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CHAPTER ONE: INTRODUCTION

The purpose of this study is to investigate second language acquisition (SLA) of a
computer model. This quest has been inspired by the lack of computational SLA studies
compared to human observation studies. While traditional research on humans has helped
researchers and practitioners better understand a myriad of topics that range from how
second language morphemes are processed to phonemic discrimination, much more
analysis still needs to be completed so that a deeper knowledge of how humans learn a
second language can be garnered. This can be accomplished by using mathematical
research in the form of computer networks referred to as connectionist models and
sometimes also called neural networks or parallel distributed processing networks
(Gasser, 1990). Connectionist models simulate human learning by using mathematical
formulas that provide statistical evidence for how acquisition occurs. While this approach
has helped researchers look at language learning differently, it continues to be used and
understood by a minority of researchers. Such a preference for observation research
versus mathematical research is not new to academics.
When Albert Einstein developed his theory of general relativity, he discovered
mathematical evidence that indicated the universe was expanding or contracting. This
idea of a non-static universe was unpopular among his fellow physicists and thus Einstein
modified his equations. Because of this, it took until 1929 for the world to know what
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mathematics had already indicated a decade earlier, the universe wasn’t static (Felder,
2000). Had physicists been more open to the idea of letting mathematics drive theory, the
world may have known about the expanding universe before Edwin Hubble observed and
measured it. This momentous event can serve as a point of learning for SLA researchers.
By not incorporating more mathematical research into SLA because of a preference for
observation research, a bevy of new or additional findings may be getting lost or delayed.
Thusly, this thesis will work toward creating a more equal research paradigm by
conducting SLA research through the use of computations.
In this study, I will explore SLA concepts through the use of two neural networks
and two very simple artificial languages. There are several purposes for this. First, to
show K-12 practitioners that connectionist models can be built without extensive
programming knowledge; second, to generate observations about acquisition patterns;
third, to make observations that can help practitioners and researchers; and fourth, to be a
neural network study that can be read, understood, and will add to the knowledge base of
researchers, K-12 practitioners, and interested parties outside this field of study. This will
be accomplished by incorporating research-specific concepts and methods with practical
examples. Such an approach will make my research more useful and understandable to a
broad audience. Most connectionist studies are developed to expand academic research
knowledge. As a result, such studies contain complex terms and ideas that have important
meaning to academic researchers. This thesis will try to broaden the scope of
connectionism by using a simple neural network that will generate important research
data, but is largely focused on making connectionism more easily understood for a larger
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population. This is important because many fields of study are using computer research
and developing data from connectionist concepts. Despite the wide generation of
computer research, groups of researchers and practitioners that are not comfortable with
conducting, reading, or understanding computer research exist. This thesis is aimed to
make the aforementioned population comfortable with computer research (in this case,
connectionist research) so they are able to develop, read, or understand further
computational studies. This is needed to keep all readers current on the latest research
methods.
A Basic Understanding of Connectionism
Connectionism, also called connectionist theory, is the theory that people learn by
constructing neural connections in the brain. This happens through exposure and use
(Bergmann, Hall, Ross & Ohio State University, 2007). Elman et al. (1996) detailed that
children acquire language by making mental links between events and the words (or
expressions and phrases) used at such events. For instance,
…a child may first recognize the word ‘cat’ only in reference to the family pet
and only when the cat is meowing beside the kitchen door. As the word is heard
in more contexts---picture books, furry toys, someone else’s cat---the child
recognizes and uses the word as the label for all these cats (Lightbown & Spada,
2006, p. 23).
This example shows how a child first learns the word cat to only represent one object in
the world during one specific event. However, with more exposure and the ability to
make more mental connections between objects and events, the child eventually knows
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that cat can refer to many different objects that share the same characteristics. Because of
this acquisition process, connectionism places a great level of importance on learning
environments. Connectionists (sometimes called emergentists, a more general term)
believe that the more a person is exposed to a certain language situation, language
category, language type, and so on, a strong network of connections are established
between experiences and the brain. Therefore, a connectionist would believe that a group
of people know how to use a language correctly not because they explicitly memorized
rules, but because they have made mental connections about language construction
(Lightbown & Spada, 2006). This concept is used as the design mechanism for the most
important research tool of connectionism: the neural network.
The Neural Network
The most important research tool in modern connectionism is the neural network
(in connectionism, these networks are commonly referred to as connectionist networks or
connectionist models). While many network constructions are possible, this thesis will
utilize back propagation connectionist models. The basic elements of a back propagation
connectionist model include input units (where data is introduced), hidden units (where
processing occurs), and output units (the result). All of these basic elements work
together as “layers of learning.” Prior to training, back propagation connectionist models
possess no subject knowledge. In order for network acquisition to occur, information
must be introduced to the input units. For many new learners of connectionism, trying to
visualize what a neural network is and understanding how it operates can be difficult. As
a result, in this section, a neural network and some of its terms will be likened to that of a
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balance scale.
The balance scale in Figure 1 has a relatively simple structure. It has a base, a
pillar, a beam, and two measuring trays. In neural network terms, the base, pillar, and
beam can be compared to a hidden unit because they hold the network together and relay

Figure 1: Balance Scale (Smart Technologies, 2011)
important information to a human that is watching the measuring trays. That leaves the
left measuring tray to represent the network’s input unit and the right measuring tray to
be the output unit. Just like a scale measuring exercise with elementary students, each
network has to have a desired outcome. In neural networks, this is achieved by
programming the output. For instance, five U.S. pennies could be placed on the right
measuring tray (the output unit). Then random numbers of pennies could be placed on the
left measuring tray (the input unit) over several testing trials. While elementary students
don’t necessarily understand the weight values of each penny, they will understand that
three input unit pennies are too little and seven are too many based upon the weight
adjustments made by the measuring balance. This same concept is used when a neural
network learns. A network “watches” and records weight adjustments based upon how an
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input corresponded with an intended output. All of this information is communicated
through a hidden unit (in this case, the base, pillar, and beam). As a result, a connectionist
model would learn that five input unit pennies are the same as five output unit pennies
simply by establishing associations through scale adjustments. A more academic
explanation of this process is provided in the second chapter.
Connectionist Models for K-12 Education
The use and knowledge of connectionist models have largely been centered in
academic research. However, as I will demonstrate in this thesis, connectionist models
can be built, operated, and manipulated by anyone with access to a computer and they do
not require years of programming experience to build. This is especially convenient since
connectionist networks model how the brain processes information and learns. While no
computational program can completely replicate all the complexities of the brain,
connectionism can still provide adequate insight (see chapter two for more academic
information). Connectionism can help bring a new dynamic to classroom teaching by
helping a teacher understand how difficult course material is, how difficult a test is, or
how much time it may take students to learn specific course content. Connectionist
models allow users to manipulate data and change training parameters with ease.
Therefore, if testing was conducted and a teacher didn’t get the results he or she wanted,
simple network modifications can be made to yield different results. With innovation,
connectionist models could perform similar tasks for school districts or departments of
education that are trying to determine education standards and timelines. Not only could
these networks be useful for academic planning; they can also be utilized for class
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research by students in various subjects.
Laboratory research often brings to mind the images of long white coats, goggles,
and beakers. However, laboratory research does not need to occur in the traditional sense.
Connectionist models provide schools with a cheap and easy solution to explore various
topics. Most connectionist software can be downloaded for free and can teach students
programming concepts, mathematical concepts, and analytical research concepts. In fact,
the key to making connectionist models useful and efficient is nothing more than learning
how to build one and learning how to manipulate testing procedures and results.
Why Connectionism?
I was first drawn to connectionism when I discovered its existence by reading
Lightbown and Spada (2006). This text, designed as a tool to improve student knowledge
on how languages are learned, contained only a few paragraphs on connectionism. This
lack of attention to connectionism disappointed me because the explanation provided in
the text resonated with how I think I learned language. Throughout my elementary,
middle, and high school years, I was a poor speller and would receive low grades on
grammar examinations. I did not have an extensive academic knowledge of how English
functioned. However, I was superior to my peers in terms of writing papers and
communicating verbally. This is most notably characterized by my second place
achievement at a national speech tournament. This occurred because of several reasons.
First, I was able to observe how people successfully used oral communication. Second, I
read publications such as The Economist, Foreign Policy, and the International Herald
Tribune. Finally, I associated with people who often discussed academic topics. From
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these experiences, I believe that I made “mental notes” about proper language content
and structure that I have ever since used when writing or speaking. Because a simple
definition from an academic text was able to resonate with how I think I learned
language, I have pursued various academic projects on connectionism to broaden my
knowledge of the subject area. Through this pursuit, I have found that connectionist
research can be hard to understand without substantial topic research. This is problematic
because many individuals, such as K-12 practitioners, do not have the time or resources
to conduct thorough research just to understand a concept. Because of this transparency
void, coupled with my belief of how I learned language, I must attempt to use a
connectionist model as part of a primary research study. Such a study will be meaningful
to readers and easier to understand than previous connectionist research.
SLA and Connectionism
As stated earlier, language acquisition research is no stranger to connectionist
networks. Ellis (2001) notes that connectionist models have been used for “…a wide
range of linguistic phenomena including acquisition of morphology, phonological rules,
novel word repetition, prosody, semantic structure, syntactic structure, etc.” (p. 41).
However, despite connectionist model popularity, most of the work mentioned in Ellis
(2001) was conducted for first language acquisition. Very few models have been
designed for SLA (Kempe & MacWhinney, 1998). Only recently has second language
exploration really started to take place (Gass & Selinker, 2008). Furthermore, there are
many specific research areas that remain untouched by the influence of back propagation
connectionist models. This thesis will uncover one such area by exploring how a pair of
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back propagation connectionist models learn subject-object word order in a pair of
artificial second languages. This idea will break new ground for both connectionism and
language typology research by asking some basic research questions:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
These questions will establish a basic understanding of connectionism for some
while driving new research that can benefit future studies.
Whenever one is developing new research, it is always important to establish a
basic framework. This chapter has done so by highlighting the importance of
mathematical research and how it can provide value to SLA research. This chapter also
provided a basic understanding of concepts that will be central to this study:
connectionist theory and basic neural network structure. These methods were chosen for
various reasons that range from personal interest to research gaps. However, just as every
framework is established, every framework must also be built upon. In the following
chapters, this thesis will examine research, define method functionality, and provide a
clearer picture of why it is necessary to understand how back propagation connectionist
models can learn artificial second languages.
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CHAPTER TWO: LITERATURE REVIEW

The purpose of this thesis is to introduce connectionism to K-12 practitioners by
using a connectionist model on two sets of artificial languages. Such testing will indicate
how well different word orders are learned while showing K-12 practitioners how to
conduct basic connectionist research. This is accomplished by asking the following:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
Answers to these questions would not only be beneficial for researchers; they
could also provide interesting insights to teachers and individuals working in unrelated
occupations. As a result, it is imperative that such research and all work leading up to this
research is composed in a manner that can be read and understood by a variety of readers.
This philosophy will be maintained as this thesis presents eight major areas that are
relevant to the formatting of the back propagation models in this study. These areas
include multilayer perceptrons, back propagation, connectionism as a neural network, the
SLA back propagation research gap, the use of artificial languages, word order
typologies, basic tenses, and the establishment of research questions.
Multilayer Perceptrons
Neural networks can vary in numerous ways ranging from how large they are
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constructed to what they are labeled based upon their processing procedures. This study
will use a feed forward neural network construction that is known as a multilayer
perceptron. The multilayer perceptron (MLP) was first introduced by Minsky & Papert
(1969). MLPs process information similarly to the balance scale in the first chapter.
Information is introduced through an input layer, routed to one or more hidden layers,
and a result is produced through an output layer. Figure 2 provides illustration of this
concept. In order for an MLP to function, it has to utilize an algorithm. An algorithm
establishes the rules and determines how information is processed. MLPs can use a
variety of algorithms that include back propagation, perceptron, and the delta rule.
However, due to its effectiveness, the back propagation algorithm has been used with
more MLPs than any other algorithm (Sari Alsmadi, Bin Omar, & Noah, 2009).

Figure 2: Back Propagation Network Characteristics (Frohlich, 1997)
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Back Propagation
Pioneered by Rumelhart, Hinton, and Williams (1986) and used by McClelland
and Rumelhart (1988), back propagation started to show signs that it could replicate
human learning. This technique was refined and more widely used for research by the
mid to late 1990s. Researchers chose this method of research because it provided them
with statistical evidence that they could analyze (Ellis, 2001). Back propagation
connectionist models have been used in a variety of research that ranges from language
acquisition to motor skill acquisition (Schlesinger & Parisi, 2004). These networks
operate on mathematical concepts that mirror how humans acquire information.
Connectionist networks are designed to replicate how neurons compute information in
the human brain. This replication is completed by constructing a network of nodes (or
units). Various networks have different structures, but all networks receive input data,
process the data, and provide an output response (Krogh, 2008). This process is
completed through the use of algorithms such as back propagation.
A standard back propagation connectionist model has three layers: an input layer
(where data is introduced), a hidden layer (where processing occurs), and an output layer
(the result).This structure is illustrated in Figure 2. As Rumelhart and McClelland (1986)
discussed, the inclusion of a hidden layer allows for more complex connectionist
mapping to occur between the input and output units. If the input and output units were
connected directly, less useful research would be possible. That is because each hidden
layer is constructed with a series of weights. Each time information passes through the
hidden layer, numerical adjustments occur in each weight matrix (this is how the model
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learns) so that errors can be avoided in future processing. This occurs when the hidden
layer sends and receives signals to the input and output layers. These signals assess how
weights should be adjusted based upon good or bad processing results. For instance, a
hidden layer signal may be sent to the output layer to record the output of a particular
event and compare that information to the intended output (the correct answer). Once this
information is processed, a signal is sent back to the hidden layer and then relayed to the
input layer (as the signals are sent, weights are being adjusted). This signal essentially
tells the input layer what corrections to make when it encounters the same or a similar
construction that got processed incorrectly. Consequently, error mitigation is created in
the network (Ellis, 2001).
Connectionism as a Neural Network
Since this study is operating under the guidelines of connectionism, it is important
to understand that not all researchers view connectionist models as neural networks.
While this debate will not be taken up here and will assert that connectionist models
qualify as neural networks, some strong counterarguments exist. The most well-known
detractors of connectionist models as neural networks are Segalowitz & Bernstein (1997).
They challenge the idea that connectionist models do a good job of replicating
neuropsychology. As Ghaemi and Faruji (2011) note, connectionist model opponents
claim that computer networks can’t replicate all of the complexities of the human brain
and how humans relate to language. These models do not require all modalities of
language to be used (reading, writing, listening, speaking) and they can sometimes take a
long time to learn simple concepts that are of little challenge for most humans.
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Furthermore, neural networks have failed to capture the expressive compositional
structure of language (Frank & Tenenbaum, 2010). Even with these criticisms, it has been
claimed that connectionist models are a great resource for generating statistical evidence.
These models are able to simulate the process of associative learning and have been used
to understand language acquisition (Ellis, 2001). As a result, connectionist models still
hold linguistic research value regardless of whether someone views them as a neural
network or not.
SLA Back Propagation Gap
SLA studies that have been conducted, such as Ellis and Schmidt (1998), Kempe
and MacWhinney (1998), and Taraban and Kempe (1999), focused on specific language
parts and included both a human and neural network component. None of the back
propagation connectionist studies tried to replicate the basic functions of language. This
is because laboratory and non-laboratory researchers readily acknowledge the difficulty
of testing and evaluating how research participants learn natural languages such as
English, Japanese, and Russian (Hulstijn, 1997). The same applies toward computer
models. Even though computer technology continues to improve, computers still have a
difficult time processing and making sense of all the complexities of natural human
language (Bergmann, et al., 2007). As a result of these realities, much work has been
completed on specific parts of language, but the basic language functions (such as word
order) exist within a research void of SLA back propagation connectionist studies.
Some studies such as Hermundstad, Brown, Bassett and Carlson (2011),
Waterfall, Sandbank, Onnis, and Edelman (2010), Ellis and Larsen-Freeman (2009), and
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Li (2009) utilize far more complex neural network structures than that of a simple back
propagation model. In fact, the back propagation algorithm has started to take a
secondary role in research studies. For instance, in a computer game research study of
English as a foreign language by Chen and Tsai (2010), back propagation was used in
conjunction with a variety of other research tools. This is just one example of how
researchers are no longer exclusively using back propagation models and have advanced
to more complex networks where back propagation is in a support role or not used at all.
However, while this is a good natural progression of research model improvement, the
original works conducted with models that only used back propagation led to what is
being researched today. As a result, using a simple back propagation model to conduct
new research can still be a good starting point. Such a model can build a backdrop for
furthering research with more refined and sophisticated computer models. Back
propagation connectionism will offer both a strong foundation and a launching pad of
continuous investigation for this study’s exploration of how computer models learn
different subject-object second languages.
Artificial Languages
Artificial languages are communication systems that are created specifically for
research and usually mirror the construction of natural languages. Artificial languages
provide the amenity of research control where factors ranging from exposure to data
collection can all be manipulated (Ellis and Schmidt, 1998). They are also a good tool to
use because they can mirror something that is real. While many criticize artificial
languages for not providing sufficient research results, artificial languages have a
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reputation for failing in human studies because researchers fail to expose participants to
the right amount of input or stimulus (Hulstijn, 1997). As a result, a back propagation
connectionist model (and connectionist models in general) is the perfect forum for
artificial languages.
Connectionist models can process artificial languages that replicate global
languages while providing the model with the right amount of input and stimuli and
without having to worry about participant inattentiveness. However, one drawback to this
approach is that artificial languages lack the complexity of natural languages (Ellis &
Schmidt, 1998). Each natural language, regardless of its relation to another language, has
its own quirks, unique constructs, and inconsistencies. No artificial language can fully
represent all of the variables of an active natural language. Therefore, artificial languages
must be constructed to possess the same underlying commonalities as their natural
language counterparts (Culbertson, Smolensky, & Legendre, 2009). Such commonalities
can be found in the work of Greenberg (1963), where he lists 45 universal concepts that
are shared between languages. Many of these concepts, as confirmed by Pericliev (1999),
have been supported with valid evidence. Using basic language commonalities as
opposed to a complex attempt to recreate a natural language is a good research approach
with a connectionist model. Neural networks need to learn simple language forms first
and gradually be introduced to more complex language (Elman, 2001). This concept will
be employed in this thesis since it is one of the first to attempt the learning of two
artificial languages with different word order (while using back propagation
connectionism). The use of only a few basic language commonalities will be employed so
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that simple and productive research can happen today while maintaining the potential for
making it more complex in the future as computer and language learning knowledge
improves.
Word Order Typology
How words are ordered in a sentence differs from one language to the next.
However, there is not an infinite number of language constructions. According to
Greenberg (1963), there are six possible word order typologies: subject-verb-object,
subject-object-verb, verb-subject-object, verb-object-subject, object-subject-verb, and
object-verb-subject. Of these, three are most common: verb-subject-object (VSO),
subject-verb-object (SVO), and subject-object-verb (SOV). For the most common word
order types, the subject comes before the object (Greenberg, 1963). Simplifying this
concept further was Winfred P. Lehmann, who reduced Greenberg’s three most common
word orders to two: OV and VO (Lehmann, 1978). While it may be easy to establish the
different classes of word order, assigning word orders to specific languages can be
difficult. This is because most languages are not static. Such an illustration is provided in
the next paragraph.
The Romance languages are assumed to be very similar. In fact, Portuguese and
Italian are identified as SVO languages. Yet, a debate exists among linguists around
another Romance language, Spanish. Some linguists believe that underlying basic forms
of Spanish make it an SVO language while others maintain that it is a VSO language
(Costa, 1997). Word order typology becomes even more difficult to establish when
considering the Russian language. Because Russian has a variety of inflections that carry
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specific meaning, some linguists have tried to define it as a “free language.” This means
that there is so much flexibility in sentence structure that a specific word order typology
doesn’t need to be followed (Rodionova, 2001). Due to such debates, word order
typologies are basic guidelines. It is true that some languages have a definite word order;
however, others have to be established through statistical probability or the use of various
other methods (Mithun, 1987). As a result, Russian is often classified as SVO because
any departure from this structure can’t occur without intentional manipulation
(Rodionova, 2001). The factor of word order classification and determining such
classification is central to this thesis. This study aims to develop new research based upon
whether or not a back propagation connectionist model can learn two languages with
different word orders. Unlike some of the aforementioned examples, all word orders
generated by this study will have complete consistency. However, these structures will
still be complex enough to pose a challenge to a connectionist model.
Basic Tenses
In addition to different word orders, this study’s model also includes basic tenses
(present, past, and future). According to Lehmann (1973), “The post-verbal placement of
tense markers is especially prominent in languages which place their subjects before
verbs (SVO) rather than after verbs (VSO)” (p. 59). This statement also applies to SOV
languages. Lehmann describes that SOV languages such as Japanese have morphemes
that reflect tense affixed to nouns and verbs. OV languages, as Lehmann would call them,
possess verbal modifiers to the right of the verb and nominal modifiers to the left of the
noun. The opposite is true of VO languages (Lehmann, 1978). To somewhat replicate
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such complexity, this study’s model will have tense markers that follow both the object
and the verb for the SOV first language and one tense marker after the verb in the SVO
second language. All other linguistic modifications described in Chapter 3 also took
Lehmann’s analysis into consideration.
Research Questions
Now that this thesis has established the lack of SLA studies looking at the basic
functions of language, the inherent issues of natural languages, the reliability of artificial
languages, the role of back propagation, the importance of simplicity, connectionist
neural networks, and word order typology, it is imperative to now consider this study’s
research questions:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
These questions will lay the groundwork for showing a new audience how
connectionist research is conducted while generating new research on language
typologies. This is extremely important because as previously discovered, an overall
backdrop for how languages are acquired has not yet been developed through the use of a
back propagation connectionist model. Yes, some SLA connectionism has been
completed on specific functions of language; however, the general language
constructions, which allow the specific functions to operate, have largely been ignored.
In order for this thesis to accomplish its goals, a roadmap will be established in
the third chapter. This roadmap will describe how subject-object-verb and subject-verb-
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object artificial languages will be constructed and used within the guidelines of back
propagation connectionism. Details will be provided about how the language
commonalities employed in this study are actually quite complex and require careful
attention. The third chapter will also establish training guidelines, goals, processes, and
indicators that will cause model training to stop.
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CHAPTER THREE: METHODOLOGY

The purpose and success of this study hinges on the following research questions:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
In order to provide answers to these questions, this chapter will establish a
roadmap to research in two parts. The first part will look at how the artificial languages
are constructed. The second part will detail how the back propagation connectionist
model is designed and how training will be conducted. Together, both parts will spawn
the beginning of a tentative simulation for how a person who only knows one language
will manage a second language through simple exposure.
Artificial Languages: SOV and SVO
A back propagation connectionist model will be utilized to observe how a second
language is acquired by a neural network. For quality and control purposes, this will be
accomplished by using two different sets of two artificial languages (a first language and
a second language in each set). The first set of artificial languages, which is referred to as
the 3-2-3 network, will have a subject-object-verb (SOV) first language and a subjectverb-object (SVO) second language. All sentences in the 3-2-3 network will have three
words: two nouns and a verb. The network will also have simple present, simple past, and
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simple future tense forms for each sentence. The purpose of the 3-2-3 network is to see
how well a back propagation connectionist model can learn basic language elements such
as word order, nouns, verbs, and tenses.
The second set of artificial languages, which is referred to as the 5-2-5 network,
will also have an SOV first language and an SVO second language. Sentences in this
network will take two forms. The SOV language will still only have three words per
sentence (two nouns and a verb) while the SVO language will expand to five words per
sentence. Each five word sentence will have two nouns, a verb, and two articles. Each
noun in the 5-2-5 network will be preceded by an article. Each article will have two
possible forms: singular or plural. If a noun is singular, then it will be preceded by a
singular article. If a noun adds a plural suffix, then it will be preceded by a plural article.
Just like the 3-2-3 model, both SOV and SVO sentences will have a simple present, past,
and future tense. The purpose of the 5-2-5 network is to see if the addition of small
linguistic features, such as articles and plural nouns, will uncover subtle language
learning difficulties that will not be present in the 3-2-3 network.
The SOV first language and the SVO second language in the 3-2-3 and the 5-2-5
networks are constructed from the same language dictionaries. Both the SOV first
language and the SVO second language will have ten nouns and five verbs. Each
language will contain one verb that can also function as a noun and both languages will
share two nouns. Tense markers are suffixed to the object and the verb for the SOV first
language and only to the verb in the SVO second language. These subtle dimensions
replicate a few complexities and commonalities that are found in global languages. For a
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clearer understanding of the nouns, verbs, articles, tenses, plurals, and sentence structure
used in the 3-2-3 and the 5-2-5 back propagation connectionist models, Appendix A
contains a dictionary and a list of language rules.
Model Design and Testing Parameters
Using Windows 7 Home Premium on an HP Pavilion dv6 Notebook PC, the
model for this study will utilize the Rumelhart Multilayer Perceptron Program, created by
Michael R. W. Dawson and Vanessa Yaremchuk at the University of Alberta (2003).
This program is appropriately named because it utilizes the back propagation algorithm,
an algorithm pioneered by Rumelhart, Hinton, and Williams (1986).
To understand how testing will occur, it is best to explain in real terms first and
then explain using more technical computational language later. Suppose that a learner is
trying to acquire the following sentences: “I love baseball”, “I hate baseball”, and “I play
baseball.” Every time a learner is introduced to each sentence is called a trial. After a
learner has been introduced to all three sentences, they will have completed one training
epoch. So, in this case, one training epoch would consist of three trials (in this study, no
sentence will be introduced more than once per epoch). As trials occur, our computer acts
like a strict grammar teacher, recording and remembering every mistake that was made.
After an epoch of training is completed, the results are compiled and evaluated in a
“grade book” type fashion. If “I love baseball”, “I hate baseball”, and “I play baseball”
were structured and used correctly, then training stops and acquisition is achieved. It can
be said that the model made three correct connections and zero incorrect connections. If
the sentences were not structured and used correctly, additional training continues until
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the desired results are achieved. Just like in real classroom teaching, 100 percent
accuracy may not be needed or expected. In this case, a learning rate can be established
that will determine how accurate the connectionist model must be before training is
considered successful and subsequently concludes. For instance, a classroom teacher’s
lesson plan may only call for a student to be 80 percent accurate. But, just like students in
a classroom, sometimes a connectionist model will not be able to learn what researchers
want it to learn. When this happens, it is important to stop training and identify which
errors are consistently being made. From this point, a new connectionist model “lesson
plan” can be devised so that learning can take place once again. A new plan can be as
simple as changing a few test settings to as difficult as reprogramming.
As the 3-2-3 network can be thought of as learning sentences such as: “I love
baseball”, “I hate baseball”, and “I play baseball”; the 5-2-5 network can be thought of as
learning sentences such as: “The man throws the baseball”, “The man catches the
baseball”, and “The man drops the baseball.” Since the 5-2-5 network is trying to process
sentences with more parameters, it will need more training before it becomes proficient
(Krogh, 2008). Like students in a classroom, connectionist models learn simple concepts
and limited amounts of content quickly. However, as the amount of content and subject
difficulty increases, it becomes more difficult and takes more time for connectionist
models to achieve mastery. Therefore, more “class time” must be devoted to training the
5-2-5 network than the 3-2-3 network. This has been accounted for in this study by
increasing the number of possible epochs from 100 in the 3-2-3 network to 1,000 in the
5-2-5 network. Should the allotted amount of epochs not yield sufficient results in either
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network, then “lesson plan” amendments to the aforementioned connectionist models will
be required. Now that testing has been introduced in real terms, a transition can be made
toward explaining model design by using more technical computational language.
While this study’s back propagation connectionist models will be structured in
three layers, an input layer, a hidden layer, and an output layer, the parameters for the 32-3 network and the 5-2-5 network will be different. The 3-2-3 network will have three
nodes in the input layer, two nodes in the hidden layer, and three nodes in the output
layer (hence the name, 3-2-3 network). Each language in the 3-2-3 network will have a
dictionary of 4,500 word constructions that can be assembled into 1,500 different
sentences during training. Training of the 3-2-3 network will occur in two steps. The first
step is to train the SOV first language on itself to establish first language fluency. This
will be done in a rather simple manner. The SOV language dictionary will be loaded into
the connectionist model. Then a learning rate of .01 will be chosen (meaning the model is
at least 99 percent accurate). After this is accomplished, the Rumelhart Multilayer
Perceptron Program default settings for randomization of training patterns, weight
settings, thresholds, and processing units will be adapted. For detailed information on
these settings, please see the Rumelhart Multilayer Perceptron Program guide (Dawson &
Yaremchuk, 2003). Fluency training on the SOV language will be continually conducted
until the back propagation connectionist model indicates that all 4,500 word constructions
made correct connections between all 3-2-3 network layers. This will be indicated by the
Rumelhart Multilayer Perceptron Program automatically when all language forms are
acquired to 99 percent accuracy. When this has been accomplished, exposure to the SVO
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second language can begin.
Second language acquisition of SVO second language will be conducted using a
cross training option that is located within the Rumelhart Multilayer Perceptron Program.
This option allows the SOV language training results to be tested on a new problem, in
this case, the SVO second language. As a result, the training parameters described above
will stay constant. The only modification I will make to these parameters is when it
comes to epochs (training cycles). I will establish a training rule that stops training after
100 epochs if all patterns have not already been learned. This allows for better tracking of
network errors. This is important because each epoch consists of a training session for all
1,500 sentences. Should training get to 100 epochs, data will be recorded and training
will continue until all 4,500 word constructions make proper connections or when
training results start to show consistent error scores (meaning training has leveled off).
Once training has ended, overall network error and specific pattern error will be
evaluated. This information will be used to make claims about model validity and how
network learning can be compared to human learning.
Once training has been completed on the 3-2-3 network, the 5-2-5 network will be
trained. The 5-2-5 network will have five nodes in the input layer, two nodes in the
hidden layer, and five nodes in the output layer. Each language in the 5-2-5 network will
have 7,500 word constructions assembled into 1,500 different sentences. Since each SOV
sentence in the 5-2-5 model only have three words (because the language has no articles),
two values of zero are added to the end of each sentence so that the model can learn.
These zeros do nothing more than fill “computational space” (see Appendix A for an
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example). Training of the 5-2-5 network will occur in the same two step method as the 32-3 network. The first step will involve training the SOV language while the second step
will involve cross training the SOV first language with the SVO second language. Most
parameters (such as learning rate, weight settings, etc.) for these training processes will
be the same as the 3-2-3 network. One difference will be the number of epochs. Since the
5-2-5 network has more variables and is slightly bigger than the 3-2-3 network, training
will be conducted for 1,000 epochs. Should all 7,500 word constructions make proper
connections prior to 1,000 epochs, then training will stop and data evaluation will begin.
If all proper connections are not made at the end of 1,000 epochs, error rates will be
evaluated to see if further training is needed. Once consistent error rates are achieved,
data analysis will begin. This will start by looking at the overall network error and by
dissecting any specific pattern errors. This information will be used to make claims about
model validity and how network learning can be compared to human learning. Then, the
results of the 3-2-3 network and the 5-2-5 network will be compared against each other to
see if they indicate anything about second language learning.
In order to understand the results produced for this thesis, it is necessary to have a
surface level understanding of the Rumelhart Multilayer Perceptron Program. This
software allows network nodes to calculate information based upon the sigmoid
activation function, the Gaussian activation function, or combinations of the two. This
thesis will use the sigmoid activation function exclusively. The reason for this is because
it includes the gradient descent rule as defined by Rumelhart, Hinton, and Williams
(1986). This is noted in test results by the abbreviation INTDEV (integration devices).
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Gradient descent is the formula that calculates pattern error (a concept this study broadly
described previously). Once the error is identified, weights are adjusted in proportion to
the calculated error gradient back propagated from the output nodes to the input nodes.
Results from weight movements are then recorded by the Rumelhart Multilayer
Perceptron Program.
While this study’s connectionist software records much data, this thesis will only
be concerned with looking at weight activation values, connection weight, number of
correct connections, and sum of squared errors. Weight activation values range from 0
(least active) to 1 (most active). These numbers indicate the amount of weight
adjustments. Connection weight values range from -1 to 1 and test how strong network
connections are. This leads to determining how many correct connections exist and will
provide crucial evidence for whether or not the connectionist models are learning. Sum of
squared errors (SSE), sometimes also known as total sum-squared error (TSS) or pattern
sum-squared error (PSS), acts as a gauge of total network error. This records all
communicative inconsistencies that exist within correct and incorrect connections. All of
the aforementioned data will allow for proper evaluation of the 3-2-3 connectionist model
and the 5-2-5 connectionist model.
As noted previously, the methods that this study incorporates will provide some
replication for how a person who only knows one language will manage a second
language through simple exposure. This is accomplished with two artificial languages
and the use of common linguistic functions that are found in many different languages.
These functions include nouns that also function as verbs within their own language and
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nouns that are shared by each language. Such language dynamics bring a sense of reality
to the artificial languages in this study. This will be evident in the next chapter when this
thesis will present model data, interpret what the data means, and discusses why the data
are important.
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CHAPTER FOUR: RESULTS AND DISCUSSION

This study used and tested two versions of an artificial SOV first language and an
artificial SVO second language with a back propagation connectionist model. The goal of
this was to see if an untrained user of connectionist models could conduct neural network
testing and to discover how language typology interferes with acquiring a second
language. Guiding these goals were the following research questions:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
Accomplishment of the aforementioned goals will become clear in this chapter as
network data for both a 3-2-3 connectionist model (named for its 3 input units, 2 hidden
units, and 3 output units) and a 5-2-5 connectionist model (named for its 5 input units, 2
hidden units, and 5 output units) are presented in four parts. The first part will present
data and analyze results for the 3-2-3 model; the second part will present data and
analyze results for the 5-2-5 model; the third part will detail some procedural testing
adjustments due to knowledge gained through the testing process; and the fourth part will
be a discussion of how the results connect to the research question and overall theme.
Since the size of the training results files for both the 3-2-3 network and the 5-2-5
network are too large to fit in the Appendix, they are not found here. These documents
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can be found with language dictionary keys and training files on Hamline University’s
publication website: http://www.hamline.edu/education/masters/sample-capstones.html.
3-2-3 Data and Analysis
The 3-2-3 connectionist model looked strictly at word order, vocabulary, and
simple tenses (past, present, and future). Evaluation of the model was conducted with
concepts introduced in the third chapter: weight activation values, connection weight,
number of correct connections, and sum of squared errors (SSE). All learning patterns
between the SOV input and the SVO output were randomized and a learning rate of .01
was used. After three epochs of testing, 4,500 correct connections were established with
no incorrect connections. A SSE was calculated at about 25.53, showing that “all the tests
were passed” (having no incorrect connections) but some answers were not “fully
correct” (as the SSE indicates). Helping determine the number of correct connections
were several different weight activation values. Hidden units showed much activity by
possessing +.87 and +.85 activation values and all input patterns recorded a connection
strength of +.08, +.08, +.07 (strong connection) as a result of network response errors to
each input pattern that were -.08, -.08, -.07 (weak connection). In all, these numbers
reflect how weights adjusted during the learning process so that acquisition could be
made possible.
The data from the 3-2-3 model indicates that learning a new language typology is
relatively easy and poses few problems for language learners. The strong weight
activation values coupled with strong input connection patterns show that learning
occurred quickly and easily. This concept is further reinforced by weak network error
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response patterns which show that few corrections to initial responses were needed.
However, it should be noted, while the 3-2-3 network had no incorrect connections by the
end of the third epoch, there was still network error as indicated by an SSE of 25.53.
Having correct connections with network error is possible because a connection is
recorded as correct when it is at least 99 percent accurate (at least for this study). This
means that a range of one percent inaccuracy is possible for each connection. While a low
SSE indicates good network performance, it also indicates that a linguistic function as
basic as language typology cannot be developed to a state of “perfect fluency.” This
realistic aspect helps establish how the 3-2-3 network replicates how humans learn
language typology, which will be explored in the discussion portion of this study.
5-2-5 Data and Analysis
The 5-2-5 connectionist model randomly added plural nouns and articles (both
singular and plural) to the SVO second language. All learning patterns between the SOV
input and SVO output were randomized and a learning rate of .01 was used. After 1,000
epochs of training, 6,400 correct connections were established with 1,100 incorrect
connections. This was a correct response rate of about 85 percent (1,100 incorrect
answers out of 7,500). A SSE was calculated at about 1100.18. In fact, after the first 100
epochs of training, the network had already identified 1,100 incorrect connections. The
only variable that changed in the following 900 epochs was the preciseness of the SSE.
The consistency of the SSE and its evolving adjustment to 1,100 is clear evidence that
parts of the 5-2-5 model were never learned while other parts of the network were
learned. In fact, the SSE indicates that only about .18 of all errors came from the 6,400
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correct connections. All patterns except plural articles in the first and fourth sentence
position were successfully back propagated. Network response to plural articles scored a
+1.00 in the categories of network output to each input pattern and network response
errors to each input pattern. All hidden units finished training at a value of +1.00 as well.
These scores provide an indication that no more significant network learning was going
to occur because network weights were maximized and no longer adjusting.
Unlike the 3-2-3 model, the 5-2-5 model encountered some learning difficulty.
The +1.00 scores and the 1100.18 SSE reported above indicate that learning for this
model was essentially maximized. Weights reached an endpoint at which an established
type and number of errors were occurring. While more epochs may have further refined
the SSE (albeit slightly), the lack of continual weight adjustments would not have
allowed for any new learning revelations to occur because weight adjustments are what is
needed for a connectionist model to continue learning. Unlike the 3-2-3 model which had
no connection errors and an SSE of 25.53, the 5-2-5 model recorded 1,100 errors with an
SSE of 1100.18. The SSE for the 5-2-5 model accurately points to a specific problem
within the network. In this case, it was the 1,100 plural article constructions. The
complete lack of acquisition of plural articles comes despite the fact that they preceded
plural nouns in each sentence during the second language exposure process. According to
test results, all plural noun constructions made correct connections while all plural article
constructions made incorrect connections. This means that the 5-2-5 connectionist model
was unable to use associative learning to link each plural noun with a preceding plural
article. As a result, about 15 percent of the network was never acquired. All other
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parameters, word order, vocabulary, simple tenses, plurality, and singular articles, were
learned accurately.
Training Adjustments
Initially all testing for both SOV languages in the 3-2-3 and the 5-2-5
connectionist models was conducted separately before cross training occurred. However,
as testing was conducted, it became apparent that having the SOV first language as the
direct input for the SVO second language yielded the same results as the cross training.
Thusly, cross training was eliminated and the SOV language dictionary was directly
programmed as the input for the SVO language dictionary output. This reduced training
from a two-step process (first language proficiency training and second language
acquisition training) to a one-step process (second language acquisition training). Also,
while testing, sentence pattern 1,319 of the SVO second language was being recorded as
erroneous because of a programming error. Originally, the first noun of the sentence was
programmed into the position of the first article while the first article occupied the
position of the first noun. This programming error was quickly resolved.
Discussion
This study looked at research questions for both the 3-2-3 and the 5-2-5 networks:
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
To the first question, this study confirms that the 3-2-3 network was learned
quickly and with a low rate of error while the 5-2-5 network learned all but 15 percent of
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its target language. The language categories of word order, vocabulary, and simple tenses
were learned by both languages while the 5-2-5 model was also able to learn plurality and
singular articles. However, plural articles were never acquired. To the second question,
the 3-2-3 model was learned more efficiently than the 5-2-5. While this is not completely
surprising because the 3-2-3 model is a smaller network (and thus can be learned faster),
the accuracy differential is surprising. The 3-2-3 network made 4,500 correct connections
with a low rate of remaining error after only three epochs of training. This shows that
error was mitigated quickly. Conversely, the 5-2-5 network required more epochs to
identify all of its errors. While this model did have more parameters than the 3-2-3
network, the fact that it was never able to back propagate 1,100 errors is too large of an
inefficiency to overlook. This revelation provides implications to be explored when it
comes to language acquisition. To the third question, the only errors of specific note were
the plural articles in the 5-2-5 network. These answers, based upon test results, have
important implications for this study, connectionism, and SLA as a whole.
This thesis set out to be one of the first back propagation connectionist studies to
look specifically at language typology. Overall, results reveal that learning basic
linguistic constructs such as word order is relatively easy and done with few mistakes.
These results support the universalist position on word order transfer and language
learning. Both Rutherford (1983) and Zobl (1986) claimed that a learner’s first language
rarely interferes with learning and using a second language with a different word order.
In fact, egregious errors in word order are only expected with second languages that have
more than one basic word order. The 3-2-3 connectionist model in this study supports
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Rutherford and Zobl’s position. Not only did the model learn a new basic word order in
only three epochs, it did so with a low rate of error. Furthermore, while the 5-2-5 network
had 1,100 errors, none of these errors were linked to improper word order. The more
complex 5-2-5 network learned word order with ease. However, this model did reveal
difficulty with other linguistic factors.
While learning word order was never a major problem in this study, language
functions started to become problematic as the artificial SVO second language became
more complex in the 5-2-5 model. Out of 7,500 possible correct responses, all 1,100
plural articles never made a correct connection. This came despite the fact that each
plural article preceded a plural noun. As indicated in Hakuta (1974), a problem acquiring
articles is not surprising. Hakuta’s study evaluated a native Japanese speaker (an SOV
language) as she tried to learn English (an SVO language). Hakuta revealed that the
native Japanese speaker had a high percentage of plural and article errors. This finding
has been repeatedly supported by other research, some of which include Bertkua (1974),
Bryant (1984), and Han, Chodorow, and Leacock (2006). Based on these studies, one
may have thought that similar results would be generated by the 5-2-5 connectionist
model. Yet this is not the case. The results of the 5-2-5 connectionist model reveal that
singular articles and plurals were largely learned within the first 100 epochs and plural
articles were never learned. The fact that plural articles were not learned could point
toward important trends in a second language learner’s linguistic development. However,
the absoluteness of this result may draw attention to an even larger factor: connectionist
model error.
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Back propagation connectionist models, just like any computational program, can
encounter errors of many different types. These errors can range from improperly setting
a learning rate to failing to find the minimum amount of network error because weights
were not properly set before training started. Over-fitting is another type of model error.
Krogh (2008) notes that over-fitting occurs when there are too many network variables
(called parameters) to be learned based upon the number of examples available and
epochs administered. This prevents a network from being able to process meaningful
results.
In light of such possible network errors, the 5-2-5 model was informally retested
(meaning no result printouts or additional analysis conducted) several times where new
learning rates and weight values were used. Each time, 1,100 errors were recorded. Then,
an over-fitting test document was created. This document included only the first 500
patterns of the original 1,500 pattern 5-2-5 network. This test document, just like the
original 5-2-5 network, was unable to learn plural articles. Thusly, the persistence of the
inability to learn articles does suggest that the network might not be able to learn plural
articles based upon some deeper issue. This issue could be linked to how plural sentences
were assigned. During the network programming phase, random sentence constructions
were chosen to be plural. This means that a sentence is either completely plural (all nouns
and articles are plural), partially plural (one article and one noun are plural), or
completely singular (no plurals). Since all sentence patterns were only programmed to be
introduced as one static form (meaning a completely plural sentence is never used in its
partially plural or completely singular form) this could be making it hard for the
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Rumelhart Multilayer Perceptron Program to process all data equally.
Despite the 5-2-5 network’s inability to process plural articles, this study has still
produced reliable results. When compared to other studies on word order, the 3-2-3 and
the 5-2-5 networks produced similar results as non-computational studies such as
Rutherford (1983) and Zobl (1986). At no time was learning different word orders a
problem. Furthermore, the new parameters that were added to the 5-2-5 network did
increase computational difficulty in areas that Hakuta (1974) indicated would be
problematic. This is important because the evidence from this thesis shows that people
with limited neural network knowledge can create networks that produce new results and
verify claims made in non-computational studies.
This study has indicated that connectionist models can be built, processed, and
analyzed by individuals without a background in connectionism or computer
programming. I successfully planned, wrote, and trained my own connectionist models
without any prior training. With the aid of the Rumelhart Multilayer Perceptron Program
and its instruction manual, free software I found on the internet, I was able to build a
network rather easily. While this study did experience some novice processing and
programming errors, many of these were resolved through simple trial-and-error repairs.
The only persistent problem, plural articles, is an issue that will take more trial-and-error
attempts to solve.
Both the 3-2-3 and the 5-2-5 back propagation connectionist models can confirm
much of what many already know about neural network research. Neural networks can be
used to simulate human learning, allow researchers to collect data on such research, and
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allow researchers to manipulate and retest as needed. The 3-2-3 network acted as a prime
example of how a small network can be efficient and the 5-2-5 network revealed how a
slight increase in parameters can make processing more difficult. The 3-2-3 network
easily learned word order, nouns, verbs, and past tense; the 5-2-5 network took longer to
grasp these concepts in addition to plurals and singular articles. While 5-2-5 network
completely failed to comprehend the concept of plural articles, it has opened the door for
new investigations as to why plural articles were problematic in this study or in second
language acquisition as a whole. Understanding this is extremely important as this thesis
moves to its final chapter and reflects upon what was learned and what impact this study
will have on knowledge and research.

40

CHAPTER FIVE: CONCLUSION

Upon building and testing one of the first back propagation connectionist models
to provide evidence about language typology, much can be gleaned from the answers to
the research questions.
Can a connectionist model learn two different sets of highly simplified artificial
languages that possess different language typologies? If yes, which set was learned most
efficiently? Which errors occurred most frequently?
Through research, this thesis provided verification for non-neural network studies
theorizing that language typology is quickly learned with few mistakes. Both the 3-2-3
network and the 5-2-5 network never indicated that learning a new word order was
difficult. Even additional linguistic parameters such as tense, plurals, and articles did not
disrupt the understanding of basic word order. The only complications that came to light
were the plural articles within the 5-2-5 network. The inability of the network to learn
plural articles may signal that plural articles are harder to learn. However, the
absoluteness of the fact that all plural articles were never learned signifies that these
mistakes may have resulted more from model construction rather than inability to learn
(to know for sure, additional testing and troubleshooting is necessary). This provides a
good reason for why additional neural network research needs to be completed in the
field of language typology.
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Limitations
This study’s artificial languages were extremely basic. Unlike Rodionova’s
(2001) analysis of Russian, the SOV first languages and the SVO second languages in
this study were static. Their basic word forms never dropped out of a sentence or shifted
into other positions. The languages also lacked other key linguistic forms such as
adjectives, adverbs, pronouns, and aspect (just to mention a few). Additionally, this study
focused on “the general idea” of whether or not language typologies are learned easily.
At no time did this study chronologically document how language typology learning
occurs on an epoch-by-epoch basis. Doing so in future studies may provide important
detailed evidence for how humans manage and learn such information.
Dissemination of Results
The results of this research need to be used in future studies on computational
research for linguistic typologies and for studies that examine the acquisition of plural
articles. While the findings regarding acquisition of a language with a different language
typology are supported by Rutherford (1983) and Zobl (1986), results concerning plurals
and articles do conflict with expectations established by Hukuta (1974), Bertkua (1974),
Bryant (1984), and Han, Chodorow, and Leacock (2006). Therefore, the results of this
study should be cited as connectionist support for the idea that different language
typologies are easy to learn. The evidence for no plural article acquisition should be
challenged by both human and computational research. This will verify that this study’s
plural article findings are indeed incorrect due to network complications or are pointing
toward an indication that plural articles are harder to grasp than singular articles.
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Future Research
Aside from the work completed on language typology, this thesis established that
neural networks can be constructed and maintained with no formal training in computer
programming or connectionism. As a result, this technology can be adapted for new
purposes. With innovation, education institutions could develop ways to use
connectionist models for determining how difficult class content is, how difficult test
content is, or how long it will take students to grasp concepts. This could help teachers,
school districts, and departments of education better plan curriculum, timelines, and
achievement standards while also identifying and eliminating inefficiencies. Furthermore,
such technology should be introduced to students and used as part of a curriculum so that
students not only learn and practice lab research, but computational research as well. The
simplicity of connectionism means that K-12 practitioners and mature students have the
ability to build, use, and provide innovation to neural networks and the institutions in
which they operate. Not only is this possible in K-12 education, but also in higher levels
of academia.
Connectionism should be extended into collegiate programs, especially programs
immersed in linguistics. Much of the neural network research that I read and reported
upon in this thesis was not conducted by linguists. Since this study has proved that a
person does not have to be a computer programmer to participate in connectionism,
linguists need to take more of a leadership role in this area of study. As was proven here,
mistakes and complications will occur. But, as Nick Ellis, Research Scientist at the
University of Michigan Language Institute, wrote to me: “You are going to have to find
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your way around this stuff” (N. Ellis, personal communication, 24 October, 2011). I have
found this to be completely true. My view of what connectionism was prior to this thesis
is far different than what it is now.
The Journey
When I turned to connectionist research after reading Lightbown and Spada
(2006), my understanding of it was vague and highly generalized. After investigating my
first connectionist studies, Ellis and Schmidt (1998), Kempe and MacWhinney (1998),
and Taraban and Kempe (1999), I discovered that connectionist research was complex,
specialized, and isolated from most people’s understanding. This motivated me to
establish a common ground between vague and complex while conducting valuable
research at the same time. Throughout my research, consistently finding a common
ground of readability for all audiences was constantly challenging. In fact, the struggle
between complexity and readability is evident in this thesis. Some of this derives from
trying to accurately translate previous and current connectionist studies while the rest of
this struggle comes from a changing view of connectionism while developing,
conducting, and analyzing connectionist models. Now that I have a more complete
understanding of the “connectionist experience,” I am confident that I could produce
additional research (or articles) that are more readable to a general audience than this
study. This being said, understanding connectionism must be a “group effort.”
As was mentioned in the first chapter, SLA researchers tend to favor human
research over computational research. This was quite apparent because most of the
studies I read concerning connectionism were not conducted by linguists. Linguists must
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learn from the early 1900s physicists and not ignore the capability of mathematical
computations. Linguists should not create a culture that prefers observational research
over mathematical research. Without both types of research working together, SLA
researchers could be ignoring answers that are already available to them, much like
physicists did before Edwin Hubble observed and measured an expanding universe. As a
result, linguists need to take more of a leadership role in connectionism. Without linguists
striving to use and learn about neural network research, linguists will have to continue to
rely upon other subject fields for its computational linguistic research.
For the first time to our knowledge, this thesis used connectionist research to
confirm and expand upon language typology theories. While doing so, new ideas were
generated about advancing language complexity and model reliability for the future. Also
for the first time, this thesis set out on a quest to bring connectionism to K-12
practitioners. In doing so, it has required many failed attempts at explaining what
connectionism is and why it is unique. Often I was met only with big eyes, a nodding
head, and a courteous smile in this effort. In fact, even this thesis has probably not
reached its entire intended audience. This is where help is needed from connectionist
researchers. In order for K-12 practitioners to improve their knowledge and abilities with
the limited amount of time they have to read academic research, neural network
researchers must make simplified versions of their research available. While this study
agrees with Ellis (2001) that there needs to be more discussions between researchers
when it comes to cognitive science, this also needs to be extended to practitioners and lay
readers. This will help ensure that good research gets to where it needs to go most: the
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classroom.
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APPENDIX A
Rules and Structure for SOV and SVO Languages
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SOV First Language:
Nouns: a, b, d, e, g, h, j, k, m, n.
Verbs: c, f, i, l, a.
Tense (added to object and verb): + suffix for future, - suffix for past, no affix for present.
Articles: 0 (represents no articles, only used in 5-2-5 connectionist model).
Plural: No plural in this language.
Special Note: a is both a noun and a verb.
3-2-3 Construction Example: a b- c5-2-5 Construction Example: a b- c- 0 0
SVO Second Language:
Nouns: z, x, w, u, t, r, q, o, m, n.
Verbs: y, v, s, p, z.
Tense (added to verb only): + suffix for future, - suffix for past, no affix for present.
Articles (precede a noun): 1 for singular, 2 for plural.
Plural (added to the end of a noun): 3.
Special Note: z is both a noun and a verb.
3-2-3 Construction Example: m z n
5-2-5 Construction Example: 1 m z 2 n3
SOV-SVO Similarity:
Nouns: m and n are nouns that are shared by both languages.
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APPENDIX B
Testing Results
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Since the size of the training results files for both the 3-2-3 network and the 5-2-5
network are too large to fit in the Appendix, they are not found here. These documents
can be found on Hamline University’s publication website:
http://www.hamline.edu/education/masters/sample-capstones.html.

