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Abstract

Recent studies have shown that infants have access to what would seem to be
highly useful language acquisition skills. On the one hand, they can segment
a stream of unmarked syllables into words, based only on the statistical
regularities present in it. On the other, they are able to abstract beyond
these input-specific regularities and generalize to rules. It has been argued
that these are two separate learning mechanisms, that the former is simply
associationist whereas the latter requires variables. In this paper we present
a neural network model, demonstrating that when a network is made out of
the right stuff, specifically, when it has the ability to represent sameness and
the ability to represent relations, a simple associationist learning mechanism
suffices to perform both of these tasks.

Background

Two recent papers in Science have demonstrated the remarkable language learning
abilities that are possessed by infants. In both cases the infants were presented with se-
quences of syllables embodying some sort of regularity and later tested with sequences that
agree or disagree in certain ways with the training set. In the experiments of Saffran,
Aslin, and Newport (1996), eight-month-olds heard strings of syllables consisting of ran-
domly concatenated three-syllable “words,” sequences which never varied internally. Thus
the transition probabilities within words were higher than between words. Later the infants
were able to differentiate between these words and non-word three-syllable sequences which
they had either heard with less frequency than the words or not heard at all. This is taken
as evidence that they had picked up the statistics in the training set. Marcus, Vijayan,
Bandi Rao, and Vishton (1999) presented seven-month-olds with “sentences” of three one-
syllable “words” separated by gaps. Fach sentence sequence consisted of two different words
arranged in a fixed pattern, AAB, ABB, or ABA. For example, in the ABB condition, the
presented sentences included sequences such as ga ti t¢ and Ii na na. Later the infants
responded differently to novel sequences of three words which matched the pattern they
had been trained on than to novel sequences which did not. This is taken as evidence that



BABIES, VARIABLES, AND CONNECTIONIST NETWORKS 2

they had in some sense picked up the “rule” implicit in the training sentences.!

Marcus et al. (1999) and Pinker (1999) argue that the two studies, taken together,
point to at least two distinct learning mechanisms which are behind language learning.
One of these, revealed in the experiments of Saffran et al. (1996), can learn relationships
such as the tendency for ti to immediately follow ga. It is sensitive to the content of
the items, caring about the similarity among different items. For Pinker (1999), this is
just the associationism proposed in the eighteenth century by Hume and still proposed as
the fundamental mechanism of the mind by modern connectionists and others. The other
mechanism, revealed in the experiments of Marcus et al. (1999), can learn relationships such
as the fact that the first word of a sentence is the same as the second but different from the
third. This mechanism ignores specific content, caring only about sameness or difference. In
this sense the second mechanism seems to require variables, placeholders which are ignorant
of their specific content. For Pinker (1999), this mechanism is an instantiation of what was
proposed by the early rationalists and what we think of today as “symbolic.” Thus Marcus
et al. (1999) and Pinker (1999) now believe that the mind, specifically the portion of it used
in language learning, is both associationist and symbolic.

The question, as Marcus et al. (1999) make clear, is not whether neural networks can
learn to solve both kinds of tasks, but what sorts of mechanisms are required and whether
these differ for the two tasks. In this paper, we will show how a neural network of a particular
type (the PLAYPEN architecture) can learn the tasks in Marcus et al.’s experiment, and we
will argue that such a network needs at least two mechanisms in addition to those usually
found in neural networks, neither of which amounts to explicit variables. Since such a
network is also capable of learning the tasks in Saffran et al.’s experiments, we believe that
one mechanism suffices to learn the two kinds of knowledge and that that mechanism is
associationist.

The Task
Sequences

Before discussing the main issue at hand, the issue of how rule-like behavior could
be learned in a neural network, we need to dispense with the more straightforward issue of
how patterns in time can be dealt with. The syllable “words” in Marcus et al.’s experiment
are presented sequentially, but it is convenient (though perhaps not necessary) to treat the
“rule” that is learned as a static pattern. As discussed below, there is a straightforward way
to implement this in a neural network using connections with varying time delays. Given
a network that runs in discrete time steps (one for each input event), we can translate a
pattern that is input sequentially into a pattern of activation across a layer of what we
will call “sequence” units, each representing a particular number of time steps before the
present.

!Note that rules such as this probably play little or no role in sentence-level grammar: syntax is con-
cerned with sequences of words and constituents of particular types, not with the formal similarity between
words. Such rules are involved in word-level grammar, however, especially in languages which make use of
morphological reduplication, in which portions of a stem, for example, syllables, are copied to signal some
grammatical function such as plurality.
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Binding

Given a static representation of the input sequence, what is required to learn the
patterns embodied in the training sequences in Marcus et al.’s experiment? When a listener
is presented with a short sequence of syllables, as in the experiment, one of the aspects of
the sequence that is salient is the pattern of similarity or differences between the syllables.
A device which learns the “rules” implicit in the patterns must be capable of recording this
pattern. Thus the task in the experiment involves grouping by similarity, treating two of
the syllable words in each three-word sentence as the same and the other as different. A
neural network that simply activated syllable units in sequence, translating this into a static
sequence representation, would have no way of performing this grouping.

This grouping of units is one version of a general challenge for connectionist networks
known as the binding problem. This is the problem of grouping together features during
processing and of keeping this information in short-term memory in a form that is accessible
and unambiguous. Normally the problem is thought of as one of segmentation, binding
together features in the input mainly on the basis of proximity in space or time. For vision,
segmentation involves dividing a scene into its constituent objects. In the simplest case,
each object is represented by a single value on each of a set of sensory/perceptual dimensions
(color, texture, etc.), and it coheres in space. For speech, segmentation involves dividing an
input stream into its constituent phones, syllables, words, or phrases. Again in the simplest
cases, each object can be characterized by a value on a set of dimensions (for syllables,
initial consonant, nucleus vowel, etc.), and it coheres in time. It is this sort of grouping
that the infants in Saffran et al.’s experiment seem to be doing.

But features in a visual scene or auditory stream may also be grouped on the basis of
similarity along some salient dimension. In a scene consisting of an array of blue and red
squares, a viewer may treat all of the red squares as one group and all of the blue squares
as another, whether or not the squares of the same color appear next to each other and
are similar along other dimensions, such as texture. In an auditory stream consisting of
sequences of syllables, a listener may group the syllables that resemble each other, whether
or not they appear together. It is this kind of grouping that is going on in Marcus et al.’s
experiment.

Both of these kinds of grouping or binding involve “belonging together,” and we
believe that they rely on the same fundamental mechanisms. While most connectionist
networks have no way of dealing with the binding problem, some recent models solve the
problem through the use of some form of synchronization or alignment (Hummel & Bieder-
man, 1992; Shastri & Ajjanagadde, 1993; Sporns, Gally, Reeke, & Edelman, 1989). Units in
the network are outfitted with a dimension of variability in addition to activation, and coin-
cidence along this dimension represents “same object.” We will refer to this as the “binding
dimension.” For Marcus et al.’s task, those sequence units representing positions filled by
words treated as the same would be in phase with one another on the binding dimension.
It is the sequence units’ run-time behavior on the binding dimension that distinguishes the
different grammatical patterns from one another.
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Relations

But by itself, this other dimension does not suffice. In order to represent the patterns
of similarity and difference across sequences of syllables (what Marcus et al. (1999) and
Pinker (1999) call “rules”), we need to represent the relations between the syllables. In
a network with a binding dimension, the relation of sameness can be represented with an
excitatory connection, but the relation of difference requires a special mechanism. One
way to achieve this is through the addition of explicit micro-relation units (MRUs) in
the network (Gasser & Colunga, 1998). Each MRU represents an association between two
features or groups of features which are treated as belonging to different objects or sets
of objects. Each MRU has two micro-roles, each with its own value along the binding
dimension, and when it is highly activated, these values match the values of the feature
units that the unit is associated with. To represent a pattern containing three “slots,” such
as the grammatical patterns in Marcus et al.’s experiment, the network could associate
two binary MRUs with one another, mapping the micro-roles in the proper way. Thus for
the ABA pattern (ga ti ga, li na li, na gu na, etc.), the network could encode the rule in
the form of the connected pair of MRUs shown in Figure 1. While the sort of relational
knowledge encoded by MRUs is rudimentary at best, it seems to be all that is needed for
the behavior of the infants in Marcus et al.’s experiments.

VA

wordl word?2 word3

Figure 1. A “rule” (ABA) in the form of a mapping between MRUs, which appear as diamonds.
Micro-roles are the ends of the diamonds. The arrows represent positive connections. Each MRU
associates one micro-role with each word position. The first MRU represents AB*, the second *AB.
The connections between the MRUs map the micro-roles onto each other.

In summary, we believe that a neural network that could simulate the performance of
the babies in Marcus et al.’s experiment requires both a means of grouping units together
(the binding dimension) and a means of explicitly representing relations (micro-relation
units). In the following section, we describe a connectionist network that implements these
notions.

The Model
Unaits

PLAYPEN (Colunga & Gasser, 1998; Gasser & Colunga, 1998) is a neural network
architecture of the generalized Hopfield type (Hopfield, 1984; Movellan, 1990) which is
designed to represent and learn relational knowledge and to deal with simple sequential
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patterns. To deal with the binding problem, units vary with respect to their relative phase
angle, a quantity ranging from 0 to 27. Each micro-object unit (MIOU), representing
an object feature, has a relative phase angle, and when a group of MOUs settles to a
state in which they are activated and have similar relative phase angles, the network has
implicitly assigned the features represented by those units to a single object in the world.
Unlike other networks, PLAYPEN is also outfitted with micro-relation units (MRUs), units
which represent primitive binary relations between the features represented by the simpler
MOUs. Each MRU has a relative phase angle for each of its two micro-roles. Each micro-
role is connected to one or more MOUs, and an MRU is activated to the extent that the
groups of MOUs which are positively associated with its two micro-roles are activated and
out-of-phase with one another.

Connections

The weights connecting units to each other implement both the simple associations
common to all neural networks and the relationships necessary to solve the binding problem.
In order to deal with patterns in time, however, each connection has a delay associated with
it. The network runs in discrete time, with one time step for each input event (syllable in
the case of the simulations reported here). Connections with delay 0 respond in the usual
fashion. A connection with delay d > 0 causes the unit at the receiving end to respond
to the activation that the unit at the sending end had d time steps before. As shown by
Kleinfeld (1986) and others, a Hopfield network augmented with delay connections can learn
to reproduce the sequences that it is trained on.

As in other neural networks, the sign and magnitude of a weight on a connection
has an effect on the activation of the receiving unit. Unlike most other neural networks,
the sign and magnitude of the weight also have an effect on the relative phase angle of the
receiving unit. Alongside its activation function, each unit has a coupling function which
defines this effect. All else being equal, the sending unit attracts the phase angle of the
receiving unit via a positive connection and repels the phase angle of the receiving unit via
a negative connection. For connections between MOUs and MRUs, the effect is between
the MOU and the micro-role of the MRU. MRUs may also be connected with one another.
Because there are two ways in which the micro-roles of two MRUs may pair up, there
are two possible patterns of connectivity between each pair of associated MRUs. Again a
positive connection implements both excitation and attraction and a negative connection
implements both inhibition and repulsion.

Learning

Learning in PLAYPEN, as in most other neural networks, is Hebbian. Because a
network may have hidden units, however, simple Hebbian learning often does not suffice;
instead contrastive Hebbian learning (Movellan, 1990) is used. Learning takes place
in two phases, a positive phase in which input units are clamped and learning is Hebbian,
and a negative phase in which no units are clamped and learning is anti-Hebbian.? When
the training patterns have been learned, the two changes cancel each other out because the
network’s behavior in the two phases is identical.

*We consider only the unsupervised version of the learning algorithm here.
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Network for the Simulation

The network we used for simulating Marcus et al.’s experiments is shown in Figure 2A.
There is a Syllables layer of MOUs, with a single unit for each syllable (“word” in Marcus
et al’s experiments); a Sequence layer of MOUs, with a single unit for each position (lag in
time steps behind the current syllable); and a Relations layer of MRUs, with a single unit
associated with each pair of Sequence units. All of these connections are hard-wired, and
there are trainable connections joining the MRUs to one another.
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Figure 2. PLAYPEN networks for learning word sequences. (A) Simplified network used in the
simulation of Marcus et al.’s experiments. Only two of the four Syllables units are shown, and the
micro-role-to-micro-role mappings are not shown for the MRU connections. The sequence li li na
has just been presented to the network. MOU and MRU phase angles are represented as arrows.
(B) Full-blown version of the network, including syllable-specific, as well as content-free Sequence
units (shaded squares). Not all connections are shown.

A sequence of syllables is presented to the network by clamping the activation (but
not the phase angle) of the syllables in succession, one network time step for each syllable.
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The hard-wired connections within the Syllables layer cause syllables within a sequence
which belong to the same syllable category to take on the same phase angle and syllables
which belong to different categories to take on different phase angles. These connections
implement the similarity relationships between the different syllables.> With no delay, there
are negative connections between the different Syllables units. With delays of one and two
time units, there are positive connections from each unit to itself and negative connections
between the different units. With the activations of the Syllables units clamped, these
connections can only affect the units’ phase angles, and their effect is to cause similar
syllables to have the same phase angle, dissimilar syllables to have opposing phase angles.

The hard-wired connections between the Syllables and Sequence layers cause the tem-
poral syllable sequence to be transformed to a spatial representation of the sequence, with
one position each for the current and the two preceding syllables. There are a number of
possibilities for the specific pattern of connectivity between the Syllables and Sequence lay-
ers, each with its own consequences for the network’s behavior. For example, the Sequence
layer could include syllable-specific units, units that respond to subgroups of syllables, and
units that respond to all syllables for each of the three sequential positions. Figure 2B
shows a network in which there are syllable-specific units and units that respond to all
syllables. For the purposes of modeling Marcus et al.’s experiment, we implemented the
simplest possible variant of the Sequence layer, one in which there is a single unit for each
sequential position. FEach of these units is connected to all of the Syllables units, so it is
completely insensitive to the actual syllable content. The three Sequence units differ only in
the delays on their input connections. At the end of an input sentence, all three Sequence
units should be activated, and because all are connected by positive connections to the
Syllables units, the Syllables units will pass on their phase angles to the Sequence units.
What remains, then, of the activated sequence of syllables presented at the Syllables layer
is a non-sequential record of the similarities and differences among the three syllables. For
example, at the end of the sequence i i na (right after the network has settled in response
to the presentation of na), the Sequence units representing the previous syllable and the
second to last syllable (/i li) should have the same phase angle, and the Sequence unit
representing the current syllable (na) should have the opposite phase angle.

In the Relations layer, each MRU represents a hypothesis about a relation between
two of the syllables in a sequence. For a given three-syllable sequence with two different word
types (AAB, ABB, or ABA), we expect two of the MRUs to be activated. Each trainable
connection between a pair of Relations MRUs represents a potential correlation between the
pairwise syllable relations. Before training, the Relations layer has a different attractor state
for each of the three possible grammatical patterns. In each of these states, two Relations
units turn on, and the other fails to turn on. Because the hard-wired connections between
the Sequence and Relations layers are relatively weak, however, these attractors are not
very reliable, and the Relations layer may fail to be activated strongly at all or may blend
two of the attractors.* Following training on a single grammatical pattern, through changes

3We believe it is also possible for the network to learn these connections if presented with many sequences
in which syllables are often repeated. Such sequences might be available to infants through their own
babbling, for example, since babbling is known to involve frequent repetition of syllables.

“The variable behavior of the network is a function of the random initial phase angles of the units. For
example, two units joined by a positive connection may fail to align their phase angles and to activate one



BABIES, VARIABLES, AND CONNECTIONIST NETWORKS 8

in the weights connecting the Relations units, we expect the attractor associated with the
pattern in the training set to be strengthened and the other two attractors to be weakened.
When the network is presented with a sequence of the type it was trained on, it should
respond with enhanced activation of the two MRUs that agree with the sequence. On the
other hand, when presented with a sequence of either of the other types, it should respond
with weakened activation in comparison to its pre-training state. Thus we predict higher
overall activation for the Relations layer for patterns of the type on which the network was
trained.

Simulations

We simulated Marcus et al.’s task by training networks on one of the three gram-
matical patterns: AAB, ABA, or ABB. In each case, the set of training patterns consisted
of four different syllable sequences, each formed by randomly combining syllables following
the appropriate grammatical pattern. Each network was trained on 50 repetitions of the
training set.

The networks were then tested on 12 sequences, four each of the three kinds of gram-
matical patterns. Each of the test sequences was novel; that is, it was formed by combina-
tions of syllables that had never been seen before.”

Since the Relations units had learned to be activated by sequences following the
pattern they had been trained on, we expected the activation of the Relations layer to be
higher for sentences that were consistent with this pattern than for sentences that were not.
So familiarity with a test pattern was measured in the network as increased activation of
the relevant (i.e., trained) units, the Relations units.

The average results from 10 networks trained on each grammatical pattern are shown
in Figure 3. The total activation of the Relations layer was averaged over four trials of each
of the test words. The expected interaction between training pattern and testing pattern is
highly significant (p < .001). As shown in Figure 3, the Relations layer is more activated
for novel sequences that follow the grammatical pattern the network was trained on than
for novel sequences that follow either of the other two patterns.

Conclusions

In this paper we have shown how a neural network with a mechanism for grouping
together activated units (relative phase angles) and a mechanism for representing primitive
relational knowledge explicitly (micro-relation units) can learn the task of Marcus et al.’s
experiments. But as already noted, we were concerned in the simulations only with the sim-
plest sort of network that could model that task. In particular, we included only Sequence
units that were completely devoid of content, ones that, through their phase angles, kept
a record only of their similarity to the syllables at other sequence positions. A full-blown
network of this type would have Sequence units responding to varying ranges of syllables,
including at the widest end of the spectrum very “abstract” units like those used in the
simulation. A simple version of a network of this type is shown in Figure 2B.

another if they start out more or less out-of-phase.
®Note that since the syllable representations were orthogonal to one another, we did not need to be
concerned with syllable similarity, as was necessary in the original experiment.
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Figure 3. Networks that have been trained on sequences following a certain grammatical pattern
respond with more activation to novel sequences obeying that same pattern than to novel sequences
obeying other patterns.

We have modeled the task of Saffran et al. using a network similar to that shown in
Figure 2B, in which there is a separate Sequence unit for each combination of syllable and
relative position. The Relations layer of this network is fully connected to the Sequence
units. Trained on sequences of three-syllable words, the Relations units come to associate
themselves with sequential pairs or triples of particular syllables which recur frequently.
Tested on three-syllable sequences later on, the Relations units respond more highly to
word sequences than to non-word sequences. From the perspective of the network, the
Saffran et al. task differs from Marcus et al.’s task mainly in not requiring relative phase
angles or MRUs. Because the information that is learned concerns correlations between
specific syllables, there is no need for the network to group units through synchronization
or to represent explicit relationships between different “objects.” Thus in the Saffran et al.
simulation we used only simple units without phase angles. However, we could also have
treated Saffran et al.’s task as a “relational” one, as we did Marcus et al.’s task. Each
of the word sequences in the experiment would then be an instance of the ABC pattern.
In the network shown in Figure 2B, the syllable units for each word sequence would take
on three different phase angles. Two sorts of units in the Relations layer of this network
would be activated for each word sequence, MRUs representing co-occurrences of particular
syllables, for example, li ba or Ii _ gu, and MRUs representing abstract co-occurrences based
on (dis)similarity, for example, A B and A _ B. The correlations learned among the Relations
units as the network is trained would represent specific patterns like ¢ ba gu and abstract
patterns like ABC. This single network would then be capable of learning both the Saffran
et al. and the Marcus et al. tasks. We are currently working on implementing such a
network.

Thus a connectionist network can learn the two tasks, one involving “statistical”
knowledge, the other “algebraic rules.” While in the current implementation the latter
makes use of features of the network that the former does not, the learning algorithm is the
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same Hebbian algorithm, and the relationships that are learned are implemented through
the same sorts of connections. In both cases learning is associationist.

So where does this leave variables? While the Sequence units in the network used to
model Marcus et al.’s experiments do function as placeholders in the sense that they stand
for relative positions in the input sequence which can be “filled” by different syllables, they
are not variables in the usual sense. For one thing, the same three Sequence units are used
to represent all three “rules”. If the As in AAB are variables, then the Sequence units are
not because they can take on phase angles corresponding to AAB, ABB, and ABA. Perhaps
the micro-roles of the Relations MRUs come closer to variables since they force their two
phase angles to be more or less distinct. But note that each MRU represents a binary
relation which can take part in more than one three-part pattern. It is as if rule fragments
are being shared by different rules. Furthermore, whereas variables represent sameness,
they do not explicitly represent difference: distinct variables can be bound to the same
constant. MRUSs, on the other hand, respond only when their inputs have different phase
angles. Relative phase angles themselves seem to have some of the properties of variables;
after all, it is these that are implicitly compared by MRUs. But unlike symbolic variables,
phase angles interact with one another according to the pattern of connectivity among the
units which have the phase angles. And sameness in the network, like similarity in neural
networks in general, is graded: two units represent “the same thing” to the extent that they
are in phase with one another.

But what matters is not whether it is possible to describe the network as having
variables. What matters is whether predictions emerge from this model that might differ
from those made by a symbolic model. We would make the following predictions:

1. Content should matter, even for “rule”-learning tasks.

In a full-blown network trained on Marcus et al.’s task (one such as that shown in Fig-
ure 2B), Sequence units specific to particular syllables would be activated along with the
more “abstract” units like those used in the simulation described above. That is, similarity
is still relevant. As a result, we would predict that test sequences which overlap in content
with those used in training the infants would be treated as more familiar than sequences
consisting of completely novel combinations of words. In particular, performance on new
instances of the rule should differ from performance on familiar instances of the rule. Note
that in our current implementation of syllables, there is no overlap between different sylla-
bles; thus we have no way of testing the effects of inter-syllable similarity. We are developing
a version of the network in which syllables are represented in terms of their features. In this
network we expect test performance on sequences consisting of syllables that resemble those
used in training to differ from that on sequences consisting of completely novel syllables
(that is, those that are orthogonal to the training syllables).

2. Difficulty increases with the number of types of syllables in a word.

Repulsion between three units which are clamped on can lead to three different phase angles,
representing three separate “objects,” but, depending on the magnitude of the weights
connecting the units, there is also an attractor at which there are only two different phase
angles. At the same time, MRUs can represent only binary relations, and strong associations
between MRUs can only develop for different micro-relations involving the same two objects.
Thus PLAYPEN has a strong preference for two, and in a four-syllable version of Marcus et
al.’s experiment, we would expect that sequences such as ABCC would be confused with
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AABB and ABBB. In symbolic models, on the other hand, there is no built-in preference
for a particular number of variables.

3. Explicit dissimilarity is learned.

As noted above, variables in symbolic models do not directly represent dissimilarity, which
must take the form of an explicit predicate. In a PLAYPEN network, on the other hand, it is
dissimilarity in a pattern that activates MRUs. When the network used in the simulation is
trained on the AAB pattern, the Relations units are only very weakly activated in response
to a pattern such as [z li [z because all of the Sequence units will have approximately the
same phase angle. However, because [li [i i matches AAB in a symbolic model, such a model
would seem to predict a similar response to this pattern as to patterns such as i li ba.

We have argued that the two kinds of learning exemplified in Saffran et al.’s and
the Marcus et al.’s experiments are both associationist. However, a simple neural network
with a Hebbian learning rule, even one equipped with delay connections and recurrence to
handle time, probably will not suffice to exhibit the variable-like behavior of Marcus et al.’s
experiments. We propose that this sort of behavior can be handled by a neural network
that is augmented with a mechanism to handle “same thing” and “different thing” and to
handle primitive relational knowledge. Thus the PLAYPEN architecture, described in this
paper, is a candidate for a general-purpose neural network architecture that can learn both
statistical information and rule-like knowledge.
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