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Abstract

Latent attractor networks are recurrent neural networks
with weak embedded attractors. The attractors bias the
network’s response to external inputs without becom-
ing fully manifested themselves. Latent attractor net-
works have been used to model context-dependent spa-
tial representations in the hippocampus [5], and to en-
code context-dependent stimuli in neural networks [3].
In the current model, the selection of the biasing attrac-
tor occurred in response to an initial triggering stimulus
indicating the context signal. For example, the sign on
a door may set the context for the representation of a
room. However, in many realistic situations, context is
set by a set of cues rather than a single cue, and these
cues are typically seen sequentially, though not in a par-
ticular order. The problem addressed here is: How can
a latent attractor network progressively select an attrac-
tor in response to a sequence of context patterns?

1 Introduction

In many situations the meaning of identical inputs de-
pends on the context specified in the past. Depending
on how far in the past the context information is given
relative to the current time, we can distinguish two types
of context-dependent problems. The first one — which
may be called near-term context-dependence — refers
to situations where the output at time ¢ depends on
inputs presented in the immediately preceding interval
of time. Examples of such problems appear in dynam-
ical systems, as well as in speech processing and word
recognition, and are embodied in autoregressive models
or finite-state machines and can be learned by recurrent
neural networks [10, 12, 11].

The second case — termed episodic context dependence
— refers to problems where the information about con-
text is given transiently at a particular time in the
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past. Examples of such context are found in social
situations, in recognition of spatial environments, task
specifications, etc., where the context is typically spec-
ified at the beginning of the episode and continues to
be in force for its entire duration — even if the episode
lasts a long time. In general, artificial neural networks
have difficulties in representing inputs in a context-
dependent way. Problems involving near-term context
dependence are usually solved with recurrent neural
networks, where past states are fed back to the input
[10, 12, 11]. Episodic context dependence is more diffi-
cult to address in the same way, since the information
on context is specified at a fixed time in the past, which
could be very remote from the present. This requires the
system to “latch” information which is difficult even in
recurrent networks [1, 11]. For a concrete example, con-
sider 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 then sets the context for
the subsequent episode as one enters a room.

Experiments with rodents suggest that the hippocampal
region of the brain, which is critical to spatial tasks and
episodic memory, can construct distinct representations
of similar or even identical environments depending on
episodic context and this has been a prime motivation
for our work. We have proposed a class of networks
called latent attractor networks as a paradigm for deal-
ing with episodic context-dependent situations without
the use of off-line or external biasing [17, 5, 3, 6]. Latent
attractor networks have been used to model context-
dependent spatial representations in the hippocampus
[17, 4, 5, 6], and to encode context-dependent mappings
of stimuli in neural networks [3]. They are recurrent
neural networks with competitive firing that embed pat-
terns of activity as attractors using associative learn-
ing. However, the recurrent connections are not strong
enough to stabilize the patterns autonomously. In the
original formulation, each attractor is associated with
a specific external stimulus pattern called the context



pattern. If the context pattern is presented to the net-
work, it tends to disproportionately activate neurons
in the active set of the associated attractor. This sets
up a stable bias onto this set via the recurrent connec-
tions, with the result that subsequent external stimuli
— not explicitly associated with any particular attrac-
tor — also produce response patterns whose activity lies
largely in the active set of the chosen attractor. Thus,
the system produces responses conditioned by the origi-
nal context pattern long after the context pattern itself
is gone. This situation lasts until an external stimulus
associated with another context/attractor is presented
to the network [5].

In the paradigm described above, the context patterns
represent 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 stim-
ulus, but by a conjunction of stimuli. For example,
upon entering an environment, one may recognize it by
a set of characteristic objects or the presence of cer-
tain stimuli. Furthermore, it is possible that any one
stimulus be part of the combination indicating several
contexts; it is the combination which denotes the spe-
cific context. Thus, as a cognitive system scans over
the context-setting stimuli, a unique context would only
emerge gradually rather than instantaneously. Indeed,
until the unique context is identified, the system’s re-
sponse may be compatible with several choices.

In our studies of latent attractor networks, we have not,
so far, focused on how latent attractors can be acti-
vated gradually by a combination of stimulus patterns
rather than by just one pattern instantaneously. The
aim of this paper is to investigate this issue. An im-
portant point to note here is that the problem here is
somewhat different from standard sequence recognition,
where stimuli presented in a particular order are to be
recognized and differentiated. In the case of context set-
ting, the order of stimuli is not necessarily important,
but the stimuli are encountered sequentially — possibly
in different order each time. The question addressed
here is how a latent attractor network could slowly set-
tle its activity into one of the attractors, as context in-
puts are sequentially presented and recognized by the
network.

The problem of encoding episodes — in this case con-
texts — 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 hierarchi-
cally 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 — cannot be recalled immediately, the se-
quential presentation, or recall of lower level concepts
— like topic, actors, type, etc. — can slowly direct the
recollection of the higher category.

Another example is the case of speech recognition,
where words are represented by sequences of phonemes
[13, 2]. In the system by Grossberg and Myers [13],
which recognizes spoken words, phonemic entities are
activated in order, and they in turn, stimulate word
entities in another module. Word representations com-
pete for activation and they also stimulate the active
phonemes, so that after all components of have been
seen by the network, only one module representing the
recognized word will be active. This case, however, dif-
fers from the general one described earlier in that the
order of stimuli is important.

Several neural networks models have been developed
for encoding and recovering hierarchical information
[8, 9]. There are modular networks, where 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 common
part is retained in the high level concepts [8, 9].

2 Problem Definition

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

The network is presented with A/ different external
stimulus sequences in discrete time. Each sequence

S%=CICL..CIR!, R, ,..RY; q=1,2,.,M

consists of p context patterns followed by n — p regular
patterns. The context patterns, C} are drawn from the
context set ,{Cy}, and the regular patterns are drawn
from the set, {R;}, Ci, Rr € I, where I is the input
space of dimension N;.

The set of context patterns, C? = {C{C3...CZ}, for se-
quence S? is selected randomly without repetition from
the context set C' and presented at the network input in
an arbitrary order. The context pattern sets for differ-
ent episodes may share patterns. The regular stimulus
patterns for each episode are also chosen randomly from
R, and may overlap between episodes.

At the beginning of an episode, as context patterns are



presented, the network response has to become confined
gradually to a state associated with the particular con-
text pattern set. At the beginning of the sequence, the
network’s state overlaps with all candidate states that
are activated by the current context input. Competi-
tion between simultaneously stimulated network states
and subsequent evidence in the form of more context
patterns makes neurons less likely to be active in the
correct attractor stop firing, and the ones which are con-
tinuously reinforced to increase their activity level. By
the end of the context pattern sequence, the network ac-
tivity should be concentrated completely in the active
set of the specified attractor.

3 Method

The approach uses a two-layer latent attractor network.
The stimulus layer, Lg, has Ng neurons that project the
input patterns to the response layer, Lr. The response
layer, with Ny neurons, also receives a disynaptic re-
current connection through the intermediary layer, Ly
with Ny neurons. The connections from Lg to Lg are
set randomly with probability pg of connection. Only
K neurons in the input layer are active at any one
time.

The latent attractors are stored in the recurrent con-
nections between the Ly and Ly layers. There are M
attractors, each comprising two binary patterns, one in
layer Lr and the other in layer Lg. The patterns are
sparse, with Gr and Gy active neurons, respectively
in Lg and Lyg. The sets of Gg and Gy neurons that
would be active if the attractor were fully manifested
are termed the active sets of the attractor. The connec-
tions between Lr and Ly layers are chosen randomly
with probability of connections pr (Lg to Lg) and py
(Lg to Lg). The attractors are embedded in the con-
nections by setting the weights according to a clipped
binary Hebbian rule first proposed by Willshaw: The
connections between neurons active in the two patterns
of any attractor are set to high values, while the rest are
set to low values. 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 allowed to become fully active at any time. The
activity in the network is determined in the following
way. The excitation to a layer Ly neuron, i, at time ¢
is given by:

yi(t) = Y wijm(t) + gi(t)sumjepwijzi(t — 1)
JELs

where w;; denote connection weights, x;(t) is the jth
bit of the external stimulus patterns at time ¢, z;(t)
is the output of neuron j in layer Ly, nd g;(t) is the
(modiafible) recurrent gain of neuron i.

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

yi(t) = ) wijz(t)

JELR

where z;(t) is the output of j € Lg.

Once the excitation to all Lg and Ly neurons has been
determined, firing in both layers is competitive: The
output of the K (Kpy) most excited neurons in Lg
(Ly) at time ¢t is set to 1, while the rest of the neu-
rons output 0. This corresponds to a K-winner take
all competitive firing rule. The values of Kr and Kpg
respectively are much smaller than G and G, the re-
spective 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
corresponding attractor in the Lg layer.

The recurrent gain parameter g; is an important one,
since it controls the stability of attractors by determin-
ing the strength of the recurrent projection to Lg rel-
ative to the external stimulus. For a latent attractor
to be persistent, neurons in its active set must have a
minimum value of g; [6].

When the regular patterns of a stimulus sequence are
presented at the input, the system has to be in a stable
regime: The network’s state has to vary smoothly with
the current input, but, at the same time to stay within
the neurons of the attractor activated initially following
the context patterns [3]. The requirement of smooth
dependence between the regular stimuli and the corre-
sponding responses is important because the context-
dependence representations generated by the network
should not lose any similarity information inherent in
the timulus set. For example, if the stimuli are sensory
representations in a moving animal, similarity of these
stimuli might indicate spatial proximity, and this infor-
mation should not be lost. We have shown previously
that achieving the twin (and apparently incompatible)
objectives of preserving stimulus information and sus-
taining latent attractors requires careful (but not criti-
cal) management of the recurrent gain, g; [5], and also
that 2-layer recurrent networks are better able to sup-
port this than 1-layer networks [6].



The key requirement for correct context selection is
that when the context patterns of a stimulus sequence
are presented, the network’s state should not settle un-
til it has received enough context patterns to uniquely
identify the sequence. This is achieved in our system
through the strategy of incremental competitive positive
feedback. The stability of any attractor in the network
is affected decisively by the recurrent gains, g;. When g;
are small (relative to the strength of the external stim-
ulus), attractor dynamics is dominated by the impact
of the feed-forward stimulus. If the stimulus is selec-
tively associated with particular sets of neurons, these
are likelier to fire since total activity is constrained to
be no more than Ky neurons in Lg. If the g; are large,
the recurrent path dominates and the network is forced
to choose between attractors due to competitive firing
in Lr and Lg.

In our system, all g; are set to a small value at the
beginning of an episode, leaving the choice of activity
in Ly to the initial context stimuli. Thus, 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 con-
text patterns proceeds, g; for neurons that belong to the
active sets of attractors with more current activity is in-
creased gradually, priming these attractors for possible
persistence if reinforced by subsequent context stimuli.
Thus, at each stage, activity is distributed among those
attractors that are consistent with the context stimuli
received thus far. As each new context stimulus is pre-
sented, some of these “hypothesized” candidate attrac-
tors are reinforced further at the expense of others until,
finally, only one left.

The equation governing the modulation of recurrent
gain is:

9i(t) = gi(t = 1) + o[ (t) —ar(t — D}/ Kr

where « is a rate parameter, [ is the index of the attrac-
tor for which 7 is in the active set, and a; is the total
number of currently firing neurons in the Lg active set
of attractor [. If i belongs to the active set of several
attractors, the largest value of g; chosen over all these
attractors is used.

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

1. There is extensive evidence that projections to
neurons in most cortical regions are segregated on
the dendritic tree, making the selective modula-
tion of gain on projections from individual sources

quite feasible. Indeed, such modulation has been
suggested as the basis of efficient associative learn-
ing [15].

2. Tt 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
indicated by the change in the EEG theta rhythm.
This leads to, for example, greater spike synchro-
nization, lower firing latency, ad other phenom-
ena.

3. In the granule cells of the dentate gyrus, which,
we hypothesize, corresponds roughly to our layer
Lpg, there is both anatomical and physiological ev-
idence [14, 16] of an intricate and highly specific
system of excitability modulation based on moti-
vational and attentional circumstances.

Our model represents a simple first-cut attempt to un-
derstand how these mechanisms may help support grad-
ual context selection in the hippocampus and artificial
neural networks motivated by the hippocampus.

4 Simulation Results

Simulation were done using a two layer latent attrac-
tor network with the following parameters: Ng = 400,
Ks = 40, ps = 0.4, Np = 2000, Ggr = 200, Kr = 40,
pr = 04, Ng = 500, Gg = 50, Ky = 45, pg = 0.8.
There are M = 10 attractors embedded in the connec-
tions between Lg and Ly layers. The modulation rate
for recurrent gain ¢; is @ = 0.1.

The context set C' has 20 distinct patterns, from which
5 context sets are selected. Each C'?7 consists of p = 5
distinct patterns picked randomly from C. The con-
text patterns in different C'? are not mutually exclusive.
Each CY set of context patterns is associated with a
randomly chosen attractor: The connections from Lg
to Ly layers are potentiated off-line such that patterns
in C'7 are more likely to activate neurons in the active
set of the associated attractor.

The patterns in each context set are presented in a ran-
dom order at the network input layer. At the beginning
of each sequence, the recurrent gain for all attractors
is set to a low value. Depending on how many context
groups are simultaneously stimulated by the incoming
context patterns from a CY, the activity in the latent
attractor layer is distributed among the excited attrac-
tors. The recurrent gain of the potentiated attractors
goes up, while the one of the rest of the attractors is
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Figure 1: The activity level in the selected attractors in
the Lr layer with respect to time. Every p =5
time steps a different context sequence starts.
The activity is normalized with Kg.

decreased. At the end of a context sequence, only one
attractor is consistently stimulated by the current con-
text patterns. This, together with the modulation of
the recurrent gain, results in a continuous increase in
the amount of activity in the selected attractor’s active
set.

Figure 1 shows the result of a single network simulation,
when context sequences are presented at the input. The
sequences are presented in order from C' to C® over 5
time steps each. Each graph represents the normalized
activity within the active set of an attractor pattern in
the Lg layer. It can be seen that, for each context se-
quence (every p = 5 time steps), the activity in only one
of the attractors goes up steadily. In all other attrac-
tors the activity might increase for a few time steps, but
it finally shuts down. Figure 2 shows the results when
the simulation is repeated with the same 5 contexts but
with the context patterns presented in different order
each time. As can be seen, this has no real effect on
performance. Figure 3 shows a repeat of the same pro-
cess, but this time withy 10 regular stimulus patterns
following each context set. It is clear that the activ-
ity remains confined within the chosen attractor even
though the regular patterns have no association with
any attractor. We do note, however, that the incor-
rect attractor was chosen in the second episode. This
will happen occasionally in small networks with limited
capacity.

In Figure 4, the activity in all context attractors is av-
eraged over 10 different networks and, for each network,
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Figure 2: Several repeats of the run in Figure 2, with the
same context pattern sets but different pattern
order in each set each time.

over five random presentations of the context patterns
in each set. At the beginning of a context sequence, the
activity level is low, with a high variance, due to the
difference in the number of attractors simultaneously
excited. The activity becomes progressively confined
into one of the attractors, as more context patterns are
seen, reaching a single attractor with probability close
to 1 by step 5.

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. The system is able
to slowly select and activate the right attractor, even
though, each individual input pattern can be associated
with one or more attractors. Importantly, the response
is invariant to the order in which the context patterns
within a set are presented.

The process of associating a set of inputs to a single
episode has strong implications in the recognition of
spatial environments, or the formation of hierarchical
memory systems.
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