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Information retention by synaptic learning rules in stochastic spiking neural networks
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Physical learning systems require a means to store information about the past. In the brain, information
is thought to be stored in synaptic connections between neurons whose weights change in response to pre-
and postsynaptic action potentials, or spikes, according to specific plasticity rules. To date, most models of
synaptic plasticity are derived from in vitro studies in which spike times are under precise experimental control,
but whether these models generalize to in vivo regimes of high spike time variability is not known. To shed
light on this problem theoretically, here I estimate the mutual information between Poisson spike trains in a
network of neurons and the synaptic weight updates they trigger via different plasticity rules. Although most
synaptic plasticity models propose correlation- or coincidence-based rules based on the measurement of pre- and
postsynaptic spike times, I show that such rules do not always maximize information storage. In the biologically
important, energy-efficient operating regime of low firing rates and sparse plasticity, rules that simply count pre-
and/or postsynaptic spikes in fact store more information per synapse than spike-timing-dependent rules that
measure coincidence events. In such regimes, spikes are more common than coincidences hence better able to
transmit information into synaptic weights. It may in turn be advantageous to encode information to be stored
as spike counts, or time averages, rather than correlations. The theory suggests a normative account for recently
discovered noncanonical hippocampal plasticity rules in vivo and predicts that spike-timing-dependent rules will

be preferentially active in neural circuits operating at higher firing rates.

DOI: 10.1103/m8bw-9fzg

I. INTRODUCTION

Physical learning systems must store information using fi-
nite resolution components and under energetic constraints. In
the brain, information is thought to be stored in synaptic con-
nection weights between neurons, which update in response
to pre- and postsynaptic action potentials, or spikes. Which
update rules operate in the living brain and how these support
efficient learning, however, are not well understood. Spike-
timing-dependent plasticity (STDP) is a canonical proposed
rule predicting that synaptic weights change in response to
pre- and postsynaptic spike coincidences [1-5] [Fig. 1(a)].
Classic in vitro STDP experiments found that spikes must be
paired within tens of milliseconds to change synaptic effica-
cies, with the order of the spikes determining the sign of the
weight change [1,2]. Larger coincidence windows (~75 ms)
were observed in brain slices from hippocampal area CA3—a
region implicated in memory formation [6—8]—where timing
but not order matters, which is thought to relate to recurrent
connectivity in the area [4]. Rich theoretical work has also
shown how STDP could serve important functions in biologi-
cal network models [9-14].

Considerations of the brain’s operating regimes in vivo,
however, pose challenges for STDP’s putative role in awake,
behaving animals. In contrast to in vitro preparations in which
spike timing is usually under precision experimental control,
spike timing in the awake brain is extremely variable—often
modeled as a Poisson process [15-21]—and the applicability
of STDP in such a regime is not clear. Low firing rates
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in vivo [22-24] would also be expected to reduce coinci-
dence events, limiting STDP’s main input stream. Modern in
vivo experiments in rodent hippocampus suggest an alterna-
tive rule—termed “behavioral timescale synaptic plasticity”
(BTSP)—that is both qualitatively and quantitatively dis-
tinct from STDP [8,25-28]. In BTSP, (i) synaptic weights
are thought to change in response to the coincidence of
presynaptic spiking and a postsynaptic plateau potential—a
long-lasting depolarization of the dendritic arbor—that does
not require postsynaptic spiking; (ii) presynaptic spiking and
the plateau must occur only within seconds of each other,
unlike STDP’s coincidence window of tens of milliseconds;
and (iii) synaptic weights are thought to change saliently after
a single plateau potential, whereas STDP typically requires
many spike pairings to evoke significant weight changes.
Plateau potentials are extremely sparse in vivo, at frequen-
cies estimated at under 1073 Hz within a single neuron, and
with likely largely stochastic timing [27,29]. Functionally,
plateau potentials are thought to serve as gating signals that
determine when input-dependent synaptic plasticity can oc-
cur. Theoretical work suggests that BTSP exhibits advantages
over traditional plasticity rules in storing memories and shap-
ing neural dynamics [8,29-31]. However, the general ability
of BTSP-like learning rules, in particular in comparison to
STDP, to store information in energetically constrained sys-
tems with high spiking variability has received little formal
investigation.

Here I address the problem of how synaptic plasticity
unfolds in naturalistic operating regimes using information
theory [32]. For three classes of plasticity rules, I estimate
the total information stored in the final synaptic weights of
a network of neurons about past spike trains produced by a
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FIG. 1. Distributions of plasticity event counts at a single synapse. (a) Schematic of spike-timing-dependent plasticity (STDP) rule in
which synaptic weights update in response to pre- and postsynaptic spike coincidences. (b) Schematics of rectangular STDP kernels used in
the analysis. (c) Schematic of block approximation for counting STDP coincidence events. (d) Kullback-Leibler divergence (Dk;.) between
sparse and block approximations of the coincidence count distribution and directly simulated count distributions vs A and A’. Orange and blue
lines indicate the sparse and block approximations, respectively. Solid and dashed lines indicate coincidence detection windows of A* = 0.02
and 0.1, respectively (left); or A = 1 and 5, respectively (right). (e) Heat map of Dy of block approximation vs simulated coincidence count
distributions across a range of parameters. (f) Example sparse, block, and Gaussian approximations of coincidence count distributions vs
simulated distributions. Orange, blue, and green lines indicate sparse, block, and Gaussian approximations, respectively, and black circles
simulation results. (g) Distribution of counts of plasticity events corresponding to spikes, rather than coincidence events, which follow a
Poisson distribution. Light and dark red lines indicate mean firing rates of A = 1 and 5, respectively. Solid lines show spike count distribution
for a one-factor rule (e.g., counting only presynaptic spikes) and dashed lines for the sum rule that counts the sum of pre- and postsynaptic
spikes.

Poisson process. I then analyze plasticity under a simple is plastic over a plasticity period of L seconds during which

model of energetic constraints on learning, which suggests
salient advantages of a BTSP-like learning rule in energy-
efficient information storage.

II. THEORETICAL ASSUMPTIONS

To make the analysis tractable while retaining key biolog-
ical details I employ the following assumptions: (i) a synapse

spiking activity in the pre- and/or postsynaptic neuron can
modify its weight. This is supported by in vivo experimental
work [8,25,26] suggesting that synapses are only signifi-
cantly plastic for short, finite periods on the order of seconds.
(i1) The pre- and postsynaptic neurons emit spikes sampled
from independent homogeneous Poisson processes at rates r;
(pre) and r; (post), as in standard models of in vivo spiking
[15-20]. In particular, I assume that rate changes during the
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plasticity period are negligible, in part because although
weight changes may be induced during this period, they may
not be significantly expressed until later [4,33]. (iii)) Weight
changes correspond to counts of discrete plasticity events,
such that the distribution of final weight changes has support
over the integers. I further assume that each potentiation event
triggers a weight update of size 41 and each depression event
an update of size —1. (iv) Within a synapse’s plasticity period,
there is no noise in the weight updates. Given a learning rule,
all variation in the final weights is determined by variation in
the spike trains (however, note that in the final section I will
consider stochasticity in when the plasticity periods occur).
The finite resolution of the synapses comes from the dis-
cretization of their support. Biological deviations from these
assumptions I treat as higher-order effects, which I revisit in
Sec. VIIIL.

Our goal is to compute the mutual information
MI[{w;;}; {t,i}] between the final weight changes {w;;}
and the spike trains {t,ﬁ} during the plasticity period, where
i, j, k index neurons and / spike times. Most generally I allow
w;j, the change in a synaptic weight from its original value
following its plasticity period, to be any integer; although in
most of the analyses w;; will be non-negative. To proceed, I
leverage assumption (iv). Since the weights are a deterministic
function of the spikes in the plasticity period, we have

MI[{wi}; {#}] = Hlwij )1 — H[{wi}1{e!}] = Hl{wij),
(1)

where H[X]=-) p(x)logp(x) is the Shannon
entropy of the distribution p(x), and H[X|Y]=
E,[— Y, p(x]y)log p(x|y)] is the conditional entropy [32].
The final equality in Eq. (1) holds because when {w;;} is
a deterministic function of {t,i}, the conditional entropy
H [{w,-j}l{t,i}] vanishes since there is no additional variability
in the weights given the spike times. Thus, for a given
learning rule it suffices to compute the entropy of the final
weight distribution produced in response to samples of spike
trains. I now proceed to estimate this quantity for three
classes of learning rules: an STDP-like learning rule; a
one-factor rule that counts only presynaptic (or equivalently
only postsynaptic) spikes; as well as a straightforward but
little explored sum rule that counts the sum of pre- and
postsynaptic spikes. I treat the case of stochastic plasticity
periods, in which the equality in Eq. (1) no longer holds, in
Sec. VII.

III. PLASTICITY EVENTS AT A SINGLE SYNAPSE

The first technical challenge in the analysis is computing
h3TPP the entropy of the distribution of final synaptic weights
produced by pre- and postsynaptic spike trains for a single
synapse w;; via STDP. STDP rules are specified by a plasticity
kernel indicating when a pair of spikes evokes a weight change
[Figs. 1(a)-1(b)]. When the plasticity kernel is monophasic,
reflecting observations in in vitro slices from hippocampal
area CA3 [4], all pairs of spikes whose absolute timing differ-
ence is less than a coincidence window, A, evoke potentiation
events. When the kernel is biphasic, as observed in early
STDP experiments in cultured hippocampal neurons [2], spike
order matters: pre- followed by postsynaptic spikes lead to po-

tentiation whereas post- followed by presynaptic spikes lead
to depression [Fig. 1(b), bottom]. A variety of additional ker-
nel shapes have been identified experimentally [3,34,35] and
explored in modeling studies [12,36,37]. Here to illustrate the
core phenomena at play and to simplify the subsequent mathe-
matical analysis I consider rectangular symmetric monophasic
kernels and antisymmetric biphasic kernels [Fig. 1(b)]. I first
analyze symmetric monophasic STDP.

To determine the weight change distribution produced by
STDP one must compute the distribution over the count of
coincidence events occurring during the plasticity period. Ge-
ometrically, the number of coincidence events for symmetric
monophasic STDP is equal to the number of intersections
falling within the shaded diagonal band in Fig. 1(c). Vertical
and horizontal lines represent pre- and postsynaptic spikes,
respectively, and their intersections within the shaded region
spike pairs whose absolute timing difference is less than A..
When coincidence events are sparse, one can model them
independently, such that the total coincidence count is Poisson
distributed with mean

w=rirjA = rrjll* — (L — A, 2)

where A is the area of the shaded band, L is the plasticity
period duration, and r; and r; are the pre- and postsynaptic
spike rates. I refer to the Poisson distribution with mean u
given by Eq. (2) as the sparse approximation.

When coincidence events are not sparse, the critical math-
ematical challenge is handling correlations: the presence of
a coincidence event at one time influences the probability of
coincidence events at nearby times. To estimate the distri-
bution of coincidence event counts, P(c), while accounting
for such correlations, instead of counting intersections within
the diagonal shaded region, we approximate this region as
composed of a series of K square blocks, each of width L%k,
as shown in blue in Fig. 1(c). The intersection counts are
then independent across blocks, and within each block this
count ¢ = pplockpblok is distributed as the product of two
independent Poisson variables,

nPlok ~ Poisson(r, L), n®lo%k ~ Poisson(r; L"), (3)

J

i.e., of the spike counts of each neuron in the block. To de-
termine L% T use K = Round[L/(2A.)] blocks of duration
LP% = 2 A (1 + €). The quantity € represents a correction
to ensure the total area of the blocks is equal to the area of
the gray band and is given by € = /(L — A./2)/2KA,) —
1, which ensures the correct expectation value of the total
number of coincidence events (Appendix Al in the Supple-
mental Material [38]). The distribution over ¢®°°* is computed
from the joint spike count distribution P(n]', nflo%) =

i ’
block block y.
P(n*° )P(nj 0¢%)y:

P(Cblock) — Z P (n})lock)P(nl;lock) 1 [Cblock — niblockn?lock] ,

n?lock ’nl;lock
4)

where 1 is the indicator function, which equals 1 when the
condition in its argument is met and O otherwise. While the
right-hand side of Eq. (4) does not admit a closed-form ex-
pression, the sum can nonetheless be directly computed if one
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truncates the support of the Poisson distributions, i.e., assumes
P(nP1°%) ~ 0 for sufficiently large nP'°k.

The total number of coincidence events across the whole
plasticity period is then

K
¢ = Z c]lzlock’ (5)
k=1

where Pk ~ P(cblock) s the coincidence count in the kth
block. Because the counts in each block are independent, the
distribution of the sum of events across all blocks is
P(C) — P(cblock) *P(CblOCk) %ok P(Cblock)7 (6)
K times
i.e., the (K—1)-fold convolution of P(c?°*) with itself. From

P(c) one now arrives at the block approximation of the en-
tropy produced by monophasic STDP at a single synapse:

WSTOP — H[e] = — ZP(C)log P(c). (7

This quantity depends on A, and the pre- and postsynap-
tic firing rates, r; and r;, respectively. Before proceeding, I
introduce the dimensionless parameters A; = r;L, A; = r;L,
and A’ = A./L. This reflects the observation that given these
variables, the coincidence count is independent of the units of
time. I will often also use the variable A = A; = A; when the
pre- and postsynaptic neurons have the same firing rate.
Comparison of the block approximation with simulations
indicates that it is accurate over a wide range of parameters
[Figs. 1(d)-1(e)]. Computing the Kullback-Leibler divergence
(DkL) between the approximations and the entropy estimated
from direct simulations of coincidence counts reveals that the
sparse approximation succeeds only when coincidence events
are rare, whereas the block approximation remains accurate
over a much wider range of parameters. In particular, although
one expects a Gaussian approximation (Appendix A3 [38]) to
also succeed for large K (i.e., small AY) due to the central
limit theorem, the block approximation strongly outperforms
the former at small and medium K [Fig. 1(f)]. For a range of A,
the block approximation begins to fail only around A% ~ 1/3.
Inspecting P(c) computed analytically via the block approx-
imation vs simulations reveals that part of the failure arises
from the jagged nature of the block approximation for small
K, due in part to the nature of the support of a product of
Poisson variables, which is affected, for instance, by the dis-
tribution of prime numbers [Fig. S2(a) [38]]. Interestingly, the
numerical simulations appear to smooth over this jaggedness.
One can compute P(c) similarly for a biphasic STDP rule
in which the order of the spikes determines whether potentia-
tion or depression is triggered [Fig. 1(b), bottom]. Consistent
with canonical experimental work [2,5] I allow pre- followed
by postsynaptic spikes (causal) to evoke positive, potentiation
events, and post- followed by presynaptic spikes (acausal)
to evoke negative, depression events. The total plasticity
event count that determines the final synaptic weight is then
the number of potentiation minus the number of depression
events. The analogous block approximation for the biphasic
STDP rule is more complex than for the monophasic STDP
rule, as detailed in Appendix A4 and Fig. S1(b) [38] but still
accurately reproduces the simulated event count histograms

over a reasonable range of A and A [Fig. S2(b)-S2(d) [38]],
although note that the accuracy appears to break down for
large A (e.g., A £ 5), unlike in the case of the monophasic
rule.

A crucial point of comparison for the STDP rules are
simpler rules that count spikes, rather than coincidence events.
I consider two such additional rules. First, I consider a one-
factor rule in which the event count is the count of presynaptic
spikes (or equivalently postsynaptic spikes [39,40]) alone, as
suggested by the operation of synapses in the hippocampal
mossy fiber pathway, which to first order appear to have little
dependence on postsynaptic spiking [41,42]. The plasticity
event count is thus equal to the number of presynaptic spikes,
hence Poisson-distributed with mean A; [Fig. 1(g)]. Its en-

tropy hif is in turn given by

ad 25 log(a!)

a!

hY = a1 —log ;] + e )

a=0

which for large X ; can be approximated as

1 1 1 19 1

hl ~ —log2mer; — - - ol =1

e A TV YA T A <kfl‘.>
©

In computing this quantity I use the first expression truncated
at a = 20 for A; < 4 and the second expression for A; > 4,
ignoring the last term.

Second, I consider the “sum rule” in which the final synap-
tic weight is equal to the sum of the pre- and postsynaptic
spike counts. As the sum of two Poisson variables is also
Poisson, the distribution of final synaptic weights is Poisson
with mean A; + A;, and the entropy 45"™ can be computed via
Eqgs. (8)—(9) by letting A; — A; + A; [Fig. 1(g)].

IV. INFORMATION RETENTION BY A SINGLE SYNAPSE

Using the above formulas I directly computed the weight
entropy of a single synapse produced by each rule for equal
pre- and postsynaptic firing rates A. For sufficiently large A
and A}, monophasic STDP rules outperform both the one-
factor and sum rule [Fig. 2(a)]. For small A or A, however,
one-factor rules outperform STDP, and the one-factor rule
is additionally outperformed by the sum rule. The minimum
AY needed by STDP to outperform the one-factor rule grows
as A decreases, i.e., at low firing rates a larger coincidence-
detection window is required [Fig. 2(a)]. Thus, across a
sizable parameter regime the spike-counting one-factor and
sum rules store more information than STDP and generally
become more favored at lower firing rates (i.e., as A decreases
for fixed L). Intuitively, spikes are more frequent than coin-
cidence events in low firing-rate regimes, hence are able to
transmit more information into synaptic weights. Similar re-
sults were obtained for the biphasic STDP rule, with the total
entropy similar or slightly less than that of the monophasic
STDP rule (Fig. S3 [38]). For the rest of this study I thus focus
on the monophasic STDP rule, as it represents equal or larger
information retention than biphasic STDP, and is moreover
approximately the rule reported from in vitro measurements
of the recurrent neuronal network of hippocampal CA3 [4].
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FIG. 2. Information retention by STDP, one-factor, and sum rules at a single synapse. (a) Entropy difference, h}f (L) = KSTPP(3, AY),
between weight change distributions of the one-factor and STDP rule vs A and A’. The solid (dashed) line shows the boundary below which
the one-factor (sum) rule retains more information than STDP. (b) Entropy of weight changes for the three rules, using experimental values
for » = 0.5 Hz [24] or 0.97 Hz [23] and A, = 75ms [4], vs the plasticity period duration L. For the sum and one-factor rules, the lower
(upper) lines correspond to r = 0.5Hz (r = 0.97 Hz). (c) As in (a), except here the presynaptic neuron has a firing rate of A; = 10. The thick
(thin) solid curve shows the boundary below which a one-factor rule counting presynaptic (postsynaptic) spikes outperforms STDP. Below
the dashed curve the sum rule outperforms STDP. (d) As in (b) except when the presynaptic neuron fires at r; = 10 Hz. (¢) Maximum weight
change entropy by any rule (one-factor, sum, and the best STDP rule) vs A. For each A the optimal A’ for the STDP rule was determined by
estimating entropy via direct simulations (Fig. S3(a) [38]), to avoid the deviation between the block approximation and sample estimation for
large A¥ [Fig. 1(e)]. (f) Analytically computed entropies of a Poisson random variable, the sum of two independent Poisson variables with
equal means, and the product of two independent Poisson variables with equal means.

How do the predictions of the theory compare to empirical
activity and plasticity measurements? Area CA3 is a subfield
of hippocampus considered central to memory formation,
characterized by recurrent excitatory connectivity and long
modeled as an attractor or autoassociative neural network due
to such networks’ possible emergence from coincidence- or
correlation-based plasticity rules [6,7,43,44]. Indeed, a sym-
metric, monophasic STDP rule has been reported in CA3
slices in vitro, with A, ~ 75 ms [4]. In vivo, however, em-
pirically observed mean firing rates in CA3 are quite low,
even during locomotion, with time-averaged firing rates often
no larger than 0.5-1 Hz [23,24]. As shown in Fig. 2(b), the
information stored by our STDP model with these parameters
is less than that stored by the one-factor and sum rules, inde-
pendent of the duration L of the plasticity period.

An important observation, however, is that while time-
averaged firing rates in CA3 neurons are very low, many of
these neurons are thought to be place cells, whose firing rates
substantially increase when an animal is in a specific physical
location within an environment, called the neuron’s place field
[45]. In CA3, mean within-field firing rates reach values of up
to around 10 Hz [24]. Accordingly, I computed information
retention by one-factor and sum rules vs STDP when the

presynaptic neuron operates at A; = 10, as a function of the
postsynaptic firing rate and coincidence detection window
[Fig. 2(c)]. As shown, while STDP is now more advantaged
than when both neurons have low firing rates, the one-factor
and sum rules still retain more information than STDP when
the postsynaptic firing rate is low. Figure 2(d) shows a similar
analysis as Fig. 2(b) except when the presynaptic neuron fires
at 10 Hz, demonstrating that spike-counting rules outperform
the empirical STDP rule observed in CA3 even if the presy-
naptic cell has an elevated within-place-field-like firing rate.
Thus, in in vivo operating regimes, STDP rules estimated from
in vitro experiments may store less information than plasticity
rules that simply count spikes.

I next quantified when the best possible STDP rule would
outperform the one-factor or sum rules. I define the best
STDP rule via the A’ that maximizes the final weight entropy,
i.e., information stored, which I determine either analyti-
cally via the above equations, or numerically in the large
A} regime in which the block approximation breaks down.
Two clear phase transitions appeared, with the best STDP
rule outperforming the one-factor rule above A & 1, and out-
performing the sum rule above A ~ 1.6, corresponding to
final weight entropies of slightly less than 2 and 3 bits,
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respectively [Fig. 2(e)]. This means that if the expected num-
ber of pre- or postsynaptic spikes in the plasticity period is
less than 1 or 1.6, no possible STDP rule as I have defined it
can outperform a spike-counting rule at storing information.
Equivalently, the one-factor and sum rules outperform STDP
if the synapse can store less than about 2 or 3 bits, respectively
(i.e., STDP would require a longer plasticity period to store
the same amount of information). This result can also be
understood by comparing the entropies of (i) a Poisson vari-
able (one-factor rule), (ii) the sum of two Poisson variables
with equal A (sum rule), and (iii) the product of two Poisson
variables with equal A (STDP), with the latter representing
the coincidence count distribution when the detection window
AY = 1. As shown in Fig. 2(f), these entropies produce similar
phase transitions as those computed via the plasticity analysis.
Although the STDP entropy is not strictly maximized for
A% =1 [Fig. S3(a) [38]], the entropy for the best possible
STDP rule is nonetheless quite close to the entropy of the
product of two Poisson variables, revealing that the compari-
son of the plasticity rules undertaken so far is quite similar to
the entropies of these simple forms of random variables.

V. PLASTICITY EVENTS IN A NETWORK

I now estimate the information, hfhwk, stored in a network
of neurons in which multiple synapses are plastic simulta-
neously according to learning rule R. I assume all neurons
follow independent Poisson processes. Let N be the number
of neurons and M the number of plastic synapses during
the plasticity period of length L [Fig. 3(a)]. Each synapse is
directional, i.e., defined by its pre- and postsynaptic neurons.
For simplicity I assume the set of plastic synapses are chosen
uniformly at random, without replacement, from the set of all
possible synapses, excluding self-connections. The connec-
tion probability is thus pey, ~ M/(N* — N) ~ M/N? for large
networks, and the mean in-degree and out-degree both given
by E[in-degree] = E[out-degree] ~ pgyn(N — 1) = M/N.

In the simplest approximation, one can treat all synapses as
independent, such that for any rule,

P({wi;}) = [ P(wij) hence hf, = Hl{w;;}] = MAF,
@)
(10)

where the product is over all plastic synapses, and A% is the
entropy of a single synaptic weight change given learning
rule R. In this approximation the single-synapse entropy is
simply scaled by M so the relative information retention by the
different rules follows immediately from the single-synapse
case.

More generally, there will be correlations among synaptic
weight changes in the network. In our model all neurons are
independent, hence weight changes can only be correlated if
there is overlap between their pre- and postsynaptic neurons.
If two synapses share no neurons they will be independent.
For the one-factor (presynaptic-only) rule the correlations are
straightforward. The weight changes in two synapses will be
identical if they share a presynaptic neuron and otherwise
independent, hence

f Lf
PN = Norehty” s

(1)

where N, is the total number of unique presynaptic neurons
across the M synapses. If all M synapses emanate from the
same presynaptic neuron, N = 1 whereas if all M synapses
emanate from different presynaptic neurons, then Ny = M.
One can approximate the expectation of Ny as the average
number of unique outcomes from M samples from N options,
which yields

1 M
E[hll\lz:wk] = E[Npre]h{f ~ N(l — (1 — N) >h}f (12)

Synaptic weight correlations for the (monophasic) STDP
and sum rules are more complex. For these rules, the weight
updates w;;, wp, Will only be identical if p = j and i = ¢,
i.e., if the synapses are reciprocal (if i = p, j = ¢ this would
mean they are the same synapse, and we do not allow du-
plicate synapses). They will be correlated but not identical if
they share a single neuron, i.e., if either i = p, i = ¢, j = p,
or j = q. In the subsequent analyses I will assume that all
neurons have the same firing rate A, and that all synapses
use the same A’ for the STDP rule. Then the pairwise en-
tropy H[w;;, wi] is equal for every pair of synapses sharing
one neuron, as is their mutual information: MI[w;;; wj;] =
Hlw;;] + H[wj;] — H[w;j, wj]. This quantity can be com-
puted either exactly (sum rule) or via the block approximation
(STDP), using a straightforward extension of the single-
synapse method (Appendix A5 [38]). The difference between
the joint entropy and sum of independent entropies for the
STDP rule vs A, and for the sum rule, for several A, is
shown in Fig. 3(b), indicating that for a single pair of synapses
sharing a neuron the loss of information due to correlations is
small.

To estimate information retention stored in the weights of
a network by the STDP and sum rules I employ a recursive
method, adding synapses one-by-one and updating the esti-
mate of the total entropy in turn. The entropy added by the first
synapse is simply the single-synapse entropy, 43107 or A$'™.
To add a synapse and update the entropy estimation, suppose
that m synapses have already been added with the total entropy
estimated at 4%, using rule R. We wish to compute the entropy
hR 41 Let Qp be the set of synapses neighboring synapse
m + 1, i.e., sharing one neuron with the synapse I are adding
[Fig. 3(c)]; let 24 be all synapses already accounted for,
excluding Qp, ie., || =m — || and H[Qu, Q5] = h¥;
and let Q¢ be synapse m + 1. Then, h¥ | = H[Q4, 25, Qc].
To proceed analytically, I leverage two approximations. In
Approximation 1, I treat any two synapses that do not share a
neuron as conditionally independent given all other synapses
[in the model two synapses sharing no neurons are only
marginally independent: P(w;;, wy;) = P(w;;)P(wy ), so this
approximation imposes further structure]. Following from this
approximation, we have that Q¢ and €24 are conditionally
independent given Qp. Therefore

h§1+1 = H[Qy, Qp, Qcl = H[Q4, Q] + H[2c]24, 28]
~ H[Qu4, Q5] + H[Q2c|25]
= H([Q4, Qp] + H[Q2p, Qc] — H[S25]
= h + H[Qp, Qc] — H[Qp],

m

13)
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(a) (c) Network entropy computation with condtionally independent synapses
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FIG. 3. Information retained in a network. (a) Network schematic depicting that M synaptic connections in a network of N neurons are
plastic for L seconds. (b) Joint entropy of a pair of synapses sharing one neuron (solid lines) vs the sum of entropies of two independent
synapses (dashed lines), for the STDP rule (block approximation) vs A% and A; and for the sum rule for several A. (c) Schematic depicting how
the entropy estimate of a set of synaptic weights is updated when a new synapse is added. Here Q4 3¢ = Q4 U Q25 Qc, Qs = Q4 U 25,
etc. (d) Computation and extrapolation of entropies of star motifs (a set of synapses sharing one neuron; left) for the STDP and sum rules.
Crosses represent directly computed entropies, colored lines the extrapolation, and dashed lines the baseline term of the extrapolation. (e)
Entropy of weight distributions in a network vs number of plastic synapses, using Eq. (12) for the one-factor rule or the approximation of
(c) [Egs. (13)—(14)] for the STDP and sum rules, for A = 1 and three different A* for the STDP rule, with N = 100 (Mx & 10%). For the
STDP and sum rules, averages over 30 instantiations of M random synaptic connections are shown, since different instantiations of the network
can yield different connectivity patterns. Dashed horizontal lines show corresponding entropies when all synapses are independent. The two
dot-dashed vertical lines with stars above indicate when the mean star motif size used in the total entropy computation exceeded 5 (teal) or 6
(black), corresponding to (d). (f) Heat map of the entropy difference, Ay, — hSTOF vs A* and M /My, for two A. In both plots the sum rule
exceeds STDP across the entire parameter space shown. [The slight kink at A> = 0.2 (left) arises from the Round function in the STDP block

approximation.]

where I have used the chain rule for entropy and Approxima- m + 1) that touch neuron i [Fig. 3(c); cyan], and similarly
tion 1. for the presynaptic neuron j and its neighboring synapses

To compute H[2g] and H[2p, ¢] I introduce Approxi- Q; [Fig. 3(c); blue]. In Approximation 2 I treat €2; and Q;
mation 2. Let i be the postsynaptic neuron of synapse m + 1 as sharing no neurons, such that €; and ; are marginally
and €2; be all existing synapses (excluding the new synapse, independent and also conditionally independent given Q¢ (via
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Approximation 1). Then,

H[Qp] ~ H[;] + H[)]
H[Qp, Qcl ~ H[Q;, Qc] + H[Qc, 2;] — H[Qc].

and

(14)

The terms ; and €2;, as well as ; Q¢ and Q¢ 2;,
constitute star motifs (a collection of m* synapses sharing one
neuron), whose entropy can be computed directly for small
m* (up to m* = 5 for the STDP rule and m* = 6 for the sum
rule) and extrapolated with a simple formula for larger star
sizes [Fig. 3(d) and Appendix AS [38]]. Figure S4 [38] depicts
the extrapolations used for large star motif sizes and how
often these extrapolations and Approximation 2 are used as
a function of m.

Equations (13)—(14), together with Approximations 1 and
2, thus enable a direct calculation of hﬁ +1- To compute the
entropy of the entire network I repeat this procedure until all
M synapses are added. The final entropy determined through
this procedure, while an approximation, accounts for a large
portion of the correlation structure in {w;;} produced through
the STDP and sum rules.

VI. INFORMATION RETENTION IN A NETWORK

Using the above approximations for the entropy of synaptic
weight updates across the network, I computed this entropy as
a function of M/M,x, where Myx = N(N — 1) = N? is the
maximum possible number of plastic synapses in the network.
As shown in Fig. 3(e), for . = 1 and M <« N, one-factor rules
outperform STDP for several A%, which follows largely from
the single-synapse analysis, since correlations are weak in
this regime hence the total information stored by any rule
is approximately the single synapse information multiplied
by M. One-factor rules, however, are affected strongly by
correlations as M/M,.x increases, since the total informa-
tion is constrained by the number of neurons N > Ny in
the network, and any set of synapses that share a common
presynaptic neuron store only as much information as a single
synapse; hence the total information stored by the one-factor
rule decreases quickly as M surpasses N. As expected from
the single-synapse analysis (Fig. 2), STDP rules also gain
increasing performance over one-factor rules as A increases
[Fig. 3(f)]. When X is small, however, STDP rules may also
be able to outperform one-factor rules if plasticity becomes
sufficiently dense, i.e., as M increases [Figs. 3(e)-3(f)], with
the analysis suggesting—to the extent that the approximations
remain accurate in this regime—that STDP is less limited
by network correlations than the one-factor rule hence may
overtake the latter in storing information at a network level.

Similar to the single-synapse analysis, at low firing rates
the sum rule outperforms both the one-factor and STDP rules
[Figs. 3(e)-3(f)]. As more synapses become plastic, however,
the sum rule may also be less limited by correlations than the
one-factor rule, since collections of synapses sharing the same
presynaptic neuron can measure different postsynaptic activ-
ities, although accurate comparisons become difficult in the
dense plasticity regime M /My,.x — 1 where Approximation 2
becomes more significantly invoked [Figs. 3(e)-3(f), S4 [38]].
Together, these results suggest the following in the regime of
low firing rates (small 1): (i) when plasticity is sparse, STDP

is outperformed by the one-factor rule, which is in turn out-
performed by the sum rule; (ii) as plasticity becomes dense,
STDP may outperform the one-factor rule at a network level;
and (iii) the sum rule may outperform both STDP and the
one-factor rule regardless of how many synapses are plastic.

VII. INFORMATION RETENTION UNDER
ENERGETIC CONSTRAINTS

Performance optimization has proven a powerful principle
for explaining diverse biological phenomena [46]. In the ner-
vous system, such analyses have focused predominantly on
peripheral, e.g., sensory systems, and it is unknown whether
a similar approach may be useful for understanding brain
areas such as hippocampus, which are deeper in the brain.
Given our observations above, is there a relevant quantity
that may be optimized by a hippocampal CA3-like network?
Here I hypothesize that such a network may be well posed
for maximizing information storage about spike trains per unit
energy.

Generating spikes, as well as learning via synaptic plastic-
ity, are both thought to require energy [30,47-51]. The energy
needed for the former one expects to be minimized by oper-
ating at as low firing rates as possible, which appears largely
consistent with in vivo data [22-24]. Here I focus instead on
the energy required to learn via synaptic plasticity. I model
this quantity, Ejearn, as composed of two terms:

Eeam = ML+ yM. 15)

The first term accounts for the total amount of time L each
synapse is plastic (the plasticity period), aggregated over all M
synapses. That is, I assume it requires energy for the synapse
to remain in a plastic state, e.g., to power the biophysical
processes needed to record information. The second term
reflects a fixed cost y for each plastic synapse, for instance
to initiate the plasticity period or persist the synapse from
degradation after learning. The overall goal of this equation is
to capture the assumption that plasticity is energetically costly
due to the physical processes needed to instantiate it, with
the general hypothesis being that energy cost is minimized
by writing to as few synapses as possible, with each such
synapse plastic for as short a period as possible. For simplicity
I will also assume that Eq. (15) is general across rules, i.e.,
Ejcarn does not depend on the biophysical processes specific
to each rule, although such a scenario will be important to
investigate in future work. While more complex models are
possible, Eq. (15) represents a parsimonious model of energy
expenditure that increases with both M and L.

Crucially, although I will assume for simplicity that all
synapses have identical parameters, [ will allow variability in
when their individual plasticity periods occur. Formally, I let
each synapse be subject to a binary plasticity gating signal that
equals 1 when the synapse is plastic and 0 otherwise, such that
the synaptic weight can only change in response to pre- and/or
postsynaptic spikes when this gating signal equals 1. In turn, I
will assume that only synapses that experience a gating signal
and hence a plasticity period at some point during the learning
session will expend energy.

We now embark on the task of understanding the energy
costs needed to store / bits of information in the network
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under different learning rules and patterns of gating signals.
In the remainder of my analyses I will assume that the net-
work is sufficiently large relative to 7 that only a sparse
fraction of synapses need to be plastic at any time [i.e., the
M /Myx — 0 regime of Figs. 3(e)-3(f)] in order to store the
desired information. This in turn enables modeling the total
information stored in the network as simply the sum of the
information stored in the individual synapses (although in my
very last analysis I will consider synapses sharing common
postsynaptic neurons). I will also assume that the gating sig-
nals are sufficiently sparse that it is very unlikely that any
individual synapse should experience more than one gating
signal during a single learning session. The number M of total
plastic synapses is then simply equal to the total number of
gating signals that occur. If I is too large or the network too
small to achieve successful storage with only a sparse set of
synapses plastic at any time, then the results that follow may
not completely hold.

In this setting, what is the most energy-efficient way to
store [ bits in a network over a learning session of length 7',
which may be substantially larger than any plasticity period
duration L? That is, what learning rules and plasticity gating
signals minimize Ej,m? To gain intuition I first consider de-
terministic plasticity gating signals. Figure 4(a) shows three
example simulations each tuned to store approximately the
same amount of total information [/ ~ 4 bits; Fig. 4(b)], but
with different gating signal schedules. In Simulation A, all
M synapses are plastic over the whole learning session. This
leads to both a large ML and y M [Fig. 4(d)]. In Simulation B,
each synapse is plastic for the minimal possible L needed to
store [ /M bits [i.e., using the best plasticity rule; Figs. 2(e) and
4(c)]. This leads to a smaller ML, but equal yM as in Simula-
tion A [Fig. 4(d)]. In Simulation C the information content is
distributed over fewer synapses, leading to a smaller y M than
Simulations A and B [Fig. 4(d)]. However, in C, each synapse
must be plastic for longer than in B, and disproportionately
so: in the regime where the sum rule is optimal, for instance,
one synapse plastic for 1 s stores less information than two
synapses plastic for 0.5 s [Fig. 2(e)]. Simulation C thus has
a lower yM than Simulation B but a higher ML [Fig. 4(d)].
As Simulation A has the highest Eje,m, One expects the most
energy-efficient plasticity process to lie somewhere between B
and C. The final quantity Eje,y, as a function of M thus reflects
competition between a decreasing ML and increasing y M,
with optima depending on y [Fig. 4(e)]. For large y, using
as few synapses as possible can be optimal. As y decreases,
however, it becomes favorable to distribute storage over more
than the minimal number of synapses to reduce the ML term.
Intuitively, to minimize Eje,, one wishes to write to as few
synapses as possible as fast as possible.

Simulations B and C, in which only one or a few synapses
are plastic at any moment, also have the advantage of dis-
tributing information storage more evenly over the total
learning session than in Simulation A [Fig. 4(f)]. Simulation
A stores information faster at first and slower later on, due
to the sublinear increase of the entropy of sums of random
variables. Cycling through synapses, each plastic for a short
period, diminishes this effect at the population level, such
that the overall rate at which information is written into the
network remains more stable over time.

Second, I consider the case of stochastic gating signals.
Indeed, in hippocampus the gating signals in BTSP (plateau
potentials) are thought to be both sparse but also largely
stochastic [8,27]. In this setting the weights are no longer a
deterministic function of the spikes, and one must thus take
care in computing information retention since the right-hand
equality in Eq. (1) no longer holds. Instead, I compute the mu-
tual information by directly calculating how much the entropy
of the spike trains decreases upon observation of the weights
(Appendix A9 [38]):

Mi[{wyh: {r}] = H[{n ] - H[{s}Hwi)]. (6)
For simplicity and to illustrate our key points, for the re-
mainder of this study I will consider binary synapses w;; €
{0, 1}. Past work modeled BTSP synapses as binary [29,53] to
provide conservative estimates of synaptic weight resolution;
one-bit synapses are also relevant to neuromorphic devices,
since the latter are far easier to implement with memristors
than multibit synapses [29,54]. In this setting the sum rule is
optimal, followed by the one-factor rule, followed by STDP
[Fig. 2(e)]. As a final useful simplification, I will consider
learning sessions discretized into integer multiples of L, con-
taining Q = T /L distinct periods in which each synapse could
potentially be plastic [Fig. 4(g)]. The energy specified by
Eq. (15) is determined entirely by L and the number of gating
signals. How does stochasticity of the gating signals change
the total information stored at fixed energy cost?

Formally, I implement plasticity gating as follows. In each
period g in each synapse (i, j), spiking produces an eligibility
trace e?i € {0, 1} via one of the original three learning rules,
with probability p, = p(e;’j = 1). For instance, if the presy-
naptic one-factor rule is used, and there is approximately a
0.5 probability of a spike occurring in a period g, then the
eligibility traces roughly indicate which synapses experienced
a presynaptic spike in which periods [Fig. 4(g)]. If the gating
signal g?j = 1 during period g, the eligibility trace is measured
by the synapse and converted to a weight change w;; < e?j;
if g‘i’j = 0 the eligibility trace is not measured, hence forgot-
ten, and the synapse is left unchanged. Since all information
about the spikes flows through the eligibility traces, which
are a deterministic function of the spikes, the mutual infor-
mation between the weights and spikes equals that between
the weights and eligibility traces; i.e., given e?j, the precise
timing of the spike(s) within period ¢ can have no additional
influence on the weights.

Given this model I examined two forms of gating stochas-
ticity [Fig. 4(g)]. First, I considered fully random gating
signals independent across all synapses and periods. For mul-
tiple p, fully random gating led to a dramatic degradation of
the information stored that became worse for longer learning
sessions [Fig. 4(h)]. Intuitively, a weight w;; = O reveals al-
most nothing about the spike trains surrounding synapse (i, j),
since most probably a gating signal simply did not occur; on
the other hand, for the potentiated synapses (w;; = 1), one
learns only that these synapses each experienced at least one
positive eligiblility trace during the learning session, which
occurs for typical spike trains (as long as p, is not too small),
hence the entropy of the spike trains decreases very little.
Thus, while sparse gating reduces energy through Eq. (15),
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FIG. 4. Information storage under energetic constraints. (a) Three example simulations with deterministic gating signals, each using up to
three synapses to store information about spike trains. (b) The total entropy of each simulation’s synaptic weights after 3 s, estimated from 10°
trials using a firing rate of 0.5 Hz, assuming independent synapses (sparse plasticity). (c) Optimal L (the shortest plasticity period using any
rule [Fig. 2(c)]) vs the number of plastic synapses used to store the same total information. Here 96 bits are stored in at least M > M, = 32
independent synapses (3 bits per synapse). The solid (dashed) curve shows the best L between the one-factor (sum) and STDP rules. (d)
Learning cost terms for the simulations in (a). (e) Total learning costs vs M for a simulation in which at least M > M, = 32 synapses store
96 bits, for different . L = rA is computed by selecting the X that optimizes information retention between the one-factor and STDP rules
(solid lines) or between the sum and STDP rules (dashed lines). (f) Total entropy, measured for simulations running from 0, 1, ..., 6 total
seconds in which six (A, B) or four (C) synapses were used. While the total entropy or information is equal after the 6 s for all simulations,
the simulations differ in the timecourse of how this information is accumulated. (g) Two forms of stochastic gating of plasticity. Inscribed 1’s
represent positive eligibility traces and pink shading gating signals. (h) Information about spike trains stored in one-bit synapses vs number of
periods (left) for p, = .5 (solid) or p, = .25 (dot-dashed), or vs p, (right) for Q = 2 (dashed) or Q = 5 (solid) periods. Diamonds: information
stored by single synapses given deterministic gating. (i) Schematic of experimentally observed BTSP rule [8,25,26,52]. Spike rates are from
area CA3 reported in Refs. [23,24] in behaving rodents. The plateau rate is estimated from [8] (Appendix A10 [38]). (j) Information about
spike trains stored by the two schemes in (g) when gating signals are postsynaptically clustered, vs energy budget. Dark red lines show direct
replacement of clustered with random gating with M fixed. Cyan lines (“Random+") show information retained after additionally optimizing
M at fixed energy [Eq. (15); y = 1] for QO = 10 (solid) or Q = 2 (dashed).

when this gating is maximally random information storage experiencing a plateau potential become plastic simultane-
significantly suffers. ously [Fig. 4(i)]. Strikingly, one finds that when gating signals

I therefore considered an alternative case in which the are clustered, the information retention increases to a value
gating signals are random but clustered, as in biological BTSP close to that expected in the deterministic case [Fig. 4(h)].
in which all synapses presynaptic to a postsynaptic neuron Intuitively, if any w;; = 1 within a cluster, this implies that
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the entire cluster received a gating signal during some period
¢ within the learning session; during this period the collection
of eligibility traces in that cluster were all converted into
weights, such that the resulting weights in the cluster are es-
sentially a perfect snapshot of the eligibility traces at ¢’. Since
typical spike trains will not produce a snapshot of eligibility
traces exactly equal to the {w;;} in the cluster (if the cluster
has more than just a few synapses), the entropy of the spike
trains thus dramatically decreases upon observation of these
weights. Indeed, the essential information lost in the clustered
gating scenario is only which period ¢’ received the gating sig-
nal, which is only log, Q bits per cluster. Thus, randomizing
the gating signals destroys information, but clustering them
largely restores it.

Finally, in biological BTSP plasticity is indeed clustered,
but via a shared postsynaptic cell [Fig. 4(i)]. This means
that the best plasticity rule—the sum rule—loses its advan-
tage and approaches performance equivalent to the one-factor
(presynaptic only) rule due to the correlated postsynaptic
spikes, decreasing information storage (Appendix A9 [38]).
I therefore sought to quantitatively compare postsynaptically
clustered gating to random gating using the sum rule. For each
possible amount of information stored per synapse (up to a
maximum of 1 bit) in the postsynaptically clustered case, I de-
termined the effective spike rates and energy cost of learning
[Eq. (15)] in the network then computed how much informa-
tion would be stored per synapse at this same energy cost if
gating were made fully random and the sum rule were used
instead. In this case the loss of information due to postsynaptic
clustering was much smaller than the loss of information due
to randomizing the gating signals, such that postsynaptically
clustered gating (effectively using the one-factor rule to pro-
duce eligibility traces) still stored much more information per
synapse than randomized gating but using the sum rule, with
a more pronounced effect for longer learning sessions (larger
Q) [Fig. 4(j)]. Thus, when gating signals are stochastic, the
information gained by postsynaptically clustering these gating
signals, as in BTSP, outweighs the information lost due to
shared postsynaptic neurons. The BTSP-like rule therefore
decreases energy usage by only allowing a few synapses to be
plastic at a time, yet retains substantial information about past
spike trains by counting presynaptic spikes during the plas-
ticity periods and clustering the gating signals that determine
which synapses are plastic when.

VIII. DISCUSSION

Physical learning systems, whether biological or artificial,
must store information and generally use energy to do so. The
above results suggest that in low firing rate activity regimes, it
may be advantageous for only a few synapses to be plastic at
any time, and for these synapses to measure spike counts dur-
ing their plasticity periods, i.e., time averages or integrals of
spiking activity rather than correlations and spike-time differ-
ences, at least for the first few bits of information to be stored.
Intuitively, spikes are more frequent than spike-pair coinci-
dences for Poisson processes at low firing rates, thus have
higher capacity to transmit information. While in this study
I considered an implementation of STDP using rectangular
temporal kernels [Fig. 1(b)], in future work it will be useful to

investigate nonrectangular kernels observed in vitro, in which
trial-averaged weight updates are continuous valued and de-
pend more smoothly on the pre-post time difference. Notable
variants of STDP have also been proposed, for instance in
which postsynaptic voltage prior to spiking influences the sign
of the weight change [55], or in which plasticity is evoked
by triplets, rather than pairs of spikes [56]. In future work it
will be interesting to compute information retention in these
rules as well, although the intuition we have developed here
suggests that at low firing rates any rule depending on precise
spike coincidences will generally store less information than
spike-counting rules unless spike statistics are significantly
non-Poissonian. While I have assumed an objective function
of storing as much total information about the spike trains as
possible, it may also be the case that certain features of the
spike trains are more relevant than others [57,58], and it will
be important to explore how different plasticity rules might
optimize the storage of spike trains in which different features
are differently important. Curiously, for the one-factor, sum,
and BTSP-like plasticity rules discussed in this study, precise
spike times are forgotten, and only information in the neu-
rons’ spike counts can be stored, although spike timing could
support other functions.

The model suggests a normative account for the recently
discovered learning rule BTSP [8,25,26,29] as a rule that
stores information in as few synapses as possible as fast as
possible (Fig. 4) to implement an energetically efficient learn-
ing system. The final analysis also showed that if gating of
plasticity is stochastic, clustering plastic synapses increases
information retention. As shown in Fig. 4(j), the informa-
tion gain from clustering the gating signals overcomes the
information loss from correlated postsynaptic spikes when
synapses share a common postsynaptic neuron. In principle,
further information could be retained if the gating signal clus-
ters comprised synapses with no shared pre- or postsynaptic
neurons, since then the sum rule could be fully exploited,
but this may be more difficult to achieve biologically than
clustering on the postsynaptic neuron, as in BTSP. Further
notable features of BTSP include a depression component
activated when synapses are already strong before the onset
of the plasticity period [26] and the co-occurrence of plateau
potentials with bursts of postsynaptic spikes [8,25], which
will be interesting to explore in future work; the latter, for
instance, suggests that postsynaptic spikes may still play some
role in plasticity even though they are not required for induc-
tion. In future work it will also be important to consider the
role of more realistic spatiotemporally heterogeneous firing
rates [59], non-Poissonian or non-independent activity pat-
terns such as stereotyped spike sequences [62], modulation
of spiking activity by inputs, e.g., encoding the position of
the animal [45,60,61], nonspiking activity patterns such as
sharp-wave ripples [62], and synaptic forgetting [63,64]. It
will also be important to consider in more detail the energetics
of the specific biophysical processes that may underlie differ-
ent learning rules.

Our theory, although idealized, makes specific predictions
about learning in the brain. First, it is not unrealistic that
spike-counting and STDP rules both play some role in vivo,
given the diversity of plasticity rules reported across in vitro
experiments [3,5]. I predict, however, that STDP-like rules
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will be found preferentially in neural circuits or subnetworks
operating at higher firing rates, since this regime produces
more frequent coincidence events that are in turn better able
to transmit information into weights. Second, I predict that
in brain areas exhibiting BTSP [8,25,26,52], the duration of
the plasticity period should be inversely related to the firing
rate of the presynaptic neuron, since lower firing rates ne-
cessitate longer plasticity windows to store the same amount
of information. This prediction moreover suggests that the
seconds-long plasticity periods in BTSP, which are thought
to reflect a behavioral timescale (compared with STDP’s tens
of milliseconds), may additionally reflect the time needed for
synapses to store information at low hippocampal firing rates.

While information is a natural quantity for studying the-
oretical bounds on learning [63—69], in the living brain this
information must be stored in such a way that it can influ-
ence subsequent neural activity dynamics and computation.
A longstanding appeal of correlation-based and STDP-like
rules is their suitability for creating attractor networks that can
perform computations via fixed-point or metastable dynamics

[12,43,44,70,71]. How spike-counting rules could produce
similarly complex and computationally useful dynamics is
less clear given the relative simplicity of their induction mech-
anism. Recent work, however, showed that such rules may
be well suited for encoding information in representations
resembling virtual odor trails, which could produce flexible
dynamics and computation through integration into a feed-
back controller [31,72].
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