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Abstract

Hipporampal recordings show that different
place cells fire at different phases during
the same theta oscillation, probably at the
peak of different gamma eycles. As the rat
moves through the place field of a given eell,
the phase of firing during the theta eycle
advances progressively (0'Keefe and Recee
1993; Skaggs et al. 1996). In this paper we
have sought to determine whether a recently
developed madel of hippecampal and cortical
memary function can explain this phase ad-
vance and other properties of place cells. Ae-
cording to this physiologically based model,
the CAJ network stores information aboui, the
sequence of places traversed during learning,
Here we show that the phase advancs can be
understood if it is assumed that the hippa-
campusis in a recall mode that operates when
the animal is already familiar with a path. In
this mode, sensory information about the cur-
renl position trigzers recall of the HpComing
-6 places (memories) in the path at a rate
of one memary per gamma cvcle. The madal
predicts that the average phase advance will
be one gamma eycle per theta eyele, a value
in reasonable agreement with the data. The
model also correctly accounts for 1) the fact
that the firing of a place cell occurs during
~T theta cycles (on average) as the animal
crosses the place field 2) the observation that
the phase of place cell firing depends more

systematically on position than on time 3) the

fact thal traversal of an already familiar path
produces further modifications (shifts the fir-
ing of a cell ta an earlier position in the path).
This later finding suggests that recall of pre-
viously stored information, strengthens the
memory of that information. Tn the model,
this oceurs because of a novel role of NMDA
channels in recall. The genecal success of
the madel provides support for the idea that
the hippocampus stores sequence information
and makes predictions of expected positions

during gamma-frequency recall.

Introduction

In previous papers in this series, we have ex-
amined how long-term memory can form in
networks where memories are multiplesed hy
theta/zamma oscillations (Jensen et al, 1986;
Jensen and Lisman 1896ab). A key con-
clusion is that the time-constant of deactiva-
tion of the NMDA channels that Eovern sym-
aptic modification in recurrent collaterals is
an important determinant of the function of
the network. If the time-constant is shorter
than the period of a gamma cyele, the net-
work will perform an autoassociative func-
tion, linking different elements of the same
memaory. IF the time-constant is longer than
the period of a gamma cycle, the network will
perform a heteroassociative function, link-
ing cells that represent different, temporally

separated memorics. We showed that these
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heteroassociative linkages are well suiled for
the storage and recal] or Memary sequences
(Jensen and Lisman, 1996b). The NMDA
channels in the recurrent collaterals of the
hippocampal CA3 region have a deactivation
time-constant of 100-150 msec (Debanne el
al. 1995), a time considerably longer than
a gamma cycle, The implication is that the
CA3 network is not an antoassociative nel-
wark, as previously thought, but rather a
heteroassociative network. This is an idea
that other have recently proposed {Manat and
Levy 1993: Propscius and Levy 1994: Buzsilki
1989; Granger et al. 1994; Blum and Abbaott
1996) and there is some direct experimental
support (Skaggs and MeNanghton 1996).

In this paper we have sought to determ-
ine if the specific model for storage and re-
call of sequence information developed in
the previous papers can account for some
of the key results regarding hippocarmpal
place cells. These cells fire when the animal
enters a subregion of a environment, (O'Keefe
1878;
McNaughton et al. [983; Muller et al. 1987).

and Dostrovsky 1971; Olton et al.

A particularly dramatic finding is the im-
portance of the phase of cell firing during
the theta cycle: the phase systematically ad-
vances as the animal moves through its place
field (O'Keefe and Recee 1933). A sccond
result relates to the fact that the animal may
not be moving at constant velocity, The res-

ults show that when velocity is not constind,

position 1s a better predictor of phase than
time (O'Keefe and Recee 1893}, A third res-
ult is that the firing of place cells have bieen
found to predict future locations {Muller and
Kubie 1988). Finally, Mehta ct al. 1006 have
found that the traversal of a well learned path
leads to a progressive increase in the size af

place ficlds and an offset in their position.

Results/Discussion

The model we have used to explain place
cell data is described in the previous piper
(Jensen and Lisman, 19965). In the current
context we assume that the different memar-
1es being processed by the rat are the memor
1es of specifie places on the linear track, We
assume that the system has hoth a learning
and recall mode. In learning mode; a cor-
tical network acts as a shorl-term buffer. 1t
absorbs incoming information in real time.
slores sequential memaries (places) in adja-
cenl gamma cycles, and produces repetition
of the memories once every theta eycle in
a time-compressed way. Signals from this
“sample-and-hold” buffer provide inpi into
the hippocampus and drive synaplic modi-
fication in the recurrent collaterals of CAZ.
The synaptic modification in CAY is gov-
erned by slow NMDA channels (deactivation
time constant 2150 msec) and the informa-
tion encoded is the sequence of places along

the track, In recall mode, the sensory in-
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formation about the current place provides
input to CA3 cells at the beginning of a theta
cyele. This triggers CA3 th rough collateral
connections to produce readout of the sub-
scquent parts of the stored sequence at a rate
of one memory (place) per gamma cycle, 4
novel aspect of the recall mechanism we have
proposed is that the CAS cells encoding ane
memory excite the cells cncoding the npext
memory by NMDA-mediated EPSPs.  We
found that this mechanism provided the delay
needed for the sequence to be recalled a4 one
memory per gamma cycle. In recall mode,
the hippocampus serves as a predictor of the
path lo come,

The hippocrmpal recordings of O'Keole
and Recee (1993) and of Skaggs et al. (1996)
were obtained as the rat moved along & one-
dimensional track. Traversal ol this track was
repeated many times in the process of learn-
ing and data collection. Sinee the rat WiLs
familiar with the track, we assume that {he
rat isin recall mode. The phase advance of a
place cell can be accounted for in terms of the
diagram in Fig, 1. Consider the path along
the linear track to he a sequence of disceete
memories corresponding to positions 1 to T
learned during the many previous traversals
of the track. We assume that when the rat is
running at its typical velocity during learn-
ing, it stores information about its eurrent
position each theta eycle. During recall when

the animal enters pesition 1, the Sensory in-
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Figure 1: Diagrammatic illustration of how phage
advance ozenrs 25 aninial maves th rough a place feld
on & well known path, We assumea that the animal
haz alveady leamed the sequence of places an the
path designated by the numerals, 1-13. A= the an-
imal moves through the rlace field, the sensory inputs
regarding the curcent position are input to the CAZ
region of the hippocampus at the beginning of sach
theta eyele, This input stimulates recurrent oodlater-
ala to produce firfing of cells that encode subsaqient
positions in this sequencs {path), It can be zeen that
the cell encading pasition 7 fires carlier on sach e

cesfive thata cycla,
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formation about current position enters CA3
carly during a theta eycle. This information
SErVEs as a cue 1o trigoer the recall of the sub-
sequent G memories (positions) in the stored
sequence (positions 2-7), each in a different
gammasubcycle of a theta period. As the an-
imal moves along the linear track, the current
position changes. Thus when the next theta
eycle oceurs, the input o the hippocampus
will be position 2 in the sequence, This in-
put then stimulates recall of position 3-8 in
subsequent gamma cycles. This PTOCESES Coi-
tinues during subsequent theta cycles. As can
be seen in the example in Fig.1, the cell rep-

resenling position 7 starts firing late in the
fheta cyele and syastematically advances in
phase as the animal moves through its place
field. This provides a simple explanation of
the phase advance observed in hippacampal
recordings.

Fig. 2 shows how the phase advance can
occur in simulations of the CA3 network. The
details of the simulation are given the Meth-
ods section of the first paper in this series
(Jensen et al. 1996). In these simulations we
use a compound cue of 2 positions to FepTEs-
ent the current position of the rat for reasons
that will be discussed later (Timing of in-
puts to CA3). Prior to the simulation 4 se-
quence of positions has heen stored according
to the method described in Jensen and Lis-
man (1996b, Fig. 2). This is illustrated by

the asymmetric synaptic matrix in Fig. 2A.
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Figure 2:  Simulation of place cell firing as the

animal moves through its place fisld, Twa frositicng
near the curvent pasition of the rat are taed to cue re-
call. (A) Synaptic matrix of stored rath. [B) Firing
in ¥ representative cells is shown. Note that the fir-
ing in cell 7 (black dot) starts with lata phase during
the theta oscillation (shawn at bottom) and moves to
carlier phase as the animal moves forward in its place
field. () Plot of phase of fring of cell 7 as a function
of time, The rat is assumed to be maving at constant
velocity. See Jensen et al, (1996]) and Lisman { 1996h)
far a detailed description of the network. The ram-
meters are the following: Vie.y = -60 MY, Viipes =
-H0 mV; A g = -150 pa, Ty = 500 msee, Agaga =
1500 pAL Teaga = 440 msec, Amaroa = 784 pA,
THAMDA, P = 60.0 masa, Taray DA = b1l msez, Tpest
= Ll msac, Tdetay = 0.5 msec, Tnye = 1800L0 msec,
Tpap = G000 msec, Tpp = S00L0 msec, fij.g, = 6.0
Hz, and By, = 150.0 pA. Note that we only allow
synaptic modification in the simulations di ring recall
in Fig. B: The synaptic values (A} ranged from O ta
0,36,
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The simulations show the phase advance of
place eell 7 (Fig.2B) with respect to location.
The plol of phase as a function of time 15
shown in Fig. 207,

The model predicts a phase advance of
ene gamima cycle per theta evele and it is
of interest to compare this to the observed
data. This prediction holds only if the rat iz
moving as fast during recall as it did dur-
ing learnming, an assumption that may not
be true on individual trials, but is probably
triue on average. From the data of 0'Keefe
and Recce (1093) we measured phase ad-
vances of roughly 20 degress/em of move-
ment. The phase advance of one gamuma cvele
per theta cycle can be compared 1o this moas-
ured value as follows: the duration of one
gamma cycle corresponds of 50 degrees, The
distance moved in one thata gyele is roughly
4em, as judged from the rat velocity plots of
O'Keefe and Recce, 1993) and their measure-
ments of theta frequency of =10 He. Thus
one gamma cycle per theta cycle translates
ronghly into a phase advance of D0 gegzant o 19
degrees/em. This is in reasonable agresment
with the measured value of 20 degrees fem.

A closely related comparison of theory and
model can be made. The madel predicty
that on average a place cell will fire for T
theta cveles as the animal continugusly mowes
through the place field. Both the records of
O'Keefe and Recce (1993,Fig. 2.5 and ) anel
Skaggs et al. (1996 Fig. 6A-D) show that

this number is approximately eorrect, In the
paper of Skaggs et al. (1996) Fig. 6A-D illus-
trates the spike histogram of a place cell as a
function of theta cycles binned over multiple
runs, If we count enly bins that have actjv
ity >10% of the maximum activity, we find
that a place cell is active on 10,3213 theia
cycles (N=4). H we count otly hins having
>20% of the maximum activity the value is
$.8+1.3 (N=4). If only bursts rather than
spikes are taken into account these nnmbers
wauld probably he smaller (see Discussion).

The model makes the further prediction
that the number of eycles during which firing
occurs should be inversely related to the velo
city of the rat during recall, If the velocity of
the animal is the same during recall as during
learning firing should occur on T theta cycles,
Furthermore the size of the place field should
be the velocity of the rat times the T theta
cycles. For a velacity of 0.4 m/s and a thela
frequency of 10 Hz, the predicted place cell
size will be about 80 cm. This is in the right,
range. The model makes the further predic-
tion that the size of the place firlds should be
related to the average veloeity of the rat dur-
ing learning. These predictions remain to he
testied.

O’Keefe and Recce (1993) were interestod
in whether the phase of firing was more lin-
rar 1f they plotted phase as a function of time
or position. Time and position are not pro-

portional because the rat does not move at
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Figure 3:  Effect of velocity on the change in phase
as the animal moves through irs place field. (A}
When phase is plotted va, time, the slope of the curee
is affected by valoctty, {B) When phase is plotted vs.
position, the slope of the curve is unaffectsd by vela-
eity, (D) v = 1K em fenc, (A) v = 50 emfaee, (O)

v = 33 cmfsec,

constant velocity. They found that the phase
advanced mare linearly with position than
with time. In Fig. 3 we show the phase as a
finction of time (Fig. 3A) and position {Fig.
3B) for three different velocities, ‘The slope of
the phase advance is independent of velocity
when plotted as a function of position, hut
nol when plotted as a function of time, The
model thus correctly predicts thai, for a rat
moving al varying velocity, the data points in
& phase-versus-iime plot will be much more
scattered than in a phase versus position plat.

When the animal goes through a familjar
environment, a CA3 cell will first fire with
late phase because it represents a prediction
aof an expected position. Under these comdi-
lions it is being excited by other CA3 calls,
As lime passes and the animal moves for
ward, it will reach a place which corresponds
to its actual position. Under these conditions
it is being excited by direct SEnsory input.
Given that the expectation of a future posi-
tion is inherently more unreliable than a dir-
ect response to sensory cues ahoul current
position, cells that fire late in the theta cycle
should be poorer predictors of position than
cells that fire early in the theta eycle. Pre-
cisely this kind of relationship has been re-

ported by Skaggs et al, (1996).

Learning and recall made

We can only give a crude account. of what, de-

termines whether the animal will be in Jearn-
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ing or recall mode. It seems likely that thai
this would depend strongly on the famiharity
of the sensory input (see also Hasselmo and
Hower 1993). In an unfamiliar environmen L,
the animal would go into learning mode. In
a familiar environment, the animal would be:
in recall mode and make predictions about
future positions.

The model predicts that the position of
a place field should he strongly affected hy
which mode the animal is in, In learning
mode (Jensen et al, 1996; Jensen and Lisman
1996a,b), the hippacampus together with the
cortical areas that drive if, are operating in a
sample-and-hold, short-term memory mode.
Multiple sequential aspects of the Sensory
world are captured by a cortical netwark in
real time; each memory is stored in an -
propriate gamma slot, and repeated in com-
pressed time at gamma frequency, once overy
theta cycle. This repetition occurs after the
sensory mput and provides the repetition
necessary to drive synaptic modification in
the recurrent synapses. This learning made
of operation is ilustraied in Fig. 4 [(hat-
tam; note that only 4 of 7 gamma cycles are
shown). In recall mode (Fig. 4, top), the hip-
pocampus is not doing sample-and-hold, but
rather is using current information to predict
the future based on previously stored inform-
ation. Fig.4 emphasizes the enarmous differ-
ence in position of the place field, depending

on what mode the animal is in. This shifl

should be equal to the size of a place field, i.e,
about 20-30 em. Whether such large shifts
DecUT remains o be détermined. Ope way of
detecting such shifts might be by placing a
novel item on a well known track. If {he arn-
imal shifted to learning maode, there should
be a large shift in the place field. A second
approach would be to compare the position
of a place field on a novel track and COMPAr:
this to the position after the same track liad
become highly familiar,

Our ideas about how learning mode works
are less well defined than for recall mode.
The network might wark in a continuous Wiy
in sampling the cnvironment. In computer
terms, the buffer could wads as a top-down
stack, with each new memory forcing out the
oldest. In our investigations, we have not sue-
ceeded in finding a mechanistically plausible
way of implementing such a stack. Alternat-
ively learning mode might involve a discon-
finuous process in which the sample-and-hold
buffer operated until it beeame filled with 7
memories. Input of new information might
then cease until the system is cleared and ra-
set. If the buffer works in this way no phase
advance is cxpected during learning mode
(Fig. 4).

Observations about rats as they learn
about a novel environment suggest that the
learning process is discontinuous. Eilam and
Golani {1989) have found the when a rat is ex-

ploring a novel environment it will establish
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Figure 4:  Diagrammatic illustration of the spatial dependence of place cell firing in learning mode and
recall made, Note that anly 4 of the 7 gamma slats are shown. The mrrows mark the cue that provices
infarmation ahout current pasition to CAZ, The mumbers underneath the theta oscillation indicate the thine
of firing {in some cell) af the memory of the position designated by the numesal, The gpikes indicates when
spiking oceurs in a particular cell, In learning mode we assume the buffer to he empty before infarmation is
introduced. The firing of the place cell aceurs before reaching position 4 when the rat i in recall mode. The

firing of the same cell oocues sfter position 4 when the rat is in learning made.
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ane or two home bases to which i, always re-
turns afier an explorative excursion, Farther-
more when the raf is exploring, it alternates
between progression and stopping [Golant et
al. 1983; Tchernichavski and Golani 1895),
The number of staps made within one exeur-
sion are uniformly distri buted, with an u ppar
bound of 1042, We hypothesize thal each
fime a rat makes a stop within an EXeursion,
a representation of that place is loaded into
the sample-and-hald buffer, Perhaps this up-
per bound of the number of staps reflects the
small number of memories that can be held
in the sample-and-hold buffer (Lisman and
Idiart. 1995; Jensen of al. 1996: Jensen et al.

| 986a 1),

Liole of NMDA channels in recall: -

call produces learning

A dramatic prediction of the postulated role
of NMDA channels in recall is that the act of
recalling merories shounld strengthen them.,
This strengthening will be selective for the
synapses thal were originally strengthened
in learning mode. Our simulations show
that this should lead to some sUrprising con-
sequences.  Becanse NMDA-mediated syn-
aptic iransmission is enhanced as the an-
imal recxperiences a known path, EPSPs
will hecome larger. Since it is these EPSPs
that make cells fire, the [PSPs that Separ-

ate gamma cycles will be more casily over-

comed by the EPSP; specifically, less of the

Lo

IPSP will have to decay for the cell Lo reach
threshold. As a result, cells will fire earlier
in the gamma cycle. Since inhibition in the
model is stimulated by the firing of pyramidal
cells, negative feedback inhibition will arrive
carlier. The overall consequence will be to
increase the frequency of the gammia oscil-
lations and thus to increase the number of
gamma cycles that can fit into a theta evile.
This is illustrated in Fig. 5A. Tt can be seen
that in lap 1 there are 7 gamma cycles in a
theta cycle. But as the animal does increas-
ing laps in this known environment, contin-
ued use of the NMDA channels increases S¥TI-
aptic strengths (see the weight matrix) and
evenlually results in a situation where Eamma
is 0 fast that as many as 9 gamma cycles
can oceur in a theta cycle. This means that
prediction occurs further aliead, i.e. that the
position where firing first occurs shifi in the
direction opposite the movement (Fig. 5B).
Furthermore, the overall size of the place field
also gets larger (Fig. 5C). Because the period
of gamma oseillations decreases when the rat
reexperiences the known path, the phase ad-
vance per theta cycle (e.g. the slope of phase
versng position) will decrease,

Recent experiments by (Mehta et al. 1996)
appear to have been done under conditions
appropriate for compacison to the predictions
of Fig. 5. Flace cells were monitored as the
rat ran through what was already a highly

familiar track (the animal had run the same
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Figure 5:  Simulations demonstrating that using the NMDA channel during recall mode produces further
learning. {A) Plot of call firing during traversal of a wall known path with animal in recall mode, Plots are
shown after 1,10, and 20 laps. Note the increase in number of gamma cycles. Synaptic matrices show that
the synapses have bocome stronger. (B} With increasing lap number, the tine of accurrence of the firing of

cell #7 gets earlier on the irnck, (C) With increasing lap number, there js an incresse in the size of the plice

field. Velocity of rat: v = 100.0 m/s.
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track on many previous days)., It was ob-
served that, as the animal did repeated laps,
there were small progressive changes in the
properties of place fields of the same order
as those in Fig. 5. Tt should be emphasized
that these shifis that accur in recall mode fre
much smaller than those we would predict by
comparing learming mode to recall mode (see

above and Fig. 4).

The postulated role of NMDA channels
in recall can be directly tested

Predictions that could be tested are as fol-

||:)'WS.'

|. NMDA channel blockers should block
the phase advance seen as the rat moves

through its place ficld,

2. NMDA channel h]nukerf: should block
progressive changes in the size and posi-
tion of the place field as the animal daes

laps on a well known track.

3. In a suitable behavioral test of se
quence learning (perhaps path learn-
g}, NMDA channel blackers should re-
versibly block erpression of previously

learned knowledge about the sequenee,

One complication of these experiments should
be mentioned: because NMDA channels moe-
diate excitation ta interncurons, NMDA ant-
agonists: may produce disruption of hippo-
campal processing through action on in-

ternenrons rather than recarrent S¥NANSES.

Why is phase advance data so noisy
compared to the predictions of the

mndel?

The plots of phase versus positian (D Keefe
and Hecce 1993) based on experimental data
are much noisier than our simulations (Fig.2).
This raises the question of whether hrain net-
works work with the kind of precision envi-
sioned in our model, This question cannaot
vei be answered, but we suggest two rel-
cvanl considerations. First, the data pliots
are necessarily made by averaging together
many trials. However, as now demonstrated
directly (Mehta et al.  1996), the data is
not stationary over such trials. This non-
stationarity may obscure the regularity of
underlying mechanisms. Second, and per-
haps more important, there is a question of
whether all spikes or just bursts should be
considered when analyzing spike data. It has
been argued that hippocampal synapses fil-
ter out single spikes as if they were noise,
but transmit bursts reliably {Lisman, 1996).
This raises the possibility that the important
signals are carried by bursts. If this is frue.
plots of burst phase versus position will re-
veal more precise timing and hence less vari-

ability in the phase data.
Phase. not firing rate, codes for actual
loeation

Our model implics that in recall mode, place

cell firing early in the theta cycle codes for
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actual location, whereas cells firing with late
phase are predictors of futire pasilion. Since
prediction is necessarily risky, cells firing
early in the theta eycle will be better indic-
ators of actual position than eells firing late
in the theta eycle. This has been confiemed
experimentally by Skaggs et al. (1994). It
has been observed that cells firing early or
late in the theta cycle have a lawer firing
rate than cells firing on the peak of the theta
cyele (where there can be multiple spikes per
gamma cycle). This implies that the place
cells with the highest. firing rate are not the
cells coding for the actual location, Given the
simplificd way we have approximated spike
firing, our madel is not able to account for
data in which multiple spikes {bursts) oceur
in gamma cycles. An extention of our mode]
with more realistic bursting, neurons is be-
ing developed for this and ather phenomena:
the observation that the phase advance -
proaches 360° [or strong place felds (in our
model only 200°, Fig. 3) and data regarding

two-dimensional place fields, |

Timing of Inputs to the CA3 region

We have assumed that during recall, the CIAS
system is cued hy direct sensory inputs early
m the theta cycle. Some support for this
comes from the work of Skaggs et al (1996),
showing that firing in the dentate precedes fir-
ing in CA3 hy 40 degrees, One difficulty with

reconciling the model with the data, however,

i that the phase precession observed in CA3
and CA1l, which we have atiribited io pr-
cesses in CAS, can also be observed in the
dentate, For this to oceur thers would have
to be firing during multiple gamma cycles in
the dentate. We do not yel have a clear ex-
planation for this, One possibility suggested
by Buzsiki (pers. comm.) is that part of
the activity in dentafe reflects synaptic focd-
back from CA3. As suggested by the resilis
in Fig. 2, it is desirable to cue the BrrjuenCe
during recall with the first two items in the se-
quence, not just with one, The reason has to
do with the cumulative nature of NMDA- me
diated readout described in Jensen and Lis-
man, 1996h, Briefly, multiple cuing is de-
sirable berause it eliminates ambiguity when
two paths cross. The idea that multiple cues
are used to stimulate the recall of the full se-
quence can be rephrased to say that a partial
sequence 18 used to recall the full sequence.
Since the slow NMDA channels necessary to
store sequence information are present not
only in hippocampus, but also in cortex, it
18 possible that the cortex itself stores partial
sequences, that current input stimolates the
cortex to produce a partial sequenece, and that
the input of the partial sequence into the (CA3
region of hippocampus then produces the full

SEQUETICE,
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Comparison to other models

With regard to specifically predicting the
phase advance of (V'Keefe and Recce, (803
(Fig. 2), our work has important similarit-
ies with the model of Tsodyks et al. 1996,
As in our model, hippocampal cells that fire
early in the theta cycle are driven by cur-
rent scnsory input and these cells, in turn,
stimulate other CA3 cells to fire late in the
theta cyele. What is novel in our mode] are
the strong constraints imposed by network
oscillations, and the use of known conduct-
ances (NMDA, AHP) in accounting lor net-
work function. It is some of these further
assumptions that allow quantitative prodic-
tion of place-cell data and the value of the
phase advance. In the model of Tsodyks et
al. (1996) the speed of sequence read-out is
determined by adjustable parameters of the
model. Tn our model the magnitude of phase
advance is accounted for with no free para-

melers.

The hippoeampus sits at the apex of the

brain’s information Aow

Anatomical work shows that the hippocam-
pus sits ab the apex of communication flow
in the brain, Sensory data from specialized
cortical areas converges onto polymadal as-
sociation areas which then provide input in
the hippocampus, Interestingly information
15 also sent from the hippocampus back to

the polymodal areas, which in turn sends

information back to the specialized sensory
areas, The fact that the hippocampus is ahle
use current information and stored sequences
to predicted what is cxpected in the future,
raises the question of what will be done with
these predictions, The existence of palhways
for flow of information back to cortical arcas
suggests that these predictions are seat to the
cortex, where expectations are sel. We refor
the reader to various theoretical papers on
how these expectancies might be used by the

cortex (Mumford, 1994; Softky, 1995).
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