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Abstract

Latent attractor networks are recurrent neural net-
works with weak attractors that bias the network’s
response to external stimuli but never fully manifest
themselves. Such networks have been used to model
context-dependent place representations in the hip-
pocampus [5], and to encode context-dependent stim-
uli in neural networks [3]. In the original latent attrac-
tor model, each attractor was triggered by a unique
contert pattern representing a stimulus that uniquely
identified the context of the subsequent episode. This
model was later extended to the case where contexts
were triggered progressively by the sequential presen-
tation of several stimulus patterns without regard to
order. In this paper, we describe a network model
that can select contexts even if the triggering stimulus
patterns are interspersed among patterns irrelevant to
context selection. This is closer to the way such a
process would occur cognitively, where contexts are
typically recognized based on a subset of sequentially
perceived identifiers or cues among a larger set of per-

ceived items.

1 Introduction

In most cognitively interesting situations, the meaning of
stimuli depends on context, which is typically specified
at some earlier time. Two types of contexts can be dis-
tinuished depending on how far in the past the context
information is given relative to the current time. The first
one — which we call Type I Context — occurs when the
system’s response (output) at time ¢ depends on stimuli
(inputs) presented in an immediately preceding time win-
dow. Examples of such context appear in dynamical sys-
tems and in applications such as speech processing and
word recognition. It is embodied in autoregressive models
or finite-state machines and can be learned by recurrent
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neural networks where past states are fed back to the net-
work [11, 13, 12].

The second type of context, which we term Type II or
episodic context, arises when the information about con-
text is given transiently at a particular time in the past.
Examples of such context are found in social situations,
in recognition of spatial environments, task specifications,
etc., where the context is typically specified at the begin-
ning of the episode and continues to be in force for its
entire duration — even if the episode lasts a long time.
As a concrete example, consider a situation when a set
of identical rooms (e.g., in a hotel) are distinguished only
by the number on the door. Looking at this number at
the time of entry sets the context for the interpretation of
subsequent experiences in the room. Episodic context de-
pendence is more difficult to address using simple decaying
feedback because the information on context is specified
at a fixed time which grows increasingly remote from the
present. This requires the system to “latch” information
which is difficult even in recurrent networks [1, 12].

Experiments suggest that the hippocampal region of the
brain in rodents constructs distinct representations of sim-
ilar or even identical environments depending on episodic
context. We have proposed a class of networks called latent
attractor networks as a paradigm to explain how episodic
context-dependent representations can arise without re-
sorting to off-line or external biasing [18, 5, 3, 6]. La-
tent attractor networks are recurrent neural networks with
competitive firing that embed patterns of activity as at-
tractors using associative learning. However, the recurrent
connections are not strong enough to stabilize the activ-
ity patterns autonomously. In the original formulation,
each attractor is associated with a specific external stim-
ulus pattern called a context pattern. When the context
pattern is presented to the network, it disproportionately
activates neurons in the active set of the associated at-
tractor. This sets up a stable bias onto this set via the
recurrent connections so that subsequent external stim-
uli — not explicitly associated with any particular attrac-



tor — also produce response patterns whose activity lies
mainly in the active set of the chosen attractor. Thus, the
system’s responses to stimuli are conditioned by the origi-
nal context pattern long after the context pattern itself is
gone. This situation lasts until an external stimulus asso-
ciated with another context/attractor is presented to the
network [5].

In the paradigm described above, the context patterns rep-
resent the stimuli that set the context for an episode (e.g.,
looking at the number on a door). However, in typical
situations, context is not set by a single stimulus, but by a
conjunction of stimuli (e.g., objects in a room). For each
episode with the same context, these stimuli may appear
in different order and may be interspersed with other ir-
relevant stimuli. Furthermore, any one stimulus may be
part of the combination indicating several contexts; it is
the combination which denotes the specific context. Thus,
as a cognitive system scans over the context-setting stim-
uli, a unique context would only emerge gradually rather
than instantaneously. Indeed, until the context is uniquely
identified, the system’s response may be compatible with
several choices.

In a previous study, we have considered the gradual activa-
tion of latent attractors by the presentation of a stimulus
sequence [8]. In this paper, we extend this to include the
presence of random, irrelevant stimuli in the context se-
quence. The problem of encoding episodes — in this case
contexts — by a set of inputs presented sequentially to a
neural system is relevant in other situations as well. For
example in the case of storing information hierarchically in
a neural network, several pieces of information at a lower
level define a single entity at a higher level. Whenever the
higher concept — for example, the title of a movie — can-
not be recalled immediately, the sequential presentation,
or recall of lower level concepts — like topic, actors, type,
etc. — can slowly direct the recollection of the higher
category.

Previous studies have considered the gradual activation
of attractors by sequences of stimuli [14, 2]. However, in
these cases, the order of stimuli is fixed, while we consider
the case where it changes for each episode. This problem is
closer in concept to using neural networks for encoding and
recovering hierarchical information [9, 10]. In these modu-
lar networks, the lower level concepts are stored in different
modules, and the higher level categories are represented by
the activation of all the component modules. Hierarchical
networks learn patterns on multiple levels by representing
them through specially designed patterns where the com-
mon part is retained in the high level concepts [9, 10]. We
do not use such patterns.

2 Problem Definition

The system’s task is to progressively recognize a set of
context inputs presented sequentially in a random order
in between irrelevant stimuli.

The network is presented with m different external stim-
ulus sequences in discrete time. FEach sequence, SY, of
length n

7 = CURINCYRT...[RICIRY] q=1,2,...M (1)

starts with a sub-sequence of r patterns — the context se-
quence — comprising p context patterns, C/, interspersed
with varying numbers of non-context patterns, indicated
by [R9]. The last [R?] is a sub-sequence of n — r non-
context stimuli termed the regular sequence. The context
patterns, C are drawn from a set of patterns called the
context set, C = {C}}, and the remaining patterns are
drawn from the set, R = {Ry}. Both Cj, Ry € I, where I
is the input space of dimension NNV;. For purposes f simu-
lation, patterns in both sets are generated randomly.

A total of n possible contexts are defined, each specified
by a unique set of p context patterns drawn randomly
without repetition from C. The context sequence for each
sequence, S7, includes context patterns for a unique con-
text, albeit in random order and mixed with non-context
patterns. The regular sequence for each S? is randomly
chosen from R.

At the beginning of an episode, as context patterns are pre-
sented, each context pattern specifies the correct attractor
with increasing certainty until, at the end of the context
sequence, the attractor is uniquely identified. THus, the
network activity should gradually become confined to the
active set of the correct context and to remain confined
during the presentation of the regular stimulus.

3 Method

The approach uses a four-layer latent attractor network.
The stimulus layer, Ls, has Ng neurons that project the
input patterns to the response layer, L. The connections
from Lg to Ly are set randomly with probability ps of
connection. Only Kg neurons in the input layer are active
at any one time. The biasing layer Ly has Np neurons
that receive input from the stimulus layer Lg and project
to the response layer. The input connections from Lg to
Lp layer are chosen randomly, with a high probability of
connection pg;. The output connections from Lg to Lg
layer are also chosen randomly with a high probability of
connection (pp2).

The response layer, with Ng neurons, also receives a
disynaptic recurrent connection through the intermediary



layer, Ly with Ng neurons. The latent attractors are
stored in the recurrent connections between the Ly and
Ly layers. There are M attractors, each comprising two
binary patterns, one in layer Lz and the other in layer
Ly. The patterns are sparse, with Gr and Gg active
neurons, respectively in Ly and Lg. The sets of Gg and
Gy neurons that would be active if the attractor were
fully manifested are termed the active sets of the attrac-
tor. The connections between Ly and Ly layers are chosen
randomly with probability of connections pr (Ly to Lg)
and py (Lg to Ly). The attractors are embedded in the
connections by setting the weights according to a clipped
binary Hebbian rule first proposed by Willshaw: The con-
nections between neurons active in the two patterns of any
attractor are set to high values, while the rest are set to
low values [20]. In this way, the M pairs of patterns are set
as attractors or fixed points in the in the 2-layer network.
The attractors are called latent because they are not al-
lowed to become fully active at any time. The activity in
the network is determined as follows. The excitation to a
layer Lg neuron, ¢, at time ¢ is given by:

yit) = Z wizi(t) + gi(t) Z
jELs JjELH

’u}iij(t — 1) + gbias Z wiju]-(t -1)
JELB

(2)

where w;; denote connection weights, z;(t) is the jth bit
of the external stimulus patterns at time ¢, z;(t) is the
output of neuron j € Ly, u;(t) is the output of neuron
j € Lp, g;(t) is the (modiafible) recurrent gain of neuron
i, and gpies 1S the gain from the biasing layer Lp to the
response layer Lg.

The excitation to a layer Ly neuron, i, is given by:

yi(t) = Z w;jz;(t)

JELR
where z;(t) is the output of j € Lg.

The input onto a layer Lp neuron i is:

yi(t) = Y wijz;(t)

J€ELs
where 2;(t) is the output of neuron j € Lg.

Firing in both Lr and Ly is competitive: The output of
the K (Kpr) most excited neurons in Ly (Lg) at time ¢
is set to 1, while the rest of the neurons output 0. This
corresponds to a K-winner take all competitive firing rule.
The values of K and Ky respectively are much smaller
than G and Gpg, the respective sizes of the attractors
active sets in each layer.

Latent attractors are associated with stimulus sequences
as follows: The connections between Lg and Lg layers are

modified such that context patterns in each sequence (C?)
stimulate mostly neurons in the active set of the corre-
sponding attractor in the Ly layer. The role of the bias-
ing layer Lp is to sustain the level of activity in candidate
latent attractors during the presentation of irrelevant pat-
terns in the context sequence. Each neuron in the Lp layer
is associated with one context pattern. When a context
pattern is presented at the stimulus layer Lg, the asso-
ciated neuron in the biasing layer becomes active. The
active biasing neuron, in turn, increases the excitation of
the L neurons in the latent attractors that are associated
with the corresponding context pattern. Thus, in between
context patterns, the activity in the latent attractors tends
to be preserved until a new context pattern is presented at
the input. The activity of the biasing neurons is reset after
a latent attractor has been fully activated (i.e. at the end
of a context sequence). The biasing layer acts essentially
as a working memory by sustaining the effect of context
patterns until the context sequence is complete.

An important parameter in this network is the recurrent
gain, g;, since it controls the stability of attractors by de-
termining the strength of the recurrent projection to Lg
relative to the external stimulus. For a latent attractor to
be persistent, neurons in its active set must have a mini-
mum value of g; [6].

The primary task of the network is to create consistent
context-dependent representations for stimuli while main-
taining any similarity information between them [3]. Thus,
two similar stimuli should produce similar responses if pre-
sented in the same context, but different ones if presented
in distinct contexts. Retaining similarity information be-
tween stimuli is important because it often provides im-
portant cues (e.g., indicating spatial proximity for sensory
stimuli). We have shown previously that achieving the
twin (and apparently incompatible) objectives of preserv-
ing stimulus information and sustaining latent attractors
requires careful (but not critical) management of the re-
current gain, g; [5], and also that disynaptic recurrent net-
works are better able to support this than monosynaptic
ones [6].

During the presentation of the context sequence, the net-
work’s state should not settle until it has received enough
context patterns to uniquely identify the sequence, and
should not be disrupted by the intervening irrelevant stim-
uli. This is achieved in our system through a process we
term incremental competitive positive feedback [8]. The
stability of any attractor in the network is controlled by
the recurrent gains, g;. When g; are small (relative to the
strength of the external stimulus), attractor dynamics is
dominated by the impact of the feed-forward stimulus. If
the stimulus is selectively associated with particular sets of
neurons, these are likelier to win the competition for firing
among Lp neurons. If the g; are large, the recurrent path
dominates and the network is forced to choose between



attractors due to competitive firing in L and Lp.

In our system, all g; are set to a small value at the begin-
ning of an episode, so that attractors that are associated
with the early context patterns are likely to be activated
a bit more than others due to feed-forward association.
As the presentation of context patterns proceeds, g; for
neurons that belong to the active sets of attractors with
more current activity is increased gradually, priming these
attractors for possible persistence if reinforced by subse-
quent context stimuli. Thus, at each stage, activity is dis-
tributed among those attractors that are consistent with
the context stimuli received thus far. As each new context
stimulus is presented, some of these candidate attractors
are reinforced further at the expense of others until, fi-
nally, only one is left. When the stimulus is not a con-
text pattern, it causes no significant change in the bias
for any attractor, and the biasing neurons keep activity
distributed among the attractors as at the previous step.

The equation governing the modulation of recurrent gain

1S:
Imaz — Imin

1+ e*a(ﬂl(t)*ﬁ))
di(t) = gi(t) — gi(t — 1))
= { Z{ |dl(t)| < Agmamc
(5)

where « is a rate of change parameter, £ is an offset pa-
rameter, [ is the index of the attractor for which i is in the
active set, a;(t) is the total number of active neurons in the
Ly active set of attractor | at time £, gmin and gmq, are
the minimum and maximum possible values of the recur-
rent gain. Thus, the gain is §;(¢), but the absolute change
in gain is bounded by Aga. (A > 0).

fh’ (t) = Gmin t+ (

gi(t)

9i(t) gi(t — 1) + Asgn(di(t))gmaz

The modulation of recurrent gain on individual neurons is
motivated by several biological considerations:

1. Projections to neurons in most cortical regions are
segregated on the dendritic tree, making the selective
modulation of gain on input from individual sources
quite feasible [16].

2. It is well known that, in the hippocampal region,
which is the basis for our model, animals are espe-
cially attentive at the beginning of an episode, as in-
dicated by the change in the EEG theta rhythm. This
leads to, for example, greater spike synchronization,
lower firing latency, and other phenomena [19].

3. In the granule cells of the dentate gyrus, which, we
hypothesize, corresponds roughly to our layer Lg,
there is both anatomical and physiological evidence
[15, 17] of an intricate and highly specific system of
excitability modulation based on motivation and at-
tention [?, 19].

Our model represents an attempt to understand how these
mechanisms may help support gradual context selection in
the hippocampus and artificial neural networks motivated
by the hippocampus.

4 Simulation Results

Simulation were done using a two layer latent attractor
network with the following parameters: Ng = 400, Kg =
40, ps = 0.4, Ng = 20, pp1 = 0.9, pp2 = 0.9, Ng
2000, Gg = 200, Kr = 40, pgr = 0.4, Ng = 500, Gg =
50, K = 45, pg = 0.8. There are M = 10 attractors
embedded in the connections between Lgr and Ly layers.
The modulation rate for recurrent gain g; is a = 0.5 and
B = 33. The gain of the L to Lg projection is gpijas = 6.

The context set C has 20 distinct patterns, from which
5 context sets are selected. Each C'? consists of p = 5
distinct patterns picked randomly without repetition from
C. The context patterns in different C'? are not mutually
exclusive. Each C7 set of context patterns is associated
with a randomly chosen attractor: The connections from
Lg to Ly layers are potentiated such that patterns in C'?
are associated with the neurons in the active set of the
appropriate attractor. Also, each individual context pat-
tern, CY, is associated with a neuron, k, in the biasing layer
through Hebbian potentiation of the connections from the
stimulus layer Lg and the Lp layer. In turn, each biasing
neuron, k, provides excitation to neurons in the active sets
of those latent attractors whose context sequences include
Ch.

At the beginning of each sequence, S, the recurrent gain
for all Ly neurons is set to a low value. Depending on
how many context groups are simultaneously stimulated
by the incoming context patterns from C?, the activity in
Lgr and Ly is distributed among the excited attractors.
The recurrent gain of neurons in these attractors goes up,
while that of other neurons decreases. At the end of a
context sequence, only one attractor is consistent with the
whole set of context stimuli in C'?, and almost all activity
should be concentrated in its active set.

In the first set of simulations, the context patterns are
presented in a random order at the network input layer
interleaved with irrelevant patterns. The total length of
the context sequence is fixed to r = 20, and the number of
context patterns is p = 5, but the position of the remain-
ing irrelevant patterns is not fixed. Figure 1 shows the
result of a single network simulation, when the context se-
quences are presented at the input. Each graph represents
the normalized activity within the active set of an attrac-
tor pattern in the Ly layer. It can be seen that, for each
context sequence, the activity in only one of the attractors
goes up steadily. In all other attractors the activity might
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Figure 1: The activity level in the selected attractors in the Lg
layer with respect to time. Every r = 20 time steps a different
context sequence starts. The activity is normalized with to Kg.
The time steps when context patterns are presented is denoted
with circles.
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Figure 2: Several (five) repeats of the run in Figure 1, with different
context pattern order in each set, each time.Each context sequence
is followed by a regular sequence of 10 patterns.

g

=3

increase for a few time steps, but it finally shuts down.
In between consecutive context patterns, the activity is
spread approximately equally between the candidate at-
tractors. Figure 2 shows the results when the simulation
is repeated with the same 5 contexts sequences but with
the context patterns presented in different order each time.
Each context sequence is followed by 10 regular patterns.
It is clear that the activity remains confined within the
chosen attractor even though the regular patterns have no
association with any attractor. It can be seen that some-
times a wrong attractor almost wins the competition (the
spikes) in the middle of a context sequence, but it is finally
shut down.

In the second set of simulation results, the overlap between

two context sequences is varied, keeping the order of the
context patterns the same (i.e. the context sequences start
with the coinciding context patterns) and the interval be-
tween consecutive context patterns is the same. Figure 3
shows the mean activity in two attractors as compared to
the mean activity in the non-context attractors. For an
overlap of two patterns, (Figure 3 (a)), as well for an over-
lap of three patterns (Figure 3 (b)), the mean activity in
the context attractors goes up slowly, and in between con-
text patterns it remains almost at the same level. Even-
tually, the correct attractor is selected. Figure 4 shows a
sample simulation result obtained with one network. The
attractors which show activity share have the first two
context patterns. Again, in between the first two context
patterns the activity level tends to remain constant.
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Figure 3: Both gaphs show the mean activity level in two con-
text attractors (upper curve) and the mean activity level in non-
context attractors (lower curve)during the presentation of a stimulus
seugence. The mean is taken over five different networks and five dif-
ferent presentations of the same context patterns. Figure (a) corre-
sponds to an overlap of two context patterns between the context sets
of the two selected attractors, while in Figure (b) there is an overlap
of three context patterns. Each context sequence (r = 25,p = 5) has
a constant inter context pattern interval of five regular patterns, and
is followed by 20 regular patterns.

5 Conclusions

We have proposed a mechanism by which an attractor in a
latent attractor network can be activated progressively by
a set of inputs presented sequentially in a random order,
rather than by a single cue. In the interval between consec-
utive relevant inputs, the network sees a variable number
of irrelevant patterns. The system is able to select and ac-
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Figure 4: The two graphs represent the total activity in two at-
tractors, with the first two context patterns identical. The moment
when context patterns are presented to the input is signaled by cir-
cles. There are five regular patterns in between the context ones,
and each context sequence is followed by 20 regular patterns.

tivate the right attractor progressively, even though, each
individual input pattern can be associated with more than
one attractor. The system can overcome the disrupting
effect of the irrelevant patterns by trying to maintain the
same state of attractor participation until a new relevant
pattern is encoutered. Importantly, the response is invari-
ant to the order in which the context patterns within a set
are presented.
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