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Abstract— Zero-shot object-goal navigation (ZSON) is a
challenging problem in robotics that requires a comprehen-
sive understanding of both language and visual observations.
Contextual cues from rooms and objects are critical, but
their relative importance depends on the target: some objects
are strongly tied to specific room types, while others are
better predicted by nearby co-located objects. Existing methods
overlook this distinction, leading to inefficient and inaccurate
exploration. We present CLUE, a novel navigation framework
that adaptively balances the use of contextual rooms and
objects by leveraging commonsense knowledge extracted from
an offline large language model (LLM). By estimating a target’s
association with room types using LLM, the agent prioritizes
room cues for predictable objects and object cues for those with
weak room associations. Our framework constructs a unified
semantic value map that integrates both types of contextual
information, adaptively weighted by the target’s ambiguity to
guide exploration. Combined with multi-viewpoint verification
and an exploration strategy informed by contextual cues, CLUE
achieves robust and efficient navigation. Extensive experiments
in simulation and real-world deployments show that our method
consistently outperforms state-of-the-art baselines in both suc-
cess rate (SR) and success weighted by path length (SPL),
demonstrating its effectiveness and practicality for real-world
navigation tasks.

I. INTRODUCTION

Navigating to find a target object in an unseen envi-
ronment, known as object-goal navigation (ObjectNav) [1],
[2], is a fundamental challenge in robotics and embodied
AI. Success in this task requires more than accurate object
detection. The agent must reason about where objects are
likely to appear by leveraging the environmental context.
For example, the agent needs to recognize that toilets are
usually located in bathrooms, while chairs are often found
near tables. This requires linking object categories to their
typical spatial and functional contexts, enabling the agent to
infer potential object locations and bridge the gap between
abstract commands and physical exploration.

Recent advances in foundation models such as large lan-
guage models (LLMs) [3], [4] and vision-language models
(VLMs) [5], [6] have enabled rapid progress in zero-shot
ObjectNav (ZSON) [7]–[18]. ZSON offers a more general
and efficient setting for real-world deployment, as it removes
the need for task-specific training and allows an agent to
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To find the toilet, the 
priority is to locate 
the bathroom first, 
and then search for the 
toilet within it.

“Find toilet”

(A) Global context

“Find chair”

(B) Local context

Instead of searching 
everywhere for a chair, 
we should find a 
couch or a table first, 
since they often have a 
chair nearby.

Agent  Contextual objects

Sofa
Table

Goal object

Shelf
TV

Contextual rooms

Fig. 1. Illustration of our adaptive strategy for target object search. For
objects strongly correlated with particular room types, the agent empha-
sizes global context using contextual rooms where the target is likely to
appear. For objects with low association to specific room types, the agent
emphasizes local context using contextual objects that are likely to be co-
located with the target.

adapt to new targets and environments on the fly. Some
works [7], [8] employed CLIP [5] to align visual inputs with
target categories, enabling zero-shot recognition of objects
in novel scenes. Subsequent approaches [9]–[11] extended
this idea by integrating similarity between the current visual
observation and the target category into a physical seman-
tic value map, supporting better spatial reasoning. Other
works [13]–[18] leveraged LLMs for higher-level reasoning,
using them to interpret accumulated observations and plan
subsequent actions. Collectively, these efforts have estab-
lished a strong foundation for ZSON by integrating powerful
vision–language understanding with spatial reasoning.

Despite recent progress, current ZSON methods do not
adaptively adjust the relative importance of contextual cues,
limiting their effectiveness and accuracy. In many cases,
contextual rooms where an object is typically found, and
contextual objects it is often co-located with, provide strong
semantic cues for the ObjectNav. Although both cues are
valuable, their relative importance depends on the target. For
example, when searching for a toilet that is strongly associ-
ated with a bathroom, prioritizing contextual rooms enables
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more efficient navigation. Conversely, when searching for a
chair that is not tied to a specific room type, emphasizing
contextual objects such as a table leads to reliable navigation.
In summary, contextual rooms provide a stronger signal
for objects strongly tied to a specific room type, whereas
contextual objects should be emphasized for objects whose
locations can be inferred from co-located items.

We propose CLUE (Adaptively Prioritized Contextual
Cues by Leveraging a Unified Semantic Map for Effective
Zero-Shot Object-Goal Navigation), a novel navigation
framework for ZSON that constructs a unified semantic value
map with adaptively prioritized contextual cues. We first
quantify the value of each cue. The target object score serves
as a base for our semantic value map, which utilizes a vision-
language model (VLM) to compute the similarity between
the current observation and the target object category. The
contextual room score is obtained using a similar technique,
with the text prompt changed to predefined room types.
The contextual object score is computed from the semantic
correlation between the target and contextual objects and
is modeled as a Gaussian distribution centered on their
locations. These scores are then fused into a unified semantic
value map, weighted by the normalized entropy of the target
object’s room association probability distribution, derived
from offline LLM queries. This adaptive weighting allows the
semantic value map to reflect the characteristics of the target
object by balancing global room-level cues and local object-
level cues, enabling more effective navigation. For targets
with low entropy on room associations (Fig. 1(a)), the seman-
tic value map prioritizes contextual room scores, highlighting
global environmental cues. In contrast, for targets with high
entropy (Fig. 1(b)), greater weight is assigned to contextual
object scores, emphasizing local spatial relationships.

The agent navigates using this weighted semantic value
map by sequentially moving toward the most promising fron-
tier. To ensure robustness, CLUE performs multi-viewpoint
observations of each target candidate for robust verification.
A further advantage of our framework is its ability to perform
higher-level reasoning without relying on costly online LLM
queries. Instead, we use offline LLM queries to extract
commonsense knowledge about target–room associations,
contextual rooms, and co-located objects before execution,
which significantly reduces computational overhead and
avoids delays during real-world navigation.

We validate our approach through extensive experiments
on the HM3D [19] dataset. CLUE achieves state-of-the-art
performance, outperforming competitive baselines in both
success rate (SR) and success weighted by path length (SPL).
We further deploy CLUE on a Clearpath Jackal platform
in real-world settings, demonstrating its practicality for on-
board navigation.

In summary, our work makes three key contributions:
• We introduce CLUE, a framework that constructs a uni-

fied semantic value map by balancing contextual room
and contextual object cues according to the target’s
characteristics, enabling more reliable exploration.

• We ensure real-time capability by leveraging offline

LLM queries for commonsense knowledge, eliminating
the latency and computational overhead of online LLM
reasoning.

• We validate the effectiveness of our method through
extensive experiments in both simulation benchmark
and real-world deployment, achieving state-of-the-art
performance compared with state-of-the-art baselines.

II. RELATED WORKS

A. Zero-Shot Object-Goal Navigation

With access to internet-scale training data, LLMs [3], [4]
and VLMs [5], [6] have demonstrated strong generaliza-
tion and reasoning capabilities. Recent works [8]–[11] have
leveraged these models to tackle object-goal navigation in
a zero-shot setting. COWs [8] employs CLIP [20] to align
the current visual observation with the target object descrip-
tion, but relies on single-frame signals that lack spatial-
temporal context. VLFM [9] constructs a semantic value
map by computing CLIP-based similarity between the target
object and current observations for better reasoning, but
uses the same strategy for all targets without distinguishing
whether they are better localized through room cues or co-
located objects. Onemap [10] extends VLFM to sequential
multi-object navigation by maintaining a memory of prior
search locations, and ApexNav [11] builds on VLFM by
adapting exploration based on the magnitude of semantic
cues. However, both methods also employ an object-agnostic
strategy, thereby preventing the full exploitation of contextual
information.

While these methods demonstrate the potential for ZSON,
they do not fully leverage contextual cues. Most rely only on
local information or do not consider the relative importance
of cues. In contrast, our approach constructs a unified se-
mantic value map that adaptively balances global room-level
and local object-level cues, weighting them according to the
relative importance based on the target.

B. LLM-based Reasoning for ObjectNav

Recent works [12]–[15] leverage LLMs for higher-level
reasoning by incorporating commonsense knowledge. These
methods provide the LLM with structured representations of
the scene, transforming raw observations into formats that
capture object relationships and spatial context to improve
decision-making. ESC [12] queries an LLM to infer which
frontiers may lead to the target based on detected objects.
SG-Nav [13] constructs a hierarchical 3D scene graph and
queries the LLM to select navigation actions. VoroNav [14]
encodes a topological map together with semantic infor-
mation into textual descriptions of the environment and
exploratory paths, which are then provided to the LLM to
determine actions. OpenFMNav [15] builds a semantic score
map from human instructions and employs LLM-based com-
monsense reasoning to guide exploration. However, these
methods rely on online LLM queries, which often introduce
computational overhead and redundancy.

Although LLMs provide strong reasoning capabilities
through commonsense knowledge, continuously querying
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them during execution hinders real-world applicability due to
high latency. In contrast to other methods, we leverage LLMs
offline to extract the most relevant knowledge about the
target object prior to execution. This strategy avoids runtime
delays while preserving high-level reasoning ability, enabling
efficient navigation without redundant online queries.

III. CLUE: UNIFIED SEMANTIC VALUE MAP FOR SCENE
UNDERSTANDING

CLUE represents the scene with a unified semantic
value map that integrates contextual room and object cues,
weighted by their relative importance to the target for
reliable navigation. Section III.A defines the problem, and
Section III.B introduces the map representation that provides
the spatial foundation for expressing contextual cues and
guiding navigation. Section III.C details how target object
cues are quantified as scores, which serve as the basis for
the semantic map. Section III.D and Section III.E explain
how contextual rooms and objects are identified and scored.
Finally, Section III.F describes how these signals are fused
into a unified semantic value map with adaptive weighting.
The overall framework is illustrated in Fig. 2.

A. Problem Definition

In ObjectNav, an agent is placed in an unknown environ-
ment with no prior map and tasked to locate a target object
specified by a natural language query (e.g., ‘bed’ or ‘chair’).
The agent’s perception is limited to an egocentric camera
view. A trial is considered successful if the agent stops within
the distance of ds from the target object in at most T steps.

B. Map Representation

We construct a top-down 2D map to represent the envi-
ronment. Similar to VLFM [9], we employ a 2D value map
composed of a geometric map Mgeo and a semantic value
map Msem to represent the environment.

The geometric map Mgeo is generated by projecting the
3D point cloud from an RGB-D camera or LiDAR into
a 2D plane, identifying traversable areas, obstacles, and
unexplored regions. Local maps are continuously integrated
into a global frame using the robot’s pose, classifying regions
as explored, unexplored, or occupied. Frontiers are defined
as center points along boundaries between explored and
unexplored regions to guide exploration.

The semantic value map Msem provides a human-like
interpretation of visual information, capturing the environ-
ment’s semantic structure. Each cell encodes the strength
of contextual cues, indicating the likelihood of the target’s
presence and guiding navigation. Values are computed by in-
corporating not only the target object cues but also contextual
room and object cues.

C. Target Object Cues

CLUE aims to locate the target object in an unknown
environment by quantifying target object cues as the basis
of the semantic value map. Following VLFM [9], we lever-
age a VLM to compute target object scores. In particular,

BLIP2 [6] is used to calculate vtarget as the cosine similarity
between the current view and the target category. This score
represents the relevance of the view to the target and is
stored in the corresponding pixel of the value map, which is
continuously updated as new images are acquired.

Semantic confidence c controls how the target object value
of a previously observed pixel is updated when revisited. It
is defined as follows:

c = cos2
(

θ

θFoV/2
× π

2

)
, (1)

where θ is the angle between the pixel and the optical axis,
and θFoV is the camera’s horizontal field of view (FoV). The
confidence approaches 1 for pixels near the image center and
decreases toward 0 at the edges. This reflects that the cosine
similarity is generally higher in central regions. Note that c
affects only the update of previously observed pixels, not the
assignment of values to newly observed ones.

The target object score is updated based on the confidence
score, together with current and previous values. This update
is performed through a weighted average of the current and
previous values and confidence scores as follows:

vnew
target =

ccurvcur
target + cprevvprev

target

ccur + cprev , (2)

cnew =
(ccur)

2
+ (cprev)

2

ccur + cprev , (3)

where vnew
target and cnew denote the updated target object value

and confidence score; vcur
target and ccur come from the current

observation; and vprev
target and cprev are those stored from the

previous step.

D. Contextual Rooms for Global Spatial Understanding

Contextual rooms strongly associated with the target ob-
ject provide valuable cues for global spatial reasoning. Given
a predefined set of common indoor room categories R =
{R1,R2, . . . ,Rn}, we query an LLM to identify the room
in which the target object Otarget is most likely to be found
as contextual room RC

i . Our goal is to identify a contextual
room and leverage it to guide navigation toward the target
object.

To this end, we compute the contextual room score vroom in
the same manner as the target object score vtarget, but replace
the VLM text prompt with the identified contextual room
category. Thus, vroom reflects the relevance of the current
view to the most relevant room, emphasizing global spatial
cues. The confidence measure for each pixel is defined in the
same way as for vtarget, and the value map is updated using
the same weighted update rule.

E. Contextual Objects for Local Spatial Understanding

Contextual objects that are often co-located with the
target object serve as meaningful cues for local spatial
reasoning. To identify them, we first query the LLM for
a set of contextual objects OC = {OC

1 , . . . ,O
C
m} that are

semantically related to the target object Otarget. We then
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Fig. 2. Overview of CLUE. (a) Construction of a unified semantic value map by adaptively balancing contextual cues according to the target’s characteristics.
Prior to execution, commonsense knowledge is extracted from an LLM, including contextual rooms with their associated probabilities and contextual objects
with their semantic relevance to the target. This information is used to build contextual room and contextual object value maps, which are then fused
adaptively using entropy-based weighting to capture global and local environmental cues. (b) Utilization of the unified semantic value map for exploration
through a coarse-to-fine strategy, where semantically relevant regions are prioritized and multi-view verification ensures efficient and accurate navigation.

compute the semantic correlation cor(Otarget,O
C
j ) between

the target object and each contextual object, normalizing the
scale so that the target’s self-correlation is equal to 1.0. The
correlations with contextual objects are precomputed by the
LLM before the task begins. During exploration, these values
are used by the agent to assign contextual object scores when
such objects are detected by the detection module.

We employ a detection module to recognize contextual
objects and compute the contextual object score vobject,
modeled as a Gaussian distribution. This score reflects the
likelihood of the target object’s presence, being higher near
the detected contextual objects and decaying smoothly with
distance. For each detection, the module records the image
pose, the center of the object point cloud cluster (px, py),
the object class, and the detector’s confidence score as an
object node. The object cluster center is then projected
using the point cloud to obtain (x̄, ȳ) coordinates on the 2D
semantic value map Msem. At this location, the precomputed
correlation score, cor(Otarget,O

C
j ), is utilized to score the

pixel and the surrounding area. The contextual object score
vobject at 2D map location (x, y) is defined as follows:

vobject(x, y)

= A(Otarget,O
C
j ) · exp

(
− (x− x̄)2 + (y − ȳ)2

2σ(Otarget,O
C
j )

2

)
,

(4)

where A(Otarget,O
C
j ) is the amplitude that reflects the impor-

tance of the contextual object, and σ(Otarget,O
C
j ) controls the

spatial spread of the contextual influence around the detected
object’s position (x̄, ȳ). Formally, it is defined as follows:

A(Otarget,O
C
j ) = A0 · cor(Otarget,O

C
j ), (5)

σ(Otarget,O
C
j ) = σ0 + cor(Otarget,O

C
j ), (6)

where A0 and σ0, denote the base amplitude and the base
standard deviation, respectively. In this design, stronger se-
mantic correlation not only increases the weight of contextual
objects through a larger amplitude but also broadens the
spatial influence via a wider spread, enabling the agent to
leverage co-located objects more effectively.

F. Fusing Contextual Cues for Unified Semantic Value Map

We fuse target object scores along with contextual room
and object scores into a unified semantic value map, adap-
tively weighting cues according to the target’s characteristics.
The relative importance is determined by the association
of the target object with specific room types. To estimate
this association, we query an LLM to obtain the probability
P (Rk|Otarget) that the target object is likely to exist in
the room type Rk. From this probability distribution, we
then compute the information entropy as a measure of
the uncertainty in the object’s candidate room location as
follows:

H(Otarget) =
−
∑n

k=1 P (Rk|Otarget)log(P (Rk|Otarget))

log(n)
.

(7)
We provide the agent with a comprehensive semantic rep-
resentation to guide the search for the target object Otarget.
The target object score vroom, the contextual room score vroom,
and the contextual object score vobject are integrated into the
semantic value map Msem, with each cell value given by:

vsem = vtarget + ωroom · vroom + ωobject · vobject, (8)

where the weights ωroom and ωobject are determined by the
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(a)

(b)

Agent observation

Agent observation

Fig. 3. Illustration of the agent’s current observation and its corresponding
representation on the individual value maps (vroom, vobject) and the final
unified semantic value map vsem. (a) An example of a low-entropy object
(toilet), where contextual rooms provide distinctive guidance while contex-
tual objects do not. (b) An example of a high-entropy object (TV), where
the unified map is more strongly influenced by local contextual objects due
to the lack of distinctive spatial evidence from contextual rooms.

entropy H(Otarget). It is formally defined as follows:

ωroom = 1−H(Otarget)

ωobject = H(Otarget) .
(9)

Through this adaptive modeling, low-entropy target ob-
jects that are strongly associated with a specific room cate-
gory prioritize contextual room cues over contextual object
cues, emphasizing global environmental signals. In contrast,
for high-entropy target objects that may appear across diverse
room types, we emphasize contextual object cues as they
provide the most reliable and discriminative information for
guiding navigation, highlighting local environmental signals.
As shown in Fig. 3, the semantic value map captures the
spatial properties most relevant to the target object and
effectively guides the agent’s navigation.

IV. CLUE: EXPLORATION STRATEGY

A. Initialization

At the start of navigation, an agent with a limited FoV has
insufficient semantic cues to reliably guide its movement. To
mitigate this, the agent first performs an in-place rotation
to capture the maximum possible observations from its
initial position. Once it has accumulated sufficient semantic
and geometric understanding of the surroundings, the agent
selects the most promising frontier as its destination and
begins moving toward it.

B. Exploration Using Fused Semantic Value Map

We adopt frontier-based exploration as our navigation
policy. The agent selects the frontier it considers the most
likely to lead to the target object. To improve efficiency, we
incorporate the strategy proposed in ApexNav [11]. We first
determine if sufficient semantic cues have been accumulated,
indicated by checking whether any frontier score on the
unified semantic value map Msem exceeds a predefined
threshold. Before sufficient semantic information is provided,
the agent performs geometry-based exploration by solving
a traveling salesman problem (TSP) to plan its path. After
the condition is met, the agent switches to selecting the
frontier with the highest semantic score as its navigation goal.
This results in a conditional exploration strategy in which

the agent performs rapid geometry-driven exploration when
semantic information is sparse, then transitions to semantic-
driven exploration once reliable cues become available.

C. Multi-View Verification

Once a potential target is identified, the agent enters
a verification phase. Standard single-image detection can
be prone to occlusion and false positives, so our method
navigates to multiple viewpoints around the candidate. The
detection results from these viewpoints are aggregated, tak-
ing into account both the number of consistent detections
and their class agreement. Based on this evidence, the system
determines whether the candidate is a true target or a false
positive. If deemed a false positive, the agent discards the
candidate and resumes the search.

V. EXPERIMENTAL SETTING FOR EVALUATION

A. Dataset

We evaluate CLUE by comparing our proposed method
with state-of-the-art methods on the ObjectNav task in the
Habitat simulator [21] using the HM3D dataset [19]. The
HM3D dataset contains 2,000 episodes across 20 scenes
with 6 types of target objects. It features diverse, building-
scale environments, making it suitable for demonstrating the
effectiveness and robustness of the proposed framework.

B. Baselines

We categorize the baselines based on how they enable
the agent to interpret unknown environments. End-to-end
methods jointly learn environment representations and Ob-
jectNav policies, including ZSON [7], SemExp [22], and
PONI [23]. Although ZSON is often regarded as zero-shot,
it still requires ImageNav training. VLM-based methods [8],
[9], [11] compare the target with the current observation,
with VLFM [9] and ApexNav [11] notable for its value
map formulation similar to ours. LLM-based methods such
as SG-Nav [13] and VoroNav [14] build structured scene
representations and query an LLM for action decisions.
We also include other LLM-driven approaches [12], [15]–
[18] that model complex environmental relationships. All
baselines are evaluated in the same environments using both
success rate and efficiency.

C. Metrics

We use two standard metrics [24] to evaluate ObjectNav
performance: success rate (SR) and success weighted by path
length (SPL). SR is the proportion of episodes in which the
agent successfully reaches the target object. SPL measures
navigation efficiency by comparing the agent’s actual path
length to the shortest possible path length to the target.

D. Implementation Details

For each episode, the maximum number of allowed steps
is set to T = 500, with a success distance threshold of
ds = 0.2m. The agent is equipped with an RGB-D sensor
providing images at a resolution of 640 × 480, with depth
values ranging from 0.5m to 5.0m. The camera is mounted
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TABLE I. Performance comparison of diverse methods on the HM3D
benchmark. Bold indicates the best performance, and gray highlighting
indicates the second-best. (a) End-to-end methods. (b) Zero-shot ObjectNav
methods.

Method LLM query
HM3D

SR↑ SPL↑

(a) ZSON [7] - 25.5 12.6

(b)

VLFM [9] - 52.5 30.4
ApexNav [11] Offline 59.6 33.0
ESC [12] Online 39.2 22.3
VoroNav [14] Online 45.0 26.0
TopV-Nav [16] Online 45.9 28.0
L3MVN [17] Online 50.4 23.1
OpenFMNav [15] Online 54.9 24.4
SG-Nav [13] Online 54.0 24.9
TriHelper [18] Online 56.5 25.3
CLUE (Ours) Offline 61.7 34.3

0.88m above the ground. The agent performs discrete actions
consisting of moving forward by 0.2m or rotating by 30◦.
For the VLM used to compute the contextual room score,
we employ the BLIP2 [6]. The Gemini-Pro 2.5 model [25]
is used to obtain the semantic entropy H(Otarget), identify
contextual objects, and compute cor(Otarget,O

C
j ). For object

detection, we use YOLOv7 [26] for COCO [27] classes
and GroundingDINO [28] for non-COCO classes. For seg-
mentation, we use MobileSAM [29]. All experiments are
conducted on RTX 3090 GPUs.

For real-world experiments, we deploy CLUE on the
Clearpath Jackal platform with a Velodyne VLP-16 LiDAR
and a Ricoh Theta Z1. To process the omnidirectional sensor
data within our framework, the observation area is limited
to 90° quadrants. Due to the sparsity of the point cloud,
TRIP [30] and TRG-planner [31] were used to extract ground
planes and plan path for safe navigation.

VI. EXPERIMENT RESULTS

A. Overall Performance Evaluation

Table I reports the overall performance on the HM3D
validation set. CLUE achieves state-of-the-art results in both
SR and SPL, demonstrating strong accuracy and efficiency.
In particular, it surpasses ApexNav, a top-performing method
that does not rely on online LLM queries, on both metrics
and shows especially large gains of 3.52% increase in SR.
ApexNav neither incorporates contextual room cues nor
adaptively emphasizes different types of cues based on the
characteristics of the target, causing the agent to overlook
critical semantic cues and make inaccurate and inefficient
movements during exploration. In contrast, our approach
adaptively weights different types of contextual cues, pri-
oritizing the most informative semantic signals for each
target and enabling accurate, robust navigation. CLUE also
outperforms methods that employ online LLM queries, most
notably in SPL, demonstrating robust reasoning while main-
taining efficient navigation. By extracting the most relevant
contextual information about the target using commonsense
knowledge prior to execution, our method enables the agent

TABLE II. Ablation study of CLUE modules on the HM3D dataset. We
analyze the effect of incorporating contextual rooms and contextual objects,
along with adaptive weighting, measured in terms of SR and SPL. Bold
indicates the best performance.

Contextual
rooms

Contextual
objects

Adaptive
weighting SR↑ SPL↑

59.6 33.0
✓ 59.8 33.2

✓ 60.2 31.8
✓ ✓ 61.2 33.8
✓ ✓ ✓ 61.7 34.3

TABLE III. Ablation study of CLUE adaptive weighting strategy on the
HM3D dataset. We analyze the effect of varying weights ωroom and ωobject
on objects with different entropy levels H(Otarget), measured in terms of
SR. Bold indicates the best performance.

Otarget (Episode) H(Otarget)
SR by (ωroom, ωobject)

CLUE (1.0,0.0) (0.5,0.5) (0.0,1.0)

Toilet (398) 0.043 72.9 72.6 63.8 72.4
Bed (433) 0.124 57.7 57.2 59.1 57.7
Couch (376) 0.203 61.7 60.6 61.7 61.4
TV (281) 0.462 39.8 37.4 40.2 38.4
Chair (428) 0.883 73.3 69.0 73.1 72.7
Potted Plant (84) 0.915 42.9 38.1 41.7 42.9

Total (2000) - 61.7 59.8 60.2 61.2

to perform high-level reasoning and actions efficiently and
consistently.
These results confirm that our approach effectively unifies
contextual global-level and local-level cues with offline com-
monsense knowledge, enabling a state-of-the-art ZSON that
is both accurate and practical for real-world deployment.

B. Ablation Study

We demonstrate the effectiveness of our proposed method
through an ablation study on the HM3D dataset, as shown in
Table II. Without contextual rooms and contextual objects,
the agent struggles to gather sufficient semantic information
and visual evidence, resulting in the lowest performance on
both metrics. Each contextual information enables the agent
to accumulate richer semantic information for more reliable
guidance. Adaptive weighting further enhances the reliability
of the resulting unified semantic map by prioritizing the
most relevant semantic cues based on the target object.
These results confirm that our proposed method improves
the agent’s ability to locate the target object.

We further analyze the effectiveness of our adaptive
weighting strategy. Specifically, we replace adaptive weight-
ing based on target–room association entropy H(Otarget) with
manually defined fixed weights for the contextual room and
contextual object scores. Assigning a higher weight to the
room score forces the agent to prioritize global semantic
cues regardless of the target, whereas a higher weight on the
object score biases it toward local semantic cues. As shown
in Table III, our adaptive weighting framework achieves the
highest overall success rate across different types of target
objects, demonstrating its effectiveness. For low-entropy
objects with strong spatial associations, such as a toilet
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Fig. 4. Configuration for real-world experiments. (a) A customized UGV platform based on a Clearpath Jackal, equipped with an Intel NUC, a Velodyne
VLP-16 LiDAR, and a Ricoh Theta Z1 camera. (b) Real-world environments along with the trajectories the robot traveled to search for various objects.
(c) The robot leverages contextual cues to move to likely object locations, then verifies the findings using multi-view verification.

Fig. 5. Resource usage analysis: comparison of computation time (ms) and
GPU resource usage (%) across different ObjectNav frameworks. These
metrics are critical for evaluating performance on resource-constrained on-
board systems.

(H(Otarget) = 0.043), the room-only model performs well,
while the object-only model suffers performance degrada-
tion. In contrast, for high-entropy objects that can appear in
multiple locations, such as a chair (H(Otarget) = 0.883) and
potted plant (H(Otarget) = 0.915), relying solely on room
cues leads to inefficient exploration, whereas object cues
provide stronger guidance. The model that combines both
cues with equal weights still underperforms compared with
CLUE, confirming that non-adaptive integration is subopti-
mal.

These results demonstrate that CLUE’s adaptive strategy
of dynamically adjusting the importance of global and local
cues according to the object’s characteristics is more effec-
tive than fixed weighting. This validates the core idea of
our work, showing that optimizing the exploration strategy
according to object entropy plays a decisive role.

C. Resource Analysis

We analyze the time consumption and GPU resource
usage of CLUE in comparison with competing baselines. In
particular, we evaluate SG-Nav, which relies on online LLM
queries with chain-of-thought reasoning and incremental

prompting, techniques proposed to mitigate the high time
complexity of LLM queries. We consider three variants
of SG-Nav, distinguished by their model configurations:
one with a single on-device LLaMA3.2-vision, a second
with separate on-device DeepSeek-R1(LLM) and Qwen2.5-
VL(VLM) modules, and a third that leverages a gemini2.5-
API LLM. To assess time consumption, we measure the
per-step runtime for scene understanding, detection, and
reasoning. For GPU usage, we report the peak memory
required to execute each algorithm.

As shown in Fig. 5, the on-device LLaMA3.2 model vari-
ant of SG-Nav consumes the most GPU resources, whereas
on-device variants requires the most time for both scene
understanding and decision-making. In contrast, CLUE is
considerably more efficient than SG-Nav, demanding fewer
resources and delivering faster performance. It is also impor-
tant to note that simulation benchmarks typically measure
performance in terms of steps, often overlooking the actual
runtime needed to complete an episode. This experiment
demonstrates that CLUE is well suited for navigation tasks
on resource-constrained on-board systems.

D. Real-World Experiment

To validate CLUE in real-world settings, we conducted
physical robot experiments. The robot configuration is shown
in Fig. 4(a), and the test environment containing various
objects is illustrated in Fig. 4(b). The system was evaluated
using only text-based queries for different target objects. As
shown in Fig. 4(c), our method successfully and consistently
locates the specified objects, confirming its effectiveness in
real-world scenarios. Notably, the system successfully identi-
fied targets even when they were placed in atypical locations,
enabled by our unified semantic value map’s comprehensive
modeling of contextual cues and diverse correlations. In addi-
tion, multi-view verification further enhanced the robustness
and reliability of object localization.
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VII. CONCLUSION

We presented CLUE, an adaptive framework for ZSON
that prioritizes different types of contextual cues to enable
effective and robust navigation. Unlike prior methods that
apply uniform strategies or rely on costly online LLM
queries, our approach adaptively prioritizes contextual cues
and leverages offline commonsense knowledge to construct
a unified semantic value map. This map integrates both
contextual room and object cues, with their relative im-
portance adaptively weighted by the target’s characteristics.
Through this design, the agent balances global and local cues
to infer likely object locations. Extensive experiments on
the HM3D benchmark, along with real-world deployment
on a Clearpath Jackal, show that CLUE achieves superior
accuracy and efficiency compared with state-of-the-art base-
lines. While effective, our framework assumes predefined
room categories and relies on precomputed commonsense
knowledge, which may limit generalization. Future work will
extend the approach to an open-set setting and incorporate
online adaptation for greater robustness in diverse scenarios.
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