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Electrophysiological research during
the last several decades has solved an
issue that has puzzled humanity for
several centuries: How are the prop-
erties of the physical world repre-
sented in the brain? On a perceptual
level, we now know how the firing
rates of neurons in a majority of
anatomically identified parts of the
brain are selectively modulated by
physical parameters, such as the
color, shape, and velocity of a visual
object; the texture of a tactile stimu-
lus; or the intensity and frequency of
a sound. We also know the neuronal
representation of a majority of bodi-
ly movements. Recent research in
systems neuroscience has focused on

three major issues. First, how percep-
tion is transformed, through several
cortical processing stages, into an
action or motor plan. Second, finding
the neuronal representations corre-
sponding to more complex cognitive
phenomena such as attention, deci-
sion making, and consciousness.
And third, understanding the mecha-
nisms responsible for the emergence
of neural representations.

Although genes contribute signif-
icantly toward setting up the overall
architecture of the brain, it is
believed that a majority of the neural
representations are built up by
experience-dependent plasticity of
synapses. Donald Hebb (1949) pro-
posed a learning rule for the modifi-
cation of synaptic strengths that can
be summarized as follows: If neuron
A repeatedly participates in the acti-
vation of neuron B, the synapse from
A to B is strengthened.

Subsequent in vitro experiments
showed that synapses, especially glu-
taminergic synapses, are indeed plas-

tic (Bliss and Lomo 1973).
Furthermore, a form of long-term
potentiation (LTP) of synaptic
strengths that is dependent on the
NMDA receptor of glutamate indeed
follows a Hebbian learning rule
(Levy and Steward 1983; Gustafsson
and others 1987; Markram and oth-
ers 1997; Bi and Poo 1998). If neu-
ron A fires within approximately
50 ms before neuron B, the
synapse from A to B is potentiated
(LTP), but if neuron A fires within
approximately 50 ms after neuron B,
the synapse from A to B is de-poten-
tiated (LTD).

Neurons in vivo are embedded in
vast and complex networks, and it is
not clear if the precise temporal
activity patterns required for synap-
tic plasticity in vitro indeed occur in
vivo. More important, it is not clear
what will be the effect of synaptic
plasticity on the activity patterns of
complex neuronal networks, and
eventually on behavior (Fig. 1). In
this article, I review some recent
attempts toward understanding these
issues.

Anticipatory Dynamics in CA1

Several physiological and behavioral
results suggest that the adult hip-
pocampus may be ideally suited to
study the effects of LTP/D on the
structure of neuronal networks and
behavior. The hippocampus contains
a large number of glutaminergic
synapses that exhibit NMDA-
dependent LTP/D. Lesion studies
have shown that the hippocampus is
critically involved in learning, mem-
ory (Scoville and Milner 1957), and
spatial navigation (Morris and others
1982). Pyramidal neurons in the
rodent hippocampus fire in a spatial-
ly selective fashion (O’Keefe and
Dostrovsky 1971) and provide an
accurate estimate of the location of
the rat (Wilson and McNaughton
1993). Administration of NMDA
antagonists to the hippocampus
results in a profound deficit in spatial
navigational abilities of a rat (Morris
and others 1982), suggesting that the
mechanisms of NMDA-dependent
LTP/D may indeed be engaged dur-
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ing navigation. Recent studies have
shown that transgenic mice that lack
NMDA-dependent plasticity in the
CA1 region of the hippocampus are
severely impaired in spatial naviga-

tion tasks (Tsien and others 1996).
However, a clear experimental
demonstration linking synaptic plas-
ticity to neuronal activity pattern and
behavior had been lacking.

Hence, we recorded the activity of
neurons from the CA1 region of
awake behaving rats (Fig. 2) using
tetrodes. This method allowed us to
record the activity of 120 well-isolated
hippocampal neurons simultaneous-
ly and hold the same set of neurons
for more than 2 months.

To detect the effects of synaptic
plasticity on the neuronal activity
during behavior, we first looked for a
change in the overall activity of place
cells with experience. Because the
behavior of the rat, such as his
running velocity or heading direc-
tion, are known to strongly influence
the firing rate of place cells
(McNaughton and others 1983), we
first trained the rats to run on narrow
linear tracks, such that their behavior
during maze running was fairly con-
sistent. Surprisingly, there was a
large increase in the firing rate of the
place cells within a few (less than
10) traversals of the track, even in
these familiar environments (Mehta
and McNaughton 1996; Mehta and
others 1997). The increased firing
rates were maintained during the rest
of the experiments (up to 100 more
trials over the subsequent hour).

Although a change in the firing
rate without a change in the environ-
ment or behavior is suggestive of a
change in the internal dynamics of
the brain, it can occur owing to a
wide range of phenomena other than
synaptic plasticity, such as altered
temperature or excitability of the rat.
Further analysis revealed that in
addition to increasing their firing
rates, the centers of these CA1 place
fields progressively shifted back-
ward, that is, they shifted in a direc-
tion opposite to the direction of
movement of the rat. Thus, these
CA1 neurons showed anticipatory
activity, such that whereas at the
beginning of an experiment the neu-
rons encoded the current position of
a rat, after experience the neurons
encoded the future location of the
rat.

When the rats were transferred to
a second environment after running
on the first environment, the place
field firing rates were reset to low
values. Subsequent repeated traver-
sals of the second environment again
resulted in a similar increase in the

Fig. 1. Although much is known at the microscopic level about the biophysical proper-
ties of neurons and synapses (~1 micron) and at the macroscopic level about the behav-
ior, little is known about the behavior of large networks (mesoscopic phenomena).
Furthermore, a mechanistic understanding of how the microscopic laws of biophysics
result in the emergent properties of networks and behavior is one of the central chal-
lenges of neuroscience.

Fig. 2. The rats first ran along the lower linear track (1.5 m long and 10 cm wide) for food
reward at the ends of the track. An overhead camera monitored the position and head-
ing direction of the rat. Each white dot represents the position of the rat at a given
moment. Colored dots represent the position of the rat at the time of occurrence of
spikes from different pyramidal cells. After running on the first track, for about 30 trials
(over about half an hour), the rat was transferred to the second rectangular track, where
he again ran about 30 laps. In addition to firing in limited regions of the tracks, called
place fields, these CA1 pyramidal neurons were also direction selective, such that they
fired robustly when the rat went through the place field in one direction but not the other.
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firing rate and an anticipatory shift
of place fields similar to that seen on
the first track. Thus, the anticipatory
place field dynamics were environ-
ment specific.

These results were consistent with
neural network models of the effects
of NMDA-dependent synaptic plas-
ticity on the recurrent network with-
in CA3 (Levy 1989; Abbott and
Blum, 1996; Blum and Abbott 1996;
Tsodyks and others 1996; Gerstner
and Abbott 1997; Wallenstein and
Hasselmo 1997; Kali and Dayan
2000). These network models also
showed how the predictive shifts in
the place fields can be used to build
an experience-dependent cognitive
map of the environment, allowing
the rat to learn spatial navigational
tasks such as the Morris water task
(Morris and others 1982).

A Feed-Forward Model of
Sequence Learning

All these models of sequence learn-
ing and navigation required the exis-
tence of a recurrent excitatory net-
work, such as that in CA3. However,
the anticipatory place field dynamics
were observed in CA1, which has
very few, if any, excitatory recurrent
connections. The CA1 pyramidal
neurons get their primary excitatory
inputs from the entorhinal cortex and
CA3. It is conceivable that the
observed place field dynamics in
CA1 arose in the recurrent network
within CA3, and then passively
passed onto CA via an unknown
mechanism. Such an explanation is
neither parsimonious nor sufficient
to explain the impaired navigational
ability of transgenic mice lacking
NMDA-dependent plasticity in only
the feedforward connections from
CA3 to CA1 (Tsien and others
1996), while the plasticity in the
recurrent CA3 network was intact.

Hence, we investigated the effects
of NMDA-dependent synaptic plas-
ticity on a simple feed-forward net-
work, like the one from CA3 to CA1
(Mehta and others 2000; Mehta and
Wilson 2000). The model CA1 neu-
ron initially gets excitatory inputs
from a random set of excitatory neu-
rons in CA3 and the entorhinal cor-
tex (Fig. 3). Therefore, the initial

synaptic matrix is symmetric on an
average. As the rat repeatedly trav-
erses the track, owing to the tempo-
rally asymmetric nature of the
NMDA-dependent LTP (Markram
and others 1997; Bi and Poo 1998),
the synapses from those CA3/
entorhinal cells that fire before or
after the efferent CA1 neuron will be
strengthened or weakened, respec-
tively. Because the amount of
NMDA-dependent LTP is larger than
LTD, the net result is an increase in
the net firing rate of the model CA1
neuron, consistent with previous
observations (Mehta and others
1997). Furthermore, the location of
the first spike in the CA1 place field
undergoes a larger predictive shift
owing to LTP, whereas the location
of the last spike shows a smaller
anticipatory shift due to LTD. Hence,
with experience, the model place
fields become negatively skewed
(Fig. 3b).

Consistent with these predictions
of the model, it was found that the
CA1 place fields indeed showed a
large change in their shape. At the
beginning of a session, the place
fields were symmetric. However,
within a few trials, the place fields
became highly asymmetric, such that
the firing rate of a place cell was low
as the rat entered a place field but
high as the rat left the place field
(Mehta and others 2000). Further-
more, as in the model, the location of
the first spike showed a larger antic-
ipatory shift than that of the last
spike.

The computational model can
also explain why place field size and
asymmetry are reset when the rat is
transferred to a second environment
after running on the first. Although
the same cell can be active in two dif-
ferent environments, the cell is acti-
vated by a different set of inputs, that
is, synapses, in the two cases. When
the rat is transferred to the second
environment, the neurons are activat-
ed by different, as yet unpotentiated,
synapses. Although the place field
dynamics evolved over several min-
utes and the final values were main-
tained for at least an hour (during the
maze running), these values were
reset within seconds of the rat enter-
ing the second environment. Thus,

the anticipatory place field dynamics
are both experience- and environ-
ment-specific.

Place cells showed anticipatory
dynamics even in familiar environ-
ments. Perhaps when the rat goes
back to his home cage, hippocampal
neurons are activated in a different
temporal order than during the
experiment, resulting in a depotenti-
ation of the synapses. This suggests
that the hippocampus stores informa-
tion about the temporal order in
which the rat visited spatial locations
within an environment. This hypoth-
esis is further supported by the fol-
lowing experimental observation:
The location of a place field of a hip-
pocampal neuron was different when
rats traversed a given spatial environ-
ment along two different routes
(Markus and others 1995).

Direction Selectivity from
Synaptic Plasticity

In addition to the orientation of a bar
of light, a majority of neurons in the
striate cortex are also strongly selec-
tive to the direction of movement of
the bar. The above model of sequence
learning via NMDA-dependent LTP
can shed some light on the origin of
direction selectivity, owing to the fol-
lowing similarities between the
anticipatory dynamics in the hip-
pocampus and striate cortex.

A rat running through the place
field in a directional fashion is anal-
ogous to a bar of light moving across
the retina. Furthermore, visual exam-
ination suggests that as in the hip-
pocampus, the firing rates of striate
spatio-temporal receptive fields are
also asymmetric, such that the rate
increases in the preferred direction
of motion of the bar (see Livingstone
1998 for a review). It is conceivable
that neurons in the striate cortex ini-
tially receive random, and hence
approximately symmetric, excitatory
inputs. During development, small
fluctuations in the shape of the
synaptic matrix could be amplified
by repeated directional activation
(caused by natural viewing or spon-
taneous waves of activity in the reti-
na), resulting in asymmetric excita-
tory connections in the striate cortex,
similar to those in CA1 (Chance and
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others 1998; Mehta and Wilson
2000). A coupling of such asymmet-
ric excitation with delayed inhibition
would then result in a large response
in the direction of increasing excita-
tion, and low activity in the opposite
direction. Thus, the direction selec-
tivity in the striate cortex could arise
owing to the same mechanism that
generated anticipatory asymmetric
place fields.

In general, temporally ordered
activation of neurons can result in
anticipatory dynamics and “direction
selectivity” in any abstract parameter
space. Indeed, anticipatory dynamics
have been observed in several corti-
cal regions. Neural activity of the
supplementary eye field during the
period following the animal’s
response, and before the reward,
appeared earlier with experience

(Chen and Wise 1995). Also, neural
activity in the primate prefrontal cor-
tex, corresponding to the direction of
the animal’s impending responses,
progressively appeared earlier with
experience (Asaad and others 1998).

Not only could these seemingly
different phenomena in widely dif-
ferent parts of the brain have a com-
mon origin, namely, temporally
asymmetric synaptic plasticity dur-
ing learning, they perhaps serve a
similar cognitive function: to learn
the causal relationships between
stimuli, thereby enabling the animal
to anticipate events in the future,
such as the future location of itself or
an object moving across the visual
field, based on past experience.

Future Directions

Hippocampal neuronal activity is
strongly modulated by an 8-Hz theta
rhythm during active exploration. It
has been suggested that such rhyth-
mic activity may play a critical role
in learning and memory. This
hypothesis was strengthened by a
recent observation that the phase of
the theta rhythm, at which a place
cell fires a spike, steadily advances
to lower values as a function of the
position of the animal (O’Keefe and
Recce 1993). Thus, the phase of the
theta rhythm contains information
about the location of the animal. The
mechanism by which such a place-
dependent phase code can arise is
still being debated (Jensen and
Lisman 1996; Tsodyks and others
1996; Wallenstein and Hasselmo
1997; Kamondi and others 1998;
Bose and others 2000). Our prelimi-
nary analysis suggests that an inter-
action between asymmetric excita-
tion, resulting from NMDA-depend-
ent plasticity and theta rhythmic
oscillations, could result in a system-
atic variation of spike timing within
a place field (Mehta and others
2000). For example, when excitation
is low, the neuron would take a long
time to come out of the periodic inhi-
bition and fire a spike, resulting in a
large phase. Similarly, when the
input is high, the neuron would come
out of inhibition earlier, resulting in a
low-phase spike. We have shown that
the firing rate in the place field is

Fig. 3. A, A computational model of the effect of NMDA-dependent plasticity on a sim-
ple feed-forward network. The strength of the connections between the afferent CA3
(and entorhinal cortex) pyramidal neurons and CA1 neurons is proportional to the thick-
ness of the lines. Yellow lines indicate very low (~ 0) synaptic weights. The rat travels
through the place field from left to right (white arrow). Before experience (red lines), the
synaptic matrix is symmetric. After experience, the synaptic matrix becomes asymmet-
ric (cyan lines). B, The firing rate of the resultant place fields after experience (cyan) dif-
fer from that before (red) as follows (arrow). The first shows a large anticipatory shift due
to long-term potentiation (LTP), the location of the last spike in the place field shifts back
due to long-term de-potentiation (LTD), and the mean firing rate increases. As a result,
the peak firing rate in the place field and the location of the peak (or the center of the
place field) also show anticipatory shifts.

Before experience

After experience
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low at the beginning of a place field
and high at the end. This would result
in the observed high phase at the
beginning of the place field and low
phase at the end. Thus, the place
field asymmetry could be the origin
of phase precession. A similar phe-
nomenon, that of reduction in laten-
cy to spiking in the preferred direc-
tion, has been observed in the spatio-
temporal receptive fields in striate
cortex as well (Livingstone 1998),
suggesting that a mechanism similar
to phase precession may be involved.
Further work along this direction
could provide an insight into the
nature of the neuronal code.

In addition to Hebbian, that is,
spike-timing-dependent, plasticity,
hippocampal (and cortical) neurons
also exhibit other types of plasticity
in vitro (see Bear and Malenka 1994
for a review). For example, high-fre-
quency stimulation produces LTP
but low-frequency stimuli elicit LTD.
Does frequency-dependent plasticity
occur in vivo? If yes, what is its
effect on neuronal networks and
behavior? Do various forms of
synaptic plasticity interact in any
way? Our preliminary work suggests
that, even though the firing rate in a
place field is high at the end and low
at the beginning, higher-frequency
(theta burst) firing occurs at the
beginning of a place field but lower-
frequency spikes occur at the end of
a place field. This could result in a
frequency-dependent LTP at the
beginning of a place field and LTD at
the end, thereby resulting in an
enhanced anticipatory dynamics at
the single cell level.

Finally, dopaminergic neurons
exhibit a shift from the conditioning
stimulus to the unconditioned stimu-
lus after training, thus encoding
important information about reward
contingency (Shultz and others
1997). Although several experimen-
tal and theoretical works have inves-
tigated the effects of such a rein-
forcement signal, little is known
about the origin of this reward-
predictive shift in the dopaminergic
neurons’ activity. We suggest that a
likely mechanism is the NMDA-
dependent association between
sequential presentations of stimulus
and reward, similar to the anticipato-

ry mechanism in CA1. Thus, an
interaction between the reward con-
tingency and plasticity could
enhance the learning of goal loca-
tions. Recent results support such an
interaction: there are a larger number
of place fields near the goal locations
(Hollup and others 2001).

In addition to normal functioning,
synaptic plasticity may play a critical
role in neuropathology. It has been
suggested that focal epilepsy could
occur via formation of runaway asso-
ciations between memories (Mehta
and others 1993) owing to Hebbian
learning resulting from electrical or
chemical perturbations. A better
understanding of the dynamics of
sequence learning could suggest
novel cognitive and pharmacological
ways to tackle epilepsy.

Thus, NMDA-dependent plastici-
ty could be a universal mechanism of
anticipatory learning, which when
coupled with other mechanisms
could result in a diverse set of com-
plex cognitive abilities.
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