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Abstract— Mobile robot navigation in dynamic human envi-
ronments requires policies that balance adaptability to diverse
behaviors with compliance to safety constraints. We hypothesize
that integrating data-driven rewards with rule-based objectives
enables navigation policies to achieve a more effective balance
of adaptability and safety. To this end, we develop a framework
that learns a density-based reward from positive and negative
demonstrations and augments it with rule-based objectives for
obstacle avoidance and goal reaching. A sampling-based looka-
head controller produces supervisory actions that are both safe
and adaptive, which are subsequently distilled into a compact
student policy suitable for real-time operation with uncertainty
estimates. Experiments in synthetic and elevator co-boarding
simulations show consistent gains in success rate and time
efficiency over baselines, and real-world demonstrations with
human participants confirm the practicality of deployment. A
video illustrating this work can be found on our project page
https://chanwookim971024.github.io/PioneeR/.

I. INTRODUCTION

Mobile robot navigation in crowded, human-shared envi-
ronments is inherently safety-critical and requires policies
that remain reliable while adapting to diverse human behav-
iors. Core challenges [1], [2] include uncertainty in human
intent, variability in motion patterns, dense interactions and
bottlenecks, compliance with social conventions and right-
of-way, and strict real-time requirements on embedded plat-
forms. Addressing these challenges is essential for socially
aware and reliable navigation.

Classical approaches [3]–[8] provide interpretability and
explicit safety guarantees but often rely on carefully specified
objectives and handcrafted rules, making them difficult to
generalize in socially dynamic contexts [1]. Learning-based
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methods [9]–[12] instead seek to capture human interaction
patterns directly from data, enabling adaptive and socially
responsive behaviors. However, reinforcement learning typ-
ically demands extensive reward shaping and large training
budgets, while imitation learning is more data-efficient [13]
yet remains prone to distributional shifts and lacks explicit
safety mechanisms [14], [15]. These limitations motivate
designs that combine the adaptability of learning with the
reliability of explicit safety specifications.

We hypothesize that integrating data-driven rewards with
rule-based objectives enables navigation policies that achieve
a more effective balance of adaptability and safety. To this
end, we develop a framework that learns a density-based
reward map from positive and negative demonstrations and
augments it with rule-based objectives for obstacle avoid-
ance and goal reaching. A teacher policy evaluates short-
horizon rollouts under this formulation, producing supervi-
sory actions that are both adaptive to demonstrated behaviors
and explicitly safe by design. For real-time deployment,
the teacher is distilled into a compact student policy that
conditions directly on observations, inheriting adaptability
and safety while remaining suitable for embedded operation.

The main contributions of this work are threefold: (i) a uni-
fied reward formulation that integrates positive and negative
demonstration-driven density learning with rule-based safety
specifications for obstacle avoidance and goal reaching; (ii) a
teacher policy built on this formulation that provides adaptive
and safe supervision, together with an uncertainty-aware
distillation process that yields a compact policy for real-
time operation; and (iii) evaluation in elevator co-boarding
scenarios, in both simulation and real-world trials, assessing
the effectiveness of combining data-driven rewards with rule-
based safety in dynamic human environments.

II. RELATED WORK

A. Navigation in Socially Dynamic Environments

Navigation in socially dynamic environments has been
studied using classical, learning-based, and hybrid ap-
proaches. Classical methods, including window-based
search [3], potential fields [4], velocity–obstacle formula-
tions [5], and control barrier functions [6]–[8], provide in-
terpretable objectives and explicit safety constraints, but rely
on handcrafted cost designs that can be difficult to scale to
complex human interactions [1]. Learning-based approaches
instead infer interaction patterns directly from data [9]–
[12]. Reinforcement learning can produce socially compliant
behaviors but often requires substantial reward engineering
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and training effort, while imitation learning is more data-
efficient [13] yet remains sensitive to distributional shifts and
lacks explicit safety structure [14], [15]. Hybrid frameworks
attempt to combine learning with rule-based or optimization
modules [16]–[19], improving robustness but still relying on
manually specified logic or simplified evaluation settings.

B. Data-Driven Reward Learning

Another line of work focuses on learning reward repre-
sentations from demonstrations of varying quality. Smooth
leveraged kernels [20], [21] incorporate demonstration qual-
ity to improve robustness, while suboptimal or unsafe tra-
jectories can provide counterexamples that delineate unde-
sirable behaviors [20]–[22]. Density-matching reward learn-
ing [23] aligns state–action visitation distributions, produc-
ing occupancy-like reward structures that emphasize feasi-
ble behaviors. Building on these ideas, our approach con-
structs a density-based reward from positive and negative
demonstrations and integrates it with rule-based terms for
obstacle avoidance and goal reaching, enabling navigation
that balances adaptability and safety in dynamic human
environments.

III. PROBLEM FORMULATION

A. State and Observation

Let x ∈ Rn denote the robot state and u ∈ U ⊂ Rm

the control input. The robot dynamics are described by ẋ =
f(x, u), and at each decision step the robot issues a velocity
command

u = [v, ω]⊤ ∈ U , v ∈ R≥0, ω ∈ R, (1)

where v and ω denote translational and rotational velocities.
We assume a unicycle model with state x = (px, py, θ) ∈
R2 × S1.

The observation o ∈ Ω is constructed from LiDAR
measurements and geometric descriptors. The LiDAR scan
with G beams is grouped into K = G/g segments, re-
taining the minimum range from each group to produce
{r(θ1), . . . , r(θK)}. We additionally include the distances
and relative angles of the b nearest obstacles {(di, ϕi)}bi=1

and the relative goal angle ϕg , forming

o =
[
r(θ1), . . . , r(θK), d1, . . . , db, ϕ1, . . . , ϕb, ϕg

]
. (2)

In our implementation, G = 72, g = 3, and b = 2, resulting
in o ∈ R29.

B. Problem Statement

We address the navigation problem of a mobile robot
operating in dynamic human environments. The goal is to
learn a parameterized policy

πθ : Ω → U , (3)

that maps observations o ∈ Ω to velocity commands u ∈ U ,
enabling safe and adaptive closed-loop navigation. To this
end, we adopt a teacher–student formulation: the teacher
policy evaluates candidate actions using a reward constructed

from positive and negative demonstrations together with rule-
based specifications, while the student policy πθ distills this
supervision into a compact controller suitable for real-time
deployment.

IV. PROPOSED METHOD

We present PioneeR (Positive and negative demonstration
density–driven rewards with Rule-based specifications), a
framework for mobile robot navigation in dynamic human
environments. PioneeR constructs a reward map by combin-
ing density-based rewards inferred from positive and negative
demonstrations with rule-based objectives for obstacle avoid-
ance and goal progress. This representation encodes human-
informed navigation preferences while enforcing safety re-
quirements. A sampling-based lookahead controller evaluates
candidate rollouts on this reward and selects actions with the
highest return, as illustrated in Fig. 1.

The resulting teacher policy benefits from forward simu-
lation to generate safe and adaptive supervision but relies on
privileged information through forward simulation of future
states. To address this, we distill the teacher into a student
policy that conditions only on observations. The distilled
policy retains the adaptability and safety of the teacher
and additionally outputs uncertainty estimates that provide
indicators of navigation risk in dynamic environments.

A. Teacher Policy via Reward Design

The teacher evaluates short-horizon rollouts generated
from sampled velocity commands and selects the first action
with the highest return. The return is computed from two
components: (i) a reward learned from positive and negative
demonstrations and (ii) rule-based specifications encoding
safety and task objectives. This design produces trajectories
that reflect demonstrated navigation patterns while maintain-
ing explicit safety margins.

1) Density Reward Learning from Positive and Negative
Demonstrations: We learn a reward over state-action pairs
tailored to navigation by aligning reward values with the
empirical occupancy of demonstrated behavior. Let S and
A denote state and action spaces, and write x = (s, a) ∈
X := S ×A. From demonstrations {xj}ND

j=1 ⊂ X , define the
empirical state–action density µ̂. The reward R : X → R is
obtained by maximizing its expected value under µ̂,

max
R

⟨µ̂, R⟩ subject to ∥R∥2 ≤ 1, (4)

where
⟨µ̂, R⟩ =

∫
S×A

µ̂(x)R(x) dx. (5)

This formulation is model-free, relying on demonstrations.
For practical computation and generalization, we represent

R in a reproducing kernel Hilbert space (RKHS) with
positive semidefinite kernel k. Using inducing points U =
{ui}NU

i=1 ⊂ X and coefficients α ∈ RNU ,

R(x) =

NU∑
i=1

αi k(x, ui). (6)
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Fig. 1: Overview of the proposed framework. A. Reward learning: (a) density-based reward maps are constructed from
positive and negative demonstrations, and (b) augmented with rule-based specifications for obstacle avoidance and goal
reaching. B. Teacher policy: short-horizon candidate rollouts are simulated, scored with the combined reward, and used to
select safe and adaptive supervisory actions. C. Student policy: the teacher’s guidance is distilled into a compact policy
conditioned on LiDAR observations, enabling real-world deployment.

Let KUU ∈ RNU×NU and KUD ∈ RNU×ND have entries
[KUU ]ij = k(ui, uj) and [KUD]ij = k(ui, xj). To control
reward smoothness and improve numerical stability, two
quadratic regularization terms are introduced: one weighted
by λ on the RKHS norm of the function, and another
weighted by β on the magnitude of the coefficient vector.
With 1 ∈ RND the all-ones vector and λ, β > 0, we optimize

max
α∈RNU

1

ND
α⊤KUD1 − λ

2
α⊤KUUα − β

2
α⊤α, (7)

which yields the analytic solution

α̂ =
(
λKUU + βINU

)−1
(

1
ND

KUD 1
)
. (8)

To accommodate demonstrations of varying quality [20],
each sample is augmented with a fidelity score γ ∈ [−1, 1],
where γ ≈ +1 denotes desirable behavior and γ ≈ −1
denotes undesirable behavior. In our implementation, positive
demonstrations are assigned γ = +1 and negative demon-
strations are assigned γ = −1. Positive demonstrations repre-
sent successful navigation behaviors that reach the goal while
maintaining safe interactions with nearby humans, while neg-
ative demonstrations provide complementary information by
indicating undesirable state–action patterns associated with
unsafe or infeasible interactions. Incorporating both types of
examples allows the learned reward to distinguish preferred
navigation regions from those that should be avoided.

We employ a smooth leveraged kernel kSL that modulates
cross-sample similarity according to these scores:

kSL
(
(x, γ), (x′, γ′)

)
= cos

(
π
2 (γ − γ′)

)
kPSD(x, x

′), (9)

where kPSD is chosen as the squared exponential (SE) kernel

kSE(x, x
′) = g2 exp

(
− 1

2l2 ∥x− x′∥2
)
, (10)

with hyperparameters g2 and l2 controlling the output scale
and length-scale. Inducing points U = {(ui, γ̃i)}NU

i=1 and
demonstrations {(xj , γj)}ND

j=1 define KUU and KUD via
kSL for use in (8), producing a reward estimator that is
explicitly sensitive to the distinction between positive and
negative samples. The resulting formulation yields a density-
based reward map that captures demonstrated navigation
preferences while allowing integration with complementary
rule-based objectives.

2) Sampling-Based Lookahead Control: At each control
cycle, candidate actions are evaluated through short-horizon
forward simulation. For a horizon T > 0 and discretization
step ∆t, the rollout of u ∈ A produces a state trajectory

Ξ(u) = {xℓ(u)}Lℓ=0, L =
⌊
T/∆t

⌋
, (11)

where xℓ+1(u) = Φ(xℓ(u), u,∆t) with Φ denoting the
one-step integrator. Each simulated state is mapped to an
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observation (Sec. III-A), yielding the observation rollout
ξ(u) = {oℓ(u)}Lℓ=0.

Each rollout ξ(u) is scored by combining a density-based
reward learned from demonstrations with rule-based priors
for goal progress and obstacle clearance:

RPioneeR(ξ) = αden.Rden.(ξ)+αgoalRgoal(ξ)+αobs.Robs.(ξ),
(12)

with nonnegative weights α∗.
The learned reward Rden. evaluates rollouts using a

density-based reward map constructed from positive and
negative demonstrations:

Rden.(ξ) =
1
L

L∑
ℓ=1

rden.(oℓ), (13)

where rden.(·) assigns rewards that reflect both physical
occupancy and demonstrated navigation preferences. By
leveraging positive demonstrations to indicate desirable be-
haviors and negative demonstrations to highlight unsafe or
undesirable regions, the resulting reward captures aspects of
interaction behavior that are difficult to specify analytically
while remaining grounded in observed navigation behavior.
The goal reward

Rgoal(ξ) = 1− tanh
(

dgoal

dtotal

)
, (14)

encourages progress toward the target by reducing the re-
maining distance, while the obstacle reward

Robs.(ξ) = tanh

(
1
L

L∑
ℓ=1

dℓ

)
(15)

promotes clearance by favoring trajectories that maintain safe
separation from surrounding obstacles.

To balance these components, the weights are modulated
as a function of the remaining goal distance. Let

r ≜ clip
(

dgoal

dtotal
, 0, 1

)
, (16)

and define

αden. = 1 + cos
(
π(1− r)

)
, αgoal = 2(1− r), αobs = 1.

(17)
The coefficient design serves as a heuristic schedule reflect-
ing that demonstration priors are more informative when
the robot is far from the goal, while goal progress becomes
increasingly relevant near the target. Since the weights vary
smoothly with r, the behavior is expected to change gradu-
ally under moderate variations of the coefficient shapes. The
formulation assumes goal-conditioned navigation where dgoal
is available, although alternative scheduling variables could
be adopted for tasks without an explicit goal.

In practice, the controller operates at 10 Hz with T = 3 s
and ∆t = 0.3 s. An exponential moving average with
coefficient αEMA = 0.5 is applied to successive commands
to reduce abrupt changes. Candidate velocity commands are
sampled over a discretized grid, pairing linear velocities
{0.1, . . . , 0.8}m/s with 15 uniformly spaced angular veloc-
ities in [−0.4π, 0.4π] rad/s. This sampling-based evaluation

enables context-aware action selection that reflects both
demonstrated behaviors and rule-based safety considerations.

B. Uncertainty-Aware Distillation
The teacher policy relies on privileged information and

short-horizon simulation, which makes it unsuitable for direct
deployment under real-time constraints. Therefore, we distill
the teacher into a compact student policy πϕ(u | o) using
dataset aggregation [14]. The student is parameterized as
a Mixture Density Network (MDN) [24], which models
the conditional distribution over velocity commands as a
Gaussian mixture:

p(u | o) =

K∑
k=1

πk(o)N
(
u | µk(o),Σk(o)

)
, (18)

where the mixture weights πk(o), means µk(o), and diagonal
covariances Σk(o) are predicted by a neural network. The
network is trained to maximize the likelihood of the teacher’s
actions, enabling the student to reproduce expert guidance
from observations.

An additional property of the MDN is that it pro-
vides closed-form uncertainty estimates via the law of total
variance [25]. The predictive covariance decomposes into
aleatoric terms, capturing inherent data noise, and epistemic
terms, reflecting how each predicted value is different from
others:
V(y | x) = Ek∼π

[
V(y | x, k)

]
+ Vk∼π

(
E[y | x, k]

)
,

=

K∑
j=1

πj(x) Σj(x)︸ ︷︷ ︸
Σalea.(x)

+

K∑
j=1

πj(x)
∥∥µj(x)− E[y | x]

∥∥2
2︸ ︷︷ ︸

Σepis.(x)

.

(19)
These uncertainty measures provide informative signals for
risk-aware analysis [22], [25], as elevated values may be as-
sociated with closer human–robot interactions. In particular,
epistemic uncertainty reflects limited model confidence in
parts of the observation space that are less represented in
the training data. Such situations may arise during unfamiliar
or densely interactive encounters, where navigation outcomes
are less predictable, making epistemic uncertainty a potential
indicator of navigation risk.

V. EXPERIMENTS

In this section, we present a series of experiments to
validate the proposed framework. We first describe the data
collection protocol in Sec. V-A, including how positive
and negative demonstrations were obtained via keyboard
teleoperation. Then, in Sec. V-B, a controlled synthetic study
examines the contribution of each component by comparing
models trained with positive demonstrations only, with addi-
tional negative demonstrations, and with rule-based specifica-
tions. Subsequently, Sec. V-C evaluates PioneeR in a realistic
elevator co-boarding simulation with humans modeled by a
social force model, together with quantitative comparisons
against baseline methods. We further analyze uncertainty-
aware distillation in Sec. V-C.2, and finally present real-
world experiments in Sec. V-D.
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(a) (b) (c)

Fig. 2: Reward maps and resulting trajectories with synthetic dataset. (a) Learning-based reward map trained with positive
samples, highlighting both feasible corridors. (b) Learning-based reward map trained with positive and negative samples,
reducing reward near humans. (c) Reward map combining learning-based and rule-based components, yielding trajectories
with greater clearance.

A. Data Collection Protocol

Demonstrations were collected via keyboard teleoperation
by an expert operator. Positive demonstrations correspond to
successful navigation that reaches the goal while maintaining
safe interactions with nearby humans, whereas negative
demonstrations were obtained by intentionally recording col-
lisions with humans, providing complementary information
about undesirable behaviors. To reduce redundancy, samples
were appended only when the robot state changed by more
than 5 cm in position or 5◦ in heading relative to the previ-
ous sample, reducing temporal correlation while preserving
representative trajectory coverage.

B. Synthetic Study in a Static Environment

We conduct a synthetic study in a planar static setting to
illustrate how positive and negative demonstrations influence
the learned reward and navigation behavior. For visualization,
the reward map is defined over (x, y) coordinates, while tra-
jectories are generated in the full state–action space using the
sampling-based lookahead controller. Demonstrations were
collected via keyboard teleoperation, yielding 446 positive
and 337 negative samples distributed across left and right
corridors around a central human.

Figure 2 compares reward maps and trajectories under dif-
ferent conditions. Using only positive demonstrations high-
lights feasible corridors with a bias toward more frequently
demonstrated regions. Incorporating negative demonstrations
corresponding to collisions reduces rewards near unsafe
regions and shifts the preferred trajectory. Combining the
learned reward with rule-based specifications for obstacle
avoidance and goal seeking produces trajectories that main-
tain clearance while achieving the navigation objective.

C. Dynamic Environments in Elevator Co-Boarding

We evaluate PioneeR in a dynamic setting that captures
human motion during elevator co-boarding. Humans are sim-
ulated using a social force model [26], and the robot receives
LiDAR observations o ∈ Ω while issuing velocity commands
u = [v, ω]T ∈ U . Within PioneeR, a density-based reward
learned from demonstrations is combined with rule-based
objectives for obstacle avoidance and goal reaching, and

the resulting formulation is used by the sampling-based
lookahead controller to generate actions. To reflect repre-
sentative interaction patterns, we consider two human–robot
placements: HR-RL (Human-Right, Robot-Left) and HL-RR
(Human-Left, Robot-Right).

Training data were collected via keyboard teleoperation
for both scenarios, with approximately 732 positive and
170 negative demonstrations in the HR-RL setting, and 662
positive and 194 negative demonstrations in the HL-RR
setting. Performance is reported over five random seeds with
one hundred trials per seed using success rate (SR), total time
(TT), and path length (PL). A trial is considered successful
if the robot reaches within 30 cm of the goal within a time
limit of 30 s, and TT and PL are computed over successful
trials only.

The simulation environment emulates a realistic elevator
setting within a 4× 4m2 map, with geometry modeled after
a Schindler 6000 unit [27] (door width 1.8m, cabin width
2.5m, depth 2.7m). Two humans board while one exits,
and the robot is initialized between the boarding individuals,
creating encounters near the doorway as trajectories cross.
In the HR-RL configuration, humans board on the right and
the robot goal is on the left, while HL-RR mirrors this
arrangement. This scenario induces constrained interactions,
crossing pedestrian flows, and limited maneuvering space,
providing a structured yet realistic testbed for evaluating
socially aware navigation behaviors.

Human motion during elevator co-boarding is modeled
using the social force model [26], where each agent moves
toward its goal with a preferred velocity while being in-
fluenced by repulsive interactions from surrounding agents,
walls, and the robot. We assume uncooperative behavior in
which humans primarily avoid collisions. Following prior
implementations [8], [12], the preferred speed vpref is ran-
domly sampled from {0.5, 0.6, 0.7}m/s, and each human is
modeled with a radius of 0.6m.

For comparison, we evaluate two representative baselines.
CVaR-BF [8] is an optimization-based controller that com-
bines Conditional Value-at-Risk (CVaR) with control barrier
functions to enforce safety through adaptive risk-aware con-
straints. CrowdNav++ [12] is a learning-based approach that
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TABLE I: Performance comparison in two representative hu-
man–robot elevator co-boarding scenarios: HR-RL (Human-
Right, Robot-Left) and HL-RR (Human-Left, Robot-Right).

Scenario Method SR ↑ (%) TT ↓ (s) PL ↓ (m)

HR-RL
Ours 99.4 12.24 3.74

CVaR-BF [8] 72.8 12.82 4.65

CrowdNav++ [12] 78.6 17.52 4.93

HL-RR
Ours 99.6 12.94 3.88

CVaR-BF [8] 71.4 12.82 4.75

CrowdNav++ [12] 64.8 9.71 4.63

models human–robot interactions using a spatio-temporal
graph with attention and predicts human intentions within
a reinforcement learning framework.

1) Navigation Performance: Table I reports navigation
performance in the HR-RL and HL-RR elevator co-boarding
scenarios. Across both settings, the proposed method
achieves success rates exceeding 99% while maintaining low
total time (TT) and path length (PL), indicating reliable and
efficient navigation in dynamic human environments. Com-
pared to CVaR-BF [8] and CrowdNav++ [12], our approach
achieves substantially higher success while preserving effi-
ciency, highlighting the benefit of integrating demonstration-
driven rewards with rule-based safety specifications.

Table II presents ablation results isolating the contribu-
tions of individual components. Removing the density-based
reward causes the largest drop in success rate, underscoring
the importance of demonstration-aligned rewards. Excluding
the obstacle prior reduces total time but decreases success,
while excluding the goal prior increases total time due to
less directed motion. Notably, the density-based reward alone
achieves high success rates, while the addition of rule-
based priors further improves success rate and efficiency.
These trends indicate that learned rewards and rule-based
priors play complementary roles, and their combination helps
balance adaptability with explicit safety margins.

2) Uncertainty-Aware Distillation: We distill the teacher
policy into MDN using the DAgger protocol [14]. Data
collection begins with 50 expert episodes, followed by 10
rounds of 50 episodes where the student executes the policy
with teacher corrective labels. Training uses a batch size of
256 and a learning rate of 10−3. The MDN consists of two
hidden layers with 128 units (ReLU activation, dropout 0.1)
and a Gaussian mixture output with K = 10 components
predicting mixture weights, means, and variances, yielding
26,802 trainable parameters. We also train a standard MLP
with the same configuration. As summarized in Table III,
the MDN achieves higher success rates than the MLP in
both HR-RL and HL-RR scenarios, yielding shorter travel
times and path lengths. Representative trajectories of the
distilled policy are shown in Fig. 3, demonstrating navigation
performance in dynamic elevator co-boarding environments.

Beyond overall performance, we further assess whether
the distilled policy can provide signals of risk through
predictive uncertainty. Evaluation data are partitioned into

TABLE II: Ablation study of reward terms in two represen-
tative human–robot elevator co-boarding scenarios. Each row
indicates which reward terms are active (✓) or removed (×).

Scenario
Reward terms

SR ↑ (%) TT ↓ (s) PL ↓ (m)
den. goal obs.

HR–RL

× ✓ ✓ 83.0 13.61 4.55

✓ × ✓ 99.4 15.70 3.79

✓ ✓ × 94.8 11.64 3.72

✓ × × 96.6 14.65 3.78

HL–RR

× ✓ ✓ 79.8 13.37 4.54

✓ × ✓ 99.4 16.48 3.92

✓ ✓ × 98.8 12.33 3.86

✓ × × 99.4 15.71 3.90

safe and risky frames according to the minimum human-
robot distance: frames with clearance greater than 0.8m are
labeled safe, while those below this threshold are labeled
risky. In HR-RL, this results in 62,374 safe frames and
5,467 risky frames, and in HL-RR, 67,806 safe frames
and 3,245 risky frames. Across both scenarios, epistemic
and aleatoric uncertainty values are consistently higher in
risky frames, indicating that the MDN provides informative
signals about potential hazards. Such estimates can guide
conservative fallback strategies such as reverting to rule-
based control [25], thereby complementing the efficiency of
the distilled policy with explicit safety awareness.

D. Real-World Demonstrations

To demonstrate the practicality of the proposed frame-
work, we conducted real-world experiments in two repre-
sentative elevator co-boarding scenarios with human partic-
ipants, as illustrated in Fig. 4. A four-wheel mobile robot
executed control at 10 Hz, with policy observations derived
from 3D LiDAR data converted into 2D laser scans. In the
first scenario, a single policy was deployed across varied co-
boarding situations, adapting to differences in human motion.
In the second scenario, the robot navigated encounters in-
volving multiple humans and managed the interactions effec-
tively. These trials demonstrate that the proposed framework
extends beyond simulation and supports reliable operation in
real-world human–robot interaction settings.

E. Limitations

While the proposed framework demonstrates strong per-
formance in both simulation and real-world experiments,
certain limitations remain. First, the simulation of human
motion is based on a social-force model, which provides
structured scenarios but does not fully capture the variability
of real pedestrian behaviors. Second, although the reward
learning formulation supports a continuous fidelity variable
γ ∈ [−1, 1] to represent a spectrum of demonstration quality,
in practice we restricted γ to binary labels for positive
and negative examples. This simplification improves training
efficiency but may limit the ability to capture more nuanced
variations in demonstration quality. Third, the density-based
reward relies on kernel hyperparameters, and while empiri-
cally stable behavior was observed, a more systematic anal-
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Fig. 3: Simulation snapshots of elevator co-boarding scenarios. (A) HR-RL: Human on the right, Robot on the left. (B)
HL-RR: Human on the left, Robot on the right.

TABLE III: Comparison of distillation performance from the
teacher policy across different network architectures.

Scenario Method SR ↑ (%) TT ↓ (s) PL ↓ (m)

HR-RL
PioneeR-MDN 98.0 13.67 4.62

PioneeR-MLP 95.8 15.02 6.49

HL-RR
PioneeR-MDN 100.0 14.16 4.70

PioneeR-MLP 98.8 15.29 4.78

ysis of parameter sensitivity could provide additional insight
into robustness. Fourth, the real-world experiments primarily
demonstrate feasibility, and more extensive quantitative eval-
uation with larger datasets and repeated trials would further
strengthen empirical validation. Finally, although the pro-
posed framework allows additional social objectives through
rule-based reward components, our evaluation focuses on
navigation success, efficiency, and safety in constrained
interactions. Incorporating broader social compliance metrics
could provide further insight into behavior quality.

VI. CONCLUSION

This paper presented a navigation framework that inte-
grates density-based reward learning from positive and neg-
ative demonstrations with rule-based objectives for obstacle
avoidance and goal reaching. The teacher policy generates
supervision under this reward formulation, and a student
policy is distilled for real-time deployment with predictive
uncertainty. Experiments in synthetic and dynamic elevator
co-boarding scenarios demonstrated improved performance
compared to baselines, and real-world trials confirmed fea-
sibility on a mobile robot operating alongside humans.
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