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ABSTRACT

In this work, we present a novel hierarchical navigation policy for object navigation that

leverages both object detection models and large language models (LLMs) to enhance the

interpretation and interaction with complex indoor environments. Our approach integrates

object detection to accurately assess the surrounding space and employs a layout reconstruc-

tion strategy to model the environment’s structure. By defining our navigation strategy hi-

erarchically, we separate the decision-making into long-term and short-term goals, effectively

utilizing the existing concept of ”frontier-based goal selection.” We refine this method by

representing frontiers through a series of observations transformed into language via object

detection models. Each frontier is then scored using LLMs, allowing for a reasoned selection

of the most promising navigational targets. Our framework, simple yet effective, not only

aligns with the demands of dynamic and unknown environments but also surpasses existing

baselines in terms of efficiency and accuracy, offering significant advancements in the field of

robotic navigation. Code can be found at https://github.com/weizhenFrank/ObjNav.

INDEX WORDS: Object navigation, LLMs, Frontier representation, Decision-
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CHAPTER 1

INTRODUCTION

Object navigation is a critical task in the domains of robotics and embodied AI, requiring

an agent to autonomously navigate through unknown environments to locate specific ob-

jects. This capability is essential for robots to interact effectively with their surroundings

and perform a variety of practical tasks. Despite its significance, object navigation often

faces challenges, particularly in operating within diverse, unseen environments without prior

exposure (zero-shot generalization) and in handling objects in varied configurations and

contexts.

Recent developments in foundational AI models, particularly large language models

(LLMs) and object detection technologies, have shown substantial promise in overcoming

these hurdles. LLMs are renowned for their advanced commonsense reasoning abilities

(5; 13), which can significantly enhance navigation and exploration strategies. Object detec-

tion models provide robust capabilities for recognizing and localizing objects within complex

scenes (25; 17), facilitating precise interaction with the environment.

Our proposed framework leverages the precision of pre-trained object detection models

combined with the reasoning prowess of LLMs to enable effective and efficient navigation in

unseen settings. This method avoids the extensive training regimes typically associated with

reinforcement learning approaches, using already trained models to understand the environ-

ment and make intelligent navigation decisions. Our system constructs detailed semantic

maps from visual inputs, which inform LLM-driven decision-making processes. This ap-
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proach focuses on selecting the most promising areas for exploration based on the semantic

context and specific characteristics of the target objects.

We validate our approach through rigorous testing on the challenging HM3D (23) and

Gibson (32) datasets, which simulate complex real-world environments where the agent must

navigate to locate specific objects based on textual descriptions.

This innovative integration of object detection and LLMs marks a significant advance-

ment in enabling robotic agents to navigate efficiently through novel environments and han-

dle a variety of object scenarios seamlessly. Our work sets the stage for the next generation

of object navigation systems, which are poised to offer enhanced assistance in a variety of

real-world applications without the need for extensive retraining.
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CHAPTER 2

RELATED WORKS

2.1 Visual Navigation

Visual navigation is a crucial capability for robots to perform various embodied tasks (38; 2;

26). In these tasks, the agent receives a goal specification, such as a geometric target (26) or

a semantic objective (8; 21), along with RGB observations from its camera. The agent must

navigate to the goal based on these observations at each time step. To train visual navigation

agents, simulators (26; 32) with photo-realistic environments (7; 30) and physical engines

are commonly used. These simulators provide the agent with goal indications and corre-

sponding trajectory annotations. However, labeling objects in 3D scenes is labor-intensive,

and recent works (8; 35; 34) have explored designing object-goal navigation agents without

human annotations, making them easily scalable (34) and potentially addressing the open

set challenge in object localization.

Classic approaches to visual navigation involve map building, localization, and path plan-

ning (3). While some scenarios provide pre-built maps, allowing approaches like RTAB-Map

(16) to perform localization and path planning, most real-world scenarios require simultane-

ous map building and localization using SLAM systems (6). Although classic methods like

ORB-SLAM (20) or LSD-SLAM (14) perform well, there is a growing trend of incorporating

differentiable models, such as deep neural networks, into SLAM systems (4; 12). Addition-

ally, recent work has shown that directly training reactive policies using recurrent neural

networks like GRUs (11) can achieve excellent performance without explicit map building
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and path planning (8; 19).

2.2 Large Language Model-Guided Navigation

While language models have shown great potential in guiding visual navigation tasks by

leveraging their powerful commonsense reasoning abilities (18; 31; 10), the integration of

large language models (LLMs) in navigation has more recently emerged as a compelling

approach. Various research efforts have explored the use of LLMs to enhance navigation

strategies. For instance, LM-Nav (29) utilizes language models to extract landmarks from

navigation instructions, enhancing path planning with these contextual cues. L3MVN (36)

leverages LLMs to calculate entropy in frontier selection, while ESC (37) and StructNav (9)

integrate LLMs for complex scene understanding and decision-making based on semantic

maps.

A particularly relevant study (28) showcases the need for intensive prompt engineering to

effectively employ LLMs in navigation tasks. These approaches, however, often involve com-

plex setups and extensive prompt engineering to fine-tune the models for specific navigation

tasks.

In contrast, our method simplifies the use of LLMs in navigation by employing pre-trained

models in conjunction with straightforward object detection. By avoiding the complexity

of prompt engineering and model fine-tuning, we streamline the process, making it more

accessible and less resource-intensive. Our approach harnesses the inherent capabilities of

LLMs to understand and reason about the environment based on simple, direct queries linked
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with the semantic output from object detection models. This simplicity allows for robust

navigation decisions in a variety of environments, demonstrating effectiveness without the

overhead associated with more complex systems.
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CHAPTER 3

METHOD

3.1 Task Definition and Overview

The object navigation task requires an agent to navigate an environment to find an object

belonging to a specified category. The category set is denoted by C = {c0, . . . , cm}, and

the scene is represented by S = {s0, . . . , sm}. Each episode begins with the agent initialized

at a random position pi in the scene si and receives the target object category ci. Thus,

an episode can be denoted as Ti = {si, ci, pi}. At each time step t, the agent observes the

environment and takes an action at. The observation includes RGB-D images, the agent’s

location and orientation, and the target object category. The action space, denoted by A,

includes six actions: move forward, turn left, turn right, look up, look down, and stop. The

episode is considered successful if the agent takes the stop action when the distance to the

target is less than 0.1m, with a maximum of 500 time steps per episode.

Our framework consists of four main components: a reconstructed layout map, a frontier

calculation module, an LLM scoring part, and a local path planning method. The framework

is shown in figure 3.1. The agent first obtains observations of the environment to build a

layout map, then based on the layout map, the frontier calculation module extracts the

frontiers and calculates the frontier representation. The LLM scoring part then selects a

next frontier based representation of frontiers and the object goal. Finally, a local policy

plans a path and takes actions to explore the environment and search for the target object.
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Figure 3.1: The methodological framework illustrating the workflow for object navigation.
RGB-D inputs are used to reconstruct a layout map of the environment. The frontier

calculation module processes the map to identify and represent candidate frontiers. The
LLM scores these frontiers relative to the target object’s category, and the local path

planning component then guides the agent to the selected frontier, which is deemed most
likely to contain the target object.

3.2 Layout Map

3.2.1 Layout Map Representation

In our revised framework, we streamline the construction of the layout map by solely utilizing

depth images coupled with the agent’s positional data. This approach deviates from methods

that integrate semantic information within the map, such as those by Chaplot et al. (8),

focusing instead on structural features of the environment. The layout map is structured as

a K × M × M tensor, with M × M denoting the map’s dimensions and K corresponding

to the number of channels; however, in our case, K is limited to information relevant to

navigation, specifically obstacle and explored space representations.
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Point clouds derived from depth images are processed and transformed into a top-down

2D perspective, forming the foundational layers of the map. This includes an ’obstacle’

channel, identifying the physical barriers within the environment, and an ’explored’ channel,

marking the regions within the agent’s field of discovery. This binary layout map provides a

clear and uncluttered representation of the environment, essential for the subsequent steps in

the navigation process. The absence of semantic categorization in our layout map simplifies

the input to the navigation system, reducing computational complexity and focusing on

spatial understanding and traversal feasibility.

3.3 Frontier Calculation Module

3.3.1 Frontier Map

The frontier map is obtained from the reconstructed layout map, similar to method in

(36). We extract the explored edge by identifying the maximum contours from the explored

map and generate the frontier map as the difference between the explored and obstacle

maps. Frontier cells are clustered into chains, and small clusters are removed. The subset

of candidate destinations F is composed of the cells in the center of the remaining cluster

chains. Each frontier cell f ∈ F is scored using the cost-utility approach proposed in (36).

3.3.2 Contextual Frontier Representation

In contrast to the previous approach of using individual items within each frontier, we propose

a novel method to obtain a holistic description of the entire scene for each frontier. As the

agent explores the environment, it acquires observations in the form of a triangular region
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in the top-down 2D layout map. The vertex of the triangle represents the agent’s location,

and the angle corresponds to the agent’s field of view. By leveraging the agent’s GPS and

compass information, we know the agent’s location (x, y, z) and orientation. This allows us

to determine which region each observation covers and construct the spatial distribution of

the observations, so that we can associate a series of observations with different frontier, this

method is shown in figure 3.2. When selecting which frontier to explore, we use a series of

observations to represent each frontier, capturing the spatial relationships and context of the

objects within the frontier.

Figure 3.2: Visualization of the frontier calculation process within the layout map. The red
circle denotes the positions of the agent, while the dotted line illustrates the trajectory of

the agent’s path as it explores the environment. The blue shaded areas represent the
triangular regions covered by the agent’s field of view from different positions. ’Frontier X’
marks an example of a detected frontier cluster, showcasing how observations are spatially

related and associated with potential exploration targets within the map.
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3.4 LLM-based Exploration Policy

The selection of the most promising frontier for exploration is guided by an LLM-based explo-

ration policy. This policy incorporates language descriptions derived from object detections

within each frontier, followed by a language model’s assessment to predict the likelihood of

the goal object’s presence. Below we outline the process in further detail.

3.4.1 Language Description of Frontiers

Utilizing object detection models, each observation within a frontier is analyzed to identify

and list objects. These detected objects are then described in natural language, providing a

descriptive summary that encompasses all observations associated with a particular frontier.

This descriptive approach allows for a human-readable understanding of the frontier, turning

visual data into a linguistic context that can be effectively processed by a language model.

3.4.2 LLM Scoring and Frontier Selection

Once a language description is generated, we employ a pre-trained language model to es-

timate the joint probability distribution between the detected objects and the goal object

category across all frontiers. This process involves computing the likelihood that the goal

object is present within the observed scene described by the language summary. The result-

ing probabilities inform our decision-making process, enabling the selection of a frontier for

exploration. Similar to the method proposed by (36), we prioritize frontiers with a higher

likelihood of containing the goal object, balancing the exploratory cost against the poten-

tial utility. The selection is made based on a calculated range of probabilities, ensuring a
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strategic and informed approach to navigating the environment in search of the target object.

Through this LLM-based exploration policy, we leverage the rich semantics captured by

language models to enhance the navigation process, without the need for extensive training

or fine-tuning of the models on navigation-specific data. This approach underscores the

adaptability and efficiency of using pre-trained models in a novel application domain.

3.5 Local Policy and Navigation

To navigate from the agent’s current location to a long-term goal, we employ the Fast

Marching Method (FMM) (27). The agent selects a local goal within a restricted range of

its current position and executes the final action at ∈ A to reach it. At each step, the local

map and local goal are updated based on new observations.

By incorporating these frontier representation and processing techniques into the overall

methodology, we aim to enhance the agent’s ability to navigate efficiently and make in-

formed decisions based on the given goal and the contextual information available in the

environment. Our proposed approaches offer several advantages, such as capturing contex-

tual information, providing a richer representation, and being robust to sparsity compared

to item-based representations used in previous methods.
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CHAPTER 4

EXPERIMENTS

We present an empirical evaluation of our proposed method, which integrates object detec-

tion models with large language models, and compare its performance against established

map-based navigation baselines within a simulated environment.

4.1 Simulation Setup

4.1.1 Datasets

Our evaluation utilizes two high-resolution, photorealistic 3D reconstructions of real-world

environments. The Gibson dataset includes 25 training and 5 validation scenes from the

Gibson tiny split, offering semantic annotations for comprehensive testing. The HM3D

dataset, formatted for Habitat, comprises standard splits of 75 training and 20 validation

scenes. Six object categories are specified for the navigation task: chair, couch, potted plant,

bed, toilet, and TV, as identified in prior work (8).

4.1.2 Implementation Details

We employ the Habitat simulator (26) for our 3D indoor navigation experiments, utilizing

an observation space of 480 × 640 RGBD images, paired with a base odometry sensor. The

target objects are represented as integer categories. Our framework uses GPT-2 (22) for its

effective language modeling capabilities in providing likelihood estimations, and YOLO v8

(15) for object detection, striking a balance between inference speed and accuracy.
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4.2 Evaluation Criteria

Our evaluation is guided by the following metrics, commonly accepted in the domain of

navigation research:

4.2.1 Success Rate (SR)

Defined as the proportion of episodes where the agent successfully stops within a threshold

distance from the target object. It is calculated as 1
N

∑N
i=1 Si, with Si being the success

indicator of episode i.

4.2.2 Success weighted by Path Length (SPL)

A metric that balances the success rate against the optimality of the path taken by the

agent. It considers both the success of the navigation and the efficiency of the path relative

to the shortest possible path. SPL is computed as 1
N

∑N
i=1 Si

max(li,pi)
li

, where li denotes the

shortest path length to the goal and pi is the path length traversed by the agent in episode

i.

4.2.3 Distance to Goal (DTG)

This metric measures the final distance between the agent and the target object at the con-

clusion of an episode, providing insight into the closeness of the agent to the goal regardless

of the episode’s success.
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4.3 Results

4.3.1 Quantitative comparison

The efficacy of our object navigation framework was evaluated against various established

methods in the Gibson and HM3D datasets. Table 4.1 presents a quantitative comparison

of our method with several baselines.

Our method outperforms other approaches in terms of the Success Rate (SR), Success

weighted by Path Length (SPL), and Distance to Goal (DTG) across both the Gibson and

HM3D datasets. In the Gibson dataset, we achieved an SR of 0.785 and an SPL of 0.396,

with the DTG reduced to 0.747m. For the HM3D dataset, our method reached an SR of

0.512 and an SPL of 0.240, with a notable decrease in DTG to 0.401m.

Notably, our approach demonstrates a significant improvement over the L3MVN zero-

shot method, which was the closest competitor. The improved performance can be attributed

to the effective frontier calculation module and LLMs scoring method, which work in con-

junction to provide a robust representation of frontiers and an intelligent selection strategy

that closely aligns with the target goals.

The simplicity of our method, which eschews complex prompt engineering and fine-tuning

usually associated with LLMs, suggests that leveraging pre-trained models in a straightfor-

ward, yet innovative manner can yield substantial benefits in navigation tasks. Moreover,

the use of YOLO v8 for object detection proves to be advantageous in terms of both speed

and accuracy, as evidenced by the decreased DTG compared to other methods.
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4.3.2 Ablation Study

An ablation study was conducted on the Gibson dataset to evaluate the individual con-

tributions of the frontier calculation module and the LLM scoring method to the overall

performance of our navigation system.

Firstly, to demonstrate the efficacy of the frontier calculation module, we conducted an

experiment where the specific observations associated with each frontier were replaced with

random RGB images from the scene. This variant, referred to as ”Random RGB,” serves

to confirm the importance of the spatially relevant observations that are typically used to

represent the frontiers.

Secondly, to assess the impact of our LLM scoring method, we introduced a baseline

named ”VLM-query” that utilizes a vision-language model (GPT-4V) (1). In this baseline,

the series of observations for each frontier are fed directly into the model, which is then

prompted to select the optimal frontier relative to the navigation goal.

The results of the ablation study, detailed in Table 4.2, illustrate a clear hierarchy in

performance, with our method outstripping the alternative approaches in all metrics. The

decrease in success rate and SPL, and the increase in DTG for ”Random RGB,” validate the

significance of using contextual observations for frontier representation. Similarly, the ”VLM-

query” method’s lower metrics as compared to our full method underscore the advantage of

employing LLM for frontier scoring over vision-language models in this specific task.
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Table 4.1: Compare to other methods

Method Gibson HM3D

Success SPL DTG Success SPL DTG

Random Walking 0.030 0.030 2.580 0.000 0.000 7.600
Frontier Based Method(33) 0.417 0.214 2.634 0.237 0.123 5.414
Random Sample on Map 0.544 0.288 1.918 0.300 0.143 4.761
SemExp(8) 0.652 0.336 1.520 0.379 0.188 2.943
PONI(24) 0.736 0.410 - - - -
L3MVN (Zero-Shot) 0.761 0.377 1.101 0.504 0.231 4.427
Ours 0.784 0.393 0.750 0.512 0.240 0.401

Table 4.2: Ablation study

Method Success SPL DTG

Random RGB 0.549 0.102 2.097
VLM-query 0.739 0.330 1.118
Our Method 0.784 0.393 0.750
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CHAPTER 5

CONCLUSION

In this paper, we introduced an innovative object navigation framework that intelligently

leverages the strengths of pre-trained object detection models and large language models

(LLMs). By adopting a simplified yet effective approach, our method has demonstrated a

notable advancement in navigating agents through unknown environments to locate specified

objects. Our comprehensive experiments on the Gibson and HM3D datasets have established

the effectiveness of our approach, which forgoes the need for complex prompt engineering

or extensive fine-tuning typically associated with LLMs. The proposed method outperforms

several established baselines by considering a strategic combination of layout map construc-

tion, frontier representation, and scoring frontiers through the utilization of object detection

outputs and LLM capabilities. The ablation studies further reinforced the significance of

each component in our framework, highlighting how contextually relevant representations

and the intelligent scoring of frontiers contribute to superior navigation performance. Our

results show promise for real-world applications where autonomous agents are expected to

understand and interact with their environment dynamically and effectively.

Limitations and Future Work. Despite the success of our method in simulated envi-

ronments, several challenges remain before it can be effectively implemented in real-world

scenarios. For instance, the method has not been tested against the variability and unpre-

dictability of real-world dynamics, including changing lighting conditions, moving obstacles,

and unmodeled environmental factors. Future research will aim to address these challenges
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by incorporating real-time sensory feedback and improving the robustness of the models to

such changes. Additionally, integrating our approach with more complex multimodal data

and testing on physical robotic platforms will be crucial for assessing its practical applicabil-

ity and performance in real-world conditions. These steps will help bridge the gap between

simulation-based testing and real-world deployment, paving the way for more autonomous

and intelligent robotic systems.

Further considerations in future work include addressing the limitations related to object

detection and agent behavior. The current method detects and acts on the first object

found, without consideration for proximity. Future research will aim to enhance object

recognition to allow for more detailed targeting, like finding the closest chair instead of the

first detected. This enhancement would improve interaction with real-world environments

where object placement is dynamic and unpredictable.

Another area for improvement is time optimization in agent movements. The current

system maintains a uniform speed, but in certain situations, such as navigating through

a hallway, the agent could increase speed to save time. Future development will focus on

creating adaptive speed controls, allowing agents to respond to environmental contexts and

complete tasks more efficiently.

Lastly, our method currently constructs a new layout map at the beginning of each

episode, even when it starts in a familiar scene. This approach can be resource-intensive and

time-consuming. Future work will explore the reuse of previously constructed layout maps

when appropriate, allowing for faster initialization and more efficient memory use. This
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improvement will facilitate smoother transitions between episodes and contribute to a more

seamless experience in long-term, continuous deployment scenarios.
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