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ABSTRACT

Assistive technologies for people with visual impairments increasingly use artificial
intelligence to support object-finding and navigation in indoor environments. Yet fully
autonomous perception remains unreliable in such settings, asindoor spaces are visually
complex, only partially observable from the user’s current viewpoint, and subject to
continuous change. Our work takes the position that effective assistive navigation is
inherently collaborative; the system performs continuous perceptual processing, while
the user provides occasional natural-language guidance when the search becomes
uncertain or inefficient. To this end, we propose a human-Al collaboration framework
that utilizes a Vision-Language Model (VLM) as the perceptual and semantic backbone
of a navigation agent. A human user, modeled by a simulated intervention controller,
provides sparse and structured guidance, which is integrated with the VLM to update its
semantic search hypotheses toward the likely location of the target object. Evaluation
is conducted in the Habitat simulator on photorealistic scenes from the Habitat-
Matterport3D dataset. Experiments analyze how human guidance affects task success
and navigation efficiency, showing that guidance is most effective when it corrects
the VLM’s misalighed semantic search hypotheses, providing insights into the role of
minimal human input in VLM-based assistive navigation systems.
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INTRODUCTION

Assistive technologies for people with visual impairments increasingly
incorporate computer vision and Al systems that interpret visual scenes
and translate them into actionable feedback for users navigating everyday
environments (Dakopoulos and Bourbakis, 2010; Tapu et al., 2013). In
practice, however, autonomous perception alone is often insufficient. Indoor
environments are visually complex, partially observable, and continuously
changing, making it difficult for an Al system to reliably locate a target object.
Navigation in such settings frequently becomes a collaborative process in
which a human user provides occasional guidance when uncertainty or
failure risk increases. Figure 1 illustrates this framing.

Prior work in assistive technology for people with visual impairments has
explored wearable and mobile systems for obstacle avoidance and scene-aware
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support (Dakopoulos and Bourbakis, 2010; Tapu et al., 2013). These systems
establish the practical importance of assistive perception, but they typically
emphasize direct environmental feedback rather than collaborative indoor
object-finding under partial observability. More recent language-guided
navigation work such as SayNav shows the growing use of language-based
planning for embodied navigation (Rajvanshi et al., 2024), but it is not
developed for assistive object-finding by visually impaired users or for studying
sparse human guidance as belief-updating evidence during search. In contrast,
the present work focuses on lightweight human--Al collaboration for indoor
object finding, where occasional natural-language guidance updates the agent’s
internal hypothesis without retraining the navigation backbone or introducing
a heavier mapping or policy-learning stack.

Supervisory control frameworks describe policies in which an operator
monitors autonomous behavior and intervenes selectively when task
uncertainty rises (Goodrich and Schultz, 2007). In shared autonomy systems,
human inputs bias action selection or update task beliefs without replacing
the underlying policy (Javdani et al., 2015), and sparse feedback can guide
agent behavior as probabilistic evidence shaping decision-making (Griffith
et al., 2013). Indoor object-finding provides a natural application: a user
can provide concise guidance such as “It should be next to the bed” without
specifying a trajectory. The challenge is to incorporate such sparse natural-
language guidance into an autonomous navigation system while preserving
the simplicity of the underlying policy.

Recent advances in VLMs have enabled joint reasoning over visual
observations and natural language (Radford et al., 2021; Li et al., 2023;
Liu et al., 2023), with VLMs increasingly explored as perceptual backbones
for embodied agents navigating complex environments (Majumdar et al.,
2022; Shen et al., 2023). In the object-goal navigation task, an agent must
find a target object category using only egocentric visual observations and
a semantic goal (Anderson et al., 2018). VLMs can provide coarse semantic
cues about object presence and approximate direction, but translating these
signals directly into navigation actions can produce oscillatory turning,
inefficient exploration, or repeated collisions (Chaplot et al., 2020).

Many approaches address these limitations through persistent memory
representations, spatial maps, or learned navigation policies (Chaplot et al.,
2020; Majumdar et al., 2022), but these increase system complexity and
training requirements. For assistive applications, where systems may need to
run on wearable or mobile hardware with limited latency and power budgets,
interpretability and computational efficiency are critical, making lightweight
alternatives desirable. We explore whether sparse human guidance can
correct navigation behavior by directly influencing the agent’s internal
beliefs about target location, without modifying the navigation architecture.
We model human assistance as a structured intervention policy emitting
short natural-language guidance during navigation, adopting a three-type
taxonomy: informational, expressive, and directive, grounded in Biihler’s
Organon model (Bihler, 1934) and speech-act theory (Searle, 1969). The
agent maintains a belief distribution over scene landmarks derived from VLM
semantic ranking; human guidance modifies this belief distribution through
re-ranking rather than direct action control. We conduct an empirical study
in the Habitat ObjectNav simulator across twenty photorealistic HM3D
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validation scenes, analyzing whether guidance corrects the VLM’s semantic
prior, whether belief updates translate into improved navigation, and how
robust this reasoning process is to imperfect guidance. All guidance in this
study is generated by a simulated intervention controller rather than real
participants; the goal is to isolate the causal effect of structured guidance
on VLM belief updating and navigation under reproducible conditions. The
key contributions of this work are threefold. First, we propose a lightweight
human--Al collaboration framework for indoor object-finding in which
sparse natural-language guidance updates a VLM-based agent’s landmark
belief without retraining the navigation backbone. Second, we introduce a
controlled simulation methodology for studying sparse structured guidance
under reproducible conditions using a finite-state intervention controller.
Third, we provide an empirical evaluation on twenty HM3D validation scenes
and introduce Interaction Efficiency (IE) to measure how effectively guidance
is utilized after it is provided. Section 2 describes the framework, Section 3
the experimental setup, Section 4 the results, and Section 5 concludes.

VLM Agent

VLM Backbone Navigation Policy
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Q@ Visibility
Is <goal > visible? :
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Figure 1: System overview of the human-Al collaboration framework. The VLM agent
processes egocentric RGB observations through three structured queries: visibility
detection, coarse direction estimation, and semantic landmark ranking, to maintain
a landmark belief distribution and select navigation actions. A simulated human
user monitors agent behavior and emits sparse structured guidance (informational,
expressive, or directive) via the intervention controller, which triggers semantic re-
ranking of candidate landmarks to update the agent’s navigation hypothesis without
modifying the underlying policy.
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DEVELOPING A LIGHTWEIGHT HUMAN-AI COLLABORATION
FRAMEWORK FOR INDOOR OBJECT-FINDING

Problem Formulation

We study collaborative indoor object-finding in an assistive setting, motivated
by scenarios in which a visually impaired user seeks support in locating an
everyday object in an unfamiliar or partially observed indoor space. Because
real-user studies require substantial safety controls and introduce sources of
variability that make early-stage mechanism analysis difficult, we conduct
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this work as a controlled simulation study in Habitat. As shown in Figure 1,
this setup isolates the interaction between the VLM navigation backbone,
the landmark belief distribution, and the simulated human intervention
policy under reproducible conditions. We formulate the task as object-goal
navigation (ObjectNav), in which an agent must navigate to an instance of
a specified object category using only egocentric visual observations and a
semantic goal label. At each time step , the agent receives an RGB observation
and selects a discrete action:

a, € {move_ forward, turn_left, turn_right, look up,
look down, stop}.

The objective is to reach the target object within a bounded episode
horizon while minimizing unnecessary exploration. An episode is successful
if the agent issues stop within a predefined success radius of the goal.

VLM Navigation Policy

We use Qwen2-VL-2B-Instruct (Wang et al., 2024) as the VLM backend. As
illustrated in Figure 1, the VLM supports three query functions that are used
at different points in the navigation loop. At each step, it is asked whether
the target object is currently visible in the RGB observation using a binary
visibility prompt, for example:

“Is the chair visible in this image? Answer only yes or no.”

If the object is judged visible, the model predicts a coarse relative direction
with respect to the camera view (e.g., left, front, right) using a directional
query such as:

“Where is the chair relative to the camera view? Answer with one word:
left, front, or right.”

Separately, the model receives a text-only ranking prompt over the set of
scene landmarks to estimate semantic proximity between the goal category
and potential proxy locations, for example:

“Rank the following objects from most to least likely to be in the same
location as a chair: bed, couch, kitchen cabinet, desk, bathtub. Return the
ranked list.”

The ranking is performed over the landmark set extracted from a scene-
specific sparse prior map of the environment. In the present study, this prior
map is precomputed once per HM3D scene from ground-truth semantic scene
annotations and represented as a JSON landmark list containing category
labels and associated navigable landmark positions. At episode start, this
landmark vocabulary is loaded for the current scene, and the VLM ranks these
landmarks conditioned on the goal category g, yielding the initial landmark
distribution b, = VLMRank(L, g). As shown in Figure 1, the same ranking
mechanism is invoked again during exploration when progress stalls or when
human guidance is received.
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The navigation policy is a priority-ordered state machine with three
modes:

—_

Stop: If the agent is within the success distance of the goal, it issues stop.

2. Approach: If the goal is visible, the agent queries its coarse relative
direction (left, front, right) and converts this into a turning or forward
action; when sufficiently close, it uses a geometric controller for the final
approach.

3. Explore: Otherwise, the agent selects the highest-ranked proxy landmark,

¢, = arg max,_.b,((),and navigates towards it. If progress stalls, it refreshes

the landmark distribution using a new ranking query and continues
exploration.

Progress is considered stalled when the distance-to-goal does not decrease
over the last k steps (here k = 10). In that case, the agent refreshes its belief
by re-invoking b,,, = VLMRank(Z, g), or if human guidance is available,
applies guidance-conditioned re-ranking b, , = VLMRank(L, g, u,).

HUMAN GUIDANCE MODULE
Motivation and Communication Taxonomy

The collaboration layer shown in Figure 1 is motivated by the observation
that failures of the baseline VLM agent are often evident at the behavioral
level. High belief entropy indicates uncertainty over where to search low
progress indicates that the agent is stuck or exploring inefficiently and
repeated turning or proxy exhaustion indicate that current semantic guidance
is not yielding useful progress. These are precisely the kinds of signals that, in
supervisory interaction, justify selective human intervention (Goodrich and
Schultz, 2007). To structure the content of human assistance, we adopt a
three-part taxonomy grounded in established theories of language function.
Biithler’s Organon model distinguishes representational, expressive, and
appellative functions of language (Biihler, 1934), and related distinctions are
operationalized in speech act theory (Searle, 1969). We map these functions
to three guidance types:

¢ Informational guidance provides semantic world knowledge about likely
target location, e.g. “It should be next to the bed.”

e Expressive guidance communicates confidence or uncertainty about
preceding guidance, e.g. “I am fairly confident.”

e Directive guidance instructs the agent to redirect behavior toward a
named landmark, e.g. “Go to the bathroom cabinet.”

In the present study, these guidance types are implementation choices
within the simulated intervention controller rather than separate task
conditions. Guidance is generated from a small set of predefined natural
language templates selected according to the current interaction state and
instantiated with the current landmark hypothesis where needed.
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Intervention Policy

Human guidance is modeled as a lightweight intervention policy that monitors
the agent’s internal navigation context and emits structured guidance only
when needed. Formally, the human user is modeled as a finite-state controller:

H=(S,5,7,, E, B),

where S is the set of interaction states, s, is the initial monitoring state, 7,
is the transition policy, E maps the current interaction state to a guidance
type and template utterance, and B is the maximum number of guidance
interventions allowed per episode. The controller observes a compact context
vector consisting of belief entropy, progress over recent steps, proxy failures,
turning oscillation, normalized episode progress, and budget remaining. These
quantities are computed directly from the agent’s current belief distribution
and recent navigation history. Based on these signals, the controller alternates
between monitoring and intervention states. In the deterministic version,
high uncertainty with low progress triggers informational guidance, while
repeated failure or late-stage urgency triggers directive guidance. An uncertain
variant introduces stochastic transitions, occasional landmark noise, and
reliability variation to model imperfect human input. The deterministic and
uncertain variants are intended to span the space between ideal and noisy
human communicators, not to replace empirical user behavior.

Semantic Re-Ranking Under Human Guidance

As depicted in Figure 1, human guidance influences navigation by
conditioning the VLM’ landmark re-ranking over the candidate set
L={{,...,{}. The agent maintains a landmark hypothesis as a categorical
distribution b, € AN-'. At episode start, this belief is initialized by ranking
the landmarks in the sparse prior map with respect to the goal category,
b, = VLMRank(L, g). When guidance #, arrives, it is appended to the ranking
prompt, yielding an updated distribution b, = VLMRank(L, g, ), which
replaces b, for subsequent proxy selection. In all cases, the core mechanism is
the same: guidance is fused into the landmark-ranking prompt as additional
language context, and the updated ranking is then used to revise the agent’s
current search hypothesis. The different guidance forms described above
differ only in the content of the added text, for example by providing location
evidence, expressing confidence, or specifying a landmark-level redirect.

Table 1: Evaluated conditions. All agents share the same zero-shot Qwen2-VL-2B-
Instruct navigation backbone; only the collaboration layer differs.

Tag Condition Description

C1  Vanilla VLM Unassisted baseline without human guidance.

C2  Fixed guidance Single informational guidance using an oracle landmark hint,
injected once at a uniformly random step during the episode.

C3 FSM Deterministic finite-state intervention controller that monitors
(deterministic)  the agent state and emits informational, expressive, or directive
guidance according to predefined trigger rules.
C4  FSM (uncertain) Stochastic variant of the FSM controller with noisy transitions,

occasional landmark noise, and sampled reliability to model
imperfect human guidance.
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EXPERIMENTAL SETUP AND EVALUATION

Experiments are conducted in Habitat using the Habitat-Matterport3D
(HM3D) validation split containing 20 validation scenes (Ramakrishnan
et al., 2021). Episodes are drawn from a fixed multi-goal benchmark with
six object categories: bed, chair, plant, sofa, toilet, and
tv_monitor. The navigation backbone is Qwen2-VL-2B-Instruct used
zero-shot without finetuning. We compare four agent conditions (tagged
C1-C4) that share the same VLM navigation backbone and differ only in
the collaboration layer (Table 1). C1 is the unassisted baseline. C2 injects a
single informational guidance at a uniformly random step and uses an oracle
landmark selector, where the oracle landmark is the landmark geodesically
closest to the goal object from the shared vocabulary. C3 uses a deterministic
finitestate machine (FSM) intervention policy with up to three interventions
per episode. C4 uses a stochastic FSM variant with transition noise, landmark
noise, and sampled reliability, modeling imperfect human input. In C3 and
C4, the intervention budget is B = 3 per episode. The uncertain FSM in
C4 uses transition noise € = 0.15, landmark noise n = 0.20, and sampled
reliability. Within the FSM-based conditions, the different guidance forms
are used as part of the intervention policy and are not evaluated as separate
experimental conditions; therefore, the main comparison in this study is at
the level of collaboration strategy rather than individual guidance type. We
evaluate on a total of 1,817 episodes per condition. Episodes are limited to
200 steps. For each scene, episodes are held fixed across conditions to ensure
direct comparability. Moreover, both the agent and the simulated human
controller access the same precomputed landmark vocabulary derived from
the scene’s semantic annotations.

We evaluate both task performance and collaboration mechanism. Standard
ObjectNav metrics are Success Rate (SR), Success weighted by Path Length
(SPL), mean path length, and mean number of steps. To isolate post-intervention
behavior, we define Interaction Efficiency (IE) as SPL recomputed over the
trajectory segment after the guidance step, thereby removing exploration cost
incurred before assistance arrives. We further report three belief-level metrics:
entropy reduction proxy redirect rate, and pre-guidance oracle rank. The
pre-guidance oracle rank is the rank assigned to the oracle landmark within
the agent’s belief distribution at the moment guidance arrives; a high rank
indicates that the agent had deprioritized the correct search target before the
intervention. These metrics measure whether guidance changes what the agent
believes and whether this change is behaviorally adopted.

RESULTS AND DISCUSSION

Table 2 summarizes aggregate performance across all 20 HM3D validation
scenes. Relative to the unassisted baseline (C1), all collaborative conditions
improve both success rate and SPL. The best aggregate condition is C2,
which increases SR from 78.8% to 87.8% and SPL from 0.637 to 0.764,
while reducing mean path length from 15.06m to 10.57m and mean steps
from 68.9 to 44.6. C3 and C4 remain close behind, indicating that sparse
guidance is effective at scale and that the collaboration mechanism is robust
to moderate uncertainty in the guidance channel.
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Table 2: Aggregate navigation performance across
all 20 HM3D validation scenes.

Condition N SR (%) SPL Path(m) Steps
C1 1817 78.8  0.637 15.06 68.9
c2 1817 87.8 0.764 10.57 44.6
C3 1817 87.0 0.707 12.51 54.9
C4 1817 86.6  0.705 12.54 552

Table 3: Belief-level collaboration metrics over guidance episodes.
Redundancy denotes the fraction of episodes in which the oracle
landmark was already ranked first before the guidance.

Cond. N AH Redirect (%) Pre-Guidance Rank Redundancy (%)

Cc2 170 0.029 100.0 4.49 7.1
C3 182 0.027 0.0 4.70 2.7
C4 187 0.034 9.6 4.42 9.1

Several limitations bound the scope of these findings. Human guidance in
this study is generated by a simulated intervention controller rather than real
users; whether the observed interaction properties generalize to actual human
users, including users with visual impairments, remains to be established.
Additionally, the prior landmark map is precomputed from ground-truth
scene semantics, an assumption that would require a semantic mapping
stage in a deployed system. Future work should extend evaluation to studies
with real human participants, and investigate how human guidance interacts
with the VLM’s internal semantic knowledge during landmark re-ranking.
Specifically, what linguistic properties of guidance drive belief correction,
and how the model weighs human-provided evidence against its own spatial
priors when updating the landmark belief distribution.

CONCLUSION

This paper studied how sparse simulated human guidance affects a zero- shot
VLM navigation agent in assistive indoor object-finding. Across 20 HM3D
validation scenes, all collaborative conditions improved over the unassisted
baseline, showing that lightweight language-based collaboration can
substantially improve navigation without retraining the backbone or adding a
heavier mapping architecture. The results further indicate that the main value
of guidance lies in correcting mis-ranked semantic search hypotheses, and
that its effectiveness depends on how quickly those belief updates influence
action selection. Overall, the study supports sparse human—AlI collaboration
as a viable design direction for assistive indoor object-finding systems.
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