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Abstract— We fit a weight-dependent STDP rule to the classic lation, demonstrating that self-organisation of weightsl a
data of Bi and Poo (1998), showing that this rule leads to slow associative learning are achieved, but that learning is.slo
learning in a simulation with an integrate-and-fire neuron. The While an increased learning rate accelerates the learning

slowness of learning is explained by an inequality betweerhé it also leads t d f tting in th f
range of initial weights in the data and the largest relative process, It also leads 1o rapid torgetting in the presence o

potentiation. We show that slow learning can be overcome wit ~ biologically realistic background spiking.
an increased learning rate, but that this approach leads to Our study shows that the common formulation of weight-

rapid forgetting in the presence of realistic levels of bacground  dependent STDP rules [8], [16], [10] has biologically unre-
spiking. Our study demonstrates that weight-dependent STB  jistic consequences in rules fit to data. These consegsience

rules, commonly used in neural simulations, have biologidly It th tion that weiaht t the ful
unrealistic consequences. We discuss the implications ohis resuft from the assumption that weights may traverse tne fu

finding for several interpretations of weight-dependent pasticity ~ range of initial values shown in weight-dependent studies
and STDP more generally, and recommend directions for (Bi and Poo’s weight-dependent data are shown in Figure
further research. 1B). This assumption is inconsistent with Bi and Poo’s data,
and also with weight-dependent data resulting from other
. . . plasticity protocols [12], [14]. Given the common inclusio

Activity-dependent change in synaptic strength, or synapst \yejght-dependent terms in learning rules, this issue is

tic plasticity, is widely believed to provide the basis fory, jmnortant one, and poses questions about experimental
learning and memory, as originally proposed by Hebb mmethods, data and their interpretation.
Countless physiological data reveal Hebbian plasticibg a

similarly vast numbers of neural simulations show asso- Il. A WEIGHT-DEPENDENTSTDPRULE FIT TO DATA

ciativg learning from activity-d_ependent rules. Wh_ile lgar  For simplicity, we assume that weight- and spike-time-
experiments showed potentiation [2] and depression [3] @fependencies are independent. Under this assumption, the

synaptic strength as a function of pre-synaptic firing rategeneral form of a weight-dependent STDP rule may be
more recent experimental methods reveal similar changggpressed as

based on the timing of pre- and post-synaptic activity [8], [

[6]. Experiments showin_g spike—time c_iependent plasti(_:ity Awgy gy = kf{pyd}(w)efc{Pvd}At, (1)

(STDP) reveal that the direction (potentiation or dep@sgsi

and magnitude of synaptic change depend on the order affiere Awy, q; is the change in weighty(for potentiation,

latency of pre- and post-synaptic activity, within a timed for depression)At = tpos — tpre is the time between

window on the order of tens of milliseconds [6], [7]. pre- and post-synaptic firing, captures the timescale of the
Weight-dependent STDP rules provide the additional cor® T DP window, and: is a learning rate.

straint that changes in synaptic strength vasight are a A log-linear fit to Bi and Poo’s weight-dependent STDP

function of the initial strength of a synapse. Such rule§ata, hypothesized by Bi and Poo and reproduced in Figure

have been widely studied [8], [9], [10], [11], largely besau 1B, yields the following form off (w):

they provide a cap on synaptic strength while leading to

asymptotic weight distributions that compare favourabihw fp.ay(w) = (agp,ay — byp,ay logw)w O(w),

experimental data [9] and that are believed to preserve tm']eree(w) is the Heaviside function, keeping weights posi-

statistics of input activity [10]. As such, weight-depente e and the parameteusandb are different for potentiation
STDP rules are now commonly used in modelling studies.; 4 depression.

While several experimental studies have shown weight- gi 204 Poo controlled spike timing in their weight-

dependent plasticity [6], [12], [13], [14], only Bi and PS0" yonendent experiment by limiting their spike latencies
(1998) study [6] has done so under the STDP pairing Preye ysed the midpoints of these latencies in our weight-
tocol. In recent work [15] we fit a weight-dependent STDPdependent fit ¢, = 10, Aty = 17.5) and assumed that for

rule to the data of Bi and Poo, showing how asymptotig givenat, the largest absolute values fno/w represent

Weight_s depgnd on the correlation_and rat_e of pre- and,pc’%g?napses with the smallest initial weights. We therefoigass
synaptic activity. Here, we use this rule in a neural simus,, initial weight w = 30pA to the largest STDP data
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I. INTRODUCTION



common assumption that each of the 60 pairings in Bi and

Single Pre Multiple Pre

Poo’s experiment contributed equally to synaptic change [9

we use a learning rate &f = 1,/6000.
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Fig. 1. (A) Reproduction of Bi and Poo’s (1998) spike-timepeledent
data. Circles and squares represent estimates 6f30pA for potentiation
and depression respectively. Stars represent estimatas »f 30pA. (B)
Log-linear fit to Bi and Poo’s weight-dependent STDP datapasing a
maximum weight where the upper solid line meets the x-axerCcircles
and solid stars show data obtained under potentiation k{gfere-post) and
depression (post-before-pre) protocols respectively.

IIl. STDP AND SPIKE INTERACTIONS
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Fig. 2. Cartoons depict spike interaction models describdte text. It is
unclear how thenearest neighbour model extends to the case where multiple
pre-synaptic spikes fall between two post-synaptic spik¥e define the
closest pair model for this case.
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Fig. 3. The relative difference between mean weights under nearest
neighbour (analytic) andclosest pair (numeric) spike interactions (see text).
There is a very small (but significant) relative differencehigh rate. Error
bars show standard deviations.

analytical method to asymptotic weights from simulations
under closest pair interactions.

To this end, we numerically approximate the means of
equilibrium weight distributions (equilibrium weights*)
for closest pair interactions, comparing them to analytic
values for the nearest neighbour case. In the simulations,
post-synaptic spikes were time-locked to Poisson-disteith
pre-synaptic spikes af\t = 4ms. Weights were averaged

STDP rules are fit to data from experiments in which pairover 5000 pairings following 5000 equilibrating pairings
ings of pre- and post-synaptic spikes occur at low frequenc§t spike ratesr = {1,2,4,8,16,32, 64,128}Hz. Analytic

typically 0.5-5Hz. The long inter-spike intervals (ISI'sf
these spike trains effectively isolate spike pairings fritia

calculations for the nearest neighbour case with the same
spiking statistics were calculated in [15]. The relativéedti

effects of previous and subsequent spikes. How to appBfice between numeric and analytic asymptotic weights for
STDP rules to spike trains more realistic than temporall{nese spike interaction models is shown in Figure 3. There is
isolated pairings of pre- and post-synaptic spikes is th@ Systematic difference that increases with increasinkespi

subject of great research interest [18], [19], [20], [17}]]
[21]. Here, we use a model we callbsest pair interactions,

where only the pair of pre-synaptic spikes closest to the

surrounding post-synaptic spikes contributes to plagtieis
shown in Figure 2.

rate, but the relative difference is very small.

IV. SIMULATIONS WITH A NEURON

To test the effectiveness of Equation 1 for associative
learning, we drive an integrate-and-fire (IF) node with two

When exactly one pre-synaptic spike falls between twgroups of synapses. Before learning, synchronous input fro

post-synaptic spikes, this model is equivalent to the rstareone group is strong enough to sporadically drive the node in
neighbour model suggested in [17]. These two interactiocombination with background activity from all synapseseTh
models are depicted in Figure 2. Because the analysis ather group cannot drive the node. We test whether repeated
[17] does not consider spike trains beyond this simplifiedynchronous activation of the high-strength group allows
case, we compare asymptotic weights calculated with thegelf-organisation of these weights, and whether synchusno



activation of both groups (following self-organisatiory i drive the node, but are able to elicit occasional firing when
sufficient for the low-strength group to ‘piggyback’ thethe trainers fire synchronously on top of background activ-
high-strength group. If so, the low-strength group will bav ity. Axonal delaysAD were assigned uniformly distributed
learned to drive the node by associativity. random values (to the nearest integer) frd» = 4 — 17ms
for excitatory synapses andD = 3 — 6ms for inhibitory
A. Model and parameters synapses. Equation 1 was applied under the closest pa& spik
The membrane potential of the IF node is described byinteraction model.

B. Associative learning under Equation 1

dv(t) = Vyest —0(t) + Ge(Ve —v(t)) + G;(V; —v(t)) The IF node was first driven by Poisson activity alone,
dt establishing a baseline membrane potential. This activity
with membrane time constanf,, = 20 ms and reversal was followed by a period of self-organisation by the trainer

potentialsV,.s; = —70mV, V. = OmV and V; = —70mV  synapses, driven by periodic synchronous activity at 10Hz.

where subscripte and i refer to excitatory and inhibitory Periodic 10Hz activity provides a sufficiently long ISI to
potentials respectively. When the membrane potentiabes isolate neural activity in each cycle from the effects of the
thresholdo, it is reset to—60mV with an absolute refractory previous cycle. Following this activity, the piggybackensre
period of 2mS. A relative refractory period is implementegimultaneously activated with the trainers for the assiveia

by increasingd = —54mV by v = 20mV when the neuron task, again at 10Hz. The node was subsequently driven

fires, after whichy decays exponentially with half width py Poisson activity for comparison with the pre-training
10mS. Excitatory and inhibitory conductancés and G;  response to noise.

Tm

are described (as in [22]) by Figure 4A shows the trajectories of three trainer synapses
and three piggyback synapses over the course of the simu-
dG.(t) f ) . X -
Te = —Ge(t) + 755 gj 6(t —t}) lation. The lower solid curve depicts a fast trainer synapse
dt ' with a small initial weight AD = 4ms,w(t = 0) = 800pA],
and o the upper solid curve shows a slow trainer with a large
Tid it) _ —Gi(t) + %5 g5 6(t —t1), initial weight [AD = 17ms, w(t = 0) = 1200pA] and
dt ’ the middle curve shows an intermediate cadé[= 9ms,

wherer, = 7; = 5ms, J refers to the Dirac delta function and w(¢t = 0) = 1000pA]. Early during self-organisation, the
tf is the time of firing of inputs mediated by conductancerainer group is not strong enough to regularly fire the node,
synapseg; (excitatory forG. and inhibitory forG;). but in combination with background activity, input synchyo
EPSC's as conductances: There is no obvious way to generates enough post-synaptic firing for weights to irsgea
translate Bi and Poo’s EPSC measurements to synaptic camtil the group regularly drives the node.
ductances. To begin with, we do not know the amplitudes of Post-synaptic firing during early and late self-organsati
corresponding EPSP’s and so cannot determine conductanizesiepicted by the upper and lower insets of the figure
with Ohm’s law. More problematic is the variation in theserespectively. All three weights initially increase beoatisey
data ¢ 25 — 2500pA) and the size of the larger EPSC's.all contribute to post-synaptic activity. As faster weiglgin
Because our objective is to study the implications thesa daih strength, EPSC onset of slower weights occurs after post-
for STDP rules, we cannot simply ignore the larger currentsynaptic firing, subjecting them to LTD. As expected, this
Rather than use current synapses (independent),ofve effect is first exhibited by the slow synapse and later the by
use a linear transformation, allowing a range of 30-3000pAiid-latency synapse. The former is effectively inactidate
to correspond to 10-150pS. A maximum conductance afith final value w(t = 4 - 10°ms) = 2.4pA. The latter
150pS is used in [22]. Inhibitory synapses are not subject tissumes an intermediate valug({ = 4-10°ms) = 1009pA]
plasticity and are uniformly allocated conductances of @0 determined by an ongoing cycle of ‘promotion’ and ‘rele-
(also from [22]). gation’ to and from the effective input group. This cycle
The simulation was run with 1000 excitatory synapses governed by the interaction of background firing and
and 200 inhibitory synapses. We initialised the high-giten post-synaptic activity, and the overlap between the jitter
synapses (trainers) to uniformly distributed random valuesynchronous input and axonal delay. The fast synapse reache
between 800 and 1200pA. The low-strength synapses (pign asymptotic value close to the log rule cut-off.
gybackers) were initialised to 50pA, providing sub-thr@sh The dashed curves in Figure 4A show the trajectories
input. All other excitatory synapses were given uniformlyof three piggyback synapses. The arrow at the top of the
distributed random values between 500 and 900pA. Poifigure shows onset of associative learning. At this poirgséh
son background firing with mean 10Hz was mediated bgmall synapses are climbing toward equilibrium weights
all synapses throughout the simulation. Synchronous spuietermined by their background firing and the now-periodic
mediated by the trainers and piggybackers were given post-synaptic firing generated by the trainer group. With
uniformly distributed random jitter of 1-5ms, superimpdse the onset of associative activity, the fast piggyback sgeap
on the Poisson activity. Under our transformation to condudollows the fast trainer synapse toward an asymptotic weigh
tances, these weights are too weak for background activity the mid-latency synapse assumes a value similar to thaeof th
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Fig. 4. (A) Self-organisation and associativity under Bgml with an integrate-and-fire node. Curves show weightsr ¢ime for three synapses with
large initial weights (trainers, see text) and three syespsith small initial weights (piggybackers, see text). v@srto the left of the arrows show weights
as the trainers self-organise during periodic synchroramtwity (10Hz, uniform-distributed random jitter 1-5meh top of Poisson background activity
(mean 10Hz). Arrows depict the onset of associative legrmihen the piggyback synapses fire synchronously with theetrs, also at 10Hz. A range of
30-3000pA is linearly compressed to 10-150pS for use by duer{see text). The upper solid curves show the weights eéttrainers with axonal delays
of AD =17, AD = 9 and AD = 4ms respectively, top to bottom on the left of the figure. Dgrself-organisation, all synapses increase in weight
until the faster trainers drive the node without the sloweesy rendering slower synapses subject to depression.ahhe sffect is seen for the piggyback
synapses during associative learning. Self organisatimhassociativity are achieved, but learning is very slonhvéarning ratek = 1/6000. The fast
(AD = 4ms) piggyback synapse is still converging to the log ruledffiafter 200,000ms (2000 pairings). The firing of the nodeiny early and late
self-organisation is shown by the top and bottom insetseasfly. (B) An increased learning raté & 1/200) accelerates learning, but background
noise soon causes forgetting.

mid-latency trainer synapse, and the slow piggyback symapshythm provides an optimal pairing frequency for LTP during
is effectively inactivated. learning tasks [24].

Learning is extremely slow under Equation 1: Self- ] o ) ]
organisation and associativity have been achieved, as syn- Fast learning implies fast forgetting under weight-
chronous input by either group consistently drives the nodéependent STDP
Furthermore, Equation 1 has selected the fastest weightsTo combat the slowness of learning shown in Figure 4A we
within the groups and shown the ability to recruit and didcarraisek from & = 1/6000 to & = 1/200. With this learning
slower weights as and when needed, as shown in [2Zhte, weights begin to asymptote after around 60 pre- and
The mean membrane potentialin response to background post-synaptic pairings, the same number of pairings used in
noise has increased from= —62.7mV (standard deviation Bi and Poo’s experiments [6]. It is unclear what a learning
sd = 1.1) before learning t@ = —60.7mV (sd = 1.2) after ratek # 1/6000 represents, but an accelerated learning rate
learning, rendering the node more responsive to the timirig required due to the large variation in synaptic strength
of its inputs. in Bi and Poo’s weight-dependent data (Figure 1), allowing

Unfortunately, the figure also shows that learning is exweights to make the transition from low to high values in a
tremely slow. The fast synapses are still experiencing netasonable period of time.
potentiation after 400,000ms. While 400s may not be con- Figure 4B shows the weight of a synapse mediating the
sidered slow on a behavioural timescale, our simulatioas asame pre-synaptic spike statistics as the trainers diden th
based onin vitro data. This interval accounts for aroundlearning task, but over a much shorter timespan (10,000ms).
3000 pairings for the trainers and 2000 for the piggybackershe post-synaptic response is time-locked4¢ = 2ms
approximately 50 times the number of pairings in Bi andfter pre-synaptic activity, again superimposed on Paisso
Poo’s experiments. Relating plasticity data to behaviburapiking at 10Hz. Learning is stopped at tirhe- 10, 000ms
learning is fraught with difficulty [23] but the frequency (top arrow), after which pre- and post-synaptic spike sain
of periodic, synchronous input in our simulations is withinare given independent Poisson distributions at 10Hz. The
the theta range, consistent with the hypothesis that tha theynapse forgets the learned association within 10s.



V. DISCUSSION AND CONCLUSIONS pairing protocol with no spike-time-dependence, are rdugh

It is possible to parameterize weight-dependent STDfONSistent with this equation for synapses with initial gies
rules to accomplish various learning tasks, but our stud§ss tharbOpA.
shows these rules have unwanted consequences when fiThe weight-dependent data of Debanne et al. (1999) [12]
to data. The main consequence is due to the range afe intriguing in this regard. These authors paired pre-
initial weights in the only weight dependent STDP dataynaptic spikes with post-synaptic bursts in organotyjpe h
available [6], shown in Figure 1B. Weight-dependent STDPocampal slice cultures. Their CA3-CAl data are reminiscen
rules implicitly assume that a synapse can span this entiof Bi and Poo’s in that the relative difference in initial
range of values, suggesting changes in synaptic efficageights is much greater than the normalized weight change,
around10, 000%. No synapse in these experiments, howevesuggesting (as above) that these synapses have widely vary-
changed in strength by more than arour®% (see Figure ing instrinsic maxima or that they have not reached satura-
1A,B). tion. Their CA3-CAS3 synapses, however, appear to show the

This issue suggests several possibilities. One posgibilibpposite effect (the left side of Equation 2 is greater thnn t
concerns the standard computational interpretation offatei right). Their combined data fit roughly with Equation 2. The
dependent plasticity, in which there is an implicit assupmpt degree to which plasticity data from different protocolsyma
that weight-dependent data do not reflect saturated sysapdee related under computational rules is an open question and
As an example, consider a synapse in Bi and Poo’s weiglis currently receiving considerable attention [25], [17].

dependent experiment with an initial strength of 25pA. \we show in Section IV-B that a weight-dependent STDP
According to their data, this synapse would not have beeqyje fit to weight-dependent STDP data leads to slow learn-
potentiated by more than around 100% of control foIIowingng' As shown in Section IV-C, speeding up learning with
their potentiation protocol. It would therefor be no largean  an increased learning rate leads to rapid forgetting in the
around50pA after 60 pairings, much less than their largespresence of noise. Learning thresholds [26] and hysteretic
initial weights. If all synapses have the same maximum, thegeight dynamics [27] provide potential solutions to thisipr
for all but the largest synapses, an additional 60 pairind i |em, but our study focuses on the standard weight-dependent
and Poo’s experiment would have lead to weight changes @TDp formulation defined by Equation 1 and investigated in
the same order as the 60 pairings they performed. The colymerous studies [8], [9], [10], [11]. An unexplored sabui
sequences of this assumption are far reaching. For instangg the problem may be grounded in pre- and post-synaptic
STDP data typically suggest a gradient of weight changes fjechanisms if we (quite happily) abandon the assumption
either direction as a function of the time between pre- anghat the effects of spike pairings sum linearly. Consider
post-synaptic spikes [6], [20]. In the case of potentiatie  the insertion and removal of AMPA receptors (AMPAR’s)
standard interpretation dictates that given enough mrin jn the post-synaptic membrane, correlated with plasticity
all weights will reach the same maximum, regardless of thl‘ﬁppocampal regions CA1 and CA3 [28]. It seems likely that
latency between pre- and post-synaptic spikes. potentiation should be harder to initiate as the number of
Alternatively, Bi and Poo’s potentiation data may re-AMPAR's increases. Pre-synaptically, plasticity is exyzed
flect saturated synapses. If so, to be consistent with thg |east in part by changes in the probability of transmit-
data, weight-dependent STDP rules must implement inrinsjer release [29]. Weight-dependence is implicit in such a
synaptic maxima rather than a global maximum. For instancgechanism, where synapses with a low probability of release
a synapse with an initial weight of around 25pA should havgaye greater scope for potentiation, and synapses withta hig
an intrinsic limit of around 50pA, regardless of the size opropability of release have greater scope for depression. A
the larger initial weights. We are unaware of any weightzonyolution of pre- and post-synaptic plasticity mecharsis
dependent Hebbian rule that operates under this premise gi)|d protect learned associations if pre-synaptic pigti
the utility of such a rule is unclear. Certainly, large andam \ere to precede post-synaptic plasticity in both direction
synapses would have different roles under this scheme. ynder such a scheme, AMPAR’s may not be inserted in
These possibilities suggest that weight-dependent lgrnithe post-synaptic density until a sufficiently high protiapi
rules with a global maximum must be supported by weighisf release has been achieved, providing an initial resistan
dependent data in which the largest relative change in weigly post-synaptic learning. In reverse, AMPAR’s may not be
is roughly equal to the relative difference between thedarg removed from the post-synaptic density until the probgpili
and smallest initial weights. We may express this relatigns of release is sufficiently low, providing initial resistan¢o

as forgetting. Such a scheme requires further study.
Wl _ qpinit winit _ qpinit Finally, it is possible that weight-dependent plasticiatal
maz(— wimtz ) ~ ma;}imt S (2) reflect the statistics ohon-weight-dependent plasticity in
i min populations of synapses, as discussed by Debanne et al.

wherew{"* and wfm represent the weight of a synapse(1999) [12]. This possibility suggests that tissue prefiana
i before and after potentiation respectively, anfti’ and and stimulation methods must be carefully considered when
w™ are the largest and smallest initial weights respectiveljnterpreting experimental data. Extracellular stimaatiis
The data of Montgomery et al. (2001) [13], produced by @ommonly used to mimic pre-synaptic activity in STDP



paradigms [7], but this method may stimulate hundreds if ngt3]
thousands of synapses [30]. While intracellular stimolati

of pre-synaptic neurons (used in Bi and Poo’s experimentﬁ)q
eliminates the potential involvement of multiple pre-spti@

cells, neurons in culture (also used in Bi and Poo’s ex-

periments) typically make multiple contacts with the post[ls]

synaptic cell [31]. It is safe to say that single synapses do
not mediate currents on the order of Bi and Poo’s larger dak¥f]
(~ 2500pA). This issue overlaps with debates concerning
pre- and post-synaptic contributions to plasticity [333] [17]
and the degree to which plasticity is a graded phenomen([)l%]
[34], [28], [30]. Varying the number of pairings in STDP
experiments would directly address the latter. STDP proto-
cols are clearly promising for the investigation of weight{1°]
dependent plasticity, but the potentially confoundinget

of populations of synapses must be carefully addressed. [20]
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