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I. INTRODUCTION 
 Studies of child language acquisition have documented 
general stages in linguistic development. However, to date 
the precise mechanism that takes a child from one stage to 
another is not yet known. Typically, the transition between 
stages is gradual and continuous [1][2]. Stages arise 
gradually with no precise start or endpoints, and overlapping 
from one stage to the next. For instance, the one word 
utterance stage, starting at 18 months and ending around the 
24th month is not static, but is characterised by a steady and 
gradual transition from one-word utterance to two-word 
utterance capability. This steady progress of language 
mastery continues such that by the age of 30 months a 
child’s utterances become more complex, as the child adds 
additional words as well as affixes and other grammatical 
morphemes. At this stage, the child also demonstrates a 
three-word comprehension level in preparation for the next 
stage [3]. 
 In this paper we report on a gated multi-net model that 
simulates the transition of child language from the one-word 
stage to the two-word stage. The gated multi-net comprises a 
modified counterpropagation network and a temporal self-
organising map (TSOM). The counterpropagation network 
learns to generate one-word utterances whilst the TSOM 
generates two-word utterances. The transition from the one-
word stage to the two-word stage is mediated by a time 
dependent probabilistic gating mechanism implemented in 
each of the units of the TSOM.  

The gated multi-net model accepts as input, 
representations of the concepts the child wishes to speak 
about as well as the inferred child’s communicative 
intention, and learns to generate the corresponding word 
utterances. One-word utterances dominate the model’s 
output in the early stages of training. As training progresses, 
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two-word utterances begin to appear in the model’s output, 
and by the end of training, two-word utterances are more 
dominant than one-word utterances. These simulations 
exhibit a gradual transition from one-word to two-word 
language utterances. The steepness of this transition shows a 
dependency on the value of the initial transition probability, 
with lower values of transition probability yielding a more 
gradual transition than higher values.  

In the next section we discuss the characteristics of child 
language at both the one-word stage and two-word stage and 
then outline current research in the modelling of child 
language acquisition using neural networks. In section III we 
present a detailed discussion of both the gated multi-net 
model as well as its simulation environment. Finally, in 
Section IV we present a discussion on the results of the 
simulations and draw conclusions.  

II. MOTIVATION 

A. One-Word and Two-Word Child Language Stages 
 According to child language researchers, children use 
word utterances to convey information regarding the objects 
and persons in their environment and their interactions with 
these objects and persons. For instance, MacWhinney [4] 
notes that children use words to discuss social activities and 
functions, whilst Small [5] suggests that children produce 
word utterances so as to fulfill underlying communicative 
intentions such as the desire to express some aspect of the 
environment or to talk about themselves, their needs, beliefs, 
and desires. 
 Bloom [6] suggests that at the one-word stage the child 
learns to represent the regularities in his/her environment in 
terms of the relations between the persons, objects and 
events in the world. For instance, objects are acted upon, can 
exist, cease to exist and recur; people do things and they 
appear and disappear and so on. She refers to these relations 
as conceptual relations. According to Bloom, language 
acquisition at the one-word stage represents a child’s 
linguistic effort to expresses his/her communicative 
intention regarding a perceptual entity by uttering a word 
which encodes the desired conceptual relationship. For 
instance, after finishing a glass of milk the child may ask for 
more milk by simply saying the word more, and to indicate 
that she has finished drinking the milk, the child may simply 
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use the word gone. The words the child utters can be used to 
refer to different conceptual relations. For instance the word 
more can also be used to ask her mother to tickle her some 
more. 
 At the two-word stage children appear to determine the 
most important words in a sentence and, almost all of the 
time, use them in the same order as an adult would [7]. 
Brown [8] has identified a small set of eight basic semantic 
relations that the children’s two word utterances seem to be 
expressing. These semantic relations are shown in Table I  
 

 
 Brown’s set of semantic relations suggests that when 
children first combine words, they talk about objects: 
pointing them out, naming them, indicating their location, 
what they are like, who owns them, and who is doing things 
to them. They also talk about actions performed by people, 
and the objects and locations of these actions. It can be 
observed that these findings are similar to research 
observations at the one-word stage.  
 Neural networks have been used to simulate various 
aspects of child language acquisition (see [9][10] for a 
review). For instance, Nakisa and Plunkett [11] and Schafer 
and Mareschal [12] have built neural network models to 
learn the categorisation of speech sounds in early 
phonological development, whilst Plunkett, Sinha, Muller, 
and Strandsby [13] have constructed a neural network model 
of vocabulary development. In addition, other researchers, 
such as Rumelhart and McClelland [14], MacWhinney and 
Leinbach [15], Daugherty & Seidenberg [16] and Plunkett 
and Marchman [17][18][19] have used neural networks to 
model past tense acquisition.   
 Typically, these neural networks are of fixed architecture, 
and development is taken to correspond to changes in the 
connection strengths caused by repeated exposure of the 
network to the problem domain [20][21].Using the neural 
network model of beam balancing, McClelland [22][23] 
showed that small, incremental changes in the strengths of 
fixed network connections can lead to stage-like changes in 
the behavior of connectionist models similar to the stage-like 

developmental changes observed in children learning to 
master cognitive tasks.  
 However, when the task becomes highly complex, non-
linear or varies widely over time it becomes difficult for a 
single neural network to process the task. Instead, multi-net 
systems have been used to process such tasks by first 
subdividing them into simpler subtasks prior to processing. 
Each of the subtasks is processed by a specific neural 
network module, and the selection of which module to use at 
any given instance is done manually. Abidi and Ahmad [24] 
have used this modular approach to the simulation of early 
child language.   
 Gating mechanisms have been incorporated in multi-net 
systems to enable task decomposition and module training to 
take place autonomously without programmer intervention 
[25][26]. Gated multi-net systems have played a critical role 
in neural computing, especially for emulating aspects of 
human cognition [25]. Here the focus has been on 
supervised learning - this we take to be environment-
determined learning. As opposed to this, we focus on 
emulating ontogenesis through self-organised learning and 
we have created a gated multi-net system that comprises a 
counterpropagation network together with a temporal self-
organising map (TSOM), both of which are unsupervised 
modules. We have attempted to be as ‘realistic’ as possible, 
including, as we did, visual  features, audio features and 
conceptual features for creating vectors to train the 
counterpropagation network and TSOM. 
 

III. MODEL DESIGN AND IMPLEMENTATION 
 
 Our gated multi-net architecture for simulating early child 
language acquisition consists of a modified 
counterpropagation network and a temporal self-organising 
map (see [27] for details). The modified counterpropagation 
network encodes child language at the one-word utterance 
stage whilst the temporal self-organising map (TSOM) 
encodes child language at the two-word utterance stage. For 
each input encoding an event the child wishes to speak 
about, the transition from one-word utterance to two-word 
utterance is probabilistic, with the likelihood for such a 
transition increasing as training progresses. In addition, more 
frequently occurring inputs are more likely to generate two-
word utterances earlier than less frequent inputs.  Inhibitory 
links from the TSOM to the counterpropagation network 
suppress the counterpropagation network output whenever 
the TSOM is active. This ensures that only one network is 
able to generate an output at any given instance. 
 

A. The Modified Counterpropagation Network 
 The full counterpropagation network [28][29] provides 
bidirectional mapping between two sets of input patterns. 
The full counterpropagation network consists of two layers, 
namely the hidden layer, trained using Kohonen’s self-
organising learning rule [30], and the output layer which is 
based on Grossberg’s outstar rule [31]. The Kohonen layer 
encodes the mapping between the two sets of patterns whilst 

TABLE  I 
BROWN’S SET OF EIGHT BASIC SEMANTIC RELATIONS FOR 

TWO WORD UTTERANCES 
 

Two-Word 
Utterance 

Inferred  Semantic 
relation  

daddy run agent + action 

kick ball action + object 

Daddy ball  agent + object 

sit chair action + location 

cup table entity + location 

Mummy apple possessor + possession 

crayon big entity + attribute 

There girl demonstrative + entity 
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the Grossberg layer associates each of the Kohonen layer 
neurons to a set of target output values. Each Kohonen 
neuron has two sets of weights, one for each of the two 
patterns being mapped to each other.  
We have used the Kohonen layer to construct the modified 
counterpropagation network. To cater for multimodal data 
comprising two or more information modes, we have 
modified the Kohonen layer by allowing each neuron to 
have a number of weight sets equal to the number of 
information modes making up the multimodal data. For 
instance, if a multimodal dataset comprises m   information 
modes, then each Kohonen layer neuron will have m  weight 
vectors, with each vector corresponding to a modal input. 
After training, when a modal input is applied to the network, 
the weights of the winning neuron will contain information 
on all the other corresponding modes of that input.  
 Following the application of a multimodal input to the 
counterpropagation network, the winning neuron is the one 
that offers the best overall similarity between its individual 
modal weight vectors and the corresponding modal input 
vectors. We normalise the similarity measures to ensure that 
they are not affected by the relative differences between the 
vector lengths of the individual modal inputs. 
 When using Euclidean distance to obtain the best match, 
the overall multimodal Euclidean distance for a neuron is 
computed as follows. First, the mean squared Euclidean 
distance for each modal input is computed according to 
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where jx  and jw  are the modal input and weight vector 
respectively with n  elements each. Then we sum the modal 
Euclidean distances between all the modal inputs and the 
corresponding modal weight vectors for the neuron to obtain 
the multimodal Euclidean distance, i.e. 
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where m  is the number of modal inputs. The winning 
neuron is the neuron with the smallest overall multimodal 
Euclidean distance. 
 

B. The Temporal Self-Organising Map 
 
 The temporal self-organising map comprises a modified 
counterpropagation network whose neurons each have two 
sets of weights, context weights and pattern weights. The 
context weights identify the sequence whilst the pattern 
weights encode the sequence patterns.  
 Each of the network’s neurons has a dedicated tapped 
delay line that stores patterns associated with the sequence 
item being stored by the neuron. These delay lines are used 
to hold time varying context information that enables 
sequences to be recalled based on a cuing subsequence. The 
taps on the delay lines feed into a network of threshold logic 
units whose purpose is to identify the counterpropagation 
neuron associated with the input subsequence. 

 Each unit encoding a sequence item extends inhibitory 
signals to all the other units coming after it in the sequence. 
This enables a sequence to be retrieved in its correct 
temporal order when a context vector is applied to the 
TSOM.  
 The temporal order of the individual items making up the 
sequence is also encoded through the lateral weights which 
are updated in accordance with the temporal associative 
memory equation due to Amari [32]: 
  

  
)()1()1()( tatatmtm kjjkjk −+−= λ

 lkj …1, ∈   (3)
   

These lateral weights ensure that a sequence will be 
retrieved in its correct temporal order when the TSOM is 
prompted by pattern sub sequences. 
  

C. Training Algorithm for the Gated Multi-net Model 
  During training, input vectors encoding the desired one-
word utterance are presented to the modified 
counterpropagation network. At the same time, the two-word 
sequence and the context vector that identifies it are 
presented to the TSOM. The context vector is a 
concatenation of the perceptual entity vector and the 
conceptual relationship vector.  
 Each time an input is presented to the TSOM, the units 
associated with the input are activated, and a counter is 
incremented. The value of this counter determines the 
likelihood of the TSOM generating a two-word utterance. If 
the TSOM is activated to generate the two-word utterance, 
the TSOM issues an inhibitory signal which prevents the 
counterpropagation network from generating the 
corresponding one-word utterance. Once the TSOM is 
activated to generate a two-word utterance for a particular 
input, it will automatically generate that two-word utterance 
each time the input is presented to the gated multi-net.  
 Since the counter values of all the TSOM are initially set 
to zero at the beginning of training, the likelihood of 
activating the TSOM to generate two-word utterances is 
initially very small. Hence, during the initial cycles of 
training, the counterpropagation network is more likely to be 
activated. In this way, the gated counterpropagation network 
simulates the one-word utterance stage during the early 
phases of training. As training proceeds, the values of the 
counters in the TSOM increase, and this also increases the 
likelihood for the TSOM being activated in preference to the 
counterpropagation network. Consequently, as training 
progresses, the gated multi-net generates more two-word 
utterances than one-word utterances. Finally, when all the 
TSOM units have been activated, the gated multi-net 
generates two-word utterances only. 
 For each input, we make the likelihood of activating the 
TSOM in preference to the counterpropagation network a 
monotonically increasing function of the training cycle 
number. A simple function satisfying this requirement is the 
straight line equation: 
 
   cmxy +=                (4) 
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where y  is the output, x  is the input, m  is the gradient, and 
c  is the initial value of y . 
 For the gated multi-net, we replace the x  term with the 
current training cycle number n , and we replace the 
constant c  with the initial transition probability from one-
word to two-word utterance prior to training, )0(up . The 
output y  then gives the current transition probability )(npu  
for the given input. At the end of training, the network 
responds with a two-word utterance to each input. Therefore 
the transition probability at the end of the training period is 
1. If the total number of training cycles is  Tn   ,the gradient 
m   will be: 

   
T

u

n
p

m
)0(1 −

=                (5)

  
 Hence, assuming a straight line relationship between the 
current transition probability and the current number of 
training cycles, the current transition probability is given by: 

   ( ) )0()0(1)( u
T

uu p
n
npnp +−=       (6) 

D. Simulation Data 
 We use for our simulation the data on child language 
acquisition from the Bloom 1973 corpus [6]. This corpus is 
found in the Child Language Data Exchange System 
(CHILDES) corpora [33].  
 According to MacWhinney [33], the Bloom 1973 corpus 
consists of utterances recorded from a child, Allison, who 
was born on July 12, 1968. This corpus consists of six 
samples taken at ages: 1;4.21,  1;7.14,  1;8.21,  1;10, 2;4.7, 
and 2;10. A common setting was used in all the recording 
sessions. This setting consisted of three pieces of furniture 
and a rug in front of a blank wall. There was a big wooden 
Windsor-type double chair that could seat two people 
comfortably. This is referred to as the “big chair” in the 
transcription and it was center stage. To the right of it was a 
child-size molded plastic chair, and between the two chairs 
was a triangular low table. 
 Each session included a snack with cookies, a container of 
apple juice, and several paper cups. A group of toys was 
brought to all of the sessions. These toys consisted of 
Allison’s doll, a metallic dump truck about 30 cm long, and 
a set of rubber farm animals (bull, cow, calf, horse, colt, 
lamb and pig). Other toys were used in one or another of the 
sessions, but not in all of them. These included a jar of 
bubble liquid, a group of hand and finger puppets, a 12 cm 
plastic doll wrapped in a blanket and a photograph of a girl 
in a plastic frame. The snack was carried in a canvas tote bag 
(“the bag”) which was Allison’s own and which contained 
an extra diaper and napkins. 
 From the Bloom 1973 corpus, we identify one-word and 
two-word utterances that seem to address the same 
communicative intention. We hasten to add, however, that a 
child’s communicative intention at the one-word and two-
word stage may not be exactly identical, as an analysis of the 

transcripts indicates. For a start, the transcripts seem to 
indicate that at the two-word stage the child has a greater 
ability to formulate and perceive relationships between more 
concepts in his or her environment than at the one-word 
stage. In addition, it appears that the child at the two-word 
stage interacts more with the objects in his or her 
environment than the child at the one-word stage. Thirdly, 
the transcripts indicate that the child’s vocabulary at the two-
word stage is larger than at the one-word stage, and the two 
word utterances seem to indicate a deeper level of 
environmental awareness than can be ascribed to one-word 
utterances. Nevertheless, we have identified fifteen pairs of 
utterances that broadly match each other. Table II shows 
some of the pairs of corresponding one-word and two-word 
utterances. 

 
In our simulations,  we model child language at the one-
word utterance stage as tri-modal data comprising the actual 
one-word utterances, the perceptual entities and the 
conceptual relations that we in infer the child is expressing. 
Similarly, we also model child language at the two-word 
stage as tri-modal data comprising the actual two-word 
sequences, the perceptual entities and the conceptual 
relations that we in infer the child is expressing. Our 
approach is based on the suggestions made by child 
language researchers that we have looked at in Section II of 
this paper.  

TABLE  II 
EXAMPLES OF CORRESPONDING  ONE-WORD AND TWO-WORD 

UTTERANCES 
 

Actions and 
Mother's 

words 

Alison's 
Utterance 

Actions and 
Mother's words 

Allison's 
Utterance 

(A) takes 
cookie; 
reaching with 
other hand 
towards 
others in bag 

cookie 

(A) reaching for 
cookie box in bag. 
(A) takes out box of 
cookies 

There 
cookie 

A) drinks 
juice; takes 
another cup 

more 
(M) pours herself 
juice. (A) picking up 
empty cup 

More 
juice 

A) drinks 
juice, looks 
into empty 
cup, squashes 
cup; (M) 
where's the 
juice? (A) 
taking cup 

gone 

(M) pours juice; (A) 
drinks juice, looks 
into empty cup. (M) 
taking cup. 

Gone 
juice 

(A) sees 
cookie bag more (A) reaching for 

cookie bag 
more 

cookie 

(A) sitting 
down down 

(A) still sitting  on 
floor and looking at 
Mother who is still 
standing 

sit down  

 
Taken From  the Bloom 1973 Corpus, CHILDES Database 
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 To represent perceptual entities in a neural network 
environment we have used a semantic feature-based 
formalism originated by Nelson [34] and elaborated by 
Abidi and Ahmad [24]. Following Bloom’s analysis of one-
word utterances [6], we have modelled the conceptual 
relationships that we infer the child is making as a binary 
vector in which the first part denote the type of 
communicative intention we infer the child is making (i.e. is 
the child’s utterance a comment, request, rejection or is it a 
locative, possessive or naming utterance?) and the second 
part identifies the subject of the communication (i.e. is the 
child talking about recurrence, existence, failure etc?). For 
the word utterances, we have adopted the encoding scheme 
used by Li and MacWhinney [35]. In this scheme, each word 
utterance is encoded as a phonetic feature vector comprising 
the acoustic features that make up the sound, as well as the 
articulatory features derived from how the vocal tract, 
mouth, tongue and associated organs create the sound as 
suggested by Ladefoged [36].  

E. Model Simulation 
 In simulating the gated multi-net, we chose a network size 
of 88×  for both the counterpropagation network and 
temporal self-organising map. This size is sufficient to 
encode the one-word utterances together with their 
associated concepts and conceptual relations on the 
counterpropagation network. It is also sufficient for 
encoding the two-word utterances on the temporal self-
organising map. Each neuron on the temporal self-
organising map had a tapped delay line of unitary length, as 
well as one threshold logic unit to compute the time varying 
context.  
 We simulated the gated multi-net for initial transition 
probabilities of 0.0001, 0.001, 0.01 and 0.1. For each 
probability value, the simulation was as follows: The 
counterpropagation network was initially trained for 20 
cycles to ensure that all the single word utterances were 
encoded prior to the onset of the transition to the two-word 
stage. The two networks were then jointly trained for 30 
cycles.  
 We collected transition data in each of the 30 cycles. First, 
ten exemplars were randomly selected from the fifteen 
element training data set. Then each exemplar was applied to 
the network, which responded by issuing out a one-word or 
two-word utterance.  The number of two-word utterance 
responses for the ten exemplars was then recorded.  This 
process was repeated twenty times before the network was 
allowed to undergo another cycle of training. 
 As we have seen, the environment to which the baby 
Allison was exposed was limited, and from the transcripts in 
the Bloom 73 corpus, the conversations between Allison and 
her mother show a predilection towards the most familiar 
events and objects in their environment. We simulated the 
limited environment by using the fifteen corresponding one-
word and two-word utterances to build a data set whose 
frequency profile mimics the relative frequencies of 
utterances in the Bloom 73 corpus. We then trained the gated 
multi-net using this dataset. 

IV. RESULTS AND DISCUSSIONS 
 
 Our simulation of child language development from the 
one-word utterance stage to the two-word utterance stage 
shows that as the number of training cycles increases, the 
number of two word utterances increases proportionally, 
before reaching a saturation value independent of the initial 
transition probability (see Fig. 1). The gated multi-net model 
therefore exhibits a gradual transition from one-word to two-
word language utterance as seen in studies of child language 
acquisition.  

 In the gated multinet model of child language 
acquisition, the rate of increase of two-word utterances, prior 
to saturation, is dependent on the initial transition 
probability, with the higher the value of initial transition 
probability the larger the rate of increase of two-word 
utterances. Normal children also exhibit different rates of 
language development, with the rates between different 
children varying by a year or more [37]. Hence, by varying 
the initial transition probability value, we manage to 
simulate the variations in the rate of language development 
in normal children. 
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Fig. 1. Output two-word utterances plotted against number of training   
    cycles for equiprobable child language data set.  
 
 Our simulation of child language acquisition using the  
dataset with a frequency profile based on the limited 
environment to which Allison was exposed shows a steeper 
rate of increase of two-word utterances compared to the 
simulation using a dataset in which the events are 
equiprobable. This suggests that the physically restricted 
environments to which infants are naturally exposed 
contribute towards quicker child language acquisition. 
Hence, our work lends support to Elman’s suggestion that 
developmental restrictions on resources may constitute a 
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necessary prerequisite for mastering certain complex 
domains [38].  
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Fig. 2. Output two-word utterances plotted against number of training   
   cycles for the child language data set whose encoded events have  
   different frequencies of occurrence.  
 
 In our initial simulation of child language acquisition 
leading from the one-word to the two word stage, we have 
used two separate networks - a static counterpropagation 
network for the one-word stage and the TSOM, a sequential 
neural network, for the two-word stage - mediated by a time 
dependent probabilistic switch. This demonstrates that the 
approach we have adopted is capable of simulating cognitive 
development activities spanning stages that are significantly 
different. In contrast, static neural network models where 
development is simulated only by varying the values of the 
network weights within a fixed predefined structure 
[13][14][17][18][19] can only simulate developmental 
activities whose structural variation is minimal.  
 Neural constructivism [39], whereby a neural network 
architecture adapts its structure to accommodate behavioural 
changes initiated by developmental processes in the 
cognitive task being modelled, is an alternative approach in 
which a single neural network can be used to model a 
developmental process. However, current constructivist 
models of development are based on homogenous 
architectures [40][41], which again places limitations on the 
computational adaptability of the model. Our approach, 
which is based on a non-homogenous architecture, could be 
extended through neural constructivism to come up with a 
single network that is versatile enough to model the 
development of child language acquisition from the one-
word stage to the two-word stage. 
 

V. CONCLUSION 
Our work extends the gated multi-net approach to modelling, 
in an unsupervised manner, cognitive development activities 
spanning significantly different stages. Child language 
acquisition is one such cognitive development activity. Our 
approach differs from models of cognitive development 
based on fixed, homogeneous single neural network 
architectures. These models simulate development by 
varying the network’s connection strengths only, an 
approach which makes these models inadequate for 
simulating developmental activities spanning significantly 
different stages. The gated multi-net approach therefore 
gives neural networks the flexibility needed to model such 
cognitive development activities.   

REFERENCES 
[1] D. Ingram, First Language Acquisition. Method, Description and 

Explanation. Cambridge: Cambridge University Press, 1989. 
[2] J.H. Flavell, “Stage-related properties of cognitive development,” 

Cognitive Psychology, vol 2, 1971, pp. 421 – 453. 
[3] M. Tomasello and A.C. Kruger,” Joint attention in action: Acquiring 

verbs in ostensive and nonostensive contexts,” Journal of Child 
Language, vol. 19, 1992,  pp. 311-333. 

[4] B. MacWhinney, “Models of the emergence of language,” Annual 
Review of Psychology, vol. 49, 1998, pp. 199-227. 

[5] M. Small, Cognitive Development. San Diego: Harcourt Brace 
Jovanovich Publishers, 1990.  

[6] L. Bloom, One word at a time: The use of single-word utterances 
before syntax. The Hague: Mouton, 1973. 

[7] L.R. Gleitman and E.L. Newport, “The Invention of Language by 
Children: Environmental and Biological Influences on the Acquisition 
Language,” In Gleitman, L.R. and Liberman, M. (Eds.). Language: An 
Invitation to Cognitive Science, Cambridge, MA: MIT Press, 1995, 
pp. 1-24. 

[8] R. Brown, A First Language: the early stages. London: George Allen 
and Unwin, 1973.  

[9] K. Plunkett, “Theories of early language acquisition,” Trends in 
Cognitive Sciences, vol. 1( 4), 1997,  pp. 146-153. 

[10] K. Plunkett, “Language acquisition and connectionism,” Language 
and Cognitive Processes,  vol. 13(2), 1998, pp. 97-104. 

[11] R.C. Nakisa and K. Plunkett,  “Innately guided learning by a neural 
network: the case of featural representation of speech language,” 
Language and Cognitive Processes, vol. 13, 1998, pp. 105-128. 

[12] G.  Schafer and D. Mareschal, “ Qualitative shifts in behavior without 
qualitative shifts in processing: the case of speech sound 
discrimination and word learning in infancy,” Infancy, vol.1(3), 2001, 
pp. 7-28. 

[13] K. Plunkett, C. Sinha, M.F. Muller and O. Strandsby, “Symbol 
grounding or the emergence of symbols? Vocabularly growth in 
children and a connectionist net,” Connection Science, Vol. 4, 1992, 
pp. 293-312. 

[14] D.E. Rumelhart and J.L. McClelland, “On learning the past tense of 
English verbs,” In McClelland J.L. and Rumelhart D.E. (Eds.), 
Parallel Distributed Processing, Explorations in the Microstructure of 
Cognition, Vol II: Psychological and Biological Models, MIT Press, 
Cambridge, MA, 1986, pp. 216 – 271. 

[15] B. MacWhinney and J. Leinbach, “Implementations are not 
conceptualizations: Revising the Verb Learning Model,” Cognition, 
vol. 29, 1991, pp. 121-157. 

[16] K. Daugherty and M.S.  Seidenberg, “Rules or connections? The past 
tense revisited,” In Proceedings of the Fourteenth Annual Conference 
of the Cognitive Science Society, Hillsdale, NJ: Lawrence Erlbaum 
Associates Inc., 1992, pp. 259-264.  

[17] K. Plunkett and V. Marchman, “U-shaped learning and frequency 
effects in a multilayered perceptron: Implications for child language 
acquisition,” Cognition, vol. 38, 1991, pp. 43-102. 

[18] K. Plunkett and V. Marchman, “From rote learning to system 
building: Acquiring verb morphology in children and connectionist 
nets,” Cognition, vol. 48, 1993, pp. 21-69. 

2411



 
 

[19]  K. Plunkett and V. Marchman, “Learning from a connectionist model 
of the acquisition of the English past tense,” Cognition, vol. 61, 1996, 
pp. 299-308. 

[20] M.S.C. Thomas and A. Karmiloff-Smith, “Modelling typical and 
atypical cognitive development,” In Goswami, U. (Ed.), Handbook of 
Childhood Development, Blackwells Publishers,  2002, pp. 575-599. 

[21] M.S.C. Thomas and A. Karmiloff-Smith, “Connectionist models of 
development, developmental disorders and individual differences,” In 
Sternberg, R. J., Lautrey, J. and Lubart, T. (Eds.), Models of 
Intelligence: International Perspectives, American Psychological 
Association, 2003, pp. 133-150.  

[22] J.L. McClelland, “Parallel distributed processing: implications for 
cognition and development,” In Morris, R. (Ed.), Parallel Distributed 
Processing: Implications for Psychology and Neurobiology, 
Clarendon Press, Oxford, 1989, pp. 8-45. 

[23] J.L. McClelland, “A connectionist perspective on knowledge and 
development,” In T.J. Simon and G.S. Halford (Eds.), Developing 
cognitive competence: New approaches to process modeling, 
Hillsdale, NJ: Erlbaum, 1995, pp. 157–204. 

[24] S.S.R. Abidi and K. Ahmad, “Conglomerate neural network 
architectures: the way ahead for simulating early language 
development,” Journal of Information Science and Engineering. 
Vol.13, 1997, pp. 235 – 266. 

[25] R.A. Jacobs and M.I. Jordan, “ A competitive modular connectionist 
architecture,” In Lippmann R. P., Moody J. E. and Touretzky D. J. 
(Eds.) Advances in Neural Information Processing Systems 3, . San 
Mateo, CA: Morgan Kaufmann, 1991, pp. 767-773. 

[26] R.A. Jacobs, M.I. Jordan, S.J. Nowlan and G.E. Hinton, “Adaptive 
mixtures of local experts,” Neural Computation, vol. 3, 1991,  pp.79-
87. 

[27] A. Nyamapfene, “Unsupervised multimodal neural networks,” 
Doctoral Thesis (submitted), University of Surrey, Guildford, 
England, 2006. 

[28] R. Hecht-Nielsen, “Counterpropagation networks,” Applied Optics, 
Vol. 26, 1987, pp. 4979-4984. 

[29] R. Hecht-Nielsen, “Counterpropagation networks,” Proceedings of 
IEEE International Conference on Neural Networks, vol. 2, 1987, pp. 
19-32.  

[30] T. Kohonen, Self-organization and Associative Memory. 3rd ed. 
Springer, Berlin, 1989. 

[31] S. Grossberg, “Some networks that can learn, remember, and 
reproduce any number of complicated space time patterns,” Int. 
Journal of Mathematics and Mechanics, Vol. 19, 1969, pp. 53-91. 

[32] S. Amari, “Learning patterns and pattern sequences by self-organizing 
nets of threshold elements,” IEEE Transactions on Computers, C-21, 
1972, pp. 1197-1206. 

[33] B. MacWhinney, The CHILDES project: Tools for Analyzing Talk. 
3rd Edition. Mahwah, NJ: Lawrence Erlbaum Associates, 2000. 

[34] K. Nelson, “Structure and strategy in learning to talk,” Monographs of 
the Society for Research in Child Development, vol. 38, no. 149, 
1973, pp. 1-135. 

[35] P. Li and B. MacWhinney, “PatPho: A phonological pattern generator 
for neural networks,” Behavior Research Methods, Instruments, and 
Computers, vol. 34, 2002, pp. 408-415. 

[36] P. Ladefoged,  “A Course in Phonetics,” 2nd ed., New York, Harcourt 
Brace Jovanovich, 1982. 

[37] S.Pinker, “Language acquisition,” In L. R. Gleitman, M. Liberman, 
and D. N. Osherson (Eds.), An invitation to cognitive science. 2nd Ed. 
Volume 1: Language. Cambridge, MA: MIT Press, 1995, pp. 135 – 
182. 

[38] J.L. Elman, “Learning and development in neural networks: The 
importance of starting small,” Cognition, vol 48, no. 1, 1993, pp 71-
99. 

[39] S. Quartz and T. Sejnowski, “The neural basis of cognitive 
development: a constructivist manifesto,” Behavioral and Brain 
Sciences, vol. 20, no. 4, 1997, pp 537-596. 

[40] G. Westermann, (2001). “Modelling cognitive development with 
constructivist neural networks,” In R.M. French and J.P. Sougné 
(Eds.), Connectionist Models of Learning, Development and 
Evolution, Springer, 2001,  pp. 123-132.  

[41] T.R. Schultz, D. Mareschal and W.C. Schmidt, “Modeling cognitive 
development on balance scale phenomena,” Machine Learning, vol. 
16, 1994,  pp 57-86. 

 

2412


	MAIN MENU
	PREVIOUS MENU
	---------------------------------
	Search
	Search Results
	Print



