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We present a computational framework to investigate whether artificial agents in a foraging
environment develop a communication protocol with features of the honeybee waggle dance.
Analyzing communicative success, compositionality, and emergent semantics, we find that (i)
agents tend to use directional signals for communication, especially when they have the freedom
to explore the environment, (ii) in the absence of direct distance representations, agents develop
a system based on shortest-path routes when their mental map representations overlap, and
(iii) constraining their communication channel to simulate kinematic properties of honeybees
provides a slight positive benefit. Overall, we find that, under certain constraints, agents develop
a (relatively) compositional communication system reminiscent of the waggle dance.

1. Introduction

Social animals rely on complex communication systems to support coordination
between individuals to handle survival tasks as a group; for instance, foraging. A
particularly interesting example is the communication system of honeybees (Apis
mellifera), which consists of a dance by which the honeybee’s body movements
encode the location and quality of food (Frisch, 1954); in particular, by means of
the so-called waggle dance, a forager honeybee encodes a food source’s direction
and distance from the hive through movement. The former is encoded with the
angle of the waggle, while the latter is indicated with its duration. In addition,
dance vigor and repetition can signal resource quality, while odor cues hint at
food identity (Dong, Lin, Nieh, & Tan, 2023).

The correspondence between value ranges of sign and meaning (angle for ori-
entation and duration for distance) is arguably an iconic property of this code
(Pleyer, Perlman, Lupyan, Reus, & Raviv, 2025). Interestingly, the waggle dance
exhibits language-like properties which are rare across species, such as displace-
ment (the ability to refer to entities which are not visible) and (bare) composition-
ality, i.e. the use of constituents (distance, direction) to create meaningful com-
plex expressions (Hockett, 1960; Gil, 2024). These properties make this system
particularly interesting from an evolutionary standpoint.

Here, we leverage a computational framework to investigate what the minimal



conditions are under which artificial agents in a foraging environment develop a
communication protocol exhibiting features of the honeybee waggle dance. To
that aim, we base our work on neural-network-based emergent communication
(EC) (Lazaridou & Baroni, 2020). We design a game that represents the food-
foraging environment of honeybees. In such a game, a sender agent is tasked
with composing a message to refer to the location of a ‘food’ landmark, while a
receiver agent has to identify that landmark from a set including also a number of
distractor landmarks, using only the message. The agents are rewarded when they
achieve successful communication, i.e. when the receiver correctly identifies the
location of the ‘food’ landmark in its own map.

We use our framework to ask the following questions. First, given the dis-
placed nature of honeybee communication, honeybees need to rely on their mental
representations to communicate about a referent which is not in their immediacy.
However, we do not know how much overlap exists in each honeybee’s represen-
tation of their foraging area. Therefore, we ask What are the effects of mental rep-
resentation overlap? In our experiments, we explore different assumptions with
regards to the agent’s navigation environment; particularly, we test different levels
of overlap in the representation of each agent’s knowledge of the environment.

Second, given that honeybees rely on distinct kinematic parameters to encode
each semantic component, we ask: to what extent should a communication chan-
nel incorporate movement-based constraints analogous to those in honeybee com-
munication? We experiment with channel constraints by restricting the output
range to capture the circular trajectory characteristic of the waggle dance.

We run our model under the conditions specified by each research question and
analyze their respective effects on the emergent communication protocol, focusing
on communicative success, compositionality, and emergent semantics. Results
suggest that representation overlap is key for our agents to develop a successful
communication system; however, further analyses reveal that our agents did not
learn to compute direct distance. Channel constraints yield only a small positive
effect on compositionality, but not all simulations converge to using the channel
in the intended manner. Still, overall, we find that agents develop a (relatively)
compositional communication system reminiscent of the waggle dance when they
share mental map representations.

2. Method

Our game assigns each artificial agent a directed graph representing routes from
the nest to several landmarks, including a food source. Each edge encodes the
distance and direction from the source to the target node. This representation
simulates a sequence of landmarks, aligning with prior proposals on honeybee
navigation (Collett, Harland, & Collett, 2002; Chittka, Kunze, Shipman, & Buch-
mann, 1995; Gould, 1990).

During the game, the sender transmits two real-valued tokens to the receiver,



who must then identify the food node among a set of candidate nodes in its own
graph. To investigate the effect of directional precision in communication, we dis-
cretize (bin) the angles representing directions, analogous to the coarse directional
encoding observed in honeybee communication (Okada et al., 2014).

We implement each agent as an independent neural network, in which a Rela-
tional Graph Convolutional Network (RGCN) (Schlichtkrull et al., 2018) encodes
each node into a vector representation. The sender concatenates the representa-
tions of the nest and food nodes to parameterize a bivariate Gaussian distribution,
from which it samples two real-valued numbers as message tokens. Upon re-
ceiving the message, the receiver encodes it into a vector representation. Each
candidate landmark is represented by concatenating the receiver’s own nest repre-
sentation with that of the candidate node. The receiver then compares these land-
mark representations with the message representation to identify the landmark
with the highest similarity score. The two agents are jointly trained to maximize
the log-likelihood that the receiver correctly identifies the food node.

Data generation We generate 24000 games for training and 6000 games for test-
ing. In each game, the agents’ graphs share the same set of nodes (without coor-
dinates). For each agent, a graph is randomly sampled from one of the following
structural types: (i) a single-route tree with a direct nest–food edge; (ii) multiple
routes from the nest to the food node, with at least one direct nest–food edge; (iii)
multiple routes from the nest to the food node, where a direct nest–food edge may
or may not exist; (iv) a single-route tree from the nest to the food node, without a
direct nest–food edge. Every graph sample contains 10 nodes.

We test four conditions for the edges (see Figure 1 for examples): in the ‘same-
graph’ condition, all agents share the same set of edges, reflecting perfect repre-
sentational alignment. In the ‘independent-graph-v1’ condition, edges are ran-
domly generated for each agent independently, capturing individual variability in
path encoding. In the ‘independent-graph-v2’ condition, we ensure no overlap
between edges in sender and receiver (except for case (i)). In the ‘different-graph’
condition, we ensure no overlap between edges in sender and receiver.

Figure 1. Input representations. Yellow nodes are food; Black are nests; Brown are distractors. Red
edges indicate overlap between the sender’s and receiver’s graphs.

Channel Constraints We investigate two types of message generation. In the
unconstrained setting, the bivariate Gaussian distribution is left fully parameter-
ized without restrictions. In the constrained setting, the covariance matrix of the



bivariate Gaussian distribution is diagonal. The first token is normalized to the
range [0◦, 360◦) and the second token to [0, 1]. The constrained setting aims to
incorporate the natural range of movement of a honeybee, and has the potential to
introduce an inductive bias for channel specialization and iconicity.

3. Results

3.1. Communication

First we analyze whether our artificial agents learn a communication protocol that
allows them to communicate successfully. As can be seen in Figure 2, in all
conditions agents achieved communication success well above chance. Represen-
tational alignment has a strong impact: agents with perfectly aligned path repre-
sentations (‘same-graph’) outperform others with partial overlap by 20%. Con-
straining the communication channel has a small effect on the final accuracy of
communication; however, with this analysis we do not know whether the emerged
protocol is shaped differently depending on channel constraints, since languages
with different structure may result in similar accuracy of communication.

Figure 2. Communication Accuracy (over five runs with different random seeds). The horizontal red
line indicates the accuracy of randomly guessing the location of the food node.

3.2. Compositionality

Analogous to compositionality in the waggle dance—where the signals for dis-
tance and direction are statistically independent—we investigate whether the com-
munication emerging in our agents also exhibits independence between tokens. To
assess this, we compute the mutual information (MI) (Shannon, 1948) between the
two tokens: higher MI indicates greater shared information and thus lower com-
positionality. As shown in Table 1, MI is consistently lower for higher overlap
between sender and receiver’s maps, suggesting that the emerged protocol is more
compositional when there is higher representational alignment. One exception is



the ‘different-graph’ setting, which on the surface appears to be perfectly compo-
sitional; however, as shown in Figure 2, this condition results in the least effective
communication, hence it is unlikely to occur in nature (Menzel et al., 2005).

Table 1. MI between tokens. Configurations are sorted by amount of edge overlap. Numbers
show the mean and standard deviation (in brackets) over five runs with different random seeds.

same independent (v1) independent (v2) different
Constrained 0.130 (0.023) 0.329(0.058) 0.911 (0.181) 0.021(0.007)

Unconstrained 0.290(0.019) 0.325(0.154) 0.970 (0.266) 0.018(0.008)

3.3. Semantics

Agents develop protocols with some degree of compositionality, but are the mes-
sages encoding distance and direction? Decoding artificially emerged languages
is not trivial: looking at the messages does not readily allow us to conclude what
meaning they convey. However, we can analyze the collection of messages and
find to what extent each token carries information that is consistent with hypothe-
sized semantic components. Hence, we report the MI between each token and the
distance and direction for the corresponding sender’s graph. Although bees use
direct distance (from a coordinate space), agents may opt for alternative distance
encodings. We base our analyses on two hypothetical encodings: direct distance
and shortest connected path in the sender’s graph.

We focus on the conditions that yielded higher compositionality, which are
those with higher representational alignment. We first analyze the unconstrained
condition with some degree of graph overlap (independent-graph-v1) for sender
and receiver. In Figure 3 we see that direction appears to be unequivocally cap-
tured (as evidenced by high MI), and is encoded in every token. However, the
same cannot be said about distance. Direct distance is clearly disregarded, while
shortest path is encoded to some extent, but overshadowed by direction. In this ex-
perimental condition, the shortest path is not always useful to the receiver (as this
path may not exist in the receiver’s map), hence its communicative advantage is
limited. Results for the constrained version of the model are qualitatively similar.

Figure 3. MI between tokens and semantic com-
ponents (direction, distance) for unconstrained
independent-graph-v1. Left: direct distance.
Right: shortest path.

Figure 4. MI between message tokens and se-
mantic components (direction, shortest-path) for
same-graph. Left: unconstrained channel. Right:
constrained channel.



When both agents use the same graph, as can be seen in Figure 4, the first to-
ken appears to be specialized in representing direction in several runs, with much
lower correlation to distance. The second token reflects distance much more than
the first, although it remains somewhat correlated to direction as well (albeit less
so than the first token). Unexpectedly, the pattern observed under the constrained
channel condition (Figure 4, right) is less stable than under the unconstrained
channel (Figure 4, left).

We hypothesize that channel constraints interfere with learning dynamics,
leading to instability. Nevertheless, it is clearly visible from the plot that if one
token is better at one component (distance or direction), the reverse is true for
the other token, suggesting that different tokens preferentially encode distinct as-
pects of meaning. This component-specific encoding is reminiscent of the waggle
dance, where angle encodes direction and duration encodes distance.

4. Conclusion

We used artificial agents and a signaling game simulating the foraging environ-
ment of honeybees. This is undoubtedly a simplified system, lacking the advan-
tages conferred by the biological constraints and large-group dynamics of hon-
eybee societies. Yet, equipped with these minimal tools, our simulations show
encouraging results. The key result of our simulations is that, given the absence
of a cognitive mechanism for computing direct distance, artificial agents find a
way to develop a (relatively) compositional communication system —which is
a challenge for EC systems (see e.g., Peters et al. (2025), Carmeli, Belinkov, and
Meir (2024), Lazaridou and Baroni (2020))— exhibiting semantic properties rem-
iniscent of the honeybee waggle dance.

To develop a language akin to honeybee’s waggle dance, agents need to learn
to compute direct distance from graph-based maps. This ability however did not
emerge spontaneously in our system, possibly due to a lack of an appropriate
architectural mechanism. In our experiments, agents develop different communi-
cation strategies depending on the degree of overlap in their mental map repre-
sentations. When the overlap is imperfect, the agents rely primarily on directional
signals (although shortest-path is also moderately captured). When the overlap
is complete, however, the shortest-path information is more prominently incorpo-
rated in a relatively compositional communication protocol.

Our future work therefore includes: (i) integrating into the agent architecture
a mechanism for computing direct distances, analogous to that used by honey-
bees (Menzel et al., 2005), (ii) investigating the impact of more fine-grained men-
tal map overlaps to reflect the fact that honeybees appear to be extensively famil-
iar with their foraging areas (Wang, Mach, Chen, & Menzel, 2025; Degen et al.,
2015; Capaldi et al., 2000), and (iii) analyses to determine whether the emerged
code exhibits iconicity (i.e. using with analogous range mapping).
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