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Abstract
Recently, with the advances in Large Language Models (LLMs), robot naviga-
tion models have demonstrated superior generalization capabilities, including
environment perception, decision-making, reasoning, planning, instruction un-
derstanding, and human-robot interaction.In this paper, we systematically re-
view recent LLM-based robot navigation research papers, categorizing existing
studies into a novel taxonomy comprising perception, planning, control, interac-
tion, and coordination.We also present an overview of the principal datasets and
metrics used in robot navigation, analyzing the distinctive characteristics of the
datasets and the performance of the main LLMs-based methods.Furthermore,
we discuss the challenges hindering the integration of LLMs into robot naviga-
tion and provide opportunities and potential directions for future development.
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Abstract
Recent advances in Large Language Models (LLMs) have demonstrated superior
generalization capabilities in robot navigation, encompassing environment per-
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ception, decision-making, reasoning, planning, instruction understanding, and
human-robot interaction. In this paper, we systematically review recent LLM-
based robot navigation research, categorizing existing studies into a novel tax-
onomy comprising perception, planning, control, interaction, and coordination.
We present an overview of the principal datasets and metrics used in robot nav-
igation, analyzing the distinctive characteristics of the datasets and the perfor-
mance of the main LLM-based methods. Furthermore, we discuss the challenges
hindering the integration of LLMs into robot navigation and provide opportu-
nities and potential directions for future development.

Keywords: Large Language Models (LLMs), robot navigation, environment
perception, decision-making, reasoning, planning, instruction understanding

Introduction
Robot navigation refers to a robot’s capability to identify its location within
its environment and plan a path to reach a target destination. It is a multidis-
ciplinary field encompassing artificial intelligence, machine learning, computer
vision, sensor technology, and robotics. Traditionally, robot navigation has been
regarded as a geometric mapping and planning problem [?], requiring robots to
parameterize geometric problems to identify and plan paths from a starting
point to a destination in known or unknown environments.

From early model-based approaches to recent advancements in deep learning
and reinforcement learning, significant progress has been made in robot nav-
igation technology [?, ?, ?, ?, ?]. For example, Leonard et al. [?] utilized
the Extended Kalman Filter for mobile robot navigation in known environ-
ments, while Hu et al. [?] employed landmark identification and recognition of
dynamically extracted environmental features for navigation. As technology ad-
vanced, researchers began incorporating machine learning to transcend simple
geometric abstractions, enabling systems to make decisions based on real-world
experiences, consider the physical consequences of actions, and leverage pat-
terns in the environment [?]. However, these methods are data-intensive and
lack interpretability, making debugging and improvement challenging. Conse-
quently, many machine learning-based methods remain predominantly in sim-
ulation, with only occasional application in simple real-world environments as
“concept validation”systems for learning navigation [?].

Recently, LLM-based robot navigation methods have garnered significant at-
tention. LLMs such as GPT-3 [?] and BERT [?], pre-trained on vast textual
data, learn rich language patterns that enable them to perform various lan-
guage tasks with minimal examples. These models enhance embodied intelli-
gent systems with environmental awareness and decision support. Leveraging
their powerful language and image processing capabilities, LLMs can effectively
plan and make decisions for new tasks with minimal or even zero sample data.
LLMs also enhance human-machine interaction; for instance, the LIM2N [?]
framework enables language and hand-drawn inputs to serve as navigation con-
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straints and control objectives. Furthermore, the concept of generative agents—
computational software agents simulating human behavior using LLMs—offers
new perspectives for improving human-machine interaction [?].

In summary, applying LLMs to robot navigation is a promising research direc-
tion, yet the field faces numerous challenges: how to effectively encode environ-
mental information into text, enable robots to understand and process complex
environmental information, facilitate rational decision-making, improve human-
robot interaction, and achieve autonomous decision-making and reasoning.

To comprehensively understand LLM-based navigation technology and advance
further research, this paper summarizes the latest advancements and discusses
future directions. Notably, recent surveys [?, ?] have reviewed LLM-based nav-
igation research. Compared to these works, this paper differs in three key as-
pects:

• This study focuses specifically on LLM-based navigation, which plays a
pivotal role in advancing this technology.

• This paper examines the role of LLMs across various navigation aspects:
Perception, Planning, Control, Interaction, and Coordination.

• LLM-based navigation methods are classified based on the physical envi-
ronments where robot navigation tasks are applied: indoor, on-road, and
off-road environments.

This article presents a comprehensive survey of LLMs applied to navigation, en-
compassing theoretical foundations and practical applications. Figure 1 [Figure
1: see original paper] illustrates the structure of this work.

Following the introduction, this paper is organized into six sections. Section
2 briefly introduces the development of LLMs and robot navigation. Section 3
discusses the application of LLMs in various navigation stages, examining differ-
ent motivations and technologies. Section 4 provides a comparative analysis of
relevant datasets. Section 5 introduces evaluation metrics and compares model
performance. Section 6 discusses unresolved issues, potential research directions,
and future challenges. Finally, Section 7 concludes the paper.

2 Background
This section briefly reviews progress in LLMs and robot navigation.

2.1 Large Language Models

LLMs represent a class of Transformer-based language models renowned for
their expansive parameter counts, often reaching hundreds of billions. These
models undergo training using vast quantities of internet data, endowing them
with broad language capabilities, primarily manifested through text generation.
Prominent examples include GPT-3 [?], PaLM [?], LLaMA [?], and GPT-4 [?].
A salient attribute exhibited by LLMs is their emergent proficiencies, such as
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in-context learning (ICL) [?], instruction comprehension, and chain-of-thought
reasoning (CoT) [?].

In contrast to traditional machine learning models, the prowess of large language
models is evidenced by their deep bidirectional representations, potent context
comprehension, and efficient handling of complex tasks. Conventional models
such as Long Short-Term Memory Networks (LSTM) typically rely on specific
data structures and algorithms. In contrast, substantial language models like
GPT-4 and Sora [?], founded on the Transformer architecture, rely solely on
attention mechanisms for information processing.

Leveraging language models to develop embodied models that aid intelligent
agents in achieving human-like capabilities represents a burgeoning direction.
The language competence and knowledge inherent in LLMs can assist agents in
reasoning about semantic information and planning executable actions [?, ?, ?,
?, ?, ?]. Through embodied language models [?], sensor data can be directly
converted into interactive code, facilitating a direct transformation from percep-
tion to words. The gap between perceptual information and text disappears as
real-world sensor data seamlessly integrates with language models. Voyager [?]
introduces lifelong learning through three primary components: an autonomous
curriculum that encourages exploration, a skill repository to store and retrieve
intricate behaviors, and an iterative prompting mechanism to generate code for
low-level control. Voxposer leverages LLMs to generate robot trajectories for
diverse manipulation tasks, guided by open-ended instructions and object cues
[?].

2.2 Robot Navigation

Mobile robot navigation technology [?, ?] has garnered widespread attention
due to its comprehensiveness and practicality [?]. Over the years, research has
been fruitful, integrating algorithms ranging from classical control to machine
learning [?]. It involves a multi-layered architecture encompassing perception,
planning, and control. Resolving these three core questions involves key tech-
nologies including environmental perception, autonomous localization, and mo-
tion planning.

Environmental perception technology involves using onboard sensors to perceive
the surrounding environment and processing acquired data to obtain specific in-
formation about surroundings (including feature and positional information) [?].
In scenarios where the environmental map is unknown and the initial position is
uncertain, mobile robots must first rely on sensors to perceive external informa-
tion before proceeding with localization, map construction, and path planning.
Therefore, environmental perception forms the foundation of autonomous navi-
gation [?].

The localization issue is fundamental to achieving autonomous mobility. De-
pending on task requirements, localization can be divided into pose tracking,
global localization, and kidnapping scenarios. Autonomous localization entails
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the robot utilizing prior environmental map information, current pose estimates,
and sensor observations as input data to generate more accurate pose estima-
tions [?].

Path planning involves the robot integrating prior map information and real-
time sensory input of the surrounding dynamic environment to search for a
trajectory connecting the starting point and goal point. This trajectory, under
specific criteria, is optimal and ensures the robot can navigate past dynamic
obstacles in real-time, ultimately reaching the target smoothly [?, ?, ?]. Achiev-
ing autonomous robot navigation necessitates addressing three core challenges,
categorized into Map-Based Navigation [?] and Mapless Navigation [?].

Having an environmental map aids efficient path planning. However, in many
scenarios, the environmental map is initially unknown, leading to the devel-
opment of mapless navigation and Simultaneous Localization and Mapping
(SLAM). Moreover, the quality of map-based navigation is directly influenced
by the representation and accuracy of the environmental map. Maps can be
metric or topological. In metric maps, detected obstacles, landmarks, and the
robot’s position are represented relative to a specific reference frame.

In recent years, algorithms based on traditional search and sampling methods
continue to emerge [?, ?, ?]. Furthermore, learning-based planning methods
have attracted attention, including approaches that integrate both conventional
and learning paradigms [?]. Traditional search methods encompass visual graph
search algorithms and grid map-based search algorithms, while sampling-based
algorithms include probabilistic roadmaps and methods based on random search
trees. Learning-based methods consist of socially aware motion planning based
on reinforcement learning. Hybrid methods that combine traditional and learn-
ing approaches involve learning methods for predicting self-vehicle posture in
sampling-based incomplete motion planning tasks [?].

3 LLMs in Robot Navigation
The development of robot navigation has been swift, yet it remains riddled
with challenges. The primary technical hurdle lies in path planning. Effective
navigation demands consideration of dynamic environmental variations and un-
certainties, alongside the art of reaching intended destinations while evading
obstacles [?]. As robots navigate unfamiliar terrains, environmental uncertain-
ties and intricacies pose additional challenges. Human activities, for instance,
exert noteworthy influence on robot navigation. Robots must adeptly cohabit
spaces with humans and avert conflicts [?]. Furthermore, the selection of sen-
sors and the fusion of their data stand out as pivotal challenges, as each sensor
boasts distinct levels of precision and reliability. Harmonizing data from di-
verse sensors to enhance positioning and navigation accuracy remains a critical
research avenue [?, ?].

To confront these challenges, amalgamating LLMs with robot navigation
emerges as a viable convergence. The fusion of robots with LLMs traces back
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to 2017, which witnessed the inception of the Transformer model founded on
attention mechanisms [?]. Subsequently, in 2019, the introduction of the BERT
model propelled deep bidirectional learning representations [?]. These advance-
ments laid a robust foundation for subsequent fusion. Moreover, commencing
in 2020, the method of pre-training massive language models and fine-tuning
them for specific tasks has led to significant performance enhancements
across various NLP tasks [?]. The effective collaboration between robots and
LLMs encapsulates a broad spectrum of outcomes, enhancing intelligence and
human-machine interactions, fortifying autonomy, decision-making prowess,
perceptual and control capabilities, and extending to fostering learning,
adaptability, social interactions, and emotional exchanges [?, ?, ?, ?]. These
breakthroughs showcase the extensive application potential of LLMs within
robotics and furnish novel directions for future research.

In the ensuing sections, we delve into the impact of LLMs across various stages
of robot navigation and the associated models (Figure 2 [Figure 2: see original
paper]).

3.1 Robot’s Environment Perception and Semantic Understanding

Humans primarily rely on their five senses for perception while moving, with-
out prior prompts. To endow LLMs with similar capability, it is necessary to
provide them with comprehensive multimodal descriptions of the environment.
To achieve this, a Converter with multimodal perception capabilities is indis-
pensable, as it conveys detailed descriptions of environmental features to LLMs.
Currently, three main forms of Converters exist:

• Capturing correlation between vision and language, as exempli-
fied in LM-Nav [?], involves utilizing Vision Language Models (VLM) [?]
like CLIP as grounding modules for LLMs. LLMs leverage semantic un-
derstanding capabilities to parse free-form textual instructions and match
landmark descriptions with images observed by the robot. VLMs such as
CLIP may not be flawless; for instance, they might fail to detect specific
landmarks like fire hydrants or cement mixers. If a landmark exists and
can be recognized by the VLM [?, ?, ?], the robot can effectively localize
and follow it. However, if the VLM fails to detect a landmark correctly,
the robot may choose an incorrect path.

• Describing multimodal information in natural language, as exem-
plified by Matcha [?], involves utilizing Multimodal Perception Modules
to convert results into natural language form for improved comprehen-
sion and unified processing by language models. For instance, the visual
perception module uses a pre-trained ViLD [?] model to detect object
categories and positions, subsequently generating scene descriptions. The
impact sound perception module categorizes impact sounds and translates
them into natural language descriptions. Similarly, weight measurement
information is directly transformed into expressions such as “it is light”
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or “it weighs 30 grams,”facilitating seamless integration with language
processing frameworks.

• Encoding original images into Visual Tokens, akin to the Image-
oriented Tokenizer in [?], involves techniques like Vector Quantized Gen-
erative Adversarial Network (VQ-GAN). VQ-GAN decomposes images
into discrete visual units mapped to a visual dictionary, transforming im-
age data into a format processable by language models. Subsequently,
a lightweight projection module utilizes a trainable projection matrix to
map these visual tokens into the same vector space as text embeddings, en-
abling LLMs to integrate visual and language information for multimodal
response generation.

Upon receiving multimodal information from the Converter, LLMs engage in
semantic reasoning by understanding and parsing environmental information,
language instructions, and historical records. For instance, NavGPT [?] utilizes
Visual Foundation Models (VFM) to convert visual information into natural
language descriptions, then combines navigation system principles and history to
infer the robot’s current location. If LLMs receive visual information describing
“refrigerator”and “sink,”and previous history indicates passing through the
“kitchen,”they may infer the current location is likely in the kitchen. LLMs make
decisions on subsequent actions based on this information, such as selecting
actions corresponding to identified viewpoint IDs, but do not directly“recognize”
rooms; instead, they make judgments based on contextual information.

Beyond localization, LLMs can infer interactive information in the environment
through perception. For instance, to facilitate effective object interaction, robots
can utilize LLMs to understand object affordances and determine which objects
require avoidance based on language instructions [?]. Within the VoxPoser [?]
framework, affordances represent how objects can be used (e.g., a drawer be-
ing opened), while constraints limit action possibilities (e.g., avoiding contact
with a vase). By mapping affordances and constraints onto a 3D value map,
robots can synthesize motion trajectories to execute complex tasks, considering
obstacles and objectives. This approach enables robots to comprehend language
instructions, generalize to unseen instructions with zero-shot learning, and op-
erate without extensive robot-specific data.

3.2 High-level Planning

Robot navigation planning faces challenges across multiple levels, from agile low-
level control to high-level planning and reasoning, requiring extensive domain
knowledge amidst vast search spaces [?, ?]. The goal of navigation planning
is to convert natural language instructions, including spatial and temporal con-
straints, into coordinates or encodings of time path points, such as (𝑥𝑖, 𝑦𝑖, 𝑧𝑖)
[?]. Through vast pre-training data and self-supervised learning, LLMs can
provide navigation planning for executing complex long-horizon tasks [?]. A
prompting approach introduced in [?] utilizes LLMs to directly generate action
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sequences without additional domain knowledge. LLMs empower navigation
planning through decomposing instructions into subtasks, tracking navigation
progress, and adapting to exceptions in plan adjustments [?] (Figure 3 [Figure
3: see original paper]).

Sub-task decomposition involves generating a sequence of subtasks from lan-
guage instructions, where each subtask is an independent unit contributing to
the overall task. For instance, a “move from point A to point B and then turn
back”task may include “navigate to point B”and “turn back”subtasks. De-
composed subtasks are handed to low-level controllers responsible for executing
simple actions and basic environmental interactions [?], translating each sub-
task into executable control commands. For example, to move to a table, the
controller takes the agent’s position and orientation as input and generates
forward, left turn, and right turn commands.

Existing subtask decomposition methods fall into three categories: Zero-shot
Planning, Recursive Planning, and Task Planning + Feedback [?]:

• Zero-shot Planning, as proposed in [?], involves LLMs generating the
entire subtask sequence at once by integrating geospatial data and natural
language instructions, without verifying executability.

• Recursive Planning involves iteratively prompting LLMs to generate
each subsequent subtask based on preceding subtasks. In SayCan [?],
the value function module generates a value function space based on the
current scene and previous task results, representing the likelihood of dif-
ferent task executions, then selects the most probable next subtask from
candidates.

• Task Planning + Feedback combines subtask sequence generation with
navigation progress tracking and feasibility checking. This approach finds
a subtask sequence that satisfies the entire task and verifies feasibility be-
fore execution, enabling LLMs to maintain comprehensive understanding
of navigation history and track progress. For infeasible subtasks, LLMs
can prompt feedback regarding the infeasible actions to generate a new
subtask sequence, similar to the hierarchical approach in [?].

When navigation planning involves complex environments and temporal con-
straints, simultaneously performing task inference and motion planning can ren-
der subtask decomposition infeasible. To address this challenge, [?] proposed a
method that does not directly plan subtasks using LLMs. Instead, it executes
a few-shot transformation from natural language task descriptions to interme-
diate task representations, then utilizes the TAMP algorithm to jointly solve
task and motion planning. Additionally, by introducing self-regressive prompt-
ing techniques, it detects and corrects potential synthetic or semantic errors,
ensuring robots complete tasks as intended.

Furthermore, navigating in unknown environments makes it infeasible to gen-
erate multi-step long-range plans initially, potentially leaving agents unable to
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modify plans during execution. During exploration, effective new location navi-
gation search plans need incremental generation and updating. For this purpose,
robots can use LLMs as memory to store previously visited areas [?]. As de-
scribed in SayNav [?], SayNav utilizes a 3D scene graph to support memory for
future planning, automatically annotating nodes of explored rooms so agents
do not replan for revisited rooms. Additionally, LLMs can track their plans
through the conversation chain module in the LangChain framework, which
avoids reaching maximum prompt limits by not relying on entire conversation
history.

Traditional robot memory implementations rely on advanced storage and
processing technologies simulating human or animal brain mechanisms, ranging
from sparsely distributed memory [?] to lifelong learning frameworks [?],
experience-based predictive mapping [?], and biologically inspired cognitive
models based on hippocampal mechanisms [?]. These methods enable robots
to effectively learn and adapt in different environments. LLM-based tracking
may generalize better to other tasks by eliminating the need for modules that
track planning history, thus exhibiting strong generalization capabilities for
diverse task implementations.

3.3 Low-level Control

Traditional robot control systems typically employ predefined functions, behav-
iors, and algorithms for navigation, using PID controllers to adjust speed and
direction to ensure safe, effective movement to target locations. Hardware lim-
itations and safety constraints are often hard-coded to prevent unexpected be-
haviors. To enable LLMs to control robots, one can teach them the mapping
between natural language and program code, issuing commands in natural lan-
guage that are subsequently converted into machine-executable program code.
For instance, Code-as-Policies [?] utilizes programming-oriented LLMs to gen-
erate robot policy code based on natural language instructions.

Using LLMs as robot controllers offers several advantages. Firstly, LLMs can
generate highly flexible robot strategies, aiding adaptation to various environ-
ments. Secondly, there is no need to collect training data or undergo training;
existing visual perception models can be directly utilized, so improvements in
underlying models directly translate to enhanced operational accuracy without
additional costs. Lastly, LLM strategy codes exhibit high interpretability. Typ-
ical approaches [?, ?] involve designing guiding prompts for LLM generation,
including Application Programming Interfaces (APIs) and contextual examples,
with natural language instructions provided to the LLMs. The final input con-
sists of code APIs, usage examples, and task instructions.

To break the constraint of being limited to fixed skill sets, [?] introduces a frame-
work utilizing an LLM-based planner to query for new skills, instantiating skills
from an imitation learning agent and gathering human demonstrations when
necessary to effectively learn new skills. Additionally, [?] mentions that com-
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bining LLMs with lifelong robot learning allows LLMs to request new skills to
accomplish given tasks. When a robot cannot accomplish a task using existing
skills, LLMs request to learn a new skill by observing human demonstrations, ac-
quiring and incorporating it into the skill library for future reuse, demonstrating
the potential of open-world and lifelong learning [?].

3.4 Human-computer Interaction

Human-robot interaction is crucial in robot navigation, enabling seamless collab-
oration and communication between users and robots. The capability of linking
vision with language in VLMs can facilitate this interaction. However, VLM’s
fuzzy semantic understanding makes human-robot interaction challenging. For
example, VLM features may identify a grass field as green and belonging to the
grass category but may not infer that it could be the soccer field indicated in
language instructions [?]. Therefore, applying LLMs in the human-robot inter-
action module for navigation is essential. LLMs can overcome VLM limitations
by enhancing object understanding for more comprehensive, intelligent environ-
mental processing. Additionally, converting sound into language through voice
sensors enables conversational interactions, allowing robots to update semantic
maps [?], eliminate semantic ambiguities, detect ground types [?], and perform
functions unattainable through visual information alone.

Multimodal sensors further assist LLMs in effectively guiding robot behavior
in real-world scenarios. Multimodal input enables robots to have more compre-
hensive understanding of human commands. For example, LIM2N [?] combines
language and hand-drawn sketches for intuitive, user-centered interactions, al-
lowing users to guide robots through language instructions or drawn paths. Mul-
timodal inputs supplement information difficult to describe in words. Zhong et
al. [?] proposed an intuitive remote operation system using VR devices, demon-
strating VR-based control feasibility. HRC [?] integrates VR thoroughly into
robot navigation, utilizing a VR-based remote operation system as a bridge
for human-robot collaboration, enhancing transparency and controllability of
remote operations.

Beyond conventional Visual-Linguistic Navigation (VLN) and Socially Aware
Navigation (SAN) tasks, navigating in human-populated spaces is crucial for
supporting advanced services such as collaborating with users or walking along-
side them. SAN tasks face two main challenges: real-time highly volatile user
requests or perceptions, and managing constraints on socially compatible navi-
gation behaviors in dynamic environments. Current approaches have addressed
challenges of realizing social robots in public environments [?], drawing inspira-
tion from machine learning [?], sociology [?], analytical mechanics [?], algebra,
geometry [?, ?], and other fields.
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3.5 Multi-robot Coordination

Studying multi-robot collaboration across domains can alleviate limitations of
single-agent systems, including active mapping [?], exploration [?], and search
[?]. In exploration tasks, Multi-Agent Reinforcement Learning (MARL) [?]
and Graph-based Learning [?] facilitate transitioning planners from single-agent
configurations [?], emphasizing Multi-Agent Visual Semantic Navigation that
leverages scene prior knowledge to localize objects and formulate navigation
strategies through reinforcement learning. While planning-based and learning-
based techniques have been successful, they often require common-sense learn-
ing for robot missions [?]. In contrast, LLMs encompass broader, richer prior
knowledge, enabling application in multi-robot navigation tasks. Recent works
[?, ?, ?] have demonstrated feasibility of converting environmental observations
into linguistic inputs for LLMs to facilitate communication and decision-making
within Multi-Agent Systems (MAS). Most works employ hierarchical structures
to ensure smooth MAS operation. Mainstream LLM-based multi-agent plan-
ning frameworks fall into two branches: centralized [?, ?, ?, ?] and decentralized
[?, ?, ?, ?].

• Centralized systems employ LLMs to comprehend observations, his-
tory, and task progress of multiple agents, collaboratively allocating tasks
to robot groups [?] or individuals [?]. For example, [?] implements a
centralized multi-agent navigation framework extracting boundary and
semantic information from maps, utilizing LLMs to allocate exploration
areas to each robot. This demonstrates good coordination in small-scale
teams, but as team size grows, increasing communication and information
processing burdens pose challenges to rational, timely planning [?].

• Decentralized systems treat each robot as an autonomous entity that
exchanges historical observation results through human-like language com-
munication and makes adaptive decisions [?]. CoELA [?] provides a sys-
tematic template for decentralized communication and collaboration, di-
viding each agent’s execution into five modules: observation, belief, com-
munication, reasoning, and planning, where LLMs facilitate communica-
tion and reasoning among agents.

3.6 Summary

Robot navigation technology has evolved from simple geometric feature tracking
[?] to complex path planning in dynamic environments. These advancements
enhance robot autonomy and efficiency in known or unknown environments
while strengthening adaptability in complex, dynamic settings. Different en-
vironments present various challenges and requirements. LLM application in
robot navigation leads to significant differences in strategies across three dis-
tinct environments: indoor, on-road, and off-road, manifested in environmental
perception, path-planning algorithm selection, and localization technique appli-
cation.
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• Indoor environments: Target objects are more likely to appear near spe-
cific rooms and objects, aiding agents in searching. Upon detecting room
and object information, agents can leverage pre-trained LLMs to perform
commonsense reasoning on target objects and semantic scene information
through text prompts [?].

• On-road environments: The focus lies in environmental complexity
and navigation task scale. Dense city street networks require handling
intricate intersections and directional changes (3-way, 4-way, 5-way), pos-
ing higher demands on landmark detection and directional understanding.
Urban navigation paths typically average 40 steps, far exceeding the 6-
step average for indoor tasks, necessitating continuous visual and language
comprehension throughout the process [?]. LLMs’semantic understanding
assists agents in better identifying landmarks, understanding instructions,
and learning trajectory memories. Road navigation must also consider hu-
man behavior, especially in densely populated urban environments. LLMs’
ability to track user language feedback and adjust robot behavior infer-
ence is crucial, capturing human intent and spatiotemporal dependencies
to comprehend and adapt socially acceptable navigation behaviors [?].

• Off-road environments: Terrain variability significantly impacts robot
movement, making it challenging to devise universally effective navigation
policies across all scenarios [?, ?]. LLM-based approaches combine human
insights with technical solutions. Humans intuitively grasp environmen-
tal contexts, such as associating wet grass with high impedance—concepts
current algorithms struggle to comprehend but can be elucidated using
LLMs to interpret environmental backgrounds. When robots receive con-
textual information from human observers, such as “you are entering a
grassy area after rain”or “you are walking on dry rocky paths under
the sun,”an LLM-based translator can extract embeddings representing
contextual information from human explanations, enhancing navigation
decision-making and sensory observations [?].

In robot navigation and autonomous driving, numerous models constantly
emerge, each with unique advantages and applicable scenarios. However,
achieving more efficient and accurate performance requires comparative
analysis. By researching different models’capabilities in handling complex
environments and completing specific tasks, we can better understand their
characteristics, providing targeted choices and optimization solutions for
practical applications. As shown in Table 1 , our comparison reveals strengths
and weaknesses of typical models, providing important references for future
research and development. We should leverage these advantages and carry
out innovations combined with actual needs to promote greater breakthroughs.
Through continuous exploration, these models will play more significant roles
in their respective domains, bringing more convenience and progress to society.
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4 Datasets
LLMs play a crucial role in assisting robot navigation by accurately under-
standing and parsing instruction information, providing accurate path planning
and decision support that greatly enhances autonomous navigation capabilities
in complex environments. Different datasets also have unique roles in visual
navigation, covering rich information including semantics, visual features, mul-
timodal fusion, and environmental interaction, providing valuable resources for
robot learning and training.

Table 2 presents a multi-dimensional framework that systematically organizes
key datasets in robot language visual navigation, encompassing scale size, appli-
cable environment, types, and exploration methods, offering a clear, intuitive,
and highly valuable reference for precise comparison and in-depth analysis.

Semantic information datasets are crucial for improving robot understand-
ing and task execution ability, providing precise semantic knowledge and con-
textual information that enables robots to accurately understand human in-
structions and intentions for better planning and execution. By learning these
datasets, robots can accurately identify objects, scenes, and concepts, associat-
ing them with corresponding actions and decisions to improve problem-solving
efficiency and task execution. This also enhances adaptability to different tasks
and environments, increasing flexibility. The R2R dataset [?] studies vision
and language navigation, containing 21,567 natural language instructions for
agent navigation in the Matterport3D simulator. The REVERIE dataset [?]
contains 21,702 instructions involving navigation and referential expression in-
formation, helping agents navigate real indoor environments and identify re-
mote target objects. Just Ask [?] introduced human-computer interaction in
visual and language navigation based on R2R, including MC and ASA mod-
els and data enhancement strategies to improve navigation success rates and
adapt to noise in human responses. The FAO dataset [?], based on Matter-
port3D, provides instructions containing object attributes and relationships so
agents can find target objects from any position. The VNLA dataset [?] con-
tains rich indoor environment information and target object instructions, where
agents learn to find targets through advisor interaction and independent explo-
ration. The HANNA dataset [?], also based on Matterport3D, simulates agents
searching for objects in indoor environments, allowing agents to request help
and training their ability to interpret language and visual instructions. The
XL-R2R dataset [?] is the first cross-language VLN dataset, extending R2R
with Chinese instructions. The ALFRED dataset [?] contains 25,743 natural
language instructions for translating instructions and egocentric vision into ac-
tion sequences for domestic chores. DialFRED [?] is a conversational embodied
instruction-following benchmark extended from ALFRED, allowing robots to
actively ask questions and use answers to complete tasks. The IQA dataset [?],
based on AI2-THOR, contains over 75,000 multiple-choice questions requiring
agents to navigate scenes, interact with objects, and plan actions to answer
questions. The TEACh dataset [?] contains 3,047 game sessions for completing
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household tasks in AI2-THOR. The RoomNav dataset [?], based on House3D,
allows agents to navigate from random positions to target rooms according to
high-level semantic concepts. The EQA dataset [?] represents questions through
executable functional programs to test various agent abilities.

Visual feature datasets are critical for improving visual perception ability,
providing rich feature information (shape, color, texture) that enables robots
to accurately perceive and recognize surroundings. By learning these datasets,
robots can optimize visual perception models and improve information process-
ing and understanding, leading to better navigation, obstacle avoidance, and
adaptation to different lighting and environmental changes. Matterport3D [?]
is a large-scale RGB-D dataset containing 10,800 panoramic views of 90 building-
scale scenes, composed of 194,400 RGB-D images with annotations for surface
reconstruction, camera poses, and 2D/3D semantic segmentation. The TOUCH-
DOWN dataset [?] builds an outdoor visual street environment based on Google
Street View, containing 29,641 panoramas and 61,319 edges covering New York
City for studying natural language navigation and spatial reasoning. The RxR
dataset [?] is a new visual and language navigation dataset with path designs
meeting various expected characteristics including path length variance, indirect
approaches, naturalness, and uniform environmental viewpoint coverage.

Multimodal fusion datasets enhance the ability to process complex informa-
tion by integrating multiple modal data (text, image, audio), providing com-
prehensive information input. By fusing and analyzing these data, robots can
better understand correlations and complementarity between modalities, more
accurately process complex situational information, and flexibly respond to chal-
lenges. AI2-THOR [?] is an interactive 3D environment framework for visual
AI research containing various scene datasets, agents, supported actions, image
modalities, and environmental metadata, interacting with the Unity 3D game
engine through Python API.

Datasets involving environmental interaction provide fundamental train-
ing for effective navigation and task execution, containing rich environmental
information that simulates real-world scenarios. By learning these datasets,
robots master environmental interaction skills, improve navigation accuracy and
efficiency, and better understand task requirements to ensure smooth execution.
The RobotSlang dataset [?] is collected through cooperative experiments where
human drivers control physical robots and human commanders provide naviga-
tion guidance, studying language-guided simultaneous localization and mapping.
The CVDN dataset [?] contains 2,050 human navigation dialogues in simulated
home environments, studying robot navigation through dialogue. The Gibson
dataset [?] is a virtual environment for training and testing real-world percep-
tion agents, built from real space scanning with neural network view synthesis
and physical engine integration. The PROCTHOR dataset [?] contains 10,000
fully interactive houses with different room layouts, furniture placements, light-
ing, and materials for training agents in navigation and manipulation tasks. The
HM3D dataset [?] is a large-scale indoor 3D environment dataset composed of
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1,000 building-scale reconstructions from real-world locations. The HM3DSEM
dataset [?] is the largest 3D real-world spatial dataset with dense semantic an-
notations, adding a dense semantic layer to HM3D. The Open X-Embodiment
dataset [?] is a large-scale robot learning dataset collected by 21 institutions,
containing over 1 million real robot trajectories from 22 robot types. The Robo-
VLN dataset [?] forms continuous control by mapping human-annotated R2R
instructions to sparse waypoints in 3D reconstructed environments. The VLN-
CE dataset [?] converts R2R’s panoramic image trajectories into fine paths
in continuous Matterport3D environments. The AerialVLN dataset [?] designs
tasks for drone navigation in urban outdoor environments, generating flight
paths from experienced operators and annotations from AMT workers. The
Talk2Nav dataset [?] realizes automatic pathfinding based on language in out-
door Google Street View environments. The StreetNav dataset [?] provides
human-like tasks, following navigation instructions to reach destinations by ran-
domly sampling start and target positions. The Retouchdown dataset [?] pro-
vides human-annotated instructions and spatial description parsing tasks for
navigating New York City streets. StreetLearn [?] defines navigation tasks such
as courier tasks where agents learn navigation strategies based on visual obser-
vation and target location encoding.

This research focuses on datasets in robot language visual navigation, clarifying
the importance of LLMs and the unique roles of different datasets in seman-
tic information, visual features, multimodal fusion, and environmental interac-
tion. Through classification and analysis of multiple datasets, we provide a clear
framework for related research, helping to improve robot navigation ability and
expected to bring innovative breakthroughs across fields.

5 Evaluation Metrics and Analysis
LLM-based navigation techniques have been widely applied across society, mak-
ing performance optimization and improvement vitally important. To abstract
effectiveness into mathematical terms, this paper presents mainstream evalua-
tion metrics providing insights into accuracy and adaptability, encompassing
navigation accuracy, efficiency, and instruction adherence [?].

Key metrics include:

• Success Rate (SR) [?]: The frequency of task completion within defined
proximity to the target.

• Path Length (PL) [?]: The overall navigation route length.
• Shortest Path Distance (SPD): Evaluates the final position relative

to the predetermined destination.
• Trajectory Length (TL) [?]: The average distance traveled. Longer

paths reduce efficiency due to increased wear and resource utilization.
• Success weighted by Path Length (SPL) [?]: Balances SR and path

efficiency.
• Oracle Success Rate (OSR): Assesses whether any path portion is close
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to the predefined target location.
• Remote Grounding Success Rate weighted Path Length

(RGSPL): Reconciles Remote Grounding Success (RGS) failure rate
with navigation path efficiency.

• Key Point Accuracy (KPA): Gauges correct decision rate at key
points.

• Distance to Goal (DTG): The minimum distance between robot and
target when the episode concludes.

Success Rate (SR) delineates the proportion of accurately completed tasks,
signifying goal achievement efficiency:

𝑆𝑅 = Number of tasks accurately completed
Total tasks

Path Length (PL) mirrors the total distance covered throughout task com-
pletion, where shorter paths signify greater efficiency:

𝑃𝐿 =
𝑁

∑
𝑖=1

𝑃𝑖

Success weighted by Path Length (SPL) combines SR and PL to evaluate
task completion efficiency:

𝑆𝑃𝐿 =
𝑁

∑
𝑖=1

𝑆𝑖 ⋅ min(𝑃𝑖, 𝐿𝑖)
𝑁

where 𝑆𝑖 indicates task 𝑖 success (1 if successful, 0 otherwise), 𝑃𝑖 denotes navi-
gated path length, 𝐿𝑖 represents the shortest path, and 𝑁 is the task count.

Oracle Success Rate (OSR) indicates whether the distance from any path
point to the target is within a pre-defined threshold:

𝑂𝑆𝑅 =
𝑁

∑
𝑖=1

𝐼 (min
𝑛∈𝑃𝑖

dist(𝑛, 𝑔𝑖) ≤ Threshold)

The indicator function 𝐼(min𝑛∈𝑃𝑖
dist(𝑛, 𝑔𝑖) ≤ Threshold) returns 1 if the mini-

mum distance from any node within the path to the target is less than or equal
to the threshold, otherwise 0.

Under the Remote Grounding Success Rate (RGS) standard, success is
only attained when the agent locates an instance corresponding to the target
semantic label. This metric is widely used in goal-oriented tasks. The Re-
mote Grounding Success Rate Weighted by Navigation Path Length
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(RGSPL) correlates robot efficiency in achieving RGS with traversed path
length:

𝑅𝐺𝑆𝑃𝐿 =
𝑁

∑
𝑖=1

𝑆𝑅𝐺𝑆𝑖 ⋅ max(𝑃𝑖, 𝐿𝑖)
𝑁

Similar to OSR, 𝑆𝑅𝐺𝑆𝑖 is an indicator where 𝑆𝑅𝐺𝑆 = 1 when task 𝑖 is suc-
cessful, otherwise 0.

Subsequent analysis attempts to evaluate LLM-based navigation methods us-
ing these metrics. Unfortunately, evaluation criteria remain non-standardized,
with each method having unique characteristics. Therefore, Table 3 integrates
performance data of various LLM-related navigation models across different
environments using SR and SPL. By comparing data from models in environ-
ments such as HM3D, R2R, and MP3D, we can clearly understand each model’
s strengths and weaknesses.

In summary, in-depth analysis of evaluation metrics and navigation model per-
formance enables us to distinctly perceive current research achievements and
deficiencies. These findings provide a solid foundation for optimizing existing
models and indicate clear directions for subsequent research.

6 Challenges and Limitations
Applying LLMs to robot navigation shows significant potential. However, to
ensure comprehensive and rigorous research, we must consider the following
obstacles:

• Limitations in spatial reasoning abilities: Despite excelling in se-
quence modeling and pattern recognition, LLMs exhibit shortcomings in
complex spatial reasoning tasks. For instance, ChatGPT-3.5 struggles
with processing 3D robot trajectory data and may require specific prompt-
ing mechanisms to enhance performance [?].

• Adaptation issues in the physical world: A key challenge lies in
effectively integrating LLMs with perception and action control. While
some research shows LLMs can generate low-level control commands with
minimal physical environment cues, this remains complex, especially in
scenarios requiring dynamic behavior adjustments [?].

• Compatibility issues in visual perception: For tasks reliant on intri-
cate environmental interactions, such as robotic visual navigation, textual
instructions alone may not suffice. While multimodal LLMs (e.g., GPT-
4V) have started enhancing robot motion planning [?], this still constrains
LLM application in tasks requiring high-level visual perception.

• Safety considerations as embodied platforms: Robots’actions can
have lasting environmental impacts, necessitating safe learning and inter-
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action to prevent catastrophic events. This requires physical navigation
systems to possess adequate self-monitoring and risk assessment capabili-
ties.

• Demands for real-time and reliability: Practical applications require
robot navigation systems to respond swiftly and make accurate decisions
in uncertain environments. This necessitates LLMs to possess efficient
processing capabilities while reducing time delays and ensuring correctness
and reliability of plan execution [?].

• Diversity in visual navigation: Visual navigation encompasses various
tasks such as visual-language navigation, grounded question answering,
and scene navigation [?], requiring embodied navigation systems to exhibit
sufficient flexibility and adaptability.

These limitations present an alternative perspective on current research progress.
The primary challenge lies in LLM grounding mechanisms. Given sufficient
training data, LLMs can effectively address navigation tasks in large-scale en-
vironments, contingent upon perfect visual perception and excellent robotic
control strategies. In current research, LLMs often exist as processors or com-
ponents within navigation models, particularly in outdoor navigation tasks, lim-
iting their efficiency and success rates.

To fully leverage LLM capabilities, vast amounts of data are required. Current
datasets typically focus on indoor environments or specific settings, making it
challenging to acquire extensive datasets encompassing complex environments.
Accelerating progress necessitates researchers to deeply address these issues.

7 Conclusions
This paper thoroughly examined various methods within LLM-based Naviga-
tion, describing their differences and commonalities, and provided an in-depth
analysis of performance across tasks and environments, revealing fundamental
design principles. Experimental results underscore the crucial role of LLMs in
zero-shot navigation tasks. The paper also outlined inherent challenges and lim-
itations, including the lack of direct connection between LLMs and the physical
world, the need for large training datasets, and the complexity of understanding
and generating natural language across environments.

Despite these obstacles, promising research trajectories can drive progress, in-
cluding developing more robust and adaptive language models, investigating
innovative training methods and architectures, establishing standardized bench-
marks and evaluation metrics, and fostering urgent interdisciplinary collabora-
tion among artificial intelligence, robotics, and social science researchers.
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