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Abstract— Object navigation for mobile robots typically
assumes that targets are visible and paths are unobstructed.
However, real-world scenarios often involve occluded targets like
objects hidden behind doors or inside containers. Such scenarios
require interactive navigation and manipulation by mobile
manipulators. To address this challenge, we propose VLION,
a vision-language model-guided framework for interactive
object navigation (ION) that enables robots to locate and
access such targets efficiently. VLION constructs a probabilistic
occupancy map and dynamically identifies frontiers for efficient
exploration. It leverages vision-language models (VLMs) to
perform joint semantic reasoning at both the scene and
object levels, generating Scene-Target and Object-Target Value
Maps from egocentric observations. These maps are adaptively
fused based on spatial entropy to guide target selection and
dynamically balance navigation and manipulation priorities
for multi-step decision-making. A hybrid A* planner ensures
safe and feasible navigation, while star-convex manipulation
regions enable interaction with objects. Extensive experiments in
iGibson simulations and real-world environments demonstrate
the effectiveness of VLION in zero-shot transfer and on-board
deployment, advancing the state of the art in ION.

I. INTRODUCTION

Object navigation (ObjectNav) is a fundamental task in
embodied Al, requiring robots to explore environments and
navigate to objects of specified categories autonomously.
While ObjectNav methods have made significant progress [1],
[2], [3], it assumes that environments are unobstructed and
target objects are directly visible and easily accessible [4],
[5], [6]. These assumptions rarely hold in the real world, as
objects hidden inside containers or behind doors often block
the navigation paths.

Operating effectively in such scenarios requires robots not
only to perceive and navigate but also to actively interact
with the environment, thereby revealing and accessing hidden
objects rather than merely conducting passive searches. This
motivates Interactive Object Navigation (ION), as illustrated
in Fig. 1, where a robot must open containers or doors,
navigate around occlusions, and infer object locations from
visual contextual cues, which is similar to how a human
searches for out-of-sight items at home.

Recent advances in large language models (LLMs) and
vision-language models (VLMs) provide a promising founda-
tion for tackling these challenges [7], [8], [9]. These models
encode commonsense knowledge and enable robots to make
informed decisions even in unfamiliar scenarios. Zero-shot
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Fig. 1.
navigates to a target that is not directly visible. Here, the laptop is hidden
behind a closed door. To succeed, the robot must open the door and continue
navigating into the room, highlighting the core challenge of ION: actively
interacting with the environment to reveal and access hidden targets.

An Example of Interactive Object Navigation (ION). The robot

methods built upon LLMs and VLMs have demonstrated
impressive generalization and adaptability in navigation
tasks [10], [11], [12].

Despite these advances, current methods predominantly
focus on Object Navigation tasks, primarily emphasizing
frontier exploration without adequately addressing interactive
elements. In contrast, ION requires longer-horizon reasoning
that considers both frontiers and objects as potential targets.
Agents must decide not only where to go, but also what to
interact with.

Additionally, many existing approaches rely on converting
visual inputs into discrete textual representations, such as
category labels [13] or semantic ground truth [14], prior
to language-based reasoning. This intermediate conversion
leads to the loss of detailed visual information and introduces
computational overhead, negatively impacting the efficiency
and effectiveness of navigation tasks.

To address the challenge of interactive object naviga-
tion in occluded and complex environments, we propose
VLION, a novel unified Vision-Language-guided framework
for ION. VLION constructs a probabilistic occupancy map
and identifies frontier regions using only egocentric RGB-
D observations. By leveraging the cross-modal alignment
capabilities of vision-language models, VLION extracts both
scene-level and object-level semantic cues. These are used in
an adaptive strategy to construct a visual-language-grounded
integrated value map, while preserving the richness of visual
inputs by avoiding intermediate conversions into discrete
textual representations. Our contributions are as follows:
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1) General framework for ION: The proposed VLION
unifies semantic reasoning and geometric planning in
a general framework, enabling efficient long-horizon
navigation for interactive object navigation.

2) Visual-language-guided integrated value map: We
introduce a novel value mapping method that adap-
tively fuses scene-level and object-level semantic cues
extracted from vision-language models, enhancing
semantic understanding during navigation.

3) Comprehensive evaluation of VLION: Extensive
experiments in simulation and real-world scenarios
demonstrate VLION’s superiority over baselines and
its zero-shot transfer for real-world deployment.

II. RELATED WORK
A. Object Navigation

Object Goal Navigation (ObjectNav) aims to guide robots
to locate specific object categories within previously unseen
environments. Early approaches are predominantly learning-
based, including reinforcement learning (RL) [15] and imita-
tion learning [16], [17], where agents learn action policies
directly from egocentric observations. While effective within
training distributions, these end-to-end models often suffer
from limited generalization and high sample complexity. To
address these challenges, modular methods [1], [18] decom-
pose the navigation pipeline into interpretable submodules,
typically involving semantic mapping, object detection, and
classical planning. By projecting perceptual inputs into top-
down spatial representations, these approaches enable more
structured decision-making. However, their reliance on pre-
defined object categories and handcrafted components limits
adaptability and scalability in open-world settings.

Recently, zero-shot ObjectNav methods [19], [2], [13], [20]
have emerged by leveraging the open-vocabulary and cross-
modal reasoning capabilities of foundation models [7], [8],
[21]. These approaches enable semantic navigation without
task-specific training, allowing robots to generalize to novel
categories and real-world scenarios. Building upon these
insights, our framework tightly integrates vision-language
reasoning, spatial navigation, and interaction capabilities to
achieve robust zero-shot Interactive Object Navigation (ION).

B. Embodied Mobile Manipulation

Mobile manipulation robots combine locomotion and
manipulation to address complex tasks in cluttered indoor or
multi-room environments. These scenarios demand integrated
scene understanding, long-horizon planning, and adaptability
to dynamic, uncertain conditions.

In structured environments with known topology, methods
such as BUMBLE [22] and SayPlan [23] rely on vision-
language models or pre-built scene graphs with LLMs for
planning but typically assume static, known environments,
limiting their applicability to unknown or dynamic scenarios.

For pick-and-place tasks in household environments, Home-
Robot [24] introduces the Open-Vocabulary Mobile Manipula-
tion (OVMM) benchmark. OK-Robot [25] tackles OVMM by
integrating VLMs with navigation and grasping, enabling

zero-shot execution in real-world. DovSG [26] employs
LLMs to update local 3D scene graphs, supporting dynamic
perception and task decomposition. Qiu et al. [27] combine
SLAM, VLMs, and LLMs to build semantic BEV maps for
area-aware reasoning. COME-Robot [28] further improves
robustness by leveraging GPT-4V for closed-loop failure
detection and recovery in OVMM tasks. MoMa-LLM [14]
considers scenarios where objects cannot be freely accessed.
It explores unknown environments use ground-truth semantic
segmentation to build scene graphs, and using LLMs to
classify rooms and select skills.

However, these works assume partial environmental priors,
such as spatial topology or pre-existing object detection
and semantic segmentation, to encode spatial and seman-
tic information for LLM-based reasoning. Moreover, these
LLM-based approaches often suffer from a key bottleneck:
visual information must be converted into text by object
detectors, losing fine-grained details. LLM inference is also
computationally expensive, limiting decision frequency and
often requiring remote servers.

In contrast, our proposed VLION framework directly lever-
ages pre-trained vision-language models without converting
visual input to text. By utilizing vision-language alignment,
VLION constructs a unified environment representation that
combines the Scene-Target Value Map and the Object-
Target Value Map, meeting the semantic understanding
requirements for mobile manipulation. Additionally, VLION
enables onboard deployment, fast inference, and real-time
decision-making for mobile manipulation.

III. PROBLEM FORMULATION

We address the task of Interactive Object Navigation (ION),
where a robot must navigate to a specified target object in
an unknown environment, while actively interacting with the
environment to reveal or access occluded objects. The robot
uses an egocentric RGB-D camera and odometry to explore,
plan, and navigate effectively toward the target, minimizing
both path length and interaction times. The action space
consists of the following: MOVE FORWARD (0.075 m), TURN
LEFT (35°), TURN RIGHT (35°), and OPEN OBJECT.

IV. METHOD

The overview of VLION is shown in Fig. 2. VLION
consists of two key modules: Multi-Layer Value Mapping and
Mobile Manipulation. The former constructs a probabilistic
map O and frontiers F from egocentric observations, and
employs BLIP-2 to generate semantic value maps (Vst, Vor).
These are fused via an adaptive strategy based on spatial
entropy D into an integrated map V;,,; for selecting the most
valuable target. The latter takes the selected frontier or closed
object and performs goal-directed interaction using Hybrid
A* navigation and star-convex region planning.

A. Multi-Layer Value Mapping

1) Frontier Detection and Occupancy Mapping: We rep-
resent the geometric structure of the environment using
a probabilistic occupancy grid map O. Each grid cell is
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System Architecture of VLION. Given an object target, egocentric RGB-D observations and odometry, VLION first builds a probabilistic map O

and detects frontiers F. Next, BLIP-2 generates Scene-Target and Object-Target value maps (Vs¢, Vot), which are adaptively fused into an Integrated Value
Map Vjy,; for target selection. The frontier or closed object with the highest value is then passed to the mobile manipulation module, where Hybrid A* is
employed to search a feasible navigation path, and star-convex regions are constructed to provide safe and effective interaction region around closed objects.

classified as free, occupied, or unknown, based on the
observed data. The resolution of the map is configurable,
allowing for flexible representation of environments with
varying structural complexity. To build the map, depth images
are converted to point clouds and, after being filtered to
remove outliers, are probabilistically integrated into the
occupancy map. The filtered points are then transformed
into the global coordinate frame using odometry, and the map
is updated in dynamic scenes through raycasting.

To enable efficient exploration, the environment is divided
into known and unknown regions. The known region consists
of confirmed free space and occupied obstacles. We denote
the set of frontier points, which form the boundary between
explored (known) and unexplored (unknown) areas, as JF.
During navigation, the frontier set  is dynamically detected
and continuously updated as the robot gathers sensor data,
until the entire environment is thoroughly explored.

2) Semantic Value Map Generation: To infer target-related
semantic value from the current egocentric RGB image, we
employ the cross-modal reasoning capabilities of vision-
language models such as BLIP-2 [21]. These models utilize
a contrastive learning framework to align visual and textual
embeddings, ensuring that semantically corresponding image-
text pairs exhibit high similarity in the shared multimodal
feature space, while non-corresponding pairs are effectively
separated. Leveraging this alignment, we compute the cosine
similarity score between the encoded image and the given
prompt, denoted as s, which quantifies the relevance of the

visual observation to the specified task:

s = BLIP2(RGB, prompt) (1)

For interactive object navigation tasks, the robot must
efficiently approach occluded target objects while minimizing
both travel distance and interaction frequency. To facilitate
this, we leverage BLIP-2 to compute two types of semantic
similarity scores: the scene-target score s, and the object-
target score S,¢, wWhich enable semantic-level reasoning crucial
for interactive mobile manipulation.

For the scene-target score sg;, we employ the tex-
tual prompt “There might be a <target object>
ahead.” to assess the semantic relevance between the current
scene and the specified target object.

Given the camera’s horizontal field of view Oy, Sg iS
uniformly projected onto grid cells within a sector-shaped
region in the robot coordinate frame. The resulting pixel-wise
scene-target score at location (i, ) is denoted as s:(%, ).

For the object-target score s,;, we perform class-agnostic
object segmentation to extract bounding boxes and the
corresponding image patches. Each patch is then paired with
the prompt “It seems to appear together with
<target object>.” to compute s,;.

This score is spatially propagated over a directional
sector centered at the object’s bounding box center, oriented
along its azimuth angle ¢. The sector’s angular width «
is estimated based on the bounding box’s horizontal span.
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Beyond this sector, but still within the camera’s FOV, an
angular exponential decay is applied to attenuate the influence:

wdecay(e) = exp ( A |(9 - (bl)v 2

where 6 is the angle between the pixel ray and the optical
axis. The pixel-wise object-target score s, (i, ) at location
(4,4) is then defined as:

Sot(i,7) = Sot - Wdecay (9) . 3)

The confidence c(i,j) within the robot’s field of view
depends on the angular offset of each pixel relative to
the camera’s optical axis. Specifically, pixels closer to the
optical center are considered more reliable. The confidence
is computed as:

c(i,§) = cos® (0/ (bt /2) - 7/2) . 4)

Accordingly, the final value: confidence-weighted score at
(4,4) in the robot’s frame given by:

When the robot’s position is updated, overlapping regions
between the current and previously FOV must be updated.
For each pixel (i,5) value v (i,5) and the confidence
" (i, 7) are updated as:

Ve (i, §) + 070, )
(i, ) + (i, )

N Gl ) e ol )
’ (i, j) + cPre(i, j)

Finally, leveraging the robot’s odometry, the scene-target
vs¢ and object-target values v,; are projected onto a 2D
plane to construct the global Scene-Target Value Map V;
and Object-Target Value Map V,; in the world coordinate
frame. As shown in Fig. 3, Object-Target Value Map V,;
offers fine-grained semantic cues that benefit ION task.

3) Adaptive Value Fusion Strategy: With both scene-
level and object-level semantic representations, it becomes
necessary to adaptively fuse the two value maps to guide
navigation and manipulation more effectively.

When local scene values around the robot exhibit high
spatial variance, this suggests the presence of a clear target
direction, and the robot can primarily rely on scene-level
guidance. In contrast, when scene values are uniformly
distributed, it implies a lack of clear semantic cues, and
object-level values should be weighted more heavily.

To this end, we propose an adaptive value fusion strategy
that dynamically adjusts the fusion weights between the Scene-
Target Value Map V; and the Object-Target Value Map V.

We first compute the Spatial Entropy D of scene values in
the local neighborhood around the robot to quantify semantic
differentiation:

D= _Z(i,j)eﬂ Vst(zaj) lOngt(Z7J) (8)
log Nq

Vi, ) =

(6

(N

The scene value weight is then computed using a linear
interpolation strategy with a minimum weight threshold:

It seems to appear together with yogurt & |

It seems to appear together with heef @@

Fig. 3. Illustration of the advantages for Object-target Value Map V.
Left: When the scene-target map V¢ gives ambiguous guidance at junctions,
Vot provides cues to guide navigation toward relevant areas. Right: Faced
with multiple closed objects, Vot prioritizes the one most related to the
target, reducing redundant interactions.

we =6+ (1—6)- D, ©)

where, Nq denotes the total number of valid grids within
a 3m x 3m area centered around the robot, and Vi (i, 5)
represents the scene-target value at grid (¢,7). 6 € [0,1]
denotes the lower bound for the scene value weight, ensuring
that scene-level information always contributes to the final
decision. We set § = 0.5 to allow balanced contributions
in ambiguous cases. When D approaches O (indicating low
spatial variance in scene values and lack of distinct semantic
cues), wyy remains close to J, assigning equal importance to
both scene and object values. Conversely, when D approaches
1 (indicating high spatial differentiation and a clear semantic
direction), wg; approaches 1, allowing the decision to rely
primarily on scene-level guidance. The object value weight
is computed accordingly as w,s = 1 —wy;, enabling adaptive
fusion based on local semantic characteristics. Finally, the
Integrated Value Map V;,,; is computed as:

K
1
Vint = wet - Vit + Wor - (K kX_:l VJf’) . (10)

where K denotes the number of detected objects in the scene,
with each Vo(tk) representing the Object-Target Value Map
corresponding to the k-th object.

Based on Vj,;, the agent selects the frontier or closed
object with the highest value as the target, which is then
passed to the mobile manipulation module for execution.

B. Mobile Manipulation

Mobile manipulation involves two key components: naviga-
tion and manipulation. The first step is to safely navigate to
the target location. Traditional methods often employ A* to
compute the shortest path and follow it directly, but such paths
may pass dangerously close to obstacles, increasing the risk
of collision. To improve safety, we first inflate the occupancy
grid according to the robot’s radius, creating a buffer zone
around obstacles. This inflated map is then converted into
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Fig. 4. An Illustrative Simulation Example of ION. (a) The robot begins by rotating to initialize its understanding of the environment. (b) It navigates
toward the most valuable frontier. (c) Using the Integrated Value Map, it identifies high-value regions near the sink. (d) The robot interacts with two cabinets
but fails to find the target. (e) It continues exploration, opens the door, and enters the bathroom. (f) Finally, it opens another cabinet and successfully

discovers the target object (soap).

a cost map, where cells closer to obstacles are assigned
higher traversal costs. We adopt the Hybrid A* algorithm for
path planning, which extends A* by considering the robot’s
kinematic constraints. It plans in (z,y, 0) state space, where
6 denotes the robot’s heading, ensuring that the resulting path
is both smooth and kinematically feasible.

After successfully navigating to the target location, to en-
sure feasible and safe interactions, we define the manipulation
region as a star-convex area within the free space surrounding
the target object. Owing to the star-convex property: any
boundary point can be connected to the center by a line
entirely contained within the region. The robot is guaranteed
a reachable path to interact with the object when positioned
inside the region.

To construct the manipulation region efficiently, we first
select a point located at a distance of 7/2 in front of the
interaction target as the star center Panip, where r denotes
the robot’s operational radius. A set of enhancement points
is then uniformly sampled within a sphere of radius r/2
centered at FPanip, and merged with the local point cloud
P, to form a unified set P.

Next, apply spherical inversion to all points in P, trans-
forming them into P, and compute the convex hull of P
using the Quickhull algorithm [29]. The resulting convex
surface is then mapped back to the original space via inverse
spherical inversion, using geometric partitioning to extract
the kernel, defines the final manipulation region [30].

The overall ION process is illustrated in Fig. 4. In the
figure, blue circles denote detected frontiers, the red dotted
curve represents the robot’s executed trajectory, and the
star indicates the selected exploration target. The robot first
performs an initialization by rotating in place, then proceeds
to explore high-value frontiers in the vicinity of the sink,
during which it interacts with two cabinets. Subsequently, it

opens the door, enters the bathroom, and ultimately finds the
target inside a cabinet.

V. EXPERIMENT

In this section, we aim to systematically investigate the
effectiveness and generalization capabilities of VLION via
the following questions:

1) How does VLION perform on ION tasks compared to

existing LLM-based and heuristic baseline methods?

2) What are the individual and combined impacts of the

Scene Value Map, Object Value Map, and the adaptive
fusion strategy on VLION’s performance?

3) Can VLION be effectively deployed in real-world sce-

narios, illustrating zero-shot generalization capabilities?

A. Simulation

We evaluate our approach in the iGibson [31], which
provides interactive, realistic apartment environments with a
diverse set of everyday objects. Logical scene configuration is
supported via BDDL, allowing automatic placement of objects
inside or on top of containers. To evaluate ION task, target
objects are placed in different rooms and concealed behind
doors or inside containers, requiring the robot to actively
interact with the environment for discovery. Experiments are
conducted across seven scenes, each repeated for 10 episodes.

The simulated robot is equipped with a differential-drive
base and an RGB-D camera (512x512 resolution, 90° FOV)
with an effective range of 0-5 meters. Obstacles with heights
between 0.1 and 0.8 meters are considered for navigation. This
ensures both floors and carpets are correctly recognized as
traversable space. The robot has access to ground-truth odom-
etry and constructs a probabilistic occupancy grid map from
depth observations. For manipulation, a magic open operation
is assumed, directly setting the object_states.Open to
True to complete the open action.
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B. Metrics

We evaluate performance using the following four metrics:

o Success Rate (SR): The proportion of episodes in which
the robot successfully reaches and interacts with the
target object.

« Path Length (PL): The average distance traveled by the
robot during each episode, measured along its executed
trajectory.

o Success weighted by Path Length (SPL) [32]: Evalu-
ates navigation efficiency by averaging the ratio of the
shortest path length to the actual path length for each
episode, with failed episodes counted as zero.

1 & l;
SPL=—S "8 — "
N ; max(p;, l;)

(11

where N is the number of episodes, S; € {0, 1} indicates
success, I; is the shortest path length, and p; is the actual
path length.

o Object Interactions (Obj-Interaction): The average
number of object interactions during each episode.

C. Baselines

We compare VLION with following baseline methods:

« Random: Randomly select a target from the available
list, including detected frontiers and closed objects.

e Greedy: Employ the Hybrid A* algorithm to compute
the shortest path to all potential targets and select the
one closest to the robot’s current position.

o ESC-Interactive [13]: Employ predefined prompts
and DeBERTa v3 [33] for reasoning, estimating co-
occurrence scores among the target, detected objects,
and room types. The frontier with the highest score is
selected for navigation. We extend it by additionally
considering closed objects as candidate targets.

o« MoMa-LILM [14]: Leverage semantic cameras to obtain
ground-truth labels for constructing a scene graph, which
is transformed into a structured textual representation
for LLM-based room classification and target selection.
High-level reasoning is performed using GPT-4.1, while
room classification is handled by GPT-4.1-mini.

D. Experimental Results and Analyses

Table I reports the average performance of VLION and
baseline methods across different scenarios. The best results
are highlighted in bold, and the second-best are underlined.

For heuristic, non-semantic methods, Greedy prioritizes
local optimality, selecting the shortest path to the target at
each step, but lacks a global planning perspective. In complex
layouts requiring multi-room traversal or interaction with
multiple objects, it often follows suboptimal paths, resulting
in the lowest SR and the highest number of Obj-Interaction.
In contrast, Random avoids local traps and achieves slightly
higher SR than Greedy; however, its undirected exploration
leads to significantly longer PL and very low SPL (21.44%),
reflecting inefficient navigation.

TABLE I
SIMULATION RESULTS OF INTERACTIVE OBJECT NAVIGATION

IN IGIBSON ACROSS SEVEN SCENARIOS.

Method SRt PLJ SPLT  Obj-Interaction)
Greedy 84.1 1990 38.69 8.157
Random 91.7 3723 2144 7.014
ESC-Interactive [13] 963  15.66  61.40 4.486
MoMa-LLM [14] 96.8 16.85 6546 3.514
VLION (Ours) 98.1 14.14 69.94 3.286

Among semantic-guidance methods, ESC-Interactive [13]
employs co-occurrence scores via handcrafted prompts, im-
proves over non-semantic baselines, its reliance on fixed
templates and pairwise scoring across limited candidates
restricts generalization to diverse or unseen scenarios. MoMa-
LLM [14] achieves slightly higher SR (96.8%) and SPL
(65.46%) with fewer Obj-Interaction, but its rigid object-room
bindings often cause misclassification and error propagation
in open or ambiguous environments. In semantically sparse
regions, such as corridors or empty rooms, unstable room
labels can lead to redundant exploration. In contrast, VLION
leverages both scene-level and object-level semantic cues
through dense Scene-Target value maps, enabling globally
optimized decision-making, guiding robots out of semantically
sparse regions, and reducing unnecessary exploration.
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Fig. 5. Runtime Comparison Across Seven Scenarios. VLION achieves

lower runtime than MoMa-LLM [14], with an average improvement of
12.19%, especially in large-scale scenarios.

Fig. 5 presents the runtime comparison between the two
methods across seven scenarios. The left vertical axis indicates
the relative improvement, while the right vertical axis shows
the absolute runtime. VLION consistently achieves shorter
runtimes, with an average improvement of 12.19%. The
advantage is particularly evident in large-scale environments
such as Beechwood_0_int, where runtime is reduced by
more than 50%. This efficiency arises from directly aligning
egocentric visual observations with target semantics, which
enables high-frequency, vision-grounded planning and avoids
the inefficiency of two-stage textual conversion. In contrast,
the LLM-based episodic planner is limited by its reliance on
inference-driven decision cycles, leading to lower responsive-
ness and delayed adaptation to newly emerging promising
targets. Overall, the results demonstrate VLION’s stronger
scalability and adaptability in complex environments.
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Qualitative Results of Real-World Experiments. The mobile manipulator is deployed in an indoor office environment, tasked with autonomously

navigating to a fire extinguisher located behind a closed door. VLION can infer the best frontier and executes the door-opening action, and successfully
reaches the target object. The figure illustrates these key steps and the dynamic changes in V.

TABLE II
EVALUATING THE CONTRIBUTIONS OF DIFFERENT VALUE MAPS

AND THE ADAPTIVE VALUE FUSION STRATEGY

Method SRt PL| SPL{ Obj-Interaction]
VLION w/o s-t Map 942  18.60  63.13 4.509
VLION w/o o-t Map 969 1539  65.68 4.688
VLION w/o Strategy 974 1458  67.57 3.611
VLION (Ours) 98.1 14.14 69.94 3.286

E. Ablation Study

To assess the contribution of each core component in
VLION, we perform ablation studies by selectively disabling
the Scene-Target Value Map (s-t Map), Object-Target Value
Map (o-t Map), and the Adaptive Fusion Strategy.

As shown in Table II and further qualitatively illustrated in
Fig. 7, removing the s-t Map results in the most substantial per-
formance degradation, with SR dropping from 98.1% to 94.2%
and PL rising sharply to 18.60 m. This clearly highlights the
critical importance of scene-level semantic reasoning, since
the s-t Map provides essential global contextual priors that
consistently guide efficient and reliable navigation.

Interestingly, retaining only the o-t Map still supports
reasonable navigation, suggesting that object-level semantics
can partially compensate for the absence of global guidance.
However, Obj-Interaction increases from 3.286 to 4.688,
reflecting the o-t Map’s critical role in enabling precise
interaction decisions by leveraging localized semantic cues.

Replacing the Adaptive Fusion Strategy with a fixed
weighting scheme (wg; = wy, = 0.5), still maintains
competitive performance, showing that both semantic layers
are individually robust. Nonetheless, the full model achieves
consistently better results across all metrics, with a 0.7% SR
improvement, 2.37% SPL improvement, and 0.325 unneces-
sary interactions. This confirms that dynamic fusion guided by
semantic entropy not only enhances decision-making but also
allows the agent to flexibly shift focus between exploration
and manipulation based on contextual uncertainty.

(¢) VLION w/o Strategy

(d) VLION

Fig. 7. Qualitative Results of Ablation Study. Blue circles indicate
frontier centroids, the red dotted curve shows the robot’s executed trajectory,
pentagrams mark interactive objects, and the red pin denotes the start position.

F. Real-world Deployment

We deploy VLION on a real-world mobile manipulator
platform composed of an AgileX TRACER differential-drive
base, an ARXS5 6-DOF robotic arm, an Intel RealSense D435i
RGB-D camera, and a MID360 LiDAR. The hand-eye RGB-
D camera provides egocentric visual observations within a
0-3.5 m depth range, while the LiDAR supplies odometry
through the Fastlio [34]. All modules run fully onboard an
NVIDIA Jetson AGX Orin. To enable interaction, ArUco [35]
markers support accurate object detection, and the robotic
arm is controlled with Movelt for motion planning.

Fig. 6 presents a real-world deployment example in an
indoor office, where the robot is tasked with autonomously
navigating to a fire extinguisher located behind a closed door.
Starting from its initial position, VLION explores informative
frontiers and identifies the closed door as a high-value region
requiring interaction. It then infers the need to open the door
and seamlessly performs the action. After entering the new
room, the robot continues navigation until it successfully
reaches the target object. This demonstrates that VLION can
actively seek occluded objects and validate its effectiveness
for zero-shot transfer and practical real-world applications.
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VI. CONCLUSION

We presented VLION, a unified vision-language-guided
framework for Interactive Object Navigation (ION) in un-
known and dynamic environments. By integrating geometric
frontiers with semantic values from egocentric RGB-D
observations, the system achieves fine-grained reasoning
at both the scene and object levels, which demonstrates
that VLION enables robust and efficient decision-making
in obstructed environments. Through extensive evaluation
in both simulation and real-world settings, the framework
demonstrates improved navigation efficiency and strong zero-
shot generalization across unseen environments and tasks.

Our work demonstrates mobile manipulation’s interactive
capabilities can enhance complex navigation tasks. Future
research may exploit the flexibility of robotic arms for active
exploration and target search in constrained environments.
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