Think before Go: Hierarchical Reasoning for Image-goal Navigation
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Abstract

Image-goal navigation steers an agent to a tar-
get location specified by an image in unseen
environments. Existing methods primarily han-
dle this task by learning an end-to-end navi-
gation policy, which compares the similarities
of target and observation images and directly
predicts the actions. However, when the target
is distant or lies in another room, such meth-
ods fail to extract informative visual cues, lead-
ing the agent to wander around. Motivated by
the human cognitive principle that deliberate,
high-level reasoning guides fast, reactive execu-
tion in complex tasks, we propose Hierarchical
Reasoning Navigation (HRNav), a framework
that decomposes image-goal navigation into
high-level planning and low-level execution. In
high-level planning, a vision-language model
is trained on a self-collected dataset to gener-
ate a short-horizon plan, such as whether the
agent should walk through the door or down the
hallway. This downgrades the difficulty of the
long-horizon task, making it more amenable
to the execution part. In low-level execution,
an online reinforcement learning policy is uti-
lized to decide actions conditioned on the short-
horizon plan. We also devise a novel Wan-
dering Suppression Penalty (WSP) to further
reduce the wandering problem. Together, these
components form a hierarchical framework for
Image-goal Navigation. Extensive experiments
in both simulation and real-world environments
demonstrate the superiority of our method.

1 Introduction

Image-goal Navigation (Zhu et al., 2017) has
emerged as a fundamental problem in embodied
navigation (Zheng et al., 2024; Gan et al., 2020),
which aims to enable an agent to autonomously
move within an unseen environment to reach a
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Figure 1: Our proposed HRNav. We adopt a two-level
hierarchy: given goal image and current observations, a
slow planner predicts short-horizon plans, while a fast
executor follows these short-horizon plans to produce
low-level actions, enabling more efficient navigation.

target specified by an image. Motivated by its
broad potential in last-mile delivery and household
robots (Wasserman et al., 2023; Majumdar et al.,
2022; Krantz et al., 2023b), this task has received
growing attention from the research community.

Despite the rapid growth, image-goal naviga-
tion remains highly challenging due to two factors.
First, the agent operates under severe partial observ-
ability: it receives no step-by-step instructions and
has no access to an environment map, thus relying
solely on a single egocentric RGB sensor to infer
where to go. Second, real-world indoor scenes ex-
hibit complex spatial structures, and long-horizon
episodes often induce large discrepancies between
the current observation and the goal image (e.g.,
in different rooms with little visual overlap). To-
gether, these challenges leave the agent with little
meaningful clues, causing it to drift into inefficient
behaviors such as backtracking or aimless wander-
ing. Therefore, the key to improving navigation is
to mine informative cues from the limited inputs to
support reliable decision-making.

To realize that, prior works have largely followed
two lines of research. On the one hand, modular-
based methods (Krantz et al., 2023a; Lei et al.,
2024) explicitly decompose the problem into sev-
eral isolated tasks, and introduce additional sensors
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(e.g., depth and pose) to compensate for the lack
of information. While effective, such pipelines
typically incur extra hardware and system com-
plexity, and their performance can be brittle due to
error accumulation across modules. On the other
hand, the end-to-end reinforcement learning (RL)
paradigm (Sun et al., 2024; Li et al., 2025b) learns
a navigation policy to directly map the visual rep-
resentations to the action control. Although RL
has proven effective across multiple navigation
tasks (Huang et al., 2025; Qi et al., 2025; Li et al.,
2025b), training an end-to-end policy purely with
RL from scratch often fails to acquire strong spatial
understanding and high-level planning capability,
especially in unseen environments.

Can we realize robust informative cue extrac-
tion without introducing additional sensors? One
useful perspective comes from the fast-slow view
of human cognition, which characterizes behavior
as the interplay between a fast system 1 for reac-
tive execution and a slow system 2 for deliberate
reasoning (Kahneman, 2011). When the goal is
distant and visual evidence is weak, humans often
invoke the slow system to integrate sparse obser-
vations into higher-level spatial hypotheses and to
sketch a coarse plan (e.g., exit the room), which
in turn constrains subsequent action execution by
the fast system. This division of labor effectively
mines informative cues from limited inputs by con-
verting ambiguous, partial observations into struc-
tured, short-horizon objectives, thereby reducing
the search space and mitigating aimless wandering
during long-horizon navigation.

Inspired by this observation, we aim to equip
image-goal navigation agent with a similar high-
level planning (slow) and low-level execution (fast)
hierarchical mechanism. For the fast system,
we train a lightweight navigation policy to di-
rectly output low-level actions for reactive control.
For the slow system, considering the strength in
multi-modal understanding and reasoning, Vision-
Language Models (VLMs) are well-suited for this
role. However, according to our experiments, sim-
ply zero-shotting the VLM yields limited gains.
We attribute this to the fact that navigation videos
primarily involve viewpoint changes and geomet-
ric transitions, which are less aligned with the
event-centric understanding that VLMs are typi-
cally trained for. As a result, fully unlocking the
potential of VLM-based slow planning requires
task-specific finetuning. Yet, such finetuning relies
on large-scale annotated short-horizon planning

data, which is absent in standard image-goal nav-
igation datasets. To bridge this gap, we collect
a new Hierarchical Reasoning dataset with anno-
tated short-horizon goals for 767k trajectories. This
helps the VLM-based slow system to have substan-
tially improved planning capability.

In this paper, we propose a Hierarchical Rea-
soning Navigation framework (HRNav) to trans-
late image-goal navigation to the interplay be-
tween high-level reasoning and low-level execu-
tion. Specifically, we adopt a two-stage training
scheme: 1) Train the high-level reasoning with our
self-collected planning dataset. 2) Freeze the slow
system, incorporate its short-horizon planning abil-
ity to learn an efficient navigation policy with a
novel Wandering Suppression Penalty (WSP) to
further reduce the wandering problem.

We conclude our main contributions below:

* We explore the aimless wandering problem
in image-goal navigation and propose HRNav
to combine VLM-based short-horizon reason-
ing with policy-level execution to map visual
observations into actionable navigation intent.

* We collect a large planning dataset with 767k
trajectories to train a VLM-based slow system
with strong spatial understanding and reason-
ing ability. We also devise a novel penalty to
further reduce the wandering problem.

* HRNav outperforms all the other state-of-
the-art (SOTA) methods in both simulated
and real-world environments, offering a new
pipeline in image-goal navigation and paving
the way for future research in the field.

2 Related Work

2.1 Image-goal Navigation

The image-goal navigation task requires the agent
to perceive, reason, and execute actions in an un-
seen environment. Early modular-based meth-
ods (Krantz et al., 2023a; Lei et al., 2024) tackle
this task step by step, which decomposes nav-
igation into different perception, mapping, and
path planning modules. To localize the agent,
they usually utilize the mapping module to con-
struct a map (Yin et al., 2025; Guo et al., 2025)
or graph (Kim et al., 2023; Jiao et al., 2025) us-
ing additional sensors such as GPS, depth or pose
information, which limits their applicability in
real-world robotic settings. An alternative line
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Figure 2: Overview of the hierarchical reasoning dataset construction pipeline.

of work adopts end-to-end reinforcement learning
paradigms, learning a navigation policy directly to
map the goal image and observations to the low-
level corresponding actions (Al-Halah et al., 2022;
Sun et al., 2024; Li et al., 2025b). While these
methods demonstrate promising results, their train-
ing paradigms typically rely on training scenes and
thus exhibit limited generalization to unseen scenes.
Moreover, directly mapping the visual signal to
low-level actions can be brittle in complex scenes,
especially when the agent is far from the goal or
located in a different room, often resulting in wan-
dering behaviors. Recent work REGNav (Li et al.,
2025b) introduces room-level relationships into the
navigation process to alleviate this issue. How-
ever, it lacks executable sub-task planning, and the
navigation policy is still driven by visual matching
rather than structured reasoning.

2.2 Navigation with MLLM

Recent advancements in multi-modal large lan-
guage model (MLLM) (Zhang et al., 2024; Liu
et al., 2024a; Yang et al., 2025) have catalyzed
progress across a wide range of research do-
mains (Guo et al., 2024; Yuan et al., 2025; Fu et al.,
2024; Qi et al., 2026; Liu et al., 2025, 2024b; Wu
et al., 2025b,c). Their strong multi-modal under-
standing and reasoning capabilities provide new
opportunities for embodied navigation. One line of
work leverages powerful closed-source models for
zero-shot navigation within modular frameworks.
These methods (Yin et al., 2024; Long et al., 2024;
Lyu et al., 2026) typically employ VLMs to per-
ceive the environment and LLMs as planners to gen-
erate step-by-step decisions. For example, Instruct-
Nav (Long et al., 2024) utilizes GPT-4V (Yang
et al., 2023) to construct intuition value map and
GPT-4 (Achiam et al., 2023) for dynamic chain-of-
navigation reasoning. SG-Nav (Yin et al., 2024)

and Unigoal (Yin et al., 2025) employ LLaVA (Liu
et al., 2023) to construct an online 3D scene graph
to prompt LLMs. While these methods achieve
strong reasoning capability, their reliance on closed-
source LLMs incurs high inference cost and limits
practical deployment. Another line of work focuses
on finetuning the open-source models on expert tra-
jectories collected from simulator datasets. They
usually adopt Video-based LLMs (Lin et al., 2024;
Li et al., 2024b; Zhang et al., 2024) to capture vi-
sual information and predict low-level action in an
end-to-end manner. StreamVLN (Wei et al., 2025)
introduces an efficient framework that supports
streaming visual inputs with bounded memory for
action generation. CompassNav (Li et al., 2025a)
further explores a two-stage training paradigm by
combining supervised finetuning with reinforce-
ment learning to improve navigation performance.
However, it remains challenging to finetune a VLM
for image-goal navigation. Fully supervised learn-
ing will largely limit the exploration capability of
the model, which is critical for the task. Instead
of finetuning the VLM to predict actions, we teach
it to make short-horizon plans. In this way, we
leverage the VLM’s understanding and reasoning
for high-level planning, while retaining the action
policy’s capacity for efficient exploration.

3 Method

3.1 Task Setup

In a navigation episode, the agent is initially placed
at a random starting position pg in an unseen en-
vironment and is provided only with the goal im-
age I,. At each time step ¢, the agent perceives
the environment through an egocentric RGB ob-
servation I’ and selects a low-level action a; from
the action space (e.g., move forward, turn left, turn
right, and stop) and interacts with the environment,
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Figure 3: An overview of HRNav framework, where a high-level vision-language model predicts a short-horizon
objective and a low-level policy executes actions via reinforcement learning under the reward functions.

resulting in a new state and observation. The nav-
igation episode terminates when the agent issues
the stop action or reaches the maximum time steps.

To tackle this task, we formulate image-goal nav-
igation as a high-level planning and low-level exe-
cution problem. Specifically, a high-level planning
module infers coarse-grained navigation intents
based on the goal image and visual observations,
while a low-level policy executes fine-grained ac-
tions conditioned on the inferred intents through
reinforcement learning.

3.2 Hierarchical Reasoning Dataset

As illustrated in Fig. 2, we construct a hierarchi-
cal reasoning dataset from existing VLN trajectory
data (e.g., R2R-CE (Krantz et al., 2020) and RxR-
CE (Ku et al., 2020)) to support sub-task planning
based on visual observations. In these datasets,
each trajectory consists of a natural language in-
struction that provides detailed instructions and a
first-person video sequence that records the agent’s
observation and execution in the environment.

Sub-task Decomposition. Given a full naviga-
tion instruction, we employ a large language model
(Qwen3-14B (Yang et al., 2025)) to decompose
it into a temporally ordered sequence of non-
overlapping, atomic sub-task instructions.

Temporal Grounding of Sub-tasks. To align
the decomposed sub-tasks with visual observa-
tions, we perform temporal grounding on the trajec-
tory video. Specifically, given the trajectory video
and the ordered sub-task instructions, we prompt
a vision-language model (Qwen2.5-VL-32B (Bai
et al., 2025)) to identify the temporal boundaries of
each sub-task. We augment each video frame with
overlaid textual metadata, including the timestamp

and the action executed at that time step. The out-
put is formatted as explicit frame intervals for each
sub-task, which associate every video frame with
its corresponding navigation sub-task.

Dataset Formatting. For each navigation trajec-
tory, the last frame is selected as the goal image
1,. Given a current observation at time step ¢, we
assign its supervision label as the sub-task that
becomes active within a short future temporal win-
dow, encouraging the model to anticipate upcoming
navigation intent. Each sample is formatted as (his-
tory observations, current observation, goal image)
— next sub-task instruction. Running this pipeline
produces 198K training samples from RxR (Krantz
et al., 2020), 239K from xsR2R (Ku et al., 2020),
and 330K from Youtube Videos (Lin et al., 2023;
Cheng et al., 2024), which serve as the training
corpus for high-level planning. We further apply
a Triple Quality Control Mechanism (TQCM) to
filter malformed, temporally inconsistent, and se-
mantically misaligned annotations. More details
are provided in Appendix C.4.

3.3 High-level Planning

The high-level planning module aims to infer the
short-horizon plan based on visual observations and
the goal image. We adopt VILA (Lin et al., 2024)
as the backbone, which consists of three main com-
ponents: a vision encoder, a projector, and a large
language model. Given a sequence of historical
observations, the current observation, and the goal
image, the vision encoder converts the input im-
ages into visual tokens, which are downsampled
and mapped into the language domain through an
MLP projector. The projected visual tokens are
concatenated with textual prompt tokens and fed
into the LLM, which performs auto-regressive gen-
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Method Easy Medium Hard Overall
SRt SPLt | SRt SPLtT | SRt SPLtT | SRT SPLt
VGM (Kwon et al., 2021) 86.1% 79.6% | 81.2% 68.2% | 60.9% 45.6% | 76.1% 64.5%
Mem-Aug (Mezghan et al., 2022) | 78.0% 63.0% | 70.0% 57.0% | 60.0% 48.0% | 69.3% 56.0%
TSGM (Kim et al., 2023) 91.1% 83.5% | 82.0% 68.1% | 70.3% 50.0% | 81.1% 67.2%
FGPrompt-EF (Sun et al., 2024) | 97.1% 70.7% | 94.7% 67.6% | 82.3% 56.7% | 90.4% 66.5%
RFSG (Feng et al., 2025) - - - - - - 91.0% 67.8%
NavigateDiff (Qin et al., 2025) - - - - - - 91.0% 64.8%
REGNav (Li et al., 2025b) 97.5% 71.4% | 954% 69.4% | 87.1% 59.4% | 92.9% 67.1%
HRNav (This work) 98.5% 752% |96.2% 73.7% |87.2% 66.8% |94.0% 71.2%

Table 1: Comparison with state-of-the-art methods across three different difficulty levels on Gibson. The best and

second performance results are highlighted.

eration to predict the current short-horizon plan.

The high-level module is trained via super-
vised finetuning (SFT). Besides our hierarchical
reasoning dataset, we incorporate several auxil-
iary datasets. Following NaVILA (Cheng et al.,
2024), we include trajectory summarization data
constructed from navigation videos (EnvDrop (Tan
et al., 2019)), real-world 3D-grounded question
answering data (ScanQA (Azuma et al., 2022)),
and general VQA datasets (ShareGPT-4V (Chen
et al., 2024), Video-chatgpt (Maaz et al., 2024))
to enhance the model’s scene understanding and
multimodal reasoning ability.

3.4 Low-level Execution

Conditioned on the short-horizon objective gener-
ated by the high-level planning module, the low-
level execution module produces executable navi-
gation actions. Inspired by PSL (Sun et al., 2025),
we construct two complementary representations
to capture both semantic intent and navigation-
specific visual cues. First, the short-horizon plan,
current observation, and goal image are encoded
using CLIP (Radford et al., 2021) text and vision
encoders, respectively. The resulting features are
fused through a multimodal fusion module to ob-
tain a semantic representation. Second, to pre-
serve spatial information for navigation, the current
observation and the goal image are concatenated
along the channel dimension and processed by a
navigation encoder that focuses on geometry and
layout cues. Then, we concatenate the semantic
and navigation features as the fused features.

The fused features ff,sq and previous ac-
tions a;—1 are jointly fed into a navigation policy
network 7 to predict the agent’s current state em-
bedding s; at time ¢, which is defined as:

St = ﬂ(ffused D ar—1 ’ ht—1)7 (1)

where h;_; is the hidden layer of the recurrent
layers in the policy from the previous step. An
actor-critic network then utilizes s; to predict the
state value and determine the agent’s next action.
The low-level policy is optimized using reinforce-
ment learning, allowing it to maintain exploration
capability and adapt to unseen environments. More
policy details can be found in Appendix Sec B.3.

3.5 Reward Functions

ZER Reward. Following ZER (Al-Halah et al.,
2022), we use a dense distance-and-view shaping
reward with a sparse success reward:

T = (dp—1—dg) +1(dy < ds)(w—1—a) =7, (2)

Ry = 5[I(d; < do)+1(d; < ds Ay < )|, 3)

where d; is the geodesic distance, oy is the view-
angle difference, and the view shaping is activated

only within the success area (d; < ds). We set
ds=1m and as=25°. However, the shaping term
is purely local and does not explicitly penalize re-
dundant motions, making the agent prone to short-
range oscillations and backtracking.

Wandering Suppression Penalty. Built upon the
above reward, we further introduce a Wandering
Suppression Penalty (WSP) that explicitly discour-
ages unnecessary detours and short-term revisits.
Concretely, WSP consists of a path-length penalty
and a revisit penalty:

T'ZVSP = _(gt — gt—l) — ACt, (4)
where ¢; is the cumulative traveled path length,
(¢, — €;—1) is the step displacement, ¢, is a mono-
tonic oscillation counter that increases when the
agent exhibits short-term backtracking. The overall

step reward is:
wsp

Ty =1+ Re + Aty ®))
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MP3D HM3D

Method SRT SPLT Method SRT SPLT

Mem-Aug 6.9% 3.9% Mem-Aug 3.5% 1.9%

ZER 14.6% 10.8% ZER 9.6% 6.3%

FGPrompt-EF 75.7% 48.8% FGPrompt-EF 75.2% 42.1%

REGNav 78.0% 50.2% RFSG 73.4% 42.7%

HRNav 81.4% (+3.4%) 56.3% (+6.1%) REGNav 75.2% 44.0%
HRNav 80.0% (+4.8%) 49.3% (+5.4%)

Table 2: Cross-domain evaluation on MP3D.

where A, is the weight hyperparameter. The ab-
lation on A, can be found in Appendix Sec. D.2.
More reward details can be found in Appendix
Sec. B.5 and Sec. B.6.

4 Experiments

4.1 Simulation Experiments

Datasets and Evaluation Metrics. The high-
level planning module is trained via supervised
finetuning using the datasets described in Sec. 3.3,
including our hierarchical reasoning dataset as
well as auxiliary navigation and visual reasoning
datasets. For the low-level execution module, all of
the experiments are conducted on the Habitat simu-
lator (Savvaet al., 2019; Szot et al., 2021). We train
it on the Gibson dataset (Xia et al., 2018) using the
dataset split provided by (Mezghan et al., 2022).
Gibson contains diverse indoor environments and
consists of 9000 training episodes from 72 scenes
and 4200 testing episodes from 14 scenes. To evalu-
ate cross-domain generalization, we test the trained
agent on the Matterport3D (MP3D) (Chang et al.,
2017) and Habitat-Matterport3D (HM3D) (Ra-
makrishnan et al., 2021) datasets.

We adopt standard navigation metrics including
Success Rate (SR) and Success weighted by Path
Length (SPL) (Anderson et al., 2018). SPL bal-
ances the efficiency and success rate by calculating
the weighted sum of the ratio of the shortest path
length to the predicted path length. The maximum
number of steps per episode is set to S00.

Implementation Details We adopt a two-stage
training scheme: first train the high-level module
with supervised finetuning (SFT) for one epoch
on the curated corpus. After SFT, the high-level
module is frozen and only used for inference; then
train the low-level policy with DD-PPO (Wijmans
et al., 2019). We keep the same fast—slow sched-
ule: the low-level policy runs frequently to output
actions, while the high-level module is invoked

Table 3: Cross-domain evaluation on HM3D.

sparsely to update sub-task instructions (every 15
steps). In simulation, the agent height is 1.5m
with a radius of 0.1m, using a single RGB sen-
sor with a 90° FOV at 128 x128 resolution. The
action space includes MOVE_FORWARD (0.25m),
TURN_LEFT/RIGHT (30°), and STOP. We set the
slack reward « to 0.01. All experiments are con-
ducted on 8 NVIDIA H20 GPUs; high-level fine-
tuning takes 64 hours and low-level training takes
30 hours (20M steps).

Efficiency Analysis. HRNav achieves 41.16 ms
average latency per step and 24.29 FPS over 5,000
navigation steps on one NVIDIA H20 GPU with
the default 15-step planning interval. Although
each slow-planner call takes 374.12 ms, its cost is
amortized by sparse invocation, while the low-level
executor runs at 14.22 ms per step. Detailed results
are given in Appendix D.3.

In-domain Evaluation on Gibson. Table 1 re-
ports the performance comparison on the Gibson
dataset. (We report the results averaged over 3
random seeds. The variances are less than le-3.)
HRNav achieves the best overall results, reaching
an SR of 94.0% and an SPL of 71.2%. Compared
with all prior methods, HRNav improves the over-
all SPL by +4.1% and the SR by +1.1%. Notably,
the gains are more pronounced on challenging sce-
narios: HRNav improves SPL by +4.3% on the
Medium set and +7.4% on the Hard set, demon-
strating more efficient long-horizon navigation and
reduced wandering behavior.

Cross Domain Evaluation on MP3D and HM3D.
Tables 2 and 3 report cross-domain evaluation re-
sults on MP3D and HM3D. All methods are trained
on the Gibson dataset and directly tested on these
datasets without any finetuning, evaluating their
generalization ability to unseen environments.
HRNav achieves the best performance on both
benchmarks. On MP3D, HRNav reaches an SR
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of 81.4% and an SPL of 56.3%, outperforming
the strongest prior method REGNav by +3.4% SR
and +6.1% SPL. On the more challenging HM3D
benchmark, HRNav further improves SR to 80.0%
and SPL to 49.3%, exceeding REGNav by +4.8 %
SR and +5.4% SPL. These consistent gains demon-
strate that hierarchical short-horizon planning sig-
nificantly improves cross-domain robustness, en-
abling more efficient navigation trajectories and
reducing domain-specific overfitting.

Visualization. Fig. 4 presents a representative vi-
sualization comparing navigation behaviors with
and without the high-level planning module. With-
out high-level planning, the agent exhibits frequent
backtracking and wandering, eventually failing to
reach the goal within the maximum step budget. In
contrast, with short-horizon objectives, the agent
follows a more direct and coherent trajectory, suc-
cessfully reaching the goal with fewer redundant
explorations. This example qualitatively demon-
strates how high-level planning provides effective
guidance for long-horizon navigation and improves
trajectory efficiency. Additional qualitative results
are provided in the appendix.

Ablation Studies. Table 4 summarizes the ab-
lation results on model components. Removing
the high-level planning module (w/o HL) leads
to a clear performance drop in both SR and SPL,
indicating that a hierarchical short-horizon objec-
tive is essential for effective navigation. Replac-
ing the high-level module with Qwen2 also de-

Method SRt SPL1
HRNav 93.36%  66.21%
Ablation A: High-level planning

w/o HL 92.52% 63.53%
rp HL with Qwen2 | 81.62% 55.29%
Ablation B: Low-level policy
Semantic-only 49.4% 32.6%
Nav-only 81.6% 61.1%
w/o prev actions 87.7% 62.3%

Table 4: Ablation study on different components on Gib-
son test set. All the experiments are conducted without
the new reward.

grades performance compared to the full model,
suggesting that the proposed high-level design pro-
vides more suitable objectives for this task. For
the low-level policy, removing either semantic fea-
tures (Semantic-only) or navigation-specific visual
features (Nav-only) causes substantial degradation,
with the semantic-only variant failing dramatically.
This demonstrates that both semantic intent and
structural navigation cues are necessary. In ad-
dition, excluding previous actions reduces perfor-
mance, highlighting the importance of action his-
tory for stable control.

Table 5 evaluates the impact of the proposed re-
ward components. Without the new reward, the
agent achieves an SPL of 66.21%. Introducing
either the revisit penalty or the path-length regu-
larization alone improves SPL, while combining
both yields the best performance, improving SPL
to 71.15% and SR to 94.00%. These results show
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Figure 5: Real-world qualitative visualization of HRNav.

Setting SRt SPL1t Model B47 M1 Ct Rt
w/o new reward 93.36% 66.21% Qwen2-VL 1.2 9.1 0.13 22.8
only revisit 91.62% 70.62% Qwen3-VL 39 144 023 218
only path_len 91.43% 68.13% HRNav-Slow | 31.5 383 274 45.6
revisit+path_len 94.00 % 71.15%

Table 5: Ablation study on the proposed reward design
on Gibson test set.

that the two reward components are complemen-
tary and jointly encourage more efficient and less
redundant navigation trajectories.

Effectiveness of High-Level Planning Module.
To more intuitively assess whether our slow sys-
tem can perform high-level planning accurately,
we randomly sampled 100 trajectories from our
collected dataset for evaluation. We feed the his-
tory and observation images into different models
in the same manner and use the same prompt to
elicit short-horizon planning. We compare with
Qwen2-VL (Bai et al., 2025) and Qwen3-VL (Yang
et al., 2025), which are two widely used open-
source VLMs. Four metrics (Wu et al., 2025a)
are calculated: BLEU-4 (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), ROUGE-
L (Lin, 2004), and CIDEr (Vedantam et al., 2015).
The results are presented in TABLE 6. It’s clear that

Table 6: Evaluation of high-level planning on a test sub-
set of the self-collected Hierarchical Reasoning dataset.

after training, our model can generate short-horizon
goals more precisely. This also helps explain why
HRNav ultimately achieves stronger navigation per-
formance.

4.2 Real-World Experiments

Settings. Our real-world experiments were con-
ducted on a Unitree Go2 robot equipped with an
Intel RealSense D435i camera on the front. During
navigation, the system continuously streams RGB
observations from the D435i to a remote server
powered by NVIDIA H20 GPUs. Given a goal im-
age, HRNav processes the observations to generate
the next sub-task and predicts actions. The pre-
dicted action is then transmitted back to the Go2,
which executes it by calling the robot motion API.

Qualitative results. Fig. 5 visualizes a success-
ful real-world navigation episode executed by our
HRNav. The goal image depicts a water dispenser
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near the trash can. The robot is initially placed in
the room adjacent to the goal. As shown in the
figure, the slow system guides the robot to exit
the room by walking down the hallway, and then
sets different short-horizon goals to move the robot
closer to the target location. When the object in
the goal image comes into view, the slow system
accurately recognizes it and directs the robot to
approach the trash can and stop. This demonstrates
that by building a hierarchical fast—slow system,
HRNav can reduce a difficult task into manageable
steps and reach the destination progressively.

5 Conclusion

We propose HRNav, a hierarchical framework for
image-goal navigation. Inspired by human cogni-
tion, we combine a slow planning module with a
fast execution policy for efficient control. To train
the slow system, a hierarchical reasoning dataset is
constructed by decomposing task instructions into
temporally grounded sub-tasks. We add a Wan-
dering Suppression Penalty, which greatly reduces
the wandering problem. Experiments on Gibson
and cross-domain MP3D/HM3D datasets demon-
strate promising results, while ablations validate
the effectiveness of key components.

Limitations

Although HRNav demonstrates promising perfo-
mance, sim-to-real transfer remains challenging.
First, there is a noticeable gap between the camera
settings in simulation and those on the physical
robots, leading to mismatched viewpoints and vi-
sual distributions. This discrepancy can distort
the perceived appearance of rooms, landmarks,
and obstacles, thereby degrading sub-task reason-
ing and action selection in real-world deployment.
Second, the robot’s body embodiment is not fully
modeled during simulation training. In practice, a
quadrupedal robot may get stuck or experience un-
intended contacts when moving close to obstacles
(e.g., its hind legs may scrape against furniture),
which are not captured by the simulator.

In future work, we will try to incorporate more
accurate sensor and embodiment modeling (e.g.,
camera configuration and full-body collision ge-
ometry) to narrow the sim-to-real gap and improve
robustness on real robots.
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Appendix

This supplementary material provides additional
details on the proposed method and experimen-
tal results that could not be included in the main
manuscript due to page limitations.

Specifically, the structure of this appendix is or-
ganized as follows:

Section A discusses the potential risk and data
consent in the checklist.

Section B provides more method details, includ-
ing the high-level/low-level modules, navigation
policy, prompts for dataset construction, and the
wandering suppression penalty design.

Section C summarizes experimental settings, in-
cluding evaluation metrics, datasets, implementa-
tion details and data quality control details.

Section D reports additional results omitted
from the main paper, including fine-grained cross-
domain evaluation, reward-weight ablations, effi-
ciency analysis and more qualitative visualizations.

A ChecKlist

A.1 Potential risk

Our work targets image-goal navigation in indoor
environments and is primarily evaluated in simu-
lation, so the overall risk profile is limited. The
main practical risk is that behaviors learned in sim-
ulation may not fully transfer to real robots due
to differences in sensing and embodiment, which
could lead to occasional navigation inefficiency or
minor unintended contacts in cluttered spaces. In
addition, the high-level vision-language reasoning
module may inherit typical robustness limitations
of large models, resulting in degraded performance
under rare visual conditions. These issues are not
specific to our method and can be mitigated with
cautious deployment (e.g., safe-speed operation,
collision avoidance layers) and improved sim-to-
real modeling in future work.

A.2 Data Contains Personally Identifying Info
Or Offensive Content

Our experiments primarily use standard simula-
tion datasets (Gibson, MP3D, HM3D), which con-
tain reconstructed indoor environments and do not
include personal identifiers such as names, faces,
voices, or other uniquely identifying information.
For our real-world demonstrations, we collected
only egocentric RGB observations of indoor scenes
in a controlled setting.

A.3 Data Consent

We use only publicly released datasets that are ob-
tained through the official application/registration
process and downloaded under the corresponding
licenses/terms of use. We did not collect or curate
new data from identifiable individuals. Consent
for any original data collection is governed by the
dataset providers, and our usage follows the per-
mitted research use terms specified by the official
data access agreements.

A.4 Information About Use Of AI Assistants

We used an Al assistant to support scientific writ-
ing and language polishing (e.g., improving clarity,
grammar, and formatting). All technical content,
experimental design, results, and claims were pro-
duced and verified by the authors, who also re-
viewed and edited the final manuscript to ensure
correctness and originality.

B More Method Details

B.1 High-level reasoning module

We follow the model design of NaVILA (Cheng
et al.,, 2024): a vision encoder (SigLIP (Zhai
et al.,, 2023)) extracts visual tokens from the
history frames, current observation, and goal
image; an MLP projector maps the visual to-
kens into the language embedding space; and an
LLM (LLaMA3 (Dubey et al., 2024)) policy head
performs auto-regressive decoding to predict the
next sub-task instruction.

B.2 Low-level prediction module

For the semantic sub-task channel, we encode the
predicted sub-task instruction, the current obser-
vation, and the goal image using CLIP text/vision
encoders (ResNet50 backbone) (He et al., 2016;
Radford et al., 2021; Li et al., 2024a). For the
navigation-specific channel, we concatenate the
current observation and the goal image along
the channel dimension and extract navigation fea-
tures. The navigation encoder is initialized with
a ResNet50 (He et al., 2016) pretrained in Ima-
genet (Deng et al., 2009). We fuse the semantic
features and navigation features via a 2-layer MLP
fusion module before feeding them to the naviga-
tion policy.

B.3 Navigation policy

The navigation policy is composed of a 2-layer
GRU with a 128-dimensional embedding size. We
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You are a Visual-Language Navigator. Your task is to break down the given instruction into multiple sub-
instructions. Each sub-instruction should contain a simple and specific action or a target to reach.
Here is the instruction provided by the user:

<instruction>

{r

</instruction>

When breaking down the instruction, please follow these rules:

— Each sub-instruction should have a single, clear action or a clear target.
— Sub-instructions should be non-overlapping and as simple as possible.
Please put your breakdown results below:

Figure 6: Sub-task decomposition prompt. We prompt the LLM to break down a long navigation instruction into a
sequence of atomic sub-instructions.

The first—person video is captured by a robot completing a series of instructions in chronological order.
The instructions are {sub_instruction_prompt}.

The robot finishes them one-by-one.

We put the frame number at the top left of the video.

First, you need to describe how the robot moves in the video. You should specify the frame number in this
part.

Finally, You need to do temporal grounding for each of the instruction.

The output format is :

<Description>

</Description>

<Temporal Grounding>

# Instructionl: from frame ? to frame ?;
# Instruction2: from frame ? to frame ?;

</Temporal Grounding>

Figure 7: Temporal grounding prompt and annotated video clip. Top: The prompt instructs the model to assign a
temporal interval to each sub-instruction using a structured output format. Bottom: an example input video clip
used for grounding. To facilitate temporal reasoning, we overlay the frame number and the executed action at the

top-left corner of each frame.

train the navigation policy using reinforcement
learning. To enhance the generalization ability
of the agent, we follow previous reinforcement
learning methods (Mezghan et al., 2022; Al-Halah
etal., 2022; Wu et al., 2024) to apply data augmen-
tation to the visual observation and goal images.
We adopt two kinds of augmentations: (1) random
cropping, which enlarges the input image and then
selects a random portion of the original size; (2)
colour jitter, which randomly adjusts the brightness,
contrast, saturation, and hue of the image. During
navigation, the agent obtains the current observa-
tion from the sensors at each step. We sequentially
apply both data augmentation methods to these im-
ages, which can enhance the visual diversity in the
training data.

After the data augmentation, the visual observa-
tion and goal images are fed into the semantic and
navigation channel to obtain fused features. The
agent receives the fused features f,.q and passes
them into the navigation policy 7. The policy uti-
lizes the fused features along with a representation
of previous actions to predict the agent’s current
state embedding s; at time ¢, and we formulate this
as follows:

st = ([ rused D az—1 | he—1), (6)

where a;_1 denotes the representation of previous
actions and h;_1 is the hidden layer of the recurrent
layers in the policy from the previous step. An
actor-critic network then utilizes s; to predict the
state value and determine the agent’s next action.

29349



B.4 Prompts for Dataset Construction

For training the high-level reasoning module, we
construct a hierarchical reasoning dataset from
existing VLN trajectory data. As described
in Sec. 3.2, we prompt Qwen3 (Yang et al.,
2025) to decomposes a long-horizon instruction
into a sequence of non-overlapping, atomic sub-
instructions, where each sub-instruction contains
a single clear action or a specific target to reach.
Then we prompt visual language model Qwen2-
VL (Bai et al., 2025) to performs temporal ground-
ing by analyzing the changes of first-person ob-
servations over time and selecting which sub-
instruction is currently being carried out. For read-
ability, we optionally visualize these prompts and
the corresponding input/output format.

Sub-task decomposition prompt As illustrated
in Fig. 6, we prompt the LLM to break down
the given navigation instruction into multiple sub-
instructions with clear and minimal objectives, en-
suring each sub-instruction is simple and does not
overlap with others.

Temporal grounding prompt. The prompt is
shown in Fig. 7. Given the ordered sub-instructions
and a first-person video clip from time O to ¢ (each
video frame is augmented with the frame num-
ber and the action executed at that time step.), we
prompt the VLM to infer which sub-instruction the
agent is executing based on temporal changes in
the observed frames, rather than static scene recog-
nition. This grounding step produces an alignment
between sub-instructions and temporal segments.

B.5 ZER Reward

ZER Reward. Following ZER (Al-Halah et al.,
2022), we use a dense distance-and-view shaping
reward together with a sparse success reward. After
taking action ay, the step reward is

re = (di—1—dp) +1(dy < dg)(op—1—c)—7 (7)

where d; is the geodesic distance to the goal, ay
is the minimum angular difference (in radians) be-
tween the agent view and the goal views and  is
the slack reward for efficiency. The view term is
activated only within the success area (d; < ds,
where d; is the success distance). The sparse suc-
cess reward is

R, = 5[I(d; < d)+1(d; < dyher < )], ®)

with d; = 1m and o, = 25°. The agent receives a
sparse reward when it reaches the success area and
stops within an view angle o from the goal angle.

Although the ZER reward provides dense shap-
ing, its distance term (d;—1 — d;) is local and does
not explicitly penalize redundant motions: when
the agent explores ambiguous corridors or makes
wrong turns, it can easily fall into short-range os-
cillations (e.g., left-right rotations or backtracking),
where the net progress in geodesic distance be-
comes small and noisy.

B.6 Wandering Suppression Penalty Details

Path-length penalty. The Path-length penalty pe-
nalize unnecessarily long trajectories by incorporat-
ing the cumulative traveled length into the potential.
Let p; € R? be the agent position at time step ¢.
We define the step displacement as the Euclidean
distance between two consecutive positions:

Al = ||pt — Pi—1]|2, 9)

and accumulate it over time to obtain the traveled
path length:

t
b= Al., =0 (10)
=1

This term is monotonic increasing and thus yields
a consistent penalty.

Revisit penalty. In this part, we provides more
design details about the revisit penalty. At each
time step t, let p; € R? denote the agent position.
We discretize p; into a voxel index (grid key) xy
with resolution s by

Kt = (LPI/SJ7 pr/SJv Lpz/SJ)’

where s corresponds to revisit_radius in our
implementation and it is set to 0.25. We maintain a
visited set V' that stores voxel keys observed so far
in the episode. The revisit cost is then computed as

(11

¢ = A l(ke €V), V+— VU{r}, (12)

where )\, corresponds to revisit_weight, which
is set to 0.02. Intuitively, whenever the agent re-
turns to a previously visited voxel, it receives an
additional penalty, discouraging redundant back-
tracking and local dithering.

Finally, the path length and revisit cost are inte-
grated into the shaping function as

¢, = /\w(€t+0t) +di + o, (13)
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where ¢, is the cumulative traveled length, ¢; is the
reivisit cost, d; is the geodesic distance to the goal,
and o is the view-angle distance to the closest goal
view. Ay, is the hyperparameter weight. The step
reward is obtained by the potential difference, i.e.,
re < 1 + (Pi—1 — Dy), so that our new design
reward consistently decrease the reward and thus
suppress wandering.

Using Wandering Suppression Penalty (WSP).
While WSP provides consistent negative feedback
for redundant motions, directly enabling it from
scratch may harm early-stage exploration. In the
initial phase of PPO training, the policy is largely
uninformative and relies on stochastic exploration
to discover trajectories that reduce d; and eventu-
ally enter the success area. If WSP is applied too
early, the additional penalties on traveled length
and revisits can dominate the learning signal, mak-
ing “doing nothing” (or minimal motion) a locally
attractive behavior since it avoids accumulating /¢
and ¢;. This may lead to overly conservative poli-
cies and slow down (or even stall) learning.

To mitigate this issue, we adopt a two-stage
training schedule. We first pretrain the policy us-
ing the original ZER reward (Egs. (7)—(8)) until
the navigation behavior becomes reasonably stable
(i.e., the agent consistently makes progress toward
the goal). Then, we activate WSP and continue
training with the combined reward. In this second
stage, the policy already has a meaningful notion
of goal-directed movement, and WSP mainly acts
as a regularizer that suppresses dithering and de-
tours, thereby reducing wandering and improving
trajectory efficiency.

In practice, we find that WSP takes effect quickly
once activated. After the initial warm-up with the
ZER reward, enabling WSP and continuing training
for about 10M environment steps is sufficient to
noticeably suppress wandering behaviors.

C Experimental Details

C.1 Evaluation metric details

We evaluate image-goal navigation performance
with the success rate (SR) and success weighted by
path length (SPL) (Anderson et al., 2018).

SR (Success Rate): SR evaluates the success rate

of the agent in successfully navigating to the target
location. The maximum success distance is 1m

from the real target location. SR is defined by:

1
SR =+~ Z S;, (14)
=1
L if the ith episode succeeds, (15)
“ )0, if the ith episode fails,

where N, represents the total number of test
episodes and .S; indicates whether the ith episode
is successful.
SPL (Success weighted by Path Length): SPL
considers the navigation path length along with the
success rate:

1 Qe l;
SPL = — S ———
N, Zl max(p;, l;)

e
1=

(16)

where [; is the shortest path distance from the
agent’s starting position to the goal location in the
tth episode and p; is the predicted navigation path
distance executed by the agent.

C.2 Dataset details

We trained REGNav in the Gibson dataset (Xia
et al., 2018) and inference in the Gibson, Mat-
terport3D (MP3D) (Chang et al., 2017) and
HM3D (Ramakrishnan et al.,, 2021) datasets.
Specifically, Gibson is composed of full indoor
environments, which have multi-rooms. The train-
ing set in Gibson comprises 9000 episodes sampled
from 72 Gibson training scenes. These episodes
are evenly distributed across three difficulty levels
based on the goal location’s geodesic distance from
the starting location: easy (1.5-3m), medium (3—
5m), and hard (5-10m). The test set contains 4200
episodes sampled from 14 unseen scenes and cov-
ers the same three difficulty levels. The test scenes
are separate from the training scenes to evaluate
the agent’s ability to generalize to previously un-
seen environments. Compared with Gibson, MP3D
comprises more complex and expansive scenes and
HM3D provides more diverse scenes. For evalu-
ation on MP3D and HM3D, we adopt the same
test splits as ZER (Al-Halah et al., 2022). The
test set of MP3D includes 1000 episodes of 100
scenes per difficulty level while HM3D contains
1000 episodes of 18 scenes per level.

C.3 Inplementation Details

For the high-level module training stage, we use a
learning rate of le4 with cosine decay and a warm-
up ratio of 0.03. The low-level modules are trained
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Data # Samples Format Temporal Semantic
Compliance  Consistency  Grounding

Before TQCM 1328K 93.2% 87.2% 84.2%

After TQCM 767K 99.9% 99.6% 98.6%

Table 7: Quality evaluation of the generated Hierarchical Reasoning Dataset. TQCM substantially improves format
compliance, temporal consistency, and semantic grounding accuracy.

end-to-end using the Adam optimizer (Kingma,
2014) with DD-PPO (Wijmans et al., 2019), using
64 forward steps, an entropy coefficient of 0.01,
and a clipping value of 0.2. The slack reward -y is
set to -0.01. In the simulation environments, the
height of agent is set to 1.5m and the radius is 0.1m.
The agent has a single RGB sensor with a 90° FOV
and 128x128 resolution. The action space consists
of MOVE_FORWARD by 0.25m, TURN_LEFT,
TURN_RIGHT by 30° and STOP. Our HRNav is
trained on a server with 8 NAVIDIA H20 GPUs.
The high-level module finetuning requires 64 hours,
and the low-level module requires 30 hours. During
inference, we run the low-level policy for 15 steps,
and then invoke the high-level module once. We
will release both our training code and data upon
paper publication.

C.4 Dataset Quality Control

Since the Hierarchical Reasoning Dataset is au-
tomatically constructed with LL.Ms and VLMs,
we further conduct a quality-control evaluation
to assess the reliability of the generated temporal
grounding and sub-task annotations. We consider
three complementary aspects: format compliance,
temporal consistency, and semantic grounding ac-
curacy.

Format Compliance. We first evaluate whether
the generated temporal grounding annotations fol-
low the required structured format. Each annota-
tion line is expected to specify the sub-task index
and its corresponding temporal interval, e.g., # In-
structionl: from frame 0 to frame 8; or # Instruc-
tionl: from frame 0 onwards;. An annotation is
considered format-compliant if all its lines can be
successfully parsed into a valid tuple consisting of
the instruction index, start frame, and end frame
or onwards marker. In addition, the instruction in-
dices are required to be continuous and start from 1,
without missing or duplicated indices. This metric
reflects whether the generated annotations can be
reliably used for downstream dataset construction.

Temporal Consistency. We then check whether
the grounded sub-tasks are temporally consistent
with the navigation trajectory. After sorting the
parsed intervals by their instruction indices, we
require the start frames of consecutive sub-tasks to
be strictly increasing. We also require that adjacent
intervals do not overlap under the end-exclusive
interval convention, i.e., an interval from frame s
to frame e is interpreted as [s, e). For annotations
with an onwards marker, the interval is extended
to the last available frame of the trajectory. An
annotation is considered temporally consistent only
if all sub-task intervals satisfy the above ordering
and non-overlap constraints. This metric evaluates
whether the decomposed sub-tasks form a valid
temporal progression along the trajectory.

Semantic Grounding Accuracy. Finally, we
evaluate whether each grounded sub-task is se-
mantically supported by the visual observations
within its assigned temporal interval. For each sub-
task interval, we uniformly sample several frames
from the interval and provide them, together with
the corresponding sub-task instruction, to a VLM
judge. The judge is prompted to determine whether
the instruction is visually supported by the sam-
pled frames and to return a structured JSON output
containing a binary consistency decision, evidence
frames, confidence score, and a short reason. We
report semantic grounding accuracy as the percent-
age of judged sub-task intervals that are classified
as semantically consistent. This metric measures
whether the temporal interval not only satisfies
structural constraints but also visually corresponds
to the intended navigation sub-task.

Analysis. As shown in Table 7, the raw auto-
matically generated annotations already achieve
reasonable quality, but still contain non-negligible
noise. Before quality control, 93.2% of the anno-
tations satisfy the required output format, while
87.2% pass the temporal consistency check, indi-
cating that some generated sub-task intervals con-
tain malformed structures, missing or duplicated
indices, or overlapping temporal boundaries. The
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MP3D
Method Easy Medium Hard Overall
SPLt SRt SPL1 SRt SPLt SRt SPLY SRt
FGPrompt-MF | 56.4%  88.1% | 44.6% 77.8% | 32.0% 60.1% | 443%  753%
FGPrompt-EF | 61.6% 88.9% | 50.6% 78.7% | 341% 59.5% | 488%  75.7%
REGNav 61.7%  90.0% | 52.0% 814% | 369% 62.7% | 50.2%  78.0%
HRNav 64.6% 909% | 583% 84.2% | 459% 69.1% | 56.3% 81.1%

Table 8: Fine-grained cross-domain evaluation on MP3D. We compare HRNav against FGPrompt (Sun et al.,
2024) and REGNav(Li et al., 2025b) across three difficulty levels on MP3D (Chang et al., 2017). Each difficulty
level contains 1000 episodes sampled from 100 unseen scenes. All methods are trained on Gibson (Xia et al., 2018)
and directly transferred to MP3D for zero-shot inference. The best and second-best results are highlighted.

semantic grounding accuracy is 84.2%, suggesting
that a portion of the automatically grounded inter-
vals do not fully match the visual evidence in the
corresponding frames.

After applying the proposed Triple Quality Con-
trol Mechanism (TQCM), the annotation quality
is significantly improved. The filtered dataset
achieves 99.9% format compliance and 99.6% tem-
poral consistency, showing that the remaining an-
notations are structurally valid and temporally well
ordered. The semantic grounding accuracy also
increases to 98.6%, indicating that most retained
sub-task annotations are visually supported by their
grounded frame intervals. Although this filtering
process reduces the dataset size from 1328K to
767K samples, it removes noisy annotations and
yields a cleaner training corpus for high-level plan-
ning. This quality-control process improves the
reliability and reproducibility of the constructed
dataset, which is important for training the VLM-
based slow planner.

D Additional Results

We provide additional experimental results that are
omitted from the main paper due to space con-
straints, including: (i) fine-grained evaluation on
MP3D and HM3D (per difficulty level), (ii) abla-
tion on the weights of the wandering suppression
penalty, and (iii) more qualitative visualizations.

D.1 Cross-domain evaluation on different
difficulty levels.

To examine the cross-domain generalization of
image-goal navigation, we report fine-grained re-
sults on MP3D and HM3D by stratifying episodes
into three difficulty levels (Easy/Medium/Hard),

where the Hard split contains the longest trajec-
tories and requires traversing multiple rooms. As
shown in Table 8 and Table 9, all methods are
trained on Gibson and directly transferred to un-
seen scenes for zero-shot evaluation. We compare
HRNav against the FGPrompt baseline (Sun et al.,
2024) and REGNav (Li et al., 2025b).

Analysis. HRNav consistently outperforms prior
methods across all difficulty levels on both datasets,
with the most pronounced gains on Hard trajec-
tories. On MP3D, HRNav achieves 45.9% SPL
and 69.1% SR on the Hard split, surpassing the
strongest baseline (REGNav) by +9.0 SPL and
+6.4 SR, respectively. On HM3D, HRNav further
improves to 41.3% SPL and 66.5% SR on Hard,
yielding +6.4 SPL and +3.7 SR over the best com-
peting method. These results indicate that the ad-
vantage of HRNav becomes larger as the naviga-
tion horizon increases: when the goal is far from
the start and direct visual matching becomes less
reliable, HRNav’s hierarchical reasoning and wan-
dering suppression penalty better reduce wandering
and help the agent maintain consistent progress to-
ward the goal, leading to higher success and more
efficient paths in the most challenging settings.

D.2 Ablation study on weights of wandering
suppression penalty.

We ablate the weight A\, of the wandering sup-
pression penalty (WSP) to study its influence on
navigation performance. Specifically, we train
the same model on Gibson while only varying
A € {1.0,0.8,0.6,0.5,0.4,0.3,0.2,0.1}, and re-
port SR and SPL on the Gibson validation set under
the standard evaluation protocol. All other train-
ing configurations (network architecture, RL hy-
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HM3D
Method Easy Medium Hard Overall
SPLt SRt SPL1 SRt SPLt SRt SPLY SRt
FGPrompt-MF | 44.0%  832% | 40.8% 75.6% | 31.8% 62.6% | 389%  73.8%
FGPrompt-EF | 47.3%  85.0% | 442% 778% | 349% 628% | 421% 752%
REGNav 50.6%  854% | 47.0% 789% | 343% 613% | 44.0% 7152%
HRNav 543% 89.6% | 523% 83.8% | 41.3% 66.5% | 49.3% 80.0%

Table 9: Fine-grained cross-domain evaluation on HM3D. We compare HRNav against FGPrompt (Sun et al.,
2024) and REGNav (Li et al., 2025b) across three difficulty levels on HM3D (Szot et al., 2021). Each difficulty
level contains 1000 episodes sampled from 18 unseen scenes. All methods are trained on Gibson (Xia et al., 2018)
and directly transferred to HM3D for zero-shot evaluation. The best and second-best results are highlighted.

Setting SRt SPLT
1.0 71.83% 65.86%
0.8 81.02% 70.75%
0.6 85.05% 71.91%
0.5 89.40% 73.30%
0.4 88.57% 72.59%
0.3 90.57% 71.83%
0.2 94.00% 71.20%
0.1 91.88% 72.68%

Table 10: Ablation study on the weight \,, of wandering
suppression penalty.

perparameters, and data augmentations) are kept
identical to ensure a controlled comparison.

Analysis. As shown in Table 10, \,, exhibits a
non-monotonic effect on performance. A large
penalty (e.g., A, = 1.0) overly suppresses re-
visits/backtracking, which can prevent necessary
corrective behaviors and results in a clear drop
(71.83% SR / 65.86% SPL). As A\, decreases,
both SR and SPL improve substantially, indi-
cating that moderate suppression effectively re-
duces aimless wandering while preserving flexi-
bility. Notably, A, = 0.2 achieves the highest
SR of 94.00% while maintaining competitive SPL
(71.20%), reflecting the best overall robustness in
goal-reaching. Although \,, = 0.5 yields the high-
est SPL (73.30%), it is accompanied by a lower
SR (89.40%), suggesting that a stronger penalty
may occasionally hinder recovery from suboptimal
states. Therefore, we set A, = 0.2 as the default
in all experiments to prioritize consistent success
in unseen environments while still keeping path
efficiency at a strong level.

D.3 Efficiency Analysis

To assess the practical deployment cost of HRNav,
we evaluate its inference efficiency under the same
setting as our real-world experiments. Specifically,
we measure the average latency per step over 5,000
navigation steps on a server with one NVIDIA H20
GPU while varying the planning interval £ of the
high-level planner. Here, the slow latency denotes
the runtime of one VLM-based planning call, the
fast latency denotes the runtime of one low-level
policy step, and the average latency per step amor-
tizes the sparse slow-planner calls over the entire
navigation process.

Analysis. Table 11 shows that HRNav maintains
practical real-time performance despite introducing
a VLM-based slow planner. With our default set-
ting of k=15, the system runs at 24.29 FPS with an
average latency of 41.16 ms per step, which is suf-
ficient for real-time robotic control. Although each
slow-planner call takes around 370—-400 ms, the
planner is only invoked sparsely, so its overhead is
effectively amortized across subsequent execution
steps. In contrast, the low-level executor remains
consistently lightweight, requiring only 14—16 ms
per step across all settings.

The table also reveals a clear efficiency—
performance trade-off. Using a smaller planning
interval (e.g., k=>5) provides slightly stronger nav-
igation performance, but substantially increases
average latency because the slow planner is called
more frequently. Increasing the interval to 30 or
60 further improves throughput, but leads to a mild
drop in SR and SPL due to less frequent plan-
ning updates. We therefore choose k=15 as the
default setting, since it provides the best balance be-
tween navigation performance and computational
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Step Interval (k) SR (%) SPL (%) AvglLatency FPS Slow-latency  Fast-latency

(ms) (ms) (ms)
5 94.7 71.5 96.81 10.33 395.22 15.92
10 94.4 71.1 55.08 18.13 383.28 14.45
15 (Ours) 94.0 71.2 41.16 24.29 374.12 14.22
30 93.4 70.6 29.75 33.61 389.47 15.08
60 922 69.8 24.26 41.22 408.27 15.41

Table 11: Efficiency analysis under different planning intervals. The high-level planner is invoked once every k
steps. The reported average latency per step amortizes the sparse VLM calls over the full navigation trajectory.

efficiency.

D.4 More visualization

Qualitative visualizations. We provide addi-
tional qualitative results in both simulation and
real-world environments to better illustrate the be-
havior of HRNav. Fig. 8 shows a representative
simulated episode in a top-down view, where we
overlay the agent trajectory to reveal its global navi-
gation pattern. Fig. 9 presents a real-world episode
with third-person and egocentric views along the
timeline, highlighting how the robot progresses un-
der the sub-task plan.

Analysis. Across both settings, HRNav exhibits
more goal-directed trajectories with fewer redun-
dant backtracks, indicating effective wandering
suppression and stable long-horizon execution. In
simulation, the top-down view clearly shows that
the agent follows a smoother and more direct route
toward the goal, rather than oscillating between
nearby locations. In the real world, HRNav main-
tains consistent progress by executing actions con-
ditioned on the current sub-task, and switches sub-
tasks smoothly as the scene evolves. These vi-
sualizations support our quantitative results, sug-
gesting that hierarchical reasoning with subtask-
conditioned control improves robustness, particu-
larly in challenging long-horizon navigation.
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Goal Current

image  observation Top-down Map

Figure 8: Simulation qualitative result (top-down view). Visualization of an example episode in simulation. The
agent trajectory is shown in a global top-down map, illustrating the navigation progress toward the goal and the
overall path efficiency.
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Third-person Perspective

Sub task: Walk down the hall. Sub task: Stop when you reach the double doors.

Figure 9: Real-world qualitative result. Visualization of an example episode in a real environment. We show
third-person recordings and the robot’s egocentric observations along the timeline, together with the predicted
sub-task sequence, to illustrate subtask-conditioned execution and successful goal reaching.
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