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Abstract. Despite remarkable advancements in Vision-and-Language
Navigation (VLN), a significant sim-to-real gap remains. Most meth-
ods are trained and evaluated in simplified or physics-limited simulators,
which ignore the feedback loop between decision making and physical ex-
ecution, resulting in unstable navigation performance. To bridge this gap,
we propose Hi-Nav, a top-down hierarchical navigation framework that
decomposes VLN into three controllable levels. The high-level module
leverages a large language model to split long-horizon instructions into
sub-tasks. At the middle level, an Interest Score Occupancy Map (ISOM)
integrates instruction-relevant semantics with geometric traversability to
perceive the surrounding environment, after which waypoint reasoning is
performed for route refinement. ISOM construction and waypoint reason-
ing are jointly modeled within a unified multi-task learning framework,
where a Q-Former fuses RGB-D observations and navigation instructions
into shared query representations for efficient multi-task learning, aug-
mented with learnable temporal embeddings to mitigate long-horizon for-
getting. Finally, low-level behaviors are executed through ROS, enabling
obstacle avoidance. We introduce a novel waypoint reasoning dataset
for comprehensive training and build a ROS/Gazebo VLN benchmark
to evaluate methods in a realistic simulation setting, which significantly
reduces the difficulty of sim-to-real transfer. Extensive experiments con-
ducted in both Gazebo and the real world demonstrate strong perfor-
mance, achieving up to 80% Success Rate (SR) with 0.65m Navigation
Error (NE). Our code will be released at https://hiway-page.github.io /.
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1 Introduction

Vision-and-Language Navigation (VLN) studies how an embodied agent compre-
hends natural-language instructions to navigate to a target location in previously
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unseen environments. As a fundamental task, VLN is essential for developing
Embodied AI. Early VLN benchmarks are largely built on discretized simula-
tors, where the agent moves by traversing a topology of panoramic images (called
a nav-graph) [2}4}/9,/2023,|31]. This graph-based abstraction enables efficient
training and evaluation, yet it assumes perfect transitions and localization be-
tween graph nodes, limiting generalization and hindering direct deployment in
real-world robotic systems.

To mitigate this over-simplified abstraction, VLN in continuous environ-
ments (VLN-CE) reformulates navigation as low-level action execution in free
space |17/19]. Existing VLN-CE methods typically follow two paradigms: end-to-
end policies that directly predict low-level actions from language and egocentric
observations [8}[261391/40,43|; waypoint-based approaches that predict navigable
intermediate targets executed by a local controller [7111243337,41]. Meanwhile,
large-scale vision—language models and the growth of VLN training data have
driven rapid progress in VLN-CE performance [34.39,|40]. However, sim-to-real
transfer remains challenging: policies trained in Habitat-style simulators often
experience severe degradation when transferred to real robots [18}(25//29,[30], and
real-robot studies further highlight the impact of imperfect localization and ex-
ecution errors [1,27]. These observations suggest that robust VLN requires not
only stronger vision—language grounding, but also a controllable structure that
can cope with compounding and robotics execution constraints.

To bridge this gap, we propose Hi-Nav, a hierarchical framework that struc-
tures VLN-CE into three levels. The high-level uses an LLM to split long-horizon
instructions into semantic sub-tasks and track stage progress. The middle level
builds an Interest Score Occupancy Map (ISOM) that combines instruction-
relevant semantics with geometric traversability to perceive the environment, and
then refines the route through waypoint reasoning. Both ISOM construction and
waypoint reasoning are learned jointly in a unified multi-task model: a Q-Former
fuses RGB-D observations with language into shared queries, together with learn-
able temporal embeddings to better retain long-horizon context. Low-level ori-
enting and waypoint navigation are executed to ensure obstacle-aware motion.
We further introduce the VLN-Waypoint dataset and a ROS/Gazebo [27] VLN
benchmark by migrating Matterport3D [3]| scenes into a robotics-native simula-
tor stack. Overall, our contributions are summarized as follows:

— We introduce Hi-Nav, a top-down hierarchical framework that decomposes
VLN into high-level task planning, middle-level ISOM-based perception and
waypoint reasoning, and low-level execution. By decoupling vision—language
reasoning from robot control, Hi-Nav reduces error accumulation and de-
ployment adaptation costs.

— To efficiently realize ISOM-based perception and waypoint reasoning, we
propose Hi-VLN, a lightweight multi-task VLN model based on a Q-Former
architecture with temporal embeddings to capture historical dependencies,
enabling comprehensive fusion of RGB-D and navigation instructions for
semantic alignment and robust decision-making in long-horizon navigation.

— Furthermore, We introduce a waypoint reasoning dataset for comprehensive
training and establish a ROS/Gazebo VLN benchmark, which significantly
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reduces the difficulty of sim-to-real transfer, and extensive experiments in
both Gazebo andreal world validate the strong performance of Hi-Nav.

2 Related Work

2.1 VLN in Continuous Environment

Early VLN research [923[31] is largely established on discretized simulated en-
vironments, where the agent navigates by traversing a topological navigation
graph (nav-graph) composed of interconnected panoramic viewpoints [2}/4}[20].
Krantz et al. [17,/19] reformulated VLN by moving beyond the nav-graph ab-
straction and instead requiring agents to operate in continuous environments
with low-level action execution. In this setting, end-to-end navigation policies
directly predict low-level robot actions (e.g., turn left, turn right, move forward,
and stop) conditioned on language instructions and visual observations [8,[26]
391|40,/43], whereas waypoint-based approaches predict an intermediate naviga-
ble sub-goal (i.e., the next waypoint) that is subsequently executed by a local
controller [7},{11}[241/33,137,/41]. With the rapid advances of large-scale vision—
language models and the release of increasingly diverse VLN datasets, research
on VLN-CE has achieved substantial progress in recent years [34].

2.2 Sim-to-Real Transfer for VLN

VLN models trained in simulation (especially Habitat [25,[29,|30]) often suffer a
large performance drop when deployed in the real world (up to 50% reported
in [18]). Anderson et al. |1] take an important step toward deployment by trans-
ferring VLN agents to ROS [27] with subgoal prediction, but their results also
highlight how localization drift and execution errors can severely degrade per-
formance. Beyond the nav-graph abstraction, VLN-CE reformulates navigation
with low-level actions and later waypoint-based formulations [17}/19]; however,
Habitat-style VLN-CE still departs from real robotics in several aspects, includ-
ing idealized odometry, discrete action primitives that are not directly expressed
as continuous velocity commands, and simplified collision handling that cannot
capture real failure modes. In parallel, hierarchical navigation has been widely
explored to improve long-horizon robustness: a common recipe partitions the en-
vironment into topological regions, where a high-level planner selects an ordered
sequence of regions to traverse and a low-level controller navigates within each
region [10}1342], while other approaches learn both manager and worker policies
via imitation or reinforcement learning [14,/15]. Although effective in controlled
settings, these hierarchical methods often rely on environment-specific abstrac-
tions or extensive training and do not directly resolve the execution discrepancies
that dominate sim-to-real transfer.

In contrast, Hi-Nav is evaluated in Gazebo, a ROS-aligned simulator support-
ing /emd_ vel-based control and more realistic execution, and adopts a top-down
hierarchical design that separates instruction grounding from motion execution
via map-guided perception and waypoint reasoning, yielding improved robust-
ness under real-world constraints.
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Fig. 1: Pipeline of Hi-Nav. Our hierarchical framework decomposes the complex
VLN task into three controllable modules. (1) High-level planning: an LLM-driven
planner decomposes the instruction into an ordered sequence of sub-tasks. (2) Middle-
level perception and waypoint reasoning: the robot acquires a surround view via in-place
rotation, performs image—text matching to build a interest obstacle map, and selects
the optimal waypoint to refine the route. (3) Low-level action execution: a ROS-aligned
controller executes waypoint navigation through velocity commands (/cmd_ vel).

3 Method

3.1 Overview

The hierarchical framework of Hi-Nav is illustrated in Fig. [[l We decompose the
complex VLN problem in continuous environments into a set of top-down, con-
trollable modules, including high-level task planning, middle-level environment
perception and waypoint reasoning, and low-level robot action execution. By
explicitly separating robot planning and control from vision-language reason-
ing, our design is more stable than end-to-end approaches, as it mitigates error
accumulation in long-horizon navigation.

3.2 High-level Task Planning

In complex long-horizon VLN tasks, human instructions often encompass mul-
tiple primitive commands. Directly processing these long sequences frequently
results in ambiguous progress tracking, instruction omission, or premature termi-
nation. To mitigate these issues, we propose a High-level Task Planning module
that leverages the semantic parsing capabilities of Gemini Pro to decompose
complex instructions into fine-grained, executable sub-goals. Our system adopts
a closed-loop “decomposition—feedback—iteration” mechanism, in which the mid-
level waypoint reasoning module continuously reports sub-task execution status
to the high-level planner, and the subsequent sub-task is triggered once the pre-
defined termination conditions are satisfied, thereby improving robustness and
adaptability in complex instruction-guided navigation tasks.
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3.3 Environment Mapping

Occupancy map. We construct a 3D voxel occupancy map based on log-
odds [36] and project it onto a 2D occupancy grid map for subsequent obstacle
avoidance and path planning. Specifically, the map takes real-time LiDAR point-
cloud as input, which then labels each cell as free, occupied, or unknown via
raycasting. The occupancy probability p of each cell is represented by log-odds
notation. With the incremental update mechainsm, we maintain a robust online
occupancy map, facilitating downstream Pol perception and navigation.

Interest Score Map Generation. To construct the Interest Score Occupancy
Map (ISOM) S € [0,255]>W | we first compute an interest score s;, € [0, 1] for
each surround-view frame I. The method for obtaining the score is detailed in
Section [3.4] We then project the interest score sy onto the global occupancy grid
to create the ISOM, which is aligned with the obstacle map. The projection is
pose-aware: we estimate the robot pose (position and yaw) using LIDAR-IMU
odometry [35] and obtain the map-to-robot transform T, ,,. For each free cell
gfree we compute its cell-center position in the map frame and transform it into
the camera frame via calibrated extrinsics, then project it to pixel coordinates
using K. Only cells that fall within image bounds and satisfy valid depth are
treated as observable. To enforce visibility, we apply a Bresenham ray test from
the robot cell to g™*® and suppress scores for occluded cells. For visible cells, we
update the ISOM by fusing the previous score with the current evidence using
a center-aware weight:

e So free) 4 N\ g, w(u u—cgy|\@

where A = 255, and w(u) downweights evidence near image boundaries.

Pol Analysis. To robustly localize a point of interest (Pol) from the accu-
mulated ISOM, we perform a lightweight hotspot analysis on the cached aver-
age map S. We first apply a small Gaussian smoothing to suppress spurious
peaks, then compute a percentile-based threshold over non-zero cells to select
high-confidence hotspot candidates (i.e., the top-p fraction of scores). Given the
candidate set, we estimate the Pol as a weighted centroid, where each cell is
weighted by its score raised to a power 7 to emphasize consistently salient re-
gions while remaining less sensitive to single-frame outliers. Finally, the Pol is
converted from grid coordinates to world coordinates using the map resolution
and origin pose, and published for downstream robot orienting.

3.4 Environmental Perception and Waypoint Navigation

Model Architecture Asillustrated in Fig.[2] we propose Hi-VLN, a lightweight
multi-task framework that jointly addresses Environment Perception and Way-
point Navigation within a unified architecture. The system incrementally con-
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Fig. 2: Overview of the proposed Hi-VLN architecture. The system comprises
three stages: (a) Inputs, which integrates historical and current RGB-D observations
with prompt-formatted instructions; (b) Hi-VLN, the core reasoning engine that aligns
dual-stream visual features via a Q-Former and makes decisions using a finetuned LLM
(Vicuna-7B); and (c) Outputs, which simultaneously performs Environmental Percep-
tion via semantic score maps and Waypoint Navigation by translating text decisions
into low-level physical actions.

structs a multimodal contextual representation from historical RGB-D observa-
tions and structured language prompts.To enhance spatial awareness, a dual-
stream encoding mechanism first extracts visual appearance features from RGB
images and structural depth cues from the depth map. A dedicated cross-attention
network is then employed to integrate RGB and depth features, enabling fine-
grained cross-modal interaction and strengthening spatial representations.The
fused visual features are subsequently aligned with the navigation instruction
through a domain-adaptive Q-Former [22|, which encodes visual and textual
modalities into compact, instruction-aware query embeddings. These query em-
beddings are routed to a decoupled dual-branch decision module.

In the perception branch, an Image-Text Matching (ITM) head operates on
the unified queries to estimate the semantic alignment score between the instruc-
tion and the current observation. The predicted matching scores are further
projected to construct the ISOM, enabling explicit perception of instruction-
relevant regions within the environment. In parallel, the action branch enriches
the query embeddings with temporal sequence information, projects the resulting
representations into a sequence of tokens, and feeds them into a LoRA-finetuned
large language model (Vicuna-7B @I), which autoregressively predicts optimal
waypoints and low-level navigation actions. Through this tightly coupled yet
functionally decoupled design, Hi-VLN achieves explicit environment perception
and robust decision-making within a single unified framework, while maintaining
computational efficiency suitable for edge-device deployment.
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Training Strategy We adopt a two-stage training paradigm to ensure sta-
ble convergence and effective cross-modal learning. In the domain-adaptive pre-
training stage, the RGB encoder is frozen, while the Depth Encoder, Fusion
Layer, and ITM-Head Layer are trained to align multi-modal geometric obser-
vations with language semantics, establishing explicit environmental perception.
This stage is supervised using a binary cross-entropy loss on the publicly avail-
able Flickr30K [38] dataset.

In the navigation instruction tuning stage, the perception modules are fixed,
and the Projection Layer together with the Vicuna-7B LLM is optimized via
LoRA. Using structured prompts that incorporate historical observations and
candidate waypoints, the action branch learns to perform instruction-aware spa-
tial reasoning and autoregressively predict optimal waypoint navigation actions.
To train this stage, we employ a novel loss function on our self-constructed
dataset(VLN-Waypoint). This loss integrates a cross-entropy-based hard-label
supervision term with a spatial distance-aware soft-label loss.

Specifically, we formulate waypoint navigation as an autoregressive token
prediction task optimized via a cross-entropy loss. For a sequence of length T,
the hard loss L,4-q is defined as:

T
1
Ehard = 7? E log P(xt ‘ x<tavhistavcurr)a (2)
t=1

where x; denotes the target token at step ¢, and Vp,;s; and V. represent the
historical and current visual features, respectively.

To further enhance spatial awareness and penalize predictions according to
their topological distance from the optimal waypoint, we introduce a distance-
aware soft loss Lo 4. This term minimizes the Kullback-Leibler (KL) divergence
between the predicted navigation probability distribution Pnav and a Gaussian
target distribution Q:

o).

Loot =Y Q(k)log (P(k) (3)
5—0 nav

where n denotes the total number of candidate navigation waypoints.
Finally, the overall objective function for the navigation module is formulated
as a weighted sum of these components:

Lnav = [’hard +A- Esoft, (4)

where A is a hyperparameter designed to balance the contributions of the exact
token prediction and the soft spatial regularization.

VLN—-Waypoint Dataset Construction To bridge the gap between nav-
graph VLN supervision and waypoint-driven continuous navigation, we construct
a VLN-Waypoint dataset that augments VLN trajectories with waypoint can-
didates and discrete waypoint labels (Fig. [3). Starting from VLN-ego data [26]
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Fig. 3: VLN—-Waypoint dataset construction pipeline. (a) Starting from classic
VLN observations (RGB/depth) and multi-step action sequences. (b) An action-to-
waypoint policy maps the next four actions to a discrete waypoint label (including
stop). (c¢) Using depth-based 3D ground segmentation, we sample traversable waypoint
candidates and project them into the image to obtain waypoint-annotated views. (d)
We package each sample as an instruction-route pair with current and history frames,
together with the projected waypoint candidates, forming our VLN-Waypoint dataset.

with RGB observations and low-level expert actions, we additionally render syn-
chronized depth maps in Habitat. Following VLMNav and WMNav 7 we
back-project RGB-D into colored point clouds, segment ground points (using
patchwork ), and sample traversable waypoint candidates around the agent.
These 3D candidates are projected onto the image to obtain waypoint-annotated
views. We then map the next four robot actions to a single waypoint label via
an action-to-waypoint policy. Specifically, we discretize the image into ordered
waypoint slots and use a short-horizon action sequence to determine the route
label: if the first action is stop, we assign a terminal label (—1). Otherwise,
we scan the sequence until the first forward action and count the number of
left /right turns. Pure turning sequences are mapped to extreme waypoints, i.e.,
all-left — label 0 and all-right — label 8. An all-forward sequence maps to
the center waypoint (label 4). For mixed sequences, the label is selected by the
turn count before moving forward: one/two/three left turns map to 3/2/1, and
one/two/three right turns map to 5/6/7. We finally package each sample as an
instruction-route pair with current /history frames and the projected candidates,
yielding the VLN-Waypoint dataset.

3.5 Robot Action Execution

Orienting toward the point of interest After localizing the point of interest
(Pol) in the world frame, Ppoi = [Zpoi, Ypoi] | , We orient the robot to face it. Given
the robot pose p, = [z,,y,]| and yaw 0,., the desired heading is

04 = atan2(Ypoi — Yr, Tpoi — Tr)- (5)

A local controller performs an in-place rotation to minimize the angular error
between 6, and 64 until it falls within a tolerance.
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Waypoint navigation We execute waypoint commands using a standard ROS
navigation stack. The global planner runs the A* algorithm on the costmap
to compute a feasible global path, and the local planner (TEB) tracks the
path while satisfying kinematic constraints and avoiding obstacles.

4 Experiments

4.1 Experimental Settings

Simulation Environment. We evaluate the proposed Hi-VLN model on the
R2R dataset in VLN-CE , which contains 90 Matterport3D indoor
scenes and 16,844 path—instruction pairs. We further migrate Matterport3D
scenes into Gazebo [16] and design Easy, Medium, and Hard navigation tasks
to evaluate navigation performance. The simulation environment is shown in
Fig. (a). Since VLN-CE assumes idealized odometry and discrete actions, only
the Hi-VLN module is evaluated under the standard protocol. The complete
Hi-Nav system is therefore primarily validated in Gazebo and real-world.

Real-world Environment. We evaluate navigation tasks of varying difficulty
including single-task and multi-subtask settings. We use a Wheeltech omnidi-
rectional mobile robot platform as the experimental carrier, equipped with an
industrial camera, LIDAR, and edge computing devices (see Fig.[d|(b) for details).

Metrics. We adopt standard metrics for evaluating navigation performance
19,20], including Success Rate (SR), Navigation Error (NE), Success weighted
by Path Length (SPL), and Oracle Success (OS).

Baselines. We compare against representative continuous VLN baselines, in-
cluding CMA , Seq2Seq , WS-MGMap , NaVid , and Uni-NaVid .
To ensure a fair comparison, we integrate these methods into the ROS system.

4.2 Model Performance

Since our VLN model is designed as a multi-task architecture, we conduct sep-
arate performance tests for each proposed module. We first validate the ITM
module’s efficacy in visual-linguistic alignment, as shown in Fig. [f] Furthermore,
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Fig. 5: Visualization result of the ITM-module. The agent captures RGB-D images at
each viewpoint. Conditioned on the given instruction, it sequentially computes match-
ing scores and projects them onto ISOM, ultimately constructing a complete map.

Table 1: Comparison on VLN-CE R2R Val-Unseen.

Observation VLN-CE R2R Val-Unseen
Method RGB Depth Odom. TL NE| OSt SRt SPLt
CMA [19] v v 8.64 7.37 40.0 320 30.0
Seq2Seq |19)] v v 930 7.77 37.0 250 22.0
WS- MGMap l v v v 10.00 6.28 476 389 343
NaviD [4 v 7.63 547 491 374 359
Un1—Nav1D v 9.71 558 53.3 47.0 427
H1—VLN(ours) v v 9.62 4.47 513 47.2 43.1

to specifically evaluate the model’s capability in waypoint-based navigation, we
conduct comparative experiments on the VLN-CE benchmark without employ-
ing the I'TM module. For a fair comparison, both the baseline methods and our
proposed model are trained on the official training split, which includes 10,819
R2R samples, and subsequently evaluated on the validation split consisting
of 1,839 R2R samples. The quantitative results are presented in Table

Additionally, we conduct an ablation study to evaluate the impact of vari-
ous components within our proposed architecture on waypoint-based navigation
accuracy(Table [2). Experimental results on the VLN-CE R2R validation unseen
set show that the full model achieves superior performance.

4.3 Gazebo Navigation Experiment

We imported 90 indoor scenes from the Matterport3D dataset into the Gazebo
simulation platform and designed navigation tasks with three difficulty levels
(Easy, Medium, and Hard) to evaluate the navigation performance of our pro-
posed Hi-Nav VLN framework in Gazebo. For each method, we run 20 trials
at each difficulty level to obtain statistically meaningful results. Specifically,
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Table 2: Ablation study of the proposed components on the VLN-CE R2R validation
unseen set. We evaluate the individual and synergistic contributions of the Depth
encoder (Depth), Cross-Attention mechanism (CA), and Time Embedding (Time).
Model 1 serves as the baseline, while Model 4 represents our full architecture.

Model Components Metrics
Depth CA Time TL NE| OSt SRt SPLt

1 1045 7.75 245 21.8 185
2 v 10.64 7.64 289 228 189
3 v v 9.60 532 458 409 343
4 v v v 9.84 4.32 51.6 47.3 425
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Fig. 6: We visualize intermediate results of our method while executing navigation
tasks in both simulation environment and real-world settings. The observation row
shows the RGB images captured by the robot, and the images annotated with Reason-
ing indicate the waypoint reasoning results. The ISOM row shows the interest score
occupancy map built during navigation, where the green line denotes the trajectory.

easy tasks place the goal within the agent’s initial field of view, middle tasks
require searching as the goal is initially out of view, and hard tasks involve
long-horizon, multi-stage instructions with sequential sub-goals. As shown by
the intermediate results in Fig. [6] leveraging the hierarchical design, Hi-Nav
first infers the bathroom direction through environment perception and then
uses waypoint reasoning to select an optimal route to enter the bathroom. It re-
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Table 3: Performance comparison of different methods across difficulty levels in the
Gazebo simulation environment.

Observation Easy Middle Hard Overall

Method End2End RGB Depth LiDAR SRt NE| SRt NE| SRt NE| SRt NE|
v 0.0 556 0.0 6.14 00 6.69 00 6.13

v 5.0 581 0.0 645 0.0 6.97 1.7 6.41

55.0 2.60 25.0 3.88 10.0 5.36 30.0 3.95
45.0 2.37 35.0 3.67 20.0 5.11 33.3 3.72
v 75.0 4.79 150 5.69 0.0 10.43 30.0 6.97

v v 90.0 0.48 80.0 0.42 70.0 1.05 80.0 0.65

CMA v
Seq2Seq v
NaviD v

v

Uni-NaviD |39
VLFM

Hi-Nav(ours)

NIENENENENEN

" go straight toward to the blue box on the ground."

Fig. 7: Qualitative comparison between Hi-Nav and NaVid on real-world navi-
gation. Top: Visible case. The target (blue box) is within the initial view. Bottom:
Non-visible case. The target is initially out of view. Markers A and B denote represen-
tative viewpoints. The colored pins indicate the start and goal locations.

peats this perception—reasoning—execution loop across sub-tasks and ultimately
reaches the target beside the toilet.

Table [3] reports the performance comparison across the three difficulty lev-
els. The results show that our method consistently outperforms all baseline ap-
proaches by a clear margin on every difficulty level, validating the effectiveness
of our hierarchical framework in a more realistic simulation environment.

4.4 Real-world Navigation Experiment

Visible vs. Non-visible Goal. In this section, we conducted experiments to
evaluate the navigation performance under two settings: when the goal is visible
from the start and when it is not. As shown in Fig. Iﬂ in the visible case (top),
both Hi-Nav and NaVid successfully reach the blue box, suggesting that direct
visual grounding is often sufficient when the target is within the initial field of



Fig. 8: Real-world qualitative comparison of Hi-Nav (ours), NaVid , and Uni-
NaVid on single-goal and multi-subtask instructions. The colored pins indicate
the start and goal locations.

Table 4: Real-world performance under different goal visibility and goal-count settings.

Visible Non-visible
1-goal 2-goal 3-goal 1-goal 2-goal 3-goal
Method SRt NE| SRt NE| SRt NE| SRt NE| SRt NE| SRt NE|
NaviD 60.0 1.51 35.0 4.72 0.0 6.24 25.0 3.97 0.0 513 0.0 471

Uni—NaviD 70.0 2.02 15.0 3.02 0.0 580 450 2.85 0.0 582 00 844
Hi-Nav(ours) 95.0 0.49 55.0 1.29 25.0 1.14 85.0 0.42 55.0 0.97 35.0 1.06

view. In contrast, the non-visible case (bottom) is substantially more challenging
due to partial observability: the robot must first reorient to discover informative
views before making forward progress. Benefiting from our hierarchical design,
Hi-Nav explicitly performs an in-place rotation to acquire a surround view (red
circular arrows), leverages the ISOM to localize the point of interest, and then
refines the route via waypoint reasoning, leading to a successful arrival at the
target. NaVid fails in this setting, as the end-to-end policy tends to commit
to locally plausible motions without reliable re-orientation and lacks an explicit
waypoint refinement to recover once it moves away from informative viewpoints.

Single-task vs. Multi-subtask. We further study instruction compositional-
ity by comparing single-task and multi-subtask navigation on a real robot. As
shown in Fig. |8 the first two rows correspond to single-goal commands (“turn
around and go straight to the blue box”) in indoor and outdoor scenes. These cases
are largely solvable once the target is grounded; all methods succeed outdoors,
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Table 5: Ablation study in Gazebo across difficulty levels (20 trials each). We evaluate
the impact of sub-task decomposition (SD) and ISOM-based map guidance on success
rate (SR) and navigation error (NE).

Easy Medium Hard Overall
Setting SD ISOM SRt NE| SRt NE| SRt NE| SRT NE|
1 70.0 1.20 5.0 13.79 0.0 16.28 25.0 10.42
2 v 80.0 1.71 80.0 240 0.0 14.09 533 6.07
3 v 70.0 263 5.0 829 5.0 260 26.7 4.50

4 (ours) v v 90.0 0.48 80.0 0.42 70.0 1.05 80.0 0.65

while NaVid fails in the cluttered indoor scene, indicating higher sensitivity to
partial observability and local ambiguities. Even when NaVid and Uni-NaVid
succeed, they often take less direct routes and incur larger NE than Hi-Nav.
The third row presents a multi-subtask instruction that requires sequentially
reaching the blue box and then the open door. This setting requires progress
tracking and re-grounding after the first goal. Hi-Nav completes both objectives
by executing sub-tasks with map-guided re-orientation and waypoint refinement,
whereas NaVid and Uni-NaVid fail to reach the second target.

Table [] confirms these trends over 20 runs per setting. Hi-Nav achieves con-
sistently higher success rates with smaller NE across different goal visibility and
goal counts, and its advantage becomes more pronounced as the task grows
harder, particularly for non-visible and multi-goal instructions.

4.5 Ablation Study for Hi-Nav

Table [5| shows that SD and ISOM play complementary roles. Without either
component (Setting 1), the agent performs reasonably on Easy but largely fails
on Medium/Hard with very large NE, highlighting brittleness under partial ob-
servability and long horizons. Adding ISOM alone (Setting 2) markedly boosts
Easy and Medium success, indicating that semantic—geometric map guidance
is effective for orienting and local decisions, yet it still fails on Hard. Using SD
without ISOM (Setting 3) provides limited gains, suggesting that sub-task struc-
turing cannot replace reliable map-guided localization. When SD and ISOM are
combined (Setting 4), performance improves substantially across all levels with
low NE, demonstrating their strong synergy, especially for long-horizon tasks.

5 Conclusion and Limitation

In this work, we propose Hi-Nav, a hierarchical framework for vision-and-language
navigation in continuous environments, and demonstrate its effectiveness in both
Gazebo simulation and real-world robot experiments. Our approach improves
robustness for long-horizon and partially observable navigation via structured,
map-guided decision making. Limitations include sensitivity to ambiguous in-
structions and sensing noise, as well as limited diversity of environments and
instruction types in our current benchmark.
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