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Abstract

Deep neural networks have achieved high accuracy in many computer vision
and natural language processing tasks through their complicated structures and
operations. But their formulation is numerical and the computation process can-
not be interpreted by humans directly. Therefore they are often criticized for
their inability to align with human language. In this project, we aim at dis-
covering emergent language and how it evolves in multi-agent communication
games. We design a visual referential game combining the ideas of the referen-
tial game (Lazaridou et al. [11]) and the sketch drawing game (Qiu et al. [16]).
We consider both continuous and discrete communication types and propose a
model which can be efficiently optimized by back-propagation. Experiments con-
ducted on MNIST and CIFAR-10 have shown the efficiency and interpretability of
this communication, with t-SNE of visual embedding as visualization. Our code
is available at https://github.com/ranl1812/pkucore—nonverbal_
communication. Our video is available at https://disk.pku.edu.cn:
443/1ink/5C38F27C4323A6AE8B28389A5C851212

1 Introduction

General-purpose Al requires various kinds of communication abilities. For cooperating with other
agents, they need to develop communication under possibly strict constraints. Also, the ultimate goal
of Al is to assist and cooperate with humans, which induces the issue to properly communicate in
its own way, not necessarily in natural language. All these tasks require agents to align with human
values. Thus, handling natural-language-based communication is a key step toward the development
of Al that can thrive in a world populated by other agents. For this purpose, we need to first model
the communication process between agents.

A recent successful model example of language emergence in simple environments is the multi-
agent coordination communication games, in which agents start as blank states and need to develop
a language to communicate and earn payoffs. An important type of communication game is the
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referential game (i.e. Lewis signaling game) defined in Lazaridou et al. [11]. In a referential game,
the sender is given an image and the receiver is given a bunch of images. And the receiver needs to
find the particular image in the same class as the sender’s image with the sender’s signal.

But as the neural network is a black-box method, the symbols agents developed during communication
is hard to align with human and hard to have global semantic meaning. In this project, we try to
investigate whether we can make the symbols more interpretable and try to align them with humans.

Our main insight is to make use of different constraints. We consider two different scenarios:
continuous communication and discrete communication. Continuous communication occurs when
constraints are weak and the agent is able to transmit relatively unlimited information. Specifically,
in visual reference games, the agent is able to control every pixel on the canvas. On the other hand,
discrete communication simulates a harsh environment where the agent is allowed only to provide a
rough description of the full information to be transmitted.

This report is structured as follows: First, we introduce the related paper about the emergent model
in section 2. Then we describe our model with higher interpretability in section 3. The experiment
results are included in section 4. We conclude our paper and discuss future works in section 5.

2 Related Work

Observation Study Fay et al. [4] explore the role of iconicity in spoken language and argue that
the simplification of iconic signs is driven by repeated interactions. Fay et al. [3] also argues that
interaction is critical to the creation of shared sign systems through studying the evolution of human
communication.

Multi-agent Communication Lazaridou et al. [11] consider a two-agent communication and design
a referential game where both sender and receiver are feed-forward networks. They ground agents’
communication in human language by integrating supervised classification tasks with referential
games. Mordatch and Abbeel [15] consider multi-agent scenario and formalize it as a cooperative
partially observable Markov game (Littman [13]). The emergence of an abstract compositional
language can be observed during the process of achieving goals.

Communication Type Communication in multi-agent games can be categorized into two types:
continuous and discrete [10]. In the continuous scenario, agents send and receive continuous vectors.
This allows the whole learning process to be efficiently optimized through back-propagation. However,
in the discrete scenario, agents’ communication is composed of sequences of symbols or actions. This
means back-propagation can’t be directly applied. One natural idea is to solve this by reinforcement
learning [5, 12, 16], where agents receive different rewards and update their policies based on that.
Another possible solution is to approximate discrete representations by continuous one [14, 7].
Besides, some literature focuses on a certain form of communication and uses parameterization tricks
to make them continuous. For example, [8, 6] studied the problem of continuously parameterizing
strokes. In this project, we consider both continuous and discrete scenarios. In continuous one, we
explicitly add reconstruction loss to make the information interpretable. In discrete one, we use a
VAE structure to parameterize the strokes, which can be seen as a simple form of [8, 6].

Evaluation Metric Accuracy (success rate) is certainly an important metric but it’s not the whole
story. A high accuracy does not imply high-quality communication (Lazaridou et al. [12]). Therefore
various kinds of metrics have been proposed to evaluate the quality of communication. Lazaridou
et al. [11] form clusters by extracting the representations in CNN fully-connected layer. They assess
the quality of the clusters by measuring their purity which is first proposed by [18]. [7] define
omission score of a sentence to quantify the change in the target image probability after removing
the most important word. To be specific, the omission score of a word is equal to the difference
between the target image probability given the original message and the probability given a message
with the removed word. Lazaridou et al. [12] use fopographic similarity, first proposed by Brighton
and Kirby [1], to measure the extent of topographic relation between meanings and signals. More
recent works Qiu et al. [16] take inspiration from linguistic works and propose evaluation metrics
iconicity, symbolicity, and semanticity. Aside from direct evaluation, there is also some work from
other perspectives. Evtimova et al. [2] put their focus on the effect of conversation length, attention
mechanism, and message dimensionality on communication accuracy.
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3 Framework

We formalize the multi-agent coordination communication games as a referential game (Lazaridou
et al. [11]). The object of this game is an image set Z with label set £ and the message set is M.
We only consider two agents: a sender and a receiver. In this game, an image I € 7 is shown to the
sender. The sender generates a message M € M after seeing I. Then the message is sent to the
receiver and she chooses the most possible label L € £ of I. It’s worth mentioning that we increase
the difficulty by not only referencing one of the two images but possibly a large bag of candidates. In
a mathematical form, the sender and the receiver are two functions as follows.

sender s: 7 — M
receiver r: M — L

3.1 Choice of Z, M and L

Currently, we conduct experiments on both MNIST and CIFAR-10 dataset; Z is any image in the
dataset and £ = {0,1,--- ,9} represents its category. We’ll describe the reason we choose these
two datasets in the Experiments section 4.2. We restrict the message set M to be the image space,
representing the canvas that agents can draw on in the visual reference game. It simulates the Draw
Something game between sender and receiver. We consider two different approaches to generate M,
corresponding to the continuous and discrete scenarios.

3.2 Shared Eyes

In our framework design, we impose the assumption that both the sender and receiver share a common
structure of "eyes". This is natural since humans also share the construction of their primitive vision
system. Here this assumption is represented as a shared convolution network that preprocesses image
data: Selected input image for the sender, transmitted visual message, and candidate images for the
receiver.

3.3 Continuous Communication

In the continuous scenario, we directly use a fully-connected layer to transform the sender’s output to
a 2D canvas of raw pixels. As it will be shown in section Sec. 4, applying only cross-entropy loss for
misprediction is not enough for generating an interpretable message, since the agents are not designed
to treat its output as a canvas. Therefore we explicitly add reconstruction loss between message M
and original image I so that the sender is encouraged to generate a message which is similar to what
she sees. Intuitively, by doing so the sender will be penalized for generating images not resembling
the training set and the message will become more interpretable. Besides, we can also adjust the
relative weight of these two losses to let the sender generate a message with different styles: from
more iconicity in the early stages to more efficiency in the later stages. The whole learning process is
efficiently optimized through back-propagation.

3.4 Discrete Communication

In the discrete scenario, inspired by Qiu et al. [16], we assume the process of generating M 1is stroke
by stroke. And the strokes we consider are straight or approximate straight lines. The reason for this
assumption is that this process is closer to humans. But meantime the drawing process itself also
brings about the problem of indifferentiability.

To solve this problem, we use a VAE structure to parameterize these straight lines, which can be
seen as a simple form of Huang et al. [8], Ha and Eck [6]. Specifically, the Drawer network is the
composition of encoder £ : Z +— H and decoder D : H +— Z. We generate the training set Z on the
fly as uniformly random straight lines and optimize its L2 difference with the generated image. After
training, the Drawer network is fixed as D and plugged into the sender network. Reconstruction loss
is also added to the sender network.
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Figure 2: Reparametrized Drawer Network in Discrete Communication
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3.5 Evaluation Metric

Inspired by [18], we introduce random noise in the channel between the sender and the receiver. As
mentioned in [12], a highly accurate communication sender-receiver system could communicate with
simple statistics of the input image. In [18] the authors avoided this problem by randomly dropping
words, which can be viewed as a certain degree of regularization. Here we use uniform noise in both
the training and evaluation periods to ensure that the sender and receiver are not taking such shortcuts.

In addition, we randomly select different categories of data. We exact their original images and
messages M generated by the sender in a different model. We then adopt t-SNE to map them into 2D
space and present the visualization. More details and results are shown in Sec. 4.3.A

4 Experiments

4.1 Experiment Setup

EGG Toolkit EGG Toolkit is a toolkit that greatly simplifies the implementation of emergent-
language communication games. [9] It includes primitives for implementing single-symbol or variable-
length communication and training with optimization of the communication channel through REIN-
FORCE or Gumbel-Softmax relaxation via a common interface.

Specifically, we use the SymbolGameGS class as the game module for our aggregation of the sender
and receiver structure, the build_optimizer class for our optimizer module during training, and the
Trainer module which implements the training loop for training our model conveniently. This toolkit
is effective as it simplifies our code and reduces our workload.
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Parameters Details All the experiments are finished on Boya NO.1 with NVIDIA RTX 3090. For
both M, we trained it for 50 epochs using Adam optimizer with learning rate 1e-4 and batch size
4096.

Game Details We choose the referential game for the test. Specifically, in each example, we
randomly choose a picture as the sender’s input, and the receiver need to choose the image with the
same label from 10 examples in different classes. The receiver is penalized by cross-entropy loss
between its prediction and the true label.

Model Details The decoding module for the sender and receiver is defined as a 2-layer convolutional
network with 64 hidden dimensions in the end. The encoding module for continuous M is a 2-layer
transposed convolutional network. And the encoding module for discrete M is the VAE we discussed
above with a 4-dimension hidden space, as we can determine a line on 2D-images with 4 parameters.
(start x, start y, end x, end y) To get more general results in reconstruction, we add noise n ~ N(0,0.1)
on it.

4.2 Results

We choose the MNIST and CIFAR-10 for experiments and get some results. As a dataset of a
handwritten numeral, MNIST has more texton information with fixed simple structure units in images,
which may have more similarity to the strokes we used. As a dataset of universal objects with color
image data, CIFAR-10 has more texture information with noise in the real world, which is important
for us to detect the generalization of strokes.

The experimental results are shown below. We use accuracy to evaluate the referential game, and
we show the reconstructed image to evaluate the quality of the message. The results are shown as
follows:

Datasets  Continuous (w/o reconstruction) Continuous (w/ reconstruction) Discrete (strokes)

MNIST 0.9966 0.9989 0.9809
CIFAR-10 0.9980 0.9990 0.8200

Table 1: Test accuracy for two types of communication on MNIST

For both of the games in two datasets, the accuracy shows that even if we constrain the type of
information, we can still get success in referential games with both stroke communication and image
communication.

Continuous Communication We trained our model both with and without reconstruction loss.
When the transmitted message is not constrained, the sender converged to output non-interpretable
messages. These images, however, still exhibit distinct shapes on different input categories, which
have no resemblance to images in the dataset as expected.

When reconstruction loss is explicitly introduced, the sender actually outputs images that are visually
similar to those in the dataset. But as the sender is only asked to transmit category information, it
converged to output the common visual features of images of the same category. This type of result
in two datasets with its comparison to no reconstruction error is shown below.

Discrete Communication For unconstrained discrete communication, we found that the generated
strokes have more distinct features compared to continuous communication. We attribute this phe-
nomenon to the relatively constrained message space that the sender can make use of since in the
continuous scenario it can fully control every pixel of the message and here it is restricted to a fixed
stroke drawer network. The sender has to find a way to better separate different categories. Both the
results of the stroke in two different datasets are shown below.

Constrained with reconstruction loss, the sender transmits images that resemble those in the dataset,
just as in the continuous scenario.

4.3 Visualizing the Message

In the previous section, we see that our model achieves a very high communication accuracy. We
present the visualization of the message M generated by our model. We use the same 10 x 10 data
as in Sec. 4.2. Since all messages are in a high dimensional space, we first map them to a 2D space
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Figure 3: Generated images without reconstruction(left) and with reconstruction(right) for different classes
of data in MNIST, each column is a class for numbers from O to 9 (from left to right), and each class has 10
examples.

Figure 4: Generated images without reconstruction(left) and with reconstruction(right) for different classes of

data in CIFAR-10, each class has 10 examples.

Figure 5: Generated strokes for MNIST(left) and CIFAR-10(right) for different classes of data, each class has 10
examples.
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via t-SNE (Van der Maaten and Hinton [17]). The results are shown in Fig. 6 and Fig. 7 for MNIST
and CIFAR-10, respectively. Each figure contains four visualization results, original images, the
message from continuous communication trained without reconstruction error, the message from
continuous communication trained with reconstruction error, and the message (strokes) from discrete
communication.

The results of MNIST show that different categories form natural clusters, indicating our three
different models can all generate messages with good semantic information. This is also evident
from the generated images in Sec. 4.2. However, in CIFAR-10, there is no significant difference
between the original images and messages generated by our three models. We think the reason is
that we directly reconstruct the original image in our process. But the pictures in CIFAR-10 are
not necessarily similar, even if they are in the same category. So this kind of reconstruction may be
influenced by the background of the pictures and not capture the most important features of each
category. One possible effective way is to first extract the sketch of image (Qiu et al. [16]), and
reconstruct the sketch.
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Figure 6: Clustering results for MNIST. From left to right, t-SNE of visual embedding of the original images,
the message from continuous communication trained without reconstruction error, the message from continuous
communication trained with reconstruction error, and message (strokes) from discrete communication.
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Figure 7: Clustering results for CIFAR-10. From left to right, t-SNE of visual embedding of the original images,
the message from continuous communication trained without reconstruction error, the message from continuous
communication trained with reconstruction error, and message (strokes) from discrete communication.

5 Conclusion

In this project, we explore the emergent language in multi-agent communication. We formalize it as a
referential game and consider both continuous and discrete communications. Experiments on MNIST
and CIFAR-10 datasets show that high communication accuracy is achieved. When reconstruction
loss is introduced, the sender’s outcome (message) exhibits visual interpretability.

5.1 Future Work

We made several simple but crucial assumptions that greatly simplify our experiment but in the
meantime introduce a gap between our framework and the real model for humans.

The most basic assumption we made is to represent the alignment between Al and human value
as visual similarity, specifically the reconstruction loss. This oversimplified setting allows us to
investigate the significance of value alignment in a simple manner, but in the real-world humans have
sophisticated value systems that cannot be expressed as a visual similarity.

Another direction that could be further investigated is evaluation metrics. Here we evaluate the
emergence of language as the accuracy of communication in the noisy reference game. One could
introduce more techniques that investigate the robustness of the communication, say random masking
and transformations. Our visualization results via t-SNE on CIFAR-10 haven’t shown the clustering
effect although it still reached a high communication accuracy. One possible improvement is that
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the sender, after getting the picture, first extracts the sketch in the picture and then reconstructs it
based on the sketch. This allows the message to capture more key information that can be used to
distinguish between different categories.

5.2 Contribution

Haoran Sun contributed to the initial writing of our project report, visualization results, and analysis.
Yuran Xiang contributed to improving the drawer network, adapting our model to the CIFAR-
10 dataset, and experimenting with various hyperparameters to finetune our model. Yiheng Du
contributed to the initial codebase implementation on the MNIST dataset and the revision of our
project report.
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