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Specific mechanisms underlying how the brain keeps track of time are largely unknown. Several existing
computational models of timing reproduce behavioral results obtained with experimental psychophysical tasks,
but only a few tackle the underlying biological mechanisms, such as the synchronized neural activity that occurs
throughout brain areas. In this paper, we introduce a model for the peak-interval task based on neuronal network
properties. We consider that Local Field Potential (LFP) oscillation cycles specify a sequence of states, re-
presented as neuronal ensembles. Repeated presentation of time intervals during training reinforces the con-
nections of specific ensembles to downstream networks — sets of neurons connected to the sequence of states.
Later, during the peak-interval procedure, these downstream networks are reactivated by previously experienced
neuronal ensembles, triggering behavioral responses at the learned time intervals. The model reproduces ex-
perimental response patterns from individual rats in the peak-interval procedure, satisfying relevant properties

such as the Weber law. Finally, we provide a biological interpretation of the parameters of the model.

1. Introduction

How the brain represents the passage of time and uses this in-
formation in time-related tasks is still an ongoing debate in the scien-
tific community. There seems to be different mechanisms involved in
temporal processing depending on the time scale (Buhusi and Meck,
2005; Paton and Buonomano, 2018). For example, interaural delay is
key to temporal discrimination in the microseconds range (Shaffer,
1984), while circadian rhythms (Czeisler et al., 1999) seem to play a
role in the estimation of many hours/days, besides controlling other
important human functions such as body temperature (Benloucif et al.,
2005). In particular, intermediate durations ranging from seconds to
minutes (referred to as interval timing by the timing community) stand
out in many aspects of animal behavior and physiology. Examples in-
clude foraging, decision making, sequential motor performance, and
associative learning (Merchant and Lafuente, 2014; Buhusi and Meck,
2005).

There are several models of interval timing which are able to re-
produce behavioral results. However, only a few can also describe the
critical properties of timing observed in experimental data, such as
proportional timing (i.e., the linear relationship between the measured

behavioral variable and the interval timed), the scalar property (i.e., the
linear relationship between the standard deviation of the measured
behavioral variable and the interval timed), and consequently Weber's
law (the constant relative sensitivity to differences in a behavioral
variable when varying that variable across different time intervals)
(Church and Meck, 2003). One of the most influential models which
successfully accounts for these properties is the Scalar Expectancy
Theory, SET (Gibbon, 1977; Grondin, 2014). SET is a cognitive process
model which assumes the existence of a pacemaker which emits pulses
at a certain rate that are stored by an accumulator. The temporal esti-
mation comes from counting the number of pulses in the accumulator
and comparing it to a number of pulses previously stored in the re-
ference memory (i.e., past experiences). There is plenty of evidence for
ramping activity (Narayanan, 2016), which favors an accumulator
mechanism and can be understood using drift-diffusion models
(Luzardo et al., 2017). Nevertheless, there are still criticisms about the
plausibility of long-duration ramping of neural activity, and this criti-
cisms can also be applied to other timing models (Simen et al., 2013).

Alternative models which do not necessarily assume cognitive in-
tervening variables have been proposed, such as the Behavioral Theory
of Timing (BeT) (Killeen and Fetterman, 1988) and a modified version
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Fig. 1. (a) Experimental setup of a typical Peak-Interval Procedure during a Fixed-Interval trial. A time-dependent light will be used as a stimulus and at the first
nose-poke after 20 s the light will turn off and the food will drop at the food pellet. During a peak-interval, the light will keep turned on and the food will not drop. (b)
Summary of the nose-pokes registered during each peak-interval trial with a target time of 20 s and the distribution containing the mean number of nose-pokes during

each second of a trial.

of BeT called Learning to Time (LeT) (Machado, 1997; Machado et al.,
2016). LeT, for example, assumes that different behavioral states are
serially activated when an organism is experiencing the passage of time.
Each of these states is linked to a response by some degree, and the
strength of these associations (vector of weights) are updated at every
reinforcement (in reinforced trials) and by its omission (extinction
trials) during learning. Although LeT can reproduce many essential
features of timing behavior such as the scalar property, it is subject to
the same criticisms attributed to SET, that is, it lacks direct biological
correlates for its main underlying assumptions.

In order to deal with the issue of biological validity, some biologi-
cally-inspired candidate models of timing have been proposed. One
example is the Striatal Beat Frequency (SBF) model (Matell and Meck,
2004; Oprisan and Buhusi, 2011), where the coincidental activation of
oscillating neurons underlies the mechanism of time-tracking. Indeed,
natural brain oscillations play a crucial role in many aspects of behavior
in the hippocampus (Klimesch, 1999; Belluscio et al., 2012), thalamus
(Steriade et al., 1993), striatum (Berke et al., 2004), amygdala (Halgren
et al., 1977), and other areas. The sequential activation of neural states
that occurs in the hippocampus (Lisman et al., 2005; Buzsaki and
Tingley, 2018) is another candidate for timing models (Meck et al.,
1984). Such state sequences can be generated using a heteroassociative
learning rule (Sompolinsky and Kanter, 1986; Camargo et al., 2018),
which increases connection strengths between neurons from con-
secutive states in a sequence. The hippocampus has neurons called time
cells (Eichenbaum, 2014) that fire at specific moments during the time
interval. Studies have reported the existence of these cells in the medial
entorhinal cortex (MEC) (Tsao et al., 2018) and in the medial prefrontal
cortex (mPFC) (Tiganj et al., 2017) as well. Incorporating the time cells
to a model can be instrumental in verifying the biological plausibility of
a timing model (Zeki and Balci, 2019), along with the presence of
neural oscillations.

Recent evidence also suggests that the dynamics of neural

populations can account for behavioral data observed in timing tasks
(Paton and Buonomano, 2018; Balci and Simen, 2016; Eichenbaum,
2014). In state-dependent networks (Karmarkar and Buonomano,
2007), the state of the network, defined as the set of active neurons at a
given moment, evolves over time, in a clear parallel to the behavioral
states proposed by LeT. Another network can read the evolution of the
neural state trajectory to measure the passage of time. Recently, it has
been hypothesized that time is not explicitly represented in the brain
but is a byproduct of ongoing activity which is composed of a succes-
sion of events (Buzsaki and Llinas, 2017). This dynamical arrangement
also agrees with the idea of using a chain of events to perform time-
related tasks. Even though these biologically-inspired models can re-
produce neural activity which is frequently observed, including those
from ramping neurons (Durstewitz and Deco, 2008; Machens et al.,
2005), only recently a recurrent neural network has been described
which could satisfy Weber's Law (Hardy and Buonomano, 2018).

In this article, we describe a candidate timing model inspired on
brain networks with oscillatory activity and sequential state activation,
in which states are represented as neuronal ensembles delimited by
oscillatory cycles. We use the model to simulate data in a peak-interval
procedure, where repeated presentations of time intervals during
training reinforce the connections of specific ensembles to a down-
stream network — sets of neurons connected to the sequence of states.
Then, during a reproduction phase, these downstream networks are
reactivated by previously experienced neuronal ensembles, triggering
behavioral responses at the learned time intervals. We compare our
simulations to real data collected from rats. The implementation of this
model follows the proposal by LeT, providing a possible biological in-
terpretation for its key assumptions.
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2. Methods
2.1. Experiment set-up

We performed secondary data analyses from a peak procedure de-
scribed by Caetano (2009) (Fig. 1). In brief, one group of six male
Sprague Dawley rats (Experimental Group) were trained to press a lever
in a standard operant chamber to receive a food pellet (fixed-ratio 1
schedule of reinforcement for one experimental session). Next, they had
to make a nose-poke response 20 s after the lever press in order to re-
ceive the food pellet (tandem fixed ratio 1/fixed interval 20 s schedule
of reinforcement). During this phase, each trial initiated by the onset of
a houselight. The first lever press after light onset initiated a 20-s fixed
interval. Food was primed 20 s after the first lever press. The first nose-
poke into the food cup (detected by the breaking of a photobeam) after
food prime delivered the food pellet, terminated the houselight, and
introduced a variable inter-trial interval (ITI = 40s). If no nose-pokes
were made within 20 s from food prime, the houselight turned off, the
ITI was initiated, but no food was delivered.

Concurrently, six Sprague Dawley rats were trained on a control
procedure in which 0.5-s white noise stimuli were yoked to the lever
presses of a rat from the Experimental Group (Yoked Group). That is,
for each lever press made by one rat in the Experimental Group, a noise
stimulus was presented to its paired rat in the Yoked Group. For rats in
this Yoked Group, no levers were available throughout training, and the
fixed interval 20 s started with the first noise stimulus (i.e., yoked to the
first lever press of a rat in the Experimental Group). Therefore, food was
primed 20 s after the first noise in the trial, and the first nose-poke after
food prime delivered the food pellet, terminated the houselight and
introduced the ITI. All other experimental details were identical be-
tween groups. All rats were trained for 98 experimental sessions in this
phase to ensure behavior stability. Finally, in the last training phase,
peak trials were introduced with a probability of 0.5, during which all
responses were recorded, but there was no food pellets. After 80 s from
the first noise stimulus, the houselight was turned off, the ITI was in-
troduced, and the next trial started.

We analyzed the peak trials from the last 15 sessions of all rats in the
Yoked Group from the original dataset of 25 peak sessions. Each session
analyzed had from 2 to 28 peak trials (average of 14.33 peak trials per
session, with a standard deviation of 5.48). All experimental procedures
were approved by the Institutional Animal Care and Use Committee at
Brown University and conform to guidelines for the Ethical Treatment
of Animals (National Institutes of Health).

2.2. Learning mechanism

The model consists of a heteroassociative network represented by a
series of successive states (Sompolinsky and Kanter, 1986; Camargo
et al., 2018). Each state corresponds to a subset of active neural units
within a Local Field Potential (LFP) oscillation. Each state i has a weight
w; to a downstream network, representing the combined effect of all
neurons in that state into that network. They store information about
the specific time being learned, causing the downstream network to fire
at that specific time. The model was implemented in two phases to
account for the two potentially different mechanisms involved in the
task: the learning phase and the behavioral reproduction phase.

During the learning phase, as written in pseudocode in Algorithm 1,
states are consecutively activated until a specific target time T has
elapsed (Fig. 2a). At that moment, the synaptic weight w; between the
current active state i and the downstream network increases one (ar-
bitrary) unit. This state activation sequence happens multiple times,
one for each learning trial. For each trial, there is a transition time step
t; between states drew from a Gaussian distribution with mean y and
standard deviation o. At the end of the simulation, we normalized the w;
values so that the maximum weight is 1.

Behavioural Processes 168 (2019) 103941

Algorithm 1. Learning phase

e Initialize parameters: y, o and T.

e Initialize vector w, with w; = 0, V i.

® For each trial:
O Initialize the elapsed time t = 0 and active state i = 0.
O Draw a time step t; from the normal distribution N(y, o)
O Whilet < T,updatet =t + t;andi =1+ 1.
O Add 1 to w;.

® Divide vector w by maximum(w;), V i.

Note that the last activated state i after the elapsed time T i 1s ~. Thus,
the function that describes the weight w; converges to a dlstrlbutlon
obtained by a change of variables from the Gaussian distribution of t; to
P=i. Prior to normalization, we can describe the distribution as:

e /i

fG u0)= \/—
(€]
We then reduced the parameters ¢ and o to the coefficient p = o/y,
which is, therefore, the coefficient of variation of the time step between
the activation of two neural states. When we change the parameters of
the states i to the nose-poke time using the transformation t = u-i, and

make o = pp, Eq. (1) becomes:

7—1
f(i,u,0)=f(y u,#p) tl\/— [ =uf1,p)

The threshold £ is the lower degree of activation that generates the
behavioral response, and it ranges from 0 to 1. Thus, we have to nor-
malize the maximum weight to 1 (last step in Algorithm 1) to establish
a comparison of w; and £. Given the maximum M(p) of the function f(t,
1, p) in t, we have that uM(p) must be the maximum of the function f(i,
i, 0). The final function describing the neural activity at the network in
terms of the time elapsed is

(& s 0))eepon = uf, 1,p) =

1 T t
1 exp| -
uM (p) M (p) 1%/ 270> 202

@

so we can conclude that the only relevant parameters of the model to be
used in the Algorithm 1 are p and 4.

2.3. Behavioral reproduction

In the reproduction phase the model generates single-trial responses
that are similar to the responses observed in the experimental peak
trials. The model uses the same series of states shown in Fig. 2b. When
the network activates states whose output weights are smaller than a
threshold 0 < ¢ <1, rats respond with a basal rate r,. When it reaches
states whose weights are larger than the threshold, rats respond with a
higher rate r,. Algorithm 2 shows the simulation steps. The rationale
behind this scheme is that rats tend to respond in bursts of response
around the criterion (Church et al., 1994).

The reproduction phase algorithm generates single-trial responses.
The time required to reach and leave the states with weights larger than
{ depends on the t; value drawn at each trial from the normal dis-
tribution N(y, o) (Fig. 2¢ and d). We simulated the hypothetical nose-
pokes using a Poisson distribution with average rate A = r, between
time the burst start t; and burst stop t,, and A = r;, for the remaining
period.

Algorithm 2. Behavioral reproduction phase

o Initialize parameters y, o, w, 4, r, and r,.
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Fig. 2. (a) Visual representation of the Learning Phase of the model. Each green sphere represents a state and the lines between the green and the blue spheres
represent the weight w; of the link between the state itself and another neural network represented by the blue sphere. The time steps t; compose a Gaussian
distribution and the time t increases according to these steps. When the time t reaches the target time T, the weight of current state will raise. (b) Visual re-
presentation of the Reproduction Phase of the model. The same states will be activated successively just like the learning phase but linked with a basal response.
While the process reaches states with weights above a threshold 4, it will activate a neural unit responsible to identify the target time. (c¢) Drawing a smaller t; value
from the ¢, distribution (top graph) causes the network to reach states that have w; > ¢ earlier and for a shorter period (bottom graph). (d) Same as (c), but for a large
t; value, which causes states with w; > ¢ to be reached later and for a longer period.

e For each trial:
O Initialize the elapsed time t = 0 and active state i = 0.
O Draw a time step t; from the normal distribution N(y, o).

(@) While wj <é.
Updatet=t+ t;andi=1i+ 1.

O Set t, =t

O While w; > £.
Updatet=t+ t;andi=1i+ 1.

O Sett, =t

O Generate nose-poke times from 0 to t; from Poisson process with
a rate 1,

O Generate nose-poke times from t; to t, from a Poisson process

with a rate r,.
O Generate nose-poke times from t; till end from a Poisson process

with a rate ry,.

2.4. Parameters search

We fitted the parameters to the experimental data of each rat se-
parately. Parameters p = o/u and { are important to the neural me-
chanism, while r, and r, are important to the behavioral response of
rats.

Given the 4 parameters of one search instance, we generated trials
of the reproduction phase — for each trial, we simulated a set of nose-
poke times with Algorithm 2 and calculated a response-time histogram
similar to Fig. 1(b) using 80 bins (1 bin per second), covering all the
80 s of peak-interval task.
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Fig. 3. (a) Fitting of the model with the experimental data for each of the 6 rats. The red line represents the simulation fitted with the best parameters and the black
line represents the experimental data. (b) Region in the space of parameters (threshold vs. o/4) in which the goodness of fit of the simulation was smaller than 0.018.
The solid dots represent best goodness of fit. Each color represents a different rat. In front of the labels, the upper number is the burst rate and the lower number is the
basal rate for that particular rat. (c) Reproduction of the scalar property by calculating the standard deviation for 5 different target times (2, 4, 8, 16 and 32s) and

then plotting a linear regression.

We found the best fit for each rat by calculating the mean squared
error (MSE) between the histogram generated by the model and the
experimental histograms. The experimental vector contained each 1-s
bin of the experimental nose-poke distribution of a rat. The model
vector contained each 1-s bin of the distribution generated by the
model. After calculating the difference for many possible parameters for
the model, we stored the parameters that gave the lower distance.

The basal rate and the burst rate were obtained by analyzing each
distribution for each rat. That way, we made sure that the model
parameters would be compatible with each rat behavior. The basal rate
was the average nose-poke rate after 60 s — at the tail of the experi-
mental distributions from Fig. 3. We searched the other two parameters
(p and £) in a grid where both parameters ranged from 0 to 1 in intervals
of 0.05.

2.5. Weber law

We can use the best parameters to simulate an idealized version of
the rat and then check if the model express the scalar property. To
assess the scalar property, we need to change the target time. For each
target time, we simulated the model 10 times and averaged the

standard deviation of the resulting nose-poke time distributions given
by the model. Only 10 times was enough because the distributions had
little variation in each simulation.

The basal nose-pokes response influences the distributions to stay
above the zero line at any time, i.e., the responses distribution do not
converge to zero at their tails. Hence, we are not able to normalize these
curves and neither calculate their associated statistics. For that reason,
we considered only the responses during the bursts to calculate the
standard deviations.

2.6. Individual trials simulation and analysis

For each rat, we used the parameters search to find the best para-
meters associated with the model. With these parameters, we can re-
produce single trials from the rat by using the Algorithm 2.

To compare the start (t;) and stop times (t,) from both experimental
data and the model we fitted each experimental trial using the meth-
odology proposed by Church et al. (1994). In that method, we made a
search within ; and t, and stored the values that gave the maximum
value of
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Table 1
Goodness of fit between the experimental data and the best fitted model for
each rat in responses per second (resps./s)

Rat 1 2 3 4 5 6

MSE 0.009 0.014 0.016 0.004 0.010 0.005

40— 1) = (6 — W)(r — 1) + (80 — B)(r — 1), &)

where r is the nose-poke rate for the whole trial, r; is the nose-poke rate
for the first interval (from O to t;), r» is the nose-poke rate for the second
interval (that is equivalent to the burst rate, from t; to t,) and r3 is the
nose-poke rate in the last interval (from t, to 80 s — the last time bin
recorded).

3. Results
3.1. Reproduction of behavioral responses

The model reproduced the experimental nose-poke rate response of
6 individual rats (Fig. 3a). We characterized the nose-poke rate by
tuning 4 parameters: the p = o/u ratio, the threshold £ of the neural
network, the burst rate r,, and the basal rate r;,. The best goodness-of-fit
after tuning the parameters are shown in Table 1. All simulations could
reproduce the target time and the standard deviation of the curve, ex-
cept for a deviation of the tail of the distribution for rat 2 and of the
target time for rat 3.

Each rat had a different nose-poke rate. We considered in the model
that the rat would nose-poke at a burst rate r, when the downstream
neural network is active. Otherwise, it would nose-poke at a basal rate
rp. The target time T is the most important factor to determinate the
activation of the downstream network. The threshold £ and the coeffi-
cient p = o/u of the time step sizes dictated the deviation of the final
distribution. They are responsible for a fine-tuning of the response
curve.

Notice that the rat 3 had the worst metrics among all the rats. That
difference happened because the peak of the response distribution was
delayed in relation to the peak predicted by the model — the rat was

(@)
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biased. The second worst model performance is from rat 2, which shows
a difference in the tail of the distribution, reaching a rate lower than the
basal rate before converging to the basal rate.

3.2. Parameters similarities

The parameter p = o/u and £ obtained for each of the rats were si-
milar. Within the space of parameters, we plotted the regions where the
MSE of the model and the experimental data were less than a certain
value (Fig. 3b). The smallest MSE that we found an intersecting region
is approximately 0.018. The parameters correspondent to that distance
are (£, p) = (0.125, 0.35). It means that, for all rats, using these para-
meters yields a MSE of at most 0.018.

The basal rate found for each rat was, respectively, 0.3, 0.15, 0.02,
0.2, 0.1 and 0.19. The burst rate used for each rat was, respectively, 1.7,
2.1, 1.3, 1.8, 2.2, 1.3. Notice that basal rates were similar between rats,
as were burst rates. The basal rates correspond to the height of the nose-
poke rate curves at the immediate beginning and during the end of the
sessions.

3.3. Weber law

There was a linear relationship between the target time and the
standard deviation of the responses given by the model (Fig. 3c). The
error of the standard deviations (y-axis) was small and thus not visible
in the graph. The Weber fraction WF calculated using the parameters
given by the intersecting region of the six rats was WF = 0.5. The value
is consistent with values found in the literature, such as the range of
0.35 to 0.5 in Gibbon (1977).

3.4. Start and stop time distributions

The distributions of start and stop times that the model generated
were similar to the experimental distributions (Fig. 4a and b). We si-
mulated single trials using Algorithm 2 for each rat. The parameters
used were those from the best fit. The number of trials simulated was
proportional to the experimental number of trials for each rat. The
model reproduced the peak positions. It could not reproduce well the
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0.06 . . . ‘ ‘ ‘ -
0.05 |- 3 Experimental ]
T 3 Model
<L
o 0.04
2
©
“
4 0.03f
_
=}
o
a 0.02}
o
2
0
0.01}
0 - ‘
0 10 20 30 40 50 60 70 80
(d)
15 1 - - .
@
g 10t - .
£
=
[ =
E 5t RS
= =
OF ~ " o= i i i 0 ey ) : h
0 10 20 30 40 50 60 70 80

Pressing time

Fig. 4. (a) Comparison between start-times distribution in individual trials, both from experimental data (gray) and generated by the model (red). (b) Same as (a) for
stop-times. (c) Individual trials generated by the model using the parameters optimized from rat 2. (d) Individual trials for rat 2, session 11.
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right tail of the start bursts and left tail of stop bursts. Fig. 4c and d
compare model-generated and experimental data, respectively, from
one rat.

4. Discussion

The proposed model works with neural networks that generate re-
producible sequences of states at steady rates. Heteroassociative net-
works (Sompolinsky and Kanter, 1986; Camargo et al., 2018) can be
used to implement our model as a biological neural network, as well as
Synfire chains (Abeles, 1991; Miyata et al., 2013). The later introduced
the idea of a rapid sequential activation of groups of neurons, re-
presenting the states in our model. Accordingly, heteroassociative
networks are promising as a biological implementation of the model,
since they can produce long sequences of state activation within a
single network while performing pattern completion (Camargo et al.,
2018). This kind of networks are present in both the CA3 (Lisman et al.,
2005) and CA1 (Miyata et al., 2013) subregions of the hippocampus,
which is involved in some time-related tasks (Meck et al., 1984). Ac-
cumulated evidence suggests that timing mechanisms are decentralized
(Paton and Buonomano, 2018) and the hippocampus is one from brain
areas where sequences of states could be evoked (Buzsdki and Tingley,
2018).

Pieces of evidence support that neural oscillations are involved in
many different processes such as memory (Hanslmayr and Staudigl,
2014) and brain integration or neural communication in general (Fries,
2015). Also, most of the brain regions exhibit electrical oscillations, so
their integration with the model is beneficial. Even though the model
can be implemented without them, they are a good candidate for pro-
viding steady transition rates between states. The parameter y in our
model would be related to the oscillation period and o its variability.
Interestingly, the coefficient p = o/u of the oscillation — not the Weber
fraction — could be important to characterize brain oscillations, for in-
stance, indicating its adaptability in certain contexts (Schlee et al.,
2014; Calomeni et al., 2017). The parameters obtained from the in-
tersection of the 6 rats (Fig. 3b) predicted a coefficient p at approxi-
mately 0.35. This could correspond, for instance, to y = 25ms and
o = 8.75ms, resulting in a frequency range of 30-60 Hz, in the range of
experimentally observed slow gamma waves (Belluscio et al., 2012).
Gamma frequency waves are present in several brain areas and could be
a candidate for providing the state transition rates.

The reproducible sequences of states at steady rates would also give
rise to cells that respond at specific times of the task, similarly to time
cells, discovered in the Hippocampus (Einchenbaum, 2013), medial
entorhinal cortex (MEC) (Tsao et al., 2018) and medial prefrontal
cortex (mPFC) (Tiganj et al., 2017). Neurons with behavior similar to
time cells could appear both as part of the states in the sequence and as
part of the downstream network. These time cells would also “retime”
when an important temporal parameter changes (MacDonald et al.,
2011). The existence of neurons with time cells is an important link of
the proposed model with existing biological evidence.

The proposed model uses a bottom-up approach, from properties of
brain neural networks to behavioral responses from rats. Interestingly,
it resembles the computational implementation of the Learning-to-Time
(LeT) behavioral model. In both models, serially activated states have
different link strengths to an outside unit, and a threshold leading to
behavioral responses. There are differences, such as the LeT extin-
guishing of non-active link strengths. The LeT model was motivated by
the proposal of behavioral internal states, without reference to the
underlying biological mechanisms. Our proposed model can provide a
link from the behavioral model to a possible biological substrate.

Recently, a new model based on time cells was proposed (Zeki and
Balci, 2019). The model consists of a chain of connected time cell en-
sembles, with each time cell receiving inhibitory feedback from a slow
inhibitory cell (SICn). We should note that in their model time cells are
used to represent the actual network states, while in our model time
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cells represent a separate set of neurons that reads the state from our
model. Another difference is that in our model the scalar property de-
rives mainly from the variation of the state transition rate y, which is
directly related to neural oscillations, while their model depends on
inhibitory currents that modulate the interspike intervals.

Our model has some limitations. One example is that the model
could not perfectly reproduce the start and the stop distributions of
burst nose-pokes (Fig. 4). The genesis of this discrepancy may rely on
the way we generated single trials. A visual inspection of Fig. 4c and d
shows that the experimental data is more sparsely distributed than the
simulation. That difference comes from the fact that the neural network
we are proposing deals with the task-related interval representation in
the brain. The way the behavior appears will have more intricate me-
chanisms. For example, the hypothesis of one single burst per trial is
false in all experimental responses — processes like attention (Graziano
and Webb, 2015), impulsiveness (Dalley et al., 2011), and satiation
(Avau et al., 2015) impose a greater level of complexity to behavior that
stretches beyond the scope of our model.

The peak of the response rate for all rats showed a bias toward
values above the experimental interval of 20 s, which could arise from
impulsive responding (Matell and Portugal, 2007; Renda et al., 2014).
Our model does not capture this bias correctly, as can be seen in the
pressing rate distribution of rat 3, whose peak response lies 5 to 10s
delayed from the target time. The peak of the distribution of simulated
responses depends on the target time learned by the rat. One way to
account for a variation in the distribution peak in our model would be
by increasing the transition time between states in the behavioral re-
production phase, but this would be hard to justify biologically. We
believe that the bias is more related to the decision-making process than
the timing mechanism itself and decided not to include an extra para-
meter, which would increase the complexity of the model.
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