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Abstract— Object goal navigation aims to guide an agent to
find a specific target object in an unseen environment using only
first-person visual observations. It requires the agent to enhance
scene understanding and train a robust navigation policy.
To address this, we proposed two complementary techniques,
commonsense-guided object graph reasoning (COGR) and
policy regularization (PR). Specifically, COGR improves the
agent’s scene understanding by integrating object relationships,
including category proximity and spatial correlation. It extracts
co-occurrence embeddings of the target object from a large
language model (LLM) as commonsense knowledge to guide
object graph reasoning, enabling the agent to reason beyond
visual co-occurrence observed in training environments. PR
is a knowledge distillation-inspired regularization mechanism,
where a commonsense-free model is used to regularize the nav-
igation policy of the commonsense-guided model. We propose
PR to mitigate potential performance degradation caused by
knowledge bias from the LLM, enabling the training of a
more robust navigation policy. Experiments in the AI2-Thor
and RoboThor environments demonstrate the effectiveness and
efficiency of our proposed method, and real-world deployment
further validates its transferability.

I. INTRODUCTION

Object goal navigation [1], [2], [3] is a fundamental
problem in the field of embodied intelligent robotics. It
requires an agent to find a specific target object in an unseen
environment using only first-person visual observations. The
agent must learn the ability to precisely navigate to the target
object. Since the environment is unknown and no complete
geometric map is available, the key challenge lies in enabling
the agent to enhance scene understanding and train a robust
navigation policy.

With first-person observations as input, early works [4],
[5], [6], [7] train navigation policies using reinforcement
learning (RL) in training environments. However, due to the
limited ability of scene understanding, the agent struggles to
infer the location of the target object when it is not visible,
leading to inefficient exploration and poor generalization.
Recent works [8], [9], [10], [11], [12], [13], [14] attempt
to extract relational information between objects by con-
structing object graphs to enhance scene understanding. In
these graphs, edges represent relationships between objects,
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Fig. 1. In the training environment, the agent learns that a laptop is often on
the desk, leading to incomplete or incorrect knowledge in the object graph
(middle). However, in an unseen test environment (left), the laptop may
instead be located on the bed. Commonsense knowledge extracted from the
LLM correctly predicts that a laptop can also be on the bed (right), helping
the agent to find the laptop.

which are typically extracted from external datasets such as
Visual Genome [15] or collected in training environments
using object detectors such as DETR [16]. However, due
to differences in layout and object distribution between
training and test environments, these graphs may leave the
agent with incomplete or incorrect knowledge about object
relationships, as shown in Fig. 1. Thus, the generalization
ability of these object graphs remains limited [17].

Recently, the potential of large language models (LLMs)
for knowledge extraction and integration in robotics has at-
tracted increasing attention [18]. Pre-trained on vast amounts
of textual data, LLMs encode rich commonsense knowledge,
enabling the agent to reason about surrounding scenes and
plausible actions in a human-like manner. Many studies
have explored leveraging LLMs for planning or probabilistic
reasoning [19], [20], [21], [22], [23], [24], such as inferring
object co-occurrence. Compared to object graphs collected
from training environments, LLM-based methods provide
more comprehensive commonsense knowledge. However,
relying solely on LLMs can lead to limited performance
when the extracted commonsense does not align well with
the observations [24], [25].

To address these challenges, we propose two complemen-
tary techniques, commonsense-guided object graph reasoning
(COGR) and policy regularization (PR). Our method not
only extracts commonsense knowledge from the LLM for
object graph reasoning but also maintains robustness when
the extracted knowledge does not fully align with visual
observations. Specifically, COGR leverages commonsense
knowledge from the LLM to guide object graph reasoning.
Instead of relying solely on visual co-occurrence from train-
ing environments, COGR extracts co-occurrence embeddings
of the target object from the LLM, where candidate objects
that are likely to co-occur with the target object serve as
intermediate cues, as shown in Fig. 1. This reflects the way
humans reason about potential target locations. Inspired by
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the TransH [26], we incorporate co-occurrence embeddings
into object graph reasoning, enabling the inferred object
relationships to be guided by commonsense knowledge.

To mitigate potential performance degradation caused by
knowledge bias from the LLM, we further propose PR, a
knowledge distillation-inspired regularization mechanism in
which a commonsense-free model is used to regularize the
navigation policy of the commonsense-guided model. PR
integrates the standard asynchronous advantage actor-critic
(A3C) [27] RL algorithm with soft policy regularization
to train a more robust navigation policy. Experiments in
the AI2-Thor and RoboThor environments show that the
combination of COGR and PR significantly improves the
effectiveness and efficiency of navigation in unseen environ-
ments. Beyond simulation, we have validated the practical
applicability of our method through real-world robotic exper-
iments. In summary, our contributions are listed as follows:

• We propose COGR to enhance scene understanding.
COGR extracts co-occurrence embeddings of the target
object from the LLM as commonsense knowledge to
guide object graph reasoning, enabling the agent to
reason beyond visual co-occurrence observed in training
environments.

• We propose PR to improve navigation policy. PR inte-
grates A3C with soft policy regularization to mitigate
potential performance degradation caused by knowledge
bias from the LLM, enabling the agent to train a robust
navigation policy.

• Experiments in the AI2-Thor and RoboThor environ-
ments demonstrate the effectiveness and efficiency of
our proposed method. Furthermore, we validate the
practical applicability of our method through successful
deployment on a real-world robot.

II. RELATED WORK

A. Object Goal Navigation

Object goal navigation is a fundamental task in embodied
intelligent robotics. Current methods for this task can be
categorized into two types: end-to-end methods and modular
methods. Due to the development of deep learning, end-to-
end methods directly map visual observations to navigation
policies via RL. Early works encode the current and tar-
get observation as visual inputs for RL to train a policy
network guided by environment rewards [4]. To adaptively
adjust policies in unseen environments, [5] introduces model
agnostic meta learning (MAML) and combines it with RL,
enabling the agent to continually adapt as it interacts with
new environments. More recent works enhance semantic un-
derstanding through attention mechanisms, such as a spatial
attention model [6] or a visual Transformer model [7]. Due
to the lack of explicit map construction, end-to-end methods
exhibit limited generalization. Consequently, there is growing
interest in investigating modular map-based methods.

Modular methods use independent modules for percep-
tion, localization, mapping, and planning. They construct
an egocentric map to support simultaneous localization and

mapping (SLAM). Early works build occupancy grid maps
[28] or topological maps [29]. More recent works [30], [31],
[32] construct semantic maps, which serve as inputs to the
planning module for estimating the next exploration location
toward the target. While modular methods perform well in
object goal navigation, their reliance on egocentric maps
can be problematic due to potential distortions caused by
inaccurate pose estimation and accumulated pose errors [33].

B. Prior Knowledge for Navigation
Recent works [8], [9], [10], [11], [12], [13], [14], [17]

introduce prior knowledge by constructing object graphs
to enhance scene understanding. By reasoning about object
relationships in these graphs, the agent can infer the likely
location of the target object. Early works build object graphs
from external datasets [8], while more recent works capture
visual co-occurrence in training environments using object
detectors like Faster R-CNN [9], [10], [12] and DETR
[11], [14], [17]. Furthermore, [13] proposes to align object
graphs with visual perception using contrastive language-
image pretraining (CLIP) [34]. However, due to differences
in layout and object distribution between training and test
environments, the knowledge encoded in these graphs may
be incomplete or incorrect in unseen environments. Our
proposed COGR addresses this by extracting co-occurrence
embeddings of the target object from the LLM as common-
sense knowledge to guide object graph reasoning.

C. Large Language Model for Navigation
Recent works [19], [20], [21], [22], [23], [24], [25] inves-

tigate leveraging LLMs to provide commonsense knowledge
for navigation tasks. By utilizing knowledge derived from
large-scale textual data, the agent can enhance scene un-
derstanding and improve planning in unseen environments.
Early works [19], [20], [21], [25] directly use LLM outputs to
infer candidate next waypoints or actions. Recent works [22],
[23], [24] integrate LLM-based commonsense reasoning with
semantic maps or object graphs, enabling more informed
navigation decisions. However, the extracted knowledge may
not always align with the agent’s visual observations, limiting
the robustness of navigation. Our proposed PR addresses
this issue by integrating A3C with soft policy regularization,
complementing COGR to enable more robust navigation
policy training.

III. PROPOSED METHOD

Our objective is to enhance scene understanding and
train a robust navigation policy for object goal navigation.
To achieve this, our navigation framework comprises two
major components, as illustrated in Fig. 2: (1) commonsense-
guided object graph reasoning (COGR), which extracts co-
occurrence embeddings of the target object from the LLM to
guide object graph reasoning; (2) Transformer-based visual
decoder (TVD), which integrates the object graph with the
visual observation to produce state representation for down-
stream policy learning; (3) policy regularization (PR), which
integrates A3C with soft policy regularization to facilitate
the training of a more robust navigation policy.
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Fig. 2. Overview of our framework. The framework comprises three parts: COGR, TVD, and PR. COGR extracts co-occurrence embeddings of the target
object from the LLM to guide object graph reasoning. TVD uses a Transformer-based decoder to integrate the object graph with the visual observation to
produce state representation. PR integrates A3C with a soft policy regularization to train a more robust navigation policy.

A. Task Definition

The goal of object goal navigation is to find a given
target object in an unseen environment. At the beginning
of each episode, the agent is initially placed at a random
location. During navigation, at every time step t, the agent
perceives only RGB images from an egocentric viewpoint
and predicts its next actions. The agent performs one of
several discrete actions, including MoveAhead, RotateLeft,
RotateRight, LookUp, LookDown, and Done. MoveAhead
action moves the agent forward by 0.25 m. RotateLeft and
RotateRight rotate the agent by 45◦. LookUp and LookDown
tilt the agent’s view upward and downward by 30◦. An
episode is considered successful if the agent executes Done
within a maximum number of steps at a spot where the target
object is within a specified distance (e.g., less than 1.5 m)
and is visible in the agent’s field of view.

B. Commonsense-guided Object Graph Reasoning

Since the agent can only perceive an egocentric view of
the environment, learning an enhanced scene understanding
is crucial. To this end, we construct an object graph to
exploit object relationships, including category proximity and
spatial correlation. Humans naturally rely on commonsense
knowledge to infer the most likely locations of a target
object. For example, when finding a remote control, one
would typically first examine nearby objects that are likely
to co-occur, such as a television or a sofa. Inspired by this
intuition, we propose COGR to query the LLM to rank
candidate object categories for each target object based on
likelihood of co-occurrence, which serves as co-occurrence
embeddings to guide object graph reasoning.

We first construct the object graph using the object de-
tector DETR following [7]. Given an RGB image as the
visual observation It, DETR identifies all object instances
of interest and transforms N encoded d-dimensional features

RN×d (i.e., d = 256) into N detection results, including
bounding boxes, confidence scores, and semantic labels.
To create node features, we concatenate the d-dimensional
feature, normalized bounding box RN×4, confidence score
RN×1, top-rated semantic label RN×1, and text embedding
(i.e., GloVe [35]) RN×300 for each detected object. To
incorporate information about the target object, a one-hot
encoded target vector RN×1 is also concatenated. This forms
the node features RN×563 for constructing a fully connected
undirected object relation graph G(V,E).

We then use COGR to extract co-occurrence embeddings
from the LLM to guide object graph reasoning. Specifically,
we query GPT-4o mini (API version: gpt-4o-mini-2024-07-
18) to estimate co-occurrence likelihoods between the target
object and all detected objects from DETR. To infer this
commonsense knowledge, we design prompts that include
both positive prompts (e.g., “which object is most likely to be
near the target object?”) and negative prompts (e.g., “which
object is most unlikely to be near the target object?”). Rely-
ing solely on the estimations of positive prompts may lead to
estimation uncertainty, as outlined in [21]. To obtain robust
and reliable likelihood estimations, we further use a chain-
of-thought (COT) prompting technique [36]. As illustrated
in Fig. 3, we combine COT positive and negative prompts
to improve the quality and consistency of the likelihood
estimations.

In summary, we collect the set of target objects P and the
set of detected objects O from the environments. The like-
lihood scores from COT positive prompts LLMpos(P,O) ∈
[0, 1] are combined with those from COT negative prompts
LLMneg(P,O) ∈ [0, 1] to construct the co-occurrence ma-
trix M for each target object as follows:

LLMpos(P,O)− LLMneg(P,O) = m ∈ [−1, 1] (1)

where each row of M represents the co-occurrence embed-
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Fig. 3. Example of COT prompts. We combine COT positive and negative prompts to obtain robust and reliable co-occurrence likelihood estimations.

Fig. 4. Example of co-occurrence embeddings. We select 22 objects to
represent. Each row is a co-occurrence embedding for a target object.

ding for a target object p ∈ P , denoted as mp ∈ R1×N ,
as shown in Fig. 4. Inspired by TransH [26], we integrate
commonsense knowledge into object graph reasoning by
embedding objects into distributed representations guided by
this co-occurrence embedding and refine their relationships
accordingly. Specifically, we construct an adjacency correla-
tion matrix A ∈ RN×N for the graph G(V,E), where each
entry α(i, j) represents the connection weight between object
vi and object vj . Guided by a co-occurrence embedding mp,
we project object features into a hyperplane defined by mp:

vi;mp = vi − w⊤
mp

viwmp (2)

vj;mp = vj − w⊤
mp

vjwmp
(3)

where wmp
is the normal vector defining the hyperplane of

the co-occurrence embedding mp, and vi;mp
and vj;mp

are
the object features of vi and vj after being projected into
the hyperplane wmp

. Following this projection, we compute
the connection weight αmp(i, j) using scaled dot-product
attention [37] followed by a softmax operation:

αmp
(i, j) = softmax(

vi;mp · v⊤j;mp√
dv

) (4)

where dv is the dimensionality of the object features. After
obtaining αmp(i, j), we use graph attention layers (GAL)
to aggregate node features and add residual connections to

stabilize the feature propagation, leading to commonsense-
guided graph features:

v
(l+1)
i = σ(

∑
j∈N(i)

αmp
(i, j)W (l)v

(l)
j ) (5)

where v
(l)
i and v

(l)
j are the features of nodes i and j at the

l-th layer, N(i) is the neighbors of node i, σ is the ReLU
activation function, W (l) is the weight matrix at layer l, and
v
(l+1)
i is the updated feature of node i at l + 1-th layer.

C. Transformer-based Visual Decoder

After COGR, the features of the object graph G(V,E)
are encoded into RN×64. We use a Transformer-based visual
decoder (TVD) to integrate these graph features with visual
observations, producing state representation for downstream
policy learning. The visual observation It is first encoded by
a pre-trained ResNet-18 and projected into R7×7×64 through
a pointwise convolution. To preserve the spatial position
information, a 2D sinusoidal embedding is added before
flattening It into R49×64. TVD is formulated following [37]:

TV D(It, G(V,E)) = LN(FC(ct) + ct)

where ct = LN(MHA(It, G(V,E)) + It)
(6)

where LN is a layer normalization, FC is a fully connected
layer, and MHA is a multi-head attention mechanism. This
decoding process enables effective fusion of the visual ob-
servation and the object graph, yielding state representation
for downstream policy learning.

D. Policy Regularization

To ensure robust navigation in unseen environments, it
is crucial not only to leverage commonsense knowledge via
COGR but also to mitigate potential biases in this knowledge.
While COGR provides commonsense information about ob-
ject co-occurrence, this knowledge may not always align
with the agent’s visual observations, potentially misleading
policy learning. To address this, we propose PR inspired
by knowledge distillation [38], [39] that integrates standard
A3C training with soft policy regularization, enabling a more
robust navigation policy.
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As shown in Fig. 2, the obtained state representation from
TVD is fed into a long-short term memory (LSTM) network
[40], whose hidden states are fed into A3C to train navigation
policy. A3C uses an actor-critic architecture, where the actor
outputs the action distribution π(at|st; θ) and the critic
estimates the state value V (st; θv). The corresponding loss
functions are:

Lactor = −E[log π(at|st; θ)(
T∑

t=0

γtrt − V (st; θv))] (7)

Lcritic = E[(
T∑

t=0

γtrt − V (st; θv))
2] (8)

where the advantage term
∑T

t=0 γ
trt − V (st; θv) represents

the discrepancy between the cumulative discounted reward
and the critic’s value estimate.

PR introduces a commonsense-free model that infers ob-
ject relationships without relying on co-occurrence embed-
dings, which is then used to regularize the commonsense-
guided (COGR-enhanced) model. The two models have
separate parameters. Training proceeds in two stages: first,
the commonsense-free model is trained using the standard
actor and critic losses. Then, the commonsense-guided model
is trained using A3C combined with policy distillation. The
distillation is applied as soft policy regularization on the actor
outputs by minimizing the Kullback-Leibler (KL) divergence
[41] between the action distributions of the two models:

Ldistillation = −
T∑

t=0

Pt log(
Qt

Pt
) (9)

where Pt = π(at|st; θ) is the action probability from
the commonsense-guided model and Qt is from the
commonsense-free model. The total loss for training the
commonsense-guided model is:

Ltotal = λaLactor + λcLcritic + λdLdistillation, (10)

where λa, λc, and λd are the weights for actor, critic, and dis-
tillation losses, respectively (set as λa = 1, λc = 0.5, λd = 1
in our implementation). This design preserves the unbiased
generalization of the commonsense-free model while lever-
aging the commonsense adaptability of the commonsense-
guided model, resulting in a robust navigation policy.

IV. EXPERIMENTS

A. Experimental Setup

Datasets: We evaluate the navigation performance of our
proposed method using the AI2-Thor [42] and RoboThor
[43] simulation environments. The AI2-Thor environment
consists of 120 scenes categorized into four types: kitchen,
living room, bedroom, and bathroom. We select 20 scenes
for training, 5 for validation, and 5 for testing for each scene
type. Following the setting in [5], [6], [9], [10], [11], we
choose 22 types of objects as targets. The RoboThor environ-
ment consists of 89 apartment layouts, with 75 apartments for
training and validation. Compared to AI2-Thor, RoboThor
has a 2.4 times larger area and a 5.5 times longer trajectory

TABLE I
THE ABLATION STUDY OF DIFFERENT COMPONENTS

ID Component AI2-Thor (ALL/L≥ 5) RoboThor (ALL/L≥ 5)

COGR TVD PR SR↑(%) SPL↑(%) SR↑(%) SPL↑(%)

1 71.43/60.72 43.47/42.18 41.34/31.42 24.38/17.45
2 ✓ 77.13/69.48 44.52/44.18 49.81/37.15 28.92/22.42
3 ✓ ✓ 78.44/70.54 45.61/45.50 50.64/39.27 29.39/23.63
4 ✓ ✓ ✓ 80.21/73.52 46.01/46.85 52.67/41.63 30.96/24.94

TABLE II
COMPARISONS OF THE COMMONSENSE-FREE MODEL, THE

COMMONSENSE-GUIDED MODEL, AND OUR FULL MODEL

ID Model AI2-Thor (ALL/L≥ 5) RoboThor (ALL/L≥ 5)

SR↑(%) SPL↑(%) SR↑(%) SPL↑(%)

1 GAL+TVD 76.98/69.52 45.73/45.58 49.12/37.83 28.47/22.24
2 COGR+TVD 78.44/70.54 45.61/45.50 50.64/39.27 29.39/23.63
3 COGR+TVD+PR 80.21/73.52 46.01/46.85 52.67/41.63 30.96/24.94

TABLE III
THE ABLATION STUDY OF DIFFERENT LLMS

ID LLM AI2-Thor (ALL/L≥ 5) RoboThor (ALL/L≥ 5)

SR↑(%) SPL↑(%) SR↑(%) SPL↑(%)

1 GPT-4o mini 80.21/73.52 46.01/46.85 52.67/41.63 30.96/24.94
2 Llama3.1-70B 79.42/72.35 45.06/45.81 51.53/40.28 29.31/23.82
3 Qwen2-72B 79.32/72.10 45.14/46.12 50.92/39.85 29.58/23.87

length. We select 60 apartments for training, 5 for validation,
and 10 for testing. Following prior works [11], [12], we
choose 12 types of objects as targets.

Metrics: Following [5], [6], [9], we evaluate the navigation
performance of our proposed method using two key metrics:
success rate (SR) and success weighted by path length
(SPL). SR measures the agent’s success in locating the
target object, calculated as SR = 1

N

∑N
i=1 Si, where N

represents the total number of episodes, and Si is a binary
function indicating whether the i-th episode is successful.
SPL considers both success rate and path length, calculated
as SPL = 1

N

∑N
i=1 Si

Li

max(Li,Pi)
, where Li represents the

optimal trajectory length of the i-th episode, and Pi denotes
the path length of the i-th episode. We evaluate the perfor-
mance on all trajectories (ALL) and those with an optimal
path length of at least 5 (L≥5).

Implementation details: Following [5], [9], [10], [11], [12],
[13], the RL reward is set as follows: the agent receives
a penalty of -0.01 for each step and a reward of 5 if the
episode is successful. For optimization, we use the Adam
optimizer [44] with a learning rate of 10−4. We conduct a
total of 6 million episodes to train our methods. During the
evaluation phase, we execute the same number of episodes
for each scene type, resulting in a total of 1000 episodes.
The method that achieves the highest SR will be evaluated
on the test scenes, and its performance will be reported as
the final results. Note that for PR in Sec. III-D, we train the
commonsense-free model and select the variant achieving the
highest success rate (SR) on the test scenes. For the DETR
training, we refer to [7] and fine-tune it using the training
data from the environments.
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B. Ablation Experiments

Ablation studies of different components: We decompose
our proposed method into different components: COGR,
TVD, and PR. Table I demonstrates the effectiveness of
each component. Specifically, row 1 is the baseline following
[11], [17], which constructs the features concatenated from
the visual observation and the object graph as the state
representation. This representation is then fed into an LSTM
to produce hidden states for A3C learning. It is observed
that COGR significantly improves the baseline performance
(row 2), while TVD brings additional but relatively modest
gains (row 3). Additionally, introducing PR further im-
proves navigation performance in SR and SPL. Overall, our
method outperforms the baseline with gains of 8.78/12.80
and 2.54/4.67 in SR and SPL (ALL/L≥5, %) in AI2-Thor
and 11.33/10.21 and 6.58/7.49 in SR and SPL (ALL/L≥5,
%) in RoboThor. The experimental results indicate that our
method can effectively and efficiently guide navigation in
unseen environments.

Effectiveness of PR: To further evaluate the effectiveness
of our proposed PR, we provide detailed results in Table
II, comparing the commonsense-free model (row 1), the
commonsense-guided model (row 2), and our full model (row
3), which uses the former to regularize the policy of the latter
through PR. Note that although the commonsense-free model
computes object relationships without projecting object fea-
tures into the hyperplane of co-occurrence embeddings, it
still uses GAL to extract graph features. TVD is incorporated
in both the commonsense-free and commonsense-guided
models. As shown in Table II, our method outperforms both
the commonsense-free and commonsense-guided models,
achieving the best overall performance.

Impacts of different LLMs: The co-occurrence embeddings
from the LLM are used to guide object graph reasoning.
Since the effectiveness of our proposed method depends on
the commonsense reasoning ability of the LLMs, we eval-
uate navigation performance using different co-occurrence
embeddings extracted from several LLMs, including GPT-
4o mini, Llama3.1-70B, and Qwen2-72B. As shown in Ta-
ble III, Llama3.1-70B and Qwen2-72B achieve comparable
performance, while GPT-4o mini achieves the best results.

C. Comparisons With Other Methods

Quantitative analysis: Our method is compared with three
categories of related works, as shown in Table IV. (I) End-
to-end methods. The original implementations of SP [8],
SAVN [5], and SpAtt [6] do not use object detectors for
enhancing scene understanding. For a fair comparison, we
re-implement these methods with object detection features.
Compared to the recently proposed AKGVP-CI [13], our
method brings the grains of 3.43/8.07 and 6.38/7.84 in SR
and SPL (ALL/L≥5, %) in AI2-Thor and 8.14/8.95 and
3.35/4.39 in SR and SPL (ALL/L≥5, %) in RoboThor. (II)
Modular methods. These methods rely on explicit semantic
maps to guide the agent toward the target object more
accurately. Since SSCNav [31] and PONI [32] report results
in AI2-Thor, we compare our method with them in this

TABLE IV
COMPARISONS WITH THE RELATED WORKS IN THE AI2-THOR AND

ROBOTHOR ENVIRONMENTS

ID Method AI2-Thor (ALL/L≥ 5) RoboThor (ALL/L≥ 5)

SR↑(%) SPL↑(%) SR↑(%) SPL↑(%)

I

Random 3.56/0.27 1.73/0.07 0.00/0.00 0.00/0.00
SP [8] 62.16/50.86 37.01/34.17 28.04/21.66 17.63/15.14

SAVN [5] 63.32/52.38 37.62/35.31 28.42/22.13 17.82/15.34
SpAtt [6] 65.61/54.11 38.93/35.89 28.53/22.35 18.27/15.45
ORG [9] 66.38/55.55 38.42/36.26 29.61/22.53 19.23/15.73

ORG+TPN [9] 67.31/57.41 39.53/38.27 30.01/22.25 20.51/16.64
HOZ [10] 70.62/62.75 40.02/39.24 32.27/24.83 20.48/16.89
VTNet [7] 72.20/63.40 44.90/44.00 31.62/23.48 19.63/16.02
DOA [11] 74.32/67.88 40.27/40.36 36.22/30.16 22.12/18.32

L-sTDE [12] 74.19/64.01 40.30/39.97 42.13/32.04 24.54/17.44
AKGVP [13] 73.63/63.51 40.66/39.63 39.69/28.55 25.84/18.79

AKGVP-CI [13] 76.78/65.45 39.63/39.01 44.53/32.68 27.61/20.55
Ours 80.21/73.52 46.01/46.85 52.67/41.63 30.96/24.94

II SSCNav [31] 77.14/71.73 35.09/34.33 -/- -/-
PONI [32] 78.58/72.92 37.27/36.40 -/- -/-

III
ESC [19] -/- -/- 38.10/- 22.20/-
LGX [20] -/- -/- 35.00/- 21.90/-
LOAT [22] 73.12/65.26 39.56/39.68 -/- -/-

Fig. 5. Visualization of the agent’s trajectories in AI2-Thor . The red
lines depict trajectories, while the yellow boxes indicate the locations of the
target objects. Besides, we represent the terminal visibility cone in white.

Fig. 6. Visualization of the agent’s trajectories in RoboThor. The red
lines depict trajectories, while the yellow boxes indicate the locations of the
target objects. Besides, we represent the terminal visibility cone in white.

environment. Our method achieves moderate improvements
in SR while yielding substantial gains in SPL. (III) LLM-
based methods. These methods leverage LLMs for planning
or probabilistic reasoning. ESC [19] and LGX [20] report
results only in RoboThor, while LOAT [22] reports results
only in AI2-Thor. Our method significantly outperforms
these methods, benefiting from environment-specific policy
learning via RL.

Qualitative analysis: As illustrated in Fig. 5, we compare
our method with L-sTDE and AKGVP-CI in both AI2-
Thor and RoboThor environments. In these scenes, the agent
starts from a random location where the target object is not
initially visible. L-sTDE and AKGVP-CI often struggle with
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Fig. 7. Visualization of the agent’s first-person view in AI2-Thor. The
target objects found by the agent are marked by yellow boxes.

Fig. 8. Visualization of the agent’s first-person view in RoboThor. The
target objects found by the agent are marked by yellow boxes.

excessive rotations and prematurely issue Done action. In
contrast, our method enables the agent to better interpret
its surroundings and navigate more efficiently, leading to a
shorter path to the target object.

For example, as shown in the first column of Fig. 5, when
tasked with finding a bowl, both L-sTDE and AKGVP-CI
perform redundant rotations, while our method efficiently
takes shortcuts. In the fourth column, when finding a remote
control, both L-sTDE and AKGVP-CI struggle and get stuck,
while our method successfully completes the task with fewer
steps. Besides, in the RoboThor environment, as shown in
the first and third columns of Fig. 6, when finding a cell
phone and a plate in large scenes, both L-sTDE and AKGVP-
CI choose incorrect search directions, whereas our method
enables the agent to recognize the potential location of the
target object and successfully find it.

Fig. 7 and Fig. 8 show extra visualization examples of our
proposed method in simulated environments. These figures
depict the first-person view of the agent as it navigates
unfamiliar scenes to locate various target objects. Fig. 7
showcases examples in AI2-Thor, where the agent is tasked
with finding different objects: a garbage can (first row), a
kettle (second row), and a light switch (last row). Similarly,
Fig. 8 provides examples in the RoboThor environment,
where the agent seeks an alarm clock (first row), a desk
lamp (second row), and a pot (last row). Our method has
good generalization ability in various unfamiliar scenes, even
in some big scenes. Besides, for the small objects, such as
the light switch, our method still can navigate the agent to
the target object in a few steps.

D. Real-World Deployment

We develop a real-world system to evaluate the transfer-
ability of our proposed method in a real-world test environ-
ment. As shown in Fig. 9, we deploy our method trained

Fig. 9. Robot and test environment. (a) The Turtlebot4-Lite wheeled robot.
(b) The real-world test environment.

Fig. 10. Visualization of the robot’s third-person view and first-person
view. The target object is a laptop.

in AI2-Thor on a Turtlebot4-Lite wheeled robot equipped
with an OAK-D-Lite camera mounted at a height of 1.0
meters above the ground. The navigation relies solely on
RGB camera frames, and DETR [16] pre-trained on the
COCO dataset is used for object detection. All algorithms
run in real-time on a laptop with an R7-8745H CPU and
an NVIDIA GeForce RTX 4050 GPU. A sample navigation
trajectory of successfully finding a laptop is visualized in
Fig. 10. The robot is initially placed in a location where
the laptop is not visible. When the robot turns and observes
the desk, it infers that the laptop is likely located there. The
deployment demonstrates the effectiveness of our method in
transferring navigation capabilities from simulation to real-
world environments.

V. CONCLUSION

In this paper, we propose a novel object goal navigation
framework that leverages co-occurrence embeddings inferred
from the LLM to guide object graph reasoning, enabling
the agent to reason beyond visual co-occurrence observed in
training environments. We also introduce a knowledge distil-
lation mechanism that regularizes the commonsense-guided
model with a commonsense-free model, mitigating potential
biases from the LLM. Simulated experiments demonstrate
that our method significantly improves navigation effective-
ness and efficiency. We further deploy our method on a
Turtlebot4-Lite wheeled robot to demonstrate its transferabil-
ity in a real-world environment. Future work may explore the
scalability and efficiency of the object graph as the number
of objects increases, as well as strategies to narrow the sim-
to-real gap across diverse real-world scenarios.
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