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Abstract— Autonomous robot exploration (ARE) is the pro-
cess of a robot autonomously navigating and mapping an
unknown environment. Recent Reinforcement Learning (RL)-
based approaches typically formulate ARE as a sequential
decision-making problem defined on a collision-free informative
graph. However, these methods often demonstrate limited rea-
soning ability over graph-structured data. Moreover, due to the
insufficient consideration of robot motion, the resulting RL poli-
cies are generally optimized to minimize travel distance, while
neglecting time efficiency. To overcome these limitations, we
propose GRATE, a Deep Reinforcement Learning (DRL)-based
approach that leverages a Graph Transformer to effectively
capture both local structure patterns and global contextual
dependencies of the informative graph, thereby enhancing the
model’s reasoning capability across the entire environment. In
addition, we deploy a Kalman filter to smooth the waypoint
outputs, ensuring that the resulting path is kinodynamically fea-
sible for the robot to follow. Experimental results demonstrate
that our method exhibits better exploration efficiency (up to
21.5% in distance and 21.3% in time to complete exploration)
than state-of-the-art conventional and learning-based baselines
in various simulation benchmarks. We also validate our planner
in real-world scenarios.

I. INTRODUCTION

Autonomous Robot Exploration (ARE) involves a robot
actively perceiving its surroundings, making informed deci-
sions under uncertainty, and continuously updating its map
in real time. Typically, the robot is equipped with sensors
(e.g., camera(s) or LiDAR) to map its surroundings. In
this work, we focus on autonomous exploration using an
omnidirectional 3D LiDAR, operating within a 2D action
space (i.e., for a ground robot). The objective of ARE is
to explore the whole environment while minimizing travel
distance and exploration time.

The main challenge in ARE is to plan non-myopic paths
that effectively balance exploiting known regions with ex-
ploring unknown areas. Conventional frontier-based meth-
ods [1], [2], [3], [4] estimate information gain for different
frontiers and compute a utility that balances information
gain and travel cost. More recent conventional sampling-
based methods [5], [6], [7], [8], [9] incorporate hierarchical
strategies that combine local and global planning, providing
some long-term optimality. Nevertheless, these methods still
share a fundamental limitation: they optimize trajectories
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Fig. 1. Illustration of GRATE, our Graph Transformer-based DRL
approach for autonomous robot exploration. Left: Our proposed Graph
Transformer-based policy network, integrating message-passing GNNs with
attention to capture local and global dependencies. Right: Visualization
results of GRATE in a large-scale simulated forest environment from the
exploration benchmark provided by [12]. The next waypoint (purple ball)
is determined by integrating the probability outputs of both our RL policy
and Kalman filter.

based on the partial robot belief (map). As the map is incre-
mentally refined during exploration, decisions made from this
incomplete view may ultimately be suboptimal [10], [11].

To address this issue, current learning-based ap-
proaches [10], [11], [13], [14] formulate the ARE problem as
a sequential decision-making task defined on a collision-free
informative graph, leveraging deep reinforcement learning
(DRL) to implicitly reason about unexplored regions from
the topological structure of the explored area. The effec-
tiveness of these approaches largely depends on designing
a framework with strong reasoning capability. For instance,
inspired by Graph Attention Networks (GAT) [15], current
state-of-the-art (SOTA) learning-based approaches [10], [11],
[13] employs structurally masked attention guided by graph
adjacency, which restricts each node’s receptive field and
requires stacking multiple layers for global propagation.
While effective on small-scale graphs, this design suffers
from over-squashing [16], [17] in large-scale graphs. Over-
squashing occurs when information from many distant nodes
is overly compressed into a fixed-size node feature, hin-
dering global structure representation and under-representing
faraway nodes. Meanwhile, pure global attention in Trans-
formers [18] overlooks the structural information encoded
by graph adjacency (indicating which nodes are directly
connected). Graph Transformers [19], [20], [21], [22] address
these limitations by integrating local message-passing graph
neural networks (GNNs) [23] with Transformers, capturing
both local structure patterns and global contextual dependen-
cies. Inspired by this, we propose a Graph Transformer-based
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DRL approach for ARE, enhancing the model’s ability to
reason over both explored and unexplored regions.

Another limitation of current learning-based approaches
[10], [11], [13], [14] is their insufficient consideration of
robot kinematics. The core issue is that training typically
accounts only for the robot’s position transitions while ne-
glecting key physical attributes of robot motion, such as
orientation, velocity, and acceleration. For example, these
approaches model the robot as a node in the collision-free
informative graph. At each decision step, the robot selects
one of its neighboring nodes as the next waypoint and is as-
sumed to transition to it instantaneously. As a result of these
motion discontinuities, Reinforcement Learning (RL) models
trained under such assumptions are generally optimized to
minimize travel distance while overlooking time efficiency.
Consequently, the resulting policies often produce zig-zag
or conflicting waypoints. Although these behaviors may be
spatially optimal in the training environment, they often
lead to poor temporal efficiency in high-fidelity simulation
environments and real-world applications. The most direct
way to address this issue is to incorporate a local motion
planner and use it to inform or train the policy. However,
introducing robot motion constraints, a highly complex and
uncertain system, substantially reduces training stability and
convergence speed. To address this issue, we apply a Kalman
filter to smooth the waypoint outputs of the RL policy. His-
torically selected waypoints serve as observations to estimate
the robot’s velocity and position, guiding our planner to
generate a kinodynamically feasible path. Here, the policy is
trained in the same way as in existing works [10], [11]. We
primarily post-process its outputs to improve time efficiency.

Leveraging these new ideas and developments, we propose
GRATE, a Graph Transformer-based DRL approach for
autonomous robot exploration. We evaluate GRATE against
SOTA conventional (TARE [6], [7], FAEL [8], HPHS [9])
and learning-based (ARiADNE [10], [11]) approaches in
various high-fidelity Gazebo simulation benchmarks. Ex-
perimental results demonstrate that GRATE significantly
outperforms these baselines in terms of exploration efficiency
(travel distance and exploration time). We also experimen-
tally validate our planner on a ground robot in real-world
scenarios, highlighting its sim-to-real applicability.

II. RELATED WORKS

A. Conventional Exploration Planners

Conventional exploration planners can be broadly cat-
egorized into frontier-based and sampling-based methods.
Frontier-based approaches identify regions at the boundary
between explored and unexplored areas, which are com-
monly used to quantify information gain and guide the ex-
ploration process. For example, conventional frontier-based
works [1], [2], [3], [4] select the frontier to visit through
a utility function that balances information gain and travel
cost. More recent sampling-based works [5], [6], [7], [8],
[9] typically adopt carefully designed sampling strategies
to balance planning quality and computational efficiency. In
particular, TARE [6], [7] integrates a Traveling Salesman

Problem (TSP)-based global planner with a sampling-based
local planner to generate exploration paths that are optimized
for both efficiency and kinodynamic feasibility. FAEL [8]
optimizes runtime through fast environmental preprocessing
and heuristic path optimization, enabling high-frequency
planning and surpassing SOTA methods in exploration ef-
ficiency. HPHS [9] is a fast exploration framework that
integrates hybrid frontier sampling with hierarchical plan-
ning, ensuring scalable sampling efficiency while reducing
planning complexity and mitigating region remnants.

B. Learning-based Exploration Planners

Current DRL-based approaches [10], [11], [13], [14], [24],
[25] typically formulate the ARE problem as a sequential
decision-making task, leveraging various neural networks
to implicitly reason over the entire environment and learn
an adaptive policy. [24], [25] applied CNNs to encode
exploration maps and determine the robot’s action through
DRL. Chen et al. [14] utilize GNNs in conjunction with DRL
to predict a robot’s optimal next waypoint in belief space.
Notably, by leveraging the attention mechanism, recent DRL-
based approaches [10], [11], [13] have demonstrated superior
performance compared to both conventional and learning-
based SOTA exploration planners. More recent works [26],
[27] integrate explicit map prediction with implicit policy
learning. [26] first explicitly predicts the map layouts by a
generative inpainting model and then implicitly reasons about
and plans paths through a graph-attention-based DRL plan-
ner. Similarly, [27] generates global map predictions from the
exploration map via a CNN-based prediction module while
simultaneously training a frontier point selection policy to
enable longer-horizon decision making.

C. Graph Transformers

Transformers [18] can be viewed as a specific type of
GNNs, where self-attention is applied over all nodes in
a fully connected graph [28]. Since Transformers do not
account for the underlying graph structure, Graph Trans-
formers are designed to integrate structural priors directly
into the Transformer architecture [28], [29]. Based on the
approaches of incorporating this structural prior, we can
categorize existing Graph Transformers into [28]: (1) struc-
tural positional encoding [29], [30], (2) structure-aware
attention mechanisms [29], [30], (3) hybrid architectures
that integrate GNNs into Transformers [19], [20], [21],
[22]. Notably, GraphGPS [21] achieves highly competitive
performance across 16 benchmarks by combining GNNs
with Transformers. Furthermore, SGFormer [22] critically
demonstrates that coupling one-layer global attention with
GNNs, without any positional encoding, can still signifi-
cantly outperform conventional GNNs (i.e., GCN, GAT).
Overall, Graph Transformers outperform traditional GNNs
and Transformers because they retain the graph’s local struc-
tural information while capturing long-term dependencies
through global attention, enabling stronger reasoning and
representation capabilities.
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III. PROBLEM FORMULATION

The environment is represented as a bounded discrete 2D
grid map, capturing the spatial layout of the exploration
area. The ground truth map G ∈ {0,1}W×H indicates the
occupancy of each cell, where Gi, j = 1 corresponds to an
obstacle and Gi, j = 0 to free space. The robot maintains
a belief map Bt ∈ {0,0.5,1}W×H at time step t, which is
updated based on observations. Each cell Bt,i, j encodes the
occupancy probability: 0.5 for unknown (Bu), 0 for free
(B f ), and 1 for occupied (Bo). The exploration is considered
complete when Bo is closed with respect to B f .

The ARE problem can be modeled as a sequential
decision-making problem. In this task, a completed explo-
ration trajectory is represented as a finite sequence of robot
states ψ = [s1, . . . ,st ,st+1, . . . ,sT ], with st indicating the robot
state at time step t. During exploration, the robot only
has access to observations ot . At each decision step, the
robot selects an action at according to the policy π , where
at ∼ π(·|ot). Upon transitioning to the next state st+1, the
agent receives a reward rt . The objective of ARE is to find
an optimal policy π∗ that maximizes the expected cumulative
reward E

(
∑

T
t=1 γ t−1rt

)
, while simultaneously minimizing the

total distance traveled along the exploration trajectory ψ .

IV. METHODOLOGY

Our method builds upon [10], [11], which represents the
robot’s belief Bt as a collision-free informative graph. To
enhance the model’s reasoning capability over a graph, we
propose GRATE, a DRL framework for autonomous robot
exploration. GRATE leverages Graph Transformer, a hy-
brid architecture that combines message-passing GNNs with
multi-head self-attention to capture both local and global
dependencies. The local message-passing module encodes
neighboring information and preserves spatial relationships,
while global attention incorporates broader graph context,
enabling more informed decision-making and improving
exploration efficiency over complex environments.

We further integrate a Kalman filter to account for robot
motion, smoothing the sequence of selected waypoints and
generating kinodynamically feasible paths in both high-
fidelity simulations and real-world scenarios. Specifically,
previously selected waypoints are treated as observations,
allowing the Kalman filter to predict a probabilistic distribu-
tion of the robot position. This prediction is then integrated
with the output of the RL policy to determine the final
next waypoint, effectively balancing the policy’s exploration
guidance with the robot’s motion feasibility. By doing so,
our approach mitigates zig-zag or conflicting waypoints,
resulting in paths that are smoother and more time-efficient
for real-world deployment.

A. Graph Representation of Robot Belief

At each time step t, the robot’s current belief Bt is
extracted as a collision-free informative graph Gt = (Vt ,Et),
where the node set Vt = {v1,v2, . . . ,vn} ∈ B f consists of
candidate waypoints. Each node vi = [xi,yi,ui,gi] encodes:
(1) coordinates (xi,yi); (2) utility ui, which quantifies the

number of observable frontiers from vi; and (3) a guidepost
gi, a binary indicator specifying whether vi has been previ-
ously visited. The edge set Et is represented by a symmetric
(typically sparse) adjacency matrix At = [ai, j], where ai, j = 0
indicates a collision-free connection between nodes vi and
v j, and ai, j = 1 otherwise. To construct collision-free edges,
each waypoint is connected to its k-nearest neighbors (k = 25
in practice) using straight-line paths, and edges intersecting
occupied (Bo) or unknown (Bu) cells are removed. Candidate
waypoints in Vt are uniformly sampled to cover all free space
B f . Before feeding the graph into the Graph Transformer-
based policy network, both the node coordinates and utility
values are normalized to the range [0,1].

B. Policy Network

Encoder The encoder is responsible for extracting features
from the input informative graph, which consists of nodes
Vt ∈RN×4 and adjacency matrix At ∈RN×N , where N is the
number of nodes. Before feeding data into the encoder, we
first project the node inputs Vt ∈ RN×4 into d-dimensional
node features Xt ∈ RN×d using a linear feed-forward neural
network. The encoder consists of multiple (3 in practice)
encoder layers, with each encoder layer combining m-layer
global multi-head self-attention and n-layer local message-
passing GNN blocks (in practice, m = 1,n = 2) to capture
global and local dependencies.

Xℓ+1
t = Encoderℓ(Xℓ

t ,At)

computed as Xℓ+1
A = MLPℓ(Attnℓ(Xℓ

t )) (1)

Xℓ+1
G = MLPℓ(GNNℓ(Xℓ

t ,At))

Xℓ+1
t = (1−α)Xℓ+m

A +αXℓ+n
G ,

where Attnℓ and GNNℓ are instances of multi-head self-
attention and message-passing GNN blocks at the ℓ-th layer
with their corresponding learnable parameters; MLPℓ is a
2-layer feed-forward neural network; α is a weight hyper-
parameter (in practice, α = 0.8).
Multi-head Self-Attention In contrast to [10], [11], [13],
which utilized a masked attention mechanism to restrict
each node’s receptive field to its local neighborhood and
required stacking multiple layers to propagate information
globally, we employ an all-pair multi-head self-attention
layer in vanilla Transformer [18]. This design enables direct
modeling of global contextual dependencies by computing
pairwise interactions between arbitrary nodes. An attention
layer receives a query vector hq

i and a key-and-value vector
hk,v

i as input. Its output h′i is obtained by taking a weighted
combination of the value vectors, where the weights reflect
the similarity between the query and key.

qi =W Qhq
i , ki =W Khk

i , vi =WV hv
i ,

ui j =
qikT

j√
d
, wi j =

eui, j

∑
n
j=1 eui, j

, h′i =
n

∑
j=1

wi jv j, (2)

where W Q,W K ,WV ∈ Rd×d are all learnable matrices.
Message-passing GNNs GNNs [23] generally operate
through a recursive message-passing mechanism, in which
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Fig. 2. Our proposed time-efficient Graph Transformer-based DRL approach for autonomous robot exploration. In the training environment [25],
current robot’s belief is extracted as a collision-free informative graph. This graph is then encoded by our proposed Graph Transformer-based policy
network and decoded by Pointer Network [31] to generate the RL policy. In the large-scale high-fidelity Gazebo Simulation Environments [12], current
robot’s belief (point cloud data) is transformed into Octomap [32], which is then extracted as a sparse informative graph [11] to extend the use of RL
policy from small-scale to large-scale environments. We finally apply a Kalman filter to smooth the trajectory output of the RL policy.

each node updates its feature vector by aggregating informa-
tion from its neighbors. After k iterations of aggregation, a
node’s resulting feature vector encodes the structural infor-
mation from its k-hop neighborhood [33]. In this work, we
adopted ResGatedGCN [34], a residual graph convolutional
neural network incorporating the gated mechanism from
LSTM [35]:

hℓ+1
i =W1hℓi + ∑

j∈N (i)
ηi, j ⊙W2hℓj,

ηi, j = σ

(
W3hℓi +W4hℓj

)
, (3)

where hℓi denote the feature vector at layer ℓ associated with
node i. The updated features hℓ+1

i at the next layer ℓ+1 are
obtained by aggregating the feature vectors for all nodes j in
the neighborhood of node i (defined by the adjacency matrix
At ). W1,W2,W3,W4 ∈ Rd×d are all learnable matrices; ⊙ is
the Hadamard product. σ denote the sigmoid function.
Decoder The decoder layer applies a single-head attention
mechanism, inspired by the Pointer Network [31], to empha-
size informative neighboring nodes during decision making.
In this formulation, the enhanced feature of the current node
acts as the query qi, while features of its neighbors serve
as both keys k j. The attention module computes similarity
scores between the query and each key, which are normalized
into a probability distribution over neighbors. These attention
weights wi j reflect the likelihood of selecting each neighbor,
guiding the robot’s next waypoint.

ui j =

tanh(
qikT

j√
d
) Ai j = 0

0 Ai j = 1
, wi j =

eui j

∑
n
j=1 eui j

, (4)

where j ∈ (1, . . . ,n), n denotes the number of neighbors of
node i, Ai j is the adjacency matrix.

C. Training
For training, we adopt Soft Actor-Critic (SAC) [36],

an off-policy Actor-Critic method based on the maximum
entropy principle, to optimize the policy network πθ (at | ot)
and critic network Qφ (ot ,at).
Reward Function To encourage effective exploration, the
agent receives an immediate reward after each action at ,
consisting of three terms. The first term ro = Fo(st+1) counts
newly observed frontiers. The second term rc =−Fc(st ,st+1)
penalizes the distance traveled. A terminal reward r f is
given at the end of the episode only if the exploration is
successfully completed. The total reward is thus:

rt(ot ,at) = a · ro +b · rc + r f , (5)

where a and b are scaling parameters (in practice a = 1/64,
b = 1/50, r f = 20).
Soft Actor-Critic The aim of SAC is to learn an optimal
policy that maximizes the long-term reward while keeping
its entropy as high as possible:

π
∗ = argmax

π
Eπ

[
T

∑
t=1

γ
t−1 (rt +αH (π(·|ot)))

]
, (6)

where π∗ is the optimal policy, T is the decision step, γ is
the discount factor, rt is the immediate reward, and α is the
temperature parameter that regulates the importance of the
entropy term relative to the reward term.
In SAC, the soft state-value function is computed as:

V (ot) = Eat

[
Qφ (ot ,at)−α log(πθ (at |ot))

]
. (7)
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The critic loss is computed as:

J(φ) = Eot

[
1
2
(
Qφ (ot ,at)−

(
rt + γEot+1 [V (ot+1)]

))2
]
. (8)

The policy loss is computed as:

Jπ(θ) = E(ot ,at )

[
α log(πθ (at |ot))−Qφ (ot ,at)

]
. (9)

The temperature parameter is automatically adjusted during
training, and the temperature loss is computed as:

J(α) = Eat

[
−α

(
logπθ (at |ot)+H

)]
, (10)

where H represents the target entropy.
Training Details Our model is trained on 8,000 simulated
environments generated by a random dungeon generator [14].
During training, the maximum episode length is set to 128
decision steps, with a discount factor γ = 1, batch size of
128, and an episode replay buffer size of 10,000. Training
starts once the buffer contains more than 2,000 steps of data.
The target entropy is defined as 0.05 · log(k). At the end of
each episode, training is performed for 8 iterations using
the Adam optimizer, where the learning rate is 5×10−5 for
both policy and critic networks, and 10−4 for temperature
auto-tuning. The target critic network is updated every 64
training steps. All experiments are conducted on a desktop
equipped with an Intel i5-14600KF CPU and an NVIDIA
GeForce RTX 4070Ti Super GPU. We employ Ray [37],
a distributed framework to parallelize data collection by
launching 16 agents simultaneously. Training converges after
approximately 12,000 episodes, which takes about 36 hours.

D. Kalman Filter for Trajectory Smoothing

In the training environment, the robot is abstracted as a
node in the collision-free informative graph that can freely
select its next waypoint (its k-nearest connected neighbors)
from any direction in 360 degrees and transition to it
instantaneously. However, testing in high-fidelity simulation
environments reveals that this assumption may lead the
planner to generate zig-zag or conflicting waypoints. While
such behavior may be spatially optimal in the training
environment, it fails to account for the motion constraints
present in realistic settings. In both simulation and real-
world environments, the robot cannot instantly reorient and
transition; it must decelerate to a full stop, adjust its heading,
and then accelerate toward the new target. Consequently, RL
policy trained under this assumption are often not temporally
optimal. To address this issue, we introduce a Kalman
filter to smooth the output waypoints of the RL policy.
Specifically, the historically selected waypoints are treated as
observations, and the Kalman filter is applied to predict the
probabilistic distribution of the robot position. The final next
waypoint is selected by integrating the probabilistic outputs
from both the RL policy and the Kalman filter.
Kalman filter is a recursive state estimator for linear dynam-
ical systems with Gaussian noise. In a 2D scenario, we often
track the position and velocity of a moving object in the x−y
plane. In 2D Kalman filter, we define the 4-dimensional state

vector at time step k as: xk =
[
xk,yk,vx,k,vy,k

]⊤ ∈ R4, where
xk,yk are the 2D positions, vx,k,vy,k are the 2D velocities.
The state evolves according to the linear dynamical system:

xk = Fxk−1 +wk−1, wk−1 ∼ N (0,Q), (11)

where F is the state transition matrix, wk−1 is the process
noise, modeling acceleration and model uncertainty, Q is the
process noise covariance matrix.
We assume that only the position (xk,yk) is observable:

zk = Hxk +vk, vk ∼ N (0,R), (12)

where H is the observation matrix, zk is the observation
vector, vk is the measurement noise, R is the measurement
noise covariance matrix.
The Kalman filter prediction process:

Predicted state: x̂−k = Fx̂k−1

Predicted covariance: P−
k = FPk−1F⊤+Q. (13)

The Kalman filter update process:

Kalman gain: Kk = P−
k H⊤(HP−

k H⊤+R)−1

Updated state: x̂k = x̂−k +Kk(zk −Hx̂−k ) (14)
Updated covariance: Pk = (I−KkH)P−

k .

At each time step, the posterior belief over the state is a
multivariate Gaussian distribution:

xk ∼ N (x̂k,Pk). (15)

The marginal distribution over position is:

xpos
k =

[
xk
yk

]
∼ N (x̂[:2]k ,P[:2,:2]

k ). (16)

To compute the probability density of a given position p =
[x,y]⊤ under the Gaussian distribution:

f (p) =
1

2π|P|1/2 exp
(
−1

2
(p−µ)⊤P−1(p−µ)

)
, (17)

where µ = x̂[:2]k is the estimated position mean, P = P[:2,:2]
k is

the position covariance matrix.
The final output policy π ′(at |ot) can be calculated as:

π
′(at |ot) = π(at |ot)+

f (st+1|st ,at)

∑at∈A f (st+1|st ,at)
. (18)

V. EXPERIMENTS

A. Training Environment

We first evaluated our trained RL policy on a test set
consisting of 200 previously unseen simulated 2D dungeon
environments. Since only the robot’s position transitions are
considered during training, no Kalman Filter is applied for
trajectory smoothing. We compared the travel distance of
GRATE to complete the exploration with several conven-
tional and learning-based exploration planners: (1) Near-
est [1]: the robot greedily moves to the nearest frontier, (2)
Utility [2]: the robot selects frontiers by balancing explo-
ration cost and expected utility, (3) NBVP [5]: a sampling-
based planner relying on rapidly-exploring random trees, (4)
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TABLE I
COMPARISONS WITH BASELINE PLANNERS IN SMALL-SCALE TRAINING ENVIRONMENTS (AVERAGE TRAVEL DISTANCE OF 200 SCENARIOS)

Nearest Utility NBVP TARE Local ARiADNE Ours

Distance (m) 490 (± 180) 442 (± 163) 504 (± 201) 382 (± 156) 402 (± 201) 372 (± 166)

(a) TARE, 1418m,741s,1.91m/s (b) ARiADNE, 1137m,668s,1.70m/s (c) GRATE, 1026m,554s,1.85m/s

Fig. 3. Exploration efficiency comparisons in large-scale forest Gazebo simulation environment (150m×150m) provided by [12].

TABLE II
COMPARISONS WITH BASELINE PLANNERS IN GAZEBO SIMULATION

ENVIRONMENTS (5 RUNS EACH).

Scene Method Distance
(m) Time (s) Velocity

(m/s)

Large-scale
forest

(150m×150m)

TARE 1368 720 1.90
ARiADNE 1158 675 1.72

GRATE 1074 577 1.86

Large-scale
indoor

(130m×100m)

TARE 1178 644 1.83
ARiADNE 1042 602 1.73

GRATE 980 542 1.81

Medium-scale
indoor

(85m×64m)

FAEL 592 365 1.62
ARiADNE 540 328 1.69

GRATE 548 303 1.81

Small-scale
indoor

(35m×25m)

HPHS 136 122 1.11
ARiADNE 129 105 1.23

GRATE 125 96 1.30

TARE Local [6]: the local planner of TARE (excluding the
global planner, as its local horizon suffices for our test scenar-
ios), (5) ARiADNE [10]: an attention-based DRL planner. As
shown in Table I, GRATE outperforms all baseline planners
in terms of travel distance. In particular, GRATE achieves a
7.5% improvement over ARiADNE, highlighting its stronger
reasoning capability across the entire map.

B. Gazebo Simulation

We then tested GRATE in four high-fidelity 3D Gazebo
simulation benchmarks of different scales: a large-scale
forest environment (150m × 150m) and a large-scale in-
door environment (130m × 100m) provided by [12] (also
the author of TARE [6], [7]), a medium-scale indoor en-
vironment (85m × 64m) provided by FAEL [8], and a
small-scale indoor environment (35m× 25m) provided by
HPHS [9]. Unlike the abstract 2D dungeon environments
employed during training, which adopt simplified assump-
tions about sensor perception and robot kinematics, the

Gazebo simulation benchmarks provide high-fidelity testing
scenarios. They integrate a physically realistic sensor model
(Velodyne 16-line 3D LiDAR) together with practical robot
motion constraints, represented by a four-wheel differential-
drive platform capable of reaching a maximum velocity
of 2 m/s. Current robot’s belief (fused point cloud data
collected from the sensor with Simultaneous Localization
and Mapping (SLAM) provided by [12]) is classified into
free and occupied areas using Octomap [32]. The resulting
map is then projected to a 2D occupancy grid and further
extracted into a sparse informative graph [11], enabling the
extension of our trained RL policy from small-scale to large-
scale environments. Finally, the next waypoint (computed by
integrating the probability outputs of the trained RL policy
and the Kalman filter) is tracked by the robot using the local
motion planner described in [12].

We compared GRATE with four representative methods:
TARE [6], [7], FAEL [8], and HPHS [9], which provide
large-, medium-, and small-scale environments and achieve
the best performance in their respective settings, as well as
ARiADNE [10], [11], a SOTA learning-based exploration
planner. We evaluate the performance of all planners from
multiple metrics: (1) travel distance, (2) exploration time,
and (3) average velocity. Results are shown in Fig.3, Fig.4
and Table.II. Specifically, in large-scale forest environment,
GRATE outperforms TARE by 21.5% in travel distance and
19.9% in exploration time, and ARiADNE by 7.3% and
14.5%, respectively. In large-scale indoor environments, it
achieves 16.8% and 15.8% improvements over TARE, and
6.0% and 10.0% over ARiADNE. In medium-scale indoor
environment, GRATE reduces exploration time by 17.0%
compared to FAEL and by 7.6% compared to ARiADNE,
while in small-scale indoor environment, it achieves im-
provements of 21.3% over HPHS and 8.6% over ARiADNE.
In terms of velocity, GRATE achieves on par performance
with TARE and consistently better than ARiADNE, FAEL,
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(a) large-scale, GRATE, 985m,544s,1.81m/s (b) medium-scale, GRATE, 554m,307s,1.80m/s (c) small-scale, GRATE, 127m,100s,1.27m/s

Fig. 4. Visualization Results of GRATE in indoor Gazebo simulation environments. Left: large-scale indoor environment (130m×100m); Middle:
medium-scale indoor environment (85m×64m); Right: small-scale indoor environment (35m×25m).

(a) mobile robot (b) indoor scene-1 (c) indoor scene-2

(d) final point cloud map

Fig. 5. Real world validation in a 60m×10m indoor laboratory.

and HPHS. Overall, GRATE achieves substantial improve-
ments in temporal efficiency and performs comparable or
superior spatial efficiency relative to both conventional and
learning-based SOTA methods.

It is important to note that TARE explicitly incorporates
curvature constraints into its local planner, which smooths
the generated path and guarantees kinodynamic feasibility for
path following. Consequently, TARE’s velocity performance
can be regarded as near-optimal. That GRATE achieves
comparable average velocity to TARE demonstrates the ef-
fectiveness of the Kalman filter in GRATE, which contributes
to waypoint smoothing and enhanced temporal efficiency.
Moreover, GRATE outperforms ARiADNE in terms of ex-
ploration time and average velocity, further demonstrating
the effectiveness of Kalman filter in GRATE. GRATE also
achieves a significant improvement than ARiADNE in terms
of travel distance, which is consistent with our evaluation
results in the 2D dungeon training environments. This im-
provement stems from the fact that ARiADNE incorporate
a structurally masked multi-head self-attention mechanism
guided by graph adjacency, restricting each node’s receptive
field to its neighbors and requiring multiple layers for
global propagation. This design performs well on small-scale
graphs, but as the graph grows, stacking additional layers
becomes necessary to expand the receptive field. However,
over-squashing limits each node’s fixed-size feature from

adequately capturing global structural information, leaving
distant nodes underrepresented. Meanwhile, relying solely
on the global attention mechanism in Transformers overlooks
the structural information encoded by graph adjacency. The
Graph Transformer framework in GRATE address these
limitations by integrating local message-passing GNNs with
Transformers, effectively leveraging GNNs to encode lo-
cal structural information while employing Transformers to
model long-term dependencies.

C. Real World Validation

We further deployed GRATE on an AgileX Scout mini
mobile robot equipped with a Ouster 32-line 3D LiDAR.
The experiment was conducted in a 60m × 10m indoor
laboratory with cluttered furniture (Fig.5). Similar to the
simulation setup, we adopted the SLAM algorithm provided
by [12] to obtain both LiDAR odometry and mapping for
real-world validation. The generated waypoints were tracked
using the local motion planner provided by [12], with the
robot’s max speed set to 0.75 m/s. For our DRL planner, we
configured the effective sensor range to 20 m, the Octomap
resolution to 0.2 m, and the node resolution of the extracted
collision-free informative graph to 0.8 m. In this experiment,
GRATE successfully explored the environment, achieving a
travel distance of 67 m, an exploration time of 167 s, thereby
demonstrating the robustness of our DRL planner in real-
world scenarios.

VI. CONCLUSION

In this work, we introduce GRATE, a DRL-based approach
for autonomous robot exploration. GRATE relies on a novel
Graph Transformer-based encoder to jointly capture local and
global dependencies, thereby enhancing the model’s capacity
to reason over both explored and unexplored regions. We
further develop a Kalman filter to smooth the waypoint
output of the RL policy and enhance motion continuity
by reasoning about the robot’s kinodynamic constraints,
which achieves notable improvements in temporal efficiency.
In our experimental results, GRATE outperforms SOTA
conventional and learning-based approaches, demonstrating
substantial improvements in exploration efficiency across di-
verse simulation benchmarks as well as real-world scenarios.
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Future work will target the deployment of our planner in
multi-robot settings, with a particular emphasis on promoting
collaborative efficiency while reasoning about motion con-
straints for multi-robot collision avoidance.
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