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Abstract— Visual Semantic Navigation (VSN) aims at navi-
gating a robot to a given target object in a previously unseen
scene. To tackle this task, the robot must learn a nimble
navigation policy by utilizing spatial patterns and semantic
co-occurrence relations among objects in the scene. Prevail-
ing approaches extract scene priors from the instant visual
observations and solidify them in neural episodic memory to
achieve flexible navigation. However, due to the oblivion and
underuse of the scene priors, these methods are plagued by
repeated exploration, effective-knowledge sparsity, and wrong
decisions. To alleviate these issues, we propose a novel VSN
policy, HSPNav, based on Hierarchical Scene Priors (HSP)
and Deep Reinforcement Learning (DRL). The HSP contains
two components, i.e., the egocentric semantic map-based Local
Scene Priors (LSP) and the commonsense relational graph-
based Global Scene Priors (GSP). Then, efficient semantic nav-
igation is achieved by employing an immediate LSP to retrieve
conducive contextual memories from the GSP. By utilizing
the MP3D dataset, the experimental results in the Habitat
simulator demonstrate that our HSP brings a significant boost
over the baselines. Furthermore, we take an essential step from
simulation to reality by bridging the gap from Habitat to ROS.
The migration evaluations show that HSPNav can generalize to
realistic settings well and achieve promising performance.

I. INTRODUCTION

Visual Semantic Navigation (VSN) task [1], [2] aims at
navigating a robot to a given object category based on its
visual observation in a previously unseen scene. Although
unknown scenes imply unfamiliarity and challenge, it is
exceedingly rare that no prior information is available in
domestic scenes. For example, intelligent bodies like humans
often rely on experience to infer the subordination and
co-occurrence relations among objects in domestic scenes,
which is leveraged to assist in VSN. In other words, humans
benefit from traversing a wide variety of domestic scenes
over time, summarizing and memorizing a wealth of scene
priors that aid in localizing and navigating to specified
objects.

In recent years, large-scale realistic 3D scene datasets
[3], [4] have provided the impetus for the development
of VSN. Existing VSN methods [5]–[14] have attempted
to exploit the scene priors by developing implicit Neural
Episodic Memory (NEM) [5], [6] and explicit semantic map
representation [7]–[14]. Despite the promising achievements
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Fig. 1. illustrates the HSP consisting of an egocentric local semantic
map-based LSP and a commonsense relational graph-based GSP. The LSP
provides robots with fine-grained spatial and semantic features around them.
The GSP provides robots with commonsense knowledge and high-level
environmental topological information that benefit VSN.

achieved, due to the oblivion and underuse of the scene
priors, many methods are plagued by repeated exploration,
effective-knowledge sparsity, and wrong decisions. On the
one hand, VSN is usually a long-sequence decision task,
while recurrent neural networks are known to be inefficient in
capturing long-term dependencies [15], [16], which results in
repeatedly exploring and failing to execute serialized action.
On the other hand, cutting-edge research [1] has verified that
semantic map-based environmental representation facilitates
the migration from simulation to reality and is more robust.
However, the scene priors provided by semantic maps are
still raw and sparse, which requires further feature mining.
Despite a recent work [17] suggesting the usage of visual
language models [18] to enhance the extraction of semantic
relations, efficient scene-prior learning remains an open and
challenging topic.

In this work, a Hierarchical Scene Priors (HSP) learning
method is proposed for VSN inspired by the human habit
of summarizing and exploiting experiences, as shown in
Fig. 1. In particular, the HSP contains two components,
i.e., the egocentric semantic map-based Local Scene Priors
(LSP) and the commonsense relational graph-based Global
Scene Priors (GSP). An egocentric local semantic map is
employed to support the robot’s prompt response to sur-
rounding emergencies, such as collision avoidance and local
semantic inference. The GSP is achieved by injecting human
commonsense knowledge and objects’ texture features into
an object-oriented topological relational graph. We humans
are adept at responding to current challenges by recalling
past experiences in light of current encounters. Inspired by
this, a novel HSP-based VSN strategy named HSPNav is
further proposed in the Deep Reinforcement Learning (DRL)
framework by employing an immediate LSP to retrieve
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conducive contextual memories from the GSP.
Sufficient comparative studies in the Habitat simulator [19]

demonstrate that our method outperforms several baselines.
Furthermore, we take an essential step from simulation to
reality by bridging the gap from the Habitat simulator to
Robot Operating System (ROS) to generalize our approach
to real scenes. Qualitative migration evaluations demonstrate
the potential of our method to be applied in realistic scenes.
Overall, our main contributions are summarized as follows:
(1) An efficient hierarchical scene priors learning technique
and a novel DRL-based VSN strategy HSPNav are proposed.
(2) An interface is designed to bridge the Habitat simula-
tor and ROS to generalize our HSPNav to more realistic
situations. (3) Sufficient comparative studies and qualitative
evaluations validate the superiority of our method. We will
open-source our experimental code and the Habitat-ROS
simulation environments for the benefit of the community.

II. RELATED WORK

A. Scene Prior Learning for Visual Semantic Navigation

Mainstream VSN strategies typically learn scene priors by
extracting implicit NEM directly from visual observations
or by building explicit environmental representations. Red-
Rabbit [5] predicts the next-best action from the RGBD
images and obtains more abundant scene priors by intro-
ducing auxiliary tasks. SAVN [6] introduces meta-learning
skills into the model to empower agents to adapt to unknown
environments based on implicit NEM. Although it is succinct
to learn navigational skills directly from raw visual images
in an end-to-end manner, such approaches are prone to
lead to the oblivion and underuse of the scene priors. To
remedy these deficiencies, episodic semantic map-based ex-
plicit scene representation has been proposed with promising
achievements [7]–[14]. SemExp [7] utilizes differentiable
projection operations to map the RGBD visual observations
into a global semantic map for GSP learning. Then, SemExp
plans a collision-free path toward a long-term navigation
goal based on the learned GSP. Subsequently, SSCNav [8]
exploits the egocentric local semantic map completed by
a confidence-aware completion network to infer the next
best action. SSCNav demonstrates that fine-grained local
semantic maps provide valuable scene priors.

Recently, PONI [9] proposes to predict potential functions
to balance the exploration and exploitation of semantic map-
based scene priors for efficient VSN. Despite the promis-
ing progress, the cumulative construction of semantic maps
inevitably results in a significant increase in computation.
Therefore, how to mine and exploit high-quality features that
contribute to VSN remains an open topic. Most recently,
ZSON [17] exploits the pre-trained vision and language
model CLIP [18] to empower the agent to imagine the
appearance and locate the position of the target object. In
this work, we propose to learn hierarchical scene priors by
developing a fine-grained local semantic map-based LSP and
a commonsense relational graph-based GSP, respectively. In-
spired by human navigational skills, we design an innovative
scene prior retrieval mechanism to fully leverage the HSP.

B. Visual Semantic Navigation Towards Real Settings

Although semantic map-based VSN strategies have been
validated to generalize to real scenes, the migration between
simulation and reality still faces many challenges. A cutting-
edge study [1] in the VSN field suggests that improving
the visual quality of 3D simulation scans is an essential
means to reduce the domain gap. Some methods exploit
adversarial training [20] and domain randomization [21] to
perform the domain transfer between the real and simulated
environments in terms of image encoding. In addition, the
practical application of the VSN strategy is inseparable from
the continuous control of the robot by employing low-level
actions. [22]–[25] propose to design sim-to-real systems
based on ROS for autonomous robotic navigation in the real
world. In our work, we investigate the transformation from
the simulated high-level discrete action space to the actual
low-level continuous action space. Concretely, we work on
extending the HSP learning-based VSN strategy to more
realistic scenes by designing a Habitat-ROS interface.

III. METHODOLOGY

A. Problem Statement

Given a target object category G, the VSN task aims at
navigating a robot to an instance of this category within a
certain time T . At the beginning of each episode, the robot
is spawned from a random state s0 ∈ S in a domestic
scene. At each timestep t, the VSN strategy πθ(st) predicts
the robot’s action at ∈ A only based on the egocentric
RGBD observations ot ∈ O. After executing at, the robot
achieves the next state st+1 based on the transition function
P and receives a scalar reward rt ∈ R. In our work, the
navigation task is formulated as a Markov Decision Process
(MDP) in a DRL framework, which is defined by a tuple
(S,A,O,P,R, γ, T ) [26]. Therefore, our DRL objective
is to find a sequence of actions that maximize the total
expected future rewards

∑∞
k=0 γ

krt+k, where γ ∈ (0, 1) is
the discount factor. Formally, the training objective of the
VSN policy [27] is to minimize:

L = ||rt + γQθ−(st+1, argmaxat+1Qθ(st+1, at+1))

−Qθ(st, at)||,
(1)

where (st, at, rt, st+1) is a transition uniformly sampled
from an experience replay buffer. The parameters θ− of the
target network are held fixed between individual updates and
updated less frequently. At each timestep, the robot gets a
reward Rt consisting of four parts: (1) A time penalty term
Rp that encourages the robot to choose the shortest path.
(2) A collision penalty term Rc if the navigation step size is
less than 0.125 m, which encourages the robot movement and
punishes collision. (3) Distance reduction reward ∆Dt that
denotes the robot’s distance reduction to the closest object.
(4) Success reward Rsucc if the robot reaches G successfully:

Rt = Rp +Rc +∆Dt +Rsucc, (2)

where Rp = −0.01, Rc = −0.25 and Rsucc = +10. If the
robot executes the stop action when the distance from the
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Fig. 2. (a) illustrates the overview of HSP learning. The semantic mapping module is utilized to process sophisticated sequential RGBD image frames
to cumulatively build an episodic global semantic map. An egocentric local semantic map is cropped from the global map and is further semantically
completed as a fine-grained LSP. A topological map is constructed as a GSP skeleton by extracting object contours and location features from the global
map. Then, the commonsense knowledge embodying the subordination and co-occurrence relations among objects is injected into the skeleton to obtain the
final relation graph-based GSP. The LSP is employed as a query to retrieve the scene priors from the GSP that facilitate the VSN. Finally, the object target,
LSP, and retrieved global contextual memory are fed into a DQN to predict the next best navigational action. (b) illustrates the Habitat-ROS interface in
a client-server construct. The client maintains a practical robot in the gazebo simulator and the server runs our VSN method HSPNav. The client sends
semantic maps to the server and requests the best navigation action. The server predicts the next best action based on the HSP and feeds it back to the
client.

Algorithm 1 Bayesian-based semantic fusion
1: //Each point has a semantic set consists of a semantic label set

and a corresponding confidence set.
2: α← 0.8
3: P1← semantic set 1, P2← semantic set 2
4: function BAYESIAN FUSION(P1, P2)
5: confothers1 ← 1 - sum of confidences in semantic set 1
6: confothers2 ← 1 - sum of confidences in semantic set 2
7: if P1 has same elements with P2 then
8: Do nothing
9: else

10: for label in P1 not in P2 do
11: Add label into P2
12: conf2(label)← α× confothers2
13: confothers2 ← confothers2 − conf2(label)

14: for label in P2 not in P1 do
15: Add label into P1
16: conf1(label)← α× confothers1
17: confothers1 ← confothers1 − conf1(label)

18: P ← P1× P2 with corresponding label
19: return P ordered by conf

20: sem setfusion ← BAY ESIAN FUSION(P1, P2)

robot to G is less than 1.0 m, the VSN task is considered
successful. The VSN episode terminates and fails after a
fixed maximum number of timesteps. In our setting, the agent
is allowed to explore up to 500 steps.

B. Hierarchical Scene Prior Learning

Most existing methods [5], [6] employ recurrent neural
units to directly learn implicit NEM from raw visual observa-
tions for facilitating VSN. However, NEM is easily forgotten
due to the robot’s prolonged exploration and wandering.
Moreover, the increase in the number of neurons required
for NEM exerts pressure on the VSN strategy, which is
contrary to the original intention of learning good decision-
making mechanisms. In our work, we recommend the usage
of semantic maps to cope with the sophisticated spatial
and semantic patterns in visual observations. Empirically,
humanoid agents are usually able to easily and excellently

complete VSN tasks utilizing maps and landmarks without
having to solidify complex visual details in their brains.

Specifically, while the agent is moving in the domestic
scene, it has access to the first-view RGBD observations
and corresponding camera poses. The semantic categories
in RGB images are first predicted by using a pre-trained
off-the-shelf segmentation module ACNet [28]. Then, the
semantically segmented pixels are aligned with the depth
images and further projected into 3D semantic point clouds
in conjunction with the camera poses. In addition, we employ
Bayesian-based semantic fusion to handle temporal-variant
semantic features by fusing different point cloud frames into
global point clouds. Algorithm 1 presents the semantic fusion
mechanism for any two different point clouds. Finally, the
global 3D semantic point clouds are projected to a top-
down 2D semantic map mt ∈ RK×L×L. The construction
and updating of global semantic maps are accompanied
throughout each VSN process. L×L indicates the size of the
global semantic map with K +1 channels. K represents the
number of object categories and the extra channel indicates
the unknown category.

1) Semantic Map-based LSP: Although semantics-
inspired global illusions help to localize object targets, we
believe a fine-grained LSP for down-to-earth navigation is
indispensable. For example, assuming a person is requested
to go from the living room to the kitchen to find a spoon,
he should reasonably mine the semantic clues around him
at present to locate his current position and the possible
orientation relative to the kitchen. Inspired by this, a robot-
centric local semantic map of size M ×M is cropped from
the global semantic map for LSP learning, as shown in
Fig. 2 (a). Such local maps usually provide the robot with
surrounding exhaustive semantic clues and obstacle layouts
that empower robots with immersive semantic reasoning and
collision avoidance capabilities. However, there are always
somewhere unobserved in the local semantic map in practice
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due to obstacles blocking the camera’s view. The tattered
semantic map only involves the partial scene priors around
the robot, which may lead to wrong decisions. To tackle this
issue, a Semantic Map Completion Network (SMCN) f cmplt

is employed to predict the semantic clues beyond the field of
view using the contextual features. The SMCN has learned
the statistics of many typical room layouts after training with
a vast amount of semantic maps. In particular, the SMCN
takes the fragmented local semantic map mt as input and
predicts a more completed local semantic map m̂t.

2) Commonsense Relational Graph-based GSP: Human-
like agents benefit from the commonsense knowledge accu-
mulated over time and are thus proficient in VSN tasks. This
is because humans are skilled at retrieving past experiences
based on current perceptions to solve hard problems. If we
regard the LSP as the robot’s current immersive perceptions,
the navigation experiences, i.e., the GSP, need to be further
constructed. Considering there are rich subordination and co-
occurrence relationships among objects in domestic scenes,
our core idea is to construct a commonsense relational graph-
based GSP G = (V, E) by regarding the objects as nodes
V and the relations among them as edges E . Specifically,
the skeleton of GSP is extracted from the incrementally
constructed global semantic map, while the spatial patterns
are abstracted and preserved as much as possible. Then,
the commonsense knowledge is injected into the skeleton
to constitute the final GSP, as shown in Fig. 2 (a).

Generally, the node features uv ∈ V consists of the seman-
tic category embeddings ωc, contour features C = {(x1, y1),
(x2, y2), . . . , (xC , yC)}, and position features (xo, yo). The
pre-trained language model Bert [29] is employed to en-
code each object category to get the semantic embedding
ωc ∈ R300. The MeanShift algorithm is utilized to cluster
each object’s pixels in the map to get the center position
features (xo, yo). The contours extracting method1 provided
by OpenCV is utilized to get the external contour features
from the global semantic map. Considering that different
objects have different textures, the contour features are
exploited to distinguish object categories and preserve spatial
features. The edge eij ∈ E indicates that there are spatial
subordination or semantic co-occurrence relations between
two object nodes vi and vj . All the relations are extracted
from the image-captions of the Visual Genome (VG) dataset
[30]. To make the relational contexts clearer, we prune and
harmonize lots of object and relation aliases (for instance,
”table” vs. ”dining table” and ”in” vs. ”inside of”). It is
worth noting that the weight wrel of edge eij is set as the
occurrence frequency of the relation in the VG dataset. Two
nodes are connected with an edge only when the occurrence
frequency of any relation in the VG dataset is more than 3
and the distance between them is less than 1.0 m. Therefore,
each edge eij involves three-part features: (1) the spatial
distance between vi and vj , (2) the relation embedding
ωr ∈ R300, and (3) the weight of the relation wrel which
represents the possibility that the relation exists.

1https://docs.opencv.org/4.8.0/d4/d73/tutorial py contours begin.html

To fully exploit the HSP, we first encode the LSP and
the GSP employing a CNN encoder fenc and a Graph
Transformer [31] GT (·), respectively. Then, the LSP (map
embedding) is employed as a query Q to retrieve scene priors
that benefit the current VSN decision from the GSP (graph
embedding), as shown in Fig. 2 (a). This process is imple-
mented as a multi-head cross-model attention mechanism:

AttHeadit(LSP,GSP ) =
QiK

T
i√
d

Vi, (3)

Ht = Softmax( ∥
i∈[1,h]

AttHeadit(LSP,GSP )), (4)

where Qi = fenc(LSP )W i
q , Ki = GT (GSP )W i

k, and Vi =
GT (GSP )W i

v . ∥ means the concatenation operation and h
denotes the head number. W i

q , W i
k, and W i

v ∈ Rd×d are
learnable parameter matrices. Ht is the attention feature over
the GSP.

C. Habitat-ROS Interface Towards Real Settings

The cooperation of high-performance simulators and
large-scale realistic domestic scene datasets has facilitated
the rapid progress of VSN. However, these simulators usu-
ally assume a high-level discrete action space that vio-
lates reality. For example, Habitat [19] employs a dis-
crete action space of A = {move forward, turn left,
turn right, stop} without collision avoidance. Neverthe-
less, the motion of robots in real scenes is continuous
and requires collision avoidance. Therefore, the navigation
strategies learned in the Habitat can not be directly integrated
into a real robot. To tackle this challenge, we generalize our
VSN policy to more realistic scenes by designing a Habitat-
ROS interface.

At the communication level, the Habitat-ROS interface is
a client-server construct, as shown in Fig. 2 (b). In a nutshell,
the client maintains a practical robot in the gazebo2 simulator
and the server runs our HSPNav. On the client side, a scene
is loaded from the MP3D [3] dataset by the gazebo before
each VSN episode. Particularly, we obtain the mesh and point
cloud data from the MP3D dataset, render the scene and
visualize them with the gazebo and the rviz3 plugins provided
by ROS. Furthermore, a vehicle model with a continuous
action space is set up in the MP3D scenes. The model
is equipped with a RGBD camera and a laser sensor for
environment sensing and collision avoidance, respectively.
The semantic mapping techniques introduced in Subsection
III-B are likewise implemented by the client based on first-
view RGBD images in ROS. Through synchronous Remote
Procedure Call (RPC) style communication services pro-
vided by ROS, the client transports the completed local map
m̂t and the global map to the server.

The server receives the maps and responds to the client by
feeding back the next best action. To achieve the transition
from discrete actions to continuous actions, HSPNav infers
the best navigation action a∗t+1 = (xt

p, y
t
p) as a coordinate on

the local map, as shown in Fig. 2 (a). The client converts the

2https://gazebosim.org/home
3http://wiki.ros.org/rviz
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Fig. 3. illustrates the qualitative results of VSN with and without GSP
attendance. The robot is requested to find and navigate to a table. It is
obvious that the attendance of the GSP facilitates rescuing the robot from
its dilemma and navigating it to the correct object instance.

received best action into a real-world navigational sub-goal
with the following transformations:

β = arctan
|ytp − ytc|
|xt

p − xt
c|
, (5)

xt+1
w = xt

w + rcos(β), yt+1
w = ytw + rsin(β), (6)

where (xt
c, y

t
c) is the center of m̂t and (xw, yw) is the robot’s

current position in gazebo simulator. r = 0.25 m is the navi-
gation step size in our practical setting. Once the navigational
sub-goal is specified, the classical navigation pipeline can
be employed to flexibly and continuously navigate the robot
to the corresponding coordinate while avoiding collisions.
Compared to frequent pauses in discrete mode, the robot
can navigate to the target object smoothly, stopping only at
a few sub-goals.

IV. EXPERIMENTS

A. Experimental Setup and Implementation Details

1) Experimental Setup: In this section, we first conduct
comparative and ablative studies using the Habitat simula-
tor and the standard train-test split of the MP3D dataset.
Then, the proposed Habitat-ROS interface is employed to
generalize the HSPNav strategy to more realistic scenes
with continuous action spaces. The size and resolution of
the robot’s action space A (i.e., the action map) are set to
128 × 128 and 0.05 m, respectively. The target object cate-
gories of the training episodes are uniformly sampled from
the domestic scenes. 687 test VSN episodes are generated
from the test split of the MP3D with the target object in

TABLE I
STATISTICAL COMPARATIVE EXPERIMENTAL RESULTS.

Method SR(%) ↑ SPL ↑
SAVN [6] 0.9 0.009

SemExp [7] 25.8 0.118
ZSON [17] 22.9 0.067

HSPNav 28.1 0.135

{Bed,Counter, Shower, Sink, Sofa, Table, Toilet}. It is
worth noting that all training is performed on the train split,
and the test split is previously unknown to the robot.

For comparative and ablative studies, navigation Success
Rate (SR) and Success weighted by Path Length (SPL) [32]
are employed as evaluation metrics. The SR metric measures
the effectiveness of the VSN strategy and is formulated as
1
N

∑N
i=1 Si, where N stands for the total number of the

test episodes and Si is the binary success indicator of i-
th episode. The SPL metric evaluates the efficiency of the
VSN strategy that is given by 1

N

∑N
i=1 Si

li
max(li,pi)

, where
pi denotes the path length generated by the robot in episode
i and li is the length of the shortest path to the closest
target object instance in episode i. Our proposed method
is compared against the following 3 baselines: SAVN [6],
SemExp [7], and ZSON [17].

2) Implementation Details: The ACNet model is em-
ployed to semantically segment RGB images to construct
global and local semantic maps. To avoid domain gaps,
the ACNet model is retrained with 209,200 RGBD images
of 40 object categories from the train split of the MP3D
dataset. The SMCN is implemented with an encoder-decoder
architecture that has 4 down-sample residual blocks and 5
up-sample residual blocks. Moreover, the SMCN has learned
the statistics of many typical room layouts after training with
more than 50,000 ground-truth top-down maps. Note that all
learnable parameter training is performed on the train split to
avoid data leakage. We employed one NVIDIA 3090 GPU
for rendering the simulation scenes and training the models.
We train our approach utilizing the train split of the MP3D
dataset over 200k steps. The discount factor γ for DRL is
set to 0.99. The network parameters are trained by the Adam
optimizer with a learning rate of 0.0001. The threshold for
Bayesian semantic fusion in Algorithm 1 is set to α = 0.8.

B. Comparative Studies

By comparing our method with 3 baselines, we report
the experimental results in Table I. Our method outperforms
all baselines in terms of the SR and SPL metrics. SemExp
extracts semantic priors by constructing global semantic
maps and samples a middle-level navigation target to decide
where to look for objects. Statistically, our method relatively
improves 8.91% and 14.41% in terms of SR and SPL
compared with SemExp, respectively. Such improvements
demonstrate that our HSP is more conducive to VSN than
purely learning semantic priors from episodic global seman-
tic maps. Unlike SemExp, SAVN learns semantic priors and
navigational skills directly from raw visual observations in an
end-to-end manner. However, SAVN performs poorly in both
SR and SPL. As justified in [1], the reason is that directly
processing sophisticated visual images may lead to poor
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TABLE II
STATISTICAL ABLATION EXPERIMENTAL RESULTS (SR(%) / SPL). -GSP: ONLY USE THE LSP. +GT: REPLACE ACNET’S PREDICTIONS USING

GROUND-TRUTH SEMANTIC SEGMENTATION.

Method bed counter shower sink sofa table toilet Avg
HSPNav-GSP(SSCNav [8]) 4.2/0.040 10.6/0.022 7.1/0.009 23.2/0.076 5.7/0.029 38.8/0.261 3.6/0.033 24.6/0.148

HSPNav 14.6/0.086 13.6/0.021 17.1/0.018 18.2/0.034 7.5/0.043 42.9/0.235 3.6/0.033 28.1/0.135
HSPNav-GSP+GT(SSCNav [8]) 10.4/0.057 22.7/0.092 25.7/0.073 28.0/0.149 24.5/0.115 65.6/0.425 14.3/0.061 43.8/0.259

HSPNav+GT 33.3/0.223 57.6/0.325 61.4/0.195 54.9/0.278 83.0/0.690 89.7/0.481 21.4/0.056 72.3/0.481

 

𝐺𝑜𝑎𝑙:  𝑇𝑎𝑏𝑙𝑒

𝑶𝒃𝒋𝒆𝒄𝒕 𝑮𝒐𝒂𝒍 𝑵𝒂𝒗𝒊𝒈𝒂𝒕𝒊𝒐𝒏 𝒊𝒏 𝑹𝑶𝑺 𝒔𝒚𝒔𝒕𝒆𝒎 𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑀𝑎𝑝

Fig. 4. illustrates the qualitative results of VSN using the Habitat-
ROS interface. The robot moves in a more realistic gazebo scene with
a continuous action space. Both the HSP learning and the navigational
reasoning are performed on the server.

generalization performance and robustness. Notably, SAVN
is developed based on the AI2THOR [4] dataset. There are
concealed differences between AI2THOR-based and MP3D-
based image rendering in terms of texture, lighting, and
so on. These differences are fatal for VSN strategies that
strongly rely on raw visual observation.

Compared to ZSON, our method relatively improves
22.71% and 101.49% in terms of SR and SPL. Such results
indicate that our hierarchical scene priors outperform the
visual-language experiences provided by CLIP. Benefiting
from our HSP learning technique and experience query
mechanism, HSPNav achieves promising navigation perfor-
mance. In other words, we exploit the scene priors more rea-
sonably by incorporating spatial and semantic features such
as fine-grained map features, relationships among objects,
and object contour features into the VSN policy learning.

C. Ablations for Global Scene Prior

The contributions of mapless, global semantic map-based,
and visual-language scene priors to VSN have been ade-
quately compared in Subsection IV-B. In this subsection, we
focus on ablating the global semantic prior and studying its
impact on HSPNav. Table II reports the VSN performance of
HSPNav with and without GSP (-GSP) for different object
categories. SSCNav [8] utilizes an SMCN to complete the
egocentric local semantic map and only exploits the local
scene priors to infer the next action. By treating SSCNav as
an ablation study of the GSP (HSPNav-GSP), we find that
the attendance of GSP (HSPNav vs. HSPNav-GSP) improves
the SR metric for almost all object categories. Intuitively,
the average SR metric is relatively improved by 14.23%.
In addition, using the GSP also results in competitive SPL
metrics. To investigate the effect of semantic segmenta-
tion accuracy on HSPNav, we further replace the predicted
output of ACNet with ground-truth semantic segmentation
which does not cause navigation failures due to semantic
segmentation error. As expected, the usage of ground-truth
semantic segmentation (HSPNav vs. HSPNav+GT) greatly
improves the performance of HSPNav, achieving an average

SR metric of 72.3%. Moreover, even without the GSP, the
navigation performance of the HSPNav-GSP+GT is sig-
nificantly improved. On the one hand, such experimental
results demonstrate that HSPNav is sensitive to semantic
segmentation accuracy. On the other hand, they also indicate
the outstanding contribution of our GSP to VSN. Therefore,
the improvement in semantic segmentation accuracy will lead
to a significant increase in the performance of HSPNav.
In addition, we find that the usage of GSP leads to more
wandering of the robot in simple VSN tasks compared to
HSPNav-GSP, which leads to slightly lower SPL metrics but
higher SR metrics. However, the global semantic inspiration
provided by GSP helps to improve the performance of diffi-
cult VSN tasks. For example, Fig. 3 illustrates the qualitative
results of VSN with and without GSP. We find the attendance
of the GSP facilitates rescuing the robot from its dilemma
and navigating it to the correct object instance.
D. Qualitative Evaluation for Habitat-ROS Interface

To verify the practicality of our Habitat-ROS interface, a
client is constructed based on the scene numbered 8WUmh-
Lawc2A comes from the MP3D dataset, as shown in Fig.
4. As an example, the robot is randomly initialized in the
scene and requested to find a table. The client constructs
global and local semantic maps using the robot’s visual
observations and sends them to the server to request ap-
propriate navigation sub-goals. As expected, the feedback
received by the robot triggers the classic navigation pipeline.
The robot is continuously navigated to the specified object
instance successfully. Similarly, our Habitat-ROS interface
allows HSPNav to process requests from the robot in the real
world, requiring only the alignment of map data formats.

V. CONCLUSION AND FUTURE WORK

In this paper, we proposed a VSN strategy HSPNav
based on HSP learning towards the previously unknown
scenes. The completed fine-grained local semantic map is
treated as an LSP to retrieve scene priors from the GSP
that are conducive to the VSN. Sufficient comparative and
ablative studies demonstrate the superiority of our method
and the effectiveness of HSP. As expected, we find that the
increase in semantic segmentation accuracy will drastically
improve the performance of HSPNav, which reflects the great
potential of our approach. In addition, we work on extending
HSPNav to more practical scenes with continuous action
spaces by designing a Habitat-ROS interface. The qualitative
evaluation validates the feasibility of our idea. In future work,
we will attempt to deploy HSPNav to a real robot platform
and further improve its generalization capabilities to diverse
scenes and unseen object categories.
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