional assumptions on obstacle motion.

To integrate conformal prediction into discrete motion planning, we derive spatially indexed
confidence values. For each grid location s ∈ V and time t, we compute its distance to each pre-
dicted obstacle position as di(s, t) = ∥s − τ̂i(t)∥. The confidence that location s is safe at time t

is then given by c(s, t) = ∣{j∈Dcal∶Rj(t)≤mini di(s,t)}∣
∣Dcal∣ . Here, Rj(t) denotes the nonconformity score

computed from the j-th calibration trajectory. Intuitively, c(s, t) represents the empirical fraction
of calibration samples whose maximum prediction error does not exceed the minimum safety mar-
gin mini di(s, t). By the conformal prediction guarantee, if c(s, t) ≥ 1 − α, then location s is
collision-free at time t with probability at least 1−α under exchangeability. This formulation yields
distribution-free, finite-sample safety guarantees that hold regardless of the underlying obstacle mo-
tion distribution and allows the planner to trade off safety and performance by selecting appropriate
confidence thresholds for each waypoint—higher confidence levels correspond to larger safety mar-
gins around predicted obstacle positions.

2.2. Problem Formulation

In dynamic environments with uncertain obstacle motion, a valid plan must ensure not only spa-
tiotemporal feasibility but also probabilistic safety. Classical shortest-path formulations minimize
travel time while enforcing connectivity, yet they cannot explicitly account for uncertainty induced
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by prediction errors. To bridge this gap, we introduce two complementary formulations: a global
planning problem that employs pre-calibrated conformal thresholds for long-horizon navigation,
and a local reactive planning problem that adapts safety margins online using sensor feedback. For
global planning in the absence of real-time observations, the objective is to compute a trajectory
from start to goal that is both time-efficient and provably safe with respect to prediction uncertainty.

Problem 1 (Global Time-aware Motion Planning) Given a start location vstart, a goal location
vgoal, a time horizon T , a minimum confidence threshold cmin ∈ [0,1], and predicted obstacle
trajectories {τ̂i(t)}ni=1 with fixed calibration dataset, find an optimal trajectory π offline that solves:

min
π

k−1
∑
j=0
(γw(vj , vj+1) + (1 − γ)cj) (1a)

subject to v0 = vstart, vk = vgoal (∃k ≤ T ) (1b)
(vj , vj+1) ∈ E, vj ∈ S(cj , tj), ∀j ∈ {0, . . . , k} (1c)

where γ ∈ [0,1] balances travel time and safety, w(vj , vj+1) is the edge cost e.g., travel time, and
S(cj , tj) = {s ∈ V ∶ c(s, tj) ≥ cj} is the conformal safe set at time tj . cj is the confidence level at
waypoint j.

Problem 2 (Local Reactive Time-aware Motion Planning) Given current state (vcurrent, tcurrent),
goal region vgoal, sensor horizon Hlocal, predicted obstacle trajectories {τ̂i(t)}ni=1, find a feasible
trajectory online πlocal ∶ [tcurrent, tcurrent + Hlocal] → X that starts at vcurrent, maintain conformal
safety confidence Ct(c(t)) from obstacles, and makes progress toward vgoal.

The key difference is that Problem 1 aims to compute an optimal long-horizon path offline using
a fixed calibration dataset, whereas Problem 2 focuses on finding a feasible path online that is
calibration dataset free and adapts to distribution shifts detected through real-time feedback.

3. Solution

We present two planning frameworks that address uncertainty in dynamic environments through
conformal prediction. The first framework (Section 3.1) solves Problem 1 for global, long-horizon
planning using pre-calibrated conformal dataset. We develop two algorithmic approaches: a space-
time planning formulation with explicit confidence enumeration, and a computationally efficient
Safe Interval Path Planning (SIPP) extension that compresses temporal information while main-
taining probabilistic safety guarantees. The second framework (Section 3.2) solves Problem 2 for
local reactive planning with online observations, where we develop a sampling-based approach that
adaptively calibrates safety bounds in response to distribution shift.

3.1. Global Time-Aware Planning

3.1.1. Space-time Planning with Confidence: In traditional space-time planning, the dynamic
environment is modeled as a graph where states s = (v, t) explicitly combine spatial locations v ∈ V
with discrete time steps t ∈ {0,1, . . . , T}. This formulation produces a state space of size O(∣V ∣×T )
by enumerating all spatial-temporal configurations. While this approach requires exploring a large
state space, it guarantees finding the globally optimal solution to Problem 1.

To integrate conformal prediction with space-time planning, we augment the space-time repre-
sentation to include confidence levels: ŝ = (v, c, t), where v ∈ V is the spatial vertex, c ∈ C is the
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discrete confidence level from our finite confidence set C = {c1, c2, . . . , cm}, and t ∈ {0,1, . . . , T}
is the time step. We construct a confidence space-time graph Gst = (Vst,Est) where:

• Vst = {(v, c, t) ∶ v ∈ V, t ∈ {0, . . . , T}, c ∈ C, c(v, t) ≥ cmin} where for each state, c represents the
discrete confidence level assigned based on the empirical confidence c(v, t).

• Est = {((v, c, t), (v′, c′, t′)) ∶ (v, v′) ∈ E, t′ = t +w(v, v′), c′ is the confidence level at (v′, t′)}.

Given the confidence space-time graph GST , we find optimal paths using standard graph search
algorithms such as A*. Edge weights combine travel time and safety:

w((v, c, t), (v′, c′, t′)) = (1 − γ) ⋅w(v, v′) − γ ⋅ log(c′) (2)

where γ ∈ [0,1] controls the trade-off as in (1a): γ = 0 yields purely time-optimal paths, γ = 1
maximizes confidence, and intermediate values balance both objectives. When γ = 0 and multiple
paths achieve equal travel time, ties are broken by preferring higher-confidence states.

The key advantage of this approach is its completeness: the explicit enumeration of all spatial-
temporal-confidence combinations guarantees finding the globally optimal solution. However, this
comes at the cost of a state space that grows as O(∣V ∣ × T ), which becomes prohibitive for long
planning horizons. This motivates our confidence-augmented SIPP approach in the next section,
which achieves similar optimality guarantees with dramatically reduced computational complexity.

3.1.2. CP-Augmented SIPP: While the space–time formulation can achieve globally opti-
mal solutions by explicitly enumerating all spatiotemporal states, it becomes computationally pro-
hibitive as planning horizons or environmental complexity increase. The number of discrete time
steps grows rapidly, leading to an explosion in state–time combinations and making direct search
intractable for large-scale problems. Safe Interval Path Planning (Phillips and Likhachev, 2011)
mitigates this issue by recognizing that, although time is continuous, the number of contiguous safe
intervals at each location is typically much smaller than the total number of timesteps. Instead of
maintaining one state per time step, SIPP aggregates all collision-free times at a vertex into maximal
intervals, thereby compressing temporal information without sacrificing optimality with respect to
arrival time. In the standard SIPP formulation, each spatial vertex v ∈ V maintains a timeline of
alternating safe and unsafe intervals. A safe interval I = [ta, tb) denotes one maximal contiguous
period during which vertex v is guaranteed to be collision-free.

Each state is represented as s = (v, I), indicating that the agent is at vertex v during interval
I . Thus, a single vertex may correspond to multiple non-overlapping safe intervals, each forming a
distinct state. This representation dramatically reduces the number of states compared with the full
space–time grid. During search, SIPP stores for each state s the earliest feasible arrival time g(s) ∈
[ta, tb], which serves as the accumulated cost (i.e., the g-value in A*). The heuristic h(s) estimates
the remaining travel time to the goal (e.g., Euclidean distance divided by maximum speed), and the
evaluation function is f(s) = g(s) + h(s).

When expanding a state, SIPP determines the earliest departure time within I that allows collision-
free arrival at a successor state. This on-the-fly computation of feasible transitions based on arrival
time is what enables SIPP’s temporal compression and efficiency. To incorporate probabilistic safety
guarantees, we extend SIPP by discrete confidence levels C = {c1, c2, . . . , cm} in decreasing order,
where each ci ∈ [0,1] represents a required confidence threshold. A confidence-augmented state
is defined as ŝ = (v, c, I), where v ∈ V is a spatial vertex, c ∈ C is the confidence level, and
I = [ta, tb) is the safe interval corresponding to that confidence. For each vertex–confidence pair
(v, c), we compute the corresponding safe time intervals where vertex v remains collision-free at
level c: mini∈{1,...,n} ∥v−τi(t)∥ > Qc

1−α(t), ∀t ∈ [ta, tb), where Qc
1−α(t) is the (1−α)-quantile of
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the prediction error from the conformal prediction model. In practice, safe intervals are obtained by
discretizing time and identifying the maximal contiguous segments satisfying the above condition.

The search cost is defined in terms of time, ĝ(ŝ) = tarrival, where tarrival denotes the arrival time
at state ŝ. The heuristic function is given by ĥ(ŝ) = h(v, vgoal), representing the estimated remain-
ing travel time from vertex v to the goal vertex vgoal. When multiple states share the same f -score,
the algorithm prioritizes those with higher confidence levels, thereby biasing the search toward safer
trajectories without sacrificing time optimality. If both the f -scores and confidence levels are iden-
tical, ties are resolved arbitrarily. Each state transition (vj , cj , Ij , tj) → (vj+1, cj+1, Ij+1, tj+1) must
satisfy: (i). spatial connectivity: (vj , vj+1) ∈ E; (ii). temporal feasibility: tj+1 = tj + w(vj , vj+1),
where w(⋅) denotes the travel time; (iii). departure constraint: tj ≤ tIjend; and (iv) arrival constraint:
t
Ij+1
start ≤ tj+1 ≤ t

Ij+1
end . The confidence level cj+1 is selected from any admissible value at vertex vj+1

satisfying cj+1 ≥ cmin. Successor states below this threshold are pruned to improve efficiency.

Theorem 1 (Trajectory-Level Safety under Marginal Conformal Guarantees) Let π be any tra-
jectory with collision-check grid T (π) = {t0, . . . , tk} generated by a planner employing conformal
prediction. For each t ∈ T (π), let Et denote the event that the robot’s configuration at time t
lies within the conformal safety set Sct constructed at confidence level ct ∈ [0,1]. Assume that the
per-time coverage guarantees hold marginally, that is, Pr(Et) ≥ ct for all t ∈ T (π).

Then, the probability that the trajectory remains safe at all times satisfies Pr(⋂t∈T (π)Et) ≥
1−∑t∈T (π)(1−ct), Equivalently, the probability of a collision or safety violation along the trajectory

satisfies Pr(⋃t∈T (π)E
∁
t ) ≤ ∑t∈T (π)(1−ct), where E∁t denotes the complement of Et. In particular,

if the confidence level is uniform, ct ≡ 1 − α, then Pr(⋃t∈T (π)E
∁
t ) ≤ kα.

Proof Let Et be the per-time safety events with marginal coverage Pr(Et) ≥ ct. By the com-
plement identity, Pr(⋂t∈T (π)Et) = 1−Pr(⋃t∈T (π)E

∁
t ). Boole’s inequality state that Pr(∪tAt) ≤

∑tPr(At) for any events {At} (Grimmett and Stirzaker, 2001). Applying it with At = E∁t and using

Pr(E∁t ) = 1 − Pr(Et) ≤ 1 − ct yields Pr(⋃t∈T (π)E
∁
t ) ≤ ∑t∈T (π)(1 − ct) hence Pr(∩t∈T (π)Et) ≥

1 − ∑t∈T (π)(1 − ct). In the uniform case ct ≡ 1 − α, this reduces to Pr(∪t∈T (π)E∁t ) ≤ kα with
k = ∣T (π)∣.

3.2. Local Reactive Planning with Adaptive Conformal Prediction

While the confidence-augmented SIPP formulation provides a principled and complete solution for
time-aware motion planning on discretized state spaces, its reliance on a pre-defined graph and
enumerated safe intervals limits scalability in high-dimensional or continuous domains. To address
this, we extend the same conformal-safety framework to a sampling-based setting, where the plan-
ner incrementally explores the continuous space–time manifold using random sampling rather than
explicit graph expansion. In this regime, the safety of each candidate motion is evaluated through
adaptive conformal prediction (ACP), which supplies calibrated uncertainty bounds on obstacle tra-
jectories for a time-varying confidence schedule. This yields a time-aware conformal RRT (ACP-
RRT) that preserves the probabilistic safety guarantees of the SIPP formulation while offering the
flexibility and scalability of sampling-based planning.
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3.2.1. CALIBRATION-FREE ADAPTIVE CONFORMAL PREDICTION

Exchangeability Diagnostics: Real deployments rarely preserve exchangeability between the his-
torical calibration dataset and the incoming prediction-observation stream. Before passing confi-
dence to SIPP, we therefore insert an exchangeability gate.Let Dcal = {Rj}nj=1 be the calibration
scores defined in §2.1. As soon as feedback becomes available online, we collect a warm-up batch
of new scores Dnew = {Rt}t0+W0−1

t=t0 . We assess whether the marginal score distribution remains
unchanged across Dcal and Dnew. The equality condition is L(R ∣ cal) = L(R ∣ new).

Deviation from this criterion is quantified by the two-sample Kolmogorov–Smirnov (KS) dis-
tance D = supx∈R ∣F̂cal(x) − F̂new(x)∣, where F̂cal and F̂new are the empirical CDFs of Dcal and
Dnew. To maintain the nominal level under short-range serial dependence, we approximate the null
distribution of D using a time-robust permutation: pool Z = (Dcal∥Dnew), split Z into contiguous
blocks of length B, randomly permute the blocks to obtain Z∗, and resplit Z∗ into (D∗cal,D∗new).
The permuted statistic is

D∗ = sup
x∈R
∣F̂ ∗cal(x) − F̂ ∗new(x)∣ (3)

Repeating this procedure N times yields {D∗(b)}Nb=1 and the unbiased permutation p-value

p =
1 +∑N

b=1 1{D∗(b) ≥D}
N + 1 (4)

if p < αgate, the gate rejects and ACP is activated.
Adaptive update rule When the exchangeability test rejects, we discontinue the use of calibra-

tion quantiles and switch to calibration-free ACP. Let Rt be the nonconformity score at time t. We
introduce a positive scale λt and a fixed monotone threshold map C(λ).

H(λt) = λt dmin(st), dmin(st) =min
i

inf
τ∈I(st)

∥v(st) − r̂i(τ)∥ (5)

where st is the current vertex-time state, I(st) is its SIPP safe interval, v(st) is the spatial loca-
tion at st,and r̂i(⋅) denotes the predicted trajectory of obstacle i. Define the miscoverage indicator

et = 1{Rt >Ht(λt)} ∈ {0,1} (6)

During deployment the map H(⋅) remains fixed; only the positive scale λt adapts online, we
update

λt+1 = Π[λmin,λmax](λt exp{κ(et − α)}) (7)

initialized at λ0 = 1. Under miscoverage (et = 1) increases λt so that the next region is more
conservative; under coverage (et = 0) it decreases.

Regularity We assume that the miscoverage response p(λ) = E[et ∣ λt = λ,Ft−1] is strictly
decreasing in λ on a compact interval [λmin, λmax] that brackets the target, p(λmin) > α and
p(λmax) < α. Feedback exhibits short-range dependence so that time averages stabilize. Under
these standard conditions and a small constant step size, the one-dimensional feedback on λt yields
the time-average tracking guarantee state below.

Theorem 2 (Time-average coverage control for calibration-free ACP) Under the regularity ab-
ove and a constant step size κ > 0, the closed loop remains in [λmin, λmax] and the realized mis-
coverage frequency satisfies

RRRRRRRRRRR

1

T

T

∑
t=1

et − α
RRRRRRRRRRR
= OP(κ) + OP(T−1/2)
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Therefore a sufficiently small κ keeps the time-average miscoverage in anOκ band around α without
assuming exchangeability with the historical data.

Proof: Let zt = logλt, so the multiplicative update becomes the projected additive recursion
zt+1 = Π[logλmin, logλmax](zt + κ(et − α)). Write et = p(λt) + ξt, {ξt} is bounded martingale
difference under the same weak dependence used by the gate. Let z⋆ = logλ⋆ with p(λ⋆) = α,
and set Vt = (zt − z⋆)2. By strict monotonicity of p in the compact interval [λmin, λmax], for every
ε > 0 there exists ρ(ε) > 0 such that whenever ∣zt − z⋆∣ ≥ ε one has (zt − z⋆){p(λt) − α} ≤
−ρ(ε) (zt − z⋆)2. Using projection nonexpansiveness, E[Vt+1 − Vt ∣ Ft−1] ≤ −2κρ(ε)Vt + κ2.
Summing yields 1

T ∑
T
t=1E[Vt] = O(κ). Averaging et−α = {p(λt)−α}+ξt gives ∣ 1T ∑

T
t=1(et−α)∣ =

O(κ) + OP(T−1/2) Since 1
T ∑ ξt = OP(T −1/2). With diminishing step sizes satisfying ∑t κt = ∞

and ∑t κ
2
t < ∞, the bias vanishes and 1

T ∑
T
t=1 et

PÐ→ α.

3.2.2. TIME-AWARE CONFORMAL RRT

The time-aware conformal RRT extends space-time RRT approaches (Grothe et al., 2022; Sintov
and Shapiro, 2014), which represent nodes as (x, t) pairs, by augmenting each node with a confi-
dence level c to explicitly reason about prediction uncertainty through conformal prediction. When
expanding the tree, the algorithm samples a random spatial state, connects it to the nearest node, and
assigns an arrival time based on the travel distance and robot speed. Along each edge, the planner
predicts the robot’s motion forward in time and checks for collisions against predicted obstacle tra-
jectories. At each intermediate step, the confidence level c(t) is obtained from a predefined decay
schedule, and ACP provides the corresponding prediction radius for that horizon. The edge is ac-
cepted only if all sampled points along it remain outside the ACP-inflated obstacle regions, ensuring
time-consistent conformal safety.

To avoid the problem being infeasible due to a long prediction horizon and to capture the in-
creasing uncertainty of long-term forecasts, the planner employs a time-varying confidence schedule
c(t) that smoothly decays from an initial high confidence cstart ∈ C to a lower terminal confidence
cend ∈ C over the planning horizon H:

c(t) = cend + (cstart − cend) (1 −
t

H
) . (8)

This schedule reflects the intuition that near-term predictions are more reliable and should be treated
conservatively, while distant predictions can tolerate greater uncertainty. As summarized in Algo-
rithm 1, the planner grows the conformal RRT in a receding-horizon manner: at each planning
cycle, it constructs a time-aware tree using the current ACP calibration based on prediction step
and requiring confidence, executes only the first motion segment (RRT node), and then incorporates
new observations to update the ACP bounds. This closed-loop procedure continuously adapts both
the uncertainty estimates and the effective confidence level over time.

4. Results

We evaluate our two planning frameworks through simulation experiments. Section 4.1 presents re-
sults for CP-SIPP, demonstrating global planning performance on grid environments with dynamic
obstacles. Section 4.2 evaluates ACP-RRT for local reactive planning in continuous domains, show-
ing how adaptive conformal prediction maintains safety under distribution shift. We analyze path
quality, and safety guarantees for both approaches.
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Algorithm 1 ACP-RRT
Input: Start node (xs, ts, cs), goal region Xgoal, ACP model A
Output: Probabilistically safe path to Xgoal

1 T ← {(xs, ts, cs)}
2 while goal not reached do
3 Sample xrand ∈ X (xnear, tnear, cnear) ← Nearest(T , xrand)

xnew ← Steer(xnear, xrand)
tnew ← tnear + ∥xnew−xnear∥

vmax

cnew ← c(tnew) from (8);
if ∣xnew − τi∣ > ACP(tnew, cnew) for all i then

4 Add (xnew, tnew, cnew) to T if xnew ∈ Xgoal then
5 return Path(T )
6 return failure

4.1. CP-SIPP

To further illustrate how uncertainty evolves across prediction horizons and confidence levels, we vi-
sualize the quantile table generated by the Seq2Seq LSTM-based motion prediction model (Sutskever
et al., 2014). As shown in Fig. 1, CP-SIPP demonstrates its ability to perform uncertainty-aware
navigation in complex environments with dynamic obstacles. By incorporating conformal predic-
tion into the SIPP framework, the planner adaptively adjusts its trajectory to avoid predicted obsta-
cle regions while maintaining computational efficiency. The green line indicates the executed path,
dark red dots represent predicted obstacle centers, and light red disks denote their 95% quantile
conformal prediction confidence regions rendered at the current timestep.

Executed path Predicted obstacle center Conformal prediction region Static Obstacles Start Goal

Figure 1: CP-SIPP: four frames showing uncertainty-aware CP-SIPP navigating through complex
environments with dynamic obstacles

4.2. ACP-RRT

Figure 2: Confidence Evolution Comparison: left:
The ACP-RRT planner successfully maintains
high confidence. right: The baseline RRT (with-
out ACP) fails with a collision at t = [9,12].

Fig. 3 illustrates the performance of the pro-
posed ACP-RRT with a planning horizon of
H = 50. We introduce three dynamic obsta-
cles, and ACP is employed to generate confi-
dence regions for their predicted trajectories at
each time step. The figure presents snapshots of
the planning process at t = 0, t = 25, and t = 45.
As the prediction horizon increases, the RRT accepts nodes with lower confidence levels, allowing
it to maintain feasibility while adapting to the growing trajectory prediction uncertainty.
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Obstacle GT Path Selected Path RRT TreeObstacle Obstacle future Goal Start

Figure 3: ACP-RRT: three frames showing online ACP-RRT adaptive generating trees to navigating
through obstacles with uncertainty

Fig. 2 (left) illustrates the evolution of the average node confidence during planning. As time
progresses, the agent requires fewer steps to reach the target, resulting in shorter prediction hori-
zons and consequently requiring fewer confidence regions. This leads to an overall increase in the
average node confidence of the constructed RRT path over time. Meanwhile, due to the receding-
horizon structure and the adaptive confidence update rule in (8), the confidence associated with the
immediate next step consistently remains the highest throughout the planning process. In contrast,
Fig. 2 (right) shows the baseline method implementing reactive RRT without ACP, where confi-
dence is validated post-sampling rather than proactively incorporated during tree expansion. This
approach fails with a collision at t = [9,12], where the confidence level drops to zero.

5. Conclusion

We presented two motion planning frameworks that integrate conformal prediction to enable uncertainty-
aware navigation in dynamic environments. The first, CP-SIPP, extends the classical SIPP for-
mulation by incorporating discrete confidence levels derived from conformal prediction, allowing
the planner to compute time-optimal trajectories under formal, distribution-free probabilistic safety
guarantees. The second, ACP-RRT, generalizes these principles to continuous domains through a
sampling-based approach that adaptively adjusts safety bounds online. Together, these frameworks
demonstrate how conformal prediction can provide a unified foundation for efficient, and provably
safe motion planning under uncertainty.
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