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Abstract

Understanding how movable objects affect navigability is critical for embodied agents operating in
realistic environments. This study proposes a learning-based approach to infer traversable scene
structures under object mobility constraints. A neural graph encoder is trained to predict passability
relations between spatial regions conditioned on object states, using RGB-D observations and
interaction feedback. The model is trained on 15,000 simulated navigation trajectories generated in
rearranged indoor scenes. Quantitative evaluation shows that the learned scene structure reduces
navigation failure due to blocked paths by 28.4% and improves average navigation efficiency by
16.7% compared with static scene graph representations.
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1. Introduction

Embodied navigation has advanced substantially in recent years, driven by progress in visual
perception models, large-scale simulation platforms, and improved training strategies for long-
horizon decision making in indoor environments [1]. Modern navigation agents achieve notable
gains in localization accuracy, exploration efficiency, and goal-directed planning compared with
earlier reactive or map-free baselines, particularly when trained and evaluated on visually diverse,
standardized benchmarks [2]. These improvements demonstrate the effectiveness of learning-based
approaches for spatial reasoning and control under partial observability. However, despite steady
progress on benchmark tasks, a persistent gap remains between typical evaluation settings and the
complexity of real-world indoor environments. In practical settings such as homes, offices, hospitals,
and warehouses, navigation conditions change frequently due to human activity and object
movement. Doors may be opened or closed, chairs and carts may be repositioned, and temporary
obstacles may appear in narrow corridors or at junctions. Under such conditions, whether a path is
passable depends not only on static geometry but also on the current configuration and state of
movable objects [3,4]. Recent work has begun to acknowledge this challenge by introducing
hierarchical 3D scene representations that explicitly reason about traversability in the presence of
movable obstacles, showing that navigation performance degrades sharply when object-induced
constraints are not modeled [5]. These findings highlight that reliable indoor navigation requires
reasoning beyond static layouts, toward representations that capture how object states condition
feasible transitions between regions.

To address partial observability and long-horizon planning, many studies have focused on
learning structured representations of indoor scenes. Hierarchical models, spatial memory systems,
and map-based architectures construct intermediate representations that summarize explored
regions and support planning over extended time horizons [6]. Among these, scene graphs have
emerged as a common abstraction because they encode spatial layout together with semantic entities
and their relations, enabling compact reasoning over rooms, objects, and connectivity [7]. Recent
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approaches use scene graphs either as explicit belief states or as auxiliary supervision, linking
egocentric observations to structured nodes and edges to improve stability, generalization, and data
efficiency [8,9]. Extensions to open-vocabulary and open-world navigation further enrich these
representations by allowing flexible schemas that support reasoning over unseen categories and tasks
[10]. Collectively, these works demonstrate that structured scene representations can reduce
navigation errors caused by ambiguity, occlusion, and limited exploration [11].Despite these
advances, most existing representations implicitly assume that traversability is a fixed property of
space or can be approximated through repeated replanning over a static or slowly changing map.
This assumption is often violated in indoor environments where movable objects temporarily block
or open passages, particularly in narrow or high-traffic areas [12]. In many scene graph formulations,
connectivity is defined using geometric proximity or visibility, which does not directly encode
whether a transition remains feasible when an object obstructs a passage. Even when dynamic
replanning is employed, failures often arise because the underlying representation does not explicitly
model how object states alter passability relations between regions.Related research in embodied
rearrangement and mobile manipulation further illustrates the tight coupling between navigation
and object interaction [13,14]. These systems show that agents must adapt to layout changes
introduced by object movement and, in some cases, actively manipulate objects to reach goals.
However, most rearrangement-focused approaches emphasize task completion or object placement
accuracy rather than learning a reusable representation of navigability that conditions on object states
and can generalize across navigation tasks. As a result, the learned policies are often tied to specific
action sequences or task distributions, rather than providing an explicit, transferable description of
passable structure under dynamic conditions. Limitations in data and supervision further constrain
existing navigation models. Many datasets emphasize static scenes or include only limited variability
in object placement, reducing exposure to blocked-path failures during training [15]. When scene
changes are introduced, they are often treated as episode-level randomness rather than as structured,
labeled changes in passability relations. Consequently, agents may overfit to default layouts or adopt
conservative behaviors that avoid cluttered regions, even when those regions are in fact traversable.
Memory-based models can track changes over time, but they are typically designed for object
localization or relational prediction rather than for estimating conditional traversability between
spatial regions [16]. Evaluation scale and scenario coverage also remain limited. Although recent
simulators increase visual diversity and scene count, many benchmarks still involve a narrow range
of object categories or rearrangement patterns, making it difficult to assess robustness under rare but
critical failures, such as a single movable object blocking a key junction [17]. Emerging embodied Al
benchmarks increasingly emphasize interaction and dynamic environments, yet consistently report
sharp performance degradation when object-induced constraints are not explicitly represented [18].
These observations suggest that progress in embodied navigation will depend on learning
representations that treat traversability as a relational, state-dependent property rather than a static
attribute of space.

In this study, we address these challenges by learning traversable scene structures under
movable object constraints. We model passability as a conditional relation between spatial regions
that depends on the current configuration of movable objects, rather than assuming fixed connectivity.
A neural graph encoder is trained to predict region-level passability using RGB-D observations
together with interaction feedback that reflects whether attempted transitions succeed or fail. This
interaction-driven supervision enables the model to separate stable structural cues from state-
dependent constraints introduced by object movement. As a result, the learned representation allows
an agent to anticipate blocked routes, reason about alternative paths, and select actions that remain
feasible at execution time. We evaluate the proposed approach using a large set of simulated
trajectories in rearranged indoor environments with diverse object configurations. Compared with
static scene graph representations, our method significantly reduces navigation failures caused by
unexpected obstructions and improves path efficiency under dynamic conditions. By explicitly
modeling conditional traversability, this work provides a reusable scene-level abstraction that
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complements policy learning, supports robust decision making under partial observability, and
moves embodied navigation closer to the requirements of real-world indoor environments.

2. Materials and Methods

2.1. Samples and Study Environment

Experiments were carried out in simulated indoor environments that represent common
residential and office settings. A total of 15,000 navigation trajectories were collected from 120 distinct
scenes, including apartments, offices, corridors, and mixed indoor layouts. Each scene contained
movable objects such as chairs, tables, carts, and doors that could change position during an episode.
For each trajectory, the agent’s starting pose, target location, and object configuration were randomly
assigned. This sampling strategy ensured coverage of different layouts and object-induced changes
in passability. RGB-D observations were recorded at every step using a fixed camera height and field
of view. Spatial regions were defined by dividing the explored free space into connected cells based
on geometric adjacency and line-of-sight constraints.

2.2. Experimental Design and Control Settings

The proposed method was evaluated against two baseline configurations. In the experimental
setting, the model learned passability relations between spatial regions while accounting for object
states. The first control setting used a static scene graph derived from the initial free-space geometry
and assumed fixed connectivity throughout navigation. The second control setting applied online
replanning on the same static graph without learning object-dependent relations. All methods used
the same perception module, action space, and navigation policy. This design isolated the effect of
scene structure modeling. Evaluation was conducted on unseen scenes with novel object
rearrangements to test generalization beyond the training conditions.

2.3. Measurement Procedures and Quality Control

Passability between two regions was determined through interaction outcomes. A transition was
marked as passable if the agent moved between regions without collision or deadlock. Otherwise, it
was labeled as non-passable. Navigation performance was measured using success rate, failure rate
caused by blocked paths, and average navigation efficiency. Efficiency was defined as the ratio
between the shortest feasible path and the executed path. Each navigation task was repeated five
times with different random seeds, and results were averaged to reduce variance. Simulation
parameters, including sensor noise and depth resolution, were kept constant across all experiments.
Training, validation, and test sets were strictly separated to avoid data leakage.

2.4. Data Processing and Model Formulation

RGB-D inputs were converted into region-level feature vectors using a shared visual encoder.
These features formed a graph in which nodes represented spatial regions and edges represented
possible transitions. For each edge, the model predicted a passability probability conditioned on the
current object configuration. Model training minimized a binary cross-entropy loss between
predicted passability and observed outcomes,

N
1

where p. is the predicted probability and y. denotes the observed label. Navigation efficiency was

computed as

E= Lshortest

7
Lexec:uted
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where Lgyorest is the length of the shortest feasible path under the current object configuration, and
Lexecuted is the path length taken by the agent.

2.5. Training Procedure and Implementation

Training was performed using mini-batch optimization with a fixed learning rate and weight
decay to control overfitting. Trajectories were shuffled at each epoch. Early stopping was applied
based on validation loss. The graph encoder was trained from random initialization, while the visual
encoder was shared across all experimental settings. During training, object positions were
continuously varied to expose the model to both blocked and unblocked transitions. All experiments
were conducted under identical hardware and software conditions to ensure consistency.
Hyperparameters were selected using the validation set and kept unchanged during testing.

3. Results and Discussion

3.1. Navigation Performance Under Object-Related Layout Changes

The proposed traversable scene structure improved navigation reliability in indoor
environments where object movement altered route feasibility. Compared with a static scene-graph
representation, the method reduced failures caused by blocked transitions by 28.4% and increased
average navigation efficiency by 16.7%. These results show that a large fraction of navigation errors
originates from incorrect assumptions about passability rather than from perception noise alone.
When passability is modeled as a function of object state, transitions that become blocked are less
likely to be selected during planning [19]. Similar observations have been reported in object-aware
navigation studies, where explicit structural reasoning improves robustness in cluttered indoor
layouts (Figure 1).

| Visual perception |

, Topological semantic
maps
Semantic-geometric | In
| fefltuujt::.extractmn Object-based

heuristic graph
searching

>
h 4

Shortest global path

Magnetic

declinati i
eclination . Object

d guidance
Robot-centric relative n h 4
topological association Segmented path

_ Bernstein

o0—eo—o

oO—eo—»o
polynomials !

A

Global segmented
smoothing path

Figure 1. Learned scene structure for navigation, in which passability between regions is predicted based on the

current state of movable objects.
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3.2. Comparison with Static Graphs and Replanning-Based Baselines

Replanning over a fixed connectivity graph reduced minor detours but did not prevent repeated
failures near narrow passages and doorways. This limitation is inherent to static representations. If
an edge is assumed to be feasible, replanning cannot correct that assumption when the underlying
connectivity does not change. In contrast, the proposed method updated region-to-region feasibility
using predictions conditioned on object configuration and interaction outcomes. This reduced
repeated collision attempts and shortened backtracking segments [20,21]. The difference was most
evident at corridor junctions and doorway regions, where early route choice has a strong effect on
total path length (Figure 2).
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Figure 2. Comparison of navigation results showing fewer blocked-path failures and higher efficiency when

using state-dependent passability instead of fixed connectivity.

3.3. Sources of Efficiency Improvement

The improvement in navigation efficiency was mainly due to fewer late-stage reversals. In
dynamic scenes, static graphs often guide the agent along a geometrically short route that becomes
blocked near the end of the trajectory [22]. This forces the agent to backtrack after substantial progress
has already been made. By contrast, conditional passability discouraged early commitment to
transitions with a high risk of obstruction. As a result, the agent followed more stable routes and
showed fewer oscillations between neighboring regions. This behavior also reduced the variance of
episode length across test scenes, especially in layouts with frequent object rearrangement.

3.4. Implications and Remaining Limitations

These results indicate that assuming fixed connectivity is often unsuitable for indoor navigation
in environments shaped by everyday object movement. Learning a conditional traversability
structure provides a reusable planning component that complements policy learning by making
current feasibility explicit. However, limitations remain. Rare object configurations that are poorly
represented during training can still lead to uncertain feasibility estimates. In addition, sudden object
motion may temporarily invalidate predictions until new interaction feedback is obtained [23].
Future work should increase object diversity and examine calibration, assessing whether predicted
passability matches observed success rates under unseen rearrangement patterns.
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4. Conclusion

This study examined how movable objects affect navigation in indoor environments and
proposed a learning-based method to represent traversability as a state-dependent scene structure.
The model predicts passability between spatial regions using object configuration and interaction
feedback. Experiments showed that this representation reduced navigation failures caused by
blocked paths and improved route efficiency compared with static connectivity. These results
indicate that many navigation errors arise from incorrect assumptions about feasibility rather than
from sensing limits alone. From a methodological view, the study treats traversability as a relational
property that changes with object state, which links navigation and interaction at the representation
level instead of within the policy. The learned structure can be reused as a planning component for
embodied agents operating in cluttered indoor spaces such as homes and offices. However, the
method depends on sufficient coverage of object configurations during training, and uncommon or
fast-changing layouts may still reduce prediction reliability. Future work should expand object
diversity, improve calibration under unseen rearrangements, and support online updates to better
handle sudden environmental changes.
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