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can adapt to maximize the information
encoded by neuronal firing rate
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Information from the senses must be compressed into the limited range of responses that spiking
neurons can generate. For optimal compression, the neuron’s response should match the statistics of
stimuli encountered in nature. Given a maximum firing rate, a nerve cell should learn to use each
available firing rate equally often. Given a set mean firing rate, it should self-organize to respond
with high firing rates only to comparatively rare events. Here we derive an unsupervised learning
rule that continuously adapts membrane conductances of a Hodgkin-Huxley model neuron to
optimize the representation of sensory information in the firing rate. Maximizing information trans-
fer between the stimulus and the cell’s firing rate can be interpreted as a non-Hebbian developmen-

tal mechanism.

Spiking neurons in any sensory system translate, or encode, the
sights, sounds and smells of the outside world into trains of
action potentials. Yet how does a neuron, through experience,
‘learn’ to represent the stimuli it receives? Furthermore, what
general rules describe how a neuron should adapt to changes in
its synaptic input environment?

Information measures provide a quantitative framework for
investigating these questions. Analyses of spike trains from visu-
al cortical neurons show that over 80% of the total information
seems to be carried by the time-averaged firing ratel-2, the sim-
plest, although not the only, means of encoding information. If a
neuron’s range of available firing rates were unbounded, it could
transmit infinite information. However, the firing rate can nei-
ther fall below zero nor exceed some maximal firing rate dictat-
ed by the action potential’s duration and associated refractory
period. As a result, sensory information must be compressed into
a finite range of firing rates.

Under these limits, optimizing information transmission
through a single neuron in the presence of uniform, additive noise
has an intuitive interpretation, namely that the entire range of the
neuron’s available firing rates should be evoked by synaptic input,
so that no particular firing rate occurs more frequently than any
other. Such optimal neuronal representation of incoming senso-
ry information takes full advantage of the regularity of natural
stimuli. For vision, this regularity is reflected in the typical likeli-
hoods of encountering particular visual contrasts, spatial orienta-
tions or colors3-5. Given these likelihoods, an optimized neural
code would devote increased representation to more commonly
encountered features. An analogous principle for non-spiking neu-
rons has been tested experimentally by matching the statistics of
naturally occurring visual contrasts to the response amplitudes of
the blowfly’s large monopolar cell®.

Alternatively, a neuron could seek to minimize the metabolic
energy expenditure due to spiking” while still transmitting as much
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information as possible. In this case, a neuron should maintain a
low average firing rate. If the mean firing rate is some set value, the
optimal distribution of firing rates is no longer uniform, but decays
exponentially, giving greater prominence to low firing rates. Such
distributions have been observed in mammalian visual cortical neu-
rons responding to natural scenes®,

In translating a synaptically induced conductance change x into
a firing rate f (Fig. 1a), a neuron needs to map the probability dis-
tribution p(x) of encountering any one input x onto a firing rate
probability distribution p(f). Each distribution is associated with an
entropy, a number that reflects how many distinguishable synaptic
inputs or firing rates, respectively, exist in the presence of noise, as
weighted by the frequency of occurrence. These entropies are rep-
resented by the size of the circles in the Venn diagram (Fig. 1b).

The mutual information 1(x, f) (measured in bits) between the
synaptic conductance changes x and the firing rates f specifies how
much one can learn about one variable’s value by knowing the other.
In terms of the Venn diagram, increasing the mutual information
I(x, f) corresponds to increasing the overlap between the stimulus
entropy and the entropy of the firing statistics. Whereas the former
is fixed for a particular environment, the firing rate entropy can be
influenced by the neuron’s intrinsic properties. By changing these
intrinsic properties, the neuron can maximize the latter entropy,
which corresponds to achieving the optimal firing rate distribution
described above.

In translating a range of different inputs into a set of distinct
firing rates that maximize the mutual information I(x, f), spiking
neurons achieve a more difficult task than keeping the firing rate
or excitatory postsynaptic potential amplitude constant under
changing conditions, two tasks for which learning rules that adapt
the membrane conductances have been proposed®19. Learning
the proper representation of stimulus information goes beyond
simply correlating input and output and must invoke the volt-
age-dependent properties of membrane conductances. This differs
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Fig. 1. The model neuron. (a) The sum of synaptic conduc-
tance input and synaptic noise was converted into voltage
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spikes by a Hodgkin-Huxley-like model. Spikes originate in
the somatic compartment of the model in (c) and ‘back-
L propagate’ to the dendritic compartment. Inset, dendritic
voltage trace. The set of all synaptic inputs x is associated
with an entropy, illustrated by the Venn diagram in (b), of

fixed size for a given sensory environment. Likewise, the set
of firing rates has a corresponding entropy, which is of adapt-
able size. The goal of mutual information maximization is to
increase the overlap of these two entropies, the mutual
information I(x, f). (c) Circuit diagram of the model neuron.

The two compartments represent the cell's soma and den-
drites. The single calcium and single potassium conductance
in the dendritic compartment represent multiple conduc-
= tances of each type. To maximize the information transfer,
the parameters for the calcium and potassium voltage-
dependent conductances in the dendritic compartment

E Ca
Firing
In;))(ut Vy rafte c=r
ﬁ | l | | l d oyn - ® Y Yl eak
0 100 200
Time (ms) Soma Coupling conductance)
(Hodgkin-Huxley
b spiking conductances)
mh n* a’b
R A Iadapt Jreak Ao
Input I . Ena EK EA Ex Eleak
entropy . .|- T
\I (current)

were iteratively adjusted, whereas the somatic conductances
responsible for the cell’s spiking behavior remained fixed.

from the classic postulate of Hebb!!, in which synaptic learning
in networks is a consequence of correlated activity between pre-
and postsynaptic neurons. To optimize the firing rate distribu-
tion p(f), the neuron must discover and learn the underlying
structure of the inputs.

The possibility that neurons can indeed learn an ‘optimized neur-
al code’ is made plausible by evidence that neurons regulate synap-
tic efficiency?? as well as intrinsic membrane conductances. For
instance, blocking spiking activity in vitro increases sodium current
and decreases TEA-sensitive potassium current, resulting in a marked
increase in the cell’s excitability!3. In addition, conditioning causes
changes in the postsynaptic excitability of neurons415 and the
homeostatic regulation of cellular rhythmic activity following the
reduction of synaptic input is accomplished through the adjustment
of membrane conductances'®17. Finally, during development, the
nature and frequency of incoming stimuli regulate both anatomi-
cal structure and the cellular distribution of ionic conductances in
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neurons!®19, We propose a theory to describe how voltage-depen-
dent membrane conductances can adjust to match a neuron’s firing
rate behavior to its stimulus environment. This theory provides pre-
dictions for the developmental time course of the Na*, CaZ* and K*
conductances present in the cell membrane?0.

ResuLTs

To explore how neurons adapt their intrinsic properties to repre-
sent stimuli, we constructed a simplified model of a neuron con-
sisting of two electrotonic compartments (Fig. 1c). The cell body
contains the classic Hodgkin-Huxley sodium and delayed-recti-
fier potassium conductances, with the addition of a transient
potassium A current and a slowly acting potassium current that
models firing rate accomodation. The soma is coupled through
a conductance G to a dendritic compartment containing the
synaptic input conductance as well as six adjustable voltage-depen-
dent Ca?* and K* membrane conductances. Standard Hodgkin-
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Fig. 2. The first term in the learning rule for changing the peak conductance of voltage-dependent conductances in the dendritic compartment.
(a) Synaptic inputs to the cell give rise to a distribution of voltages in the dendritic compartment. (b) Three S-shaped Boltzmann functions describe
the average conductance fractions for three non-inactivating calcium conductances in this example. (c) Peak conductances adapt in proportion to the
activation functions’ slopes. The conductance plotted in black increases the most, the gray conductances less. (d) Weighting the slope by the proba-
bility distribution in (a) yields the expected change (Ag) in the peak conductance, displayed as a function of the activation midpoint voltage.
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Fig. 3. Learning the optimal firing rate response with the constraint that the firing rate must lie between 20 and 60 spikes per second. (a) The inputs
to the model are synaptic conductances, drawn randomly from a non-negative Gaussian distribution (dash-dotted line). The learning rule—maximiz-
ing the information in the cell’s firing rate—was used to adjust the peak conductances, midpoint voltages and slopes of the ‘de ndritic’ Ca?* and K*
conductances over the course of 10.9 (simulated) minutes. The learned firing rate response curve (gray line) is asymptotically proportional to the
cumulative probability distribution of inputs (dotted line), which is simply the integral under the Gaussian. (b) Histograms of spike counts recorded
within the 200-ms stimulus time intervals before learning. Dotted line, optimal distribution of spike counts, given that these spike counts can be
approximated by continous firing rates. (c) Learning shifts the spike count distribution from the peaked distribution in (b) to a much broader one, so
that, in response to randomly selected synaptic inputs, a neuron produces each spike count between 4 and 12 equally often. (d) The information rate
during adaptation, as estimated from ten-second windows and averaging over 60 trials of stochastic learning from the same inital state.

Huxley-like equations govern the membrane potential and aset  that can tell the neuron whether it is performing correctly; the

of activation and inactivation variables (see Methods). learning must occur in an unsupervised manner.

We allow the neuron to continually modify the voltage- To be plausible, a principle for the self-organization of cellu-
dependent membrane conductances in the direction that max- lar properties should not require that a neuron explicitly calculate
imizes information transmission. A prescription for changing  the mutual information I(x, ) and store the result of this calcu-
any parameter associated with a voltage-dependent conduc- lation, say, in the intracellular calcium concentration. Learning

tance (such as the associated channel density) is termed a ‘learn-  theory?2-23 neatly obviates this problem by allowing the neuron
ing rule’ for that parameter. However, no internal teacher exists ~ to ‘guess’ at how it should change its properties (see Methods).
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Fig. 4. Learning the optimal firing rate response curve assuming an average firing constraint of 30 Hz. The same synaptic input distribution was used
as in Fig. 3. With this constraint, the target distribution (dotted line in b and c) is exponential, indicated by the straight line in the semilogarithmic
graph, instead of being uniformly flat.
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Fig. 5. An experimental prediction. (a2) The model neuron was given a new ran-
dom current injection step every 200 ms over the course of an hour-long exper-
iment, to which the neuron learned to respond as shown in the left half of (b).
(c) A sudden six-fold decrease in the standard deviation of the applied current
found the model neuron mismatched to the new ‘stimulus environment’. The
adaptation rule, however, enabled the neuron to adjust its dendritic conduc-
tances within 11 minutes, as can be seen by comparing the neuron’s firing rate in
response to the same stimulus current sequence before and after adaptation in
(b). (d) The neuron’s average response curve as a function of current became
considerably steeper, reflecting the increased output bandwidth accorded to the

narrower input distribution.

through the synaptic and the voltage-dependent dendritic con-
ductances must equal the average current discharged by the
neuron. This constraint fixes the sum of any set of nonlinear
input currents to the dendritic compartment to a simple (and,
in some cases, linear) function of the voltage. As the learning
mechanism must incorporate how the current to the somatic
compartment changes with dendritic voltage, charge conser-
vation results in a learning mechanism that is strictly local, so
that the mechanism for changing one conductance is inde-
pendent of all other conductances.

These considerations allow us to derive a learning rule from
first principles that decreases or increases the maximal den-
dritic calcium or potassium conductance g; by an increment
Ag; each time a stimulus is presented:

. n 9
8g;= o Gy + @050 ©

Here v is a learning rate, angular brackets indicate an average
over the stimulus duration, V(t) is the voltage in the dendrit-
ic compartment, I; is the inward current through the jth con-
ductance, ol j/avdd) is the variational derivative of this current
with respect to the instantaneous voltage, V4(t), and c((Vy)) is
a simple function that implements the constraints on the fir-
ing rates. Biophysically, Ag; can be thought of as a change in the
maximal conductance of the underlying ion channels or as a
change in the membrane density of these channels. The learn-
ing rule uncouples the different conductance types; peak con-
ductances for different types change simultaneously, yet
independently, reflecting the local nature of the learning rule.
To illustrate the learning rule, imagine that a neuron con-
tains three types of calcium conductances in the dendritic com-
partment, each one activating in a different voltage range
(Fig. 2b). For didactic purposes, we neglect conductance inac-
tivation present in the model of Fig. 1c. At any given time, any
sustained, suprathreshold stimulus x that causes the cell to fire
will lead to antidromic spike propagation (Fig. 1a) from the
somatic to the dendritic compartment. The time-averaged volt-
age (V) is an increasing function of the stimulus x, and the full
range of synaptic inputs produces a distribution of time-aver-
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Each guess is based solely on the stimulus experienced at that
instant and can, therefore, be wildly inaccurate. Averaged over
time, however, the sum of these guesses is guaranteed to point
in the right direction of change.

Given that a neuron need not compute the mutual information
explicitly, does it need to ‘know’ the arrival rates of photons imping-
ing on the retina or the frequencies of sound waves hitting the ear’s
tympanic membrane to maximize the information transfer? As the
voltage-dependent conductances do not directly sense the original
external stimuli, but rather only sense voltages, the answer to this
question is, fortunately, no. In the limit of vanishing multiplicative
noise, maximizing the information between the firing rates and the
dendritic voltages is equivalent to maximizing sensory information,
as long as we can guarantee that transformation from stimulus to
firing rate is always one-to-one.

In general, the learning rule for any one conductance depends
on the values of all the other conductances, because the mutual infor-
mation is a global property of the stimulus set. Dendritic voltage
and ion conductances are nonlinearly coupled; conductances affect
voltage, which, in turn, sets conductances. This coupling satisfies
the physical requirement of charge conservation; when the neuron
fires periodically, the average current into the neuron flowing
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aged voltages (Fig. 2a).

To simplify the explanation of the learning rule, suppose
that the variational derivative 51;/8V(t) can be replaced by the usual
derivative dI;/dVy, the slope of the jth current as a function of the
average voltage. Such an approximation ignores fast fluctuations in
the dendritic voltage caused by spiking in the somatic compartment
but otherwise leaves the learning rule unchanged. If the average volt-
ages encountered are far from the calcium reversal potential, the
ionic current is the product of §J the calcium activation function,
and the reversal potential; hence, the current slope is proportional
to the slope of the calcium activation function (Fig. 2c). In response
to any particular voltage V4(t) resulting from synaptic input, the first
term in the learning rule emphasizes the most voltage-sensitive con-
ductances. In the simple scheme of Fig. 2, calcium conductances
with the highest positive conductance slopes are increased maxi-
mally, thereby increasing the slope of the voltage response to the par-
ticular input x and, hence, the slope of the firing rate. The higher
the slope, the greater the difference in firing rate between input x
and its neighbor x + Ax. In other words, a greater portion of the
range of firing rates is devoted to representing input x and its imme-
diate neighbors. The change in the peak conductance, averaged over
all inputs, is a function of the calcium conductance’s midpoint volt-
age (Fig. 2d). Because conductance modification depends on the
sign of the ionic current in the equation, potassium conductances
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with activations similar to those in Fig. 2b generally
change in the direction opposite to the change in cal-
cium conductances.

The second term in the learning rule is the prod-
uct of the average current through the jth conduc-
tance and the control term c((V)), which enforces
the firing rate constraints. Given the assumptions in
the Methods section, the constraints on the firing
rate translate into constraints on average voltage (V).
Imposing a maximum and minimum firing rate
implies that c({V)) is zero for most commonly [Cl
encountered voltages, a positive constant for volt-
ages below some minimum and a negative constant
for voltages above some maximum.

Different inputs x lead to different conductance
changes. As the learning rule has two terms that bal-
ance each other, a conductance change driven by the
first term and elicited by one input can be negated
by the change due to another input that causes the
second term to become dominant. In the end, only
the most frequent inputs ‘win’ and thereby gain the
largest representation in the output firing rate.

This learning rule—generalized to also change
the midpoint voltage and the steepness of the acti-
vation and inactivation curves—was used to train
the model neuron as it responded to random, 200-
ms amplitude modulations of a synaptic conduc-
tance to the dendritic compartment (Fig. 3a). Even
though the synaptic input was corrupted by addi-
tional background noise, the cell learned the input’s
statistical structure, matching its steady-state firing
rate to the cumulative distribution function of the
conductance inputs. The spike count distribution
broadened to allow the nearly equal use of all firing
rates (Fig. 3b and c), which more than doubled the
total firing rate information (Fig. 3d). The infor-
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Fig. 6. Mechanism for state-dependent channel maodification. In a standard symmetric
energy-barrier model for an ion channel, two stable voltage-dependent states exist, labeled
O and C. In moving from one state to the other, the ion channel passes through intermedi-
ate, metastable states marked by asterisks in the diagram. The fraction of ion channels in
any particular state is a function of voltage, such that [O] scales as (m[V(t)]) and [C] as(1 —
m[V(t)]), and the occupancy of the intermediate states scales as the square root of
(dmIV(t)]/8V(1)), as displayed in the inset diagrams of the state ‘concentrations’. One possi-
ble mechanism for voltage-dependent, channel-by-channel modification is to restrict the
interaction between the ion channel and protein kinases, G proteins or other second mes-
sengers. Such a restriction occurs if the interaction domain of the ion channel protein
becomes accessible to a phosphorylating kinase, for instance, only when the protein is in a
particular configuration, that is, in one and only one voltage-dependent state. The graph
shows one such possibility, namely that of a kinase that can only interact with an intermedi-
ate state of the ion channel. Using such a mechanism, the rate of conductance change can
be made very nearly equal to the slope of the current through this particular ionic conduc-
tance, as required by the learning mechanism of Fig. 2.

mation in the timing of spikes rose as well, increas-
ing from 22.1 to 35.6 bits per second, as estimated
by linear signal reconstruction analysis2*-26, while the average firing
rate stayed nearly constant, decreasing from 42.3 Hz to 40.5 Hz.
Learning proceeded swiftly; the model neuron approached opti-
mal performance within two minutes from the start of learning
(Fig. 3d). An animated illustration that shows the firing rate prob-
ability distribution changing in time can be found at
http://www.klab.caltech.edu/infomax.

A similar learning rule maximized the mutual information given
an average firing rate constraint of 30 Hz (Fig. 4). In contrast to a
constraint on the peak firing rate, an average firing rate constraint
should lead to an exponential distribution of firing rates?’, as was
indeed the case (Fig. 4c). This restriction is associated with a con-
straint function c({Vy)) that switches between a positive and a neg-
ative constant at a single, fixed value of V.

Discussion

Using first principles, we have derived learning rules for changing
the nonlinear conductances in a Hodgkin-Huxley neuronal
model to maximize the information carried by firing rate. The
rules for changing a conductance depend only on the voltage and
the state of the conductance itself and hence do not violate the
fundamental precepts of biophysical plausibility. However, unlike
standard Hebbian learning or its variants, learning rules to max-
imize information have not been the subject of extensive exper-
imental investigation so far.
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Our learning rule gives rise to experimental predictions that
can be evaluated by varying the statistics of afferent synaptic
input to the cell. If the changes in membrane properties can be
initiated by changes in the membrane potential and do not
require synaptic input to trigger a second-messenger cascade,
then such an experiment can be carried out using standard cur-
rent-clamp methods in vitro. In Fig. 5, after the neuron had
adjusted to one particular Gaussian distribution of injection
currents, the distribution was made narrower. The neuron
responded to this change in its input distribution by increasing
its gain. Retinal ganglion cells similarly adapt not only to the
stimulus mean, but also to the variance of the stimulus28.

As the slope of the firing rate response curve increased, the pat-
tern of conductances in the model’s dendritic compartment
rearranged itself to give greater prominence to the high-threshold,
non-inactivating Ca2* conductances and low-threshold, transient
K* conductances; this mix of conductances diminished net inward
current at low voltages, whereas it augmented net inward current
at high voltages, thereby forcing the response slope to increase. In
contrast, as the slope of the response curve decreased, low-thresh-
old inactivating Ca?* conductances emerged, accompanied by high-
threshold K* conductances that activate upon depolarization,
reminiscent of the delayed rectifier conductance in the original
Hodgkin-Huxley model. A shift, as opposed to a slope change,
occurred in the firing rate response curve as the mean level of synap-
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tic input increased, but the input variance remained constant. The
neuron reduced its overall excitability either by increasing low-thresh-
old K* conductances or by decreasing high-threshold Ca2* con-
ductances that previously had boosted the responses.

As only the summed modulatory current is uniquely deter-
mined, not the individual ionic currents, the set of conduc-
tances that optimize the firing rate responses for a given
distribution of synaptic inputs is not unique. The contributions
of different currents therefore depend on the idiosyncratic envi-
ronmental history of the cell. Yet, for a fixed synaptic input dis-
tribution, the exact sequence in which these synaptic inputs
arrive is not important in determining the pattern of conduc-
tances that emerges. Numerical simulations reveal that the con-
ductance learning rule is general and powerful enough to handle
exponential, bimodal and other non-Gaussian synaptic input
distributions.

Adaptation to the variance of the input distribution using the
learning rule mechanism can occur on the time scale of minutes,
whereas adaptation to the mean input only requires several sec-
onds. These time scales, which must be at least an order of mag-
nitude longer than the typical stimulus durations, are simply
lower limits on what is possible; the time scale of adaptation,
inherent in the time-dependent learning rate v of the learning
rule, can be much slower, depending on the underlying adapta-
tion mechanism. For instance, the expression of new channel
proteins is likely to require at minimum a few hours, whereas the
phosphorylation of channels already present in the membrane
can occur in seconds.

Adaptively learning to generate the proper mix of conduc-
tances implies that the cell can individually address the underlying
ion channels that give rise to the conductances. Although the
detailed substrate for maximizing information at both single-cell
and network levels awaits investigation, it is known that cells can
differentially distribute ion channels between the apical dendrites
and cell bodies?®, and that certain forms of signal transduction
are tied to the calcium influx through one particular calcium chan-
nel type, but are completely insensitive to the calcium influx
through other channel types®. Thus, neurons can selectively con-
trol different ion channel types.

The terms in the learning rule to maximize the transmitted infor-
mation can be shown to map onto simple biophysical correlates.
Consider, for instance, the simplest model of an ion channel that
could underlie the conductances in Fig. 2b: stable open and closed
states separated by a symmetric energy barrier and connected kinet-
ically by intermediate, metastable states (Fig. 6). For such an ion
channel, the 81;/8Vy(t) term is mirrored in the equilibrium rate of
transitions between the open and closed state; in other words, the
transition rate is proportional to the slope of the activation function
raised to an exponent. Notably, the first term in the learning rule
preferentially changes those conductances whose ion channels open
and close most frequently.

To change the information transfer properties of the cell, a neu-
ron could use state-dependent phosphorylation of ion channels or
gene expression of particular ion channel subunits, possibly mediated
by a second messenger cascade initiated by a G protein, to modify
voltage-dependent conductances, as suggested in Fig. 6. Thus, single
neurons possess the subcellular tools necessary to adaptively com-
press sensory information.

Our unsupervised learning algorithm enabled neurons to reflect
the statistics of sensory input in an ongoing and dynamic manner.
The theory behind the learning rule predicts that neural adaptation
need not be restricted to purely synaptic mechanisms, but involves
the regulation of dendritic or somatic voltage-dependent conduc-
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tances at the single-cell level. These new possibilities for learning
await experimental elucidation.

METHODS

The dynamics of the model are given by Hodgkin-Huxley-like equations
that govern the membrane potential and a set of activation and inactiva-
tion variables, m; and h;, respectively. In each compartment of the neu-
ron, the voltage V evolves as

dV = o inb —
Cn g =28 (B=V) @

where C,;, is the membrane capacitance, §J is the peak value of the jth con-
ductance, p; and g; are integers, and E; is the ion-specific reversal potential.
The variables m; and h; obey first-order kinetics of the type dm/dt =
(M (V) —m)/t(V), where m (V) denotes the steady-state activation when
the voltage is clamped to V and t(V) is the voltage-dependent time con-
stant. In general, Hodgkin-Huxley models can exhibit complex behaviors
on several timescales, such as ‘burst’ firing patterns—sequences of multiple
spikes interspersed with periods of silence. Choosing a standard model3!
for the somatic compartment parameters, however, restricts the model
to that of a regularly spiking cell, which adapts to a sustained stimulus by
spiking periodically. The slowly inactivating A-type potassium current in
this model allows spiking to occur at arbitrarily low firing rates. Firing
rate adaptation is modeled by introducing a variable to describe accu-
mulation of intracellular calcium during action potentials; this calcium
concentration drives a potassium conductance whose maximal value scales
roughly with the cell’s firing rate. The dendritic compartment’s calcium
and potassium conductances have simple activation and inactivation func-
tions described by distinct Boltzmann functions. Along with the peak
conductance values, the Boltzmann functions’ midpoint voltages V,,, and
slopes s adapt to the statistics of stimuli. The midpoint voltages were ini-
tially distributed between —60 and +20 mV, with a difference of 20 mV
between the midpoint for activation and inactivation; all slopes had an
initial value of 10 mV. For simplicity, the dendritic conductances’ time
constants are set to a constant 5 ms. The reversal potential for the synap-
tic conductance in the dendritic compartment is set to 5 mV; for calci-
um, the reversal potential is set to 70 mV. Noise enters the model solely
through the addition of Gaussian fluctuations to the synaptic input con-
ductance; these fluctuations are white up to a cut-off frequency of 0.5 kHz
and have the same net variance as the synaptic input conductance signal.
Additional details and final, adapted parameter values are given at
http://www.klab.caltech.edu/infomax.

All results presented in Figs. 3, 4 and 5 can also be reproduced in a min-
imal model with a single adjustable potassium conductance and a single
adjustable calcium conductance. In general, additional conductances
improve the flexibility of the model to adapt to different synaptic input
patterns, but are not essential.

In the model, stimuli are taken to be maintained synaptic input con-
ductances gy, lasting 200 ms, drawn randomly from a fixed, continuous
probability distribution, such as the Gaussian distribution in Fig. 3a with
a mean and standard deviation of 141 + 25 nS. All conductances in the
model, including the synaptic input, are always restricted to remain non-
negative.

After an initial transient phase, the dendritic membrane potential V4(t)
oscillates with a period T dictated by the somatic spiking conductances.
Thus, the input conductance g, maps onto a periodic voltage waveform
V4(t), then onto an averaged current to the soma as shown in Fig. 1c and
then finally onto an output firing rate f. Each step in this mapping is posit-
ed to be invertible.

Assuming that the uncertainty of encountering the time-averaged rate
fin response to the sustained stimulus x can be adequately described by the
standard deviation o¢(x) (the ‘noise’) in the firing rate in response to x, a
lower bound for the mutual information32 is given by

Ip(x f) =~ [ In(p(f) 0;(x)) p(x)dx ~ In(V2Te ) ®)

To incorporate the constraints on the firing rate mathematically, we define
a function F = B fE(f) p(f) df — I g(x, f). Setting E(f) = f and taking {3 to
be the energy cost per spike is equivalent to imposing a constraint on the
mean firing rate; a minor change in the function E(f), namely setting it
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to zero for intermediate firing rates, approximates a constraint on the
minimal and maximal firing rate. Given these constraints, minimizing F
maximizes the mutual information bound 1 g(x, f).

Each time a stimulus x occurs, a learning algorithm should continually
modify the parameters for each of the voltage-dependent membrane con-
ductances, such as the density of channels, in the direction that most decreas-
es F. The neuron, however, has no biophysically plausible mechanism to
compute the exact function F; the only available option is a stochastic algo-
rithm. Stochastic approximation?! adjusts a parameter, such as the peak
conductance g; in equation (2), by Ag; = -na/ag; [8F/5p(x)] each time a
stimulus is presented; this particular change will, f)y definition, occur with
probability p(x). If the only noise source is additive noise in the output fir-
ing rate, we can replace x by the dendritic voltage (V), based on a funda-
mental property of mutual information33: information shared between
firing rate and any invertible function of the stimulus equals that shared
with the stimulus itself. In a biophysically more detailed model, a learning
mechanism that increased channel density of voltage-dependent conduc-
tances would, of course, also increase the current noise. In that case, the
information between the firing rate and the voltage time-course constitutes
an upper bound on the information transmitted about the stimuli.

Calculating the partial derivatives in stochastic approximation requires
an analytical expression for the steady-state current—discharge relation-
ship at the soma. Because the somatic adaptation current is significant,
subtractive and slow (with an intrinsic time constant of 50 ms), the cur-
rent—discharge relationship possesses the self-consistent solution
f(1) = (1 - Ig)/k, where 1 is the current reaching the soma, I is the thresh-
old current, and k, the constant of proportionality, scales linearly with the
strength of adaptation. The method of averaging applied to the adapted
firing rate, current conservation and the chain rule of calculus allow one to
compute the required variational derivatives, such as 81/8V(t), that lead to
the equation for adjusting the peak conductances@l- and the corresponding
equations for changing the midpoints and steepness of the activation and
inactivation functions.

Five assumptions lead to the particularly simple form of the learning rule
in the text. First, the model’s firing rate is determined by the average current
{1y reaching the somatic compartment during the interspike interval. Fur-
thermore, the function relating the firing rate to the time-averaged input
current, f(1)), can be approximated by a linear polynomial in (I). This
assumption happens to correspond to the measured current-discharge rela-
tionships of mammalian cortical neurons in experimental current injection
studies, both in slice and in anesthetized animals, which tend to be linear or
nearly linear3*-37. Second, the current (I) discharged through the coupling
conductance G and the Hodgkin-Huxley spiking mechanism is proportional
to the mean voltage (V) in the dendritic compartment. This assumption
holds when the coupling conductance G is small compared to the somatic
Hodgkin-Huxley conductances or, alternatively, in the presence of strong
synaptic noise. Third, the time scale of each stimulus is long enough so that
averaging over the steady-state interspike interval is equivalent to averaging
over the stimulus interval. In other words, the perturbation introduced by
averaging over the transient neuronal dynamics at stimulus onset is assumed
to be weak. Fourth, the variance in the firing rate in response to any and all
stimuli can be treated as though it had arisen from independent, additive
noise. Fifth, the time constants of the dendritic modulatory conductances
can be treated as constant over the range of voltages typically experienced
in the dendritic compartment.

The timescale of learning can be varied by changing v in the learning rule.
For Figs. 3 and 4, the learning rate decayed with time: 1(t) = ng exp(—t/Tiearn-
ing) Withng = 4.3 x 103 and Tearning = 4-4 Minutes in Fig. 3, whereas g =
1.0 x 103 and Tjgging = 44 minutes in Fig. 4. For Fig. 5, the initial Gauss-
ian distribution of injected currents had its mean at 0.45 nA and a standard
deviation of 0.2 nA.
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