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Abstract— it has long been criticized that connectionist
models are inappropriate models for language acquisition since
one of the important properties, the property of generalization
beyond the training space, cannot be exhibited by the networks.
Recently van der Velde et al. have discussed the issue of the
combinatorial productivity, arguing that simple recurrent
networks (SRNs) fail in this regard. They have attempted to
show that performance of SRNs on generalization is limited to
word-word association. In this paper, we report our follow-up
study with two simulations demonstrating that (i) bi-gram does
not play the dominant role as claimed (ii) SRNs are indeed able
to exhibit combinatorial productivity when appropriately
trained.

I. INTRODUCTION

he issue of productivity, that is the ability to generalize

from exemplars to novel, but correct, inputs has long
been a controversial issue in the area of connectionist
modelling, particularly in the modelling of language
processing and language acquisition.

Early in the late 80s when trainable multi-layer
feedforward networks were introduced [1, 2], Fodor and
Pylyshyn [3] criticized that the crucial characteristics,
productivity and systematicity, of human cognition could not
be captured by those early network models. In the late 90s,
Marcus argued on various occasions [4-8] that contemporary
connectionist language processing models, Elman’s [9]
simple recurrent network (SRN) being one such, failed to
generalize from sentences on which the network was trained
to novel, grammatical sentences. This is contrary to
rule-based learning behaviors that Marcus observed in
experiments [6] on infants learning artificial languages.

In short, the above mentioned criticisms have challenged
the connectionist language processing paradigm by
questioning the ability of connectionist models to generalize
beyond the training space. Some attempts have been made to
tackle these problems by redesigning the training data and
learning tasks in giving existence proof that networks are
indeed able to generalize. On top of that, connectionist
modeling has been probing a much deeper question of how
and when generalization occurs, both in the computational
model and in actual language learning scenario [10-15].

II. COMBINATORIAL PRODUCTIVITY
More recently van der Velde et al. [16, 17] addressed the

issue of productivity from another perspective. The kind of
productivity they focused on is what they called
combinatorial productivity, summarized as follows. For a
certain sentence frame, such as a simple declarative
Noun-Verb-Noun (N-V-N) sentence, the set of all possible
sentences is the set of all possible combinations of nouns and
verbs. The size of this set grows with the increase in the size
of the lexicon N and V. In natural languages, the nouns and
verbs are open classes making the set of all possible sentences
infinite in size. Human language learners exhibit
combinatorial productivity: that is, by learning from only a
fraction of the possible combinations, one can generalize his
knowledge of the language to any (or at least the majority of)
novel combinations of lexical items allowed by the language.

Van der Velde et al. [16] established a framework in which
a SRN’s ability to exhibit combinatorial productivity can be
estimated in terms of generalization from training to testing
data. The criterion for generalization is consistent with the
canonical sense of generalization used in the area of
soft-computing: that is, the ability for the learning device to
perform a task equally well on testing data given that it has
only been optimized with training data. In the context of van
de Velde et al. [16] and of this paper, generalization refers to
how well the SRNs process novel combinations of lexical
items given that the network has only been trained on a
fraction of the possible combinations.

Van der Velde et al. [16] carried out simulations trying to
show that SRNs lack such property. They divided the lexical
items into several disjoint groups. For example, {‘boy’,
‘girl’, ‘sees’} being nouns and verbs of one group and
{‘dog’, ‘cat’, ‘bites’} of another group. Networks were
trained on sentences generated by taking lexical items from
the same group, such as:

(1) ‘boy-sees-girl’ and
(2) ‘dog-bites-cat’

The testing sets, which were used to evaluate SRN’s ability
to generalize, on the other hand, were composed of sentences
involving novel combinations of lexical items from mixed
groups. Such as:

(3) ‘boy-bites-girl’ and
(4) ‘dog-sees-cat’

In (3) and (4) the verbs ‘bites’ and ‘sees’ appear in a
different context, with respect to neighbouring nouns, than
they do in the training set. With this design of training and



testing data, van der Velde et al. [16] showed that although
SRNs achieve near perfection in learning the training set
sentences (evaluated via grammatical prediction error
(GPE), more on this in section II1.D) they fail to generalize to
testing set sentences even though all lexical items appeared in
the same syntactic positions as they did in the training set.
They further argued that when SRNs fail to generalize the
networks resort to ‘word-word association’. Their argument
was based on the similarity of SRNs’ performance on testing
data with the performance expected from a bi-gram model.

Van der Velde’s report on the lack of combinatorial
productivity with SRNs cast a serious doubt on the
fundamental learning capability of the model. The poor
performance on generalization would indeed hinder the
connectionist paradigm to proceed further, as it has been
criticized of being incapable to go beyond toy grammar [18].

In this paper, we report our follow-up study on the issue of
combinatorial productivity with two simulation experiments.
Simulation I is mainly an existence proof showing that SRNs
are indeed able to show some degree of generalization. More
importantly, contrary to the claim in [16], SRNs outperform
what could be achieved if they learned solely the bi-gram
statistics available in the training data. We follow van der
Velde’s construction of the training and testing data as well as
the method of evaluating a network’s ability to “‘understand’ a
sentence in order to establish a common ground to compare
our results with the results of van der Velde et al. [16]. In
Simulation II, extra training sentences, which still do not
overlap with testing set sentences, were generated in order to
provide a reasonable condition to trigger the network to
generalize. Results show that SRNs’ performance on
processing testing set sentences is similar to training set
sentences in most syntactic positions. Implications of the
results reported here to linguistic theory will also be
discussed.

III. SIMULATION I

A. Network Architecture

In our first simulation, we followed the method of the
experiment performed in [16], the only difference being the
choice of the SRN architecture. We used a SRN with one
hidden layer only between the input and output layer, instead
of three as in [16]. We chose to do so because it is generally
acknowledged that it is more difficult for the learning
algorithm to optimize connection weights of networks with
more than one hidden layer [19].

Eight nouns and eight verbs together with the relative
marker, ‘who’, and the end-of-sentence mark, ‘#’, were used
in generating the language. A localistic 1-in-20-bit coding
scheme was implemented to encode the lexicon where each
lexical item was represented with an orthogonal bit vector.
The two extra bits were reserved for two extra lexical items
that would be used in Simulation II. Suppose a lexical item is
coded as (0, 1,0, ..., 0), it is fed as an input to the network by

setting the activation level of the network’s second input
neuron to 1 (activated) and the others to 0 (non-activated). In
doing so each neuron in the input layer is actually coding for
one of the lexical items. Networks with 20 input layer
neurons were used in the experiments reported in this paper.

To acquire the grammar of the target language, one has to
learn at least the sequential regularities from the sample
sentences. The common way of training a SRN to achieve this
is via the prediction task whereby networks are trained to
predict the next word given a partial sentence. Hence, an
output layer with 20 neurons was employed. In doing so, the
network’s output layer activation, which is a vector of real
numbers, can be interpreted as an estimate of the probability
distribution indicating which word(s) the network predicts to
follow given a partial sentence. For the hidden layer and the
context layer (in which hidden layer activation of the
pervious time step is stored) 80 neurons were employed. The
architecture described above is shown in Fig. 1.

Output layer
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Fig. 1. SRN used in Simulations I and II. The solid lines indicate full
connections between layers and the dotted line indicates the one-to-one
copy-back connection from the hidden layer to the context layer. Arrows
indicate directionality. The back-propagation algorithm was used to train
the network. Learning rate and momentum were set to 0.1 and 0
respectively.

B. Training of the Networks

Networks were trained with three types of sentence, one
simple and two complex (right-branching and
center-embedding) sentence types, as tabulated in Table I.
The training was divided into four phases of increasing
complexity, in line with Elman’s ‘starting small’ training
scheme [20]. In the first phase the training set consisted of
simple sentences only while in the last phase the token ratio of
simple-to-complex sentences was 1:4. Details of the exact
number of training set sentences that were fed to the network
are tabulated in Table II. The same training scheme was used
in the original experiment of van der Velde et al. [16].

TABLE L.
THREE TYPES OF SENTENCE USED IN SIMULATIONS I AND II

Sentence types Frames Natural language
equivalents
Simple N-V-N the boy kisses the girl

the boy kisses the girl
who chases the dog

Right-branching N-V-N-who-V-N

N-who-N-V-V-N the girl who the boy
kisses chases the dog

Center-embedding




TABLE II.
4-PHASED TRAINING SCHEME EMPLOYED IN SIMULATION I

Phase

No. of sentences
fed to a network

Token and type (bracketed) ratio*

1 1:0:0(1:0:0) 32 000
2 6:1:1(24:1:1) 10 240
3 2:1:1@8:1:1) 51200
4 1:2:2(2:1:1) 64 000

*ratio of simple : right-branching : center-embedding

C. Training and Testing Data

As we have mentioned earlier, the crucial difference
between the training data and the testing data is that a training
set sentence is generated from lexical items of the same group
whereas a testing set sentence is generated from mixed
groups. Here we denote n;; to be the j™ noun of group i, and Vij
to be the j™ verb of group i.

In Simulation I, four groups of lexical items were used,
each group contained two nouns and two verbs. Notice that
the four sets of nouns and verbs, denoted by m; and v;
(i=1...4), were non-overlapping sets, i.e. there were
altogether eight unique nouns and eight unique verbs, which
was critical for the test of SRN’s ability to generalize.

The training set was constructed by generating sentences
composed of words from the same group. The set of
right-branching training set sentences were:

Group 1: {ny;-Vip-Nyc-who-Vig-Nyc-#},
Group 2: {ny,-Vap-Nye-who-Vog-Nye-#
Group 3: {n3,-V3p-N3c-who-V3g-N3c-#},
Group 4: {ng,-Vgp-Nye-who-Vyg-Nge#}
where a,b,c,d,e = {1,2}

Hence 32 unique sentences (2°, 2 different words at 5
different syntactic positions) were generated for each group.
The other two types of sentences, simple and
center-embedding, were generated in a similar way. The four
groups of sentences were combined to form training sets with
different token ratios of simple-to-complex according to the
training scheme in Table II.

As for the testing sets, van der Velde et al. [16] designed
theirs in such a way that the SRN’s ability to generalize can
be assessed in a systematic manner. We think it worthwhile to
follow and investigate further. A testing set sentence is
constructed by combining lexical items from mixed groups.
The level of difficulty with respect to generalization is varied
by the number of groups that are mixed. The more the number
of groups the more difficult the sentence would be.

Following the convention in [16], we use N to denote the
number of groups that are mixed to generate a testing
sentence. Examples of right-branching testing set sentences
used in the simulation were:

N=1:  {nju-Vip-Nic-who-Vig-Ni-#},
{N4a-Vap-Nye-who-Vaq-Nye-#}
N=2:  {ny4-V3p-Ny-who-Vig-Ny-#},
{N43-V3p-Ny-who-V3g-Nye-#}
N=3: {ny,-Vip-Nyc-who-Vig-N3-#},
{N4-V3p~N 1 ~Wwho-V4g-N3e~# }
N=4: {ny,-V3p-Nyc-who-Vyg-Ny-#},
{N45-V3p=N 1 ~who-Vq-Nyc-#}
where a,b,c,d,e = {1,2}

Obviously, N=1 testing set is identical to the set of training
sentences. The N>1 testing sets contain more sentences than
the training set. More importantly, constructing testing set
sentences this way ensures a maximum separation between
lexical items from the same group since GPE is evaluated on
every sentence position.

Twenty SRNs, each initialized with an independent
random initial set of connection weights, were constructed
and trained with streams of concatenated sentences which
were randomly sampled from the training sets. The prediction
task was used to train the networks. The results to be reported
in the remaining parts of the paper are based on the average
performance of the twenty networks.

D. GPE Evaluation and Generalization

How well a network acquires the language can be assessed
by analyzing the network’s output layer activation during the
processing of a sentence. Recall that words were coded in
orthogonal 1-in-20 bit vectors. The activation value of an
output layer neuron represents the network’s estimate of the
conditional probability of the word coded by that neuron to
follow on the basis the partial sentence it has been exposed to.
The output layer activation, which is a vector of real numbers,
can be divided into ‘grammatically correct’ and
‘grammatically incorrect’ predictions, depending on the
context. For example, in processing a simple sentence
(N-V-N-#), when the first noun is fed to the network, any
verb and the relative marker ‘who’ could be a grammatically
correct continuation of the partial input since a noun can be
both the start of a simple and a center-embedding sentence.
Therefore, the grammatically correct prediction includes any
verb and the relative marker ‘who’. Likewise, at the second
time step, after the verb has been fed, the correct prediction
includes the set of nouns. At the third time step, it includes
both ‘who’ and the end-of-sentence marker ‘#’. The
grammaticality of the predictions made by the network at
other syntactic positions of complex sentences was defined in
a similar way. Based on this definition of grammaticality, the
grammatical prediction error (GPE) [10, 16] is given by the
following equation:

GPE <1 Z correct activation

Z correct activation + z incorrect activation

The value of the numerator is the sum of the activations of



those correctly activated nodes. Using a simple sentence as an
example, at the first position of a sentence, the value of the
numerator is the sum of activations of nine nodes, eight that
code for verbs and one that codes for the relative marker. The
value of the denominator is likewise the sum of activations of
18 output nodes.

Combinatorial productivity exhibited by a SRN is
estimated in terms of generalization from the training set to
the testing set. If the network indeed exhibits combinatorial
productivity, we would expect it to attain GPE for testing set
sentences as low as for training set sentences.

We take the processing of an N=3 testing set sentence,
ni1-v21-na;, as an example. At the position of the second noun,
ni;;, the grammatically correct continuations includes ‘who’
and ‘#” only. If the network processes this novel combination
of nouns and verbs as if it is a training set sentence such as
Ny -vii-ng; OF ns—vs;-ng,, only the nodes for ‘who’ and ‘#’
should be activated. Failing to achieve this would give high
GPE value since verbs are likely to be wrongly activated due
to frequently occurring N-V transitions.

E. Results and Discussion of Simulation [

After the four phases of training, the connection weights of
the networks were frozen. Testing set sentences of various
sentence types and N-values were fed to the networks. GPE at
different sentence positions were recorded and plotted in Fig.
2. Each data point represents the GPE in predicting the next
lexical item given the current word, which is marked on the
x-axis. Data points show the mean GPE of 20 networks where
each network was evaluated with 100 sentences drawn
randomly from the testing (training for N=1) sets; the error
bars indicate two standard deviations.

The GPE evaluations on testing set sentences are to be
compared with some reference values:

o training set GPE (N=1), solid thick line

o GPE on testing sets (N=3) reported in van der Velde et al.
[16], which we mark on Fig. 2 with diamond line
markers.

¢ GPE obtained by a bi-gram model, solid line with circle
line markers. The bi-gram model was calculated from the
empirical transition probabilities (available from the
training data) among the four lexical categories, N, V,
who and # during the last phase of training. The bi-gram
statistics are presented in Table III.

The general trend that can be observed from Fig. 2 is that
the SRN learns the training set nearly perfectly, with very low
GPE, but performs worse and worse on testing sets as the
complexity in terms of generalization is increased from N=2
to N=4. This is consistent with the original experiment in
[16]. Notice that an N=3 testing set is actually as complex as
an N=4 testing set since in both cases the first three nouns or
verbs already uniquely determine the remaining part of the
sentence. This explains why the two sets of data points
overlap one another.

The major claim of van der Velde et al. [16] was that when

a SRN fails to generalize to testing set sentences it resorts to
word-word association between immediately adjacent words.
They argued on the basis of their observation that testing set
GPE they obtained follows the trend of a bi-gram GPE. In the
remaining parts of this section we attempt to argue against
this.

Firstly, the GPE of our networks attained smaller values in
all sentence positions than the results reported in van der
Velde et al. [16]. In those positions that they argued as being
the most difficult to make correct grammatical prediction,
such as at the final nouns of all three sentence types and at the
first verb of a center-embedding sentence, the differences are
substantial. The difference between our results and the results
of van der Velde er al. can be partly explained by the
difference in the choice of SRN architecture; recall that we
used a SRN with one hidden layer only, while two more
hidden layers were used in [16]. It is necessary to appreciate
that even though connectionist models are robust in general,
for example concerning the choices of learning parameters
and the details of the learning algorithm, a reasonable setting
of the architecture is still essential.
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Fig. 2. Results of Sim I. Grammatical Prediction Error (GPE) in
processing (a) simple, right-branching and (b) center-embedding
sentences. Values for N=1 to N=4 are mean GPE of 20 networks each
evaluated with 100 test sentences. Results that van der Velde et al
reported are marked on the plots with diamond line markers.



TABLE IIIL.
THE BI-GRAM MODEL*

| N N who #

N 0 0357 0.286 0.357
v 0.778 0222 0 0
who 0.5 05 0 0
# 1 0 0 0

* the value of the cell in the i row j™ column is the probability that the
words in category j follow the word in category i. Formally,
Pr(wi+1 €Cj | wi €C;), where wy and w.; are consecutive words in a
sequence.

Secondly, we argue that the role of word-word association
for a SRN to learn a language from exemplars was overstated
in [16]. We will focus our discussion on our simulation
results with testing set sentences of complexity N=3 (dotted
lines in Fig. 2). Among the 15 syntactic positions, excluding
the end-of-sentence markers, only 4 of them have a GPE
approximately equal to or larger than a bi-gram GPE. To
obtain a clearer picture about the behavior of the network, we
zoom in to look at the raw activation pattern of the output
layer neurons during the processing of a sentence at some of
the syntactic positions where high GPE are obtained.

Fig. 3 shows a snapshot of the states of a SRN in
processing an N=3 right-branching sentence. The bars
represent the activation values of the network’s output layer
neurons that indicate its prediction of what words to follow,
as labeled on the x-axis. At this instance, the partial sentence
that the network has seen is n;,-vs-ns,.
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Fig. 3. Output layer activation pattern of, i.e. prediction made by, a SRN
processing an N=3 right-branching sentence.

This corresponds to the data points at the second noun of
Fig. 2 (a) where at this sentence position the SRN gives an
average GPE of about 0.35. From the activation pattern we
can see that the network is incorrectly predicting vs, and v, to
follow, with probabilities of about 0.2. This indicates that the
network is having some difficulty processing sentences with
novel combinations of nouns and verbs from mixed groups.
However, this does not mean that the SRN loses track of the
sentence completely and resorts solely to the bi-gram
statistics. The activation for ‘who’ at this sentence position is
higher than the sum of the activation for verbs, which is
clearly contrary to what might be expected from the bi-gram
probabilities (the first row of Table III, where ‘who’ is
expected to be the least activated).

As for another position where a bi-gram-like GPE was
obtained, at the ‘who’ slot of a right-branching sentence, the
activation pattern was sampled, as shown in Fig. 4.
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Fig. 4. Output layer activation of a SRN in processing an N=3 right-branching
sentence at the position ‘who’.

At this position, the grammatically correct continuation
comprises verbs only. Why does the network show strong
activation of the two Group 3 nouns ns, and ns,? This cannot
be accounted for by bi-gram statistics, as it would suggest all
nouns and all verbs to be equally activated (the third row of
Table III). Instead, we argue this is due to an artifact of the
language making the SRN treat the relative marker ‘who’ as a
verb. This can be understood by replacing ‘who’ with V in the
frames that construct right-branching and center-embedding
sentences (Table I). The replacement process would make the
two sentence types identical, revealing that the relative
marker ‘who’ is in fact taking a verb-like syntactic position.
Hence, the network is wrongly recognizing ‘who’ as a verb
and makes the prediction that a noun could also follow. To be
more precise, ‘who’ is misrecognized, in this particular
context, as a v; verb and therefore n; nouns are predicted to
follow due to the preceding word ns,. Notice that, SRN’s
sensitivity to sentence structure can still be observed as some
verbs are correctly activated.

Finally, the performance degradation at the two verb
positions in center-embedding sentences, for which the SRN
performs poorly (Fig. 2(b)), is in fact expected [21] due to the
deviation from the dominant N-V and V-N local word orders
to V-V word order.

All in all, looking at the raw output layer activation of the
networks reveals that the working principle of SRNs does not
seem to be dominated by surface word to word association.

IV. REASSESSING SRN’S ABILITY TO GENERALIZE

The design of the experiment, both in [16] and in
Simulation I aims to examine if SRNs can generalize in
processing sentences that are made up of novel combinations
of nouns and verbs. Taking a partial N=2 testing set sentence
n;;-vz.. as an example. The combination of a group 1 noun
and a group 2 verb in making up the sentence is novel to the
network. For a SRN to exhibit the ability to generalize
combinatorially, it has to acknowledge that:

(1) nouns of different groups are in fact playing the same
syntactic role with respect to verbs of different groups, and

(2) verbs of different groups also share the same syntactic
role with respect to nouns of different groups

From such knowledge the network should accept the
testing set sentence as equally grammatical as a training set
sentence, €.g. ny;-vy; OF ny-v,;, and makes the correct
prediction that a noun should follow.



Before contrasting the ability of a language acquisition
model with children on the ability to exhibit combinatorial
productivity, we have to ask:

e Does Simulation I show SRNs’ ability to achieve

combinatorial productivity?

e How is that possible for SRNs to do so in the first
place?

e And more critically, do the language and the
environment that the networks are trained on provide
conditions that are comparable to the situations in
which children acquire language?

Results from Simulation I do not show full generalization
as the GPE on testing set sentences are greater than the GPE
on training set sentences. However, some degree of
generalization is observed since SRNs’ performance on
testing set is significantly better than expected from a bi-gram
model. We argue that this limited generalization observed in
Simulation I is not due to the intrinsic incapability of SRN;
rather it is due to the overly constrained exemplars of the
language available to the network.

During the training process, there is no doubt that a SRN is
able to develop syntactic knowledge of various groups of
lexicon, as shown by the near zero GPE obtained in
processing training set sentences. However, the construction
of training set sentences systematically disallows the
co-occurrence, within a sentence, of lexical items from
different groups. Hence there is simply little basis for the
network to develop a syntactic knowledge of general noun
and general verb classes to satisfy (1) and (2), the only source
of information available being the relative sentence position
that all nouns and all verbs take.

V. SIMULATION II

As we have argued that the limited generalization exhibited
by SRNSs is due to the setting of the training data but not the
intrinsic incapability of the networks. Exemplars available to
the networks in Simulation I do not provide a basis for
generalization in the first place. To justify our argument, we
carried out our second simulation where the training data are
revised to establish a reasonable linguistic environment for
the network.

A. Training and Testing Data

The difference from the first experiment is that an extra
group of training set sentences were incorporated'. Phase 1 to
phase 3 training remained the same as in Simulation I,
however during the last phase of training we added to the
original training set an extra set of sentences which were
generated from a Group 5 lexicon. This extra set of Group 5
training sentences were generated from the Group 5 nouns
(ns) and the Group 5 verbs (vs):

ns = {nn, Nz1, Nz, n41}
V5= {VSIr Vsz}

The vs verbs were new to the language, and were coded

using the two reserved input and output neurons that we have

mentioned in section III. The Group 5 nouns, ns, however,
contained the first noun from each of the original four groups.
The construction of the training set sentences was the same as
described in Simulation I and hence the set of Group 5
sentences are:

Simple: {Ma1-Vs-Npi-#1,

Right-branching:  {n,1-Vsy-Npi-who-Vsy-Ni-#},

Center-embedding: {n,;-who- Ny~ Vsy -Vsy-Ni-#}

where a,b,c = {1...4}, x,y = {1,2}

The Group 5 sentences were added as one fifth of the
training set sentences which increased the total number of
sentences fed to the networks to 80 000 during the last phase
of training.

As for the testing sets, we have revised them such that
trivial generalization due to the Group 5 sentences was
avoided: sentences containing any ns nouns were removed
from the original testing sets used in Simulation I. As a result,
the revised testing sets were subsets of the original ones.
Examples of N=3 right-branching testing set sentences used
in Simulation II were:

Ni,~Vsy-Ny-who-vy;-ns-# and
Ngz-V32-N1,-Who-v—ns—#
B. Results and Discussion of Simulation II

The results of training the networks this way are plotted in
Fig. 5. Data points represent the mean GPE of 20 networks
each tested with 100 testing set sentences.
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Fig. 5. Results of Sim II. Grammatical Prediction Error (GPE) in
processing (a) simple, right-branching and (b) center-embedding
sentences. Values are mean GPE of 20 networks each evaluated with 100

test sentences.



By comparing the results of Simulations I and IT (Fig. 2 and
Fig. 5), an improvement on generalization is observed as the
departure of the testing set GPE from the training set GPE is
reduced significantly in most syntactic positions.

Analysis on the network’s raw output layer activation in
processing a sentence reveals how improvement on
generalization is possible. A snapshot of a SRN’s output layer
activation pattern in processing an N=3 testing set sentence is
shown in Fig. 6. The GPE at this syntactic position, at the
second noun of a simple or right-branching sentence, has
been significantly reduced from 0.39 (Sim I, Fig. 3) to 0.05.
This corresponds to the now-mature ability to process novel
combinations of nouns and verbs by the networks trained in
this revised simulation. We can also see that the incorrect
prediction of verbs to follow is greatly reduced (to near-zero)
indicating that the SRN is now much more sensitive to the
underlying structural regularities than to the influence from
immediately preceding word.
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Fig. 6. Output layer activation pattern of, i.e. prediction made by, a SRN

in processing an N=3 right-branching sentence (cf Fig. 3).

For other syntactic positions where GPE on testing set
sentences remains relatively high — at the position taken by
the relative marker ‘who’ of right-branching sentences and the
middle part of center-embedding sentences — there are due to
the same reasons we have discussed in section III.E, namely
the artifact of the artificial language where ‘who’ takes a
verb-like position and the deviation from dominant N-V and
V-N local word orders respectively.

C. Rationale of Simulation I1

We have to emphasize that brining in the extra Group 5
sentences to train the networks does not weaken the
evaluation of networks’ ability to generalize since training
and testing sets remain to be non-overlapping. Rather, it
provides realistic clues for the network to infer that there are
some syntactic roles shared by nouns of different groups.
Such inference is a result of the networks’ ability to induce
underlying regularities of the language from exemplars.

The straight-forward way of mixing both the groups of
nouns and the groups of verbs to form the set of extra
sentences is avoided as it is crucial to clearly separate testing
set sentences from training set sentences for the evaluation of
SRNs’ ability to generalize. Moreover, GPE is measured at
every sentence position, we make use of the set of novel vs
verbs to avoid the appearance of any part of a training set
sentence in a testing (N>1) set.

The design of the training and the testing data in
Simulation II requires the networks, if there are indeed able to

generalize (attain low GPE on testing set sentences), to
perform two level of generalization. With the exposure to
Group 5 sentences, the SRNs have the chance to develop the
knowledge that the ms nouns share a similar syntactic role
with respect to the novel vs verbs. This knowledge has then to
be transferred to the other verbs (v; to v4), since GPE was not
evaluated with sentences containing vs verbs. Furthermore,
the set of ns nouns contains only half of the nouns from each
group. Syntactic knowledge of the role played by the ns
nouns has also to be transferred to the other half, again since
ns nouns were not used during the evaluation of the network’s
performance on testing set sentences.

Results of Simulation II confirm that the SRNs indeed
exhibit the ability to induce syntactic knowledge from
distributional information, to transfer such knowledge across
isolated groups and to make generalization combinatorially.

VI. DISCUSSION AND CONCLUSION

One of the merits of computational modeling,
connectionist or non-connectionist, is in shedding light on
linguistic theory. The simulation framework of van der Velde
et al. [16] rightly addresses the issue of whether the SRN
model exhibits human-like combinatorial productivity in
acquiring a language. We consider the issue of combinatorial
productivity to be another form of the learnability problem, as
illustrated in Fig. 7.

Fig. 7. Combinatorial productivity as a form of learnability problem:
Can the model induce the grammaticality of sentences in L, given
that it has been only exposed to sentences of Lc? Ly is the adult
language learners ultimately arrived at. L, which is a constrained
subset of L,, is the set of exemplars available to the learners. An
arrow indicates the construction of a grammatical sentence.

Suppose L, is the target adult language that learners
ultimately arrive at, for simplicity we consider only simple
declarative sentences, where all possible combinations of
nouns and verbs are grammatical. The language learners,
however, are only exposed to a limited portion of them, L. It



has been argued that models based on statistical and/or
inductive learning cannot generalize from L to Ly, in the
other words L, is not learnable from L¢ unless rules or some
rule-based innate biases have been incorporated into the
learning algorithm [5, 6, §].

In the context of this paper and in [16], L is the training set
while L, contains the testing sets for the evaluation of SRNs’
ability to generalize combinatorially. Recall that GPE was
used for such purpose. For a SRN to achieve low GPE on
testing set sentences, it has to induce the grammaticality of
the testing set sentences from the training set sentences
(section IV). We argue, contrary to van der Velde, that SRNs
can exhibit such productivity based on their ability to extract
subtle distributional information available in the linguistic
input.

We have reported results of two simulations regarding
combinatorial productivity exhibited by SRNs. Our first
simulation follows van der Velde’s with respect to the
construction of the training and the testing data. Results of the
first simulation provide evidence arguing against the claim in
[16] that SRNs lose track of testing set sentences, hence fail to
generalize, and resort solely to bi-gram statistics.

We also disagree with their underestimation of the richness
of information actually available to children that is not
modeled in the training data. In a child language acquisition
scenario, generalization is not expected to come out of the
blue. It has to be based on numerous exposures [11, 22] to the
target language. The intention of our second simulation is to
provide a richer, more naturalistic linguistic environment as
the basis for the networks to generalize while not neglecting
the importance of giving the SRNs an objective evaluation of
generalization. Results show that SRNs are indeed able to
generalize combinatorially.
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