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Abstract— Visual language navigation (VLN) is an embodied
task demanding a wide range of skills encompassing under-
standing, perception, and planning. For such a multifaceted
challenge, previous VLN methods totally rely on one model’s
own thinking to make predictions within one round. However,
existing models, even the most advanced large language model
GPT4, still struggle with dealing with multiple tasks by single-
round self-thinking. In this work, drawing inspiration from the
expert consultation meeting, we introduce a novel zero-shot VLN
framework. Within this framework, large models possessing
distinct abilities are served as domain experts. Our proposed
navigation agent, namely DiscussNav, can actively discuss with
these experts to collect essential information before moving at
every step. These discussions cover critical navigation subtasks
like instruction understanding, environment perception, and
completion estimation. Through comprehensive experiments,
we demonstrate that discussions with domain experts can
effectively facilitate navigation by perceiving instruction-relevant
information, correcting inadvertent errors, and sifting through
in-consistent movement decisions. The performances on the
representative VLN task R2R show that our method surpasses
the leading zero-shot VLN model by a large margin on all metrics.
Additionally, real-robot experiments display the obvious advan-
tages of our method over single-round self-thinking. Our project
web can be seen at the https://sites.google.com/view/discussnav.

I. INTRODUCTION

Visual language navigation (VLN) is an exciting and
emerging research field focused on developing embodied
agents capable of following natural language instructions
to navigate real 3D environments. Achieving success in
VLN is essential for the creation of service robots designed
for personal and domestic use, which has the potential to
significantly impact human life. Therefore, visual language
navigation has become a research hotspot within the field
of embodied AI [1], [2], [3], [4], leading to substantial
advancements in both academic and industrial domains.

Following instructions to navigate the indoor scene is a
very challenging embodied task, demanding keen observation
and meticulous thinking. At each action step, the navigation
agent needs to understand all actions and landmarks specified
in the instruction, observe the panoramic scene to identify
crucial objects, and review the accessed position to estimate
the instruction completion. Every movement decision relies
on the successful execution of these sub-tasks, each of which
demands different knowledge and abilities.
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Fig. 1. Comparison between single round self-thinking and multi-expert
discussions inference paradigms. The single-round self-thinking models
passively take all accessible navigation information as input and have to
make a prediction in one execution, while our DiscussNav agent relieves
from completing complex reasoning at one time and can actively obtain the
needed information via multi-expert discussions.

Facing such a multi-faceted challenge, previous methods
totally rely on one decision model, either specially trained
VLN model [1], [5], [6], [7], [8], [9], [10] or zero-shot
large language model [11], to make every step movement
prediction. As shown at the top of Figure 1, these models
passively take all accessible navigation information as input
and directly make a movement prediction by their own
knowledge and reasoning within one execution. This kind of
inference is a single-round self-thinking paradigm, which
requires the decision model to independently deal with
multiple VLN subtasks simultaneously based on the pre-
prepared information. However, even the most advanced large
language model GPT4 still struggles with completing several
different domain tasks at the same time. While training models
with VLN simulator data can enhance their performances
within simulated environments, the substantial sim-to-real
gap in camera setting and environment difference poses a
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significant barrier to their deployment on the real robot. As
shown in Table III, the trained model with more than 70%
simulation success rate cannot complete one instruction in
the real world, which indicates that it does not truly have
the ability to cope with multiple navigation subtasks via
current single-round self-thinking. Therefore, we explore a
new inference paradigm in this work to address problems of
single-round self-thinking.

In human society, international organizations or national
governments frequently convene expert consultation meet-
ings [12], [13], [14], [15] to address issues within specialized
domains such as health, environment, and energy. These
gatherings serve as platforms for in-depth discussions with
domain experts, providing valuable insights and information
essential for informed decision-making. The expert consulta-
tion meeting brings us inspiration. If the navigation agent can
discuss with multiple domain experts before moving, they
will have more confidence to make movement decisions.

Recent advancements in large-scale training have em-
powered large models with various domain knowledge
and abilities. We discover that their potential navigation
capabilities can be activated by special prompts, which
sparks our idea of creating domain experts with large models.
Therefore, we analyze the reasoning process about VLN and
abstract four crucial subtasks including instruction analysis,
vision perception, completion estimation, and decision testing.
Following subtask requirements, we craft on assigning the
expert’s role and defining the corresponding task in a series
of prompts. Eight different domain experts for VLN are
created by instructing large models with these prompts. With
these experts, we design a zero-shot VLN agent driven by
the large language model. Rather than completely think by
itself, the DiscussNav can actively discuss with multi-experts
before making a movement decision as shown at the bottom
of Figure 1. Compared with single-round self-thinking, the
multi-expert discussion can effectively reduce the burden on
the decision model and achieve better performance through
the collective power of multiple large models. Besides, in the
discussion process, we incorporate a verification mechanism
for action decomposition and completion estimation to rectify
errors that might arise during the discussion.

In this work, our main contributions are:
• We introduce DiscussNav, a novel zero-shot navigation

agent that leverages collective power through active
discussions with multiple domain experts.

• We create multiple domain experts for visual language
navigation by assigning specific roles and tasks to large
models, completely eliminating human involvement.

• Experiments on the representative visual language navi-
gation task R2R and real-robot show the effectiveness
of discussions with domain experts on the navigation
agent’s zero-shot performance.

II. RELATED WORK
A. Vision-and-Language Navigation

Language-driven vision navigation is demanded by widely
applicable embodied navigation agents. Previous supervised

methods make efforts on data augmentation [17], [18], [19],
[6], [20], [21], [22], memory mechanisms [9], [23], [24], and
pre-training [25], [7], [26], [27], [28]. These methods all focus
on how to effectively utilize simulator data in the training
to improve simulated performance but ignore the real-world
deployment. Although some researchers [29], [30], [31], [32]
try to equip navigation agents with dialogue abilities, they
all involve human annotation or participation. Recently, the
development of large models facilitated research on zero-
shot visual language navigation agents that can navigate in
the real world. LM-Nav [33] employs GPT-3 [34] in an
attempt to identify landmarks or subgoals on the predefined
graph, while CoW [35] and VLMaps [36] performs zero-
shot language-based visual navigation by creating maps with
multimodal models in the prior exploration. Being different
from these methods dependent on predefined graphs or prior
exploration, NavGPT [11] builds an out-of-the-box visual
language navigation framework that includes visual scene
semantics into prompts for the LLM to directly perform VLN.
However, all the above methods follow the single-round self-
thinking paradigm, which limits their performance on VLN
task and hinders their deployments on real robots. Our work
focuses on leveraging the collective power of multiple large
models relived in discussions to construct a more advanced
out-of-the-box visual language navigation framework.

B. Large Models

With the massive success in large-scale model training, a
new cohort of large models has shown evolutionary progress
toward achieving Artificial General Intelligence (AGI). Large
language models (LLMs) [37], [38], [39] have equipped with
a wide range of impressive abilities in information summary,
code generation, task planning, and so on. In the recent,
a series of research has been conducted on the LLMs to
explore how to further enhance LLMs by in-context learning
examples, chain-of-thought prompting [40], [41], [42], [43],
and external tool use [44], [45]. Drawing inspiration from
instruction tuning within LLMs, researchers in the multimodal
domain have taken strides toward integrating visual instruc-
tion tuning to enhance the instruction-following ability of
multimodal large models. Multimodal large models, such as
LLaVA [46], VisualGLM [47], [48], and InstructBLIP [49],
display remarkable capabilities in responding to instructions
or questions regarding image content, nuanced semantics,
and image-to-text artistic creation. These endeavors lay the
groundwork for the development of embodied agents based
on large models.

III. METHOD

Inspired by human behavior, we design a zero-shot visual
language navigation framework. The navigation agent Dis-
cussNav can actively initiate discussions with domain experts
driven by large models to collect needed information before
the agent makes movement decisions. In this section, we will
introduce how to form the DiscussNav agent and domain
experts. Then, we will illustrate how DiscussNav conducts
navigation discussions with experts before every step moving.
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Discussion Question Corpus

 Can you decompose actions in the instruction [instruction]?

 Can you extract landmarks in the instruction [instruction]?

 What [landmark type] can you see in the current direction 
[direction id]?

 Can you summarize navigation trajectory based on the [history]?

 Can you estimate the completion of given instruction based on 
the navigation trajectory [navigation trajectory]?

 Can you help me fuse the thoughts leading to the same 
movement direction? These thoughts are [thoughts].

 Can you help me make final decision? The thought-decision pairs 
are [thought-decision pairs].

You are a navigation agent who follows instruction [instruction] to move in an indoor environment with the least action steps. 
You have discussed with multiple domain experts to collect information about navigation landmarks [landmarks], your history navigation 
trajectory [navigation trajectory] and the estimation of executed actions in the given instruction [estimation of executed actions]. 
Now, you can observe current environment [scene information] and [scene objects] in different directions provided by vision perception experts. 
Your task is to predict moving to which direction around you at current step based on the information from multi-expert discussions. 
You are encouraged to move to new position to explore environment while avoid revisiting accessed position in non-essential situations. 
If you feel struggling to find the landmark or execute the action, you can try to execute the subsequent action and find the next landmark.
Your answer includes two parts: "Thought" and "Prediction". In the "Thought", you should think as detailed as possible following procedures: 
(1) Check the correctness of action completion estimation based on the navigation trajectory.
(2) Check whether the latest executed action has been completed by comparing current environment and landmark in the latest executed action.
(2) Determine the action you should execute and landmark you should reach now. 
(3) Analyze which direction in the current environment is most suitable to execute the action you decide and explain your reason. 
(4) Predict moving to which direction based on your thought process. 
Then, please make decision on the movement direction in the "Prediction". You must only answer direction ID in the "Prediction" without other 
words. If you think have arrived destination, you can predict “Stop”. Your decision is very important, must make it very carefully.

Prompt for Navigation Movement Decision

LLM DiscussNav

Turtlebot 4

Fig. 2. Demonstration of navigation agent DiscussNav powered by large language model (GPT4). The DiscussNav agent fills in question templates in the
corpus to discuss with multiple domain experts and prompts the large language model to make navigation decisions based on the multi-expert discussion
results. The “[xxx]” are slots that should be filled with specified information. We use color (See Fig 3) to distinguish different expert discussion results. In
the Matterport3D simulation [16] test, the DiscussNav agent will choose the first candidate viewpoint of the predicted direction to move.

A. DiscussNav Agent for Visual Language Navigation

We create the DiscussNav agent based on the discussion
question corpus and the powerful large language model GPT4.
The left box in Fig 2 shows the discussion question corpus. In
the navigation process, the DiscussNav agent will one-by-one
fill in the slots of these question templates and discuss them
with corresponding domain experts to collect information
for navigation. The right box in Figure 2 displays how
the DiscussNav agent instructs the large language model
to make movement decisions according to the multi-expert
discussion results about landmarks, navigation trajectory,
competition estimation, and scene visual information. The
large language model GPT4 is required to first conduct a
chain-of-thought following a series of requirements including
checking the correctness of completion estimation and then
write down a movement decision in the “Prediction” field
for the convenience of resolution. At each inference time,
following the beam search mechanism, the large language
model can produce N different responses simultaneously for
one input. Compared with the greedy search, beam search can
cover more possibilities. The DiscussNav agent will discuss
these predictions with decision testing experts for the final
movement decision.

B. Domain Experts Driven by Large Models

Large-scale training on multi-source datasets equips large
models with rich domain knowledge and abilities. Meanwhile,
the auto-regressive instruction tuning makes both large
language models and multimodal large models sensitive to
the given prompt. Utilizing this feature, we can explore large
models’ professional knowledge and activate their domain
capabilities by assigning specific roles and defining clear task
requirements in the inputted prompt. Therefore, as the top
row of Figure 3 shows, we establish multiple domain experts
for visual language navigation through specific prompts. The
creation process will be introduced in the following.

Instruction Analysis Experts. The navigation instruction
usually involves a series of actions and landmarks. Some
actions and landmarks are not easy to understand due to
grammatical structures. Take the instruction “Stop just past
the eye exam chart on the wall” as an example, the action
sequences are “walk past”, “stop” rather than the reverse

order while the landmark is “the eye exam chart on the
wall” instead of “eye exam chart”, “wall”. To accurately
identify action sequences, we allocate action decomposition
expert’s role to GPT4 and define the task of detecting all
actions in the given navigation instruction. The expert takes
raw human instruction as input and is expected to produce
decomposed actions in a sequential manner. Furthermore, we
create GPT4 driven landmark extraction expert with the
goal of recognizing landmarks and categorizing their types.
We impose the requirement to “ensure the integrity of each
landmark” to facilitate the expert. Note that, to guarantee
the correctness of action decomposition, we add an error
correction task before the landmark expert’s formal task,
which requires the expert to check the action order based on
the sentence structure of the original instruction.

Vision Perception Experts. Observing instruction land-
marks existing in the surrounding environment is essential for
the navigation agent to make decisions on the next movement
direction. The instruction landmarks can be roughly divided
into scene-level landmarks, such as “bedroom”, “kitchen”
and “living room” and object-level landmarks like “stair”,

“sink” and “couch”. We create scene observation expert
by multimodal large model InstructBLIP [49], which takes
scene image and scene queries as input and is expected to
observe required scene-level visual information. In the navi-
gation discussion, the expert can observe specific scene-level
information such as room type, infrastructure, and furniture
following the task requirement. The object detection expert
is built upon the Recognize Anything Model (RAM) [50]. Due
to the limitation of RAM’s architecture, this expert can only
take one image as input and predict object tags. Compared
with the scene observation expert, the object detection expert
has the advantage of discovering inconspicuous objects in
the scene, which can find most existing objects in the scene.

Completion Estimation Experts. In the navigation process,
each action may require more than one step to execute, which
leads to the misalignment between the movement steps and
executed actions. The navigation agent should be aware of
what actions they have completed and what next action they
need to execute in the current environment. Firstly, we allocate
trajectory summary expert’s role to ChatGPT and define its
task of simplifying the environment description and thought
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Can you decompose actions in the instruction 
“Turn left and exit the room. Keep walking along 
the hall past the kitchen area. Wait by the 
doorway to the dining table area.”?

Actions: 
1. Turn left.
2. Exit the room.
3. Keep walking along the hall.
4. Walk past the kitchen area.
5. Wait by the doorway to the dining table area.

Topic 1: Instruction Analysis

Can you extract landmarks in the instruction …?

Actions are all correct. Landmarks: 
Room (room), Hall (room), Kitchen Area 
(room) , Doorway to the Dining Table Area 
(furniture, room)

Topic 2: Vision Perception

What infrastructure can you see in the current 
direction 1?

This are glass door on the right side of the hall.

Can you estimate the completion of given 
instruction based on the navigation history?

Thought: (1) I have exited room… Prediction:
Executed Actions:
1. Turn left.
2. Exit the room.
3. Keep walking along the hall.
4. Walk past the kitchen area.
In-progress Actions: 
5. Wait by the doorway to the dining table area.
Actions Waiting to be Execute: None

Topic 3: Completion Estimation Topic 4: Decision Testing

What room can you see in the current direction 1?

(Observe 12 directions with these 2 questions …… )

Instruction Analysis Experts Vision Perception Experts Completion Estimation Experts Decision Testing Experts

I can see a hallway in the middle of the scene.

[Step 1] Observation: ... Thought: … → [Step 2] 

Can you summarize navigation trajectory?

……

Thought: …… Prediction: Direction 6

Thought: …… Prediction: Direction 6

Thought: …… Prediction: Direction 9

Can you help me fuse the thoughts leading to the 
same movement direction? These thoughts are …

(1) Thought: …… Prediction: Direction 6
(2) Thought: …… Prediction: Direction 9

Can you help me make final decision? The …

Thought: … Direction 6 is better than Direction 9. 
Prediction: Direction 6

[Action Decomposition Expert] “You are an action 
decomposition expert. Your task is to detect all 
actions in the given navigation instruction. You need 
to ensure the integrity of each action.”

[Landmark Extraction Expert] “You are a landmark 
extraction expert. Your should check the correctness of 
action order by sentence structure. Then, You should 
recognize landmarks and categorize their types … “

[Scene Observation Expert] “You are a scene 
observation expert. Your task is to answer visual 
questions about the scene based on your observation. 
Please provide as many details as possible.”

[Object Detection Expert] (This expert is driven by 
the image tagging model RAM. The RAM cannot 
receive any language prompt as input.)

[Trajectory Summary Expert] “You are a trajectory 
summary expert. Your task is to simplify the 
environment description and thought process in the 
navigation history. Please follow the format: [Step t]…

[Completion Estimation Expert] “You are a completion 
estimation expert. Your task is to estimate what 
actions in the instruction have been executed based on 
navigation history and landmarks. In the thought, …“

[Thought Fusion Expert] “You are a thought fusion 
expert. Your task is to fuse given thought processes 
into one thought. You need to reserve key information 
related to actions, landmarks, direction changes .”

[Decision Testing Expert] “You are a decision testing 
expert. Your task is to evaluate the feasibility of each 
movement prediction based on thought process and 
environment. Then, you will make a final decision.

hallway | vase | glass door | ceiling | light | … 

Cycle at Every Movement Step Until “Stop”

Direction 1 Direction 6 Direction 9

Fig. 3. Establishments of domain experts and discussions between the DiscussNav agent and multi-experts. After receiving the VLN instruction, DiscussNav
will first discuss with instruction analysis experts to learn about actions and landmarks. Then, at every movement step, DiscussNav will communicate with
vision perception experts about landmark-relevant visual information in surrounding directions and interact with completion estimation experts about executed
actions. Based on discussion results, DiscussNav will make N different predictions and invite decision testing experts to decide final movement direction.

process in the navigation history. Taking navigation history
as input, the expert will remove redundant objects in the
environment description and filter non-essential reasoning in
the thought process. To make the trajectory clear, the output
of this expert follows the format “[Step t] Observation :
...T hought : ...”. Then, we create completion estimation
expert by GPT4. The expert is required to first establish a
chain-of-thought process to estimate what actions have been
executed based on the historical trajectory. In the thinking,
the expert needs to (1) check the passed landmarks in the
navigation trajectory, (2) analyze the direction change at
each movement step, and (3) estimate what actions have
been executed. Such a thinking process can further improve
the accuracy of expert estimation. Then, the agent should
write down “Executed Actions”, “In-progress Actions” and
“Actions Waiting to be Executed” in the “Prediction” field.

Decision Testing Experts. With the beam search setting,
the navigation agent can output N diverse predictions at each
time. If there are differences between these N predictions,
the agent has to select one prediction to execute. To tackle
this challenge, we first allocate thought fusion expert’s
role to ChatGPT and define its task to “fuse given thought
processes into one thought”. The expert will take thought
processes that lead to the same movement decision as input
and summarize their reasons into one. Then, we require GPT4
to assume the role of decision testing expert and complete
the tasks including “evaluate the feasibility of each movement
prediction based on thought process and current environment”
and “select the most reliable prediction as the final decision”.
The expert will read all thought-prediction pairs at the current
step to compare their reasoning process following the chain-
of-thought thinking and select the most suitable prediction in
the "Prediction" field as the navigation agent’s final movement
decision at the current step.

C. Navigation Discussions with Multiple Experts

With the navigation agent DiscussNav and domain experts,
we define a discussion mechanism stipulating the discussion
order and objects. In this part, we will introduce how our
DiscussNav agent conducts discussions with multiple experts.

Instruction Analysis. After receiving a navigation in-
struction from a human, DiscussNav initially consults the
action decomposition expert “Can you decompose actions in
the instruction {instruction}?”. The expert will break the
navigation instructions into a sequence of actions. Then,
DiscussNav asks the landmark extraction expert “Can you
extract landmarks in the instruction {instruction}?”. The
expert will reply with navigational landmarks and correspond-
ing types. Through these interactions, DiscussNav gains a
comprehensive understanding of the actions it should execute
and the landmarks it must pass during the navigation process.

Vision Perception. At each movement step, the DiscussNav
will interact with the vision perception experts to update its
cognition of the surrounding environment. In this work, we
set the field of view in each direction as 30◦, which are
12 directions in total from 0◦ to 360◦ for every position.
When discussing scene-level visual information, to reduce
hallucinations of the scene observation expert, the agent will
formulate questions based on the landmark types rather than
directly ask about the existence of concrete landmarks. For
instance, if the landmark is associated with a room, such
as “kitchen”, the agent will prompt the expert “What room
can you see in the current direction {direction id}”. In cases
involving landmarks defined by color like “red carpet”, the
DiscussNav will ask the expert to “What color of objects
can you see in the current direction {direction id}”. These
targeted discussions help the agent concentrate on visual
information relevant to the instruction. Leveraging the RAM’s
feature, the communication between DiscussNav and the
object detection expert is direct. DiscussNav simply presents
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Instruction: Go to the plant on the counter. Then, go to the teddy 
bear on the chair. Lastly, turn right to the table with paper box on it. 

Instruction with Open Vocabulary Landmark Instruction with Fine-grained LandmarksError Information Correction In-consistent Decision Exclusion

Instruction: Move forward passing the table with a 
robot arm. Then, turn right at the corner.

Instruction: Go ahead along the hallway and turn right at the 
wooden door after going past the research poster on your left side.

Instruction: Exit the office room and walk along the red carpet to 
the end of right stairs.

[Scene Observation Expert] In the image, you can 
see a white desk with a robotic arm attached to it.

[Landmark Extraction Expert] Actions are  correct. 
Landmarks: table with a robot arm (furniture), corner 
(infrastructure).

[DiscussNav] What furniture can you see in the current 
direction 1?

……

[DiscussNav] Can you decompose actions in the instruction 
“Go ahead along the hallway and turn …”?

[Action Decomposition Expert] Actions:  1. Go ahead along 
the hallway 2. Turn right at the wooden door 3. Go past the 
research poster on your left side.

[Landmark Extraction Expert] The actions are not in the 
correct order. The correct order is:  1. Go ahead along the 
hallway 2. Go past the research poster on your left side 3. 
Turn right at the wooden door. Landmarks: hallway 
(infrastructure), wooden door (furniture),  research poster 
(decoration).

[DiscussNav] Can you extract landmarks in the  instruction 
“Go ahead along the hallway and turn right at the …”?

[DiscussNav] Can you extract landmarks in the instruction 
“Move forward passing the table with a robot arm …”?

[DiscussNav] Can you decompose actions in the instruction 
“Move forward passing the table with a …”?

[Action Decomposition Expert] Actions:  1. Move forward 
passing the table with a robot arm 2. turn right at the corner.

……

[DiscussNav] What decorations can you see in 
the current direction 9?

[Scene Observation Expert] There is a teddy bear 
sitting on a chair in the current direction.

……

……
[DiscussNav] Thought: The given instructions and associated landmarks 
appear to be correct and complete. The estimation of executed actions is also 
accurate. The first action, moving to the potted plant on the brown kitchen 
counter, has indeed been accomplished. Based on the instruction and the 
estimated executed actions, the next action to be taken is to go to the teddy 
bear on the chair. Analyzing the current environment, direction 9 mentions the 
presence of a black chair and a teddy bear. No other direction specifically 
includes these landmarks. Thus, the predicted direction to move towards is 9.
Prediction: 9

[DiscussNav] What infrastructure can you see 
in the current direction 1?

[Scene Observation Expert] In the current direction, 
you can see a staircase, a doorway, and a light fixture.

……

[Decision Testing Expert] Thought: The instruction mentions 
red carpet and right stairs. Although direction 1 also contains 
the red carpet, it does not include any stairs. Therefore, I 
think direction 11 is more suitable. Prediction: 11

……

……

[DiscussNav] Can you help me make final decision? The …

[DiscussNav] What infrastructure can you see 
in the current direction 11?

[Scene Observation Expert] In the current direction, 
you can see windows, doors, and a red carpet.

Fig. 4. The qualitative results of DiscussNav’s performance on the real robot. Through discussions with domain experts, DiscussNav can observe open
vocabulary landmarks and navigate to fine-grained landmarks. In the discussion, error information can be timely corrected by other experts or the DiscussNav
agent, which reduces the error accumulation. Besides, in-consistent movement decisions can be filtered by discussions with decision testing experts.

the current environment view to the expert and receives labels
for all objects in the scene as feedback.

Completion Estimation. After perceiving the environment,
the navigation agent should determine which action it needs
to execute. To collect more information for the decision,
the agent will communicate with the completion estimation
experts. To begin, DiscussNav provides the navigation history,
encompassing both past observations and thought processes,
to the trajectory summary expert and instructs it to filter out
unrelated information and summarize each step trajectory.
Subsequently, the agent presents the decomposed actions
and formatted trajectory to the completion estimation expert,
learning about "Executed Actions", "In-progress Actions" and
"Actions Waiting to be Executed". The history trajectory and
feedback from experts will guide the movement planning.

Movement Decision. Through multi-round discussions
with different domain experts, the agent acquires compre-
hensive information about instruction requirements, visual
information in 12 surrounding directions, and the ongoing
execution state. With this information, the agent will conduct
independent chain-of-thoughts to make N predictions. If
these predictions lead in the same direction, the DiscussNav
agent will directly execute it to move. However, if there is
inconsistency among these N predictions, the DiscussNav
agent will turn to decision testing experts for help.

Decision Testing. To make the final decision from N
predictions, the agent will deliver these thought-prediction
pairs to the decision testing experts. The thought fusion
expert first classifies thought processes leading to the same
movement prediction as one group and fuses these thought
groups respectively. To illustrate, for five thought-prediction
pairs, if there are three pairs corresponding to position A while
the remaining two point to position B, the expert will conclude
the A-position thought-prediction pair and B-position pair.
Consequently, the decision testing expert will analyze these
thought-prediction pairs based on the current environment to
formulate a final decision for DiscussNav’ movement.

IV. EXPERIMENTAL

A. Experiment Setup

Implementation Details For the development of domain
experts, We construct two instruction analysis experts, a

completion estimation expert, and a decision testing expert
by GPT4 [39] with 0 temperature and 1 output (i.e. n = 1)
setting. Additionally, we build a trajectory summary expert
and a thought fusion expert by ChatGPT [38] employing the
same hyperparameter configuration. The scene observation
expert is supported by InstructBLIP FlanT5XL [49] and the
backbone of the object perception expert is RAM-14M [50].
For the DiscussNav agent, we drive it by GPT4 with 1
temperature and 5 output (i.e. n = 5) setting. Our simulation
test is conducted in the Matterport3D simulator [16] and our
real-robot test is deployed on the Turtlebot 4 Lite.

Evaluation Metrics Our evaluation follows standardized
metrics from the R2R dataset. These include Trajectory
Length (TL), denoting average path length in meters; Naviga-
tion Error (NE), representing the average distance in meters
between the agent’s final location and the target; Success
Rate (SR), indicating the proportion of paths with NE less
than 3-meter; Oracle Success Rate (OSR), SR given oracle
stop policy; and SR penalized by Path Length (SPL).

B. Simulator Quantitative Experiments

Comparison with Previous Methods. The R2R is the rep-
resentative visual language navigation dataset. Following [11]
setting, We apply the 783 trajectories in the 11 val unseen
environments for comparison to previous approaches. We
compare our DiscussNav with previous navigation models
evaluated R2R task. According to their training schema,
previous methods can be categorized into three types. “Train
Only” methods are directly trained on the R2R train dataset
while “Pretrain + Finetune” methods are pretrained on
multiple specially designed proxy tasks before being finetuned
on the R2R downstream task. For “Zero-shot” methods,
they explore completing R2R task without any navigation
training or prior exploration. As shown in the Table I, we
can observe that our DiscussNav outperforms all “Zero-shot”
methods and two “Train Only” methods on all five metrics
by a large margin. Compared with NavGPT, our method
achieves 26.47% Success Rate improvement and 37.93% SPL
improvement.

The effect of Discussions with Domain Experts. To
investigate the effectiveness of discussions with domain
experts, we conduct additional experiments to ablate different
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TABLE I
RESULTS ON R2R VALIDATION UNSEEN SPLIT.

Training Schema Method TL NE↓ OSR↑ SR↑ SPL↑

Train Only
Seq2Seq [1] 8.39 7.81 28 21 -
Speaker Follower [5] - 6.62 45 35 -
EnvDrop [6] 10.70 5.22 - 52 48

Pretrain + Finetune

PREVALENT [7] 10.19 4.71 - 58 53
VLN ⟳ BERT [8] 12.01 3.93 69 63 57
HAMT [9] 11.46 2.29 73 66 61
DuET [10] 13.94 3.31 81 72 60

Zero-shot
DuET (Init. LXMERT [51]) 22.03 9.74 7 1 0
NavGPT [11] 11.45 6.46 42 34 29
DiscussNav (Ours) 9.69 5.32 61 43 40

experts. We follow the previous non-train work [11] to
construct a new validation split sampling both from the
original training set and the validation unseen set for the
evaluation of zero-shot ability in various environments. The
scenes from the training and validation unseen set are 61 and
11 respectively. We randomly picked 1 trajectory from these
72 environments to conduct the ablation study. As Table II
displays, when we ablate discussions with different experts,
the DiscussNav agent’s performance shows varying declines.
The ablation study can prove the effectiveness of multi-expert
discussions in facilitating VLN task.

TABLE II
ABLATION STUDY ABOUT DISCUSSIONS WITH EXPERTS.

Method TL NE↓ OSR↑ SR↑ SPL↑
DiscussNav 9.69 5.32 61 43 40

w/o Instruction Analysis Experts 8.36 5.85 52.04 38.77 35.04
w/o Vision Perception Experts 8.41 5.87 46.75 32.46 29.01
w/o Completion Estimation Experts 8.21 6.64 42.86 32.65 30.13
w/o Decision Testing Experts 8.89 6.30 50.96 37.50 33.31

C. Real Robot Quantitative Experiments

We perform real robot experiments based on the Turtlebot
4 Lite mobile robot. The Turtlebot 4 Lite is equipped with an
OAK-D Lite camera and an RPLIDAR-A1 lidar. OAK-D Lite
Camera is mounted at a 60 cm height level while the lidar is
only used for local obstacle avoidance without any mapping.
We deploy state-of-the-art pretraining model [10], zero-shot
model [11], and DiscussNav on the Turtlebot to navigate in a
semantically rich house. At every movement step, the robot
will move 0.5m toward the predicted direction if there are no
obstacles within one meter. Otherwise, it will move half the
distance from the obstacle. For testing purposes, we define
20 different navigation instructions, which includes open-
vocabulary landmark like “robot arm”, fine-grained landmarks,
and multiple room changes.

The quantitative results of real robot experiments are
displayed in Table III. From the experiments, we can observe
that pretraining model DuET [10] fails to transfer the
navigation abilities learned from simulator data to the real
world. Previous zero-shot method NavGPT can follow human
instructions to drive the real robot to navigate in the house.
However, single-round self-thinking limits its performance
on semantic-rich instructions and long instructions. Bene-
fiting from discussions with multiple domain experts, our

DiscussNav has more advanced capabilities for understanding
instructions, observing fine-grained landmarks, and making
decisions, which brings better performance on real robot
experiments.

D. Qualitative Results

We elaborately study the DiscussNav agent’s discussion
and reasoning processes in the real world. As shown in
Figure 4, discussions with multiple domain experts effectively
facilitate DiscussNav. For the open vocabulary landmark like
“table with a robot arm” in the given instruction, the scene
observation expert (i.e., InstructBLIP) can only observe “a
robot sitting on top of a desk” when the prompt is “A scene
of” as the NavGPT [11] sets. However, the scene observation
expert can successfully identify the “robotic arm” based
on the discussions between instruction analysis experts and
DiscussNav. For the errors made in the previous discussion
process, other experts and the DiscussNav agent have the
ability to correct them in time. The second box in Figure 4
displays how the landmark extraction expert corrects errors
in the decomposed action sequences. When the instruction
involves multiple fine-grained landmarks, the DiscussNav can
first perceive the most relevant visual information through
active discussion with scene observation experts and then
communicate with completion estimation experts to analyze
the passed fine-grained landmarks. Based on this information,
the agent can conduct a more reliable chain-of-thought to
make the correct movement decision. If the DiscsussNav agent
feels confused about several similar movement directions
when making decisions, the decision testing experts can help
it recheck thought-prediction pairs based on the observation
to make more suitable decisions.

TABLE III
REAL ROBOT EXPERIMENTS IN INDOOR SCENE.

Training Schema Method SR↑
Pretrain + Finetune DuET [10] 0

Zero-shot NavGPT [11] 10
DiscussNav (Ours) 25

V. CONCLUSION AND FUTURE WORK
In this work, we introduce an innovative zero-shot frame-

work for visual language navigation. We enhance the capa-
bilities of our navigation agent, DiscussNav, by enabling
it to engage in active discussions with multiple domain
experts, thereby gathering valuable professional insights prior
to making a move. Through our experiments, we delve
into the potential of this novel paradigm in enhancing the
performance of large language models on embodied tasks. Our
findings underscore the benefits of discussion-based reasoning
over self-thinking-based reasoning. As we look ahead, future
directions include expanding the roster of large model-driven
domain experts, thus facilitating richer navigation advice
within discussions. Furthermore, we anticipate extending this
framework to a broader range of embodied tasks by designing
diverse discussion topics.
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