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Abstract—Autonomous navigation is a fundamental capability
for mobile robots, yet traditional methods largely treat the
robot as a passive agent that follows preplanned paths while
avoiding obstacles. Such approaches are effective in structured
environments but fall short in human-centric indoor spaces where
progress often requires active interaction, such as opening doors
or using elevators. Large foundation models, and in particular
vision-language models (VLMs), offer a new opportunity to
address these challenges by combining scene understanding with
high-level reasoning.

In this work, we develop a navigation system that integrates
classical geometric planning with VLM-based reasoning to enable
robots to actively resolve situations where passive path following
would fail. When blocked, the robot queries a VLM with sensory
inputs and task context to determine what is preventing progress
and how to overcome it. To ensure successful localization of
interaction objects, such as door buttons, we couple the VLM
with an open-vocabulary detector that grounds language-based
reasoning into concrete visual cues. We implement this system
on a real robot and evaluate it through proof-of-concept exper-
iments, demonstrating the potential of VLM-assisted navigation
for unblocking tasks in complex indoor environments.

I. INTRODUCTION

Autonomous navigation is a fundamental capability for
mobile robots, supporting a wide range of real-world ap-
plications. Classical navigation pipelines typically build or
access an explicit geometric map, plan a path to the goal, and
execute the plan while avoiding obstacles. In parallel, end-to-
end learning approaches have been explored to directly map
sensory inputs to control commands without explicit maps.
While both families of methods have achieved considerable
success, they generally assume that the robot is a passive agent
whose progress depends on map accuracy or the generalization
of trained policies. As a result, when critical passages are
blocked or when accessible space is limited, these methods
may fail to complete the task, as illustrated in Fig. 1.

Such failures highlight a broader limitation: conventional
navigation excels in open or structured environments but strug-
gles in human-centric indoor spaces. Multi-story buildings,
diverse floorplans, and dynamic infrastructure introduce chal-
lenges that cannot be resolved by simply replanning around
obstacles. For instance, a closed door blocks passage until
it is actively opened, and reaching a goal on another floor
may require recognizing and operating an elevator. These
scenarios show that effective indoor navigation often requires
not only geometric reasoning but also deliberate interaction
with the environment—capabilities that remain underexplored
in existing systems.

Large foundational models have recently demonstrated im-
pressive multimodal reasoning abilities, combining vision, lan-

Fig. 1: A vacuum cleaner can still leaves three room uncleaned
(marked in red) due to blockage even if it has tried all
reachable space.

guage, and other modalities to generate semantically meaning-
ful guidance. Among them, vision—language models (VLMs)
are particularly relevant for robotics, as they can jointly
interpret visual inputs and contextual prompts to produce
actionable suggestions. Such models enable a robot not only
to identify objects in complex scenes but also to infer how
those objects can be used to overcome blockages. Rather than
relying on hardcoded heuristics or narrowly trained policies,
the robot can flexibly query a VLM, making it better suited
for navigation in diverse and previously unseen environments.

In this work, we develop a navigation system that enables
robots to actively resolve situations where passive path fol-
lowing would fail, such as being stopped by a closed door
or needing to reach a goal on another floor. When the robot
becomes blocked, it queries a VLM with sensory observations
and task context to determine what is blocking progress and
how to overcome it. Current general-purpose VLMs often
succeed in reasoning about suitable unblocking strategies but
fail to directly localize the relevant interaction objects, such
as door buttons. To bridge this gap, our system integrates the
VLM with an open-vocabulary detector that accepts detection
requirements from the language model, thereby grounding
high-level reasoning into concrete visual cues. The resulting
system is implemented on a real robot and evaluated through
proof-of-concept experiments. The contributions of this paper
are summarized as follows:

« We enable mobile robots to navigate in complex indoor
environments while actively unblocking themselves by
leveraging VLM-based reasoning for interaction deci-
sions.

o We ensure successful localization of interaction objects



by integrating a general-purpose VLM with an open-
vocabulary detector that accepts detection requirements
from the language model.

e We implement and validate the proposed navigation
system on a real robot, demonstrating proof-of-concept
success in tasks that require active interaction with the
environment.

II. RELATED WORK

Planning safe and efficient paths and controlling mobile
robots to follow them has long been a central problem in
autonomous robotics. The safety of navigation is affected by
the robot’s current state and dynamics, as well as constraints
imposed by the environment. Simultaneous Localization and
Mapping (SLAM) methods [1], [2] are widely used to build
environment maps so that the robot can localize itself and
identify obstacles. Given such maps, path planning algorithms
including Dijkstra, A*, and Rapidly-Exploring Random Trees
(RRT) [3], [4] can generate collision-free paths toward goal
locations. Accurate robot dynamics models are then needed
to compute control inputs for following the planned path.
Recent work has explored data-driven dynamics learning with
Gaussian processes [5]-[7] and neural networks [8], [9]. Safety
has also been incorporated through model predictive control
with constraints [10], [11], often solved via time discretization
and system linearization [12], [13], or through control barrier
functions [14], [15]. Motion constraints such as minimum
turning radius must also be considered during trajectory
generation [16]-[18]. While many of these approaches focus
on global path planning, they can also be adapted for local
replanning when unexpected obstacles appear. Once a path is
determined, a variety of tracking algorithms can be used to
execute it robustly [19].

Large foundational models have recently been applied to
robot navigation to provide semantic reasoning beyond ge-
ometric planning. Vision-language models have been used
to construct action-aware costmaps for traversable obstacles,
enabling navigation through elements such as curtains without
additional training [20]. Other work has investigated privacy-
aware path planning, where VLMs guide robots to consider
social and privacy constraints in office environments [21].
Large models have also been integrated into semantic mapping
and reasoning pipelines to achieve zero-shot object navigation
toward targets specified in natural language [22]. Beyond
navigation targets, VLMs have been applied to improve scene
understanding and object manipulation through zero-shot vi-
sual grounding [23], and to guide navigation in human-centric
environments by reasoning about social cues and implicit
language input [24]. More recently, multimodal approaches
such as OpenNav [25] extend large models to open-world nav-
igation, translating rich scene understanding into executable
plans, while Vi-LAD [26] demonstrates that distilling attention
from vision-language models improves socially aware motion
planning in dynamic environments. These works illustrate
the potential of large models to support higher-level rea-
soning in navigation. In this paper, we emphasizes active

unblocking, where the robot couples VLM-based reasoning
with open-vocabulary detection and physical interaction to
restore progress when passive planning fails.

III. METHODOLOGY

In this section, we present our method for enabling robots
to navigate in complex indoor environments while actively
unblocking themselves. The system combines classical path
planning, VLM-based reasoning, and open-vocabulary object
detection to decide when and how to interact with the en-
vironment. An overview of the method is shown in Fig. 2.
We begin by describing the navigation stack used to plan
initial paths, then introduce the VLM reasoning process for
blockage handling, followed by the integration with open-
vocabulary detection for localizing interaction objects, and
finally outline how the robot executes interaction actions and
continues navigation.

A. Global Mapping and Path Planning

The robot is provided with a floorplan or a map of the
environment, which enables it to plan an initial path to a
given goal location. In our implementation, we adopt the
ROS2 Navigation Stack [27], [28] to handle localization, map
representation, and path planning. This provides the robot with
a collision-free path under the assumption that obstacles are
either absent or traversable. The map is constructed when
the space is connected (e.g., doors are open) to facilitate the
robot’s self-exploration, which may not hold in subsequent
navigation tasks. As a result, the planned path may become
infeasible when the robot later encounters closed doors or
other barriers, motivating the need for reasoning and interac-
tion capabilities described in the following subsections. Fig. 3
shows such a case.

B. VLM-Based Reasoning for Blockage Handling

The robot is equipped with onboard LiDAR and other
sensors that allow it to detect obstacles along the planned path.
When such obstacles are encountered, for instance a closed
door that was marked as open during mapping, the traditional
navigation stack can only attempt to replan around them.
However, a feasible detour may not always exist, especially in
single-access rooms, corridor entrances, or exits like Fig. 3.
In these situations, the robot requires higher-level reasoning
to determine how to actively interact with the environment to
continue its mission.

To address this challenge, we incorporate a vision-language
model (VLM) as a semantic reasoning module. In this work,
we tested with GPT-4o0 and GPT-5 models. When the robot
detects that its progress toward the goal is blocked, it captures
an image of the scene and provides it to the VLM together with
a contextual prompt for blockage analysis. The VLM processes
this input to generate an unblocking suggestion, allowing the
robot to move beyond passive replanning and actively restore
navigability. While the approach can, in principle, generalize
to various types of blockages, in this work we focus on closed
doors that require pressing a button to continue navigation.
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Fig. 2: Overview of the proposed method. The robot follows a planned path, invokes VLM-based reasoning when blocked,
uses CLIP-based detection to localize interaction objects, performs the required action, and continues navigation.

(a) Image view of the navigation
scene, showing the robot’s goal
and the closed door along the
path.

map, sensor data, and the planned
path passing through the closed
door.

Fig. 3: Example of path blockage during navigation. The path
planned guides the robot to a closed door (left) and trys
to go through it. The right image presents a map view. No
alternative path exists on the same floor, requiring the robot
to actively handle the blockage.

Fig. 4: Examples of images provided to the VLM for blockage
analysis. The two images are captured at different distances
from the door, approximately 1.5m and 0.5 m, demonstrating
how the input viewpoint can be adjusted.

In addition, we heuristically set the distance from which
the image is taken when querying the VLM for analysis.
Figure 4 shows two examples: one image captured (leff) from
approximately 1.5 m away and another right from about 0.5 m,
illustrating how input scale can be adjusted by our method.
To structure the interaction with the VLM, we adopt a
model-context-protocol (MCP) design. This approach im-

TABLE I: Model Context Protocol (MCP) prompt structure
used for VLM-based blockage handling.

Context Element | Example Content

General You are assisting a ground robot perform-

Instructions ing an autonomous navigation mission. The
robot’s path may be blocked because its plan-
ning map assumes certain passes or check-
points are always open.

Robot Equipped with a manipulator; can push or

Capabilities press/click a button; not strong enough to

rotate handles or push open heavy doors.

Task Instruction When an image is provided, analyze it and
return:

* Obstacle Identification — what is blocking
the path

* Interaction Opportunities — objects that can
clear the blockage

* Action Recommendation — push / press /
none

Return fields for Obstacle, Interaction Ob-
ject, and Recommended Action. Generate an
annotated image with bounding boxes as a
downloadable file link.

Output Format

proves reliability by explicitly encoding information about
the navigation task, the robot’s physical capabilities, and the
desired output format. As summarized in Table I, the protocol
specifies general navigation instructions, enumerates feasible
robot actions, defines the expected analysis of scene images,
and constrains the output to a machine-readable format.

During deployment, the robot simply issues the runtime
query ‘unblock me* together with the scene image, while the
MCP context ensures that the VLM consistently interprets the
request and produces actionable guidance.

C. Integration with Open-Vocabulary Detection

When performing blockage handling with recent VLMs,
including GPT-40 and GPT-5, we observed that these models
are capable of perceiving the environment and reasoning about
blockages. However, we also found that their direct local-
ization of interaction objects is unreliable: bounding boxes
drawn by the model are often misplaced and require multiple
iterations of self-correction to converge. Figure 5 illustrates
this issue, where the initial prediction fails to align with



(a) Initial predicted bounding box (b) Correct bounding box after
is misplaced from the actual door three iterations of self-correction.
button.

Fig. 5: Direct object localization from a VLM (GPT-5 in this
example) is unreliable, often requiring multiple iterations to
refine bounding boxes.

the actual button, and a correct localization is only achieved
after three rounds of refinement. Such iterative behavior is
impractical for real-time navigation.

To address this limitation, we integrate the VLM with an
open-vocabulary object detector based on CLIP. In this paper,
the VLM first generates a high-level suggestion describing the
required interaction object (e.g., ‘door button‘). This textual
cue is then passed to the CLIP-based detector [29], which
searches the scene image for corresponding visual instances
and outputs bounding boxes around candidate objects. This
design allows the VLM to focus on semantic reasoning, while
CLIP provides accurate and efficient localization. Together,
they enable the robot to ground language-based reasoning into
concrete visual cues that can be directly used for planning and
manipulation.

D. Unblocking and Navigation Continuation

Once the interaction object is successfully localized, the
robot performs the corresponding action to resolve the block-
age. In this work, the robot navigates to a location adjacent to
the detected button and presses it to open a closed door. After
the environment is unblocked, the robot resumes following
its planned path toward the goal. The ROS2 navigation stack
continues to provide localization and motion control, while our
system monitors progress to detect any further blockages. If
additional obstacles are encountered along the way, the same
reasoning—detection—interaction cycle is triggered, enabling
the robot to repeatedly unblock itself until the destination is
reached. This iterative process allows the robot to maintain ro-
bust navigation performance in complex indoor environments
where multiple interventions may be required during a single
mission.

IV. EXPERIMENTS

We conduct experiments in real-world indoor environ-
ments to evaluate the effectiveness of the proposed navigation
method. We first describe the experimental setup, including
the robot platform and test environments. We then present

Fig. 6: The experimental platform built on a Clearpath Jackal
mobile base, equipped with a 2D LiDAR, an Intel RealSense
camera, and a manipulator for interacting with door buttons.

representative results highlighting key steps of the navigation
process, focusing on blockage reasoning, interaction-object
localization, and manipulation. The experiments show that the
proposed method enables the robot to actively unblock itself
and complete navigation tasks that cannot be achieved by a
standard passive navigation strategy.

A. Experimental Setup

Our robot platform is built on a Clearpath Jackal mobile
base equipped with a 2D LiDAR, an Intel RealSense depth
camera, and a manipulator mounted on top (Fig. 6). The 2D
LiDAR is primarily used for localization and for detecting
blockages along the planned path. The camera provides visual
input to the VLM, as well as image streams used by the open-
vocabulary detector to localize interaction targets. In this work,
the interaction target is the button used to open doors.

Experiments were conducted in an office building envi-
ronment with corridors, offices, and multiple doorways. In
these settings, the robot was tasked with navigating from
one location to another while encountering closed doors that
blocked the initially planned path.

B. Task Completion

We first evaluate whether the proposed method enables the
robot to complete navigation tasks that cannot be achieved by
passive planning (Nav2 only).

When relying only on passive replanning, as can be seen
from 7a, the robot first assumes there is a collision-free path
to the destimation. However, as it gets closer, it found the
opening is actually blocked, while no alternative free path
exists. Since no feasible detour exists, the robot fails to reach
the destination.

When relying only on passive replanning, the robot initially
assumes that a collision-free path to the destination exists, as
shown in Fig. 7a. However, as the robot approaches the goal,
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Fig. 7: Failure of passive navigation. The robot is unable to
complete the task when the planned path is blocked by a closed
door.

(a) With the blockage reason-

(b) The map shows an opened space
ing, the robot detects and click after clicking the door button.
the door button to unblock it-

self.

Fig. 8: Success of our method: the robot actively unblocks the
environment and completes the navigation task.

it discovers that the apparent opening is actually blocked, and
no alternative free path is available. Since no feasible detour
exists, the robot fails to reach the destination (Fig. 7b).

In contrast, our method actively handles the blockage by
reasoning about the situation, localizing the interaction object,
and pressing the button to open the door. As a result, the robot
successfully reaches the goal in an end-to-end manner (Fig. 8).
See Subsection IV-C for detailed evaluations of the blockage
reasoning and detection.

To quantify these observations, we measured task success
rates over multiple runs in the office environment. Throughout
our tests, as long as CLIP successfully detects and localizes
the door button, the robot always succeed in navigating to the
goal locations.

C. Results on VLM-Based Blockage Reasoning

To illustrate the reasoning—detection—interaction details, we
show a representative example of the robot encountering a
closed door. The MCP prompt structure has been introduced
in Sec. III. Table II shows the output from GPT-5 when
queried with a scene image shown in Fig.9. The VLM correctly
identified that the closed door blocked the path and suggested
pressing the nearby button as the unblocking action. Based on

TABLE II: Representative VLM response (GPT-5) to the
blockage prompt.

Field

Obstacle
Interaction Object
Recommended Ac-
tion

Output

Closed door blocking the path
Door button on the right side
Press the button

"

-

Fig. 9: Examples of button detection and localization using
CLIP after the VLM suggests pressing the button. The first two
subfigures show successful cases, while the third illustrates
a representative failure caused by side-view detection under
strong background lighting. Across all trials, CLIP achieved
an 85% success rate in button localization.

this suggestion, the CLIP-based detector localized the button
in the image.

To further evaluate robustness, we collected 20 additional
images from different door locations and processed them with
the reasoning—detection pipeline. In all cases, the VLM cor-
rectly identified the blockage as a closed door, and the CLIP-
based detector localized the button with an overall success
rate of 85%. Fig. 9 presents three example results. A common
failure mode, illustrated in Fig. 9, occurs when the robot views
the button from a steep side angle under bright background
conditions, which reduces the detector’s reliability.

D. End-to-End Navigation Sequence

To visually summarize the entire navigation process, we
present four representative snapshots of one trial (Fig. 10).
The sequence illustrates the key stages: (a) the robot follows
the initially planned path, (b) encounters a closed door that
blocks progress, (c) reasons about the blockage and presses
the button, and (d) continues along the newly opened path to
reach the destination.

V. CONCLUSION AND FUTURE WORK

In this paper, we presented a method that enables a robot to
actively resolve situations where passive replanning fails. By
combining classical path planning with VLM-based reasoning
and CLIP-based open-vocabulary detection, the robot is able
to identify blockages, localize relevant interaction objects,
and perform actions such as pressing a button to open a
door. Experiments in an office environment demonstrated
that the proposed approach successfully unblocks navigation
and allows the robot to complete tasks that are otherwise
unachievable by standard passive methods.

Our experiments further revealed that reliable button local-
ization is critical for task success. A simple heuristic approach
of stopping at a fixed distance from a blockage is insufficient,
as it may not guarantee that the interactive object is within



Fig. 10: Representative sequence of one navigation task. From left to right: (1) Following a planned path. (2) Blockage
encountered. (3),(4) Reasoning and executing unblocking solution. (5) Path cleared. (6) continuing and completing the
navigation task.

view. Instead, actively searching for and localizing interactive
elements, such as door buttons, emerges as a promising
direction to ensure robust execution of unblocking behaviors.

While these results are promising, the current implemen-
tation addresses only one type of blockage: closed doors
requiring button interaction. In practice, robots may encounter
a wider variety of obstacles and dependencies, including
elevators, temporarily blocked hallways, or complex multi-
step interactions. The success of unblocking in these broader
scenarios will depend critically on how the robot’s model
context is specified and how effectively the VLM can interpret
that context.

In future work, we aim to extend the proposed method to
handle a wider spectrum of indoor blockages, improve robust-
ness under challenging visual conditions, and systematically
investigate what forms of context, map representation, and
state information are necessary for robots to flexibly unblock
their way in the manner humans naturally do. Ultimately, this
line of research moves toward robots capable of interactive
and adaptive navigation in complex human environments.
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