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The circuit can also remain plastic enough to relearn
new associations within its lifetime. Furthermore, we
observed no degradation in the circuit’s plasticity over
time. Finally, the circuit’s memory was relatively robust
to longer time delays than those experienced by its
ancestors.

5 The Dynamics of Continuous 
Learning

How does this circuit work? How do the evolved cir-
cuit’s mechanisms differ from those evolved for the
discrete version of the task? Can a finite state machine
be extracted to capture the workings of the dynamics
of the best evolved circuit? In order to answer these
questions, we have to visualize the overall structure of
this circuit’s operation, and for this we will use a sim-
ilar approach to that developed for the discrete ver-

sion. We strobe the state of the system at selected
times during a trial. The main difficulty that arises in
this case is that the internal state of the evolved sys-
tem is composed of more components. Therefore, part
of the work in analyzing the internal dynamics of this
evolved circuit will involve: (1) looking at several dif-
ferent three-dimensional slices of this five-dimen-
sional space, (2) building up our intuitions about the
structure of the manifolds of activity, and (3) choos-
ing the variables and perspectives that provide the
most useful insights. In the figures to follow we look
at some of these three-dimensional slices of the space
of activations of the evolved circuit. In particular, we
look at slices from the two slowest nodes, y2 and y4,
and the fastest one, y5.

In Figure 13, we visualize the state of the system
when strobed on the full range of stimuli. We observe
that each of the states that correspond to the same activ-
ity form a “stretched out” cluster. Each of the clusters

Figure 13 Internal dynamics of the best evolved five-node circuit. Strobes while tested on the continuum of signals af-
ter a pairing (Q1), a rest (Q2), a test (Q3), or a positive (Q4) or negative reward (Q5). The Q3 strobed region can be fur-
ther subdivided according to the relation between the pairing and testing temperature. The pairing temperature can be
hotter (i), the same (ii), or colder (iii) than the original.
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represents the state of the system after a pairing, a rest,
a test, or a positive or negative reward (labeled Q1
through Q5, respectively). Interestingly, each different
state remains relatively well connected and separately
clustered. We can also observe that each of the clusters
forms a one-dimensional tube-like structure, except for
cluster Q3 that forms something that looks more like a
two-dimensional wing-like structure. We will come
back to this point later in the analysis.

An extended behavioral sequence such as the one
shown in Figure 9 can then be understood as a set of

trajectories between these strobe clusters (see Figure 14).
A question of interest is, do these stretched out clus-
ters and the trajectories between them have any fur-
ther internal structure to them? We can visualize the
trajectories in relation to the environment the circuit is
in. In Figure 14, trajectories are coded in shades of
gray according to their original paired temperature:
lighter shades corresponding to hotter temperatures.
What can be observed is that the transitions have a rela-
tively structured pattern. The trajectories are arranged
from top to bottom according to their paired tempera-

Figure 14 Transitions between each of the states superimposed over the strobed states. Each transition is shaded in
gray according to the original pairing temperature, with lighter shades representing hotter temperatures and darker
shades colder temperatures. (a) Transitions between pairing and resting. (b) Transitions while positive reward is ap-
plied. (c) Transitions while negative reward is applied. Notice that negative reward occurs naturally only when the test
temperature is different but too similar to the pairing temperature. The circuit makes the mistake of classifying these as
the same, despite the small difference. Thus, the transitions depart from Q3(ii) mostly. (d) Transitions during resting af-
ter a positive or negative reward. The bottom three figures depict the transitions between the resting state Q2 and the
presentation of test temperatures over the whole continuous range: (e) shows the transitions when the test temperature
is lower (colder) than the pairing temperature; (f) when the test temperature is the same as the pairing temperature; and
(g) when the test temperature is higher (hotter) than the original pairing temperature. As can be seen by the predomi-
nance of lighter shaded transitions in (e), when the original pairing is of a hotter (lighter gray trajectories) temperature,
the number of test temperatures that are classified as colder is greater than when the original pairing is of a colder (dark-
er gray) temperature. The inverse is true for (g), where there is a predominance of darker-shaded transitions.
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ture: with hotter ones at the top and colder ones
toward the bottom. Most importantly, this pattern is
maintained as the state of the system flows between
each of the different clusters. This corresponds to the
memory of the environment.

A crucial aspect of the learning behavior under
study is the circuit’s ability to make different deci-
sions depending on its experience. One question of
interest is, how does the decision arise internally? To
answer this, it will be useful to take a closer look at
the transitions between the resting state (Q2) and the
testing state (Q3; Figure 14e–g). During the resting
state the agent can be tested with the same tempera-
ture as it was paired with originally, or it can be tested
with a different temperature. In the latter case, the
temperature can be either colder than the original or
hotter. Figure 14 shows the state of the system as it
transitions from its resting state to being tested on any
of the possible signals. The state of the system moves
to the middle part of the cluster Q3(ii) for signals that
are similar to the original (Figure 14f). What this
means is that the original temperature is known from
the level of the Q2 cluster, where the system is operat-
ing. When the temperature is different than the origi-
nal, the state of the system falls away from the middle
into one of the two outer wings of the structure. Fall-
ing to the top left wing Q3(iii) when the testing tem-
perature is colder than the original pairing temperature
(Figure 14e) and to the bottom right wing Q3(i) when
it is hotter (Figure 14g).

As we have seen, the circuit discovers the envi-
ronment it is in through the simultaneous pairing of
food and temperature. Yet, unlike the discrete sce-
nario (in particular for n = 2), receiving a negative
reward is not enough to modify the state of the agent
such that it “finds out” which temperature is the right
one. Furthermore, a successful circuit could simply
never receive negative reward during its lifetime. This
is not, however, the case for the circuit under analysis.
From Figure 14c, we know that some signals end up
near the border between the wings and the middle part
of the Q3 cluster, which then receive a negative
reward moving the state of the system to Q5. From
Figure 10a, we know that these correspond to test sig-
nals that are very similar to, but different from, the
paired temperature. The negative reward, however,
does not “correct” these borderline cases. We exam-
ined this by artificially inducing a negative reward
after the agent opens its mouth when tested on the

paired temperature (for which it usually receives a
positive reward). When tested again using the same
temperature the agent would still open its mouth.
Thus, the negative reward cannot override the original
pairing memory in this circuit. Similarly, we exam-
ined whether the positive reward could trigger the cir-
cuit to relearn a new association. We artificially
induced a positive reward after the agent closes its
mouth when tested on a different signal to the paired
temperature (for which it usually receives a negative
reward). When tested again using this new tempera-
ture (which provided a positive reward despite not
being the original paired temperature), the response of
the circuit was still to close its mouth. Thus, the cir-
cuit only learns new associations through the simulta-
neous pairing of food and temperature; not through
the reward signal. The most likely reason for this is
that no changes of environment were experienced of
the latter form during evolution.

A key question that we would like to ask, then, is
whether we can extract an FSM from its internal
dynamics, such that it explains the learning behavior?
Given that the network has to remember a continuous
signal, a “machine” is required that will allow for a
continuum of states to represent the environment. No
finite state machine can represent such internal mech-
anisms. A richer structure is needed: a machine that
includes for each of the discrete states an inner (rela-
tively independent) continuous state. We are calling
this set of machines, continuous state machines (CSM).
One way to think of these is as a continuous manifold of
finite state machines. Accordingly, we can think of an
FSM as a CSM with only one inner “level.” Figure 15
shows two of the FSMs, on top of each other with a
transition from one to the next. The dynamics are just
like an FSM but with stretched-out regions for each
state. We can think of each of the states as containing
a real-value register. This inner state is continuous and
is instantiated as the level within the extended strobe
clusters.

At the behavioral level, the CSM denotes two
seemingly distinct processes operating at two different
scales. While the discrete states resemble states of an
FSM, the continuous regions inside each of the dis-
crete states resemble something more like an infinite
tape. We can illustrate this idea using an example
sequence trial in our evolved circuit. In Figure 16, we
show the trajectory of the state of three of the nodes
during an example sequence trial where the agent is
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first paired and tested with temperature X (1.3), then
paired and tested with a different temperature Y (1.7),
and vice versa, several times. The trajectory is placed
within the context of the strobed states (in gray). This
illustrates the notion of the system’s operation at dif-
ferent levels within the manifold of FSMs (X and Y),
as well as the transitions between these (X → Y and
Y → X) corresponding to relearning new associations.
It is important to point out that this evolved circuit
requires ongoing interaction with an environment in
order to maintain a given operational level within the
manifold of FSMs. This can be observed best from the
forgetting curve shown in Figure 10d. Without this
ongoing interaction, the state will eventually decay to
some fixed level.

Finally, we would like to know how the state
machine is related to the circuit’s evolved components.
The best five-node circuits taken from the five best
evolutionary runs (using different seeds) show a dis-

tinct distribution of time-constant parameters: the
majority of the components are as fast-acting as is
allowed but a few are much slower. Is there a functional
relation between the discrete states and the fast nodes,
and between the continuous internal state and the slow
nodes? We can answer this for the case of the best
evolved circuit. Although the full circuit is responsible
(and necessary) for the learning phenomena, we can
test the correlation between the paired temperature and
the state of the system, at different times during a trial
and for every component in the circuit. We do this
using Pearson’s product–moment correlation coeffi-
cient (Moore, 2006):

(4)

Figure 15 A continuous state machine embedded in the
best five-node circuit. The states are labeled according to
the strobed states from the previous figures. The shade
of gray for each state represents the real-valued register.
Where the agent’s state “lands” inside the Q3 region is
determined by the pairing temperature (tp) along the hori-
zontal axis and the testing temperature (tt) along the verti-
cal axis: when the test temperature is hotter than the
original pairing temperature (tt > tp) the state falls into the
Q3(i) region; when they are the same (tt = tp) it falls into
the Q3(ii) region; finally, when the test temperature is
colder than the original pairing temperature tt < tp it falls
into the Q3(iii) region.

Figure 16 Example sequence trial of a continuous state
machine as a manifold of finite state machines. An exam-
ple finite state machine (level 1) is shown at the bottom of
the figure and another one (level 2) is shown at the top of
the figure. The continuity arises from the transitions be-
tween any two finite state machines. The example shows
transitions from FSMs X (temperature = 1.3) and Y (tem-
perature = 1.7).
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where pt is the original paired temperature and yt is the
state of one of the nodes at a particular stage during
the trial (i.e., Q1 through Q5) in an environment t; 
and  are the averages of p and y, respectively. Tem-
peratures, t, in the full range [1, 2] (incremented in
steps of 0.01), were used to record the state of each of
the nodes during each of the different stages.

As can be seen from Figure 17, all of the nodes
are highly correlated with the remembered tempera-
ture (either positively or negatively) at most of the
stages of a sequence trial. However, while the correla-
tion among the fast set of components (gray) varies
within a trial, the correlation of the slow components
(black) remains remarkably stable. This suggests that
the role they play in the maintenance of the “memory
trace” is stronger than the faster subset of nodes.

In summary, to understand how the most success-
ful and smallest circuit works we strobed the state of the
system at selected times during a trial. We observed
separate clusters that stretched out with a relatively
structured inner dimension. The different clusters cor-
responded to the different events in the trial (i.e., pair-
ing, rests, tests, rewards). Interestingly, the attractors
of the circuit did not always correspond to the clusters.
The inner dimension, on the other hand, corresponded
to the to-be-remembered signal. As the trial proceeds,
the state of the system transitions from cluster to clus-
ter, while maintaining the structure of the inner dimen-
sion. The decision process was shown to involve a
more complex two-dimensional-like cluster, where a

relational categorization process was observed: with
hotter, similar, and colder test temperatures neatly sep-
arated. We described the evolved learning mechanism
in terms of a continuous manifold of finite state
machines. Finally, although all of the components in
the network are involved in the generation of the learn-
ing behavior, we observed a stronger maintenance of
the correlation between the to-be-remembered signal
in the slower acting components of the network com-
pared to the faster ones.

6 General Discussion

In this work we have extended previous work on
evolving learning without synaptic plasticity from dis-
crete (in practice two-choice) tasks to continuous
tasks. We address two main questions.

First, can this approach be extended to continuous
tasks? We show that continuous-time recurrent neural
networks without synaptic plasticity are successfully
evolved on an associative learning task abstracted
from a temperature preference behavior observed in
Caenorhabditis elegans. The behavioral task studied in
this article is, of course, not exclusive to C. elegans.
Broadly, it involves learning an environmental feature
that can range over a continuum of values and remem-
bering it as a preference. It also involves the ability to
change this preference when appropriate. This is a rather
common ability amongst living organisms, including
humans.

Second, how does learning without synaptic plas-
ticity work in the evolved circuits? In this work we have
shown how the evolved internal dynamics differ in an
associative learning task when the to-be-associated
stimuli are on a continuum as opposed to being a dis-
crete set. The analysis of evolved agents for associative
learning, where the to-be-remembered stimuli are dis-
crete signals, display finite state machine like internal
mechanisms. This agrees with recent results presented
in Phattanasri et al. (2007). A different and richer type of
state machine is found when analyzing agents evolved
to remember and discriminate between signals from a
continuum. Because of the ability of the evolved circuit
to use a continuous state inside a set of finite states, we
have come to consider it as a different class of automata
that we call a continuous state machine.

It has been known for some time that artificial
neural networks have the capacity to act as finite state

p
y

Figure 17 Pearson’s correlation coefficient between the
activation state of each node in the circuit and the paired
temperature (corresponding to the to-be-remembered sig-
nal) at different times during a trial. The fast-acting nodes
are shown in gray and the slow-acting nodes are shown in
black.



380 Adaptive Behavior 16(6)

machines (McCulloch & Pitts, 1943; Minsky, 1967).
In particular, the relation between recurrent neural
networks and automata has been treated by several
authors (Casey, 1996; Cleeremans, Servan-Schreiber,
& McClelland, 1989; Giles et al., 1992; Pollack, 1991;
Servan-Schreiber, Cleeremans, & McClelland, 1991).
None of this work has discussed the notion of a mani-
fold of finite state machines or a continuous state
machine, nor have they been observed to arise in neu-
ral networks. A relation between FSMs and the state
space representation of continuous control theory has
been indicated in Elgerd (1967). A related notion has
been developed in the context of grammar recognition
using recurrent networks in Servan et al. (1991) called
graded state machines. The notion of continuous state
and graded state machines is different in two impor-
tant ways. First, the infinite and graded states of a
CSM are clustered around discrete and separate finite
states. Second, there is a relevant relationship between
the continuous dimension across the separate clusters
of finite states. Only an intuitive notion of continuous
state machines has been provided in this work. Devel-
oping a formal account in the context of automata the-
ory may be of interest in the future.

What is the role of transients over multiple times-
cales? First of all, it is important to note that the strobed
points are not, in general, attractors of the evolved cir-
cuit. Rather, the system is always being pulled from one
attractor to the next by the changing sensory input. Thus
the evolutionary algorithm has shaped the transient
dynamics of the circuits to solve the task at hand, not
its attractor structure. It is also important to note that the
best five-node circuits taken from the five best evolution-
ary runs (using different seeds) all consistently showed at
least two different timescales in their evolved internal
components. Although the majority of neural compo-
nents evolved to be as fast acting as possible (with time
constants near 1.0), for each circuit at least one (but in
some cases two) of the neural components evolved to be
much slower acting (by at least an order of magnitude).
This points to the importance of developing the tools and
language to understand dynamical systems with compo-
nents interacting over multiple timescales.4

Learning has typically been associated with life-
time synaptic change. Here we contribute to the litera-
ture demonstrating that learning can occur in the
absence of this type of change (Izquierdo & Harvey
2007; Phattanasri et al., 2007; Tuci et al., 2002; Yama-
uchi & Beer, 1994a, 1994b). But can circuits with fixed

weights really learn? To be clear, the evolutionary
algorithm does change the weights of the network
over generations. But the learning behavior that we
study in this article occurs over a much shorter times-
cale: the lifetime of the agent. As a consequence, evolu-
tion does not operate during the temperature preference
learning phenomenon. Thus, the weights of the network
(as well as all other parameters) remain fixed. But, is the
“learning” just fixed memorization behavior tuned as a
consequence of weight changes during evolution? No,
it is not. The network must react differently to stimuli
from the environment depending on events that occur
during its lifetime. In our particular example, evolu-
tion cannot “know” a priori whether the network will
have to open or close its mouth for cold or hot temper-
atures. This the network must learn during its lifetime.

There are in fact multiple ways in which a CTRNN
with fixed weights can exhibit learning behavior. Dur-
ing the lifetime of a network, the activation of some
CTRNN nodes may change very slowly compared with
other nodes in the network. A network of slow nodes
and fast nodes might be understood to resemble a net-
work of slow weights and fast nodes. The slow nodes
might change in a way that modulates behavior, and
responds to feedback in much the same way as weight
changes are brought about by traditional “learning
rules.” These nodes just don’t happen to be labeled as
“weights.” It would perhaps be possible to identify the
nodes with slower time parameters and arbitrarily label
them “synaptic-weight-equivalent nodes.” However,
“nodes acting as synaptic weights” is only one possibil-
ity. A CTRNN can exhibit dynamics on a range of times-
cales even if the time constants of all the nodes are fixed
at unity, due to the interactions between the nodes. Not-
withstanding this possibility, for the associative learning
task studied here, artificial evolution exploited predomi-
nately the ability to use components with inherently dif-
ferent timescales of activity. Thus, while memory could
have arisen from, for example, reverberatory dynamics
(Lau & Bi, 2005), here it was the dynamics of the slower
acting components that instantiated the memory trace.
This is evidenced by the maintenance of a high correla-
tion between their levels of activity and the continuous
to-be-remembered signal. This demonstrates that contin-
uous-time recurrent neural networks with fixed weights
can produce genuine learning behaviors that go beyond
switching between two modes of interaction.

The circuits evolved for the continuous version of
this task required constant interaction with their envi-
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ronment to maintain their temperature memory. This
highlights the situated nature of the learning task.
Would it be “better” if the circuits could maintain their
memory indefinitely and in the absence of environ-
mental interaction? Traditionally in robotics, “memory
mechanisms” are designed to remember everything
indefinitely, regardless of how old or new, main or sec-
ondary the information is. This is not necessarily the
case for living organisms. What accounts for appropri-
ate memorization behavior when an agent needs to
interact with its environment is likely to be very differ-
ent than the memory required by information proces-
sors. Issues of context and time sensitivity become
relevant. For living organisms, remembering recent
experiences is usually more important than older ones.
For example, you would like to remember where you
parked your car this morning, not necessarily all of the
locations on previous days! Similarly, remembering
highly recalled memories is also more important than
recalling less frequently needed ones. For example,
you would like to remember the names of people you
interact with on a daily basis at work better than those
of whom you haven’t seen in a really long time. In
fact, several studies have found consistency in forget-
ting curves across tasks, measurement metrics, and
even species (Wixted & Ebbesen, 1991). These stud-
ies suggest that memory declines as a power function
of time. This is the first example known to the authors
where similar forgetting curves are observed in artifi-
cially evolved circuits for learning behavior. It is
important to note that this is not a limitation of the
evolved circuit, but a consequence of its situated
nature.

Continuous-time recurrent neural networks with-
out synaptic plasticity have now been demonstrated to
be capable of associative learning on both discrete and
continuous stimulus spaces. How much further can this
approach be taken? The most obvious next step could
be to study second and higher-order conditioning,
where the initially associated stimulus can conse-
quently be used to learn about some new stimulus.
Another useful next step would be to study the block-
ing effect, a phenomenon observed whereby condition-
ing to a stimulus is blocked if the stimulus has been
reinforced in compound with a previously conditioned
stimulus. Both phenomena are discussed in most text-
books on learning. Finally, it is important to note that
one of the major differences between our task and the
behavior performed by the nematodes is the agent’s

embodiment. In the case of the worm, it influences the
sensory stimuli that it receives next by moving up or
down the thermal gradient. In our task, the situation is
more akin to traditional psychology experiments, where
the experimenter immobilizes the subject (e.g., glues the
worm to a petri dish) while applying different stimuli to
it and studying its responses in a highly structured man-
ner. One important direction of future work will be to
analyze evolved circuits using more ecological learn-
ing scenarios.

Appendix: Evolved Parameters
    
Table A1 Best three-node circuit for the discrete ver-
sion of the temperature preference task.

y1 y2 y3

y1 9.7529 1.1023 –9.1226

y2 –5.2143 2.2904 –1.7911

y3 –9.7031 –9.2973 5.5012

T –2.6291 –8.7298 –7.7723

F 0.4719 4.0520 –9.9976

θ 2.9464 6.4924 7.3431

τ 1.2145 27.8472 1.0256

Table A2 Best five-node circuit for the continuum ver-
sion of the temperature preference task.

y1 y2 y3 y4 y5

y1 9.6712 1.8562 4.3859 –0.6227 –0.7912

y2 –5.1801 –2.4098 –3.5321 8.8119 –9.9244

y3 –6.5417 9.3668 1.3050 9.7333 –5.9810

y4 7.0174 5.7888 –9.9125 –4.5742 –8.5561

y5 8.3435 –9.2429 2.8769 –4.9563 5.2326

T –2.8401 5.5182 5.5025 –1.3114 9.3223

F –7.6829 –1.5416 4.2153 3.9677 7.6002

θ –4.8178 –4.4765 –9.9440 –0.7085 –5.2138

τ 1.7630 16.9439 1.5663 73.9571 1.0663
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Notes

1 Although the behavior has been observed by several oth-
ers (Biron et al., 2006; Clark, Biron, Sengupta, & Samuel,
2006; Luo, Clark, Biron, Mahadevan, & Samuel, 2006;
Mohri et al., 2005; Mori, 1999; Mori & Ohshima, 1995,
1997; Murakami, Bessinger, Hellmann, & Murakami, 2005;
Ryu & Samuel, 2002; Zariwala, Miller, Faumont, & Lock-
ery, 2003) since it was first discovered by Hedgecock and
Russell (1975), a more recent study has challenged the
validity of the phenomenon due to possible effects of body
temperature on movement (Anderson et al., 2007). As a
result, temperature preference is currently a debated topic
of investigation in C. elegans.

2 The main thermosensory neuron is called AFD, another
neuron called ASH is known to be involved in sensing
food. It is important to note that the sensory function of
neurons is often determined using behavioral experiments
on worms where the neuron has been laser-ablated. See
De Bono and Maricq (2005) for more detail.

3 We do not investigate in this article whether the ability to
generalize is related to the size of the network. The task
studied requires that successful circuits generalize, but it
also requires: (1) that they remember the original signal on
subsequent tests, and (2) that they remain sufficiently
plastic to relearn during their lifetime.

4 Classical examples of multiple timescale systems (e.g.,
weakly-coupled and relaxation oscillations) are covered in
most introductory dynamical systems textbooks (e.g., see
Strogatz, 1994). For an example of multiple timescale tech-
niques to analyze bursting in neurons see Izhikevich (2000).
For applied dynamical systems describing the analysis of
three-timescale dynamics see Krupa, Popovic, and Kopell,
(2008).
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