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Action Editor:

Abstract. Cells in the rat hippocampus fire as a function of the animal’s location in space. Thus, a rat moving
through the world produces a statistically reproducible sequence of “place cell” firings. With this perspective,
spatial navigation can be viewed as a sequence learning problem for the hippocampus. That is, learning entails
associating the relationships among a sequence of places that are represented by a sequence of place cell firing
Recent experiments by McNaughton and colleagues suggest the hippocampus can recall a sequence of place cel
firings at a faster rate than it was experienced. This speedup, which occurs during slow-wave sleeptesgatied
compressionHere, we show that a simplified model of hippocampal area CA3, based on integrate-and-fire cells and
unsupervised Hebbian learning, reproduces this temporal compression. The amount of compression is proportional
to the activity level during recall and to the relative timespan of associativity during learning. Compression seems to
arise from an alteration of network dynamics between learning and recall. During learning, the dynamics are paced
by external input and slowed by a low overall level of activity. During recall, however, external input is absent,
and the dynamics are controlled by intrinsic network properties. Raising the activity level by lowering inhibition
increases the rate at which the network can transition between previously learned states and thereby produces
temporal compression. The tendency for speeding up future activations, however, is limited by the temporal range
of associations that were present during learning.

Keywords: hippocampus, sequence learning, compression, chunking

1. Introduction location in space, certain “place cells” in the hippocam-
pus fire in a specific and statistically reproducible man-
This paper concerns the learning and recall of sequencener (Ranck, 1975; O’keefe and Conway, 1978; Muller
information by a computational model of hippocampal and Kubie, 1989; Quirk et al., 1992; Thompson and
area CA3. We have chosen to discuss sequence learnBest, 1989). Thus, as the rat navigates through the en-
ing from the perspective of spatial navigation. Ex- vironment, it encounters a sequence of places, which
perimental evidence shows that when aratis in a given is represented by a sequence of place cell firing. From
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this perspective, spatial navigation can be thought of  Withinthe realm of spatial sequence learning, this ar-
as a sequence-learning task. ticle is concerned with a phenomenon callethporal
Many computational models of spatial navigation compressiondefined as the ability to recall a sequence
involve sequence learning (Blum and Abbott, 1995, of neural events faster than it would take to experience
1996; Levy, 1994; Tsodyks et al., 1996). Perhaps the the sequence once during learning. Temporal compres-
mostrecent example is a sequence-learning network in- sion may be relevant to a variety of different phenom-
vestigated by Wallenstein and Hasselmo (1997). This ena, from prediction and planning (e.g., Levy, 1989) to
CA3-like network is much more biophysically detailed memory consolidation (e.g., Buzsaki, 1996). A variety
than the model presented here, with multicompartmen- of compression-like effects have been shown in several
tal cells, an extrinsic theta rhythm, and separate in- modeling studies (Jensen and Lisman, 1996; Lisman
hibitory GABA-A and GABA-B conductances. How- and Ildiart, 1995; Prepscius and Levy, 1994; Tsodyks
ever, the simulations are still quite similar to the present et al., 1996; Blum and Abbott, 1996; Wallenstein and
study, with analogs of place fields developing from an Hasselmo, 1997) and will be described more fully in
initially random network configuration without prior  Section 4.
assumptions about their existence or form. Unlike our  Recentwork by McNaughton and colleagues has be-
model, however, the biophysical network depends on gun to uncover the neurophysiology of temporal com-
the interplay between an extrinsic theta-like inputand a pression (Wilson and McNaughton, 1994; Skaggs and
long, GABA-B-like timecourse of inhibition to obtain  McNaughton, 1996). In these experiments, rats ran
sequence learning. While these features are present inaround a track looking for food while multiunit record-
biology, here it is suggested that a simpler model is still ings were made from hippocampal area CA1. By com-
sufficient for sequence learning. paring this data to recordings made during subsequent
There are two caveats to this approach of studying se- episodes of slow-wave sleep (SWS), the authors found
guence learning from the perspective of spatial naviga- that cells that were correlated during the spatial behav-
tion. First, spatial navigation is more complex thanjust ior (e.g., cells with neighboring place fields) were cor-
sequence learning. For example, spatial learning in- related during sleep. Additionally, the temporal struc-
cludes the phenomenon of path integration (dead reck- ture of firing was preserved during sleep. The width of
oning), which involves traveling between two points the correlation peak, however, was significantly nar-
butthen returning by a different, more direct, route even rower during sleep than during the behavior. Taken
in the relative absence of sensory stimuli (Redish and together, these results suggest that the hippocampus
Touretzky, 1997; McNaughton et al., 1996; Whishaw recalls a temporally compressed version of recently
and Jarrard, 1996). Second, in the hippocampus, se-acquired spatial sequence information during slow-
quence learning can be used to describe more thanwave sleep.
just spatial navigation. Because the firing of place  The firing of hippocampal cells during SWS is sig-
cells marks a conjunction of a particular set of envi- nificantly different than the firing during waking be-
ronmental features, these firings may not be correlated havior. This phase of sleep is identified on the hip-
with a “place” per se (Bunsey and Eichenbaum, 1995; pocampal electroencephalogram by the appearance of
Wiener et al., 1989) but may be thought of in more numerous sharp wave (SPW) events (Ranck, 1973;
general terms. For example, the classical conditioning Suzuki and Smith, 1987; Buzsaki, 1986). The most
paradigm of stimulus-response-reinforcement can be obvious feature of the SPW is a generalized increase
thought of as a very simple (three-member) sequence ofin neural firing that begins in hippocampal area CA3
cellfirings. With this perspective, such hippocampally- and is transmitted to CA1, the subiculum, and finally
mediated tasks as transverse patterning, transitive in-into the deep layers of the entorhinal cortex (Chrobak
ference, and trace conditioning of the nictitating mem- and Buzsaki, 1994; Ylinen etal., 1995). Itis those CA3
brane response can be modeled as sequence learningells that have recently experienced stimulation that are
tasks as well (Levy et al., 1995, 1996; Levy and Seder- most likely to initiate SPWs (Buzsaki, 1984b, 1989).
berg, 1997; Wu and Levy, 1996). Despite these two SPWs also include a high-frequency ripple of the field
caveats, we choose sequence learning as a particularlypotential &100Hz in area CA3) caused by firing of
simple spatial paradigm that might be equivalent, to inhibitory interneurons (Buzsaki et al., 1992; Buzsaki
the experimental situation (described below) of a rat and Chrobak, 1995). Sharp waves typically last for
running in one direction around a track. ~100 ms and occur unpredictably at anywhere between



Temporal Sequence Compression 73

0.1 and 5 Hz (Buzsaki, 1986; Suzuki and Smith, recall, there are data showing that synaptic plasticity
1987). indeed diminishes during slow-wave sleep (Leonard et
What is the mechanism of temporal compression? al., 1987).
The simplest explanation is that the network is capable Two different testing paradigms are used. In
of operating at two different characteristic timescales. prompted sequence completidhe network is given
During learning, the timescale is driven by the exter- the initial part of the sequence as a test probe (or “cue”)
nal inputs. The time-constant of synaptic modification and then is allowed to run on its own. $pontaneous
limits the temporal range over which events can be sequence completipthe network is continually stim-
associated. As will be shown in Section 3.1, these as- ulated with random input activity. While spontaneous
sociations are encoded by the networkazsl context sequence completion is more like the situation dur-
units which are hypothesized as analogous to place ing slow-wave sleep, prompted sequence completion
cells. Local context units span different portions of the is much easier to control and therefore to study.
sequence, thereby determining fregentialamount of
compression. During recall, there is no external input,
and the timescale is set by the internal dynamics of 2.2. Network Architecture
the network. The speed at which the network can make
transitions between sets of local context units encoding This model uses a two-layer network architecture
previously driven states determines #ualamount ~ to model hippocampal area CA3 and its inputs (see
of potential compression that is expressed. Prelimi- Fig. 1). Thefirstlayer consists of excitatory, nonmodifi-
nary results have already appeared showing activity- able synapses projecting onto the main layer. Although
dependent temporal compression (August and Levy, CA3 actually has many sources of external input, in-
1996; Levy et al., 1997). cluding entorhinal cortex (EC), dentate gyrus (DG),
In this article, we investigate various aspects of the contralateral CA3, and subcortical afferents (Amaral,
network and the environment that control temporal 1987; Steward and Scoville, 1976; Witter, 1993), here
compression. Our main findings are that the compres- we lump the inputs into a single EC/DG layer, not-
sion increases with higher levels of activity during re- ing that this procedure may ignore important compu-
call and also when the duration of patterns in the input tational differences among inputs (Levy et al., 1995;
sequence is appropriately matched to the timespan of Treves and Rolls, 1992). The EC/DG layer projects
synaptic modification. to the main, CA3-like layer, which is characterized by
sparse recurrent (feedback) connectivity. During train-
ing, these recurrent connections are modified by an un-
supervised Hebbian rule governing associative synap-
tic modification. Activity is controlled by a feedback
and a feedforward inhibitory interneuron.

2. Methods

This section describes the general simulation strategy,
the CA3-like network model, the input to this model,
the data analysis procedure, and some of the computa-

tional issues involved in the simulations. 2.3. EC/DG Layer Input

2.1. Simulation Protocol Unlike information arriving at a primary sensory cor-
tex, information reaching the hippocampus is multi-
Each simulation has two phasdsining (learning) modal and highly processed (Amaral, 1987; Deacon
andtesting (recall). To make an analogy to experi- et al., 1983). The information that triggers the firing
ment, training represents an animal engaged in spatialof a place cell depends in a complex way on many en-
behavior, and testing represents an animal during sleepvironmental and internal cues. Therefore, rather than
or awake immobility. During training, a sequence of attempting to mimic a particular sensory feature, the
patterns is presented to the network repeatedly, andmodel uses arbitrary patterns of EC/DG activity as the
synaptic weights are modified according to an unsuper- input. The input sequence consists of 100 patterns, each
vised Hebbian learning rule. After the synaptic weights of which can be characterized generically by its dura-
have stabilized, associative synaptic modification is tion, the number of cells it activates, the shift between
switched off and testing begins. While it may seem successive patterns, and the EC/DG cell firing rate. In
unrealistic to disable synaptic modification during order to model the behavioral task of a rat running in
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Figure L Network Schematic. Each CA3 pyramidal cell (black) receives one excitatory connection from the EC/DG layer (upper horizontal
lines) and sparse recurrent excitation from within CA3 (lower horizontal lines). In addition, CA3 cells receive inhibitory projections from both

a feedforward interneuron (upper gray cell) and a feedback interneuron (lower gray cell). The feedforward interneuron gets input from all the
cells in the EC/DG layer, while the feedback cell receives input from the entire CA3 layer. Sparse recurrent connectivity is illustrated here by
the few connections that are actually made compared to the number of possible connections. Note that the extended dendrites in this figure are
only included for clarity. Each cell in the model is actually a “morpho-less” soma.

&

one direction around a racetrack, a circular sequence is2.4. CA3 Layer Model

used. That s, the (nominal) first and last patterns over-

lap, so that each pattern has both a predecessor and d&he CA3 layer is made of 1,000 integrate-and-fire ele-

successor. ments. The somatic voltag¥ (t), of the jth cell is
The CA3 layer has 1,000 cells, but for any given updated as follows:

sequence, not all of the cells are activated directly by avi ()

input from the EC/DG layer. In order to make the Ty —

externally driven cells of the CA3 layer easy to visual- dt

ize, the sequence of patterns is formed by successivelywherel; (t) is the synaptic current ang, =20 ms is

shifting each group of 10 neighboring EC/DG units the membrane time constant. When the voltage exceeds

by one cell. For example, the first pattern drives cells a threshold of 0.0033, the cell fires, after which the

1-10 of the CA3 layer, the second drives cells 2-11, thresholdis subtracted,da 2 msleadtime isimposed.

and so forth. The sequence used in these simulations The synaptic excitation arriving at th¢h cell is

has 100 patterns, and thus only the first 100 CA3 cells ox

are driven by the EC/DG input directly. The durationof ~ !j (1) =KaXj () + Kz Z Cjwij Dzt —5j), (2)

each patternis 20 ms, but because of the extensive over- '

lap between patterns, each CA3 cell actually is driven wherex;(t) is the binary EC/DG firing state; (t) is

by EC/DG input forT =200 ms. the binary firing state of theth CA3 unit, ¢; is a 0/1

=1j(t) = V), 1)
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variable representing the absence/presence of a conty= 150 ms. That is,
nection from celi to cell j, wj is the synaptic weight,
ands; is the corresponding axonal delay, randomly set Z(t) = Z e t=t)/ta _ e*(t*lb/fre, (6)
between 1 and 2 ms. The scaling factdts = K, =4, K
control the relative magnitudes of external and feed-
back excitation. where tli( represents thekth firing of cell i, and
In the hippocampus, connectivity is higher locally tz=0.001785 is chosen to make the function reach
and decays over distance (Bernard and Wheal, 1994),a maximum at 8 ms.
so that the overall average connectivity is on the order  The value ofr is meant to reflect the deactivation
of a few percent (Amaral et al., 1990; Ishizuka et al., kinetics ofthe N-methyl-D-aspartate (NMDA) receptor
1990). However, because our 1,000-cell model is much (Holmes and Levy, 1990), which is known to partici-
smaller than the 300,000-cell CA3, it only represents a pate in synaptic plasticity in the hippocampus. How-
thin slice of tissue, within which the effects of distance ever,t, is not meant to be taken as a biophysical model
on connectivity can be ignored. Thus, we set the con- of the NMDA receptor but rather a simple represen-
nectivity patterng;, randomly and uniformly, so that  tation of the functional consequences of the NMDA
each CAS3 cell receives connections from 10% of the receptor’s ability to compute a relatively long-term av-
other cells. erage of presynaptic activity. Thus, as avaluegthe
Activity is controlled by a feedforward and a feed- functional duration of 150 ms is used, as suggested by
back inhibitory interneuron. Feedforward inhibitionis experimental measurements of the timecourse of decay
the running average of the EC/DG layer activigt), of associative long-term potentiation (LTP) in the hip-
scaled by factoKgg. Feedback inhibition is the run-  pocampus (Gustafsson and Wigstrom, 1986; Levy and
ning average of CA3 activity one millisecond in the Steward, 1983). In a more realistic model,could be
past,m(t), scaled byKgg|. The time-constant of both  chosen according to observed biophysical properties
of these inhibitory running averagers is 2 ms. Thus, the of the NMDA receptor, rather than its second-order ef-
inhibitory current is fect on LTP. In this case, the value of is debated in
the literature. Experimental observations show a dou-
ble exponential decay of deactivation, with a value for

lin(t) = Ko + KeriS(®) + Keaim(t), 3) the first time-constant ranging from lower values like
25 ms (Staley and Mody, 1992) and 70 ms (McBain
whereKp =1 is a constant inhibitory term. and Dingledine, 1992) to higher values like 200 ms
Inhibition exerts a shunting (divisive) effect on CA3  (Spruston et al., 1995), consistent withused here.
as follows: Notice that postsynaptic activityz{(t) =1) is re-
quired for synaptic modification, while the strength
dij ) 1Pt () and sign of modification are controlled by the average
at |jeX(t) T ln(t—0) (4) presynaptic activity  (t)) in relation to the current

synaptic weight. This is consistent with experimen-

i L tal observations in the hippocampal slice preparation

where z;=2ms is the synaptic time-constant, and (Gystafsson and Wigstrom, 1986; Levy and Steward,

§ =1msisthe axonal delay. Shunting makes the synap- 19g3), as well as with biophysical simulations (Holmes
tic currentinto aatio of excitation and inhibition rather 54 Levy, 1994).

than a difference. . With a learning rate of 0.1, only about five presenta-

~ Synaptic weights change during the course of leam- jjons of the sequence are required for learning. In these

ing according to a Hebbian rule: simulations, however, we use 10 learning trials to move
the average synaptic weight closer to steady-state.

Awjj(t) =0.1- z;(1)(Z (1) — wj (1)), 5)

2.5. Controlling for Activity Levels
wherez (t) is a running average of presynaptic activ-
ity. Each time the presynaptic cedllfires, its effect Previous experience with this and similar network mo-
on the running average rises to a peak at 8 ms (Levy dels indicates that the average activity level is an im-
and Steward, 1983) and decays with a time-constant of portant global variable, influencing network behavior
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Table 1 Changing inhibition to match activity levels. a characteristic firing pattern, each firing over a brief
Parameter Value Keel Activity (Hz) pe_riod oftime. These cells, Whic_:h we claltal context
units, are described more fully in Fig. 2. The collec-
A 200 ms 420 6.8 0.12 tion of local context units are the CA3 network’s own
150 ms 375 6.6:0.02 internally generated code for the input sequence. More
A 100 ms 340 6.1 0.00 specifically, the code for patterrof the sequence con-
150 ms 410 6.6 0.09 sists of_aII the local context units that are coactive with
- 300 ms 600 5 4 0.00 patterni during Iear_nlng. _ _
In order to quantify network behavior during recall,
200 ms 440 5.6¢ 0.14 i
we must not only examine those CA3 cells that were
T 150 ms 340 8.4-0.18 driven directly by the EC/DG layer during learning
200 ms 440 8.3 0.11 but also the pattern of local context unit firing exhib-

In order to control for unwanted changes in activity when any model ited by the remaining CA3 cells. Because the f'de“ty

parameter is varied, inhibition must be adjusted in a compensatory Of the firing pattern in the 900 cells may not be obvi-
manner. In this table, each row represents the parameter settings 0Uus by inspection, some type of decoder is necessary.
for one simulation, and rows are ordered into pairs. The firstrow  Arguably the best decoder would be a model of hip-
of each pair glve§ the “experimental” parameter s_ett!ng_s, in w_h|ch pocampal area CA1, the primary target of CA3 output
the parameter of interest has been changed and inhibition adjusted . the brain. H b inint tis CA3
to whatever level is required to obtain learning. The second row !n ¢ ra'_n' owever, ecaus_e ourmaininterestis

gives the “control” settings, in which inhibition has been adjusted  itS€lf, we instead choose a simple decoder, rather than
to match the activity level of the previous row. For example, rows  trying to improve the performance of CA3 with an ad-

1 and 2 compare the effect of raising from 150 to 200 ms, ditional network layer. In particular, our decoder is a
while rows 3 and 4 compare the effect of loweringfrom 150 to mathematically convenient function (described below)
100 ms. For each row, the first column lists the parameter under that t lates th t K state at . fi int
study, the second gives the actual parameter values, the third shows a_ ranslates the network state at any given Ime. into
the level of feedback inhibition, and the fourth gives the average an integer between 1 and the number of patterns in the

activity level = S.E. for the network during the final (tenth) trial sequence.
of learning. Symbols usedKgg,, feedback inhibitionza, time-
constant of synaptic modification rul€; pattern duration.

2.6.1. Decoding the CA3 State.Decoding is done in

two steps. First, we calculatesamilarity matrix, S,
in a variety of ways (August and Levy, 1996; Minai jy which each element is a number between 0 and 1
and Levy, 1993a, 1993c; Smith and Levy, 1998; yepresenting the similarity of the network during re-
Wu and Levy, 1995). Thus, activity is a poten- ca| to one of the codewords developed during learn-
tially confounding variable when studying the ef- ing. For exampleg; is the similarity of the network
fect of network parameters on compression. If chang- state at timestep of recall to the codeword represent-
ing a parameter does affect temporal compression, jng patterni. Mathematically, the similarity matrix is
is this effect due to the parameter itself, or is it 3 normalized product of two other matrices. The first
secondary to the effect of this parameter on acti- matrix, A, is a binary (rastergram) matrix representing
vity levels? In order to avoid this uncertainty, we com-  the activity of the network during the final trial of learn-
pensate for changes in activity by varying the inhibition  jng \when still driven by EC/DG input. This matrix has
in the opposite way, so as to match activity levels to a 1 000 rows and 100 columns, reflecting the number of
comparison case. For example, if we wish to study celis in the network and the number of patterns in the
the effect on compression of increasing, but dis- input sequence, respectively. Tkia row of A corre-
cover that increasinga reduces activity, then we must  sponds to the activity of cell averaged into successive
compare to a case of similarly low activity obtained ping of durationT, the length of time each individ-
by increasing the inhibition. Table 1 shows each of 51 EC/DG cell is activated in the input sequence. The
the parameters that have been changed, along with thesecond matrixB, represents activity during testing as a
required compensatory changes in inhibition. binary matrix with 1,000 rows and a number of columns

equal to the number of 1 ms bins during testing. The

2.6. Data Analysis similarity matrix is then

The external input sequence only drives the first 100 S_ A'B ' )
CA3 cells directly. The remaining 900 cells develop |A|IB]
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Figure 2 The development of context units. A: Network state during the first trial of training. Neural activity is presented as a rastergram,

in which time proceeds along the abscissa, neurons are along the ordinate, and each dot stands for a spike. Each row represents the firing of
one cell over time. For clarity, only the first 500 cells of the 1,000-cell network are shown here. The input sequence from the EC/DG layer
directly excites only the first 100 CA3-layer cells, as shown by the dark diagonal band of firing. The remaining 900 cells (of which only 400 are
shown) are excited by feedback (recurrent) connections from within CA3 only. At the beginning of the simulation, the network oscillates with

a frequency that decreases over time and eventually dies out. B: Network state during the final trial of training. By the tenth trial of learning,
the average synaptic weight has stabilized. Now, however, due to the effects of synaptic modification, the recurrently driven cells no longer fire

in a simple oscillatory pattern. Instead, these cells fire over brief periods of time spanning several patterns of the sequence. We call these cells
local context unitsind propose them as a rough analogy to hippocampal place cells. The set of local context units that are activated during each
pattern constitute the network’s own internally generated codeword for that pattern.

The similarity matrix can be conveniently viewed on X(t), are the average of the counting functions for

a grayscale from white (least similar) to black (most 100 cells. In these simulations, the autocorrelation is

similar). measured wit a 1 mstime bin, using spike train data
The second step of decoding is to calculate the from the first 100 local context units (actually cells

winner, W(j), at each timestep of testing. The win- 101 to 200 of the CA3 layer). If the sequence is repeat-

ner is the largest value of each column of the similarity edly recalled, the autocorrelation will show a series of

matrix—the pattern to which the network state during peaks of diminishing height. The time at which the first

recall is most similar. The sequence of winners is the nonzero peak occurs;, corresponds to the duration of

final decoding of the CA3 network state over time. the compressed sequence. Thus, the compression ratio

is

2.6.2. Measuring Temporal Compression.Tempo-

ral compression is measured as tloenpression ratip CR=

CR whereCR> 1. The calculation o€CRis based on

the autocorrelation of spike train data. If we represent  One advantage of measuring compression by the

the spike times for neuron by the sequencét}, autocorrelation is that, in principle, all of the neces-

i=123,..., then we may define a counting func- sary information can be obtained experimentally. The

tion, Xn(7), which is incremented by one whenever autocorrelation itself requires the spike trains, which

t" —t'=7 for somei and j. The autocorrelations, are obtained using multielectrode recording. The

sequence duration
71 ’

(8)
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sequence duration can be estimated from the average3.2. Spontaneous Recall

time it takes a rat to complete one loop—for exam-
ple, by averaging the intervals between crossings of an
electric eye-beam placed at one point along the track.

2.7. Computational Considerations

These simulations use a 1,000-cell network, which is
nearly 300-fold smaller than hippocampal area CA3 in
the rat (Amaral et al., 1990). However, even this small
network still requires a considerable computational ef-
fort to simulate. Because each synapse must be mod-
ified at every timestep, the computational burden of
synaptic modification is proportional to the square of
the network size. To make these simulations run effi-
ciently, we use the Cray C-90 computing platform,
combined with custom written code employing vec-
torized techniques. A forward Euler method is used
to solve the differential equations governing synap-
tic modification and cellular voltage update. Using a
timestep ofAt = 0.00025 s, a typical run requires about
1 sec of CPU time per simulated second.

3. Results

3.1. Development of Local Context Units

Figure 2A shows the network state during the first trial
of learning. In this rastergram, each row depicts the
firing of one cell over time. The dark diagonal band of
firing represents the first 100 cells, which are driven di-
rectly EC/DG input. The remaining 900 cells (of which
only 400 are shown) are driven by recurrent connec-
tions only. The firing pattern depends on how the ini-
tial synaptic weight distribution is chosen at the be-
ginning of the simulation. Larger average weights re-
sult in oscillatory behavior, whereas smaller average
weights result in more random, noisy firing. In this
particular illustration, the initial synaptic weights are
chosen from an exponential distribution with mean of
0.05. Figure 2B shows the same network during the
tenth training trial, by which time the average synap-
tic weight has stopped changing significantly. Note the
appearance of local context units—recurrently driven
cells with discrete firing episodes spanning a few pat-
terns. Learning transforms the initially random firing
pattern of recurrently driven cells into organized local
context unit activity. The collection of local context
units active at any time constitutes tbedewordgen-
erated by the network for that portion of the sequence.

Recall is first examined in the spontaneous sequence
completiontask, which is meantto resemble slow-wave
sleep. After training, inhibition is lowered, and the net-
work is stimulated with low levels (on average, 1 Hz
across all neurons) of random EC/DG firing. Figure 3A
shows the network during this random input. Three
episodes of spontaneous recall are evident, starting at
roughly 250, 500, and 1100 ms. No explicit triggering
events are required to obtain these episodes of recall.
The network exhibits a significant amount of temporal
compression during these recall events, requiring only
about 100 ms to replay the original 2,000 ms sequence.
Note that recall happens during SPW-like periods of
high-frequency firing, as shown by the timecourse of
average network activity in Fig. 3B.

The similarity matrix in Fig. 3C illustrates the net-
work state during periods of successfull recall. The
values from 0 to 100 on the ordinate do not correspond
to the first 100 cells of the network but rather to the sim-
ilarity of the entire network state at any instant of time
during recall to each of the 100 codewords representing
the 100 patterns in the input sequence. The dark diag-
onal bands demonstrate that it is not just the first 100
cells shown above (e.g., those cells driven by EC/DG
activity during training) that reproduce their firing pat-
tern during testing but the remaining 900 cells as well.
We emphasize that in the simple sequence learning task
shown here, looking at the similarity matrix does not
add much compared to looking at the rastergram in
Fig. 3A. However, in a more realistic situation in which
multiple input sequences from EC/DG were scattered
throughout CA3 in a nonorderly fashion—rather than
the artificial situation here in which the sequence pro-
gresses in order through the first 100 cells—the simi-
larity matrix would add a vital understanding of the fi-
delity of recall. The sequence of winners, which are the
patterns with the highest similarity score, confirm the
impression of successful recall shown in the similarity
matrix (see Fig. 3D).

3.3. Compression and Activity Levels

It is difficult to study temporal compression during
episodes of spontaneous recall because of their un-
predictable nature. Therefore, we instead study recall
during the prompted sequence completion paradigm,
in which the network is given the first pattern for
50 ms as a test probe and then is allowed to relax on
its own. Conceptually, this is somewhat like studying
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compression during a very long sharp wave. An ex- testing, the network is tested at two different levels of
ample of prompted sequence completion is shown in feedback inhibition. AKrg, is lowered from 44 to 18,
Fig. 4A, during which the network recalls the 2,000 ms the average activity during testing increases from 42.6
sequence irc120 ms, so thaCR=16.53. The dark to 145.3 Hz, and at the same tim@Rincreases from
diagonal bands of high similarity, shown in Fig. 4B, 16.53t025.97 (see Figs. 5A and B). To quantify more
demonstrate successful recall. That is, it is not just accurately the relationship betwe@Rand activity, we
the first 100 cells that were driven by EC/DG activity testthe network at 20 different values of inhibition and
during training that reproduce their firing pattern dur- repeat this entire process with three random starting
ing testing but the remaining 900 cells as well. conditions. When the resulting compression ratios are
To determine the relationship between compression plotted against the activity during recall, a monotoni-
and the average activity level of the network during cally increasing relationship is apparent (see Fig. 5C).
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Figure 3 Spontaneous sequence completion. A: Network state during testing. During recall, associative synaptic modification is disabled, and
EC/DG units are activated randomly at an average rate of 1 Hz. Notice the emergence of three distinct episodes of recall, two of which contain
multiple repetitions of the sequence. The recalled sequence is temporally compressed by approximately 16-fold, replaying the original 2,000
ms sequence in only about 125 ms. B: Average network activity. Although the network usually remains at low levels of activity, spontaneous
recall occurs during brief periods of high-frequency firing, reminiscent of sharp waves. The ordinate shows summed cell firing over the network
in Hz. C: Similarity matrix. The similarity matrix quantifies how close the network state is during recall to the codeword generated for each
pattern during learning. Similarity is useful because, although the fidelity of recall may seem obvious by inspection of the first 100 (externally
driven) cells, the firing pattern of the remaining 900 cells is not as clear by inspection. The similarity matrix allows visualization of the entire
network state at any instant of time. Specifically, thej)" element of this matrix is the similarity between the network state at timgstep
during testing and the codeword for pattérduring learning. Similarity, as defined in Section 2.6, is s plotted on a scale from white (least
similar) to black (most similar). Note, however, that the maximum similarity shown in this figure isahB; indicating that recall is still
imperfect. D: Winners. The winner at each timestep during testing is the pattern with the highest similarity score. The sequence of winners,
which is the final decoding of the network state, resembles a compressed version of the original sequence.

(Continued on next page
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3.4. Compression and the Time-Constant network to associate patterns that occur farther apart in

of Synaptic Modification the sequence. To test this intuition, we use pattern
durations of 15, 20, and 30 ms. Because each pattern

Temporal compression should be related to the times- consists of 10 EC/DG cells and overlaps its neighbor-

pan over which synapses can make associations. Foring patterns by nine cells, these pattern durations cor-

example, if synaptic modification during pattern 50 is respond toT =150, 200, and 300 ms as defined in

only influenced as far back as pattern 49, there will be Section 2.3. For th& =150 ms case, the network is

much less potential for compression than if the state tested withKgg values from 9 to 20. Foil =200,

is influenced as far back as pattern 1. In our model, Kgg is increased from 8 to 34 during testing, and for

the timespan of associativity is controlled by, the T =300, we increas&rg, from 7 to 18 during testing.

time-constant of the running averager of presynaptic As shown in Fig. 7, the shorter the pattern, the more

activity in the synaptic modification rule. As shownin the temporal compression.

Fig. 6, increasinga from 100 to 150 to 200 ms results

in a dramatic increase BR 3.6. The Relative Timespan of Associativity

As just observed, there is a similarity between increas-
3.5. Compression and Pattern Duration ing za for fixed T and decreasing for fixed ta. Here,

we examine directly compression as a function of the
The compression ratioCR, is a relative measure. ratiota/ T, which we call thaelative timespan of as-
Therefore, we hypothesize that decreasing the patternsociativity. We expect that asa/ T increases, synap-
duration for a fixed 5 has a similar effect as increasing tic modification will be able to span more of the se-
7 for afixed pattern duration. Either change allows the quence, resulting in more compression. To examine this
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Figure 4 Prompted sequence completion. A: Network state during testing. During testing, synaptic modification is disabled and the network
is allowed to freely recall the sequence after experiencing the first pattern for 50 ms as a test probe (lower lefthand corner of upper panel). After
the test probe ends, the network recalls an approximate version of the original (circular) sequence several times, with a significant amount of
temporal compression. That is, while the original sequence lasts for 2000 ms (see Fig. 2), each repetition of the recalled sequence lasts for only
~150 ms, resulting in a compression ratio@R~ 13.3. B: Similarity matrix. The similarity matrix, described in Section 2.6, shows bands of

gray corresponding to recall of the sequence. As in the previous figure, recall is not perfect, with a maximum similari®y3stdl: Winners.

The sequence of patterns with the maximum similarity values over time mimics the original sequence.

relationship, data are combined from previous studies within a given timespan of associative modification,
with 7o = 100, 150, and 200 ms anfl= 150 200, and and there is not enough pattern-to-pattern strengthen-
300 ms. Because these data all have somewhat differ-ing to allow definitive sustained sequence recall.
entranges o€R-values, only the average compression
for activity levels between 90 and 110 Hz are com-
pared. Figure 8 illustrates a strong positive correla- 3.7. Compression and Context Lifetime
tion betweerr,/ T and compressior =0.98). Thus,
from a conceptual standpointa/ T seems to be an  Besides investigating how temporal compression is in-
appropriate variable for studying compression. fluenced by individual model parameters, we are also
The amount by which the parametes/ T can be interested in the influence of global values that can be
varied is limited by the fact that the network does not affected by many different parameters. One such global
learn sequences that change too slowly or too rapidly property is the average duration of local context unit
compared to the timespan of the associative modifi- firing (or average local context lifetimegE[L] (Levy
cation rule. For example, as shown in Fig. 9, when and Wu, 1996). Basicall\i[L] measures the average
a/ T > 1.5, the associative timespan is too small to length of time each context unit (cells 101 to 1,000 in
span multiple patterns, and the network gets stuck at at- this network) fires in a contiguous manner, defined as
tractors within the sequence during recall. Conversely, more thanthree spikes within a short period oftime. Be-
whenzta/T <0.375, the sequence changes too much cause the network uses local context units to span the
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Figure 5.  Compression increases with activity during testing. A: Testing at low levels of activity. In this case, the network is tested with the
feedback inhibition set t&gg| = 44, which produces about four repetitions of the sequence in 500 ms, resulting in a compression ratio of 16.5.

B: Testing at high levels of activity. Her& g, is reduced to 18, thereby raising the activity level from about 40 Hz to about 150 Hz. In this

case, the network recalls the sequence about six times within the same 500 ms period, raSR¢pt@6é. C: Compression as a function of

average activity. The network is tested over a wide range of activity levels, produced by vpgngver 20 different values. The abscissa
represents the average firing rate per unit during the 500 ms testing period. The combined data from three different simulations shows that as the
average activity level during testing increases, so does the amount of temporal compression. These three simulations are produced by varying
the initial random seed, which in turn controls the connectivity matrix and initial weights.

sequence, we expect that longer local context lifetimes each parameter value. Because @Rvalues for this
should lead to more compression. However, there is data covers a wide range of activity levels, only those

only a weak positive correlatiorr &£0.58) between
CRand the normalized context lifetim&[L]/T.

One reason for this weak correlation is that the
EC/DG input is strong enough to “force” most of
the local context units to have duration approximately
T, rather than spreading out over many different

values ofCR measured between 90 and 100 Hz are
included in the comparison. In this case, a highly sig-
nificant correlation of = 0.97 emerges, indicating that
the variation in the length of local context units, more
than their mean length, affects the degree of temporal
compression.

timescales (see below). Thus, we also examine the More insightinto this relationship between compres-
correlation between compression and the context life- sion and context lifetime can be obtained by examining
time coefficient of variance&; V[L]. More specifically, the distribution of context lifetimes. Figure 10 com-
data are combined from simulations using input pat- pares the histogram of local context lifetimes for sim-
terns withT = 150, 200, and 300 ms and simulations ulations with several values afy, the time-constant
with associative time-constants of = 100, 150, and  of synaptic modification. The abscissa showaT,
200 ms, using several different random initial seeds for the local context lifetime normalized to the pattern
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Figure 6 Compression increases with the timespan of synaptic modification. This figure shows the effect of chartgmgme-constant of

the running averager of presynaptic activity in the synaptic modification rule, for networks tested over a range of different activity levels. Shown
here are networks witha =100 (x), 150 @), and 200 ms«). As ta increases, there is a dramatic increase in compression, as well as an
enhancement of the activity dependence. To obtain this range of activity levels for the aase 800, Krg was varied from 4 to 9. For

a =150, Kgg| was varied from 11 to 34, and fei = 200, Kgg| was varied from 22 to 50. The abscissa represents the average firing rate per
unit during the 500 ms testing period.

duration. Most of the context lifetimes do indeed clus- the relationship between the time-constant governing
ter near the pattern duration, so that each histogram hassynaptic modification and the pattern duration. These
apeakat /T = 1. However, as, increases, the num-  latter effects are related to the development of longer
ber of longer duration contextlifetimesincreases and so local context units during training.

does the amount of temporal compression. Thus, our
original intuition that compression depends on local
context lifetime is essentially correct but must be lim-
ited to local context units witt. > T.

4.1. Spontaneous Sequence Recall

When inhibition is lowered and the network is stimu-

lated by random input activity during testing, we ob-
4. Discussion serve spontaneous bursts of previously experienced

sequences. These bursts occur as brief, intermittent
The CA3 network model described here performs tem- episodes of high network activity, reminiscent of the
poral compression—recalling a sequence in less time sharp waves observed in the hippocampal electroen-
than it would take to present the sequence during a cephalogram during slow-wave sleep and awake in-
single learning trial. Temporal compression is propor- activity (Ranck, 1973). Thus, the simulation result
tional to the average network activity during recall, is broadly consistent with the experimental obser-
which we control by varying the level of feedback in- vation that cell-specific correlations learned during
hibition. Temporal compression is also influenced by awake maze-running behavior are reproduced during



84  August and Levy

351 *XK
X X
* K
30+ X o
*¥
o o
* » o
25 * o © o x
o X o o
o

2 * 0 o o
g o
S N o ° '
S o
§ ° o © © © o
a

150 9 °©

Xy Xx X X
X x

10F x 3 X g x XX

5_

0 1 1 1 1 L 1 1 1

0 20 40 60 80 100 120 140 160

Activity during testing (Hz)

Figure 7. Compression decreases with increasing pattern duration. This figure shows the amount of compression that can be performed by

a network with an associative time-constantraf=150 ms when stimulated by input sequences with different pattern durations. Here we
compare the case @f= 150 ¢), T =200 (), andT =300 ms ). As the pattern duration decreases, the amount of compression increases. The
abscissa represents the average firing rate per unit during the 500 ms testing period.

slow-wave sleep (Wilson and McNaughton, 1994). In (i.e., those with strong synaptic interconnections) fire
our model, each SPW-like event is likely terminated during SPW-like episodes, whereas our study reflects
by background noise in the EC/DG layer. In the brain this but also demonstrates that the temporal ordering
however, SPWs may be terminated by the action of in- of these firings is approximately preserved.

hibitory interneurons (see, for example, Buhl et al.,

1994; Buzsaki, 1984a; Gulyas et al., 1993; Miles,

1990) or calcium-gated potassium channels (Benington 4.2. What Causes Temporal Compression?

and Heller, 1995).

The present observation of spontaneous sequenceFrom the present results, the primary mechanism of
recall during episodes of high-activity extends a previ- temporal compression seems to be the ability to switch
ous observation based on a McCulloch-Pitts network from externally driven dynamics during learning to in-
(Minai and Levy, 1993b). In those simulations, how- ternally driven dynamics during recall. During learn-
ever, the completeness of the recalled sequence wasng, the time-constant of synaptic modificatian, in
not evident, nor was it possible to match the time con- relation to the pattern duratior,, controls how far
stants to physiological values. The present results areapart in time events can be associated. The network
also consistent with recent simulations demonstrating encodes these associations in the form of local con-
that a hippocampal network model switches between text units. Asra/ T increases, the activity of individual
periods of relative quiescence and periods of high activ- neuronsg;, can span more of the sequence because in-
ity (Shen and McNaughton, 1996). However, the Shen dividual synaptic associations span greater fractions of
and McNaughton study shows that the appropriate cells the whole sequence. Longer context lifetimes result,
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Figure 8 Compression and the relative timespan of associativity. The individual effects of the time-constant of associative modification,
and of the pattern duratiof,, are illustrated in Figs. 6 and 7, respectively. Here, we examine the relationship between compression and the
ratio of ta/ T, also known as the relative timespan of associativity. Because this figure combines data from experiments with many different
CRyvalues, compression is expresse@&%oo, the averag€Rfor activity levels between 90 and 110 Hz only. There is a significant correlation

(r =0.98) betweenra/ T and compression. Note the the network fails to learn sequencesayith= 1.5 and 0.375.

with a greater potential for compression. During re- and even less for neurons&in — 1). Now let us con-
call, the amount of compression produced depends onsider increasing the average network activity level as a
how fast the network can transition between these pre- lowering of cell firing threshold. Lowering the thresh-
viously driven states encoding different patterns. By old by a small amount increases the number of cells
lowering inhibition and thereby raising activity levels, in both S(n+ 1) and S(n —1). However, because of
the amount of compression expressed by the network temporal asymmetry in the synaptic modification rule,
increases. relatively more active neurons are added fri§(n + 1)

At present, we do not have an analytical theory that than fromS(n — 1). If the threshold is lowered fur-
can quantitatively predict the compression ratio as a ther, the same thing happens again, but now the sets
function of the average network activity level. How- S(n+2) andS(n — 2) are also included. Again, rela-
ever, analytical solutions are available for the aver- tively speaking, more of the excitation fro8(n — 1)
age activity level in a simpler network without capaci- goes to the neuronS(n) than toS(n — 2), and more
tance (Minai and Levy, 1993a, 1993c; Smith and Levy, excitation goes fron$(n + 1) to S(n + 2) than toS(n).
1998). Qualitatively, however, the speedup at higher This process of adding relatively more cells associated
activity levels seems straightforward. Let us denote with patterns in the future continues as threshold is
by S(n) the set of local context units active during lowered. As activity is increased in this manner, the
patternn. By virtue of the temporally asymmetric rule  network finds (i.e., represents) a multiplicity of states
governing synaptic modification, the neuronsSm) simultaneously. Because relatively more future states
will excite those neurons in the s&n+ 1) by the are represented than present or past states, there is a
greatest amount, with less excitation for cellsSm), stronger pull into the more distant future.
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Figure 9 Failure to recall sequences with very short or long patterns. A: Recall of a sequence with prolonged patterns. The network is trained
with a sequence in which each EC/DG unit is activeTee 400 ms instead of 200 ms. During testing, the network falls into an attractor state

near pattern 30 and can not break free to recall the rest of the sequence. Attractor formation occurred in 10 out of 10 cases with different random
initial seeds. B: Recall of a sequence with shortened patterns. In this case, each EC/DG unit is only active for 100 ms. During testing, network
activity dies out. This effect is consistent in five out of five trials with different random seeds. In both of these simulations, the time-constant of
synaptic modification iga = 150 ms.
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Figure 10 Distribution of local context unit lifetimes. Shown here is the relative frequency of local context unit lifetinmesmalized to the

pattern duratiof, for simulations with a 100 (solid) and a 200 (dash) ms time-constant of synaptic modification. Although the peak of these two
distributions is similar ./ T ~ 1), there are more long-duration context lifetimes and a higher av€Rgehen the associative time-constant,

Ta, S 200 ms.

4.3. Compression by Other Models shifting. The temporal compression demonstrated here
requires only a time-spanning learning rule, not a

Several modeling studies have demonstrated fasterparticular type of network oscillation. However, the
than real-time sequence prediction associated with O’Keefe-Reece theta-phase shifting effect nevertheless
network oscillations. For example, it has been sug- works in concert with the temporal compression de-
gested (Skaggs and McNaughton, 1995, 1996; Skaggsscribed here to facilitate sequence learning. Specifi-
etal., 1996) that compression arises from the so-called cally, theta-phase shifting brings temporally distant
O’Keefe-Reece effect—the ability of place cellsto shift events close enough together to be associated by
their firing according to the phase of theta (O’Keefe and a learning rule with a biologically relevant times-
Reece, 1993). Indeed, various computational models of pan. Phase shifting allows place cell firings from two
theta-phase shifting have recently been proposed (Shemearby places to be brought within a single theta-
and McNaughton, 1996; Wallenstein and Hasselmo, cycle of 120 ms and to remain in the correct tem-
1997). Another type of temporal compression arises poral order. With these two tasks accomplished, the
from the interplay between higher-frequency gamma learning mechanism described here would associate
oscillation and lower-frequency theta oscillation, the two events across a timespancgf: 150 ms, and
which allows approximately seven different events can the network would subsequently be capable of tempo-
be compressed into a single theta cycle (Jensen andral compression during recall. The magnitude of this
Lisman, 1996; Lisman and Idiart, 1995). temporal compression would multiply the relatively

In the present results, however, temporal compres- smaller compressive effect of theta-phase shifting, sig-
sion is obtained without any theta-like process or phase nificantly extendingdCR
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Besides the model presented here, another sequenceonsolidation. Consolidation is the process by which
learning model without oscillations is that of Blum certain memories are transferred from temporary stor-
and Abbot (1996). These investigators show that a net- age in the hippocampus to their longer-term storage
work with a time-spanning synaptic modification rule sites, presumably in the neocortex (McGaugh and
similar to the rule used here is capable of short-term Petrinovich, 1959; Squire and Zola-Morgan, 1991).
sequence prediction. However, these results are moreDuring consolidation, the hippocampus may “teach”
related to continuous sequence prediction during ex- the cortex by repeatedly recalling its own memory
ploration, rather than the high-speed recall of an en- traces while hippocampal-cortical synapses undergo
tire learned sequence in the absence of external inputassociative modification (Alvarez and Squire, 1994;
demonstrated here. Buzsaki, 1996). However, the cortex may be a slower

A similar CA3 model based on McCulloch-Pitts neu- learner than the hippocampus (Marr, 1971; McClelland
rons (Prepscius and Levy, 1994) also shows that tempo-et al., 1994), requiring many more exposures to a se-
ral compression can be controlled by the level of inhi- quence for synapses to modify. Temporal compression
bition during recall. This finding, with a much simpler may facilitate this “hippocampal-neocortical dialogue”
network, emphasizes the generality of the present find- by allowing more teaching repetitions within a given
ing thatCRdepends on the activity level during testing period of time (Buzsaki, 1996).

(Fig. 5). However, the McCulloch-Pitts model shows Temporal compression may also facilitate chunk-
jump-ahead compression, in which patterns in the mid- ing, the process by which several different events are
dle of the sequence are skipped during recall, whereascombined into a single pattern of neural activity. For
the integrate-and-fire network exhibits speedup com- example, suppose that a network with an associative
pression, in which each pattern is recalled for a shorter time constant of 160 ms can perform 20-fold compres-
period of time than it lasts in the driven sequence. One sion of a sequence in which each pattern also lasts
reason for this qualitative difference in compressionis 160 ms. Thus, the network recalls this sequence as
that each pattern of the McCulloch-Pitts network lasts though each pattern only lasted for 8 ms. If the subse-
for only a single timestep. Thus, simple speedup is not quent network layer also has an associative timespan
possible becase recalled patterns can not last for a frac-of 160 ms, then it would be capable of associating
tion of a timestep. Another reason is that the study events that were originally 3.2 seconds apart in
of the McCulloch-Pitts network used noncircular se- time. Longer associative time-constants in the cortex
quences, which form a weak attractor at the sequencewill increase this effect proportionally, as will feed-
end. The presence of this attractor may have increaseding compressed chunks rapidly back into the hippo-
the likelihood of jump-ahead behavior during recall.  campus.

Our laboratory has also recently observed speedup-
type temporal compression in a different CA3-like _ o
model (Levy et al., 1997). This hybrid network com- 4-5- Experimental Predictions
bines the simplicity of the McCulloch-Pitts model )
with some (but not all) of the complexity of the full Based on our results with the,/T parameter, sev-
integrate-and-fire model. More specifically, the hybrid eral experimental predlct!ons follow. First, as patterns
model lacks a membrane capacitance but still can as-P&come shorter, there will be more compression dur-
sociate patterns across multiple timesteps. Thus, the!Nd subsequent slow-wave sleep. However, if patterns
hybrid model represents time better than a network of ¢hange too quickly or too slowly, learning will not oc-
McCulloch-Pitts cells but not as well as the present CUr-Intheory, pattern duration can be changed by mov-

model. In agreement with our present resu® is ing the rat around the track at different speeds, for ex-
also proportional ta in the hybrid model and, to a ample on a motorized cart. It has already been shown
lesser extent, to activity levels. that rats exhibit robust place cellfiring in this type of sit-

uation, so such experiments may be possible. Finally,
GABA-ergic agents, by controlling activity, would be
4.4. Functional Significance expected to change the observed amount of tempo-
of Temporal Compression ral compression. For example, adding GABA antago-
nists during slow wave sleep should increase temporal
It is tempting to speculate on some possible func- compression, while GABA agonists would decrease
tions of temporal compression with regard to memory compression.
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