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Abstract: This paper presents a new approach for multi-
agent communication via emergent language in a
navigation task. The task involves a tourist and a guide
who communicate through an emerged language
grounded in the environment to help the tourist reach a
target place. The paper proposes a collaborative multi-
agent reinforcement learning framework that enables the
agents to generate and understand emergent language,
with the goal of solving the task. We evaluate the results
on a simulated navigation game with 3,000 scenarios and
multi-turn dialogues. Results show that the proposed
approach achieves competitive performance in both
language understanding and task success rate. The paper
also provides explanations of the emerged language by
comparing the language patterns with the environment
structures.
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1 Introduction

Effective communication is crucial for multiple agents to
cooperate. Recently, many works have focused on
interactions between artificial agents and humans, while
some research is being conducted on communication
between artificial agents. However, most of these works
have focused on single-turn communication with a
unidirectional message pass, emphasizing properties of
the emergent language such as compositionality and
interpretability. Multi-turn  conversation is more
analogous to human language, where language generation
and understanding should be mutual rather than
unidirectional. Therefore, we propose a framework for
agents to generate multi-turn dialogues involving two
agents.

To demonstrate the feasibility of our framework, we
introduce a new task adapted from the vision-language
navigation (VLN) task in the human-machine
communication field. The task requires a guide (agent B)
to communicate with a tourist (agent A) and help it find
the target location. Unlike traditional VLN tasks, both the
tourist and the guide are machines in our setting.
Moreover, we assume that the guide does not know the
initial position of the tourist, so it must not only provide
guidance but also confirm the tourist's location.

Our contributions can be summarized as follows:

979-8-3503-0442-8/23/$31.00 ©2023 IEEE

351

1) We have investigated emergent language in the context
of multi-turn conversations, and have designed a
navigation task adapted from the vision-language
navigation (VLN) task to provide a suitable scenario for
studying this type of language.

2) Compared to methods that involve agents speaking
natural language, our approach is more cost-effective as
it does not require expensive annotations. As a result, our
method is a more practical solution for facilitating
communication between agents.

3) To the best of our knowledge, our work represents the
first attempt to propose a vision-language navigation
(VLN)-like task in a two-agent cooperation scenario. In
addition, we have developed a benchmark for evaluating
performance on this task, which provides a potential
solution to the challenges of multi-turn communication
between agents. Our contributions provide a novel and
valuable framework for studying the emergent language
in multi-turn conversations between agents.

2 Related work
2.1 Vision language navigation (VLN)

Navigation tasks that involve both vision and natural
language information have gained significant attention in
recent years. Typically, these tasks include a human, an
artificial agent, and an environment. The agent
communicates with human in natural language, receiving
requests or instructions and seeking further guidance
from the human as needed. The agent must navigate and
interact with the environment to gather more information
to complete the task, with human providing requests and
guidance to assist the agent in task completion. These
types of tasks have become increasingly important as they
bridge the gap between natural language understanding
and embodied perception, potentially enabling more
natural and intuitive human-machine interactions.

The primary objective of vision-language navigation
(VLN) tasks is to guide the agent to a target location that
is known only to the human side. Anderson et al. [1]
introduced a VLN dataset named Room-to-Room (R2R),
which is based on Matterport3D [2] data, and provided a
benchmark for this task. Chen et al. [3] proposed the
Touchdown dataset, which applies the VLN task to
outdoor environments. Additionally, some scenarios have
been proposed where agents must interact with objects in
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the environment. For instance, Narayan-Chen et al. [4]
integrated the VLN task into the Minecraft game and
instructed the agent to complete building tasks. The
emergence of VLN tasks bridges the gap between natural
language understanding and concrete perception,
providing possibilities for achieving more natural and
intuitive human-machine interaction. From a language
format perspective, these tasks can be divided into three
categories [5]:

1) Initial instructions: The agent is provided with initial
instructions for the entire navigation episode. Some
studies have presented highly detailed instructions [1-2,
6-7], such as "Walk down one flight of stairs and stop on
the landing." In contrast, other studies have provided
more coarse-grained instructions [8]. However, tasks that
fall into this category only provide instructions at the
beginning of the episode, which limits the generation of
multi-turn communication between agents.

2) Oracle guidance: During the navigation process, the
agent may request additional natural language guidance
to obtain more information [9]. However, in most cases,
the oracle can only respond with simple phrases such as
"turn left" and "turn right."

3) Dialogue: Supervised dialogue is commonly utilized as
a signal [10-11]. However, fixed dialogue can constrain
the flexibility of the policy.

Applying the VLN task to multi-agent settings can
alleviate or solve the issues mentioned above. To our
knowledge, Talk the Walk [10] is the only existing work
that has applied the VLN task to multiple agents and is
similar to our task settings. However, Talk the Walk only
focuses on the localization aspect, where the guide locates
the tourist, overlooking the guidance aspect, in which the
guide creates a route plan and provides guidance to the
tourist, while the tourist takes the corresponding actions.
To model this aspect, Talk the Walk employs a random
walk and only implements a minimal baseline, rendering
the VLN task with multi-agent settings incomplete.

2.2 Emergent language

Emergent language refers to a language that arises
naturally without explicit instruction or pre-existing
grammar rules. It emerges from the interaction of
individuals in a community or system, who communicate
with each other to achieve a shared goal or complete a
task. Emergent languages can develop in various settings,
such as in the emergence of pidgin languages from
contact between different language speakers, or in the
development of communication systems among animals
or artificial agents. With regard to agent relationships,
most research has focused on fully cooperative tasks,
such as referential games, which were adapted from the
Lewis signaling game by Lazaridou et al. [12]. In the
referential game, there are two roles: speaker and listener.
The speaker has to give instructions to the listener so that
it can select the target picture from the candidates
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successfully. Kalinowska et al. [13] and Kajic et al. [14]
have introduced navigation tasks, but these are
constrained to specific environments. In addition to fully
cooperative tasks, such as referential games, some semi-
cooperative tasks have been proposed in the literature,
such as the negotiation game introduced by Cao et al. [15].
In this game, two agents must negotiate to achieve higher
scores for themselves. Emergent language research has
also investigated fully competitive scenarios, like the
circular-based sender-receiver game developed by
Noukhovitch et al. [16]. In this game, the sender tries to
sway the receiver's decision on a target position using
their own target position as a reference. Most studies on
emergent language focus on single message exchanges
between agents, with one agent generating language and
the other interpreting it. However, some studies have
examined multi-turn conversations, such as those by Cao
et al. [15] and Evtimova et al. [17]. The former focuses
on a semi-cooperative case, while the latter employs a
bag-of-words approach that generates either 0 or 1,
indicating the presence or absence of a word in the
generated sentence. This bag-of-words approach does not
account for the dependence between words, resulting in
less coherent sentences.

3 Navigation task

Our proposed task is inspired by a real-world scenario
where two agents, agents A and B, cooperate to help agent
A find a target location. As depicted in Figure 1, agent A
is located in an environment and only able to see the
surroundings around it, while agent B possesses the floor
plan and knowledge about the target location, but does not
know agent A's whereabouts. The objective of the game
is for the agent B to tell its surroundings to A, and A to
tell B how to move forward. The process is repeated until
A reaches the destination, or the communication meets
the predefined maximum rounds. If objective is not
achieved, the task is considered a failure.

Figure 1 The simulated navigation task

The problem is divided into three steps and formalized as
follows:

Asetof K candidate houses is considered, each of which
contains a collection of rooms R = {ry, 7y, ...,7y}. At
each iteration, one house is randomly selected.
Subsequently, two rooms are sampled from the chosen
house, with one designated as the target room 7, and the
other as the starting room 1. Each room is equipped
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with a set of gates D; = {di]-,j € Neighbor (i)}, and a
graph G = (R,D) is constructed for each house to
represent the spatial relationships between rooms. The
task involves two agents, A and B, each with their own
parameters 8,65, and their input-output specifications
depend on the specific task.

(1) In the localization task, agent A takes is the vector of
the room and gives out the messages of step t consisting
of M tokens m; = {vy, vy, ..., Uy}, v; € V. While agent
B collects history dialogue h; = (mgy, mq,..,m;) and
tries to guess where A is.

(2) In the route plan task, agent B uses a rule-based
approach to plan the route. In the training process, agent
B get the next step A should take according to the actual
position 73 and the target position 7,. While during the
testing process, agent B get the next step according the
guessed position of A arg max(0z(h,, G))instead of
actual position.

(3) The only difference between two tasks is that in
location task agent A is speaker and B is listener, while in
guidance task agent A is listener and B is speaker.

4 Model

The model used in the project includes an encoder
encoding the surroundings of A, a route encoder
embedding the neighbor information by sampling routes
ended with the target room, a language generation module
in agent A implemented with GRU, and a language
understanding module in agent B used for guessing the
position of A.

Figure 2 shows the model structure for the localization
task. Firstly, the information about the house containing
features of a set of rooms {ry, 1y, ..., 7y} is given. Agent
A encodes the target room information 7, including
objects and gates and then uses the encoded vector to
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generate corresponding emergent language with its
language generation module el = GRU(MLP(r,)) .
With the message coming from agent A in this turn, and
the history sentences from A, agent B makes its guess
through the topological structure of rooms 85 (h;, G). In
this topological graph, every room is represented with a
node, and every door connecting neighbor rooms is
represented with an edge between these rooms. For node
k, we sample T routes ended with this node route ]’-‘,
which have the same length of history movement length
t . Node k  has  representation k=

es =
%er GRU ( route ¥ ) including topological structure
information.

Meanwhile, B encodes the history sentences with another
GRU and computes the similarity between this encoded
history ep, ~ with each node representation el
calculated above to find the most possible position of
agent A. Similarly, the model for the guidance task also
includes an encoder, a language generation, and a
language understanding module for giving instructions to
agent A about its next step.

Considering the non-differentiability of the discrete
messages passing between agents, those models are
trained with REINFORCE algorithm. We use the Floyd
algorithm for the route plan task to find the shortest paths.
s represents the current state of the agent. v means the
chosen vocabulary. r and d refer to the predicted room
and door, respectively. Losses in localization and
guidance tasks can be calculated with the following
equations:

VO, ocaization = E [2-RC) T V0,log m4(v; 1 5,)
VOg]iocalization = E[R(-)VOglog mg(r | sp)]

Vs icance = E [=R() EM V6jlog m5(v; | 5p)]
VO, gidance = E[R()Vo,log m,(d | 5,)]

(1
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Table I Comparison between discrete VAE and our model

Model Task Accuracy o Purity
Continuous Localization 0.96 - -
Continuous Navigation 0.89 - -

Discrete VAE Localization 0.81 -0.0113 0.556/0.667/0.148
Ours Localization 0.84 0.4775 0.407/0.457/0.235
Discrete VAE Navigation 0.69 - -
Ours Navigation 0.86 - -

Finally, we put those sub-tasks together to complete the
navigation task. In the training process, the input of the
localization part is the surroundings of agent A, and the
output of it is the guessing position made by agent B.
However, the input of the route plan part in the next
timestep is the actual position of A, instead of the guessing
one, preventing the error from localization influencing
other modules. While in the testing process, the input of
the route plan module comes from the last localization
module.

5 Experiment

5.1 Dataset

We constructed the dataset with 6 rooms for each
navigation task, with every object in the room having 3
optional colors and 3 optional shapes. In addition, some
features not directly relevant to the task were included,
such as the gate color, which we assumed to be the same
across all rooms in the same house.

5.2 Comparison model

Rolfe [18] proposed a discrete VAE that addresses the
challenge of backpropagation through discrete variables,
and successfully constructs a semantic representation of
images.

In this study, we utilize a discrete VAE as a comparison
model by replacing the room encoder and gate encoder,
along with the language generation component. First, we
train the discrete VAE with the task reconstructing the
rooms and gates. Then, we fix the discrete VAE as the
room encoder and gate encoder and train the structure
encoder and language modules of both agents including
the language understanding and generation modules.

5.3 Results

Figure 3 and Figure 4 depict the changes in accuracy on
the validation set and the rewards over the epochs
respectively. In this experiment, the length of messages
exchanged between agents A and B is set to 3, and there
are 20 candidate tokens for the localization task and 40
candidate tokens for the navigation task. It is noteworthy
that, since the model is trained from scratch, there is no
prior meaning for the candidate tokens.

Table I outlines the results of the comparisons of discrete
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VAE [18] and our model. It should be noted that the
adapted discrete VAE already has the initial meaning of
each token before training on the specific tasks.
Considering that the presentations of room and routes are
trained based on the reconstruction task in the discrete
VAE model, making the discrete presentations contain
more redundant information. With the limitations of the
message length and vocabulary size in discrete
communication  scenarios, discrete VAE  may
communicate less useful information compared with our
model. We also show the case when agents can pass
continuous messages, giving us a ceiling performance
when the communication channel is not restricted.

Localization

W

Navigation

O 250 000 7500 10000 12300 15000 17300 20000 0 0 40 0 0 1000 1200
epoch

(@) (b)
Figure 3 The change of accuracy over epoch in different tasks
(a) localization task (b) navigation
task

uuuuu

Avg Reward

o 1000 2000 3000

epoch

Figure 4 The reward changes of the training set and the
validation set

To evaluate the generated language, we use topographic
similarity and purity. It is supposed that a good language
tends to give similar expressions describing a similar
object. Therefore, we use topographic similarity p as the
metric, which is the Spearman correlation between the
message similarity sequence and the room vector
similarity sequence. Table I illustrates the comparison
between discrete VAE and our model From Table I, we
observe that our method outperforms the discrete VAE
largely. To make the emergent language more
interpretable and give more hints about the information it



Proceedings of CCIS2023

encodes, we calculate the purity score with the following
procedure: Firstly, we only change the color, shape, and
direction attributes of the object and fix other features.
Then, we cluster those rooms with the generated message.
Labeled these rooms with their object color, shape and
direction separately, we get the corresponding purity. And
the purity score can tell us the information that the
emergent language encoded. From the Table I, we can tell
that compared with discrete VAE, our model focuses more
on the direction and less on color or shape. It is reasonable
because there are only 3 choices for color and shape which
makes it less useful for disguising the target room from
others, comparing with the direction with 8 possible
values.

In addition, we investigate factors that may impact task
performance in Figure 5. Contrary to our initial intuition
that longer sentences would lead to greater performance
due to increased expressive power, we observe that
localization accuracy initially increases but then drops as
the sentence length increases. This is likely because when
the sentence length is sufficient for effective
communication, an excessive number of candidate tokens
may actually increase the action space and makes the
training process more difficult. We also find that the
shortest route length between start and target positions can
impact task performance, although the performance drop
is not exponential as the shortest route length increases.
This result shows that the task performance is in
downward trend in total as the task difficulty increase.

Sentence Langth Eftect Route Length Effect

1 2 3 3 3 ‘ 7 10 > 2
Route Lengtn

(b)

Figure 5 The effect of (a) sentence length and (b) the shortest
route length between the start and target on the task

performance

6 Conclusions

In this paper, we present a novel approach to the vision-
language navigation (VLN) task by introducing multi-
agent communication. The proposed navigation task is
adapted from the human-machine communication
scenario and is designed to enhance the flexibility of the
communication policy and generate more complex
dialogue formats compared to traditional VLN tasks. The
experimental results demonstrate the feasibility of
applying multi-agent communication to the VLN task and
provide a comprehensive benchmark for evaluating this
approach. Overall, this study contributes to promote the
research of VLN by introducing a new perspective on
communication.
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