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Abstract

We explore how neural network-based agents
learn to map continuous sensory input to dis-
crete linguistic symbols through interactive lan-
guage games. One agent describes objects in
3D scenes using invented vocabulary; the other
interprets references based on attributes like
shape, color, and size. Learning is guided by
feedback from successful interactions. We ex-
tend the CLEVR dataset with more complex
scenes to study how increased referential com-
plexity impacts language acquisition and sym-
bol grounding in artificial agents.

1 Introduction and Background

How do cognitive systems bridge the gap be-
tween rich, continuous sensory experiences and the
sparse, discrete symbols used in communication?
While perception operates through continuous sig-
nals, linguistic communication relies on finite vo-
cabularies that must ground meaning about the per-
ceived world (Regier, 1996; Roy, 2005; Cooper,
2023). This representational challenge, known as
the symbol grounding problem (Harnad, 1990), be-
comes particularly acute in artificial systems where
discrete symbols must acquire meaning through in-
teraction rather than pre-programmed associations.

Referring expressions require systems to map
visual attributes onto linguistic descriptions that
uniquely identify target objects and thus can be
used to study symbol grounding. Dale and Reiter
(1995) formalized this process through an incre-
mental generation algorithm that constructs descrip-
tions by systematically adding distinguishing prop-
erties in order of salience until achieving unique
identification. By this, referring expression only
contain attributes that are necessary to discriminate
the target from the surroundings.

Research in this area investigates how artificial
agents can develop referential abilities through lan-
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guage games - interactive scenarios where commu-
nication protocols emerge from repeated coordina-
tion attempts (Clark, 1996; Bartlett and Kazakov,
2005; Kirby et al., 2008; Steels and Loetzsch, 2009;
Kharitonov et al., 2019; Lazaridou et al., 2017).
Modern implementations use deep neural networks
as agents that exchange discrete messages to solve
visual discrimination tasks, allowing systematic
study of how symbol meaning emerges from inter-
action.

This paper examines emergent referential com-
munication in neural agents tasked with identifying
objects in 3D visual scenes. Using a highly con-
trolled extension of the CLEVR dataset (Johnson
etal., 2017a), we are able to manipulate the bias the
neural agents are able to use in the emergent com-
munication. We are able to vary the complexity of
referential scenarios to understand the constraints
governing successful symbol grounding. Our work
is a study of how increasing the complexity of the
scene (and therefore the space of potential refer-
ential expressions to be learned) affects learning
through interaction of particular configurations of
neural networks.

2 Dataset

We extend the original CLEVR framework (John-
son et al., 2017a) to have more control over the
generated scenes.! By this, the objects in the gener-
ated images are controlled to have different human-
recognizable attributes, namely the shape, size and
color. These attributes also correspond to referring
expressions in natural language such as English
which effectively biases the agents to learn a lan-
guage that is comparable to a human language.
The objects in the scene are separated into two
categories: one farget object and a controlled num-

!github.com/DominikKuenkele/MLT_Master-
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(a) "CLEVR color’, small brown cylin-
der

(b) ’Dale-2’, small green cylinder

(c) ’Dale-5’, large purple cylinder

Figure 1: Example images of each dataset, with the target object specified.

ber of distractor objects. The target object is the
main object in the scene and the models are trained
to identify and communicate it between each other.
This object is unique in the scene in respect to the
attributes. The distractor group contains objects
that can share a maximum of two attributes per
object. Distractors are not required to be unique.

Using these rules, we generate three datasets
with the following constraints: (i) the size of the
generated images is 480x320 pixels; (ii) 10.000
images are created for each of the datasets; (iii)
each image contains a maximum of 10 objects,
that are not intersecting, have the same minimum
distance between objects and are at least partially
visible from the camera.

2.1 CLEVR color

The first generated dataset is called "CLEVR color’,
in which the target object is identifiable by just the
color. Both shape and size of all distractors are
shared with the target object. The distractor group
can contain in between 6 and 9 objects.

As seen in Figure 1(a), the small brown cylinder
is unique. By this, it is possible to refer to the tar-
get object using the attributes with four different
combinations: the brown object, the brown cylin-
der, the small brown object and the small brown
cylinder.

2.2 CLEVR Dale datasets

The above described dataset is very restrictive in
the relation between the objects, where only one
attribute is used to disambiguate them. The num-
ber and the type of shared attributes are controlled
exactly. In the real world, objects have overlapping
attributes and hence objects can often be identified
by an intersection of multiple attributes. For this,
we created a dataset that allows almost any relation
between a target object and the distractors. The
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creation is inspired by the incremental algorithm
for the Generation of Referring Expressions (GRE)
described in (Dale and Reiter, 1995) who observe
that attributes in descriptions occur in certain order
and are added incrementally in a certain hierarchy.
This algorithm ensures that every scene contains a
unique object in respect to its and the distractors’
attributes. Using the algorithm, one can refer to an
object using its attributes to discriminate it from
all other objects as efficiently as possible. In other
words, the object is described unambiguously using
the lowest number of words. On the other side, it
is not controlled which attributes are shared; they
are assigned randomly.

Two datasets following these rules are created.
The *Dale-2’ dataset contains one target object and
one distractor (see Figure 1(b)), while the Dale-5
dataset contains one target object and exactly four
distractors. Consider Figure 1(c), with the target
object being the large purple cylinder. The large
purple sphere shares the size and color, the two
cubes only share the size, and the small turquoise
sphere doesn’t share any attribute.

3 Method

3.1 Image processing

To extract the features and process the images of
the datasets, we build upon the proposed archi-
tecture in Johnson et al. (2017b) which was used
to train baseline models on the original CLEVR
dataset. Hereby, the image is first passed through
a frozen ResNet-101 model (He et al., 2016). Two
convolutional layers with subsequent ReLU non-
linearities condense the important information from
the output of the feature extractor. The convolu-
tional layers reduce the channels to 128 channels,
using a kernel size of 3 and a stride and padding of
1. This matrix represents the encoded image with
its extracted features.



3.2 Language Games

The goal of this research is to run and compare dif-
ferent setups of language games systematically. To
do this, all experiments rely on the Emergence of
lanGuage in Games (EGG) framework (Kharitonov
et al., 2019). This framework allows the implemen-
tation of language games in code, where two neural
models agents communicate through a unidirec-
tional discrete channel. A sender agent processes
visual input. The result is used as the initial hidden
state for the encoder LSTM. This LSTM is then
producing symbols until it generates an <eos> sym-
bol. The receivers’ decoder LSTM processes the
message symbol by symbol with a randomly ini-
tialized hidden state. After each time, a symbol is
processed by the LSTM, the resulting new hidden
state is passed to the receiver’s neural model as the
parsed message. The receiver agent is combining
it with its representation of the image input and is
predicting an output. In other words the receiver
agent produces as many outputs as symbols are
present in the message. The loss is calculated for
each of these outputs separately. These losses are
summed up to a total loss that is used to adapt the
weights in both agents as well as in both LSTMs.
As the discrete sampled categorical distribtion of
the message can’t be differentiated, we use Gumbel-
Softmax relaxation (Jang et al., 2017) to turn it into
a continuous distribution, thus allowing backpropa-
gation through the whole language game.

4 Experiments

4.1 Attending in a language game

Setup

Two agents are tasked to solve a referring prob-
lem together. The receiver needs to ’point’ to the
target object in the visual scene that the sender is
describing. However, only the sender is aware of
which of the shown objects is the target object. To
solve the task correctly the sender is required to
generate a referring expressions about the target
object through the discrete channel while the re-
ceiver needs to resolve it. The experiment is set
up in a way that avoids explicit human language
information as e.g. human referring expressions or
one-hot encoded attributes. Messages by the sender
can only be based on the highly controlled implicit
bias in the visual scenes.

Figure 2 shows the simplified architecture of
the language game. The sender is given a set of
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Figure 2: Simplified architecture of the attention predic-
tor game.

bounding boxes of all objects in the scene, where
the target object is always the first bounding box
and the distractors are shuffled. The features of
each bounding box are extracted using ResNet-101,
combined and passed to the LSTM to produce a
message. The receiver is shown the whole scene in-
cluding the spatial information. Given the sender’s
message, the task is to predict the region around
target object. For this, the image is divided into
14x 14 regions. The target area is located around
the center of the target object, consisting of 3x3
regions. The model is then tasked to predict the
matrix A = (a;j), where:

if region ¢, j in target area

otherwise

The image is encoded using a combination
of ResNet-101 and several convolutional layers
described in Section 3.1. The resulting matrix
has 128 x 14 x 14 dimensions, corresponding to the
14x 14 regions.

The sender’s message is decoded using an LSTM
and the dot product is calculated between each en-
coded region of the image and the encoded mes-
sage. The softmax function is applied subse-
quently, which results in a 14x14 matrix. This
emphasizes the correlation between the message
and each region. A high dot product for a region
indicates a high correlation between the message
and the specific region, while a low dot product
indicates the opposite. Training the agents like this
should therefore highlight the regions in the im-
age that are described by the sender, namely the
region around the target object. To calculate the
loss, the so ftmax function is applied over the pre-
diction and compared to the ground truth matrix



A using binary cross entropy. More details can be
found in Appendix A. A total of 128.000 games are
played. Furthermore, we allow message lengths of
n € {1,2,3,4,6} and provide vocabulary sizes of
V| € {2,10, 16,50, 100}.

The agents are evaluated on the summed pre-
dicted probability for the regions in the target area,
the probability mass. In particular, the predicted
matrix, consisting of probabilities for each region is
multiplied with the ground truth matrix A, consist-
ing of only ones and zeros. The result is summed
and returns the probability mass for the target area.
If the model predicts the target area perfectly, the
probabilities in the target area sum to 1. If the
model for instance focuses on the wrong object,
the probability mass in the target area is lower.

All results are compared to a baseline in which
the sender is generating random messages, so that
the receiver needs to solve the task on its own. Any
increase in performance requires information being
transferred between the agents and the emergence
of a language.

Results

The learning curves are shown in Figure 3. As
can be seen, the agents are able to solve the task
across all datasets, but with different consistency.
However, when the agents start to learn to commu-
nicate, the probability mass is boosted instantly to a
higher level, where it again learns at a slower speed
parallel to the baseline. On the ’Dale-2’ dataset,
the boost is around 40% points. Most of the learn-
ing takes place in the first 40.000 games, but there
are also two configurations that increase the perfor-
mance very late after 70.000 and 105.000 games
respectively. Hereby, agents tend to learn faster the
smaller their vocabulary size is. Using the *Dale-5’
dataset, the probability masses are boosted around
30% points when the agents start to communicate
successfully. Compared to the 'Dale-2’ dataset,
fewer configurations start to converge, while most
achieve performances close to the baseline. The
smaller number of learning curves makes the anal-
ysis more difficult, but the same trend about the
vocabulary size is still visible. Interestingly, only
one configuration with |V'| = 2 beats the baseline,
but behaves relatively unstable over the remaining
training. On the other hand no configuration with
|V| = 100 is successful. This indicates that one
symbol is too few to encode all meaning, but too
many symbols pose a too high difficulty to learn.
This hypothesis is amplified by the results on the

’CLEVR color’ dataset. Only two configurations
beat the baseline, both with a medium-sized vocab-
ulary size and message length. In both cases, the
learning takes place relatively late, after 15.000 and
30.000 games respectively.

| Dale-2 Dale-5 color

n |V| | P mass

baseline | 62,16%

P mass | P mass

49,61% | 41,68%

2 2 92,27% | 52,15% | 33,64%
3 2 94,52% | 51.97% | 37,09%
4 2 89,15% | 51,98% | 39.68%
6 2 59,68% | 53,57% | 38,43%
2 10 | 96,16% | 80,26% | 36,53%
3 10 94,9% 53.47% | 38,24%
2 16 | 95,84% | 84,03% | 39,65%
4 10 | 96,08% | 48,03% | 64,31%
316 | 94,59% | 81,46% | 67,88%
6 10 | 63,46% | 82,12% | 40,11%
4 16 | 94,14% | 49.81% | 40.84%
6 16 | 9586% | 50,71% | 40,61%
2 50 | 93,778% | 52,24% | 39,56%
3 50 | 93,88% | 79,65% | 40,36%
2 100 | 92,43% | 53,23% | 37,68%
4 50 | 96,24% | 48,79% | 43,61%
3 100 | 9525% | 48,52% | 42,55%
6 50 | 91,27% | 52,55% | 40,21%
4 100 | 9555% | 49,65% | 42,85%
6 100 | 60.27% | 46,92% | 41,98%

Table 1: Probability masses of the attention reference
resolver after 128.000 games: n are different maximum
message lengths and |V are different vocabulary sizes.
Results in red didn’t pass the baseline. The results are
sorted by the product of n and |V'| which corresponds
to available space for the message. The best results are
achieved with a medium-sized message space across all
datasets.

The final probability masses after 128.000 games
are summed up in Table 1. Interestingly, the base-
line can already find and attend to the correct re-
gions in many cases without the help of the sender.
The probability mass is higher than a uniform dis-
tribution (= 4,6%) and a random guess of an ob-
ject. It reaches 62,16% on the ’Dale-2’ dataset,
49,61% on the *Dale-5’ dataset and 41,68% on the
’CLEVR color’ dataset. Looking at the *Dale-2’
dataset, almost all configurations beat the baseline
and achieve performances of over 90%, the best
configurations reach even 96%. Only three config-
urations stay on the level of the baseline. When
comparing the results, mostly the message length
n seems to have an influence on the performance.
While configurations with n = 6 can perform well,
this is not constant. All three configurations that
don’t pass the baseline are allowed to produce mes-
sage with n = 6. n € {3,4} seem to help the
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Figure 3: Learning curves of all language games on each dataset. The colors correspond to different vocabulary

sizes |V|. The baseline is marked in black.

agents the most to perform consistently well, but
the difference to configurations with n = 2 is very
small. In both cases, the target object is unambigu-
ously identified. The small number of experiments
doesn’t allow definite conclusions on the influence
of the vocabulary size |V|, though |V| = 2 per-
forms slightly worse than the remaining vocabu-
lary sizes. A correlation between n and |V| is not
identifiable.

On the *Dale-5’ dataset, the agents already have
bigger problems to beat the baseline. Only 8 out
of 30 configuration perform better and reach prob-
ability masses around 76% to 84%. However, the
increase compared to the baseline is as high as
on the 'Dale-2’ dataset, with around 30% points.
Smaller message lengths (n € {2,3}) as well as
a medium-sized vocabulary (|V| € {10, 16,50})
tend to help the agents more, to solve the task suc-
cessfully. As before, no correlation is visible with
the few successful games. That the agents strug-
gle more with the *Dale-5" dataset is not surprising.
First, the larger number of distractors makes it more
difficult for the receiver to focus, as can be seen
already in the baseline performances. Additionally,
the larger number of objects also influences the
referring expression needed to uniquely describe
the target object. With an increasing number of dis-
tractors, the probability rises that the target object
shares attributes with any distractor. Therefore, it is
more likely that the sender needs to use two or three
attributes to describe the target object on the *Dale-
5’ dataset compared to the Dale-2’ dataset. This
is naturally more complex to learn for the agents.
Finally, since more objects are present, they are
more likely clustered closer together, which can
result in the identification of adjacent regions to the
target regions.

The agents struggle the most on the ’"CLEVR
color’ dataset. In this case, only two configura-
tions perform better than the baseline and reach a
probability mass of around 64% to 67%. Both uti-
lize a medium message length of n € {3,4} and a
medium-sized vocabulary of |V'| € {10, 16}. Inter-
estingly, several configurations with short message
lengths of n = 2 perform worse than the baseline.
This indicates that there is communication between
the agents, but it rather distracts the receiver from
the target object towards the distractors. The same
point for a more difficult task when more objects
are involved can be made for the "CLEVR color’
dataset. This dataset includes even up to 10 objects
present in the scene which increases the likelihood
that the receiver focuses on a wrong object.

Figure 4 shows examples of the wrongly iden-
tified regions on each dataset. These are predic-
tions by the agents that are wrong even though a
language emerged successfully. Main problems
seemed to be target objects not being in the actual
frame of the scene that the receiver was processing.
This happens due to center cropping the image to
prepare it as input for the ResNet model. However,
in several cases (as in the central image), especially
for the *Dale-5’ dataset, all objects are visible, and
the agents still don’t attend solely on the target ob-
ject. Rather than choosing one of the distractors,
the agents usually attend to both objects relatively
equally. This indicates that the receiver is uncertain
which object the sender is describing. In contrast,
the share of errors of the latter type is drastically
higher. While a general pattern is difficult to iden-
tify, the receiver tends to confuse the target object
with distractors that share multiple attributes with
each other. In the central and right image, the
wrongly identified distractors share both size and
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Figure 4: Examples of the predictions in language
games with successful communication with a proba-
bility mass lower than 50% on the *Dale’ and 'CLEVR
color’ datasets. The black rectangle shows the cropped
section the model is actually seeing after the image is
preprocessed for ResNet-101. The green rectangle sur-
rounds the target region that needs to be predicted while
the red regions show the actual predictions of the model.
The more intense the red, the higher is the probability
that the model assigned to this region.

shape with the target object.

4.2 Sender and receiver with natural
language referring expressions

Two further experiments are conducted to have a
closer look at the sender and receiver models. More
precisely, we evaluate how introducing explicit nat-
ural language bias into the models changes the
training and ability to solve the tasks. This is done
by training both the sender and receiver models
separately outside a language game context, while
the architecture stays the same. Instead of generat-
ing and respectively understanding a message of an
emergent language, natural language referring ex-
pressions are used. Here, we know that the symbols
are grounded in the visual scenes and correspond
to attributes of the objects.

4.2.1 Referring expression generation
(sender)

First, instead of generating a message for the re-
ceiver, the sender is now tasked to generate natural
language referring expressions. The referring ex-
pressions for the target object are generated using
the incremental GRE-algorithm (Dale and Reiter,
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1995). By this, the model needs to describe the
target object with respect to the distractor objects.

During testing, the LSTM is always forced to
generate three tokens, with an embedded <sos>
token as first input to the LSTM. Each token in
the sequence is determined greedily, by selecting
the highest logit in the output of each step in the
LSTM. Training is done for 30 epochs and with a
learning rate of 2 x 10™*. The loss is calculated
using cross entropy.

This task can be interpreted as a classification
task rather than a natural language generation task,
as the model is tasked to assign specific attributes
to the target object instead of producing free text
with a large vocabulary. Furthermore, the model’s
success is validated on accuracy, recall and preci-
sion scores. The overall accuracy is a measure
if the model predicted every word in the referring
expression correctly.

Accuracy F1-Score

Dale-2 99% 98,57%
Dale-5 69% 89.53%
CLEVR color 93% 95,17%

Table 2: Overall accuracies (Accuracy) and F1-Scores
after 30 epochs with embedding size e = 100,
LSTM, = 500 and LST M, = 30.

Table 2 shows the overall accuracy and FI
scores for each word. As can be seen, the overall
accuracies, in other words perfect matches of the
generated referring expression depend very much
on the dataset. With the 'Dale-2’ and "CLEVR
color’ dataset, the model can achieve high scores
of 99% and 93% if the samples. In contrast, the
model can only generate perfect referring expres-
sions in 69% of the samples of the *Dale-5" dataset.

Tables 3 and 4 give a more detailed insight in the
results and especially what mistakes the model is
making for both the *Dale-5" and ’"CLEVR color’
datasets. The tokens are grouped by attribute and
also show the metrics averaged over each of the
attributes. The metrics of the <pad> token indi-
cate if the model produced the correct length of
the referring expression, in other words if it was
able to determine which attributes are necessary
to discriminate the target object from the distrac-
tors. For the "CLEVR color’ dataset, the scores are
perfect. This is not surprising, since all referring
expressions for the ’"CLEVR color’ dataset consist
of exactly two attributes, shape and color, and the



small large ‘ size ‘ cube cylinder sphere ‘ shape ‘ <pad>
Dale-2 Precision | 99,17 98,29 | 98,73 | 99,86 99,71 99,67 | 99,75 | 99,64
Recall | 97,54 94,26 | 95,9 100 99,56 99,67 | 99,74 | 99,77
Dale-5 Precision | 69,65 69,21 | 69,43 | 98,19 98,32 98,39 | 983 | 82,22
Recall | 62,11 66,15 | 64,13 | 98,79 97,87 98,25 | 983 | 84,59
CLEVR Precision - - - 100 100 100 100 100
color Recall - - - 100 100 100 100 100

Table 3: Precision and Recall in % for <pad>, size and shape tokens with ¢ = 100, LST M, = 500 and LST M, =
30. The columns shape and size show the average across all tokens of the respective attribute.

blue brown cyan gray green purple red yellow | color

Dale-2 Precision | 94,51 98,77 97,59 98,68 9889 98,8 9747 100 | 98,09
Recall | 97,73 100 98,78 97,4 96,74 98,8 100 98,8 | 9853

Dale-5 Precision | 92,12 93,82 89,13 89,12 92,63 91,12 97,24 94,36 | 92,44
ae Recall | 92,12 89,78 9491 94,51 95,71 92,42 89,34 94,85 | 92,95
CLEVR Precision | 93,46 9237 9447 93,86 92,04 91,13 90,07 94,7 | 92,76
color Recall | 92,75 92 95,98 89,92 94,12 91,13 9423 9191 | 92,76

Table 4: Precision and Recall in % for color tokens with e = 100, LST M, = 500 and LST M, = 30. The column

color shows the average across all colors.

first generated token will always be the only <pad>
token in the referring expression (corresponding to
the unspecified size). The <pad> token is therefore
easy to learn. For the *Dale-5’ dataset, the model
struggles more to predict the correct length of the
referring expression.

The shape can be identified very well across
all datasets. The model predicts the correct shape
for all samples using the "CLEVR color’ dataset,
while both precision and recall lie around 98,3%
when using the "Dale-5" dataset. Even though the
score is almost perfect, the slight difference might
stem from the fact that all distractors have the same
shape in the first case, while distractors can be dif-
ferent in the second case. Consequently, the model
is only exposed to one shape at a time for each
sample, which might simplify its identification.

For the color attribute, the metrics drop signifi-
cantly for both Dale-5" and "CLEVR color’ to an
average of around 93%. Hereby, no meaningful
difference can be seen across the datasets, but there
are differences between the colors. Some colors are
predicted with precision and recall around 95% to
96%, while others are only around 90%. However,
these differences are not reproducible across mul-
tiple runs and configurations. The best and worst
predicted colors vary and no conclusions can be

drawn which colors are easier to predict for the
model.

Finally, the size is the most difficult attribute to
predict for the model. Apart from the '"CLEVR
color’ dataset, where a size never needs to be pre-
dicted and also is never predicted, the metrics for
the prediction of size tokens are the lowest across
all tokens. They are the only mistakes, the model
makes, when exposed to the *Dale-2’ dataset and
the average precision lies around 23% below the
average of predictions of the color for the *Dale-5’
dataset, while the average recall lies around 28,82%
below. The reason why the precision is higher than
the recall is the <pad> token, which is predicted
very often instead of a token specifying the size. In
fact, the opposite relationship is visible for the pre-
cision and recall for said token. The much higher
absolute number of <pad> tokens leads to a smaller
relative difference of %-points shown in the ta-
ble. Again, no conclusion can be drawn if larger
or smaller objects are easier to predict, since the
results vary across runs and configurations.

In conclusion, the model successfully extracts
discriminative features and produces referring ex-
pressions, though performance depends heavily on
the number of distractors. Shape attributes are most
easily identified, while size attributes prove most
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challenging.

4.3 Referring expression resolution (receiver)

As before, the setup of the receiver model stays the
same for this experiment, but instead of interpreting
the sender’s message, natural language referring
expressions are passed to the model. As we know
that the referring expressions are grounded in the
scene, we can now compare the results to the lan-
guage games, where the agents needed to learn and
ground the arbitary vocabulary first.

Probability mass

Dale-2 95,16%
Dale-5 92,19%
CLEVR color 95,33%

Table 5: Probability masses of the model after 20 epochs
with LST M, = 15 and LST M, = 1500.

The results are shown in Table 5. Across all
datasets, the model is able focus on the correct
region in the image with high precision of over
90%. Interestingly, a different pattern emerges
when comparing the results to the language games.
While both agents and the single model achieved
the best scores with the "Dale-2’ dataset, the single
model can achieve similar results on the "CLEVR
color’ dataset. On the *Dale-5" dataset, the perfor-
mance is slightly worse. In contrast, the agents
achieved better results on the *Dale-5" dataset, and
struggled mostly with learning and grounding col-
ors.

5 Discussion and Conclusion

We demonstrate a method for conducting focused
experiments on artificial data through which we
gain valuable insights what particular models are
capable of learning from data and their dependence
on the structure and representations in the data in
the context of linguistic coordination and learn-
ing over a visual scene. This knowledge can be
transferred to the design of larger systems that are
trained on real data to gain insights about learn-
ing architectures, representations of features and
datasets. They can also be used as a diagnostic
probes for systems trained on real data.

Our language games revealed that agents can
successfully develop communication protocols,
achieving substantial performance gains over base-
lines. However, emergent communication faces
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constraints: medium-sized vocabularies and mes-
sage lengths proved most effective. Scene com-
plexity significantly impacts learning, with simpler
scenes enabling near-perfect communication while
complex scenes challenged most configurations.

The natural language experiments provided cru-
cial insights into these limitations. When gener-
ating referring expressions, models achieved high
accuracy on simple scenes but struggled with com-
plex discriminations. Critically, the size attributes
proved most difficult to learn across all tasks, fol-
lowed by the color, while the shape was consis-
tently well-identified. This indicates that humans
and artificial neural networks have quite different
learning biases that facilitate learning for humans
(e.g. pragmatic referring described in the Dale-
Reiter algorithm) is difficult to learn for systems.
The experiments demonstrate that once we add
such learning biases (e.g. modelling focused atten-
tion) learning becomes more successful. Overall,
the results indicate that to be successful, learning
language and vision models needs to go beyond
mere observation of pixels and words.

Future work should investigate the linguistic
properties of the emergent languages to better un-
derstand how agents encode visual attributes in
their communicative protocols. Detailed analysis
of message patterns could reveal whether emergent
languages develop similar structures seen in natural
languages.
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A Technical details of the language games

The sender extracts the features of each bound-
ing box using ResNet-101 and projects them to
an image embedding dimension e, = 100 with
a linear layer. All encoded bounding boxes are
concatenated and again compressed to the decoder
output dimension hs; = 500 using another linear
layer. This representation of all objects serves as
the initial hidden state of an LSTM, which gener-
ates the referring expression. Tokens used in the
LSTM are embedded with embedding dimension
LSTM;, . = 100. During training, teacher forcing
is applied by using embeddings of the ground truth
tokens as the input sequence for the LSTM, instead
of the output of the LSTM.

The receiver decodes the sender’s message using
an LSTM with a hidden size h,, = 500 and token
embedding dimension of LSTM,. = 100. The
image is encoded using a combination of ResNet-
101 and several convolutional layers described in
Section 3.1. Both encodings are passed through a
tanh non-linearity, and the results are combined
using a dot product. The resulting vector is passed
through a softmax function to produce a proba-
bility distribution over the 14x 14 regions of the
image.

The experiments are conducted with the follow-
ing hyperparameters: a learning rate of 2 x 1074, a
temperature for the Gumbel-Softmax relaxation of
1 and Adam (Kingma and Ba, 2015) as optimizer.

The source code for all experiments is available
at  github.com/DominikKuenkele/MLT _Master-
Thesis.
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