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Abstract : Quantifying the performance of a cognitive-behavioral model on a temporal paradigm
requires mapping time onto the computational cycles of the simulation. We present a family of four
minimal models of the hippocampus CA-3 simulated at different time resolutions. Behavioral results
from the hippocampally-dependent trace classical conditioning paradigm show that rabbits can learn to
properly anticipate US presentation for a specific range of trace interval time periods. Therefore, our
hippocampal model should successfully anticipate US presentation for the same specific range of trace
interval durations. Each model attempts to learn two different trace interval lengths. The results
reinforce prior findings where we map time into the computational cycles of a minimal model. Further,
our results support the the following idea : as the time resolution of a simulation increases, an
increasing number of biological processes must be explicitly modeled to maintain behavioral
performance for a temporal paradigm.
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INTRODUCTION AND METHODS

Minimal modeling can create strong, quantitative
conjectures that identify a small number of critical
biological features at the microscopic level. “Critical”
means that these features are necessary, and are all
that is necessary, to reproduce the appropriate
macroscopic observations. In the macroscopic case of
hippocampally-mediated cognitive function, this has
been particularly worthwhile because the hippocampus
is required for what appear to be unrelated classes of
tasks (see Levy 1996) : temporal (e.g. trace
conditioning), spatial (poly-sensory, asynchronous
sequences such as spatially-based associations) and
abstract association (transitive inference, transitive
patterning).

Our minimal modeling studies (summarized in Levy et al
1995, 2005a & Levy 1996) identify a small number of
critical functional features - random connectivity,
moderate external activation, time-spanning synaptic
modification, and moderately well-behaved activity
control - that are necessary to reproduce the cognitive-
behavioral functions. Identifying these critical functions
then leads to meaningful mesoscopic descriptions of
CA-3 computations, e.g., random recoding and
sequence prediction (Levy 1989, Levy et al 2005a).
However, in this same overall context, there are many
more questions to ask about microscopic biological
details of hippocampal function. Indeed, every
observable instance of biochemistry and biophysics that
contributes to normal function in region CA-3 is subject
to functional conjectures and is a candidate for more
detailed scrutiny.
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input activity to the CA3 model. The top panel abstractly
depicts the three stages of a trace conditioning trial. First, the
conditioned stimulus (CS) is presented to the subject for 100ms.
Second, a period of time elapses, the "trace interval", where no
external cues are presented. Third, the unconditioned stimulus
(US) is presented to the subject for about 160 ms. When
rabbits are the experimental subject, the CS is a 100 ms audible
tone. The US is a puff of air applied to the cornea. To avoid the
US, the rabbit blinks its nictitating membrane just before the US,
blocking the puff of air (Solomon et al 1986). The lower panel
illustrates the simulation of the trace conditioning paradigm
using a hippocampal CA3 model. The simulation example
depicts a resolution of 20 ms real-time per simulated timestep.
Here, each large dot represents a neuron firing due to external
stimulation and each small dot represents a non-firing neuron at
the indicated time. A subset of neurons is force-fired for 100 ms

(5 timesteps in the diagram) in order to represent the CS. During the trace interval, no neurons are force-fired,
but any neuron may fire if it receives sufficient recurrent activation. Finally, a second subset of neurons is force-
fired for 160 ms (8 timesteps in the diagram) to represent the US. The sets of neurons force-fired for the CS
and US do not share neurons because the model assumes that the two different sensory modalities (auditory vs
tactile) provide sensory input to distinct sets of neurons in the CA-3. The presentation of external stimuli force-
fires random neurons, but these neurons are illustrated above as neighbors for the purpose of visualization.
Most neurons are never force-fired, and therefore only fire by virtue of recurrent activation or the random
activation that precedes each trial (see Fig 2 for simulated firing diagrams that illustrate recurrent neuron firing).



neuron (161-260 reorderd & thinned)

=)
S
T

o
=]
T

Timely Prediction

Trial 263

neuron (161-260 reorderd & thinned)

100,

150[-

Failure to Predict
Trial 200
T

100

150

Predict Too Soon

Trial 345

Here, we describe a logical
progression of quantified
models for ascertaining the role
of individual biological
components in producing a
hippocampally-dependent,
cognitive/ behavioral function.
Although not the only strategy, it
is our preference to move as
methodically as possible,
inching from the simple to the
complex. Therefore, we start
with a successful minimal
model and MINIMALLY extend
it to determine the biological
relevance of microscopic
components.
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Figure 2 : Raster diagrams of neuron firing during
testing (no US presentation, no synaptic modification)
for successful learning and two classes of failure to
learn. The left panel depicts successful learning and
timely prediction of the US. Most US neurons are
silent throughout the trace interval period. Successful
prediction and avoidance occurs when many US
neurons fire a few timesteps before US onset. The
middle panel depicts a failure to bridge — the network
learns a sequence of firing neurons that do not
activate the US neurons. The right panel depicts
another failure mode; in this mode, a plurality of US
neurons fire much too early for timely prediction.
Three vertical lines within each raster diagram
partition simulation time relative to US onset. The
dotted (right) line indicates US onset. The thick solid
line (middle) indicates late prediction; any prediction
on or after this timestep is too late for avoidance of the
US. The thin solid line (left) indicates the earliest
timestep for successful prediction; prediction before
this timestep is considered too early. Only a fraction
of recurrent neurons are illustrated and are reordered
for visualization of sequential firing (see Levy et al
2005b or Howe & Levy 2007 for further explanation).

In this preliminary
communication, we illustrate a

| promising sequence for

| developing model complexity; a
| sequence that may be

l applicable beyond region CA-3
| of the hippocampus. In the
future, we will report the
detailed interactions between
the components that make up
the successively more complex
models. Here we present a
sequence of minimally expanded versions of our
minimal model. The key idea is that the components of
the original model are expanded via gradual
enhancement of temporal resolution. However, each
enhancement is only acceptable if the model maintains
quantitative agreement with a temporally characterized
hippocampal paradigm.
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A Well-quantified, Hippocampally-dependent
Paradigm

The air-puff-to-cornea version of the trace conditioning
paradigm is particularly valuable with regard to its
hippocampal dependence (no striatum) and temporal
sensitivities (Solomon et al 1986, Moyer et al 1990).
Both the duration of the conditioned stimulus (CS), and
the trace length itself, interactively determine the
learnable trace interval. In rabbits (Gormezano et al
1983), and our CA-3 model (Rodriguez & Levy 2000,
Howe & Levy 2007), the maximum learnable interval
(one in which the subject can produce a successful,
defensive eye-blink) is about 700 ms when using a 100
ms CS.
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hippocampal CA3 network. There are 8000 primary neurons
| | | connected recurrently and randomly to 10% of the primary

neuron population; each primary cell also connects to two

CA3 interneurons, labeled FB and KO. All these connections are
output excitatory. Each neuron can be externally force fired on any
timestep. The external input is a conflation of the dentate gyrus
and the entorhinal cortex inputs to the CA3. The total of the
» external force-firings are detected by a second interneuron,
EC/DG P>

- ' : labeled FF. The three interneurons help to maintain pseudo-
input - : biological activities levels and damp fluctuations in the number
: H of neurons firing on any given timestep. Excitatory synapses
are subject to asssociative synaptic modification (see Appendix,
eqgn 5). Primary neurons transmit binary output, {0,1}. If the
sum of the activations at excitatory synapses divided by the
inhibition exceeds a threshold on a given timestep, an
excitatory neuron will fire (see Appendix, eqn 3). Interneurons
transmit a non-negative, rational-valued output (see Appendix
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Figure 4 : The initial simplicity of minimal modeling gives way to a family of models of increasing complexity.
As time resolution increases (qualitative, 20 ms, 10 ms, 5 ms) additional biology becomes explicit. At the first
level of complexity, the qualitative timescale, synapses and a soma are sufficient — all biological events are
abstracted to 1 timestep. At the second level of complexity (20 ms), external and internal timescales are
matched via the first (slowest) time constant. In particular, glutamate binding to the NMDA-R decays with a
100 ms time constant and this is matched to the longevity of stimuli. (The decay of this binding over
simulated timesteps is represented with the light gray “ramp” symbol.) At the third level of complexity (10
ms), the transfer of current from the dendrite to the soma takes more than one timestep. In particular,
simulations suggest that a dendritric integration of 20 ms must be represented by a two-timestep boxcar (for
10 ms resolution). (The wide, white rectangle represents a dendritic element which integrates across
timesteps.) At the fourth level of complexity (5 ms), the time to peak NMDA-R efficacy becomes
quantitatively relevant. (The dark gray right triangle symbol represents this rise in current over multiple
timesteps.) On the right of the diagram is a large version of the 5 ms cartoon.




A longer CS can increase the learnable trace (Wu &
Levy 2004). Figure 1 illustrates the basic trace
paradigm and shows the distinct, externally activated
neurons that are, by assumption, coding for the
conditioned stimulus (CS) and unconditioned stimulus
(US).

Figure 2 shows three raster diagrams of different US
neuron firing behaviors during a testing trial after at
least 250 training trials. The left diagram depicts timely
prediction of the US for a 700 ms trace interval.
Successful prediction is judged by virtue of the firing
times of the US neurons; the hippocampal prediction of
the US can be used by some motor region to defend
against the air-puff with a nictitating membrane blink.
This raster diagram also displays a glimpse of the
sequence (bridge) of firing neurons that connect the CS
neurons to the US neurons (see Levy et al 2005b for
more details about bridging over time and over neural
space). The remaining two raster diagrams illustrate
simulations of the two experimentally observed failure
modes due to long trace intervals. The middle raster
diagram shows complete failure to predict or recall the
US (US neurons do not fire) for a 1000 ms trace
interval. This simulation result is equivalent to the
learning failure displayed where the rabbit does not
blink at all. The right diagram shows an inappropriately
early prediction of the US. This simulation result is
equivalent to the learning failure where the rabbit blinks
its nictitating membrane too early.

The Model And Its Sequential Development

The details of the current model, particularly how it

differs from our previous models, can be found in the
appendix.

Figure 3 schematically presents the overall CA3 model
consisting of randomly and sparsely interconnected,
spiking neurons; further description is found in the
legend.

The program of gradually enhanced complexity is
illustrated in Fig. 4. The minimum neuron is qualitative
in terms of time scale (far left, Fig 4). Traditional since
McCulloch and Pitts (1943), the implemented biology
does not provide a time scale relative to the network's
updating cycle. One could pretend that a time scale is
induced by the external stimuli durations (e.g. the 100
ms CS duration), but this seems overly crude if not
arbitrary; we could use any number of update cycles to
represent the 100 ms CS or other external intervals
(which must be consistent with each other according to
particulars of the training paradigm).

Turning our attention to the second level of model
complexity, the qualitative becomes quantitative. We
conjecture that the slowest and most important process
in our data-fitting simulations is the off-rate-constant of
the NMDA-receptor (NMDA-R). The experimental value
of the off-rate is approximately 100 ms. The activation
of this receptor controls synaptic modification in our
model. Thus, if we set our updating equation for

Z;(#) such that an e-fold decay occurs in five
updating cycles (i.e., five timesteps), then one timestep
represents 20 ms. Indeed, our best results in the past
have used this exact approach (e.g. Sederberg & Levy
1997, Rodriguez & Levy 2001).

Figure 5 (next page): Introducing a boxcar integrator keeps the maximum learnable interval relatively stable
across time resolutions. The first row displays results from a timescale-free competitive network. Timescale is
present for rows 2 and 3 where the time resolution is increased from 20 ms to 10 ms, respectively. To
compensate for these changes, a 20 ms boxcar is introduced at all timescales although it is implicit without
specification at 20 ms. Using a gray scale, each diagram displays fractional US activity across all trials and
timesteps during trace conditioning test trials. The vertical dashed line indicates when US neurons turn on in

training trials. The two solid black lines mark the space where a successful prediction is possible: if US activity
rises sharply in this region, the trial is successful. If firing of the US neurons occurs prior to the thin black line,
the failure mode is blink-too-soon. If it occurs after the thick black line, the failure mode is blink-too-late (or not
at all). For the competitive network, the CS is active from 0-100 ms. For the free-running networks, a 100 ms
random firing sequence has been added to stabilize activity, so the CS is active from 100-200 ms. Each row
pairs a successful learning , illustrating the maximum learnable trace interval, with a simulation that failed to
learn a longer trace interval.
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Moving to the next, more complex, model, we match
this e-fold decay to ten timesteps. At this temporal
resolution, it is necessary to control the time constant of
dendritic integration to produce appropriate US
prediction. In particular, a 10 ms dendritic integration
time (no explicit integrator at this resolution) yields
simulations that fail to appropriately predict the US.
But, by adding a simple dendrosomatic integrator (a
two-timestep, sliding-boxcar averaging device, see eqn
(2) in the appendix), the simulated network
appropriately predicts US onset. Thus, we return to a
20 ms neuron in terms of dendritic function via a
minimalist form of dendritic integration.

The 5 ms time resolution requires enhancement of our
simulation software. Testing of the new algorithm is not
yet complete. However, we posit that the onset-rate
constant of the NMDA-R is the most important variable
to consider when enhancing temporal resolution from 10
ms to 5 ms.

RESULTS AND DISCUSSION

Examples generated by the four different models are
presented in Fig 5. Each model is used for two different
trace intervals; thus, the left-right pairs arise from the
same biology but a shorter (650 or 700 ms) versus
longer (850 or 1000 ms) trace interval. These figures
plot the fraction of US neuron firings on each timestep
of every test trial via a gray scale. (For the quantitative
models, during testing, the CS is presented from 100
ms to 200 ms and then no input is given; the first two
vertical lines indicate the boundary of an acceptable US
prediction while the last vertical line indicates US onset
during a training trial). For each figure in the left column,
after sufficient training trials, the simulated network
produces anticipatory US neuron firing.

In all these models, it may appear as if we have ignored
the rate constant of synaptic modification, . In fact, the
rate of synaptic modification depends on activity levels,
rather than timestep resolution, because postsynaptic
firing is required to trigger either potentiation or
depression of a synaptic weight. In these models, we
keep average activity constant, in terms of total firings-
per-simulated-second over the whole network, therefore
M is not changed. The original setting of u, for any one
activity level, is mediated by matching the published
learning curves (see Rodriguez & Levy 2001).

A notable aspect of this research program is the
manner in which it reveals the implicit complexity of the
original minimal model. That is, the model
enhancements were always implicitly present in the
simpler models. However, they were safely ignored due
to the relationship between the temporal resolution of
the simulation and the timescale of the neural

component. For example, if the timescale of dendritic
integration is approximately 20 ms, then a simulation
with 20 ms resolution appears to ignore dendritic
integration but, in fact, the simulation is implicitly using
this time constant.

Future Studies

It is apparent that even this simplified approach is not
without its difficulties. For example, un-named implicit
processes exist in our 20 ms model and must be
considered when re-scaling temporal resolution. The
particularly vexing issue is the on-rate time constant of
the NMDA-R. The value we would like to use is 10 ms.
However, because some delay in the synaptic
modification rule is an absolute requirement, the
minimum possible delay is 20 ms when the resolution is
20 ms. Thus, this non-physiological delay needs to be
explored at higher temporal resolutions to confirm the
meaning of the 20 ms model. Likewise, the self-
inhibitory conductances that occur after an action
potential are implicitly present at the lower temporal
resolutions because the neurons can fire no faster than
the resolution allows: 50 Hz for 20ms resolution, 100Hz
for 10 ms resolution, etc. Thus, each of these variables
must be carefully examined one-by-one and also
examined interactively with the other variables.

In the future we can capitalize on the multiplicity of
components in at least one way: when there is more
than one biological time constant, any one of them can
serve as the basis of mapping real time into the network
model. This allows us to examine the role of any one
component via parameter sweeps while maintaining the
timescale of the model. For example, we can
investigate the NMDA-R off-rate interaction with CS
duration and the learnable trace interval using the
dendritic integrator time-constant for fixing temporal
resolution.

Further Extensions of the Model

The conflating of dendritic-somatic integration with
conduction lags must eventually be suppressed in favor
of explicit and separate representations. Presumably
this might become necessary when simulating at or
below the 2-5 ms range of temporal resolution (and
network updating cycles). Another biological feature of
suspected importance is the relative refractory period of
the pyramidal cells. This is certain to become important
at the higher temporal resolutions. Indeed, if there is a
desire to keep firing rates biological (i.e., slow enough).
There must be some version of a relative refractory
process, such as is mediated by voltage- or calcium-
dependent potassium conductances. Finally, the
asymptotic approximation (t — ) is used for y;(t) must
ultimately give way to the use of the underlying
differential equation(s).



Appendix : Mathematical Details of the Model
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The net somatic excitation, y;, of a simulated neuron j is
governed by equation 1. This equation is the steady-
state solution to a differential equation of the voltage as
a function of excitation with a Nernst battery valued one
and inhibition (also rest conductance) with a Nernst
battery valued zero. The synaptically produced,
dendritic excitation (exc) is allowed to have a boxcar
integrator; this occurs when tn. is greater than one.
When t..x=1, the excitation only depends on the active
neurons from the last timestep. Inhibition arises from
the three interneurons and is weighted via the
corresponding K term.

At each timestep, a primary neuron transmits z(t) via a
binary {0,1} signal. Neuron firing is determined via
equation (3). A neuron does not fire if its excitation,
yi(t), is less than 2 and the binary-valued external input,
x(t) is not forcing (i.e., x,(t)=1 forces z,(t)=1 ).

Associative synaptic modification of a recurrent
excitatory synapse, w;, is determined by the recent

Definitions
desired fractional activity per timestep
feedforward inhibitory constant
feedback inhibitory constant
NMDA-R off-rate decay constant
inhibitory synaptic modification constant

a
Ker
Kre
[od
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Timescale Invariant Parameters
number of neurons n
fractional connectivity c
excitatory synaptic modification constant| pu

8000
0.10
0.00375

Zkzl z,(t)

FB n

associative synaptic modification

w1+ 1)=wy () +p-z,(1)- [z, (1) —w (1))

modification of excitatory
synapses toinhibitory neurons

K o and K (KFB shown)

—da

history of presynaptic excitation Z;(t) and
modification only occurs when the postsynaptic cell
fires. The time constant a reflects the off-rate constant
of the NMDA-R. Both potentiation and depression
occur (i.e., zj(t)=1) so that this synapse learns the

conditional statistic E{Z,-|z,-=1} (Levy et al 1990).

The K, interneuron transmits across synapses valued
Ko(t); this interneuron has a constant spontaneous
activity of one. The value of Ky(t) is slowly adjusted by
an error-corrector mechanism (thus the purpose of its
inputs). The error-corrector compares the total activity
over one trial to the desired total activity and adjusts
Ko(t) proportionately.

Feedback inhibition is a weighted sum of excitatory
firing over time and is scaled with Kes. This neuron is
excited by an equation that is similar to equation 2.
Feedforward inhibition is similar, but the
z;(t—t'—1) from equation 2 becomes
x,(t—1t') . Allthe boxcars are matched for time
constant of integration at each temporal resolution.

Synaptic modification of the excitatory inputs to the
inhibitory neurons is controlled by an error corrector
mechanism. An additional activity-detecting neuron that
can generate the error signal is implicit in the model but
would be explicit in the detailed biology. Equation 6 is
the modification equation for the FB neuron. A similar
equation (not shown) applies to the FF neuron but uses
its inputs, xk(1).
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