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ABSTRACT Driving behavior prediction has become increasingly important, owing to rapid advancements
in autonomous vehicle technologies. Inverse reinforcement learning (IRL) has emerged as a leading approach
domain, as it allows the inference of underlying reward functions from human-driving demonstrations,
enabling the modeling of complex behaviors. Among various IRL approaches, maximum-entropy IRL
(MaxEnt IRL) has gained prominence in driving-behavior modeling owing to its applicability to continuous
state-space problems. In continuous state-space MaxEnt IRL, stochastic motion planners are commonly
employed during training to approximate the partition function because integrating over the entire state-space
is computationally infeasible. However, traditional motion planners often fail to efficiently explore the state-
space surrounding human-demonstrated paths, leading to inaccurate approximations of the partition function.
This study proposes a novel, stable MaxEnt IRL framework that integrates an IRL-aware motion planner
incorporating a guided exploration and exploitation process to efficiently sample high-quality trajectories.
The proposed approach leverages two distributions derived from human-demonstrated paths to balance broad
state-space exploration and targeted exploitation of relevant regions. Experiments conducted in a driving
simulator demonstrate that the proposed method outperforms existing IRLmethods in stability and accuracy,
enhancing the prediction of driving behaviors and showcasing the potential of IRL for achieving human-like
decision-making in autonomous driving.

INDEX TERMS Inverse reinforcement learning, Guided motion planning, Driving behavior prediction

I. INTRODUCTION

The rapid development of autonomous driving systems, de-
signed to mitigate car accidents [1], [2], has fueled a growing
need for accurate driving-behavior prediction. Many acci-
dents are rooted in the complexity and variability of human-
driving behavior, particularly when humans control vehicles
in challenging environments [3]. Accurate driving-behavior
prediction necessitates not only understanding driver actions
but also modeling the underlying decision-making processes
to enhance safety.

Inverse reinforcement learning (IRL) has emerged as
prominent technique for modeling this decision-making pro-
cess. It captures intricate driving behaviors by learning di-
rectly from human-driving demonstrations [4], [5], provid-
ing a data-driven approach for learning reward functions—
indicators of preferred behaviors—without manual specifica-

tion.Various IRL methods have been developed over the past
two decades, including max-margin IRL [6] and Bayesian
IRL [7].

Among these approaches, maximum-entropy IRL (MaxEnt
IRL) [8], [9] has garnered significant attention owing to its
suitability for continuous state-space problems [10]. This ca-
pability is crucial for driving-behavior prediction because dis-
cretizing the state-space often disrupts the balance between
accuracy and computational cost [11]. Recent research has
successfully applied MaxEnt IRL to autonomous driving in
continuous state-space environments [12], [13].

A key challenge in continuous state-space MaxEnt IRL is
accurately approximating the partition function. Calculating
the reward function requires an intractable integral over all
possible paths [14]. This partition function represents the sum
of probabilities for all possible paths, a critical element in
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normalizing the probability distribution of behaviors. Direct
computation of this integral is computationally prohibitive
in continuous environments owing to the infinite state-space.
Thus, researchers have explored various approximationmeth-
ods, including Laplace approximation [14] and importance
sampling [15].

Despite these developments, the performance of exist-
ing approximation methods remains inadequate for practical
driving-behavior modeling. Most approaches employ effi-
cient motion planners to sample paths based on the current
reward function. However, the quality of these sampled paths
and stability of the approximation remain insufficient in the
context of driving-behavior prediction. Among the motion
planners discussed in the literature, rapidly exploring random
tree (RRT) [16] demonstrates potential for modeling driving
behaviors [17], [18] but falls short in complex driving scenar-
ios.

Recent advancements have focused on enhancing effi-
ciency by introducing guided distributions to traditional mo-
tion planners [19]–[23]. These guided motion planners use
distributions derived from human-demonstrated paths to steer
the exploration, as depicted in Fig. 1b. Unlike traditional
motion planners that explore the state-space randomly, guided
motion planners concentrate on more relevant regions, gener-
ating feasible paths that resemble human-demonstrated ones.

However, integrating guided motion planners into IRL
poses difficulties in generating optimal paths owing to the
evolving nature of reward functions during training. Motion
planners in IRL approximate the partition function by sam-
pling paths that maximize the total reward. However, because
the reward function is iteratively refined, paths generated in
the early training phases may be suboptimal. This can result
in inaccurate partition function approximations, potentially
causing the divergence of the gradient of the reward function
and hindering the training process.

To address these limitations, this paper proposes a novel,
stable MaxEnt IRL framework incorporating an IRL-aware
guided motion planner to enhance both the accuracy and
stability of partition function approximation in continuous
state-spaces. To facilitate optimal path generation, even with
preliminary reward functions, a mechanism is introduced to
redirect exploration toward demonstrations when deviations
occur, as shown in Fig. 4. Two specific distributions are
used to balance broad state-space exploration and targeted
exploitation: a broad distribution for wider exploration and a
focused distribution to guide the search toward critical regions
near the demonstrations. By efficiently sampling high-quality
paths using this IRL-aware guided motion planner, the pro-
posed model enhances the optimization of the reward func-
tion, leading to more stable and accurate driving-behavior
predictions.

The main contributions of this study can be summarized as
follows:

• A novel continuous state-space MaxEnt IRL approach
leveraging an IRL-aware guided motion planner is pro-
posed for enhanced stability and accuracy is proposed.

Two types of guided distributions are used to balance
broad state-space exploration with targeted exploitation.

• The proposed method, validated in simulated driving
scenarios, demonstrates improved effectiveness com-
pared with conventional IRL methods.

The remaining paper is organized as follows: Section II
reviews the related literature. Section III outlines the problem
setting for sampling-based IRL and highlights the limitations
of traditional motion planners in the IRL domain. Section IV
details the proposed algorithm. Section V describes the exper-
imental setup, presents the results, and discusses the limita-
tions of this study. Finally, Section VI presents the concluding
remarks.

II. RELATED WORK
This section provides a review of relevant literature on contin-
uous state-space IRL and guided motion planning methods.

A. CONTINUOUS STATE-SPACE IRL
Continuous IRL aims to optimize reward functions within
continuous state-spaces, eliminating the need for discretiza-
tion. However, the intractability of the integral in the parti-
tion function necessitates the approximation of the function
within the IRL model [14]. Several approaches have been
developed to address this approximation challenge. Shiarlis
et al. [17] obtained the highest-rewarded path without plan-
ning all possible paths; however, relying on a single path
is insufficient for capturing the suboptimal nature of real-
world human-driving behaviors. Finn et al. [15] employed
importance sampling to approximate the partition function,
but their method exhibited instability, requiring numerous
trial-and-error iterations. Hosoma et al. [18] introduced RRT
as a motion planner to aid importance sampling. Neverthe-
less, a naive motion planner struggles to explore the entire
state-space efficiently, leading to unstable partition function
approximations. These methods typically involve a trade-
off between the approximation accuracy and the number of
exploration iterations. Therefore, this study is aimed at en-
hancing the solution efficiency by leveraging the advantages
of guided motion planners to achieve a more accurate and
stable partition function approximation.

B. GUIDED MOTION PLANNING
As illustrated in Fig. 1a, traditional motion planners face
significant challenges in efficiently exploring the vastness of
continuous state-spaces. In contrast, guided motion planning
methods offer a promising solution by incorporating human-
driving demonstrations for guide-path generation. Fig. 1b
illustrates how guided motion planners leverage probabilis-
tic distributions to sample the next state more efficiently.
Several studies have built upon this foundational concept.
For example, Ye et al. [20] extracted motion features from
human demonstrations and sampled paths based on a statis-
tical estimation of these features. Cheng et al. [24] devel-
oped a sampling heuristic to minimize the Kullback–Leibler-
divergence between sampled paths and demonstrations.Wang
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(a) Traditional motion planner. (b) Guided motion planner.

FIGURE 1: Comparison of traditional and guided motion
planning. Black dots indicate the currently planned trajectory
and crosses mark the candidates of the next states. Blue
circles highlight the guided regions derived from human-
demonstrated trajectories. (a) A traditional motion planner
randomly samples the next state across the entire state-space,
often resulting in low-quality trajectories. (b) A guided mo-
tion planner samples the next state using guided distributions,
enabling the generation of higher-quality, feasible trajectories
near demonstrations.

et al. [23] provided a non-parametric solution employing
Gaussian mixture regression within a traditional RRT motion
planner to generate high-quality paths. Zwane et al. [25]
applied a safety penalty to the reward function and sampled
paths using Gaussian processes.

However, these existing guided motion planners do not in-
herently guarantee the generation of high-quality paths when
applied to the IRL training process, where the reward func-
tions are iteratively updated. An IRL-aware guided motion
planner requires an additional mechanism to guide the ex-
ploration back toward the demonstrations when the generated
paths deviate significantly.

III. FORMULATION OF SAMPLING-BASED IRL
This section outlines the problem setting for MaxEnt IRL in
a continuous state-space and reviews existing approaches for
approximating the partition function in such settings.

A. PROBLEM SETTING
We define a continuous state-space, S, and a continuous
action-space, A. The agent takes an action at ∈ A at a
discrete time t according to the motion dynamics function T ,
transitioning from the current state st ∈ S to the next state
st+1 = T (at , st). In driving-behavior modeling, representing
a high-dimensional state-space is necessary, including param-
eters such as vehicle positions, velocities, and angles [18].

A path consists of a time-ordered sequence of action–
state pairs over a time horizon h, represented as τ =
{(a1, s1), . . . , (ah, sh)}. The quality of an action taken at a
particular state is evaluated using an immediate reward func-
tion rw(at , st), parameterized by the vector w. IRL aims to
optimize w based on human-driving demonstrations.

B. MAXENT IRL IN A CONTINUOUS STATE-SPACE

Continuous MaxEnt IRL is particularly effective for driving-
behavior predictions as it accounts for the inherent subopti-
mality in human demonstrations. In MaxEnt IRL, the proba-
bility of path τ is modeled as [14]

p(τ ;w) =
exp

(∑
(at ,st)∈τ rw (at , st)

)
Z(w)

, (1)

where Z(w) is the partition function, defined as the sum of
exponentiated rewards over all possible paths

Z(w) =
∫

exp

 ∑
(ãt ,̃st)∈τ̃

rw (ãt , s̃t)

 dτ̃ . (2)

The loss function is the negative log-likelihood summed over
all human-demonstrated paths, defined as follows:

L(w) =
∑

τ∈Ddemo

− log p(τ ;w)

=
∑

τ∈Ddemo

log Z(w)−
∑

(at ,st)∈τ

rw (at , st)

 .

(3)

C. PARTITION FUNCTION APPROXIMATION USING A
MOTION PLANNER

Among the various approaches for partition function approx-
imation, Finn et al. [15] introduced an importance sampling
method, aiming for greater reliability. This method approxi-
mates the partition function using a set of paths sampled from
a motion planner as follows:

Z(w) ≈ 1

|Dsamp|
∑

τ∈Dsamp

exp
(∑

(at ,st)∈τ rw (at , st)
)

q(τ)
, (4)

where q(τ) represents the auxiliary density function em-
ployed for path sampling and Dsamp denotes the set of paths
sampled from q(τ).

Hosoma et al. [18] applied an RRT planner to enhance the
efficiency of path sampling in a continuous state-space. The
density function q(τ) for path τ is defined as

q(τ) =

∑
(at ,st)∈τ exp (rw (at , st))∑

τ̃∈Dall

∑
(ãt ,̃st)∈τ̃ exp (rw (ãt , s̃t))

, (5)

where Dall is the set of all possible paths within the state-
space. A subset of these paths, denoted as Dsamp, is sampled
using q(τ) to approximate the partition function described
in (4).

Using the approximated partition function, the gradient of
the MaxEnt IRL loss function can be expressed as

∇wL(w) =
1

W

∑
τ∈Dsamp

exp (rw (τ))
q(τ)

drw(τ)
dw

−
∑

τ̃∈Ddemo

drw(τ̃)
dw

,

(6)
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(d) Ddemo ⊂ Dsamp.

FIGURE 2: Venn diagrams illustrating the relationships be-
tween the sets of demonstrated and sampled trajectories.

where W is defined as

W =
∑

τ∈Dsamp

exp (rw (τ))
q(τ)

. (7)

The marginal reward for a path, defined as rw (τ) =∑
(at ,st)∈τ rw (at , st), reflects the rewarded visitation frequen-

cies of the action–state pairs along that path. This gradient
effectively quantifies the difference between the expected
visitation frequencies, inferred from the sampled paths, and
empirical visitation frequencies present in the demonstra-
tions. The loss function converges when the learned visitation
frequencies align with those observed in the demonstrations,
thus ensuring that the agent’s behavior mirrors the demon-
strated actions.

D. LIMITATIONS OF TRADITIONAL MOTION PLANNERS
FOR IRL
When coupled with traditional motion planners, continuous
IRL struggles to accurately model the decision-making pro-
cess owing to inadequatemotion transition probabilities in the
sampled paths. Traditional planners require extensive time to
thoroughly explore the continuous state-space. Without suffi-
cient exploration, the generated paths fail to adequately repre-
sent the demonstrated ones. However, importance-sampling-
based partition function approximation assumes that the den-
sity function (q(τ)) of all sampled paths sufficiently repre-
sents the distribution of all possible paths, including those
demonstrated. Consequently, inadequate motion transitions
in sampled paths generated by traditional planners lead to
inaccurate partition function approximations, introducing in-
stability into the IRL model.

Fig. 2 illustrates the consequences of inadequate motion
transition probabilities based on four logical relationships
between the demonstrated and sampled sets of paths. In
Fig. 2a, a significant mismatch exists between the sampled
and demonstrated paths. This discrepancy not only biases
the partition function approximation but also leads to mis-
matched visitation frequencies between the two sets. Because
the gradient of the loss function, defined in (6), aims to align
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FIGURE 3: Results from a simplified toy IRL model using a
traditional motion planner, illustrating instability.

the visitation frequencies of both sets, such a discrepancy
induces large divergences in the gradient, destabilizing the
IRL model. Fig. 2b depicts a scenario with non-disjoint sets
of Dsamp and Ddemo. Even in this case, if the probability dis-
tribution of the sampled paths, p(τsamp), differs significantly
from that of the demonstrated paths, p(τdemo), the partition
function approximation remains biased. Conversely, Fig. 2c
illustrates a scenariowhere the IRLmodel overfits the demon-
strations. Finally, Fig. 2d presents the ideal case: p(τsamp)
sufficiently covers p(τdemo), enabling effective convergence
through gradient-based optimization.
Fig. 2b further illustrates the instability of the IRL model

using a simple toy example in a two-dimensional, 3 × 3
discrete state-space, focusing on the issues arising from par-
tially overlapping sets. In this toy model, the challenge of
inadequate motion transition probabilities is simulated by
restricting the demonstrated motions to diagonal transitions
between states, as shown in Fig. 3a, whereas generated mo-
tions are limited to four directions: up, down, left, and right, as
depicted in Fig. 3c. The objective is to pass through the way-
point at (2,2) and reach the goal at (3,3), consistent with the
reward functions illustrated in Fig. 3b. During IRL training,
the mismatch in motion transitions and visitation frequencies
between these partially overlapping sets causes instability. As
shown in Fig. 3d, the loss function diverges in this toy model,
highlighting another critical issue for IRL. According to the
definition of the loss function in (3), its value should always
remain non-negative. This is because the partition function
should be larger than the sum of the exponentiated rewards,
i.e., log Z(w) >

∑
(at ,st)∈τ rw (at , st), as defined in [8].

Therefore, inadequate motion transitions result in insufficient
partition function approximations, leading to an unstable IRL
model.

In contrast, guided distributions enable motion planners
to sample action–state pairs more closely aligned with the
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FIGURE 4: Overview of the proposed continuous state-space MaxEnt IRL framework utilizing IRL-aware guided motion
planners. The right panel illustrates the use of two distribution types, broad and focused, within the motion planner to balance
broad state-space exploration with targeted exploitation. Black lines represent the planned trajectory, while crosses indicate the
candidates of the next states. The broad distribution promotes exploration within guided regions, and the focused distribution
directs sampling toward demonstrated trajectories. This approach facilitates the generation of high-quality paths for partition
function approximation.

demonstrated regions. This improved alignment leads tomore
accurate state visitation frequencies and, consequently, better
model convergence.

IV. IRL LEVERAGING GUIDED MOTION PLANNING

A. OVERVIEW

This study introduces an IRL-aware guided motion planner to
achieve stable and accurate partition function approximation
within an IRL framework. Our approach builds upon existing
methods by incorporating a mechanism specifically targeting
exploitation near demonstrations. This crucial addition allows
for optimal path generation even with imperfect, evolving re-
ward functions. The core innovation, illustrated in Fig. 4, lies
in achieving a dynamic balance between broad exploration
and focused exploitation during the path-sampling process.
This carefully calibrated balance results in a more stable
and reliable IRL model, particularly beneficial for driving-
behavior prediction.

The subsequent sections are organized as follows: Sec-
tion IV-B introduces the general concept of guided motion
planners. Section IV-C discusses the specific requirements
for a guided motion planner to be considered ‘‘IRL-aware’’.
Section IV-D details the design of the proposed IRL-aware
guided motion planner. Lastly, Section IV-E summarizes the
proposed stable IRL algorithm.

B. MOTION PLANNING WITH GUIDED DISTRIBUTIONS

Traditional motion planners aim to sample paths, τ ∼ p(τ),
according to a distribution, p(τ), defined by the following

Markov property [26]

p(τ) = p(a1:h, s1:h)

= p(a1:h−1, s1:h−1)p(sh|ah−1, sh−1)p(ah|sh),
(8)

where p(at |st) represents the policy. At each timestep t , tra-
ditional motion planners randomly sample a new action–state
pair (at , st) to construct a feasible path.
In contrast, guided motion planners [21], [23] leverage

prior knowledge, such as human demonstrations, to sample
new action–state pairs conditioned on environmental factors:
(at , st |ct). Here, ct represents the environmental factors in-
fluencing human decision-making. For example, a human
driver would stop if the traffic light turned red. Thus, guided
motion planners sample paths according to the following
probabilistic distribution:

p(a1:h, s1:h|c1:h) =
h∏

t=1

p(at , st |ct)pguide(at |ct)pguide(st |ct).

(9)
For clarity, we will use the term guided distribution to refer
to a probabilistic distribution designed to steer the path-
sampling process. Guided distributions encourage the sam-
pling of new action–state pairs in high-reward regions, facil-
itating the generation of high-quality paths. Notably, actions
are assumed to be uniformly sampled (i.e., pguide(at |ct) ∝ 1),
and the guided distributions within the state-space are ex-
plored.

C. IRL-AWARE MOTION PLANNER REQUIREMENTS
As discussed in Section III-D, a critical requirement for an
IRL-aware motion planner is to ensure sufficient overlap be-
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tween the distribution of sampled paths, p(τsamp), and that of
demonstrated paths, p(τdemo). This overlap, essential for ac-
curate partition function approximation and stable, gradient-
based optimization, stems directly from the fundamental def-
initions of the partition and loss functions within the IRL
framework. The partition function approximation, as defined
in (4), depends on a set of paths,Dsamp, sampled by themotion
planner. The probabilities of these sampled paths, p(τsamp),
are then used to compute the IRL loss function, defined in (3).
The core objective of MaxEnt IRL is to minimize this loss
function. This minimization is constrained by the requirement
that the expected visitation frequencies of the model match
those observed in the demonstration data. This constraint is
formally expressed as in (6.1) in [9]:

Eτ∼p(τsamp)[rw(τ)]− Eτ̃∼p(τdemo)[rw(τ̃)] = 0. (10)

Notably, significant deviations between the sampled paths
Dsamp and demonstrated paths Ddemo (e.g., if Dsamp ∩Ddemo =
∅, as shown in Fig. 2a), introduce bias into the importance-
sampling-based partition function approximation. This bias,
in turn, corrupts the gradient calculation, hindering effective
optimization of the reward function parameters. This problem
is particularly acute in continuous state-spaces, where a dom-
inance of low-quality paths in Dsamp can cause the model to
diverge significantly from the demonstrated behaviors.
Existing guidedmotion planningmethods often fail tomeet

the above mentioned requirement. The core issue is the ten-
dency of sampled paths to deviate from demonstrations when
suboptimal reward functions are used. While IRL relies on
the motion planner to sample paths, aimed at maximizing the
total reward of visited states, the iterative nature of training
means that the reward function is continuously updated. Con-
sequently, the rewards used for sampling at any given stage
might still be suboptimal. Although guided motion planners
incorporate distributions derived from demonstrations, they
often struggle to efficiently explore the state-space surround-
ing demonstrated paths under these suboptimal reward con-
ditions. This frequently results in the generation of partially
disjoint sets of paths (as shown in Fig. 2b), leading to biased
partition function approximations and unstable gradient up-
dates.

D. IRL-AWARE GUIDED MOTION PLANNER DESIGN
This study proposes a novel IRL-aware guided motion plan-
ner to address the critical path deviation issue that arises
during sampling in standard IRL. Our method extends ex-
isting approaches by incorporating a demonstration-targeted
exploitation mechanism, which promotes the generation of
high-quality paths even when using suboptimal reward func-
tions. The key innovation lies in carefully balancing broad
exploration with targeted exploitation during path sampling.
This balance ensures that the sampled path set approxi-
mates the ideal coverage shown in Fig. 2d, while avoiding
the overfitting scenario depicted in Fig. 2c. The proposed
approach relies on RRT-based motion planners, given their

proven effectiveness and efficiency in continuous state-space
problems [18].

The demonstration-targeted exploitation mechanism oper-
ates by extending the initial RRT tree nodes with rewards
that are discounted based on a predefined factor. In an RRT-
based motion planner, tree nodes represent states, edges rep-
resent actions, and node values correspond to rewards. The
proposed method initializes these nodes using states from
the demonstrated paths. By applying discounted rewards, we
relax the strict adherence to demonstrations, preventing the
overly constrained sampling that would result in the situation
observed in Fig. 2c. Without this discounting, sampled paths
would remain too close to the demonstrations, limiting the
necessary exploration.

To ensure broad exploration, we integrated Gaussian mix-
ture model (GMM)-based methods [23], [25]. Specifically,
we employ a Dirichlet process GMM (DPGMM) [27] to
effectively model driving behaviors in a high-dimensional
state-space. The DPGMM is particularly well-suited for this
type of space because it automatically determines the optimal
number of clusters, unlike traditional GMMs that require
manual tuning. The Dirichlet process serves as a prior for the
mixture components. The distribution of mixing coefficients
over K components, π = (π1, . . . , πK ), can be obtained from
a Dirichlet distribution as follows:

p(π) = Dir(π|α0), (11)

whereα0 can be interpreted as a prior number of observations
associated with each component of the mixture. The mean
µk and precision Λk of each component follow a Gaussian–
Wishart distribution:

(µk ,Λk) ∼ N
(
µk |mk , (βkΛk)

−1
)
W (Λk |W k ,νk) , (12)

where βk , mk , W k , and νk are the parameters updated via
the expectation-maximization (EM) algorithm, as detailed
in (10.60)–(10.63) in [28]. Finally, the path probability den-
sity function is defined as

pguide(st) =
K∑
k=1

πkp(st |k)

=

K∑
k=1

πkN (st ;µk ,Λk).

(13)

Algorithm 1 summarizes the tree-generation process for
the proposed IRL-aware RRT-based motion planner. The
algorithm requires several inputs: demonstrated path τdemo,
action–state space (A,S), goal regionGgoal , trainedDPGMM
parameters (µ,Λ), and discount factor γ. A tree T contains
a node set V representing states, an edge set E representing
state transitions, and a reward set R representing the cumula-
tive rewards over a sequence of states. The tree initialization
(Lines 3–5) involves incorporating the demonstrated path
with discounted rewards using γ. In the main loop, the al-
gorithm selects between random sampling (Line 8) or guided
sampling (Line 10) to determine the next state. The threshold
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Algorithm 1: Tree-generation process of IRL-aware
guided RRT-based motion planner
Input: τdemo,A,S,Ggoal ,µ,Λ, γ,Θ
// initialization

1 sinit ← τdemo;
2 V ← sinit ,E ← ∅,R← r(sinit);
// tree initialization using

demonstrations

3 for st ∈ τdemo do
4 rsum(st)← γ

∑t
t′=1 r(st′);

5 T ← extend(st , et , rsum(st));

// main loop

6 for i← 1 to maxIter do
// guided exploration

7 if Random(1) < Θ then
8 srand ← UniformSample(S);
9 else
10 srand ← NormalSample(µ,Λ,S) by (13);

11 snearest ← NearestState(T , srand);
12 snew, enew ← Steer(A, snearest);
13 rsum(snew)← rsum(snearest) +

∑
s∈enew r(s);

// tree expansion

14 if snew, enew ∈ S then
15 T ← extend(snew, enew, rsum(snew));
16 if snew ∈ Ggoal then
17 return T = (V ,E ,R);

18 i← i+ 1;

19 return failure;

Θ (Line 7) controls the balance between random and guided
sampling. After a new state is sampled, the nearest existing
node in the tree is identified (Line 11), and the algorithm
steers toward the new state, following nonholonomic vehicle
dynamics (Line 12). Notably, the inclusion of demonstrated
states in the tree (Line 11) ensures that the planner can
correct paths that have deviated, guiding them back toward
the demonstrated trajectories, and thus reinforcing guided
exploration.

Algorithm 2 summarizes the importance sampling proce-
dure for approximating the partition function using the tree
generated in Algorithm 1. Here, N represents the number
of paths to be resampled, where N = |Dsamp|. The IRL-
aware guided motion planner ensures that the sampled paths
are concentrated in regions of interest, thereby improving the
quality of the partition function approximation and learning
stability.

E. ALGORITHM
Our IRL algorithm combines the strengths of the IRL-aware
guidedmotion planner and importance sampling. This combi-
nation yields a more reliable and efficient IRL framework that
is particularly well-suited for high-dimensional, continuous

Algorithm 2: Importance sampling by IRL-aware
guided motion planner
Input: T ,Ggoal ,N
// sampling all possible paths

1 Dall ← ∅;
2 for sgoal ∈ V and sgoal ∈ Ggoal do
3 τ ← backTrack(sgoal ,V ,E);
4 Dall ← Dall ∪ {τ};
5 q← getNormalizer(Dall) by (5);
// Resampling

6 if |Dall | >= N then
7 Dsamp ← UniformSample(Dall ,N );
8 return q,Dsamp;

9 return failure ;

Algorithm 3: Stable IRL via leveraged guidedmotion
planner
Input: Ddemo,A,S,Ggoal ,µ,Λ, γ,N
// initialization

1 w← randomlyInit;
// main loop

2 for i← 1 to maxIter do
3 for τ ∈ Ddemo do

// RRT generation by Algorithm 1

4 T ← guidedRRT(τ,A,S,Ggoal ,µ,Λ, γ);
// Path sampling by Algorithm 2

5 q,Dsamp ← sampling(T ,Ggoal ,N );
// parameter update

6 ∇wL(w)← getGrad(q,Dsamp) by (6);
7 w← update(w,∇wL(w));

8 i← i+ 1;

9 return w;

state-spaces. The guided approach ensures that the learned
reward function accurately captures the decision-making pro-
cess underlying the demonstrated behaviors, thereby improv-
ing performance and stability in complex environments.
Algorithm 3 provides a comprehensive overview of the

gradient-based optimization process for IRL, integrating im-
portance sampling with an IRL-aware guided motion plan-
ner. This approach capitalizes on the insights gained from
Algorithms 1 and 2, enabling efficient partition function ap-
proximation and stable gradient optimization in a continu-
ous state-space. The overall guided IRL algorithm takes the
demonstrated paths, Ddemo, and other parameters necessary
for sampling as inputs, as detailed in the pseudocodes of the
algorithms. The primary goal of the process is to iteratively
update the reward function parameters, w, until the expected
visitation frequencies from the model align with those ob-
served in the demonstrations.
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ego vehicle obstacle#1 obstacle#2 goal range

(a) Obstacle-avoidance scenario.

STOP

start point stop line goal range

(b) Stop-line scenario.

FIGURE 5: Bird’s-eye view of driving scenarios in the
CARLA simulator.

V. EXPERIMENTAL RESULTS
This section details the experimental setup. Sections V-A–
V-E describe the driving scenarios, comparison methods,
evaluation metrics, and learned DPGMM fitting to demon-
strated data.

Subsequently, experimental results are presented for two
types of driving environments: static and dynamic. Static
environments represent fundamental real-world conditions,
with environmental factors such as road geometry and obsta-
cle positions assumed to be consistent over time Section V-F
presents both quantitative and qualitative experimental re-
sults, followed by a detailed analysis of the findings. In con-
trast, dynamic environments feature variable environmental
factors and are categorized into two types based on the driving
complexity: contextual dynamic and fully dynamic environ-
ments. In contextual dynamic environments, environmental
factors are time-invariant during path sampling but may differ
between training and evaluation. As described in SectionV-G,
experiments were conducted to simulate a real-world use case
where a trained model was applied to an unknown scenario
while the overall road geometry remained unchanged. Fully
dynamic environments align more closely to real-world in-
stances, characterized by constantly changing elements, such
as obstacles, pedestrians, and other vehicles. Section V-H
presents a thorough discussion of the challenges associated
with fully dynamic environments and potential extensions to
enhance the adaptability of the proposed approach in such
conditions.

A. DRIVING SCENARIOS
We simulated two distinct driving scenarios using the
CARLA simulator [29], maintaining the same environmental
configurations as those employed in [30].

The stop-line scenario, depicted in Fig. 5b, involves two
primary tasks: 1) Bringing the vehicle to a complete stop at
a designated stop line (zero velocity) and 2) reaching a spec-
ified goal area, also with zero velocity. A four-dimensional
feature function captures the vehicle position relative to the

(a) Scene 0. (b) Scene 1. (c) Scene 2. (d) Scene 3.

FIGURE 6: Obstacle configurations for each scene. One or
two obstacles (yellow blocks) are placed on a two-lane road.
(a) Scene 0: data used in Sections V-E and V-F. (b–d) Scenes
1–3: data used in Section V-G.

stop line and its dynamic limitations near the stop line.
Twenty demonstrations, representing over 10 min of driving
behavior, are collected in this scenario.
The obstacle-avoidance scenario, shown in Fig. 5a, also

involves two tasks: 1) Navigating around obstacles on the path
and 2) successfully reaching the goal area. A ten-dimensional
feature function is used, incorporating two categories of fac-
tors: geometric and vehicle dynamics. The geometric factors
account for the positions of lanes, obstacles, and road widths,
whereas the vehicle dynamics factors encompass velocity
constraints, angular velocity, and positioning relative to ob-
stacles. Note that the number and locations of obstacles vary
across the experiments presented in Sections V-E, V-F, and
V-G. Fig. 6 illustrates the various configurations of obstacles.
These different configurations are specifically designed for
the dynamic contextual experiments detailed in Section V-G,
aimed at evaluating the robustness of the proposed method
in unknown scenes. Approximately 30 demonstrations are
collected for each scene; consequently, the dataset for the
obstacle-avoidance scenario consists of approximately 1 h of
demonstrated driving behaviors.

B. STATE-SPACE AND MOTION DYNAMICS
The experiments describes herein model driving be-
haviors using a five-dimensional state-space, st =
(xt , yt , θt , vt , ωt)

⊤ ∈ R5, where xt , yt , θt , vt , and ωt denote the
x-position, y-position, angle, velocity, and angular velocity,
respectively. Additionally, a two-dimensional action–space is
used, represented as at = (at , αt)

⊤, where at and αt denote
acceleration and angular acceleration, respectively. Motion
transitions adhere to nonholonomic vehicle dynamics.

C. COMPARISON METHODS
To evaluate the performance of the proposed approach, we
compared its performance with that of the followingmethods:

1) IRL: MaxEnt IRL with RRT as an importance
sampling-based motion planner [18].
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2) GMM-IRL: MaxEnt IRL with GMM-RRT [23] as a
guided motion planner. To effectively manage high-
dimensional spaces and automatically determine the
number of clusters, this method was implemented as
DPGMM-RRT. The threshold for balancing explo-
ration and exploitation in Algorithm 1 was set as Θ =
0.5 following the work of Wang et al. [23], who re-
ported that this value optimally balances guided sam-
pling within target regions while ensuring sufficient
exploration of the entire state-space.

3) guideIRL (ours): Proposed method using two types
of guided motion planners: GMM-RRT (as shown in
Algorithm 1, but without Lines 3–5) and demo-RRT
(as shown in Algorithm 1, but without Lines 9–10),
as described in Algorithm 3. The discount factor for
the reward was set as γ = 0.95, emphasizing targeted
exploitation while still allowing for slight relaxation to
avoid overfitting to the demonstrations.

4) demoIRL (ours-ablation): Proposed method using only
demo-RRT as a weakly guided motion planner. This
model was used for an ablation study to demonstrate
the role of GMM guidance.

D. EVALUATION METRICS
The following metrics were used to assess the quality of
the generated paths and the effectiveness of IRL learning
outcomes:

1) Path quality metric: This metric is calculated as

log
∑

τ∈Dsamp

exp (rw(τ))−
∑

τ̃∈Ddemo

rw(τ̃). (14)

It measures the difference between the log-sum-exp of
rewards across all sampled paths and the total reward
of the demonstrated paths.

2) Loss function: The loss is defined as the negative log-
likelihood, as defined in (3).

3) Demonstration similarity: This metric is computed us-
ing the modified Hausdorff distance (MHD) [31] be-
tween the generated and demonstrated paths. Metrics
mhd50 and mhd90 represent the 50th and 90th per-
centile values, respectively, providing insights into the
distribution of path distances.

4) Success rate: This metric measures whether the gener-
ated path meets the task requirements. For instance, in
the stop-line scenario, a path that stops at the stop line
but does not reach the goal area would have a success
rate of 50%.

E. DPGMM PREPARATION
This section details the update process for the DPGMM pa-
rameters and presents the resulting preprocessed data. For
intuitive understanding, we visualize the learned DPGMM
using the obstacle-avoidance scenario as an example.

The DPGMM parameters were updated to fit the human
demonstrations. The mean and precision of each component
were determined by four parameters that were iteratively

(a) Components.
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(b) Clustering on states.

FIGURE 7: Visualization of the learned DPGMM on the x-y
plane. (a) Gaussianmixture components fitted to the obstacle-
avoidance scenario data. (b) State clustering based on the
learned DPGMM.

refined during the DPGMM learning process, as defined
in (12). We used the maximum likelihood EM algorithm to
update these parameters. In the E-step, the lower bound was
evaluated using (10.70)–(10.77) from [28]. In the M-step,
parameters were updated via (10.60)–(10.63) from [28] to
maximize the lower bound of the likelihood. Appendix A de-
scribes each parameter and summarizes the parameter tuning
results. Four key parameters are required for tuning, and the
DPGMM is robust to parameter variations as its performance
does not vary significantly across different parameter settings.
The learned parameters play a crucial role in guided dis-

tribution, promoting better exploration during path sampling.
For example, Fig. 7a illustrates the learned Gaussian mixture
components obtained by fitting the human demonstrations
from the obstacle-avoidance scenario. Subsequently, guided
planners use these components to sample new states during
the path-sampling process, unlike traditional planners that
sample new states randomly across the entire state-space.
Fig. 7b shows clustering results derived from the training
data based on the learned parameters. The DPGMM captures
the motion trends of going straight and turning left or right
to avoid obstacles. This ensures that newly sampled states
maintain the current motion trend, resulting in smoother tra-
jectories without abrupt changes.

F. EXPERIMENTS IN STATIC ENVIRONMENTS
Three quantitative evaluations were performed to demon-
strate the performance of various IRL methods that leverage
guidedmotion planners. Additionally, a qualitative evaluation
was conducted to clarify the influence of guided planners
on the learning outcomes of IRL. For simplicity, these four
evaluations were conducted in static environments assuming
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FIGURE 8: Comparison of sampled path qualities using the
metric defined in (14). The number of sampled paths, |Dsamp|,
is 300 for both scenarios.

time-invariant environmental factors ct = c, as indicated
in (9). Furthermore, these factors remained consistent across
both model training and evaluation (ctrain = ceval).

1) Quantitative evaluation 1: path sampling qualities
This experiment evaluated the performance of various motion
planners based on the quality of their sampled paths using
a manually designed reward function. Fig. 8 presents the
sampled path qualities over multiple iterations. The proposed
method (demo-GMM-RRT) outperformed the other methods,
achieving higher path qualities across nearly all iterations in
both scenarios.

Comparing the two scenarios, the sampled path qualities in
the obstacle-avoidance scenario (Fig. 8a) are generally higher
than those in the stop-line scenario (Fig. 8b). Furthermore,
the stop-line scenario requires a significantly larger num-
ber of RRT iterations to achieve high-quality path planning.
This difference arises because the stop-line scenario demands
more precise driving behaviors to execute the stopping action
precisely at the stop line. In contrast, the driving behaviors
required for obstacle avoidance are more flexible, as a human
driver can initiate turning maneuvers at any location suffi-
ciently far from obstacles.

Regarding the performance of individual planners, the tra-
ditional RRT motion planner performed poorly in the stop-
line scenario, with path quality remaining below zero in every
iteration. This suggests that the paths generated by traditional
RRT likely correspond to the scenario depicted in Fig. 2a.
In the ablation study, where the manually designed reward
functions may be considered optimal, GMM-RRT performs
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(b) Stop-line scenario.

FIGURE 9: Loss function values over iterations during IRL
model training following Algorithm 3. The dashed black line
at zero serves as a baseline; as discussed in Section III-D,
values below zero indicate inaccurate partition function ap-
proximation.

well in the obstacle-avoidance scenario but yields negative
values in the stop-line scenario. This finding highlights the
importance of targeted exploitation in more complex envi-
ronments. Without it, the sampled paths deviate significantly
from the demonstrated paths, as shown in Fig. 2b. Conversely,
demo-RRT, which solely employs targeted exploitation with-
out broad exploration, struggles to efficiently sample paths
and tends to produce results consistent with the scenario
shown in Fig. 2c. Finally, the proposed method achieves the
best performance owing to its ability to balance exploitation
and exploration, ensuring that the sampled paths align with
the scenario shown in Fig. 2d.

2) Quantitative evaluation 2: IRL model training
This experiment examines the loss function over iterations
during the IRL model training process. In IRL training, the
loss function should decrease monotonically over iterations
but must not drop below zero. As discussed in Section III-D,
a non-negative loss is a fundamental requirement. A negative
loss indicates inaccurate partition function approximation,
preventing proper gradient updates. Negative loss values also
implicitly indicate poor signal quality in the sampled paths.
Overall, Fig. 9 shows the loss function over iterations,

with a baseline defined at zero loss to highlight the issue
of negative loss values. In both scenarios, only the proposed
method (guideIRL) maintains positive loss values throughout
training, with the other methods yielding negative losses at
various points. In terms of individual models, the traditional
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TABLE 1: Performance metrics for paths generated by the
trained IRL models. Values represent the mean and standard
deviation across 300 generated paths for each method.

(a) Obstacle-avoidance scenario.

mhd50↓ mhd90↓ success rate↑
IRL 3.48± 0.95 12.21± 2.94 51.82± 7.01%

GMM-IRL 2.40± 0.49 8.55± 1.98 55.97± 6.15%
demoIRL 0.87± 0.74 4.88± 2.35 87.29± 6.63%
guideIRL 0.49± 0.36 3.73± 1.80 88.08± 6.77%

(b) Stop-line scenario.

mhd50↓ mhd90↓ success rate↑
IRL 2.93± 1.45 7.07± 3.38 43.14± 4.84%

GMM-IRL 5.53± 2.95 13.71± 6.57 51.29± 6.29%
demoIRL 2.36± 1.99 8.93± 5.35 78.79± 8.74%
guideIRL 0.63± 1.11 2.47± 2.84 92.88± 5.53%

IRL method (red lines) exhibits significant instability with
diverging loss. This instability is attributable to the path
deviation issue, as depicted in Fig. 2a. Although GMM-
IRL (yellow lines) outperforms the traditional IRL method,
the loss still diverges. This result supports the discussion
in Section III-D, indicating that even with a guided motion
planner, the sampled paths may not sufficiently cover the
demonstrated paths, as shown in Fig. 2b. In the ablation
study, although demoIRL demonstrates significantly better
performance than GMM-IRL, it still results in negative loss
in both scenarios. This finding suggests that the sampled
paths in Fig. 2c negatively impact the IRL model. Overall, by
balancing broad exploration and targeted exploitation around
the demonstrations, the proposed method achieves the best
performance and ensures stable IRL learning.

3) Quantitative evaluation 3: IRL evaluation
This experiment evaluates the quality of paths generated by
various IRL methods after training. Table 1 presents the re-
sults for both the obstacle-avoidance and stop-line scenarios.
The proposed method, which balances broad exploration and
targeted exploitation in guided motion planning, outperforms
other approaches in terms of both path similarity (measured
by MHD) and task success rate. The ablation study reveals
an interesting finding: demoIRL, which focuses on sampling
around the demonstrated regions, outperforms GMM-IRL,
which uses DPGMM distributions to broadly explore the
entire state-space. This result implicitly suggests that efficient
exploitation may be more critical than broad exploration,
particularly for complex driving tasks.

In the stop-line scenario, the performance of GMM-IRL
is inferior to that of traditional IRL, as this scenario re-
quires precise vehicle control, which broad exploration alone
cannot achieve effectively. Additionally, the mhd90 metric
for demoIRL is inferior to that of traditional IRL because
the demoIRL method relies heavily on the demonstrations
but lacks the capability for broader state-space exploration.
Nevertheless, integrating the strengths of GMM-IRL and

(a) IRL (b) GMM-IRL (c) demoIRL (d) guideIRL

FIGURE 10: Visualization of generated trees and paths for
the obstacle-avoidance scenario. Red rectangles indicate ob-
stacles. Black dots represent tree nodes generated after a
fixed number of iterations. The red line shows a generated
trajectory connecting the highest-rewarded nodes, subject to
nonholonomic vehicle dynamics.

demoIRL into guideIRL results in significant performance
improvements. These results underscore the importance of
balancing exploitation and exploration during path sampling
for effective IRL learning. These results also indicate that the
negative effects of the three suboptimal relationships shown
in Figures 2a, 2b, and 2c vary depending on the driving
environment. Only the relationship depicted in Fig. 2d leads
to stable IRL model performance across different scenarios.

4) Qualitative evaluation: behavior prediction visualization
This experiment provides a visual comparison of the tree
nodes and predicted paths generated by various IRL meth-
ods. For clarity and ease of understanding, we present the
visualization results from the obstacle-avoidance scenario as
a representative example. Although the state-space is five-
dimensional, we project the results onto the x–y plane for
visual clarity. Furthermore, all methods are executed with the
same number of iterations (4000). This number is chosen to
ensure a trade-off between performance and visual clarity, as
shown in Fig. 8a.
Fig. 10 visualizes the predicted behaviors of each method,

showing both the generated tree nodes and a representative
connected path. The traditional IRL method explores the
state-space randomly, resulting in significant inefficiency.
Consequently, the nodes are concentrated in intermediate
regions, and the generated path fails to reach the goal re-
gion. While GMM-IRL demonstrates significantly improved
efficiency in exploring the state-space compared with the
traditional method, it lacks the precision required to avoid
obstacles, leading to collisions. In contrast, demoIRL, which
prioritizes sampling in target regions, generates considerably
fewer nodes, indicating a more constrained exploration and
exploitation strategy. Finally, by combining the broad explo-
ration capability of GMM-IRL with the targeted precision
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TABLE 2: Performance metrics for paths generated by the trained IRL model under varying DPGMM representations and
training/evaluation scene combinations. Values represent the mean and standard deviation across 300 generated paths. The best
and worst performance metrics are boldfaced and presented in parentheses, respectively.

DPGMM type train/eval scene mhd50↓ mhd90↓ success rate↑
local same 3.46± 1.53 13.86± 3.82 82.73± 8.25%

global large same 3.63± 1.64 15.12± 4.09 80.75± 8.24%
different 4.12± 1.86 15.21± 4.22 79.03± 8.69%

global small same 4.03± 1.93 15.54± 4.16 79.42± 8.59%
different 4.40± 1.82 (16.13± 3.96) (76.19± 8.49%)

local different (4.87± 2.21) 16.05± 4.58 77.98± 8.39%

of demoIRL, the proposed guideIRL method achieves both
efficient state-space exploration and the generation of pre-
cise, collision-free driving behaviors. This balanced approach
yields superior performance in terms of both state-space cov-
erage and path accuracy.

G. EXPERIMENTS IN CONTEXTUAL DYNAMIC
ENVIRONMENTS
We conduct evaluations in contextual dynamic environments
to further demonstrate the applicability of the proposed
method in real-world scenarios. In these experiments, en-
vironmental factors, such as the location of obstacles, vary
between the training and testing phases (ctrain ̸= ceval)
but remain time-invariant (ct = c, as defined in (9)). This
experimental setting simulates a real-world use case where
a trained model is applied to an unknown scenario while
the overall road geometry remains unchanged. We design
three distinct patterns of contextual factors in the obstacle-
avoidance scenario, as shown in Fig. 6.

To evaluate the performance of the proposed guideIRL
under different levels of prior knowledge, two categories of
DPGMM were designed based on the type of data used:
global and local DPGMM. In the evaluation using global
DPGMM, the DPGMM was trained using a mixture of
demonstrations from all available patterns, whereas the IRL
model itself was trained only on demonstrations from a single
pattern. Furthermore, two types of global DPGMM were
considered, differing in the amount of data used from each
scene to build the DPGMM model. The Global large config-
uration uses 20 driving paths from each scene, resulting in
60 driving paths. In contrast, the Global small configuration
adopts twenty, five, and three driving paths from scenes 1, 2,
and 3 (Fig. 6), respectively, for a total of 28 driving paths. In
the evaluation using local DPGMM, both the DPGMM and
IRL models were trained using demonstrations from a single,
consistent pattern. Twenty driving paths were used to build
the local DPGMM for each scene. Notably, these local DPG-
MMs were also used for evaluating the static environments,
as detailed in Section V-F, where the training and evaluation
data originate from the same scene.

To evaluate performance under both known and unknown
scene conditions, the training and evaluation data were drawn

from either the same or different scenes. This experimen-
tal setup simulates the real-world situation of deploying a
trained model to various unknown scenarios. For example,
the guideIRL model could be trained on data from one scene
and then tested on data from a completely different scene,
allowing us to investigate the extent to which performance
would degrade when the model is applied to unknown scenes.
Table 2 summarizes the performance of guideIRL using

the three types of DPGMM models and two different con-
figurations of training and evaluation scenes. As expected,
local DPGMM with data from the same scene exhibits the
best performance, owing to its access to rich scene-specific
prior knowledge. Conversely, local DPGMM with data from
different scenes shows significant performance degradation,
reflecting its lack of prior knowledge relevant to unknown
scenes. Although global DPGMM lacks the specificity of
local DPGMM for a particular scene, it demonstrates im-
proved performance even when applied to unknown scenes,
owing to its broader prior knowledge derived from various
scenes. Interestingly, global small DPGMM does not outper-
form local DPGMMwhen applied to different scenes. This is
because the number of driving data points in certain scenes
is insufficient, leading to limited prior knowledge of those
specific contexts. This result implicitly highlights a limitation
inherent to IRL-basedmethods: while IRL is a data-driven ap-
proach, and although the proposed method with general prior
knowledge outperforms those with limited prior knowledge,
the quality and quantity of demonstrated data remain essential
for achieving safe and stable driving-behavior predictions.
Additionally, the benefits of using global DPGMM over

local DPGMM when applying the model to different scenes
are significant. For example, the Global large DPGMM con-
figuration on different scenes exhibits an mhd50 metric of
4.12, lower than that of the local configuration (4.87). In
practice, considering a path defined solely by (x,y) coordi-
nates, the improvement of 0.75 in the mhd50 metric indicates
that the generated path is, on average, 0.75 m closer to the
human-demonstrated path at the 50th percentile. While per-
fect replication of human-demonstrated paths is not neces-
sarily required in real-world applications, such improvements
can significantly enhance the safety of generated paths.
In conclusion, the proposed guideIRL method demon-
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strates robustness to unknown scenes in dynamic contextual
environments when using the DPGMM trained with suffi-
ciently general prior knowledge. These results support the
applicability of the proposed method to certain real-world
scenarios.

H. EXTENSION TO DYNAMIC ENVIRONMENTS
We acknowledge that although the proposed guideIRL
method is effective, it is currently limited to time-invariant
environmental factors and lacks a mechanism to directly han-
dle time-variant conditions. Although it demonstrates both
efficiency and stability in static (Section V-F) and contextual
dynamic driving scenarios (Section V-G), real-world environ-
ments are inherently dynamic, characterized by constantly
changing elements such as obstacles, pedestrians, and other
vehicles. This dynamic nature hinders the direct application
of the proposed approach to fully dynamic scenarios. Despite
the gap between our controlled experimental settings and real-
world conditions, the guided IRL method provides a solid
foundation for modeling the decision-making process in a
stable, IRL-based manner.

Bridging this gap and extending our approach to fully
dynamic environments requires enhancements to the guided
distribution representation. Equation (9) presents a theoret-
ical formulation of guided distributions, where the sampled
action–state pair, (at , st), should depend on the current envi-
ronmental factor, ct . This study uses DPGMM as a simple yet
interpretable representation of guided distributions to steer
exploration. DPGMM is chosen for its simplicity and ex-
plainability inmodeling driving behaviors [23]. However, this
simplicity limits its ability to represent the complexities of
more dynamic environments. For instance, adapting to time-
variant environmental factors would necessitate an additional
mechanism for retraining the DPGMM, potentially destabi-
lizing the IRL model. Moreover, handling time-variant en-
vironmental factors requires another mechanism to represent
the uncertainty in DPGMMpredictions at future time-steps to
guarantee driving safety. Additionally, it is important to note
that the representation of guided distributions is not limited
to Gaussian-based methods. A potential solution involves
utilizing more expressive models, such as neural networks,
to represent the complex relationships between action–state
pairs and dynamic environmental factors.

VI. CONCLUSION
Recently, IRL has been widely recognized for its effec-
tiveness in modeling decision-making processes, particularly
owing to its ability to capture complex driving behaviors
by learning directly from human demonstrations. However,
traditional MaxEnt IRL methods in continuous state-spaces
face significant challenges in accurately approximating the
partition function, often leading to unstable driving-behavior
models. This study addresses this critical issue by introduc-
ing an IRL-aware guided motion planner that strategically
balances broad exploration with targeted exploitation. This
balanced approach improves partition function estimation

through the sampling of high-quality paths. Experimental
results obtained using a driving simulator demonstrate that the
proposed method outperforms existing IRL methods in terms
of stability and accuracy in both static and contextual dynamic
environments. It not only enhances the stability of IRL meth-
ods for predicting driving behaviors but also demonstrates
the potential for applying IRL in the field of autonomous
driving to achieve human-like decision-making. Furthermore,
it offers an explainable solution for analyzing the root causes
of suboptimal predictions, which could contribute to traffic
accidents.
Future work can be focused on addressing variations in

demonstration quality, including the incorporation of failed
and dangerous demonstrations by explicitly considering the
quality of individual demonstrations during IRL learning.
Handling data with mixed qualities is essential for real-world
driving tasks, as collecting only expert demonstrations is
not always feasible. Addressing this challenge will further
enhance the applicability of guideIRL, paving the way for
more advanced autonomous driving capabilities.
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APPENDIX A: DPGMM PARAMETER CHOICES
PARAMETER DETAILS
DPGMM requires the tuning of four key parameters during
training. Three of these are related to the Gaussian–Wishart
distribution, as defined in (10.60)–(10.63) in [28]. The fourth
parameter, the truncation number, determines the maximum
number of clusters. Table 3 summarizes these parameters.

TABLE 3: Key parameters of DPGMMand their descriptions.

Parameter meaning
T Truncation number
β Factor of covariance matrix in Gaussian distribution
W Covariance matrix in Wishart distribution
ν Degrees of freedom in Wishart distribution

PARAMETER TUNING
Table 4 summarizes the parameter tuning results for the loss
function defined in (3). Although a considerable number
of parameter combinations are examined during the experi-
ments, only a few representative combinations are listed in the
table for clarity. The DPGMM is robust to these parameters as
the loss function does not vary significantly across different
parameter settings.

Additionally, parameter tuning is conducted separately for
each scene described in Section V-A because optimal pa-
rameter combinations depend on the driving scenario. The
experimental results presented in Sections V-F and V-G are
obtained using the best parameter combinations that yielded
the optimal performance on the demonstration data.

TABLE 4: DPGMM parameter tuning results for four param-
eters of DPGMM based on the loss function defined in (3).
Note that I represents the identity matrix. The optimal param-
eter combination yielding the minimum loss is boldfaced.

T β W ν loss↓
10 0.5 0.1I 20 205.73
10 0.5 0.5I 20 253.77
10 0.8 0.1I 20 231.03
10 0.8 0.5I 20 249.04
20 0.5 0.1I 25 207.59
20 0.5 0.5I 25 191.34
20 0.8 0.1I 25 210.94
20 0.8 0.5I 25 227.54
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