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Figure 1: Execution Process of VavA”. The global policy employs Reasoning-VLM to interpret high-level
instructions (e.g., “hang out the clothes” — clothes hanger) and identify the target location (balcony) using 3D scene
understanding. The local policy uses Pointing-VLM to navigate waypoints and perform precise object localization
with our NaviAfford model, which leverages spatial affordance understanding to accurately locate the target object
(clothes hanger).

Abstract

Embodied navigation is a fundamental capabil-
ity of embodied intelligence, enabling robots
to move and interact within physical environ-
ments. However, existing navigation tasks pri-
marily focus on predefined object navigation
or instruction following, which significantly
differs from human needs in real-world sce-
narios involving complex, open-ended scenes.
To bridge this gap, we introduce a challenging
long-horizon navigation task that requires un-
derstanding high-level human instructions and
performing spatial-aware object navigation in
real-world environments. Existing embodied
navigation methods struggle with such tasks
due to their limitations in comprehending high-
level human instructions and localizing objects

with an open vocabulary. In this paper, we pro-
pose av A®, a hierarchical framework divided
into two stages: global and local policies. In
global policy, we leverage the reasoning ca-
pabilities of Reasoning-VLM to parse high-
level human instructions and integrate them
with global 3D scene views. This allows us
to reason and navigate to regions most likely
to contain the goal object. In local policy, we
collect a dataset of 1.0M samples of spatial-
aware object affordances to train the NaviAf-
ford model (Pointing-VLM), which provides
robust open-vocabulary object localization and
spatial awareness for precise goal identification
and navigation in complex environments. Ex-
tensive experiments demonstrate that Neay A”
achieves SOTA results in navigation perfor-
mance and can successfully complete long-
horizon navigation tasks across different robot
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embodiments in real-world settings, paving the
way for universal embodied navigation. The
dataset and code will be made available.
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1 Introduction

Embodied navigation (Zheng et al., 2024a; Morad
et al., 2021; Zhang et al., 2026a, 2025d; Hao et al.,
2025b; Zhang et al., 2025b; Tang et al., 2025;
Hao et al., 2025a; Kong et al., 2026; Gong et al.,
2025; Fu et al., 2026; Hao et al., 2026; Liu et al.,
2025a; Zhang et al., 2025c, 2026b) is a founda-
tional capability of embodied intelligence, essen-
tial for robots to perform complex tasks in physical
environments. This capability enables autonomous
agents to navigate and interact within real-world
spaces, forming the basis for more sophisticated
embodied behaviors such as manipulation, explo-
ration, and human-robot collaboration (Zhang et al.,
2025e; Wu et al., 2025b). Despite significant ad-
vancements in this field, existing research primar-
ily focuses on relatively low-level tasks, such as
instruction following and basic object navigation,
which do not fully capture the nuances of human
needs in dynamic environments. Current embodied
navigation methods can be broadly categorized into
two main approaches: vision and language naviga-
tion (VLN) (Hong et al., 2021; Zhang et al., 2025a)
and object navigation (ObjectNav) (Qi et al., 2025;
Gao et al., 2025; Gong et al., 2025). VLN tasks
require agents to follow detailed, step-by-step in-
structions, such as “turn left, go out the door, and
then go straight." While these tasks necessitate pre-
cise spatial understanding, they often rely on overly
specific directives that are seldom provided by hu-
mans in natural settings. Conversely, ObjectNav
tasks aim to locate predefined object categories
(e.g., “find any chair in the scene") and succeed
upon encountering any instance of the target ob-
ject, regardless of the spatial context or specific
requirements.

However, real-world human instructions fre-
quently involve high-level intentions that demand
complex reasoning and spatial perception. For in-
stance, requests like “I want a cup of coffee" or
“I want to eat the fruit on the left side of the tea
room" necessitate not only an understanding of the
underlying targets but also reasoning about the spa-
tial relationships among objects. This highlights a
fundamental gap between current navigation tasks
and real-world needs, which significantly hampers
the development of embodied agents capable of
advanced human-computer interaction.

To address the challenges of long-horizon nav-
igation, we propose NavA”, a novel hierarchical
framework that decomposes this complex problem

into two stages: global policy and local policy.
As shown in Fig. 1, the global policy leverages
the powerful reasoning capabilities of the vision
language model (VLM) (Ji et al., 2025; O’Neill
et al., 2024; Tan et al., 2025; Zhai et al., 2024),
termed Reasoning-VLM, to parse high-level hu-
man instructions. Reasoning-VLM identifies key
objects to locate based on these instructions and
determines the most probable space for the goal
object using an annotated global 3D scene. For
example, when given the instruction “I want a cup
of coffee,” the global policy infers that the coffee
machine is likely located in the pantry, guiding
the agent to this high-probability area. Upon com-
pletion of the global policy, the local policy takes
over, focusing on exploration and precise object
localization within the identified target area. The
VLM, referred to as Pointing-VLM, selects way-
points from the local 3D scene for exploration. At
each waypoint, we perform panoramic perception
and utilize our specially trained NaviAfford model
(an implementation of Pointing-VLM) for accurate
target object identification. If the target object is
detected, we transform its location from the agent’s
perspective to the robot’s coordinate system, en-
abling navigation to the final goal. The NaviAf-
Jord model is trained on a spatial object affordance
dataset comprising 1.0 million sample pairs, facil-
itating spatial-aware object and affordance local-
ization. This allows the model to understand com-
plex spatial relationships, such as “cup by the win-
dow” or “empty space on the left side of the table.”
Extensive experimental evaluations demonstrate
that Vav A” achieves state-of-the-art performance
in long-horizon navigation tasks across large-scale
real-world environments. Additionally, our system
exhibits excellent cross-embodiment capabilities,
making it adaptable to various robot instances and
highlighting its potential for practical applications.
Our contributions are summarized as follows:

* We introduce a challenging and realistic long-
horizon navigation task that requires agents
to comprehend high-level human instructions
and locate open vocabulary objects with com-
plex spatial relationships in intricate indoor
environments.

* We propose yA?, a novel hierarchical
framework leveraging both global and local
policies. This framework enables the under-
standing of diverse high-level instructions,
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navigation across various areas, and the ability
to find any object.

* We have collected a dataset of 1.0 million
samples of spatial-aware object affordances to
train the NaviAfford model, enabling it to ef-
fectively understand complex spatial relation-
ships and perform accurate object pointing.

» Extensive experiments demonstrate that our
approach achieves SOTA navigation perfor-
mance compared to existing methods, paving
the way for development of general embodied
navigation systems in real-world scenarios.

2 Related Work

Embodied Navigation Embodied navigation re-
search encompasses two paradigms: visual-
language navigation (VLN) and object-target nav-
igation (ObjectNav)(Zhang et al., 2024c; Gong
et al., 2025). In VLN, systems like NavGPT(Zhou
et al., 2024) use GPT-40 (Hurst et al., 2024)
for action generation, while DiscussNav (Long
et al.,, 2024) reduces human involvement. In-
structNav (Long et al., 2025) breaks naviga-
tion into subtasks, and Nav-CoT (Lin et al.,
2025) employs chain-of-thought reasoning. Map-
Nav (Zhang et al., 2025a) improves memory with
spatial representations, and NaVid (Zhang et al.,
2024b) maintains temporal context. For Ob-
jectNav, PirlNav (Ramrakhya et al., 2023) and
XGX (Wasserman et al., 2024) mimic human
demonstrations, while L3AMVN (Yu et al., 2023)
and Uni-NaVid (Zhang et al., 2024a) create seman-
tic maps or utilize VLMs. However, these methods
primarily focus on detailed instructions, struggling
with high-level commands and spatial-aware local-
ization of open-vocabulary objects, limiting their
long-horizon navigation effectiveness.

Spatial Reasoning with VLMs Spatial reason-
ing is crucial for robots interacting with the phys-
ical world (Beyer et al., 2024; Liu et al., 2024;
Doveh et al., 2024). Researchers have developed
methods to enhance the spatial understanding of
VLMs by extracting spatial information from im-
ages. For example, Spatial VLM (Chen et al.,
2024) converts images into object-centered point
clouds, and SpatialRGPT (Cheng et al., 2024) im-
proves reasoning using spatial scene graphs. Robo-
Point (Yuan et al., 2025) offers a synthetic dataset
for accurate predictions, while SpatialBot (Cai

et al., 2024) utilizes RGB-D data for spatial un-
derstanding. Recent advancements like Spatial-
CoT (Liu et al., 2025b) and VILASR (Wu et al.,
2025a) optimize reasoning processes. However,
these methods still struggle with open-vocabulary
object pointing and long-horizon navigation, which
are vital for practical applications.

3 Methodology

As shown in Fig. 2, our NavA® framework em-
ploys a hierarchical global-to-local approach that
integrates semantic reasoning with spatial localiza-
tion for long-view navigation tasks. The global pol-
icy utilizes Reasoning-VLM to interpret high-level
instructions (e.g., “I want a cup of coffee”), infer-
ring the target object (coffee machine) and likely
room (e.g., tea room, kitchen). Upon reaching this
room, the local policy employs our NaviAfford
model (Pointing-VLM) to analyze panoramic RGB
observations and the local map at each waypoint. It
checks for the target object; if found, it points to its
location, and if not, it predicts the next waypoint
or consults Reasoning-VLM to continue exploring
until the target is located.

3.1 Preliminaries

Problem Definition We define the long-horizon
embodied navigation task as follows: given a high-
level instruction I (e.g., I want coffee” or Help me
hang the clothes on the balcony’), the agent must
navigate a large indoor environment E' to locate
and reach a target object O that meets the semantic
and spatial requirements of /. The agent begins at
an arbitrary position pg and has access to RGB-D
observations o, and a global 3D scene represen-
tation S. Unlike traditional ObjectNav tasks that
terminate upon finding any object category, our
task requires multi-step reasoning to identify spe-
cific target objects from instructions (e.g., inferring
coffee machine” from I want coffee”), determining
likely spatial locations (e.g., kitchen), and navigat-
ing to the precise instance that meets the contex-
tual requirements. Success is defined as the agent
reaching within 1 meter of the target object O while
maintaining line of sight, demonstrating accurate
semantic understanding and spatial navigation in
complex environments.

3D Scenes Construction To enable effective
navigation in real-world environments, we con-
struct a hierarchical 3D scene representation using
a straightforward reconstruction pipeline, as illus-
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Figure 2: Overview of the Vav A” Framework. Our hierarchical approach has two stages: the global policy uses
Reasoning-VLM to interpret high-level instructions and identify target areas in the 3D scene. The local policy then
uses Pointing-VLM to search for the goal object at each waypoint. If not found, it predicts the next waypoint; if
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Figure 3: Construction Process of 3D Scenes. We reconstruct 3D scenes from RGB scan images using 2D-
to-3D reconstruction techniques. These scenes are then transformed into annotated top-down views, which are
subsequently processed by Vision-Language Models (VLMs) for navigation planning. This approach enhances the
accuracy and efficiency of navigation tasks.

<

trated in Fig. 3. Our process begins with a sequence ~ room”, “conference room”, “balcony”, et al. This
of RGB images captured from multiple viewpoints, allows VLM to effectively understand spatial se-
which are processed through a 2D-to-3D recon- mantics and reason about object locations. The
struction pipeline. Using a mobile device equipped  annotated global scene is represented as:

with a LiDAR sensor, we generate a dense point M
’ S, ={R;,A;}:, 2
cloud represented by: gtobal = {75, 4, }] =1 @
where R; represents the geometric region and A;
P = {pi|pi € R*}Y |, (1)  the corresponding semantic annotation. For the

local strategy, we use the top-down map Mjycal

where each point p; represents a 3D coordinate in  directly, without annotations.
the scene. The reconstruction employs a feature
point matching algorithm to establish correspon- ~ 3-2 Global Policy
dences between consecutive frames, followed by = The global policy utilizes the advanced reason-
mesh reconstruction to generate coherent 3D geom-  ing capabilities of the vision language model
etry. A 3D scanner application is used to streamline  (Reasoning-VLM) to bridge the semantic gap be-
this process and ensure high-quality results. tween high-level human instructions and navigation

The reconstructed 3D scene is converted into a  goals. As shown in Fig. 2, given human instructions
top-down view for global and local policies. For I and an annotated global 3D scene Sgjobal, We treat
global policy, we use MapNav’s (Zhang et al., the global reasoning task as a multimodal problem
2025a) annotation method to provide room- and  where Reasoning-VLM performs both semantic
region-level semantic annotations, such as “tea  object reasoning and spatial location prediction.
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To support systematic reasoning, we designed
a structured prompt template to effectively guide
Reasoning-VLM:
“You need to complete the human
instruction: I. Now given this
top-down scene view Sgp and
several optional regions, please
think about what object you should
find to complete the instruction
and where you should look for this
object. Please show your thinking
process and give your answer at the
end.”

\. J

The Reasoning-VLM processes textual instruc-
tions and the visual representation of the annotated
global scene to enable hierarchical reasoning. It
first infers the target object O* needed to fulfill
the instruction through semantic decomposition:
O* = fsemantic(I). The model then analyzes spa-
tial semantic relations to identify the target region
R*, where the object is most likely located, de-
fined by R* = argmaxp;es,p P(O*[R;, Aj),
with P(O*|Rj, A;) representing the conditional
probability of finding O* with annotation A; in
region IY;.

After identifying the target region R*, we ran-
domly sample a waypoint w € R* within its local
boundary and use Pointing-VLM to guide the agent.
This strategy promotes robust exploration while ef-
fectively narrowing the search space to relevant
subregions where the target object is likely located,
enhancing the efficiency of the search process.

3.3 Local Policy

NaviAfford Model To achieve precise spatial
object localization, we developed NaviAfford
(Pointing-VLM), as shown in Fig. 4. During train-
ing, we curated a dataset of approximately S0K
images and 1.0M QA pairs from the LVIS (Gupta
et al., 2019) and Where2Place datasets (Yuan et al.,
2025). We converted instance segmentation masks
into an object detection format with bounding box
coordinates (1, y1, T2, y2) and sampled 5-8 repre-
sentative points within each box to enhance spatial
granularity and improve localization accuracy, sup-
porting Reasoning-VLM’s capabilities.

Our dataset construction systematically gener-
ates two types of affordance annotations for com-
prehensive spatial understanding. For object af-
fordance, we compute directional relations (up,

down, left, right, et al.) to identify target objects
in specific contexts. For example, given the query
“find the TV in front of the sofa,” we determine the
goal object and its spatial relationship to reference
objects. For spatial affordance, we identify free
spaces that satisfy these constraints, enabling the
model to understand available areas for navigation
and placement. This dual-affordance approach cre-
ates training samples that capture complex spatial
relations necessary for real-world navigation.

The NaviAfford model architecture follows a
vision-language framework, processing the input
question () and RGB image V' through separate to-
kenizer and visual encoder paths. The architecture
is expressed as:

MOdel(Qy V) = fLLM(ftext(Q)v fproj(fvision(v)))v

3)
where fiext processes the text query, fyision €ncodes
the visual input, and f},;oj maps visual features to
the LLM embedding space. The function fipm
generates text point coordinates. The training ob-
jective uses supervised fine-tuning (SFT) with the
loss function:

N
ﬁ:—ZlOgP(ti|t<iaQaV)7 “)
i=1

where ¢; represents the ¢-th token containing point
coordinates in the target text sequence. In the local
policy of NaviAfford, we input the self-centered
RGB view and the target object query based on
spatial relationships, deploying the model in real-
world environments with zero samples. The model
outputs accurate point coordinates, with specific
usage detailed in the local policy.

Navigation Process In the local policy, our sys-
tem employs a fine-grained object localization and
navigation strategy based on systematic waypoint
exploration. As shown in Fig. 2, the agent captures
panoramic RGB views at each waypoint via rota-
tional scanning. The NaviAfford model processes
these views to detect and accurately localize the
target object. Upon detection, the model outputs
multiple point coordinates, and we select the center
point by averaging for robust localization.

To convert pixel coordinates to robot coordinates,
we use the camera intrinsic function:

X (u—fczz)-d
Y| = (v*nyy)-d , (5)
Z d

872



Questions and images in training phase

Locate the chairs in this image.
Locate the tv
Locate the free space on the table

Tokenizer

NaviAfford Model
v
Points: (x1,41), (x2,U2), (x3,y3)--

““" -

Vision Encoder

NaviAfford in navigation process

Locate the plant

\4
NaviAfford Model

Figure 4: NaviAfford Model Training and Deployment Process. The NaviAfford model learns object and spatial
affordances from various indoor scenes to output precise point coordinates. During navigation, it performs real-time
object localization and generates target points, which the local policy converts into robot coordinates for effective

navigation to goal objects.

where f, and f, are the focal lengths, ¢, and ¢,
are the principal points, and d is the depth at pixel
(u,v). This ensures effective navigation to the tar-
get object.
Next, we transform camera coordinates to robot
coordinates using rotation and translation:
|\
(6)

—sind
cos 0,

cos 0,
sin 6,

Ty
Yr

Trobot
Yrobot

-t )|
Yworld

where (2, yr, 6,) is the robot’s world pose, and
(Zrobots Yrobot) are derived from camera coordi-
nates: ZTyobot = Zeams Yrobot = — X cam-

If the goal object is not detected, the sys-
tem follows a two-stage decision process. First,
Reasoning-VLM analyzes the local 3D scene and
historical exploration data to decide whether to con-
tinue exploring the current area or transition to a
new one. If it opts to continue, the NaviAfford
model identifies the next best exploration point.
Otherwise, it selects the most promising room or
space to explore based on previous searches, facili-
tating efficient transitions.

4 Experiments

4.1 Experimental Details

Evaluation Benchmark To evaluate long-horizon
navigation, we established a benchmark with five
scenes: Meeting Room A, Meeting Room B, Tea
Room, Workstation, and Balcony, totaling 50 tasks
(10 per scene). Each task underwent 10 rollouts to
minimize randomness, with human experts defin-
ing high-level instructions and unique goal objects.
Tasks were tested five times under different starting
conditions for reliability. The agent interacted with
the environment using egocentric RGB-D percep-

tion and waypoint selection. For Pointing-VLM
evaluation, we used 1,000 images not included in
the training set.

Evaluation Metrics We use two metrics in em-
bodied navigation: Navigation Error (NE) and Suc-
cess Rate (SR). NE measures the distance (in me-
ters) from the agent’s final position to the target,
with lower values indicating better performance.
SR reflects the percentage of successful naviga-
tion events within 1 meter of the target, computed
over 50 trials and reported as average SR (Avg.
SR). For Pointing-VLM evaluation, we measure
accuracy (Acc) as the ratio of correctly predicted
points within the ground truth mask to total pre-
dicted points.

Implementation Details For Reasoning-VLM,
we utilize GPT-4o0 to interpret high-level instruc-
tions and make spatial decisions. The Pointing-
VLM uses the NaviAfford model, trained on
the 1.0M Spatial Perception Object Affordances
dataset, initialized with pre-trained Qwen2.5-VL-
7B weights and fine-tuned as described in (Zheng
et al., 2024b). Experiments are conducted on four
H100 GPUs with AdamW as the optimizer, a learn-
ing rate of 1075 for one epoch, a batch size of 4
per GPU, and gradient accumulation set to 2 steps
for an effective batch size of 32. To validate cross-
embodiment capability, we deploy the system on
both the RealMan wheeled robot and the Unitree
Go2 quadruped robot, each equipped with Intel
RealSense D435i cameras for RGB-D perception.

Baseline Models Existing navigation methods
often face challenges with long-horizon tasks that
involve high-level instructions. To ensure fair com-
parisons, we refine their task formulations for clar-
ity: “Complete the following: I want to drink cof-
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Table 1: Navigation Performance Comparison with SOTA methods. * denotes that we modify the method to

allow it to complete our task. Our

y A7 outperforms all the SOTA methods on the navigation performance.

Category | Methods ‘ Meeting Room A ‘ Meeting Room B Tea Room Workstation Balcony Avg, SR
NE/ SRt NE/ SRt NE, SRt | NE| SRt | NE| SRt

GPT-40 (Hurst et al., 2024) 1245  20% 1378  0.0% | 1412 2.0% | 11.89 4.0% | 1045 2.0% 2.0%
35::: Claude-3.5-Sonnet (Anthropic, 2024) 11.18  6.0% 1256  0.0% | 13.94 2.0% | 10.67 4.0% | 1131 2.0% 2.8%
Qwen-VL-Max (Bai et al., 2025) 1367 00% 1501  0.0% | 1645 00% | 1412 20% | 1289 0.0% 0.4%
Janus-Pro-7B (Chen et al., 2025) 1642  00% 1789  0.0% | 1823 0.0% | 1598 0.0% | 1654 0.0% 0.0%
S)ier';e Qwen2.5-VL-7B (Bai et al., 2025) 1898  0.0% 1934 00% |2078 0.0% | 1745 00% | 18.12 0.0% 0.0%
LLaVA-Next-7B (Li et al., 2024) 1798  0.0% 1834  0.0% |1978 0.0% | 1645 0.0% |17.12 0.0% 0.0%
NaVid* (Zhang et al., 2024b) 8.14  180% 931  120% | 1052 10.0% | 7.89 16.0% | 876 18.0% | 14.8%
Navigation- NaVILA* (Cheng et al., 2025) 793 200% 867 160% | 984 12.0% | 745 18.0% | 822 16.0% | 16.4%
specific N fapNav* (Zhang et al., 2025a) 721 260% 794  240% | 9.2 260% | 678 28.0% | 745 22.0% | 252%
vA” (Ours) 123 720% 145 64.0% | 1.89 60.0% | 1.56 76.0% | 134 60.0% | 66.4%

Table 2: Ablation Study on Annotation Components.

. ) Tea Room Workstation
Annotation Variants Avg. SRT
NE| SRt | NE| SRt
vA? w/o Map 413 32.0% | 5.88 40.0% 36.0%
vA? w/o Annotation 332 36.0% | 2.78 44.0% 40.0%
vA”? w/o Room-level Annotation | 3.21  36.0% | 3.01 40.0% 38.0%
vA” w/ Full Annotation (Ours) | 1.89 60.0% | 1.56 76.0%  68.0%

fee. Find the target object and stop near it.” We
provide baseline models with top-down global 3D
scene information and evaluate three model types:
(1) closed-source general VLLMs, including GPT-
40 (Hurst et al., 2024), Claude-3.5-Sonnet (An-
thropic, 2024), and Qwen-VL-Max (Bai et al.,
2025); (2) open-source general-purpose VLMs like
Janus-Pro-7B (Chen et al., 2025), Qwen2.5-VL-
7B (Bai et al., 2025), and LLaVA-Next-7B (Li et al.,
2024); and (3) navigation-specific methods, such
as NaVid (Zhang et al., 2024b), NaVILA (Cheng
et al., 2025), and MapNav (Zhang et al., 2025a),
which require adaptation for long-horizon naviga-
tion tasks.

4.2 Comparisons with SOTA Methods

As shown in Tab.1, Nav A’ significantly outper-
forms existing state-of-the-art methods across all
evaluation scenarios, achieving a 41.2 percentage
point increase in success rate (SR) with an av-
erage of 66.4%, compared to the best baseline,
MapNav(Zhang et al., 2025a), at 25.2%. Specifi-
cally, Nav A improves SR by 46.0% in Conference
Room A (72.0% vs. 26.0%), 40.0% in Confer-
ence Room B (64.0% vs. 24.0%), 34.0% in Tea
Room (60.0% vs. 26.0%), 48.0% in Workstation
(76.0% vs. 28.0%), and 38.0% in Balcony (60.0%
vs. 22.0%). It also significantly reduces navigation
error (NE) in all scenarios: by 5.98m (1.23m vs.
7.21m) in Conference Room A, 6.49m (1.45m vs.
7.94m) in Conference Room B, 7.23m (1.89m vs.
9.12m) in Tea Room, 5.22m (1.56m vs. 6.78m) in

Table 3: Ablation Study on Different Reasoning-
VLMs.

‘ Tea Room ‘Workstation ‘

Reasoning-VLMs Avg. SRT
[NE| sRt [NEL SR |
Open-source
17 w/ Qwen2.5-VL-72B (Bai et al., 2025) 2.67 52.0% | 2.23  66.0% 59.0%
vA” w/ Qwen2.5-VL-7B (Bai et al., 2025) 312 38.0% | 289 42.0% 40.0%
{7 w/ Janus-Pro-7B (Chen et al., 2025) 378 30.0% | 3.56 34.0% 32.0%
17 w/ LLaVA-NeXT-7B (Li et al., 2024) 345 340% | 323 38.0% 36.0%
Closed-source
" w/ Claude-3.5-Sonnet (Anthropic, 2024) | 2.01 58.0% | 1.68 72.0% 65.0%
1" w/ Qwen-VL-Max (Bai et al., 2025) 234 54.0% ‘ 2,12 68.0% ‘ 61.0%
vA” w/ GPT-40 (Hurst et al., 2024) (Ours) 1.89 60.0% 1.56 76.0%  68.0%

Workstation, and 6.11m (1.34m vs. 7.45m) in Bal-
cony. While general-purpose VLMs (both closed-
source and open-source) often achieve near-zero
success rates in this challenging long-horizon nav-
igation task, our hierarchical approach effectively
bridges the gap between high-level command un-
derstanding and accurate spatial navigation.

4.3 Ablation Study

Effect of Annotation To evaluate our annotation
strategy, we conducted ablation studies in the tea
room and workstation. Results in Tab. 2 demon-
strate the importance of semantic annotation in
long-horizon navigation. Compared to the Nay A*
w/o map, NavA® w/ full annotation (ours) shows
a 28.0% improvement in tea room (60.0% vs.
32.0%) and a 36.0% improvement in the work-
station (76.0% vs. 40.0%), resulting in an average
SR improvement of 32.0% (68.0% vs. 36.0%).
When compared to Nav A~ w/o annotation, we see
a 24.0% improvement in the tea room (60.0% vs.
36.0%) and a 32.0% improvement in the work-
station (76.0% vs. 44.0%), leading to an average
enhancement of 28.0%. Against Nav A® w/o room-
level annotation, our strategy yields a 24.0% im-
provement in the tea room (60.0% vs. 36.0%) and a
36.0% improvement in the workstation (76.0% vs.
40.0%), with an average enhancement of 30.0%.
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Figure 5: Qualitative analysis on NaviAfford and
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Table 4: Ablation Study on Different Pointing-VLMs.

Pointing-VLMs [ Params | Obj. Aff:] Spa. AfLf [ Av. Acc? | Nav. SR

Closed-source

VA" Wi GPT-4o (Hurst et al., 2024) - 213% 25.1% | 232% | 320%
VA% Wi Claude-3.5-Sonnet (Anthropic, 2024) | - 20.1% 28% | 215% | 280%
v w/ Qwen-VL-Max (Bai et al., 2025) - 18.8% 21.5% 20.2% 20.0%
Open-source
v w/ Qwen2.5-VL (Bai et al., 2025) 72B 15.2% 18.7% 17.0% 16.0%
VA® Wi Qwen2.5-VL (Bai et al., 2025) 7B 62% 153% 108% | 12.0%
v.A" w/ Janus-Pro (Chen et al., 2025) 7B 2.8% 3.1% 2.95% 6.0%
vA" w/ LLaVA-NeXT (Li et al., 2024) 7B 3.1% 0.8% 2.0% 4.0%
Specific
v w/ RoboPoint (Yuan et al., 2025) 13B ‘ 55.9% 44.5% 50.2% 57.5%
VA" wi NaviAfford (Ours) 7B 08%  556% ‘ 63.2% ‘ 68.0%

These findings confirm that detailed semantic anno-
tations improve Reasoning-VLMs’ understanding
of spatial relationships.

Effect of Reasoning-VLMs To evaluate the im-
pact of different Reasoning-VLM models on navi-
gation performance, we conducted ablation studies
in the tea room and workstation scenarios. Results
in Tab. 3 reveal significant differences among VLM
architectures. Our GPT-40 (Hurst et al., 2024)-
based Reasoning-VLM achieves the highest suc-
cess rate (SR) of 68.0%. Closed-source models like
Claude-3.5-Sonnet (Anthropic, 2024) and Qwen-
VL-Max (Bai et al., 2025) show decreases of 3.0%
(65.0%) and 7.0% (61.0%), respectively. Open-
source models, such as Qwen2.5-VL-72B (Bai
et al., 2025), drop by 9.0% (59.0%). Smaller
7B models, including Qwen2.5-VL-7B (Bai et al.,
2025), Janus-Pro-7B (Chen et al., 2025), and
LLaVA-NeXT-7B (Li et al., 2024), exhibit declines
of 28.0%, 32.0%, and 36.0%, respectively. These
findings underscore the importance of reasoning
capabilities in complex spatial tasks.

Effect of Pointing-VLMs To evaluate the ef-
fectiveness of different Pointing-VLMs for object
localization, we compare NaviAfford with base-

y A” in real-world environments and its cross-embodiment deployment capabilities.

line methods. Results in Tab.4 demonstrate Navi-
Afford’s superior performance on the affordance
understanding benchmark, achieving a 13.0% im-
provement in average affordance accuracy over
the previous state-of-the-art RoboPoint(Yuan et al.,
2025) (70.8% vs. 55.9%). This strong affordance
understanding translates to enhanced navigation
performance, with NaviAfford showing a 10.5% in-
crease in success rate (SR) over RoboPoint (68.0%
vs. 57.5%), a 36.0% improvement over GPT-
40 (Hurst et al., 2024) (68.0% vs. 32.0%), and
a 52.0% boost over the best open-source model,
Qwen2.5-VL-72B (Bai et al., 2025) (68.0% vs.
16.0%). These results indicate that our spatial affor-
dance training effectively bridges accurate object
localization and practical navigation execution.

4.4 Qualitative Analysis

We qualitatively evaluate NVav A”’s capabilities in
affordance understanding, navigation, and cross-
embodiment deployment, as shown in Fig. 5. Affor-
dance visualizations demonstrate spatial awareness,
accurately identifying references like “the sofa to
the left of the laptop” and localizing objects in clut-
tered environments. Long-horizon navigation visu-
alizations illustrate a systematic approach, tracing
reasoning from instruction parsing (e.g., “I want
coffee”) to goal achievement in multi-room settings.
Cross-embodiment experiments highlight versa-
tility, with consistent performance on quadruped
robots in tasks like “walk to the fruit on the right.”
These findings confirm our approach’s adaptability
across various robotic platforms.
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5 Conclusion

This paper introduces Nav A”, a hierarchical frame-
work that connects embodied navigation with hu-
man needs, enabling robots to interpret high-level
instructions and navigate complex environments.
It features a two-stage approach: a global policy
with Reasoning-VLM for instruction parsing and a
local strategy using the NaviAfford model for ob-
ject localization. Experiments show NavA” outper-
forms state-of-the-art methods in complex spatial
relations and open-vocabulary pointing. Its deploy-
ment on wheeled and quadruped robots demon-
strates versatility. Future work will enhance adapt-
ability in dynamic environments and integrate ad-
ditional sensory inputs.

Limitations

While our Nav A” framework demonstrates impres-
sive performance on long-view navigation tasks,
several limitations must be acknowledged. First,
our system relies on precise depth information from
RGB-D sensors for accurate object localization
and coordinate transformation. Depth estimation
may be less reliable in environments with reflective
surfaces, transparent objects, or poor lighting con-
ditions, potentially impacting navigation accuracy.
Second, the current framework requires a two-stage
hierarchical design with independent global and
local policies, rather than an end-to-end action pre-
diction model. While interpretable and effective,
this modular approach may introduce latency be-
tween high-level reasoning and low-level control
and could be simplified in future work through uni-
fied action generation. Future work could explore
more robust depth estimation techniques, end-to-
end learning methods, and adaptive mechanisms
for handling dynamic environments.
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