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Abstract 

To enable robust navigation among interactive objects, this study presents a hierarchical graph-based 
planning framework that incorporates object awareness into both global route selection and local 
motion planning. The global planner operates on a region connectivity graph, while the local planner 
leverages an interaction-aware object graph encoding pushable and passable objects. The two levels 
are coordinated through a cross-scale message-passing mechanism. Experiments are conducted on 
Gibson and AI2-THOR benchmarks with over 6,000 task episodes involving object manipulation 
during navigation. The proposed method achieves a 19.1% improvement in task completion rate and 
shortens planning time by 13.5% relative to non-hierarchical graph planners, highlighting the benefit 
of explicit hierarchical reasoning in interactive navigation scenarios. 

Keywords: hierarchical planning; graph-based navigation; interactive objects; embodied agents; 
scene representation 
 

1. Introduction 

Embodied navigation requires autonomous agents to move through indoor environments under 
partial observability, limited sensing range, and constrained planning horizons. Unlike classical 
navigation settings that assume static scenes, recent embodied navigation benchmarks increasingly 
emphasize interaction with the environment, where agents must reason about movable objects, 
articulated furniture, and cluttered layouts to reach their goals [1]. In such settings, navigation success 
depends not only on geometric free space but also on how object configurations evolve during 
execution, as object motion can dynamically alter traversability and accessibility [2]. To support this 
shift, interactive simulators and benchmarks have been developed in which navigation routes may 
become blocked or unlocked depending on object manipulation outcomes [3,4]. In these 
environments, doors may be partially obstructed, furniture may need to be pushed aside, and narrow 
passages may only become traversable after interaction. As a result, route feasibility is no longer a 
static property of the environment geometry but an object-dependent, state-contingent attribute that 
changes over time [5]. Recent hierarchical scene-graph-based representations explicitly highlight this 
challenge by modeling traversability in relation to movable obstacles, demonstrating improved 
performance over purely metric or semantic maps [6]. 

A large body of prior work has focused on strengthening embodied navigation through 
improved perception and policy learning. Semantic segmentation, object detection, and category-
level cues have been incorporated to enhance spatial understanding [7]. Memory mechanisms, 
including recurrent networks and explicit spatial memories, have been introduced to preserve long-
term context across extended trajectories [8,9]. Auxiliary objectives such as exploration bonuses, 
frontier discovery, and self-supervised depth prediction further improve sample efficiency and 
generalization in large-scale indoor environments [10]. Scene-level supervision and relational 
representations have also been explored to encode rooms, objects, and their spatial relationships over 
time [11].Despite these advances, empirical evaluations consistently report performance degradation 
in cluttered or interactive settings, particularly near doorways, corridors, and narrow transitions [12]. 
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In such cases, minor object displacements can significantly affect accessibility, yet many learned 
navigation policies fail to anticipate or reason about these changes at planning time. Agents often 
rely on reactive behaviors when encountering blocked paths, leading to repeated collisions, 
inefficient retries, and delayed replanning. These failures highlight a gap between perception-driven 
navigation policies and the structural reasoning required in object-interactive environments. Graph-
based planning has therefore gained renewed attention as an alternative to dense metric or purely 
learned representations. Graphs offer compact abstractions of spatial connectivity and enable efficient 
search over large environments [13]. In long-horizon navigation and object-goal tasks, topological 
and relational graphs reduce state complexity and improve scalability compared with grid-based 
planning. Hierarchical planning frameworks further decompose navigation into global route 
selection and local motion execution, which is particularly effective in multi-room and multi-floor 
environments [14]. Such designs allow high-level reasoning over regions or rooms while delegating 
fine-grained control to local planners. However, most existing graph-based navigation methods treat 
objects as static landmarks or encode them only at a semantic level, without modeling their impact 
on connectivity. When a movable object blocks a doorway or corridor, the underlying graph structure 
often remains unchanged, even though the corresponding transition is no longer feasible. In many 
systems, object interaction is handled reactively at the control layer rather than being reflected in the 
planning representation itself [15]. This separation between planning and interaction leads to 
suboptimal behaviors, including unnecessary replanning cycles, inefficient exploration, and 
increased execution time, particularly in tasks where object manipulation is required to reach the goal. 
Recent studies suggest that navigation representations should explicitly encode object-dependent 
accessibility [16]. Scene graphs and object-centric memories provide an important step toward this 
goal by modeling objects and their relations over time [17]. Hierarchical object–region graphs further 
demonstrate that separating spatial abstraction levels can improve decision-making in interactive 
environments [18]. Nevertheless, most existing approaches still lack an explicit mechanism for 
bidirectional information exchange between global routing decisions and local interaction constraints. 
Consequently, global planners may repeatedly select routes that are locally infeasible, while local 
planners lack principled criteria for triggering higher-level replanning. These limitations motivate 
the need for a hierarchical planning framework that integrates object awareness at multiple spatial 
and decision scales. A single flat graph is often too coarse to capture interaction constraints, while a 
purely object-level representation is too large, unstable, and computationally expensive for long-
range planning. A structured hierarchy can address this trade-off by maintaining stable region-level 
connectivity for global guidance while using a compact, interaction-aware object graph to reason 
about local feasibility. 

In this study, we propose a hierarchical graph-based planning framework that explicitly 
incorporates interactive object awareness into both global and local planning processes. The global 
planner operates on a region connectivity graph to select coarse routes across rooms or functional 
areas. The local planner maintains an interaction-aware object graph that encodes pushable, movable, 
and passable objects and evaluates transition feasibility under the current object configuration. 
Crucially, the two levels are coupled through a cross-scale message-passing mechanism that allows 
local interaction outcomes to influence global route selection and replanning decisions. We evaluate 
the proposed framework on interactive indoor navigation benchmarks comprising thousands of 
episodes that require object manipulation during execution. Experimental results demonstrate higher 
task completion rates, reduced planning time, and improved robustness compared with non-
hierarchical and object-agnostic graph planners. These findings indicate that explicit hierarchical 
reasoning, combined with object-aware planning representations, is essential for reliable embodied 
navigation in interactive environments. More broadly, this study highlights the importance of 
representation design in embodied navigation, particularly in scenarios where object motion directly 
reshapes environmental connectivity and determines task feasibility. 

2. Materials and Methods 
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2.1. Samples and Study Environments 

Experiments were carried out in interactive indoor simulation platforms that allow object 
movement and physical interaction. Gibson and AI2-THOR were used as test environments. In total, 
6,000 navigation episodes were evaluated. The scenes include apartments, offices, and mixed indoor 
layouts with different room connections. Each episode involves an embodied agent navigating 
toward a semantic goal while encountering movable objects such as chairs, boxes, doors, and small 
furniture. Scene size, object density, and room layout vary across episodes. All experiments used the 
same sensor setup and action definitions to ensure consistent conditions. 

2.2. Experimental Design and Baseline Comparison 

The proposed hierarchical graph-based planner was evaluated against a non-hierarchical graph 
planner used as a baseline. The proposed method applies a two-level structure, where global 
planning is performed on a region connectivity graph and local planning is performed on an object 
interaction graph. The baseline method uses a single graph that represents spatial connectivity 
without modeling object interaction explicitly. Both methods use the same low-level controller and 
receive identical observations. Start and goal locations were sampled randomly for each episode. 
Object movement events were included during navigation to test performance under changing 
layouts. 

2.3. Measurement Procedures and Quality Control 

Performance was measured using task completion rate, traveled path length, and planning time. 
A task was counted as successful when the agent reached the target region or object within a fixed 
distance threshold. Planning time includes all graph search and update operations during execution. 
Each task was repeated with multiple random seeds, and results were averaged to reduce variance. 
Physics settings, noise levels, and control parameters were kept the same across all runs. Consistency 
checks were applied to verify object state updates, graph connections, and collision handling at each 
step. 

2.4. Data Processing and Model Formulation 

Sensor inputs were processed to obtain spatial layout and object interaction states. Room 
annotations provided by the simulators were used to define regions. The global planning structure is 
represented as a graph Gr=(Vr,Er) , where nodes denote regions and edges denote navigable 
connections. Local interaction is modeled using a graph Go=(Vo,Eo), where nodes represent objects 
and key transition points. The cost of moving from region iii to region j is defined as 

Cij=dij+αψij, 

where dij  is the spatial distance and ψij reflects object-related access cost. Planning efficiency is 

measured as 

E=
T∗

T , 

where T∗ is the minimum planning time and T is the observed planning time. 

2.5. Implementation and Reproducibility 

All experiments were implemented in a unified simulation framework under the same hardware 
and software settings. Graph construction, information exchange between planning levels, and 
replanning were performed online during navigation. Model parameters were selected using a 
separate validation set and then fixed for all evaluations. Identical dataset splits and random seeds 
were used across methods. Execution logs, including planning decisions and object state changes, 
were recorded to support reproducibility and analysis. 
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3. Results and Discussion 

3.1. Task Success and Path Efficiency 

Across 6,000 navigation episodes in Gibson and AI2-THOR, the hierarchical graph-based 
planner achieved a higher task completion rate than the single-layer graph baseline under the same 
sensing and action constraints. The improvement was accompanied by shorter traveled paths, 
especially in scenes with dense furniture and multiple room transitions. This indicates that the agent 
reached targets with fewer detours and fewer failed attempts near narrow passages. The trend reflects 
the benefit of separating global region routing from local execution constraints, as illustrated by the 
hierarchical planning concept shown in Figure 1. 

3.2. Planning Time and Replanning Behavior 

The proposed method reduced overall planning time compared with the flat graph planner. This 
reduction mainly comes from fewer full replanning cycles. In the baseline, object movement near 
doors or corridors often invalidated the planned route, forcing repeated global searches. In contrast, 
the hierarchical planner evaluated local feasibility on an object interaction graph before committing 
to region-level transitions. As a result, infeasible routes were avoided earlier, which lowered 
computation cost and stabilized execution [19,20]. This behavior is consistent with system designs 
that integrate planning feedback across levels, as suggested by the framework overview in Figure 1. 

 

Figure 1. Navigation success rate and path length for the hierarchical planner and the single-layer graph baseline 
in indoor environments. 

3.3. Performance in Interactive Navigation Scenarios 

The performance gap widened in episodes that involved object interaction, such as pushing a 
movable object or choosing an alternative passage after partial blockage. Methods that treat objects 
as static context typically react only after collisions occur, which leads to wasted steps near 
bottlenecks. The proposed planner assigns explicit costs to object states, such as passable or blocking, 
allowing the agent to favor interaction-ready routes. This design supports earlier decision changes 
and reduces repeated failures [21]. Similar motivations appear in scene-graph–based navigation 
pipelines, where object relations guide route selection, as illustrated in Figure 2. 
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Figure 2. Structure of the hierarchical planning framework, illustrating region routing and object-based access 
evaluation during navigation. 

3.4. Comparison with Prior Work and Limitations 

Previous studies have shown that semantic cues and graph representations improve long-range 
navigation, but many assume that spatial connectivity remains unchanged during execution. The 
results here show that this assumption breaks down in cluttered environments with movable objects. 
A hierarchical structure helps address this issue by keeping global connectivity stable while allowing 
local access conditions to change. The main limitation remains object state perception: if state changes 
are detected late or missed, the local graph may remain optimistic and reduce the benefit of hierarchy. 
This suggests future work on uncertainty-aware updates and focused perception near region 
boundaries [22,23]. The integrated pipeline view in Figure 2 supports this direction, where perception, 
graph update, and planning are tightly coupled. 

4. Conclusion 

This study developed a hierarchical graph-based planning method that accounts for interactive 
objects during indoor navigation. The approach separates region-level routing from object-level 
access checks and links the two through shared planning updates. This structure allows routes to 
change when object movement alters local passability. Tests on interactive indoor benchmarks show 
higher task success and lower planning time than single-layer graph planners, especially in cluttered 
scenes that involve object interaction. These findings show that treating access as a changing property 
leads to more stable navigation than relying on fixed connectivity. From a research standpoint, the 
work emphasizes the importance of representation design for planning in dynamic environments. 
The method is suitable for service robots and embodied agents in homes, offices, and similar indoor 
spaces. A limitation is the reliance on timely detection of object state changes, which may reduce 
performance under sensing errors. Future work will address this issue by adding uncertainty 
handling and adaptive update strategies. 
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