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Huxter et al, 1993

spike times convey
spatial information

is it possible for them to dissociate? Harris et al.5 reported an overall
relationship between phase and rate in spikes recorded on a linear
track, and our data show a similar relationship (Fig. 1g; Supplemen-
tary Fig. 1a, b). However, it is much weaker than the relationship
between phase and position (Fig. 1d; phase correlates better with
position than rate in 66/77 cells, P ! 5.3 £ 10211), and may result
directly from the relationship that both phase and rate hold with
position (Supplementary Fig. 1c). Mehta and colleagues6 reported
that, over the first few runs of a session, the firing fields became
more negatively skewed versus position and the phase precession
strengthened—suggesting that both rate and phase reflect the net
input to the cell and that this input becomes ramp-shaped,
increasing with distance through the field. Our fields show a
continuous range of negative, zero and positive skew, but there
was no correlation between skew and the rate or amount of phase
precession (Supplementary Fig. 2). Thus a causal relationship
between negative field skew and phase precession is unlikely, despite
both effects strengthening over the first few runs of a session.

To see whether phase and rate dissociate within a place field, each
field was divided into three equal segments: the beginning, middle
and end. The mean IFR and mean firing phase per theta cycle, and
their respective temporal derivatives (TDIFR and TDphase) for runs
through each segment of the field were averaged across the popu-
lation (Fig. 2). The mean phase per cycle continues to precess
throughout the entire run, despite the firing rate rising in the early
part of the field and then falling, and despite the increasing variance
of firing phase through the field6,14. TDIFR is positive in the early part
of the field and negative in the late part, while TDphase is negative
throughout, demonstrating that phase precession occurs during
both accelerating and decelerating spike trains, and that the firing
rate rises and falls within each run. Thus, again, a causal relationship
between phase precession and increasing rate is unlikely, consistent
with the much lower correlation of phase with firing rate than with
position (Fig. 1).
To see whether rate and phase dissociate on a run-by-run basis,

the runs with the highest and lowest firing rates for each cell were
identified so that the phase precession in both data sets could be
compared. Across the population, we found no difference in mean
phase precession between the high- and low-firing-rate runs.
Figure 3 shows that phase precession takes place equally on trials
with low as well as high firing rates, and even under conditions of
very low firing rates with two or fewer spikes per run (Fig. 3b). Thus
the dissociation of firing rate and firing phase is not due to effects
specific to the second part of the field such as habituation, spike
frequency accommodation, or to high- and low-rate runs being
combined in the overall mean rate. In addition, the above data rule
out any necessary coupling between phase precession and TDIFR

(compare ref. 5).
If the phase and firing rate can be independent, what variables

Figure 1 Place cell phase of firing correlates best with position. a, Behavioural task: rat
shuttles back and forth along linear track between food rewards contained in cups

attached to movable walls. b, False-colour firing field of a place cell created from multiple

runs in the eastward direction. c, EEG theta rhythm and place cell firing (in red) for the

same cell on a single eastward run. Ticks above the spikes indicate " to 2 zero

crossings (08/3608 phase) for each theta wave, lines through theta waves indicate 2708.

Bursts of spikes occur at higher than theta frequency causing each successive burst to

move to an earlier phase of the theta cycle, despite initially rising, then falling firing

rate. Theta cycle phase of spikes for multiple runs from a place cell is plotted against

position (d), time (e) and instantaneous firing rate (IFR; f) in the place field. g, Phase
(adjusted for circularity, see Methods) is better correlated with location than with time or

firing rate across the population of cells. Here and in subsequent figures, vertical bars

represent ^s.e.m.

Figure 2 Phase precession is independent of IFR. a, Phase depends on location,
being highest in the early third of each field, lower in the middle third, and lowest in the

late third. b, Temporal derivative of phase (TDphase) is negative in each portion of the field
(68/76 fields in the early portion, P , 1 £ 10212; 57/76 in the middle, P , 1 £ 1025;

46/76 late, P , 0.05, binomial test). c, IFR starts low, increases in the middle third

and then decreases in the late part of the field. d, Temporal derivative of instantaneous
firing rate (TDIFR) starts high, falls towards zero in the middle third, and then goes negative

in the last third. Here and in subsequent figures, an asterisk denotes P , 0.05, and a

double asterisk denotes P , 0.01.
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input to the cell and that this input becomes ramp-shaped,
increasing with distance through the field. Our fields show a
continuous range of negative, zero and positive skew, but there
was no correlation between skew and the rate or amount of phase
precession (Supplementary Fig. 2). Thus a causal relationship
between negative field skew and phase precession is unlikely, despite
both effects strengthening over the first few runs of a session.

To see whether phase and rate dissociate within a place field, each
field was divided into three equal segments: the beginning, middle
and end. The mean IFR and mean firing phase per theta cycle, and
their respective temporal derivatives (TDIFR and TDphase) for runs
through each segment of the field were averaged across the popu-
lation (Fig. 2). The mean phase per cycle continues to precess
throughout the entire run, despite the firing rate rising in the early
part of the field and then falling, and despite the increasing variance
of firing phase through the field6,14. TDIFR is positive in the early part
of the field and negative in the late part, while TDphase is negative
throughout, demonstrating that phase precession occurs during
both accelerating and decelerating spike trains, and that the firing
rate rises and falls within each run. Thus, again, a causal relationship
between phase precession and increasing rate is unlikely, consistent
with the much lower correlation of phase with firing rate than with
position (Fig. 1).
To see whether rate and phase dissociate on a run-by-run basis,

the runs with the highest and lowest firing rates for each cell were
identified so that the phase precession in both data sets could be
compared. Across the population, we found no difference in mean
phase precession between the high- and low-firing-rate runs.
Figure 3 shows that phase precession takes place equally on trials
with low as well as high firing rates, and even under conditions of
very low firing rates with two or fewer spikes per run (Fig. 3b). Thus
the dissociation of firing rate and firing phase is not due to effects
specific to the second part of the field such as habituation, spike
frequency accommodation, or to high- and low-rate runs being
combined in the overall mean rate. In addition, the above data rule
out any necessary coupling between phase precession and TDIFR

(compare ref. 5).
If the phase and firing rate can be independent, what variables

Figure 1 Place cell phase of firing correlates best with position. a, Behavioural task: rat
shuttles back and forth along linear track between food rewards contained in cups

attached to movable walls. b, False-colour firing field of a place cell created from multiple

runs in the eastward direction. c, EEG theta rhythm and place cell firing (in red) for the

same cell on a single eastward run. Ticks above the spikes indicate " to 2 zero

crossings (08/3608 phase) for each theta wave, lines through theta waves indicate 2708.

Bursts of spikes occur at higher than theta frequency causing each successive burst to

move to an earlier phase of the theta cycle, despite initially rising, then falling firing
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and then decreases in the late part of the field. d, Temporal derivative of instantaneous
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is it possible for them to dissociate? Harris et al.5 reported an overall
relationship between phase and rate in spikes recorded on a linear
track, and our data show a similar relationship (Fig. 1g; Supplemen-
tary Fig. 1a, b). However, it is much weaker than the relationship
between phase and position (Fig. 1d; phase correlates better with
position than rate in 66/77 cells, P ! 5.3 £ 10211), and may result
directly from the relationship that both phase and rate hold with
position (Supplementary Fig. 1c). Mehta and colleagues6 reported
that, over the first few runs of a session, the firing fields became
more negatively skewed versus position and the phase precession
strengthened—suggesting that both rate and phase reflect the net
input to the cell and that this input becomes ramp-shaped,
increasing with distance through the field. Our fields show a
continuous range of negative, zero and positive skew, but there
was no correlation between skew and the rate or amount of phase
precession (Supplementary Fig. 2). Thus a causal relationship
between negative field skew and phase precession is unlikely, despite
both effects strengthening over the first few runs of a session.

To see whether phase and rate dissociate within a place field, each
field was divided into three equal segments: the beginning, middle
and end. The mean IFR and mean firing phase per theta cycle, and
their respective temporal derivatives (TDIFR and TDphase) for runs
through each segment of the field were averaged across the popu-
lation (Fig. 2). The mean phase per cycle continues to precess
throughout the entire run, despite the firing rate rising in the early
part of the field and then falling, and despite the increasing variance
of firing phase through the field6,14. TDIFR is positive in the early part
of the field and negative in the late part, while TDphase is negative
throughout, demonstrating that phase precession occurs during
both accelerating and decelerating spike trains, and that the firing
rate rises and falls within each run. Thus, again, a causal relationship
between phase precession and increasing rate is unlikely, consistent
with the much lower correlation of phase with firing rate than with
position (Fig. 1).
To see whether rate and phase dissociate on a run-by-run basis,

the runs with the highest and lowest firing rates for each cell were
identified so that the phase precession in both data sets could be
compared. Across the population, we found no difference in mean
phase precession between the high- and low-firing-rate runs.
Figure 3 shows that phase precession takes place equally on trials
with low as well as high firing rates, and even under conditions of
very low firing rates with two or fewer spikes per run (Fig. 3b). Thus
the dissociation of firing rate and firing phase is not due to effects
specific to the second part of the field such as habituation, spike
frequency accommodation, or to high- and low-rate runs being
combined in the overall mean rate. In addition, the above data rule
out any necessary coupling between phase precession and TDIFR

(compare ref. 5).
If the phase and firing rate can be independent, what variables

Figure 1 Place cell phase of firing correlates best with position. a, Behavioural task: rat
shuttles back and forth along linear track between food rewards contained in cups

attached to movable walls. b, False-colour firing field of a place cell created from multiple

runs in the eastward direction. c, EEG theta rhythm and place cell firing (in red) for the

same cell on a single eastward run. Ticks above the spikes indicate " to 2 zero

crossings (08/3608 phase) for each theta wave, lines through theta waves indicate 2708.

Bursts of spikes occur at higher than theta frequency causing each successive burst to

move to an earlier phase of the theta cycle, despite initially rising, then falling firing

rate. Theta cycle phase of spikes for multiple runs from a place cell is plotted against

position (d), time (e) and instantaneous firing rate (IFR; f) in the place field. g, Phase
(adjusted for circularity, see Methods) is better correlated with location than with time or

firing rate across the population of cells. Here and in subsequent figures, vertical bars

represent ^s.e.m.

Figure 2 Phase precession is independent of IFR. a, Phase depends on location,
being highest in the early third of each field, lower in the middle third, and lowest in the

late third. b, Temporal derivative of phase (TDphase) is negative in each portion of the field
(68/76 fields in the early portion, P , 1 £ 10212; 57/76 in the middle, P , 1 £ 1025;

46/76 late, P , 0.05, binomial test). c, IFR starts low, increases in the middle third

and then decreases in the late part of the field. d, Temporal derivative of instantaneous
firing rate (TDIFR) starts high, falls towards zero in the middle third, and then goes negative

in the last third. Here and in subsequent figures, an asterisk denotes P , 0.05, and a

double asterisk denotes P , 0.01.
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… and sleep

is it possible for them to dissociate? Harris et al.5 reported an overall
relationship between phase and rate in spikes recorded on a linear
track, and our data show a similar relationship (Fig. 1g; Supplemen-
tary Fig. 1a, b). However, it is much weaker than the relationship
between phase and position (Fig. 1d; phase correlates better with
position than rate in 66/77 cells, P ! 5.3 £ 10211), and may result
directly from the relationship that both phase and rate hold with
position (Supplementary Fig. 1c). Mehta and colleagues6 reported
that, over the first few runs of a session, the firing fields became
more negatively skewed versus position and the phase precession
strengthened—suggesting that both rate and phase reflect the net
input to the cell and that this input becomes ramp-shaped,
increasing with distance through the field. Our fields show a
continuous range of negative, zero and positive skew, but there
was no correlation between skew and the rate or amount of phase
precession (Supplementary Fig. 2). Thus a causal relationship
between negative field skew and phase precession is unlikely, despite
both effects strengthening over the first few runs of a session.

To see whether phase and rate dissociate within a place field, each
field was divided into three equal segments: the beginning, middle
and end. The mean IFR and mean firing phase per theta cycle, and
their respective temporal derivatives (TDIFR and TDphase) for runs
through each segment of the field were averaged across the popu-
lation (Fig. 2). The mean phase per cycle continues to precess
throughout the entire run, despite the firing rate rising in the early
part of the field and then falling, and despite the increasing variance
of firing phase through the field6,14. TDIFR is positive in the early part
of the field and negative in the late part, while TDphase is negative
throughout, demonstrating that phase precession occurs during
both accelerating and decelerating spike trains, and that the firing
rate rises and falls within each run. Thus, again, a causal relationship
between phase precession and increasing rate is unlikely, consistent
with the much lower correlation of phase with firing rate than with
position (Fig. 1).
To see whether rate and phase dissociate on a run-by-run basis,

the runs with the highest and lowest firing rates for each cell were
identified so that the phase precession in both data sets could be
compared. Across the population, we found no difference in mean
phase precession between the high- and low-firing-rate runs.
Figure 3 shows that phase precession takes place equally on trials
with low as well as high firing rates, and even under conditions of
very low firing rates with two or fewer spikes per run (Fig. 3b). Thus
the dissociation of firing rate and firing phase is not due to effects
specific to the second part of the field such as habituation, spike
frequency accommodation, or to high- and low-rate runs being
combined in the overall mean rate. In addition, the above data rule
out any necessary coupling between phase precession and TDIFR

(compare ref. 5).
If the phase and firing rate can be independent, what variables

Figure 1 Place cell phase of firing correlates best with position. a, Behavioural task: rat
shuttles back and forth along linear track between food rewards contained in cups

attached to movable walls. b, False-colour firing field of a place cell created from multiple

runs in the eastward direction. c, EEG theta rhythm and place cell firing (in red) for the

same cell on a single eastward run. Ticks above the spikes indicate " to 2 zero

crossings (08/3608 phase) for each theta wave, lines through theta waves indicate 2708.

Bursts of spikes occur at higher than theta frequency causing each successive burst to

move to an earlier phase of the theta cycle, despite initially rising, then falling firing

rate. Theta cycle phase of spikes for multiple runs from a place cell is plotted against

position (d), time (e) and instantaneous firing rate (IFR; f) in the place field. g, Phase
(adjusted for circularity, see Methods) is better correlated with location than with time or

firing rate across the population of cells. Here and in subsequent figures, vertical bars

represent ^s.e.m.

Figure 2 Phase precession is independent of IFR. a, Phase depends on location,
being highest in the early third of each field, lower in the middle third, and lowest in the

late third. b, Temporal derivative of phase (TDphase) is negative in each portion of the field
(68/76 fields in the early portion, P , 1 £ 10212; 57/76 in the middle, P , 1 £ 1025;

46/76 late, P , 0.05, binomial test). c, IFR starts low, increases in the middle third

and then decreases in the late part of the field. d, Temporal derivative of instantaneous
firing rate (TDIFR) starts high, falls towards zero in the middle third, and then goes negative

in the last third. Here and in subsequent figures, an asterisk denotes P , 0.05, and a

double asterisk denotes P , 0.01.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:
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j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
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@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.

1678 VOLUME 8 [ NUMBER 12 [ DECEMBER 2005 NATURE NEUROSCIENCE

ART ICLES

©
2

0
0

5
 N

a
tu

re
 P

u
b

li
s

h
in

g
 G

ro
u

p
  

h
tt

p
:/

/w
w

w
.n

a
tu

re
.c

o
m

/n
a

tu
re

n
e

u
ro

s
c

ie
n

c
e

2 0 5 3

stored activities

x1 x2 x3 x4

3 8 2 1

input for retrieval

2 8 2 3

storage in synaptic efficacies

Lengyel & Dayan, NIPS 2004

x̃1 x̃2 x̃3 x̃4

http://www.eng.cam.ac.uk/~m.lengyel
http://www.eng.cam.ac.uk/~m.lengyel


Máté Lengyel: Episodic memory: why and how? BCCN 2009, 3 October 2009 http://www.eng.cam.ac.uk/~m.lengyel

MEMORY RETRIEVAL AS PROBABILISTIC INFERENCE

17

! input is ambiguous

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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! input is ambiguous

! storage in synapses loses information

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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! input is ambiguous

! storage in synapses loses information

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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! input is ambiguous

! storage in synapses loses information

! prior knowledge about kind of patterns stored

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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MEMORY RETRIEVAL AS PROBABILISTIC INFERENCE

17

! input is ambiguous

! storage in synapses loses information

! prior knowledge about kind of patterns stored

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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full answer to a memory query is a probability distribution

P(population activity pattern | recall cue, synaptic efficacies)

Lengyel & Dayan, NIPS 2004
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general form:

wij =
M!

m=1

!
"
x(m)

i , x(m)
j

#
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the probability that pattern x is chosen to be storedP(x)

P(x|x̃,W) ! P(x) P(x̃|x) P(W|x)
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P(x|x̃,W) ! P(x) P(x̃|x) P(W|x)

x
P(x̃|x)

P(x)

the probability that input x is received 
when the true pattern to be recalled is x

x̃
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P(x|x̃,W) ! P(x) P(x̃|x) P(W|x)

x
P(x̃|x)

P(x)

the probability that input x is received 
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P(x|x̃,W) ! P(x) P(x̃|x) P(W|x)

x
P(x̃|x)

P(W|x)

P(x)

the probability that input x is received 
when the true pattern to be recalled is x

x̃

the probability of obtaining weight matrix W
by storing pattern x and M-1 random patterns

x̃

P(x̃|x)
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by storing pattern x and M-1 random patterns
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the probability that pattern x is chosen to be storedP(x)

P(x|x̃,W) ! P(x) P(x̃|x) P(W|x)

x
P(x̃|x)

P(W|x)

P(x)

the probability that input x is received 
when the true pattern to be recalled is x

x̃

the probability of obtaining weight matrix W
by storing pattern x and M-1 random patterns

x̃

P(x̃|x)
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what is the probability of that pattern x is the right pattern to be recalled
given that the input is x and the weight matrix W
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• memories are represented as
distributed patterns of activity

• assume particular learning rule

• assume particular network dynamics

! find energy function
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• memories are represented as
distributed patterns of activity

• assume particular learning rule

• define energy function

! derive network dynamics

P(x|x̃,W)

approximate

network dynamics implements gradient ascent on the (log) posterior 
d

dt
xi !

!

!xi
log P(x|x̃,W)
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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strengthen

weaken

on the statistical characteristics of the traces and cues and the nature of
the lossiness of storage.
More concretely, consider a network of N neurons (Fig. 1a), fully

connected by N ! (N – 1) synaptic connections, and storing
M memory traces. Memories are represented by distributed patterns
of neural activity, with scalar variable xi

m characterizing the ith neuron
in the mth memory trace. Here, we treat xi

m as neuron i’s spiking time
relative to a reference point of an ongoing field potential oscillation,
such as the peak of theta oscillation16,35. Storage amounts to changing
the synaptic weights between neurons according to their activities in a
memory trace using a synaptic plasticity rule:

Dwij " O#xmi ; x
m
j $ #1$

This rule is local in that the change to the synaptic weight wij between
presynaptic neuron j and postsynaptic neuron i depends only on the
activities of these two neurons and not those of other neurons. Except
for this constraint, we allow O to be an arbitrary function. We also
make the simplifying assumption that synaptic plasticity is additive
across the memories:

wij "
X

m

O#xmi ; x
m
j $ #2$

Local and additive plasticity loses information in storing memories,
because O transforms pre- and postsynaptic activity into a single scalar

contribution. Indeed, equation (2) is noninvertible, with many differ-
ent combinations of synaptic weight changes potentially leading to the
same total synaptic weight. This lossiness implies that recall from a
noisy or partial cue involves a process of combining probabilistic
information from (i) the general statistical properties of the traces
(that is, the prior distribution), (ii) the cue itself and (iii) the synaptic
weights. Finding the statistically most likely memory trace involves
complex, nonlocal operations. However, it can be well approximated
(Supplementary Note online) by a form of neural dynamics among the
recurrently coupled neurons in which there are explicit terms corre-
sponding exactly to each of these three sources of information.
Under this account, synaptic interactions between neurons of the

network implement a ‘search’ for the activity pattern associated with
the original memory trace that was most likely to have led to the cue.
Over the course of search, each neuron gradually changes its spike
timing such that the activities of it and its synaptic partners are
increasingly likely to reflect a pattern consistent with the corresponding
synaptic weights. As a result, the contribution to the dynamics of
neuron i associated with the synaptic weight term involves a linear sum
of influences from its presynaptic afferents j, with each element in the
sum taking the form

H#xi; xj$ " wij
@

@xi
O#xi; xj$ #3$

This has the obvious appealing characteristic that the strength of the
interaction between two neurons is scaled by the synaptic weight. Less
obvious is our key suggestion that the interaction should be determined
by the derivative of the synaptic plasticity rule that was used to store
memories in the network. We can derive an intuition about this rule by
considering what happens if the synaptic weight is positive; that is,
above an average value. This large synaptic weight arises from the
weight changes associated with the memory traces. Therefore, the
neuron should change its activity to increase the contribution that it
and its synaptic partner would have made to the synaptic weight had
their present activity indeed been associated with one of the memories
that caused this excess synaptic weight.
Here, we study the case of area CA3 in the hippocampus, in which

the synaptic plasticity rule involves STDP. We show that the optimal
dynamics for neurons representing memory traces in terms of the
phase of firing relative to an underlying oscillation is determined by a
particular shape of PRC that we experimentally validate.

Spike timing-based memories
The hippocampus, as well as other areas involved in memory proces-
sing, demonstrates prominent local field potential oscillations (LFPOs)
under a variety of conditions, including both awake and sleep states36.
In such cases, the phases of the spikes of a neuron relative to the LFPO
have been shown to be carefully controlled19 and even to convey mea-
ningful stimulus information, such as information about the position
of the animal in its environment16. The discovery of STDP, for which
the relative timing of pre- and postsynaptic firings determines the sign
and extent of synaptic weight change, offered new insights into how the
information represented by spike times might be stored37. However,
except for some interesting suggestions about neuronal resonance12,
it is less clear how one might correctly recall this information.
Our theory allows a systematic treatment of this case, if we interpret

neuronal activities as the phases of firing relative to an ongoing LFPO.
This description is valid in the limit that neurons are driven to spike by
a perithreshold oscillation approximately once in each cycle of the
LFPO. First, we interpret storage (O in equation (1)) in terms of an
STDP rule (Fig. 1b; recorded in cultured hippocampal neurons34), with
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Figure 1 Normative theory of spike timing–based autoassociative memory.
(a) Schematic diagram of a recurrent network of neurons. Neurons are
numbered i " 1 y N and are characterized by their respective activities,
x1 y xN. Presynaptic neuron j is connected to postsynaptic neuron i through
a recurrent synapse with efficacy (weight) wij. Although all-to-all connectivity
(excluding autapses) was assumed for the theoretical derivations, here only
a few synapses are shown for clarity. (b) Memories are stored by a spike
timing-dependent plasticity (STDP) rule derived from experiments on
cultured hippocampal neurons34. tpre and tpost represent times of pre- and
postsynaptic firing. Gray lines are exponential fits24 to data from ref. 34.
Black line is a continuous fit taken to be the synaptic learning rule (O) in
equation (1). (c) Optimal coupling function (H) for retrieving memories stored
by STDP (black line in b), as derived in equation (3). This shows how the
firing phase of the postsynaptic neuron should change as a function of the
phase difference between pre- and postsynaptic firing, if neurons were to
interact continuously. fpre and fpost represent firing phases of pre- and
postsynaptic cells relative to a local field potential oscillation. (d) Optimal
phase response curves (PRCs) derived from the optimal coupling function
(shown in c), showing how neurons should interact through spikes. Different
curves correspond to linearly increasing synaptic weights (in increasing order:
red, yellow, green, blue). ‘Zero’ phase is the phase of the postsynaptic spike.
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(12,000 recurrent synapses per CA3 pyramidal cell4, as opposed to
the maximal 200 synapses used in our simulations) will be a
highly competent spike timing–based autoassociator. Further, perfor-
mance degraded only weakly even if the STDP was asymmetric: for
instance, with the potentiation having larger maximal amplitude
and tighter time frame than depression34 (Supplementary Fig. 1).
Performance was more sensitive to a mismatch between storage rule
and recall dynamics.

Characteristics of the optimal phase response curve
The theoretically optimal PRC (Fig. 1d) for autoassociative memory
recall has five salient characteristics. First, excitatory currents can cause
both delay (positive parts) and advancement (negative parts) of the
next spike. Second, spike delay is predicted for EPSPs that follow
postsynaptic spiking. Third, EPSPs immediately preceding postsynap-
tic spikes should have negligible effect on postsynaptic spikes. Fourth,
EPSPs before this insensitive period or after the interval where delay is
predicted should result in advancement. Fifth, based on equation (3)
and shown as different colored lines in Figure 1d, the effect of
presynaptic spiking on the phase response should scale with the
synaptic weight between the two cells. The optimal scaling of the
PRC is not exactly linear, but its zero crossings (relative spike times for
which no phase shift is predicted) should be unaffected by changing the
synaptic weight. Type II oscillators, such as the Hodgkin-Huxley
model, show spiking behavior that broadly complies with these cri-
teria38, thus suggesting that real neurons may implement similar PRCs.
These features are preserved (Supplementary Fig. 2 online)

for a range of STDP curves that satisfy a few qualitative properties:
potentiation for pre- before postsynaptic firings, depotentiation for

post- before presynaptic firings, pre- and postsynaptic spikes required
to appear within a limited time window for both, and a transitionary
regime between the potentiation and depotentiation at around zero
time difference.
The optimal PRC also seems to be insensitive to inputs arriving in

the middle of the spiking cycle (shown as the two flat flanks of the PRC
in Fig. 1d), unlike most biophysically plausible PRCs26. This insensi-
tivity is predicted because the function used to fit experimental STDP
curves converges to zero and is therefore already flat at 25 ms (Fig. 1b,
black line), whereas for the conversion from spike time to phase, the
length of the theta cycle was assumed to be 125 ms (corresponding to
the widely reported 8 Hz theta frequency35). A shallower fall-off of the
STDP curve (as shown by the original exponential fit of the data;
Fig. 1b, gray line) or a higher theta frequency would diminish this
region, leading to the fusion of the two intervals where advancement is
predicted (Supplementary Fig. 2).

Phase response curves of hippocampal CA3 pyramidal cells
We used somatic whole-cell patch-clamp recordings from CA3 pyr-
amidal neurons in acute hippocampal slices to measure the PRC for
comparison with the theory. Theta oscillation was simulated by a
somatic oscillatory inhibitory conductance, as is also observed in vivo35,
and excitatory synaptic input was delivered by extracellular stimulation
(Fig. 3a,b). We confirmed experimentally that excitatory input could
both delay and advance spikes (Fig. 3c). As predicted by theory, delay
was observed in the next cycle when EPSP followed immediately after a
spike, and advancement was observed when EPSP occurred before the
expected spike or well after the previous spike (Fig. 3d,e; n ! 7 cells).
To confirm that both phase advancement and phase delay are due to

the EPSP itself, and not to some other extracellular stimulation-evoked
modulatory or network event, we repeated the experiment using
dynamic clamp to simulate an excitatory input conductance (Fig. 4).
Indeed, the same effects of phase delay and phase advancement were
observed using artificial excitatory postsynaptic conductances (EPSGs,
Fig. 4a,b). Moreover, we also confirmed that the effect on phase
advancement and phase delay increased with synaptic conductance,
with the zero crossings of the PRC remaining relatively unaffected
(Fig. 4c), as predicted by theory (Fig. 1d). Similar results were obtained
in seven other cells. Finally, in order to test the generalizability of our
findings, we recorded PRCs at a higher but still within-theta band
frequency (Supplementary Fig. 3 online) as well as in response
to bursts of EPSGs (Supplementary Fig. 4 online) and found
that PRCs were preserved under these conditions. In sum, individual
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Figure 3 Experimental measurement of the PRC in CA3 hippocampal
neurons. (a) Diagram of a CA3 hippocampal neuron with patch recording
electrode at the soma and extracellular stimulation electrode among recurrent
fibers in the stratum oriens. Sinusoidal inhibitory conductance mimicking
hippocampal theta oscillation (5 Hz) was injected through the patch pipette
using dynamic clamp. An EPSP was evoked using extracellular stimulation.
(b) Average somatic EPSP recorded in response to extracellular stimulation
without oscillation (n ! 5). (c) Sample of current-clamp recordings showing
the phase response of a CA3 neuron (gray trace) to the stimulated EPSP
(arrows; times of stimulation) during 5 Hz oscillation (black trace). (d) Plot of
phase delay and advancement of the spike as a function of the phase of the
EPSP. ‘Zero’ phase was defined as the average phase at which spikes
occurred during 5 Hz oscillation without EPSP (vertical dotted lines in c).
The PRC (open circles) was subject to Gaussian smoothing (gray line).
Horizontal dotted lines show ± 2 s.d. of the average spike phase without
EPSP. (e) Smoothed PRCs (gray lines) and raw data points (filled black
circles) normalized for n ! 7 cells. Note that there are virtually no data
points in the second quadrant.

1680 VOLUME 8 [ NUMBER 12 [ DECEMBER 2005 NATURE NEUROSCIENCE

ART ICLES

©
2
0
0
5
 N

a
tu

re
 P

u
b

li
s
h

in
g

 G
ro

u
p

  
h

tt
p

:/
/w

w
w

.n
a

tu
re

.c
o

m
/n

a
tu

re
n

e
u

ro
s

c
ie

n
c

e

Lengyel et al, Nat Neurosci 2005

Lengyel et al, Nat Neurosci 2005

http://www.eng.cam.ac.uk/~m.lengyel
http://www.eng.cam.ac.uk/~m.lengyel


Máté Lengyel: Episodic memory: why and how? BCCN 2009, 3 October 2009 http://www.eng.cam.ac.uk/~m.lengyel

TESTING THE PREDICTION IN VITRO

22

(12,000 recurrent synapses per CA3 pyramidal cell4, as opposed to
the maximal 200 synapses used in our simulations) will be a
highly competent spike timing–based autoassociator. Further, perfor-
mance degraded only weakly even if the STDP was asymmetric: for
instance, with the potentiation having larger maximal amplitude
and tighter time frame than depression34 (Supplementary Fig. 1).
Performance was more sensitive to a mismatch between storage rule
and recall dynamics.

Characteristics of the optimal phase response curve
The theoretically optimal PRC (Fig. 1d) for autoassociative memory
recall has five salient characteristics. First, excitatory currents can cause
both delay (positive parts) and advancement (negative parts) of the
next spike. Second, spike delay is predicted for EPSPs that follow
postsynaptic spiking. Third, EPSPs immediately preceding postsynap-
tic spikes should have negligible effect on postsynaptic spikes. Fourth,
EPSPs before this insensitive period or after the interval where delay is
predicted should result in advancement. Fifth, based on equation (3)
and shown as different colored lines in Figure 1d, the effect of
presynaptic spiking on the phase response should scale with the
synaptic weight between the two cells. The optimal scaling of the
PRC is not exactly linear, but its zero crossings (relative spike times for
which no phase shift is predicted) should be unaffected by changing the
synaptic weight. Type II oscillators, such as the Hodgkin-Huxley
model, show spiking behavior that broadly complies with these cri-
teria38, thus suggesting that real neurons may implement similar PRCs.
These features are preserved (Supplementary Fig. 2 online)

for a range of STDP curves that satisfy a few qualitative properties:
potentiation for pre- before postsynaptic firings, depotentiation for

post- before presynaptic firings, pre- and postsynaptic spikes required
to appear within a limited time window for both, and a transitionary
regime between the potentiation and depotentiation at around zero
time difference.
The optimal PRC also seems to be insensitive to inputs arriving in

the middle of the spiking cycle (shown as the two flat flanks of the PRC
in Fig. 1d), unlike most biophysically plausible PRCs26. This insensi-
tivity is predicted because the function used to fit experimental STDP
curves converges to zero and is therefore already flat at 25 ms (Fig. 1b,
black line), whereas for the conversion from spike time to phase, the
length of the theta cycle was assumed to be 125 ms (corresponding to
the widely reported 8 Hz theta frequency35). A shallower fall-off of the
STDP curve (as shown by the original exponential fit of the data;
Fig. 1b, gray line) or a higher theta frequency would diminish this
region, leading to the fusion of the two intervals where advancement is
predicted (Supplementary Fig. 2).

Phase response curves of hippocampal CA3 pyramidal cells
We used somatic whole-cell patch-clamp recordings from CA3 pyr-
amidal neurons in acute hippocampal slices to measure the PRC for
comparison with the theory. Theta oscillation was simulated by a
somatic oscillatory inhibitory conductance, as is also observed in vivo35,
and excitatory synaptic input was delivered by extracellular stimulation
(Fig. 3a,b). We confirmed experimentally that excitatory input could
both delay and advance spikes (Fig. 3c). As predicted by theory, delay
was observed in the next cycle when EPSP followed immediately after a
spike, and advancement was observed when EPSP occurred before the
expected spike or well after the previous spike (Fig. 3d,e; n ! 7 cells).
To confirm that both phase advancement and phase delay are due to

the EPSP itself, and not to some other extracellular stimulation-evoked
modulatory or network event, we repeated the experiment using
dynamic clamp to simulate an excitatory input conductance (Fig. 4).
Indeed, the same effects of phase delay and phase advancement were
observed using artificial excitatory postsynaptic conductances (EPSGs,
Fig. 4a,b). Moreover, we also confirmed that the effect on phase
advancement and phase delay increased with synaptic conductance,
with the zero crossings of the PRC remaining relatively unaffected
(Fig. 4c), as predicted by theory (Fig. 1d). Similar results were obtained
in seven other cells. Finally, in order to test the generalizability of our
findings, we recorded PRCs at a higher but still within-theta band
frequency (Supplementary Fig. 3 online) as well as in response
to bursts of EPSGs (Supplementary Fig. 4 online) and found
that PRCs were preserved under these conditions. In sum, individual
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Figure 3 Experimental measurement of the PRC in CA3 hippocampal
neurons. (a) Diagram of a CA3 hippocampal neuron with patch recording
electrode at the soma and extracellular stimulation electrode among recurrent
fibers in the stratum oriens. Sinusoidal inhibitory conductance mimicking
hippocampal theta oscillation (5 Hz) was injected through the patch pipette
using dynamic clamp. An EPSP was evoked using extracellular stimulation.
(b) Average somatic EPSP recorded in response to extracellular stimulation
without oscillation (n ! 5). (c) Sample of current-clamp recordings showing
the phase response of a CA3 neuron (gray trace) to the stimulated EPSP
(arrows; times of stimulation) during 5 Hz oscillation (black trace). (d) Plot of
phase delay and advancement of the spike as a function of the phase of the
EPSP. ‘Zero’ phase was defined as the average phase at which spikes
occurred during 5 Hz oscillation without EPSP (vertical dotted lines in c).
The PRC (open circles) was subject to Gaussian smoothing (gray line).
Horizontal dotted lines show ± 2 s.d. of the average spike phase without
EPSP. (e) Smoothed PRCs (gray lines) and raw data points (filled black
circles) normalized for n ! 7 cells. Note that there are virtually no data
points in the second quadrant.

1680 VOLUME 8 [ NUMBER 12 [ DECEMBER 2005 NATURE NEUROSCIENCE

ART ICLES

©
2
0
0
5
 N

a
tu

re
 P

u
b

li
s
h

in
g

 G
ro

u
p

  
h

tt
p

:/
/w

w
w

.n
a

tu
re

.c
o

m
/n

a
tu

re
n

e
u

ro
s

c
ie

n
c

e

CA3 pyramidal neurons demonstrate intrinsic dynamics that
support optimal retrieval of information by phase coding according
to our theory.

DISCUSSION
We report a normative theory of statistically sound recall in analog
associative memory networks. We have shown that the theory makes a
direct link between the rule governing spike timing–dependent synaptic
plasticity and the neurons’ PRCs, and we have qualitatively confirmed
the precepts of the theory by recording conformant PRCs from
hippocampal CA3 neurons.
Our technique treats analog autoassociative memory from a prob-

abilistic viewpoint32,33, deriving a general relationship between (i) the
nature and representational substrate of the memory traces and the
rules governing neural plasticity, and (ii) the dynamical behavior
during recall that would approximately solve a formally presented
task such as pattern completion or noise removal. Applied to the case of
memory traces represented as phases, and stored by an STDP rule
(derived from data from cultured hippocampal neurons34), the result-
ing dynamics specified a form of PRC. Not only were the general
characteristics of this PRC consistent with those in the CA3 data (for
instance, the existence of delays and advances), but also the more
detailed predictions were matched, such as the scaling of the PRC with
the input (in the dynamic clamp experiments) and even the form of the
delays and advances relative to the standard firing phase. It is not at all
trivial that the resulting PRC that was expected had a biophysically
reasonable form, let alone that it matched actual PRCs in CA3. Indeed,
in contrast to the type II–like PRCs we recorded here in hippocampal

CA3 pyramidal cells, classical integrate-and-fire dynamics produce
only phase advancement in response to excitatory inputs26, and even
neocortical pyramidal cells show phase response characteristics of Type
I membranes and thus lack a delay component in their PRCs40. It is also
not trivial that the network performed recall competently, as analog
autoassociative memory is hard15.
Our theoretical framework embodied a number of simplifying

assumptions that allowed for an analytical derivation of the optimal
recall dynamics but whose biological plausibility may seem to be
unclear. We explicitly tested the incorporation of storage noise, limited
connectivity and asymmetry in the STDP rule (Supplementary
Fig. 1), showing that none of these had an importantly deleterious
effect on performance. As one might expect from the framework, the
most marked sensitivity is to mismatch between storage and recall
(Supplementary Fig. 1).
One more holistic assumption was that, in line with the traditional

theory of autoassociativememories3,5, we treatedmemory encoding and
retrieval separately, as distinct modes of operation. Specifically, neural
activities during encoding were clamped to the memory patterns being
stored so that the intrinsic dynamics of the network did not contribute
to this process. Although, in its extreme form, this assumption is
certainly unrealistic, there is suggestive data that changing levels of
acetylcholine neuromodulation may result in the separation of memory
encoding and retrieval in the hippocampus and related structures by
selectively suppressing transmission and plasticity in afferent or internal
synaptic pathways during these two operational modes41.
Another assumptionwas to have addressed only the simplest form of

oscillatory memory inwhich all neurons fired once per cycle. This was a
marked abstraction of the hippocampus, whose pyramidal cells often
fire bursts of action potentials in vivo16,18. The induction of synaptic
plasticity is also most effective when bursts rather than single spikes are
used in the stimulation protocol23, and spike timing–dependent
plasticity has been shown to encompass multi-spike interactions42

and to be sensitive to the firing rate of pre- and postsynaptic cells43.
Thus, an extension to a joint rate- and phase-based code for informa-
tion is pressing44–46. We suggest that the choice of the number of spikes
fired in a cycle (including no spikes) could convey orthogonal informa-
tion, characterizing the certainty a neuron has about its phase or,
indeed, its relevance for the given pattern (M.L. and P.D., unpublished
data). Under this account, the consequences of firing potentially
multiple spikes per theta cycle for memory encoding are straightfor-
ward: some memories will be stored and therefore retrieved with
greater efficiency. Retrieval dynamics would also have to take into
account the extra information conveyed by instantaneous firing rates.
Preliminary experimental results (Supplementary Fig. 4) are compa-
tible with the conclusion from the extension of our theory that
interactions between bursting cells should be scaled versions of single
spike-based PRCs.
An intriguing suggestion evident in the single-case figures (Figs. 3c

and 4a) is that, after a stimulation, not only is the phase of the very next
spike altered but also the phases of a few successive spikes change27.
Depending on the assumptions postsynaptic neuronal mechanisms
might embody about a neuron’s presynaptic cousins, the theory can
predict various forms for these multistep PRCs; it would therefore be
interesting to characterize these more fully.
Finally, oscillations in one structure are only a small part of the

overall puzzle of memory. There is increasing evidence for the involve-
ment of multiple structures that undergo oscillations of potentially
different frequencies and intermittencies36 but are nevertheless tightly
and jointly regulated10,47,48. Perhaps a first step will be to generalize and
abstract away from single-neuron PRCs to a form of population PRC,
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Figure 4 Effect of EPSG amplitude on the PRC. (a) Sample of current-clamp
recordings showing the response of a CA3 neuron (gray trace) to the EPSG
during 5 Hz oscillation (black trace). The vertical dashed line represents the
average phase at which spikes occurred during 5 Hz oscillation without
EPSG. (b) Plot of phase delay and advancement of spike as a function of the
phase of the EPSG (2 nS). The PRC (open circles) was subject to Gaussian
smoothing (gray line). Horizontal dotted lines show ± 2 s.d. of the average
spike phase without EPSG. (c) Smoothed PRCs produced by EPSGs of
different amplitude in the same cell; 0.5 nS (red), 1 nS (yellow), 1.5 nS
(green) and 2 nS (blue).
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! biological reality
model assumes that each cell fires exactly once in every theta cycle,
but firing rates are vary and convey information

! computational power
we started from a whole posterior distribution, 
but ended up representing a single point estimate (MAP)
! no representation of uncertainty

let’s make the two shortcomings cancel each other!
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