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Abstract

Early primitive animals with simple feed-forward neu-
ronal circuits were limited to reactive behavior. Through
evolution, they were gradually equipped with memory and
became able to utilize information from the past. Such mem-
ory is usually implemented with recurrent connections and
certain behavioral changes are thought to precede the re-
constitution of the neuronal circuit’s topology. If so, what
could have been the behavior to drive such a rewiring? Our
hypothesis is that the secretion and detection of chemical
markers in the environment could be a precursor of inter-
nal memory. We will show how memory-like behavior can
be expressed in memoryless reactive agents by taking ad-
vantage of the external chemical markers. Our results show
that given chemical marker use, reactive agents are able to
develop intelligent strategies in solving a biologicaly plau-
sible food foraging task requiring spatial memory. We also
found interesting analogy between the evaporation of the
chemical markers and the recency effect in memory and how
it affects the foraging strategy. These results are expected
to help us better understand the possible evolutionary route
from reactive to cognitive agents.

1. Introduction

From Lamark and Darwin to contemporary evolutionary
biologists, a consensus seems to be on the premise that be-
havioral changes make the agent-environment relationship
anew, which in turn generates a novel evolutionary pres-
sure and leads to morphological changes [16, 9]. Under the
same premise, we have already shown elsewhere that the
emergence of memory could be achieved through the in-
ternalization of the external marker manipulating behavior
[6]. Our argument was that producing and detecting exter-
nal markers could have served as an intermediate stage be-
tween reactive and contemplative behavior (cf. [12] on the
use of “inert” matter for augmenting cognition). Here, we
focused particularly on the use of external chemical mark-

ers because as mentioned in [6], various evidence suggest
the relation between olfaction and the evolution of memory.

We deliberate that the volatility of chemical markers
could have fostered the individual intelligence. We tested
our hypothesis by comparing reactive agents (feed forward
neural network controllers) using either non-evaporating
or evaporating chemical markers in a simple food forag-
ing task. Our results show interesting memory-like be-
havior that would normally require a recurrent architec-
ture, through strategic uses of the external chemical mark-
ers. Moreover, better strategy and finer food foraging trails
were developed when we let the chemical markers evapo-
rate. This does not only support our previous hypothesis
by showing a more detailed and more biologically plausi-
ble experiment and analysis, but also suggests that it could
be particularly the use of external chemical markers that in-
duced a fully internalized memory system.

The rest of the paper is organized as follows. In Section
2, we detail the food foraging task with two types of chem-
ical markers. Section 3 includes experiments and results,
followed by discussion and conclusion (Section 4 and 5).

2. Methods

2.1. Task: Food Foraging

Food foraging is the most essential ability for survival
in animals. Many birds, ants, and mammals do not always
consume food on site but move them for various purposes
including to feed the young, to cache, or to reduce compe-
tition from others [13, 14]. Inspired by this, we designed a
simple food foraging task which requires memory. An agent
controlled by a neural network freely moves in an open en-
vironment, a grid of 300×300. The agent is initially located
at its nest and three food are placed in the environment (Fig-
ure 1A). The task for the agent is to consume all the food.
We impose a memory requirement for the task by limiting
the range of the agent’s sensors. From the nest, only food]1
is detected. When the agent moves toward food]1, food]2
becomes within its sensor range (gray area marked as ‘prox-
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imity’ in the figures) and so on (Figure 1B-D). Here, we
put additional (and biologically plausible) constraints that
the nest is the only place where the agent can consume the
food, and the agent has limited food delivery capacity, that
it can carry only one food at a time. Therefore, it needs to
travel back and forth between the food and the nest at least
three times to consume all the food. The life span of the
agent is limited to 80 steps and whenever the agent success-
fully consume a food, it is increased by 100 steps. Memory
is necessary to be successful in this task because the agent
needs to remember seeing other food(s) while carrying the
one found earlier to the nest. Moreover, the nest does not
generate any sensory cue at all, thus the nest location also
needs to be remembered.
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Figure 1: Task Definition.

2.2. Chemical Dropper Agent

The agent model is shown in Figure 2. The agent inter-
acts with the environment with 8 pairs of sensors distributed
uniformly around the center at an interval of 45◦. 8 of them
are chemoreceptors sensitive to the chemical markers the
agent drops. The other 8 can be whatever distance sensors
(photoreceptors or another chemoreceptors) sensitive to the
food. Both types of sensors are limited in range subject to
the constraint mentioned in the above task description, and
the magnitude of the sensor signal is inversely proportional
to the distance to the detected object. The agent can freely
navigate within the environment while bouncing off when it

comes into contact with the wall.

45°

Sensors
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- Photoreceptor

Agent

0°

90° -90°

Figure 2: Agent Model.

The underlying neural network of the agent is similar to
the Dropper Network in [6], which is simply a feed for-
ward network with an output unit to trigger marker drop-
ping. The equations for this baseline agent take the same
standard form as equation (1) in [6] (weighted sum followed
by a sigmoid [8]).

Default movements are blocked by removing the bias
units to maximize the memory requirement of the task, and
one additional output unit is included to a typical feed-
forward network to allow chemical dropping behavior (Fig-
ure 3). Below is how this additional output works:

DropChemical =
{

True if O4 > θ
False otherwise (1)

If the value of O4 is greater than the threshold θ, the agent
drops a marker in its current position before it moves. This
threshold is not fixed but is also evolved through genetic
search. The outputs O1, O2, and O3 decide x-axis (-3.0 to
3.0), y-axis (-3.0 to 3.0), and angular offset (−180◦ to 180◦)
relative to the current orientation of the agent, respectively.

3. Experiments and Results

The learning of connection weights of the agents was
achieved through genetic search. The fitness for an agent
was set inversely proportional to the sum of the distances
between itself and each remaining food, and between each
remaining food to the nest. Agents were divided into two
groups (NE and E), one using non-evaporating chemical
markers (NE) and the other using evaporating markers with
the evaporation rate of 0.99 per step (E). The task was re-
peated 30 times for each group. The population size of each
trial was 100 and 10% top-performers of the population
survived to the next generation. One-point crossover with
probability 0.9 and mutation with rate 0.04 were applied to
these top-performing agents. If the number of generation
reached the preset maximum (=300) without consuming all
three food, the trial was recorded as a failure. Quantitative
analysis of the results is plotted in Figure 4.
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I1 I2 I3 I8 I9 I10 I11 I16

H1 H2 H3 H4 H5 H6 H7

O1 O2 O3 O4

if O4 > θ,
DropChemical = True (1)

else,
DropChemical = False (2)

Example of case (1)

… …

8 Photoreceptor Signals

(detecting food)

8 Chemoreceptor Signals

(detecting chemical markers)

Figure 3: Neural Network of the Agent. An output
unit (O4) is added to the typical feed-forward network
to allow chemical marker dropping behavior. The box
shows an example of leaving chemical markers when
the agent moves to a next location.
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Figure 4: Quantitative Data of successful agents from
‘No Evaporation’(NE) and ‘Evaporation’(E) groups
(NNE = 14, NE = 23). A. Large difference in suc-
cess rate (NE = 14/30, E = 23/30). B. No significant
difference in the number of chemical drops between
NE and E (NEstdev = 66.25, Estdev = 61.41). C&D.
Agents in NE group traveled longer than those in E
group, while the number of steps taken by NE group
are shorter. This suggests that the speed of the agents
in E group were faster (C:NEstdev = 239.43, Estdev =
174.02, D:NEstdev = 39.65, Estdev = 34.34).

Both the groups show fairly high success rates (Fig-
ure 4A). We have also performed the task with feed-forward
or recurrent neural network agents but none of them was
successful because of the high memory requirement of the
task. These results are not reported here because they are
trivial. Interestingly, the success rate of the group using
evaporating chemical markers was significantly higher. The
average chemical dropping rates (drops per steps) are al-
most the same (0.854 vs. 0.844). The difference in the

number of steps taken by the agents in each group is rel-
atively small (5.97% difference), but the difference in the
traveled distance is more significant (7.97% difference).
Considering the average speed, the NE group agents moved
more than 15% faster than the E group agents (speedNE =
3.5294, speedE = 3.0647). Investigation on the reasons for
this difference will give clues to understand the difference
in the success rate. To make qualitative analysis for further
investigation, we plotted the stack of chemicals dropped by
all the successful agents in each group (NNE = 14, NE =
23) and applied k-means clustering to them (Figure 5).

A. Non-Evaporating Chemical B. Evaporating Chemical

Figure 5: Cluster of Chemical Markers. K-means clus-
tering (k=4) is applied to the chemical markers to show
the relationship between the markers and points nec-
essary to remember for the task (food&nest).

Clusters of the chemicals dropped by the NE group do
not match the food and nest locations, whereas the E group
dropped chemicals in correspondence with them. This sug-
gests that evaporating chemicals are used more correctly for
the reference of the spatial information critical for solving
the task. To determine the difference in the chemical drop-
ping strategy, we performed a detailed comparison between
the best agents in each group. We picked the agents with
the shortest step size in both groups as the best ones because
they must have the most economical strategies among their
group members in solving identical tasks.

Figure 6-A describes the strategy of the best agent us-
ing non-evaporating markers. Foraging of each food is sep-
arated by rows. Each row shows (1) agent trajectory, (2)
chemical trail dropped while moving toward food, and (3)
chemical trail dropped after the agent picks up the food un-
til reaching the nest. This agent demonstrates an interesting
rules developed which can be summarized as follows:

1. Access food on its left side.

2. Follow chemicals on its left side.

3. If a food is detected, the movement is “food-driven”.

4. Otherwise, the movement is “chemical-driven”.

5. Release chemicals when its movement is “food-
driven” but rarely in “chemical-driven” movements.
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When foraging the food ]1, rules 1, 3, and 5 apply to (2),
and rules 2, 4, and 5 apply to (3). Note that the agent only
drops a single chemical marker on its way back to the nest.
For the food ]2, rules 1, 2, 3, 4, and 5 apply to (2), and
rules 2, 4, and 5 apply to (3). Again, only several chemical
markers were released while the agent is coming back. The
same rules applied for the food ]2 are also used for food ]3.

This agent could not use the simple chemical-following
strategy because of the excessive past information about the
food already consumed. Therefore, the agent had to de-
velop strange rules such as 1 and 2 and it generated circular
trace with increasing radius. The outermost chemical trails
in Figure 5 (lower right part) clearly shows this. This agent
traveling in circles needed to move faster to successfully
gather all 3 food within the limited life span.

Figure 6-B illustrates the strategy of the best agent using
evaporating markers, which has less complex rules:

1. Throw chemicals most of the time.

2. If detected chemical signal is strong enough, the move-
ment is “chemical-driven”.

3. Otherwise, the movement is “food-driven”.

All three rules are generally applied all the time. Because
this agent is precisely following the food and chemical sig-
nals without any ad hoc constraints, it shows finer foraging
trajectories by using a single route to and from the food.

This finer trails are due to the evaporating property of the
chemical markers. Because the chemicals contain temporal
information, this agent does not have to develop a special
rule to avoid conflicts among the chemical markers. The
resulting trajectory looks more efficient because the agent
does not visit all the previous locations of the food that
have already been consumed. The toward-food trajectory
for food ]2 looks very interesting. Initially, the agent makes
a vain effort to visit the location of food]1 even though it
has been consumed just before. Food]2 is once detected on
the way, but ignored because the attractions of the chemi-
cals are greater than that of food]2. After this futile effort,
the agent makes zigzagging movements around the nest. In-
ternally for the agent, this behavior was perhaps because of
the conflicting chemicals near the nest and this conflict is re-
solved as the chemicals evaporate. However, for an external
observer, this behavior can be interpreted as highly intelli-
gent. It looks as if the agent, after an unsuccessful outing,
sits in the nest area both to mark the nest strongly with ac-
cumulating chemicals and to wait for the failed chemical
trail to evaporate. As a result, the agent reinitiates its jour-
ney following the weakened chemical trail. This time, the
attraction of food]2 becomes greater and the agent can suc-
cessfully maneuver its way toward the food.

4. Discussion

The results show an interesting role chemical sense could
have played in early animals with a limited reactive ner-
vous system. In addition to the credits from the evidence
from other research domains indicating that the highly prob-
able relation between olfactory and memory systems (see
the Discussion section of our earlier paper [6]), the present
results provide even stronger suggestion that the chemical
sense can indeed help evolve highly intelligent behavior in
a biologically plausible task necessary for survival.

The use of pheromone and its volatile property has
gained a great degree of interest [5, 17, 7]. Ant Colony
Optimization (ACO), a metaheuristic used for various op-
timization problems, may be the most cited nature-inspired
application employing evaporating pheromone [7]. How-
ever, just as most other investigations on animals or artificial
agents using pheromone, the ACO uses volatile pheromone
as a medium of communication and is limited to the context
of social learning. We perceive that this fading-out charac-
teristic of chemical markers can be an external analog of
forgetting in internal memory (cf. [2] on the recency ef-
fect). Our work stands out from these earlier works in that it
shows that the chemical markers could have been used in a
self-serving manner assisting to develop intelligence critical
for individual survival, prior to their use in a social context.

Our results do not only provide viable hints on the evo-
lution of internalized memory, but also suggest operable
option to the behavior-based robotics field. Unlike [1] or
[3] which required indexed representations of the environ-
ment, the strategies in our approach are learned automati-
cally from evolution without an internal representation. To
think reversely, the interaction between agent and external
marker can be regarded as a distributed cognition minimiz-
ing the cognitive complexity of the agent. This way, our
results may shed light on scaling up the ability of behavior-
based systems to solve more complex problems, and that in
a highly biologically inspired way (cf. [11]).

We would also like to mention the relationship between
external marker use and general tool use. Considering the
wide variety in animal species, only few vetebrates make
a monopoly of tool use [4, 15, 10]. The use of external
material may have laid the road to a more complex use of
external matter, i.e., tool use.

5. Conclusion

The main contribution of our work is to have shown ex-
perimentally the use of external chemical markers enables
reactive agents to perform successfully in a biolgically in-
spired memory task. Our results reinforce our hypothesis
that memory may have its evolutionary origin in the chemi-
cal sense and that an important step toward the evolution of
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Figure 6: Chemical Trails. A&B(1) Agent trajectories while foraging food in the environment. Solid/dashed lines denote
the nest-to-food/food-to-nest trajectories, respectively. Foraged food are marked as blank circles. (2)&(3) Chemical trails
of the agent dropping/detecting chemicals. A(2)-(3) The agent drops chemicals when its movement is driven by food but
it seldom does so when it is following the chemical trail to come back to the nest. Because the chemical markers do not
evaporate, all the markers have the same sensitivity to the agnt (shown by the same grayscale value). B(2)-(3) Agent
drops chemicals almost always. As the chemicals evaporate, their sensitivity fades (fading color in figures).

cognition and intelligence could have been the use of exter-
nal chemical markers. Future investigations will be focused
on the topological modification of the neural network con-
troller to internalize the behavioral changes driven by the
reactive material interaction.
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