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Abstract— Goal-reaching in unknown environments is one of
the essential tasks in robot applications. Large-scale perception
and long-horizon decision-making are the keys to solving this
task as the operation scope expands or complexity rises. Exist-
ing navigation methods may suffer from degraded performance
in complicated environments induced by scalability-limited map
representation or greedy decision strategy. We propose the path-
extended graph as a compact map representation providing suf-
ficient structural information within a reasonable receptive field
and incorporate it into a hierarchical policy for higher efficiency
and generalizability. The path-extended graph contains the
concise topology of environment structure and frontier layout
for large-scale perception, avoiding the impact of redundant
information. The hierarchical policy solves long-horizon non-
myopic decision-making through a high-level frontier selection
policy using deep reinforcement learning (DRL) and a low-
level motion controller that handles path planning and collision
avoidance. Simulation and real-world experiments demonstrate
that our method outperforms other competitive approaches
in avoiding redundant movement and achieves efficient goal-
reaching, especially in complex environments.

I. INTRODUCTION

Autonomous robots capable of navigating unknown en-
vironments efficiently hold promise in bringing practical
assistance to various applications like emergency rescue and
target search. When carrying out such missions, the robots
need to reach goals in large-scale, unmapped areas, which
may be located at considerable distances. Thoroughly under-
standing and managing the complexities of these expansive
and intricate environments is critical to avoid unnecessary
movements and local optima challenges.

In classic methods, the feasibility of navigation in un-
known environments is often underpinned by continuous
map updating and incremental frontier-oriented planning.
Despite the effectiveness, resource-consuming dense map
construction and greedy frontier selection policy may lead
to inefficient performance in large-scale environments and
long-horizon tasks, impeding the flexible applications of
these methods [1], [2]. Learning-based methods like Deep
Reinforcement Learning (DRL) using Convolutional Neural
Networks (CNN) [3], [4] have been proven to be able to
mitigate the myopic decision problems by considering long-
term returns with map information, but expensive mapping
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Fig. 1. Illustration comparing (a) message passing methods, (b) pooling
methods, and (c) our method. Note that our method utilizes the path-
extended graph as a compact map representation and integrates it into a
hierarchical framework for higher scalability and stability.

is still highly relied upon.
Topological representations can provide promising solu-

tions to the resource-consuming problems of their map-based
counterparts, which have been proven effective in navigation
tasks [5]–[9]. The graph representation characterizes the
relations between explored entities with sparse structural
information instead of over-provisioning dense information.
Recent advances in topology-aware decision-making have
leveraged Graph Neural Networks (GNN) with message-
passing mechanisms and Transformer networks with atten-
tion mechanisms. These methods demonstrate stronger capa-
bilities in encoding diverse topology and offer the advantage
of consistent computation time, circumventing the escalating
computational demands of extensive node-level simulation
and evaluation inherent in navigation processes [10]. How-
ever, the perception capability of these two methods may
degrade markedly in long-horizon tasks due to the over-
smoothing problem in GNN and high resource occupancy
in Transformer. Redundant graph expansion greatly hinders
the compatibility between the graph and the networks with
limited receptive fields, especially in complex environments
that demand large-scale perception.

Some approaches adopt pooling methods to enlarge the
receptive field by extracting global features instead of con-
ducting local information aggregation. Directly mapping the
features to local-scope controls like discrete actions or neigh-
boring positions can be effective in some exploration tasks
[11]–[13]. However, the sample efficiency of these methods
may decrease significantly when deployed in long-horizon
tasks due to sparse rewards and long episodes, making them
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hard to train and vulnerable to large-scale environments [14].
In this paper, we present the path-extended graph for con-

cise map representation, facilitating large-scale perception,
and we develop a hierarchical policy designed for efficient
long-horizon decision-making in goal-reaching tasks within
unknown and complex environments. The path-extended
graph describes the global structure and frontier layout for
the explored regions, enabling structural recognition for
neural networks under a limited receptive field. The hierar-
chical policy directs the DRL-based policy to focus on non-
myopic frontier selection in the global scope and leaves the
local navigation problems to robust motion planners, taking
the complementary strength of both DRL-based policy and
mature navigation algorithms. The frontier selection policy
breaks down the long-horizon goal-reaching problem into
sequential waypoint-approaching tasks and the motion con-
troller handles path planning and dynamic collision avoid-
ance between the waypoints without global dense mapping.

In summary, the main contributions of this work include:
• We propose the path-extended graph as a map rep-

resentation for unknown environments with concise
information describing both global structure and frontier
layout, enabling effective large-scale perception.

• We propose a hierarchical architecture composed of a
high-level DRL-based frontier policy and a low-level
controller, efficiently solving long-horizon planning.

• The system is validated in various simulated and real-
world settings, showing its efficiency and scalability in
goal-reaching while minimizing redundant movements
and avoiding dead-ends.

II. RELATED WORKS
A. Map Representation

Classic goal-reaching navigation systems highly depend
on the pre-constructed dense maps for precise path planning.
Dense metric maps have to be obtained with the help of
human control, predefined instructions, or intelligent policies
before deployment, and the robots can only complete goal-
reaching within the mapped regions [4], [15]–[17]. But as
exploration for mapping methods, they mainly focus on
mapping the whole environment instead of reaching the
goal position with only necessary exploration or coarse
environmental information [12], [18]. To relieve expen-
sive mapping stress, the topological map is an emerging
lightweight representation containing sparse structural infor-
mation of the environment layout [19]–[21]. Early works
use sampling-based methods like Rapidly-exploring Ran-
dom Trees (RRTs) and Probabilistic Roadmaps (PRMs) to
build a sparse graph representation of the environment to
reduce resource consumption and enhance generalization
performance [14], [19], [22]. Nodes in recent graph-based
methods are usually spatially sampled in open space [11]
[23] or extracted from historical robot poses [7], and edges
are constructed between them according to accessibility or
human expert evaluation in belief space [8]. Plenty of works
show that topological maps can be useful in describing high-
level environmental information [5], [24], [25] in tasks under
a relatively small number of nodes. However, as the graph

expands with the exploration, the number of nodes may
increase quickly, which brings difficulty to neural networks
with limited sensing fields or transformer networks with high
computation resource requirements. Methods like hierarchi-
cal hops sensing mechanisms [11] are proposed to enlarge
the receptive field, but a lot of task-irrelevant nodes are
still under consideration. The vacancies in enhancing the
compatibility between the map representation and the policy
from the graph construction perspective are worth to be filled.
B. Policy Architecture

Traditional methods split the navigation problems into two
stages, global path planning and local trajectory planning.
As for goal-reaching tasks, an additional sub-goal decision
step is needed for guidance to direction with higher value,
usually involving selecting positions of interest like frontiers
and next-best viewpoints [26]. Early works tend to utilize
greedy strategies ignoring the structural information of the
environments that could be important to guide the robots
to avoid problems like getting stuck in local optimum [27].
Learning-based methods have been proposed to mitigate
myopic decision problems in navigation tasks recently, taking
global environmental layout into consideration by using
topological environmental information [23] or sequential
image-based map information [3], [4]. Some researchers
directly use end-to-end frameworks that map the observations
to control commands like velocity controls [12], [28] or
neighboring positions [11], which can achieve agile perfor-
mance in various scenarios but may suffer from problems
like difficult long-horizon planning learning or vulnerable
transferring performance [3], [14]. Methods with modular
pipelines are trending these days for their generalization
stability in various simulation environments and real-world
environments [3], [26], [29]. Some works combine planning
in pre-mapped environments with learning-based collision
avoidance policies for long-horizon deployment [14], [30].
Methods for image-goal navigation or object-goal navigation
utilize modular pipelines to complete tasks in a coarse-to-fine
style, in which coarse-grained direction selection considering
the semantic similarity and topological layout guides fine
exploitation in the local scope [31].
C. Goal-reaching in Unknown Environments

Different from exploration for mapping tasks, goal-
reaching in unknown environments demands the robot to
complete target-approaching in previously unknown envi-
ronments. Cimurs et al. present a map-based strategy using
points of interest considering both information gain and
distance cost as navigation guidance for a local DRL-based
collision avoidance policy [18]. Ravichandran et al. adopt an
exploration policy with scene-graph-based representation for
multi-object search tasks in which the purpose is to cover
as many objects as possible, instead of arriving at a specific
position [12]. There is a dearth of work that utilizes graphs
as lightweight environmental memory for goal-reaching in
unknown environment tasks, inspiring us to utilize a hierar-
chical goal-reaching policy architecture leveraging the path-
extended graph as the map representation.
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Fig. 2. Framework overview. We adopt a hierarchical pipeline composed
of an event-triggered frontier selection policy and a time-triggered motion
controller. The path-extended graph is extracted from the continuously
updated roadmap and passed to policy networks. Node-wise attention
mechanism (dashed arrows) aggregates information between neighboring
nodes and frontiers for multi-scale perception. Through action evaluation,
the frontier with the highest attention weight (yellow star) is selected as a
waypoint for the motion controller, guiding sub-goal generation and arrival.
The frontier selection policy is triggered upon reaching the last sub-goal,
while the motion controller operates continuously at a fixed frequency.

III. PROBLEM STATEMENT AND METHOD OVERVIEW

We focus on the problem of goal-reaching in unknown
environments, in which the robot is tasked to reach a given
position in previously unmapped regions. We look into ran-
domly constructed environments composed of free regions
Rf and occupied regions Ro. According to the task progress,
the environment can be classified into known regions Rk

and unknown regions Ru. The robot starts from a random
position P0 within the free region Rf and navigates towards
the goal Pg located in initially unknown regions Ru. The
known region Rk expands as the robot proceeds and the
expanded regions are marked as free or occupied according
to the sensor measurement. The objective of the task is to
reach the goal Pg with the shortest possible path.

We present a goal-reaching system built on top of a graph-
based map construction and hierarchical policy execution, as
shown in Fig. 2. The path-extended graph is extracted from
the roadmap and fed to the hierarchical policy as a compact
map representation, recording the explored collision-free
regions. The hierarchical pipeline is composed of a high-level
frontier selection policy and a low-level motion controller
handling path planning and collision avoidance. The frontier
node with the most exploring value is selected by the DRL-
based policy as a waypoint at each step and then passed to
graph-based path-planning methods for sub-goal solving. As
for navigation between sub-goals, a local navigation policy

is adopted for collision avoidance according to the local
gridmap. Detailed explanations are provided in Section V.

Note that the roadmap is updated incrementally as the
navigation proceeds, while the gridmap is only maintained in
the local scope. Traversability checking and node classifica-
tion are also achieved through slope estimation and boundary
detection within the local gridmap along the way.

IV. MAP REPRESENTATION: PATH-EXTENDED GRAPH

Memorizing explored regions’ topological layouts and
possible exploring directions are crucial for long-horizon
goal-reaching in previously unknown environments. Thus,
we introduce a path-extended graph as the map representa-
tion in a sufficient but concise style. We first build a roadmap
graph Gt

r = (V t
r , E

t
r) with random sampling in the explored

region. Lightweight loop closures are performed during the
roadmap construction, enhancing the practicality for use in
potentially large-scale applications. V t

r and Et
r refer to the

roadmap node set and edge set respectively at time t. Each
node in V t

r is assigned with a feature vector zti = (xti, y
t
i , c

t
i)

when added to the graph, in which xti and yti indicate the
position of the node in the roadmap coordinate system and
cti indicates the category of the node (e.g., known, frontier,
robot path, current robot position). The node features are
continuously updated according to the position adjustment
from loop closure and category changes during the progress.
Traversability of the edges in Et

r is checked between the
nodes through slope estimation within the local gridmap.
The roadmap graph Gt

r is built incrementally along the way
and is updated effectively when map condition changes are
observed. With this initial sparse topological map, we can
further obtain the concise collision-free region representation
for both task-relevant graph extraction and path planning.

To better enable the large-scale perception, we extract
a path-extended graph Gt

p = (V t
p , E

t
p) from the initial

roadmap Gt
r, keeping only necessary information. The path-

extended graph node set V t
p is composed of robot current

node V t
robot, path nodes V t

path and frontier nodes V t
frontier

derived from the current roadmap nodes V t
r , meaning that

V t
p = V t

robot ∪ V t
path ∪ V t

frontier. Instead of adding the goal
as an independent node in the graph, we encode the relative
goal information into node features. The node feature vectors
in the path-extended graph are modified to z′ti = (dti, θ

t
i , c

t
i),

in which dti refers to the relative distance between the
goal position Pg and the node, θti refers to the relative
angle between the goal position Pg and the node, and cti
still refers to the node category. Only the node category
feature may change throughout an episode due to potential
changes in the robot’s position, while the goal information
feature remains constant. The edges in Et

p represent the
traversability between the nodes in V t

p , which not only can
be obtained from the connections in Gt

r but also from the
frontier updating procedure.

Path Node The original robot trajectory ψ is a sequence
of history positions within the known region Rk, ψ =
(P0, P1, . . . , Pt), Pt ∈ Rk. With the help of the roadmap,
the trajectory points can be clustered to a subset of nodes



V t
r according to the proximity of locations, providing both

simplicity in recording structural information and prevention
of redundant node expansion from multiple revisits to the
same areas. The node subset V t

path is continuously updated
as the navigation proceeds, nodes newly marked as the robot
position in V t

r will be included and connected by checking
the accessibility through the edge set Et

r in the roadmap.
Frontier Node Frontiers are points on the boundaries

between the known and unknown parts of the environment
obtained from the local gridmap. Recent methods use sparse
nodes with utility value [23] or nodes selected by human
expert prediction [8] to describe the frontier distribution
implicitly, which may impede the policy to understand
the potential exploring directions along with the boundary
layout. As we utilize a roadmap as the preliminary map
representation, the initial frontiers can be further organized
into nodes on the roadmap with the category of “frontier”.
We adopt frontier nodes V t

frontier derived from the roadmap
node set V t

r as frontiers, clearly representing the boundary
information with low memory consumption. Each frontier
node in V t

frontier stems from the path node that it is
observed, describing the accessibility between the path node
and the frontier node.

V. POLICY ARCHITECTURE: GRAPH-BASED
REINFORCEMENT LEARNING

In this section, we aim to tackle long-horizon navigation
in large-scale unknown environments with a hierarchical
framework composed of a frontier selection module and
a motion controller module. The frontier selection module
determines the node with the most goal-reaching value as a
high-level action. The motion controller module generates an
optimal path covering the current robot node and the selected
frontier node on the roadmap and then guides the robot to
follow the given path while avoiding collisions.
A. Frontier Selection

The goal-reaching tasks in unknown environments can
be decomposed into a series of frontier selection and ar-
rival problems using partially explored maps. The optimal
frontier is selected at each step by the policy to serve as
the waypoint for the underlying motion controller, guiding
the robot progressively toward the final goal. To achieve
non-myopic decision-making with topology awareness, we
employ deep reinforcement learning (DRL) to learn the
policy with the path-extended graph. The goal-reaching in
unknown environments can then be formulated as a Partially
Observable Markov Decision Process in the reinforcement
learning framework which can be described as a tuple
(S,A,P,R,Ω,O, γ), where S is the state space, represent-
ing the global environment information inaccessible to the
robot in deployment, A is the action space, P is the transition
probability, R is the reward function, Ω is the observation
space and O is the observation probability conditioned on
the actual state, γ is a discount factor describing the relative
importance of future rewards.

Observation Space Our policy takes the current path-
extended graph Gt

p at each time step t as input ot, which

Algorithm 1 Goal-reaching in Unknown Environments
Input: πf , πl: frontier selection policy and local policy;
Input: Pg, P

0
r : goal position and initial robot position;

Input: G0
r: initial roadmap;

Input: N : re-plan length;
1: Initialize path-extended graph G0

p from the roadmap G0
r;

2: repeat
3: Update roadmap Gt

r according to sensor readings;
4: Extract path-extended graph Gt

p from the roadmap
Gt

r;
5: Apply action πf (Gt

p) as the waypoint to follow;
6: Plan path ψt to the waypoint on the roadmap Gt

r;
7: Follow the path with πl for N steps;
8: until d < δg

contains sufficient information for frontier-level decision-
making in goal-reaching tasks. The goal orientation and
node category information are encoded in the node features,
while the environmental structure information and frontier
distribution details are encompassed within the topological
relationships. All the node feature vectors are normalized to
the range of [−1, 1] before sending into the network.

Action Space All nodes with the category “frontier” in the
path-extended graph Gt

p are considered potential actions at
each time step t. We consider a stochastic selection mecha-
nism in deployment. The policy network outputs the attention
weights over those frontier nodes. The action frontier can be
selected greedily or through probability converted from the
attention weight distribution. The selected frontier will be
sent to the motion controller as a waypoint for completion.
To enhance the flexibility of the policy, in case the robot
misses updated actions while approaching a distant frontier.
we introduce a replan mechanism in the execution phase. The
replan mechanism can also stabilize the training procedure
for keeping step-wise rewards within a similar magnitude.

Reward Setup To guide the policy optimization, we
have designed a reward function taking arriving target and
shortening path distance into account:

R(st, at) = Rg +Rp

In particular, st and at refer to the state obtained from
the simulation and action taken by the agent at time step
t respectively. The policy gets Rg for arriving at the goal:

Rg =

{
rarrival if goal reached
0 otherwise

where we use goal-related rewards rarrival for guidance to
avoid falling into local optimum that impedes the policy to
find different completion routes in complex environments.

To ensure fast goal-reaching, it gets penalized with Rp :

Rp = wC(st, at)

which defines a distance penalty weighted by coefficient w.
C defines a cost function that considers the path length during
the execution of at after st. Note that st is only accessible



during training. The policy relies solely on the observation
ot for decision-making in deployment.

Policy Network We adopt the deep reinforcement frame-
work of discrete SAC for policy training, as shown in Fig.
2. The input path-extended graph Gt

p contains both task-
related node features and connection correlations between
the nodes. Neighboring Aggregation is performed initially
for information exchange among all adjacent nodes. Graph
Attention Networks (GATs) and Node Encoder composed of
multiple Multi-Head-Attention layers are both used to handle
this time-varying graph input for multi-scale perception.
With these topology-aware node features, frontiers can get
comprehensive perceptual information about the surrounding
layout. Then the Frontier Aggregation phase further enhances
features through a self-attention-based Frontier Encoder for
global topological perception. Through querying from the
current robot to all frontiers V t

frontier using a pointer layer
[32], the actor network generates the attention weights over
all potential action nodes in the Action Evaluation phase. The
final action is chosen according to this weight distribution.
The critic is a Graph Q Net which shares a similar structure
with the actor network, except for the final layer that outputs
an overall evaluation of the current path-extended graph.

B. Path Planning and Local Navigation

Frontiers selected work as waypoints that gradually guide
the robot toward the goal position. The path planning module
uses a graph-based A* algorithm to generate a path from the
current node V t

robot to the selected frontier location on the
roadmap. Sub-goal is then derived from the path according
to the replan mechanism threshold at each time step.

To safely follow the sub-goals, a motion policy is deployed
for local dynamic collision avoidance using the methods in
our previous works [33] [34]. The local policy takes laser
readings in sequential obstacle map representation as input
and outputs velocity commands. The policy is pre-trained
separately in multi-agent simulations. The pseudo-code of
the overall method is presented in Algorithm 1.

VI. EXPERIMENTS

A. Experiment Setup

For efficient frontier policy training, we employ a dungeon
map dataset [17]. The gridmaps are sampled at varying
resolutions for different scales. Note that too low a resolution
might hinder the representation of narrow areas, while too
high a resolution could introduce unnecessary computational
load. Roadmap points are randomly sampled within the
robot’s observable range and connected using Bresenham’s
line algorithm. A successful episode is defined by the robot
being within 1m of the goal and below the maximum episode
length. Environments are categorized into easy, medium, and
complex levels as in [23]. Increased difficulty levels entail
longer horizons of navigation and complex paths, raising the
likelihood of encountering dead-ends.

Following metrics are used to compare the performance:
• Success Rate (SR): The ratio of arriving goals within

the time allowed after 50 runs.

(a) Episode Reward (b) Total Step

Fig. 3. Ablation comparison on episode reward and total steps. We refer
to our method as “Ours”, the version using full roadmap input as “Ours-
RM”, the version using adjacent actions as “Ours-ADJ”, and the version
using trajectory graph as “Ours-TRAJ”. The solid curves and shaded regions
depict the mean and the standard deviation of the data among the three
trials. We can observe that our method can achieve higher episode rewards
and fewer total steps within fewer training episodes compared with other
methods, indicating that our methods can efficiently handle environmental
encoding and decision-making in complex environments.

• Success weighted by Path Length (SPL): The success
rate weighted by normalized inverse path length.

• Average Map Size (Avg Map): Average map size during
the navigation over the succeeded runs.

B. Ablation Study
Map Representation: To prove the merits of our map

representation, we test DRL-based policy with inputs of
different graph construction mechanisms in the dungeon map
simulations, results are shown in Table I, Fig. 3 and Fig. 4.

• Ours-RM uses a full roadmap as input, containing
nodes covering all the explored regions, which is also a
randomly sampled version of the method used in [23].

• Ours-TRAJ uses a trajectory graph as input. Edges are
constructed between temporally consecutive nodes or
spatially neighboring nodes at each time step, recording
the robot trajectories of the whole procedure [8].

We implement the modified versions by replacing the input
but keeping the same range of the network receptive field
for fair comparison. As the roadmaps or trajectory graphs
with a large number of nodes may take considerable resource
consumption with Transformer-based policy, we empirically
set the range of the receptive field to 7. Results show that
our method can achieve better performance in all scenarios
with both higher rewards and less energy consumption,
unnecessary movement is effectively avoided. We believe
that the roadmap with massive intermediate connections
brings redundant information, which can not be handled
well by networks with a limited receptive field, especially in
complex scenarios. The curves in Fig. 3 also show that the
roadmap may lead to unstable performance and lower sample
efficiency during training. The trajectory graph’s edges are
constructed considering local spatial correlations and global
temporal navigation progress, which may cause ambiguities
like graph-level distant nodes being spatially close. Our
path-extended graph enables compact representation, facil-
itating efficient information aggregation within a reasonable
receptive field. Performance enhancement becomes more
pronounced with increasing difficulty levels, demonstrating
our map representation’s efficacy in large-scale perception.

Policy Architecture: We also evaluate policies with dif-
ferent action spaces and network structures:



(e) Ours (224)(d) Ours-ADJ (800)(c) Ours-RM (444)(b) CNN+LSTM (465)(a) Utility(506)

Fig. 4. Trajectory Comparison. A case example of the robot navigating from the purple point to the blue point in a previously unknown environment is
shown here. The light gray parts represent explored regions while the dark gray parts represent unknown regions. Trajectory results show that our method
can help the robot avoid back-and-forth behaviors within the explored regions and navigate through efficiently with large-scale topology perception. While
other methods suffer from redundant movement or the trap of dead-ends.

TABLE I
MAP REPRESENTATION ABLATIONS.

Scenario Methods
Metrics SR SPL Avg Map*

Easy
Ours-RM 1.0 0.84 585.3

Ours-TRAJ 1.0 0.90 561.1
Ours 1.0 0.94 540.3

Medium
Ours-RM 1.0 0.84 656.2

Ours-TRAJ 1.0 0.85 650.1
Ours 1.0 0.89 642.2

Complex
Ours-RM 0.96 0.73 682.3

Ours-TRAJ 1.0 0.79 671.3
Ours 1.0 0.87 658.2

* Calculated over the succeeded runs.
TABLE II

POLICY ARCHITECTURE ABLATIONS: ACTION SPACE

Scenario Methods
Metrics SR SPL Avg Map*

Easy

Ours-ADJ 0.68 0.59 539.1
Ours-Cluster 1.0 0.84 584.1

Ours w/o Replan 1.0 0.82 588.5
Ours 1.0 0.94 540.1

Medium

Ours-ADJ 0.54 0.44 646.6
Ours-Cluster 1.0 0.83 652.7

Ours w/o Replan 1.0 0.83 644.1
Ours 1.0 0.89 642.2

Complex

Ours-ADJ 0.54 0.46 647.2
Ours-Cluster 0.96 0.70 703.2

Ours w/o Replan 1.0 0.79 668.2
Ours 1.0 0.87 658.2

* Calculated over the succeeded runs.

• Ours-ADJ uses nodes adjacent to the current node as
action space, within a distance matching our method’s
replan range to ensure comparable step distances.

• Ours-Cluster uses clustered frontiers as actions, with
further sparsification by overlooking frontier layouts,
while retaining the replanning mechanism.

• Ours w/o Replan uses the same policy network as ours
but does not replan until the frontiers are reached.

• Ours-Isolated directly processes isolated frontiers with
attention mechanisms, disregarding graph connections.

• Ours-PointNet uses a modified PointNet [35] to extract
graph-level features, and concatenates them with node-
level features for topology-awareness.

The results in Tables II and III demonstrate that our policy
architecture outperforms others in efficient goal-reaching.
The low success rate of Ours-ADJ highlights the effec-
tiveness of using frontiers as actions, allowing the policy
to focus on high-level decision-making instead of long-
horizon planning. Improved sample efficiency compared to
Ours-ADJ, as shown in Fig. 3, further validates the effec-

TABLE III
POLICY ARCHITECTURE ABLATIONS: NETWORK STRUCTURE.

Scenario Methods
Metrics SR SPL Avg Map*

Easy
Ours-Isolated 1.0 0.82 591.2
Ours-PointNet 1.0 0.88 567.3

Ours 1.0 0.94 540.3

Medium
Ours-Isolated 1.0 0.81 675.2
Ours-PointNet 1.0 0.82 665.5

Ours 1.0 0.89 642.2

Complex
Ours-Isolated 0.96 0.69 708.1
Ours-PointNet 0.94 0.65 733.1

Ours 1.0 0.87 658.2
* Calculated over the succeeded runs.

tiveness. The inferior Avg Map results suggest that Ours-
ADJ struggles with complex tasks and is prone to dead-
ends, as evidenced in Fig. 4. The reduced efficiency of
the Ours-Cluster method emphasizes the significance of the
frontier layout in action evaluation, where sparse directional
guidance from clustered frontiers may cause ambiguity in
the presence of multiple viable directions. The replanning
mechanism’s success, demonstrated by the results of Ours
w/o Replan, confirms its role in timely area recognition.
Table III shows that the topological relationship is crucial
for decision-making, necessitating a graph neural network
for proper encoding and understanding. Overall, enhanced
performance in complex scenarios validates the efficiency of
our policy architecture for long-horizon goal-reaching tasks.
C. Comparative Study

We conducted a performance evaluation of our method
against various existing approaches. While some were devel-
oped for exploration and mapping, we reimplemented them
for goal-reaching settings, results are shown in Table IV.

• Utility [18] uses an Information-based Distance Limited
Exploration utility function for frontier evaluation, ac-
counting for information gain and Euclidean distances.

• CNN+LSTM [4] uses a frontier selection policy that
takes sequential occupancy maps and frontier locations
as inputs and outputs a weight parameter that regulates
the importance ratio of travel distance and goal distance.

• Graph Pooling uses graph-level pooling to distill fea-
tures from the roadmap, and then maps them to the
action space with eight uniformly sampled actions.
Unreachable actions are masked via collision checks.

Methods utilizing frontiers as the actions demonstrate
greater stability than Graph Pooling with adjacent actions.
The pooling layer in Graph Pooling indiscriminately blends
node information, hindering task-relevant feature extraction.



TABLE IV
COMPARISON.

Scenario Methods
Metrics SR SPL Avg Map*

Easy
Utility 1.0 0.90 587.3

CNN+LSTM 1.0 0.89 591.3
Graph Pooling 0.64 0.54 536.2

Ours 1.0 0.94 540.1

Medium
Utility 1.0 0.86 663.4

CNN+LSTM 1.0 0.87 652.2
Graph Pooling 0.51 0.41 648.3

Ours 1.0 0.89 642.2

Complex
Utility 0.96 0.79 728.2

CNN+LSTM 0.98 0.75 732.6
Graph Pooling 0.45 0.36 630.1

Ours 1.0 0.87 658.2
* Calculated over the succeeded runs.

(a) Mapping+Utility (b) Ours

Back-and-forth
movement

Efficient
passing

Fig. 5. Tunnel simulation comparison. The robot is tasked to sequentially
navigate between three predefined targets with the Mapping+Utility method
and our method. Trajectories show that our method can achieve a more
efficient performance in complex long-horizon scenarios, avoiding back-
and-forth behaviors. Quantitative results in Table V also prove so.

Frontiers offer consistent guidance, helping robots avoid
local optima. However, Utility treats frontiers individually,
neglecting their layout and interconnections, resulting in
inefficient back-and-forth movements. CNN+LSTM slightly
outperforms Utility but faces similar issues due to the recur-
rent neural network’s catastrophic forgetting problem, lim-
iting global perception. Our method, with its path-extended
graph for concise large-scale perception and a policy focused
on global decision-making, delivers the most effective and
stable results. Its superior performance in complex settings
highlights our method’s proficiency in long-horizon tasks.

To demonstrate our method’s effectiveness and efficiency,
we compare it with a map-based approach in a tunnel
simulation environment [36]:

• Mapping+Utility deploys dense mapping for environ-
mental memory and utilizes a utility-based frontier
policy considering both goal distance and path length.

In simulation tasks involving sequential navigation to three
targets, TABLE V and Fig. 5 reveal that Mapping+Utility
frequently explores unnecessary areas, resulting in higher
explored volumes. Its extended time consumption stems from

TABLE V
TUNNEL SIMULATION COMPARISON.

Task Methods
Metrics explored

volume(m3)
traveling

distance(m)
time

usage(s)

1∼2 Mapping+Utility 2553.4 176.6 335.5
Ours 2088.3 202.5 150.1

2∼3 Mapping+Utility 3358.3 302.9 631,8
Ours 2471.8 171.2 108.1

3∼1 Mapping+Utility 1382.4 90.9 133.9
Ours 1367.7 89.8 70.1

Fig. 6. Real world evaluation. We present three goal-reaching cases of our
method in the previously unknown campus environment as shown in the
satellite map marked with the colored path on the top left. The roadmap
and the local gridmap along the way are shown on the top right. Sampled
images on the right show some dynamic obstacle cases (A, B) or dead-end
cases (C, D) during the process that are successfully handled by our method.

A* algorithm-based path-finding and repetitive movement
due to its disregard for topology. In general, our method
exhibits better performance in most long-horizon tunnel
scenarios and effectively avoids redundant movement.
D. Real World Evaluation

Note that our method is platform and sensor agnostic,
suitable for various mobile robots. We evaluated our method
using LiDAR-equipped differential robots in an unmapped
campus environment featuring non-uniform obstacles, un-
even terrain, and dynamic entities like pedestrians and ve-
hicles. The robots navigated to three targets with varying
complexities: Task 1 involved long-horizon navigation with
dead-end and dynamic obstacles during busy daytime hours;
Tasks 2 and 3 entailed maneuvering through unstructured
areas with stairs and slopes. As Fig. 6 indicates, the robots
successfully reached goals while avoiding collisions. Effi-
cient roadmap construction and motion control allowed the
robots to concentrate on frontier-level decisions, navigating
out of local dead-ends or incorrect paths. The success in these
untrained campus environments demonstrates our method’s
adaptability and robustness. Videos can be found at https:
//www.bilibili.com/video/BV1rz421y7gp.

VII. CONCLUSION

In this study, we introduce a hierarchical method for
goal-reaching, combining large-scale perception and long-
horizon decision-making. Our path-extended graph facilitates
effective perception in unknown environments, suitable for



learning-based methods with limited receptive field or com-
putational resources. Our hierarchical architecture leverages
deep reinforcement learning and a robust motion controller
for topology-aware, long-horizon planning. This approach
shows substantial improvement over existing methods in
complex, unknown scenarios, validated through both simula-
tion and real-world tests. Future work will focus on enhanc-
ing cooperative performance via joint training or dynamic-
range feature encoding and exploring multi-robot tasks.
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