
A Robust Conformal Uncertainty Handling
Framework for Safe Crowd Navigation

Jianpeng Yao Xiaopan Zhang† Yu Xia† Zejin Wang Amit K. Roy-Chowdhury Jiachen Li∗

University of California, Riverside

Abstract—Mobile robots navigating in crowds trained using
reinforcement learning are known to suffer performance degra-
dation when faced with out-of-distribution scenarios. We propose
that by properly accounting for the uncertainties of pedestrians,
a robot can learn safe navigation policies that are robust to
distribution shifts. Our method augments agent observations with
prediction uncertainty estimates generated by adaptive conformal
inference, and it uses these estimates to guide the agent’s
behavior through constrained reinforcement learning. The system
helps regulate the agent’s actions and enables it to adapt to
distribution shifts. In the in-distribution setting, our approach
achieves a 96.93% success rate, which is over 8.80% higher
than the previous state-of-the-art baselines with over 3.72 times
fewer collisions and 2.43 times fewer intrusions into ground-
truth human future trajectories. In three out-of-distribution
scenarios, our method shows much stronger robustness when
facing distribution shifts in velocity variations, policy changes,
and transitions from individual to group dynamics. We deploy
our method on a real robot, and experiments show that the
robot makes safe and robust decisions when interacting with
both sparse and dense crowds.

I. INTRODUCTION

Safely navigating among crowds is fundamental to a future
where robots work closely with humans [6, 28]. Various solu-
tions have been studied, including rule-based methods [34, 12],
optimization-based planners [11, 30, 16], reinforcement learn-
ing (RL) approaches [4, 25], and hybrid systems that track a
reference path from an optimizer while a learned policy makes
necessary adaptations [35, 36]. For RL approaches, a single
millisecond-level forward pass can generate decisions, making
them faster and more scalable than optimization- or rule-
based planners. Yet while they excel in in-distribution settings,
their performance drops sharply in out-of-distribution (OOD)
environments. This indicates a tendency towards overfitting
and difficulty in generalizing to diverse crowd dynamics.

Moreover, previous studies have shown that incorporat-
ing predictions into observations, thus forming prediction-
augmented observations [26, 37], can explicitly represent hu-
man intentions and aid in robot decision making. However, this
practice may exacerbate overfitting issues, as human dynamics
in real-world scenarios are inherently complex and difficult
to fully capture in simulation environments or datasets, and
trajectory predictions fitted for one certain dynamics face
generalization challenges to other dynamics. Inaccurate pre-
dictions can severely mislead robot decisions, especially when
robots rely heavily on them to determine actions. Due to
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compounded overfitting from both predictions and the learned
policy, robots specialized for these environments often fail to
generalize to new scenarios with different crowd dynamics. In
other words, existing methods lack a systematic treatment of
prediction errors to improve policy generalizability.

In this paper, we propose that by properly quantifying
uncertainties in human trajectory predictions and incorporating
the results into decision making algorithms, it is possible to
alleviate overfitting in RL-based crowd navigation. Uncer-
tainty serves as an indicator of the reliability of prediction
hypotheses, reflecting both prediction errors and the sensi-
tivity of prediction models to distribution shifts. Therefore,
encouraging the agent to account for uncertainty enables it
to generate actions that are more robust to distribution shifts
and resilient to incorrect assumptions about human dynam-
ics. Specifically, we introduce a learning-based framework
that explicitly reasons about prediction uncertainty. First, we
apply adaptive conformal inference (ACI) [7, 8] to quantify
the uncertainty of each predicted human trajectory with a
prediction set that contains the true future position with
a user-defined coverage probability. Unlike other conformal
approaches [1], ACI updates its calibration online, so it can
swiftly adapt when the underlying crowd dynamics shift.
Second, we employ constrained reinforcement learning (CRL)
to introduce effective controllability into the decision making
system, using uncertainty estimates to guide both the learning
process and the agent’s behavior. Our system achieves the
state-of-the-art (SOTA) performance in safety metrics and with
much smaller performance drops in OOD settings. In the in-
distribution setting, our system achieves an over 8.80% higher
success rate than previous SOTA RL baselines, with more
than 3.72 times fewer collisions and over 2.43 times fewer in-
trusions into pedestrian trajectories in in-distribution settings.
In three different OOD test scenarios that introduce velocity
shifts, policy shifts, and pedestrian grouping behavior, our
method maintains a high success rate and low collision rate,
while competing approaches degrade significantly. Finally, we
deploy the learned policy on a real Mecanum-wheel robot.
With only minor clipping and smoothing, the policy transfers
directly from simulation and achieves safe navigation in both
sparse and dense crowds.

II. RELATED WORK

Crowd Navigation. Mobile robots are expected to interact
with humans and complete various tasks, such as providing
assistance [6]. Crowd navigation forms the foundation for
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performing most high-level tasks. Robots are required to
navigate in crowds, where the challenge of modeling dynamic
human behavior makes navigation challenging. It is crucial
to capture the subtleties of human behavior, such as human
intentions and interactions between agents [20, 9, 39, 19, 21],
and properly use them for effective robotic decisions. Deep
RL offers a potentially viable solution to the challenging
navigation task [23, 22, 27]. Previous work on RL-based
methods for social robots includes the capture of agent-agent
interactions [3, 22] and the intentions of human agents [26],
incorporating these as predictions into RL policy networks.
Our work focuses on alleviating performance degradation in
OOD scenarios and proposes a system that works towards this
challenge by effectively considering and handling uncertainties
in human behavior predictions.

Planning Under Uncertainty. Trajectory planning under
uncertainty has attracted increasing attention. In optimization-
based and search-based methods, researchers have integrated
uncertainty quanti�cation from perception and prediction into
various controllers [38, 5, 15, 24]. These methods easily
support adding constraints or safety shields, allowing explicit
management of uncertainty. By contrast, guiding decision
making in RL agents with uncertainty measures is less straight-
forward, since policy networks often behave as black boxes.
Prior work has augmented agent observations with uncertainty
estimates [13, 10] or post-processed policy outputs based
on uncertainty to ensure safe behavior [33]. However, most
approaches avoid integrating uncertainty guidance directly into
the learning process and still suffer from OOD performance
degradation similar to the methods without uncertainty mea-
sures. In our work, we propose that uncertainty-aware planning
can effectively mitigate OOD performance degradation for RL-
based crowd navigation and introduce a CRL framework that
enhances controllability and leverages uncertainty estimates to
effectively guide decision making, thereby improving robust-
ness to prediction errors and OOD scenarios.

III. M ETHOD

A. Problem Formulation

In our setting, we haveH humans in the environment,
each indexed byh, within an episode of horizonT. At each
time stept, the positions of humans are represented asph (t).
We predictK future steps (a largerK means more extended
future predictions) for each human's future trajectories. The
prediction point for thek-th prediction of theh-th human is
denoted asph;k (t), where1 � h � H and 1 � k � K . We
formulate the task as a constrained Markov decision process,
where the CRL agent is provided with observations of the state
St at each timestep, which consists of two main parts. The
�rst part includes physical information: the current positions
of humans and the robot, and other quantities about the robot's
dynamics. The second part comprises post-processed features
generated by models, such as the predicted human trajectories.
We denote physical state components of ego information as
e, physical components of human information ash, and
components generated by models asm. The complete state

St is written asSt = [ e; h; m]. The agent then generates
action A t = ( vx ; vy ) to control the moving speed of the
robot according toSt . After taking an action, the environment
provides a rewardRt and a costCt . We aim to obtain an
optimal policy � (A t j St ) that maximizes rewards while
satisfying cost constraints.

B. Method Overview

The overall pipeline of our method is illustrated in Fig. 1.
First, we employ two different trajectory predictors: the con-
stant velocity (CV) predictor [31] and the Gumbel social
transformer (GST) predictor [14]. This is to demonstrate that
our algorithm can adapt to both rule-based and learning-
based predictors. Next, we use ACI to quantify prediction
uncertainties and incorporate them intom; subsequently, we
adopt a policy network with a combined attention mechanism
as proposed in [26] to process these uncertainties along with
other features. Finally, we employ CRL to guide the agents'
behavior using the uncertainty quanti�cation results. Instead of
directly applying constraints to the collision rate, we impose
constraints on the average cumulative intrusions of the robot
into other agents' uncertainty areas. This approach provides
behavior-level guidance and effectively addresses the issue of
sparse constraint feedback, thereby improving upon previous
methods that directly constrained result-oriented metrics such
as the collision rate.

C. Rule-Based and Learning-Based Trajectory Prediction

Our system adapts to different prediction models, including
both learning-based and rule-based trajectory predictors, and
can mitigate the adverse effects of incorrect predictions on
the subsequent decision-making process. For the rule-based
prediction model, we use the CV model to obtain simple and
effective estimates of future human states by extrapolating
the current states of human agents based on their velocities.
For learning-based prediction models, we choose the GST
predictor [14] as the learning-based prediction model, which is
designed to address the challenges of partially detected pedes-
trians and redundant interaction modeling. GST is adapted for
the ef�cient encoding of pedestrian features and demonstrates
adaptability and robustness in high-density crowds.

D. ACI for Quantifying Prediction Uncertainty

After obtaining theK -step future predictions, we quantify
the prediction uncertainty using dynamically-tuned adaptive
conformal inference (DtACI) [8], an ACI algorithm that adapts
effectively to distribution shifts and thus serves as a good
�t for online uncertainty estimation in social navigation. For
each prediction step of each pedestrian, we runM prediction
error estimators simultaneously. At time stept, we calculate
the actual prediction error� h;k between the current position
and the predicted position made at time stept � k for the
k-th prediction step of theh-th human as� h;k (t) = kph (t) �
ph;k (t � k)k2, whereph (t) is the position of theh-th human
at time t, ph;k (t � k) is the k-step predicted position of the
h-th human made at timet � k, and� h;k (t) is calculated as the



Fig. 1: The overall pipeline of our method. We mark components related to humans in yellow, components related to physical information and decision-making
of the robot in blue, and fused features in green. We use ACI to quantify the prediction uncertainty of human trajectories and concatenate these metrics with
predictions before inputting them into networks. The networks contain attention mechanisms for interactions between humans (H-H attention) and between
humans and the ego robot (H-R attention). Prediction uncertainty combined with physical information is used for designing costs. For the CRL agent using
PPO Lagrangian, the actor and reward critic share some layers while the cost critic uses a separate network. We adopt reward value losslR , action lossl � ,
and cost value losslC for updating the agent.

L2 norm of the difference ofph (t) andph;k (t � k). We then
update the estimated error generated by them-th estimator for
the h-th human as

�̂ (m )
h;k (t) = �̂ (m )

h;k (t � 1) � 
 (m ) � � � err(m )
h;k (t)

�
; (1)

where �̂ (m )
h;k represents the estimated prediction error of the

m-th estimator corresponding to ak-step ahead prediction
for the h-th human,
 (m ) is the learning rate of them-th
prediction error estimator for all humans and predictions,� is
the coverage parameter, and

err(m )
h;k (t) :=

(
1; if �̂ (m )

h;k (t � 1) < � h;k (t);

0; if �̂ (m )
h;k (t � 1) � � h;k (t):

(2)

According to quantile regression [8],̂� (m )
h;k converges to the

(1 � � ) quantile of actual errors. Since we runM prediction
error estimators with different learning rates simultaneously,
for each error estimator, after taking in the actual prediction
error � h;k and updating the estimated prediction error for
the next step, we evaluate the errors of each estimator and
update the probability distribution for choosing the next output
prediction error estimator by

w(m )
h;k  (1 � � )

w ( m )
h;k exp

�
� � ` ( � h;k ;� ( m )

h;k )
�

P M
j =1 w ( j )

h;k exp
�

� � ` ( � h;k ;� ( j )
h;k )

� + �
M ; (3)

p(m )
h;k  

w(m )
h;k

P M
j =1 w( j )

h;k

; (4)

where we ignore the explicit time-step notationt for simplicity,
and use the arrow to indicate the replacement of values. The
weight w(m )

h;k corresponds to the probabilityp(m )
h;k for the m-

th prediction error estimator,� and � are hyperparameters
of DtACI for adjusting the speed at which weights change.

`(� h;k ; � (m )
h;k ) is the pinball loss function used to measure the

estimation error:

`(� h;k ; � (m )
h;k ) =

(
�

�
� h;k � � (m )

h;k

�
; if � h;k � � (m )

h;k ;

(� � 1)
�
� h;k � � (m )

h;k

�
; if � h;k < � (m )

h;k :
(5)

Each time we estimate the prediction uncertainty, we treat
�̂ h;k as a discrete random variable taking values in the set
f �̂ (1)

h;k ; : : : ; �̂ (M )
h;k g. The probability mass function of̂� h;k is:

P
�
�̂ h;k = �̂ (m )

h;k

�
= p(m )

h;k ; m = 1 ; : : : ; M;
P M

m =1 p(m )
h;k = 1 : (6)

In other words,̂� h;k follows a categorical distribution whose
probability mass function is

�
p(1)

h;k ; : : : ; p(M )
h;k

	
.

E. Policy Network Structure

Once we have obtained the trajectory prediction results and
the corresponding prediction uncertainty, we concatenate the
uncertainty quanti�cation with the predicted trajectory before
feeding it into the attention layers. This allows the RL agents to
account for the prediction uncertainty in their decision-making
process, as shown in Fig. 1. The �rst block is the human-
human attention (H-H attention in Fig. 1), which models
each human as a separate node to capture interactions among
humans. Next, we fuse the robot features (including velocity,
heading, positions, and goal) into the attention blocks through
human-robot attention (H-R attention) to obtain fused feature
embeddings capturing the interactions between humans and
the ego robot. We then process these fused embeddings with
the robot features and concatenate them to form the GRU
input, thereby capturing temporal information. Lastly, the �nal
fused features are passed to the actor and critic networks for
further processing. For more details about the policy network
structure, please refer to [26].



F. Decision Making with Effective Uncertainty Handling

To enhance controllability and enable effective guidance
under uncertainty, we adopt a physically meaningful cost and
adjust its distribution based on a prede�ned cost limit using
CRL, which is not achievable with traditional RL and reward
shaping, as conventional rewards provide only an aggregate
signal without any mechanism to ensure that safety-related
components converge within a speci�ed range. First, we design
the safety critical area of pedestrians as a combination of a
circular area around the human's position and an uncertainty
area aroundK 0 (K 0 � K ) steps of predictions. Since we have
H human agents in the environment, the two parts of the area
are de�ned as

D i (pego) = f pego : jpego � pj � r i g; p 2 Pi ; i = 1 ; 2; (7)

P1 = f ph g; P2 = f ph;k g; 1 � h � H; 1 � k � K 0; (8)

r 1 = r ego+ r h + r comfort; r 2 = r ego+ r h + �̂ h;k ; (9)

where D1 is the subarea around the current positions of
humans andD2 is the subarea around the predicted positions
of humans. If the current center position of the ego robotpego

is in eitherD1 or D2, an intrusion occurs. For the computation,
we consider the distance between the center positions of agents
and prediction points.r ego is the radius of the ego robot,r h

is the radius of theh-th human,r comfort is the radius of the
subarea around the current positions of humans, and�̂ h;k is
the prediction uncertainty generated by DtACI for thek-th
prediction point of theh-th human.

At each time stept, we iterate through all cost areas of
all humans and calculate the maximum intrusion, denoted as
dintru;t . For an episode with a horizon ofT, we have

max
�

TX

t =0

Rt (St ; A t ) s.t.
TX

t =0

dintru;t = ~d; (10)

where ~d is a pre-de�ned threshold.
We formulate the costCt using the intrusions as

Ct (St ; A t ) = �d intru;t , where � is a constant.Our reward
includes three components:Rsuccess, Rcollision, and Rpotential.
Rsuccessis the reward for robot reaches the goal,Rcollision is
for the robot collides with pedestrians, andRpotential provides
a dense reward that drives the ego robot to approach the goal,
proportional to the distance the ego robot approaches the goal
compared to the previous time step [26].

In our work, we use the PPO Lagrangian [29] for opti-
mization. We set up two critics to compute the state value for
reward and the state value for cost. The loss functions for the
critics are de�ned as

lR
t = c1(V R

� 1
(St ) � V targ;R

t )2; (11)

lC
t = c2(V C

� 2
(St ) � V targ;C

t )2; (12)

where c1 and c2 are constants,V R
� 1

(St ) and V C
� 2

(St ) are
network-generated value estimates for reward and cost, respec-
tively, andV targ;R

t andV targ;C
t are the target values.

As for the policy network, the action loss is similar to
the form in PPO [32] except that we employ the combined
advantageÂ0

t = Â R
t � � Â C

t
1+ � . The action loss function can then

be written as

l �
t = Êt

h
min

�
r t (� 3)Â0

t ; clip ( r t (� 3); 1 � �; 1 + � ) Â0
t

�i
; (13)

wherer t (� 3) represents the change ratio between the updated
and old policies,� is the clip ratio, andÂ0

t represents the
estimated value advantage function at time stept. Lastly, we
update� using gradient descent. The loss function [17] for
updating � is de�ned as l �

t = � � ( �C � ~dC ), where �C is
the mean episodic cost and~dC is the cost limit proportional
to ~d. Intuitively, when �C is greater than~dC (i.e., intrusions
are frequent),� will increase according to gradient descent,
leading the RL agents to consider cost advantages more when
updating the policy and thus, actions with larger costs will be
less preferred, and vice versa.

IV. EXPERIMENTS

A. Simulation Settings and Evaluation Metrics

We adopt CrowdNav [3], one of the most widely adopted
simulation environments for crowd navigation. The environ-
ment consists of 20 humans and one robot in a12 m � 12 m
area, with randomized initial positions and goal locations.
The robot has a radius of0:2 m, while human radii are
randomly sampled between0:3 m and 0:5 m. The robot's
maximum speed is set to1:0 m=s. We adopt the standard
evaluation metrics [26], including success rate (SR), collision
rate (CR), timeout rate (TR), navigation time (NT), path length
(PL), intrusion time ratio (ITR), and social distance (SD).
The detailed de�nitions can be found in Appendix C. For
all of these metrics, SR re�ects the effectiveness and CR
evaluates the safety of algorithms. TR, NT, and PL measure
the ef�ciency of the policy-generated paths, and ITR and SD
measure the politeness of the paths. We believe SR and CR are
the most important metrics. Policies with lower SR or higher
CR, even if they might perform better on other metrics, are not
as good as those with higher SR and lower CR. We include
our implementation details in Appendix D.

B. Baselines and Ablation Models

Our baselines include optimal reciprocal collision avoidance
(ORCA) [34], social force (SF) [12], model-predictive control
(MPC), SafeCrowdNav [37], and CrowdNav++ [26]. ORCA
and SF are classic rule-based algorithms in obstacle avoidance,
MPC is an optimization-based algorithm, and SafeCrowdNav
and CrowdNav++ represent the previous SOTA RL algorithms
in crowd navigation. For MPC, we implement a cost function
similar to that in [24, 15], which uses uncertainty as a reference
in the cost formulation to improve safety. We test our method
with the CV and the GST predictors, represented as Ours
(w/ CV) and Ours (w/ GST), respectively. We also include
RL (w/o ACI) and RL (w/ ACI) as two ablation models.
The two variants have the same network structures as Ours
(w/ GST), but RL (w/o ACI) excludes uncertainty estimates



TABLE I: In-Distribution Test Results

Methods SR" CR# TR# NT# PL# ITR # SD"

SF 15.60% 21.44% 62.96% 30.23 34.64 3.78% 0.42
ORCA 67.84% 27.52% 4.64% 22.80 19.74 1.10% 0.50
MPC 73.76% 25.52% 0.72% 19.09 20.88 11.91% 0.43
SafeCrowdNav 89.09� 3.18% 10.91� 3.18% 0.00� 0.00% 13.06� 0.34 12.06� 0.45 14.09� 0.91% 0.39� 0.01
CrowdNav++ 86.11� 0.61% 13.81� 0.57% 0.00� 0.14% 14.96� 1.07 20.68� 0.88 6.61� 0.98% 0.43� 0.01

RL (w/o ACI) 92.67� 1.51% 7.33� 1.51% 0.00� 0.00% 12.89� 0.10 19.42� 0.12 10.62� 0.57% 0.39� 0.01
RL (w/ ACI) 94.08� 1.18% 5.92� 1.18% 0.00� 0.00% 13.35� 0.26 19.88� 0.25 8.81� 0.67% 0.40� 0.00

Ours (w/ CV) 96.03� 1.14% 3.73� 1.24% 0.24� 0.24% 17.88� 0.60 24.51� 0.76 2.40� 0.22% 0.45� 0.00
Ours (w/ GST) 96.93� 0.68% 2.93� 0.61% 0.13� 0.12% 17.54� 0.86 24.27� 0.85 2.72� 0.16% 0.44� 0.00

TABLE II: Out-of-Distribution Test Results

Environments Methods SR" CR# TR# NT# PL# ITR # SD"

20% Rushing Humans

SF 12.24% 19.12% 68.64% 32.06 36.15 5.31% 0.40
ORCA 60.32% 34.96% 4.72% 23.41 19.84 2.95% 0.48
MPC 49.76% 49.84% 0.40% 18.52 17.77 19.70% 0.39

SafeCrowdNav 69.71� 4.55% 30.29� 4.55% 0.00� 0.00% 13.47� 0.40 10.96� 0.66 20.20� 1.10% 0.37� 0.00
CrowdNav++ 73.17� 1.24% 26.67� 1.40% 0.16� 0.16% 15.43� 1.63 19.89� 1.12 12.38� 1.48 0.39� 0.00
RL (w/o ACI) 74.19� 1.26% 25.81� 1.26% 0.00� 0.00% 13.31� 0.30 18.20� 0.10 18.23� 0.31% 0.37� 0.00
RL (w/ ACI) 76.96� 4.29% 23.04� 4.29% 0.00� 0.00% 14.13� 0.32 19.04� 0.14 15.84� 1.14% 0.37� 0.01
Ours (w/ CV) 87.07� 0.89% 12.75� 1.21% 0.19� 0.32% 18.74� 0.31 24.57� 0.66 5.29� 0.20% 0.40� 0.00
Ours (w/ GST) 87.17� 4.14% 12.75� 4.00% 0.08� 0.14% 18.32� 1.01 24.04� 0.85 6.82� 1.36% 0.38� 0.00

SF Pedestrian Model

SF 12.08% 6.72% 81.20% 29.76 40.56 1.60% 0.45
ORCA 92.56% 4.88% 2.56% 22.36 21.91 0.72% 0.48
MPC 89.76% 10.00% 0.24% 17.07 20.58 8.58% 0.41

SafeCrowdNav 91.28� 0.60% 8.72� 0.60% 0.00� 0.00% 12.12� 0.23 11.37� 0.29 10.94� 0.40% 0.39� 0.00
CrowdNav++ 92.48� 1.36% 7.52� 1.36% 0.00� 0.00% 14.65� 1.81 20.82� 1.71 6.48� 0.88% 0.41� 0.00
RL (w/o ACI) 95.68� 0.89% 4.32� 0.89% 0.00� 0.00% 12.35� 0.21 18.99� 0.16 9.98� 0.49% 0.39� 0.00
RL (w/ ACI) 97.41� 0.81% 2.59� 0.81% 0.00� 0.00% 13.08� 0.24 19.81� 0.24 8.07� 0.43% 0.40� 0.01
Ours (w/ CV) 98.48� 0.92% 1.39� 0.82% 0.13� 0.12% 19.02� 0.45 25.84� 0.54 2.04� 0.25% 0.43� 0.01
Ours (w/ GST) 98.96� 0.52% 1.04� 0.52% 0.00� 0.00% 18.18� 0.84 25.05� 0.79 2.66� 0.45% 0.42� 0.00

Groups

SF 2.56% 97.44% 0.00% 9.41 9.91 23.59% 0.35
ORCA 49.44% 46.72% 3.84 22.98 19.37 20.46% 0.39
MPC 69.12% 29.76% 1.12% 20.48 22.78 24.08% 0.37

SafeCrowdNav 75.73� 2.01% 24.27� 2.01% 0.00� 0.00% 16.29� 0.44 13.44� 0.64 26.78� 1.42% 0.35� 0.01
CrowdNav++ 81.84� 15.17% 18.13� 15.20% 0.03� 0.05% 17.28� 1.30 24.95� 3.60 9.05� 6.54% 0.39� 0.01
RL (w/o ACI) 71.07� 6.33% 28.93� 6.33% 0.00� 0.00% 14.87� 0.67 21.35� 1.08 20.17� 2.07% 0.36� 0.01
RL (w/ ACI) 83.12� 7.81% 16.88� 7.81% 0.00� 0.00% 15.70� 0.39 23.53� 1.30 12.67� 4.83% 0.37� 0.01
Ours (w/ CV) 94.51� 4.20% 5.41� 4.23% 0.08� 0.14% 21.16� 1.32 30.61� 1.98 3.00� 0.61% 0.43� 0.01
Ours (w/ GST) 94.13� 3.51% 5.71� 3.31% 0.16� 0.21% 20.19� 0.69 29.69� 0.81 3.55� 1.21% 0.41� 0.01

from the input and does not employ CRL, while RL (w/ ACI)
incorporates uncertainty estimates but does not apply CRL.

C. In-Distribution Test Results

Quantitative Analysis. For all the test results in Table I-
II, we evaluate 1250 samples across 5 random test seeds and
calculate the mean performance and standard deviations of
models trained with 3 different training seeds. The test results
under the same setting as the training environment are shown
in Table I. From these results, we can see that SF, ORCA, and
MPC have lower SR and higher CR compared to RL methods.
When comparing all the RL-based methods, both Ours (w/
GST) and Ours (w/ CV) outperform other methods in safety
metrics and ITR, indicating that our method can generate both
safe and polite trajectories that cause minimal intrusions to
pedestrians. Although our method generates paths with higher
TR, NT, and PL compared to RL baselines and ablation
models, this tradeoff is reasonable considering the overall
improvement in effectiveness and safety. Notably, Ours (w/
GST) achieves over an 8.80% higher SR, decreases collisions
by more than 3.72 times, and reduces intrusions into the future
pedestrian trajectories by more than 2.43 times compared to
the two RL baselines.

Qualitative Analysis. We visualize the behaviors of Ours
(w/ GST) and CrowdNav++ in the same episode in Fig. 2(a)
and Fig. 2(b), respectively. At the beginning, CrowdNav++ de-
cides to approach the goal directly. However, as the pedestrians
move, they gradually surround the robot, which leads to an
almost inevitable collision for CrowdNav++. In contrast, Ours
(w/ GST) chooses to move the robot out of the crowds from
the start. At step 24, Ours (w/ GST) rapidly reacts to a sudden
change in human direction, and the expanding uncertainty area
due to prediction errors accumulated helps the robot perform
an avoidance maneuver.

D. Out-of-Distribution Test Results

OOD Scenarios Mixed with 20% Rushing Humans.
In this setting, we set 20% of the human agents to have a
maximum speed of2:0 m=s. From the results in Table II, we
observe that all methods exhibit degraded performance com-
pared to in-distribution conditions. Especially, SafeCrowdNav,
CrowdNav++, RL (w/o ACI), and RL (w/ ACI) experience SR
drops of 19.38%, 12.94%, 18.48%, and 17.12%, respectively.
In contrast, Ours (w/ CV) and Ours (w/ GST) exhibit smaller
SR drops of 8.96% and 9.76%, respectively. We visualize a
scenario performed by Ours (w/ GST) in Fig. 2(c), where two



Fig. 2: Test-case visualizations. Pedestrians are shown in blue, the robot in yellow, and the goal as an orange star. Light-blue circles show the quanti�ed
uncertainties around pedestrians. (a) Ours (w/ GST) successfully navigates to the goal in an in-distribution environment. (b) CrowdNav++ fails to complete
the same episode; here, light-blue circles represent predicted trajectories rather than uncertainties. (c) Ours (w/ GST) in an OOD environment with rushing
pedestrians. (d) Ours (w/ GST) in an OOD environment using the SF pedestrian model. (e) Ours (w/ GST) in an OOD environment with pedestrian groups.

rushing humans are moving toward the agent at step 32. Due
to the GST predictor facing the challenges of OOD conditions,
the uncertainty area generated by ACI becomes much larger.
The robot then chooses to navigate between these two agents
through the gap between the uncertainty areas at step 34 and
successfully escapes to a safe area at step 38.

OOD Scenarios with SF Pedestrian Model.In this setting,
we change the behavior policy of all human agents from
ORCA to SF. From the results in Table II, all methods perform
better than in in-distribution conditions. Ours (w/ CV) and
Ours (w/ GST) achieve almost perfect results in terms of
SR, CR, and TR, implying that our methodsadapt well
to OOD scenarios caused by different behavior models. We
visualize a scenario performed by Ours (w/ GST) in Fig. 2(d).
When three humans approach each other, the robot with our
policy maintains a conservative distance from the crowds and
successfully escapes afterward.

OOD Scenarios with Group Dynamics. In this setting,
pedestrians are clustered into cohesive groups that maintain
tight intra-group spacing. As Table II shows, every RL baseline
and ablation variant suffers a noticeable performance drop.
Especially, SafeCrowdNav and RL (w/ ACI) fall to SR below
76%. The adaptability to grouped pedestrians of CrowdNav++
is highly sensitive to the training seed, with variance exceeding
15%. By contrast, Ours (w/ CV) and Ours (w/ GST) retain
SR above 94% and CR below 6%, while also displaying the
smallest variance across seeds.

E. Other Test Results

We include additional test results in Appendix E to H,
covering the effectiveness of ACI quanti�cation, a convergence

comparison between Ours (w/ GST) and RL (w/ ACI), the
in�uence of different cost limits on policy aggressiveness, and
cross-evaluations of algorithms trained in environments where
humans either actively avoid or ignore the robot.

F. Real-Robot Experiments

We deploy our method on a ROSMASTER X3 robot with
Mecanum wheels running ROS2, connected via router to a
laptop equipped with a mobile NVIDIA RTX 3070 GPU. We
apply the model to the robot without further �ne-tuning, using
only basic clipping and smoothing. Perception is performed
with a 6 Hz RPLIDAR-A1 LiDAR, human detection via a pre-
trained DR-SPAAM model [18], tracking with SORT [2], and
trajectory prediction with GST. We implement two movement
modes: �xed-goal reaching and long-range navigation with
a dynamically updated goal. The robot navigates outdoor
environments and executes safe behaviors in both sparse and
dense crowds. For more details, please refer to Appendix I-K
and the supplementary video.

V. CONCLUSION

In this paper, we introduce an RL-based trajectory-planning
framework that integrates conformal uncertainty into a CRL
scheme to mitigate OOD performance degradation. Unlike
conventional RL planners that over�t and falter under distri-
bution shifts, our method dynamically leverages uncertainty
estimates to adapt to velocity variations, policy changes,
and transitions from individual to group dynamics. Extensive
simulations demonstrate robust stability across diverse OOD
scenarios, and real-world trials con�rm the practical effective-
ness of our approach.
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