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Abstract v

Abstract

Chatbots are increasingly being deployed to provide round-the-clock support and to increase

customer engagement. Most chatbots use bot building frameworks, they follow a standard
approach that requires one to build and train an intent model to recognize user input. Intent
models are trained in a supervised setting with a collection of textual utterance and intent
label pairs. Gathering a substantial and wide coverage of training data for different intent is a
bottleneck in the bot building process. Moreover, the cost of labeling a hundred to thousands

of conversations with intent is a time consuming and laborious job.

In this thesis, a research will be conducted on the building of an open domain, conversational
dialogue systems based on large dialogue corpora using a language model. Language models
are based on a probabilistic description of language that estimates the relative likelihood of
different phrases . This can lead to a large possibility for realistic and flexible interactions.
There have been substantial gains on NLP tasks and benchmarks by pre-training on a large
corpus of text followed by fine-tuning on a specific task. In this case, fine tuned for Japanese
chatbot systems. The Japanese Language will be utilized to create the model, with the purpose
of providing support to Japanese products which utilizes chatbot systems for different purposes
like increasing customer interaction, increasing sales and reducing cost, . It can also be utilized

as a multi lingual support to products used by a wide variety of audience.

However, Japanese grammar does not have Latin characters, compared to the English language
which has Latin characters from A to Z. It has its own 3 types of characters: Hiragana, Katakana,
and Kanji. Hiragana and Katakana script each has 46 and 45 characters. This in turn increases

the difficulty to create a top quality model.
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Chapter 1

Introduction

Developing an intelligent dialogue system that not only emulates human conversation, but
also answers questions on a wide variety of topics and fulfills complex tasks such as reading
comprehension and common sense reasoning, has been one of the longest running goals in Al

The goal has remained elusive until recently .

In the past few years, there has been a growing community and business enthusiasm for con-
versational frameworks and new methodologies. A key step towards designing a task-oriented
conversational model is to identify and understand the intention from a user utterance. An
intent in a conversational model maps semantically similar sentences to a high-level abstraction

for a chatbot that can generate a similar response or a similar action.

FIGURE 1.1: Messages interpreted as intent

7

Messages Payment Issues Intent

For example, “i have a problem with payment”, “credit card got declined”, “facing an issue

checking out” can be interpreted as intent payment issues. The current crop of bot-building
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frameworks requires annotated data for building an Intent model and it is well known that col-
lecting high-quality training data with high coverage for each intent is difficult. The developers
and domain experts typically consider past chat logs between human-human or human-computer

as a valuable resource and carry out an extensive manual process of intent labeling.

1.1 Context and Motivation

Current conversational systems bring about new challenges: they tend to output dull and
generic responses such as “I don’t know what you are talking about”; they lack a consistent
or a coherent persona; they are usually optimized through single-turn conversations and are
incapable of handling the long-term success of a conversation; and they are not able to take
the advantage of the interactions with humans. The process of intent discovery and training
data creation is effort-intensive. Collecting high-quality data from past conversations has a
few challenges. First, intent classes are highly skewed; certain areas are discussed more often
than others. Second, for many industrial scenarios, the number of unknown intent categories
may vary from hundred to thousands making the task of actual conversation annotation very
difficult. For convenience, domain experts often provide synthetic utterance samples for intent
training in the bot frameworks and classifiers can not take full advantage of the previous chat

logs.

FIGURE 1.2: Existing Dialogue Systems

Behave like
an Answering Machine

Users have to follow a predefined path.

3

USTH BI&-137 Oketola Praise Oluwabamise



Chapter 1. Introduction 3

1.2 Internship Objectives

In this thesis, the goal is to create a general language model, then finetune it to perform other
tasks like one-turn and multi-turn dialogue systems. To create the language model, a large
amount of Japanese language corpus is needed. Then the corpus will be preprocessed as it is
traditionally an important step for natural language processing (NLP) tasks. It transforms text
into a more digestible form so that machine learning algorithms can perform better. Initial
preprocessing steps are to remove HTML tags, links, emails, duplicated sentences, duplicated
words and removal of invalid character encoding. After the initial preprocessing steps, the

corpus has to be tokenized with sentences capped at 1024 max tokens and 30 min tokens.

Afterwards, when the language model has been trained, it will be finetuned for a one turn,

multi-turn conversational systems and multi-turn with persona.
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Chapter 2

Literature Review

2.1 RNNs and LSTMs

2.1.1 RNN

Recurrent neural networks (RNN) are a neural network architecture which is specifically de-
signed to handle sequential data [4], in recent years have been successfully applied to language
processing [6]. RNN’s have this abstract concept of sequential memory, Well, below is a tradi-

tional neural network also known as a feed-forward neural network.

FIGURE 2.1: Feed Forward Neural Network

Output

Hidden

- e

It has its input layer, hidden layer, and the output layer. To get a feed-forward neural network
to be able to use previous information to effect later ones, a loop in can be added to the neural

network that can pass prior information forward.
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FIGURE 2.2: Recurrent Neural Network

Output Layer

Hidden Layers

Input Layer

And that’s essentially what a recurrent neural network does. An RNN has a looping mechanism

that acts as a highway to allow information to flow from one step to the next.

This information is the hidden state, which is a representation of previous inputs. Let’s run
through an RNN use case to have a better understanding of how this works. Let’s say our aim

is to build a chatbot and the chatbot can classify intentions from the users inputted text.

To tackle this problem. First,there must be an encoding of the sequence of text using an RNN.
Then, feed the RNN output into a feed-forward neural network which will classify the intents.
Ok, so a user types in... what time is it?. To start, the sentence will be broken up into

individual words. RNN’s work sequentially so it will be fed one word at a time.
The first step is to feed “What” into the RNN. The RNN encodes “What” and produces an

output.

FIGURE 2.3: Breaking up a sentence into word sequences

What time ?

For the next step, the word “time” and the hidden state from the previous step will be fed into

the network. The RNN now has information on both the word “What” and “time.”

FIGURE 2.4: Breaking up a sentence into word sequences 2

o1

l

¢

What time ?
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Chapter 2. Literature Review 6

The process will be repeated, until the final step. You can see by the final step the RNN has

encoded information from all the words in previous steps.

FiGUurE 2.5: Breaking up a sentence into word sequences 3

o1 02
| [
-0
| [
What time ?

Since the final output was created from the rest of the sequence, we take the final output and

pass it to the feed-forward layer to classify an intent.

FIGURE 2.6: Breaking up a sentence into word sequences 4

()]‘1 0]2 OIS 0[4 0[5
-0 ¢C-0-0
| I [ [ [
What time ?

Given a sequence of word tokens {y1, y2, ..., yn }, where each word y;,t € [1, N] is associated with
a K-dimensional vector representation x; . RNN associates each time step t with a hidden vector
representation h; , which can be thought of as a representation that embeds all information of
previous tokens, i.e., {y1,y2, ..., Y+ }. hs is obtained using a function g that combine the previously
built presentation for the previous time-step ¢t — 1, denoted as h;_1, and the representation for
the word of current time-step z; :

ht = g(hi—1,x¢) (2.1)

The function g can take different forms, with the simplistic one being as follows:
g(ht_l,xt) = O’(Whh che1 + W :Et) (2.2)

where Wyy,, Wy, € REX2K_ Popular choices of o are non-linear functions such as sigmoid, tanh

or ReLU . It can be seen that the dimensionality of h; is constant for different ¢

Two severe issues problems with RNNs are the gradient exploding [1] problem and the gradient
vanishing problem|[9]. Vanishing gradient is due to the nature of back-propagation; an algorithm
used to train and optimize neural networks. To understand why this is, let’s take a look at the
effects of back propagation on a deep feed-forward neural network. Training a neural network
has three major steps. First, it does a forward pass and makes a prediction. Second, it compares

the prediction to the ground truth using a loss function. The loss function outputs an error
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value which is an estimate of how poorly the network is performing. Last, it uses that error

value to do back propagation which calculates the gradients for each node in the network.

FI1GURrE 2.7: Breaking up a sentence into word sequences 5

loss{Pred, Truth) = [E

The gradient is the value used to adjust the networks internal weights, allowing the network
to learn. The bigger the gradient, the bigger the adjustments and vice versa. Here is where
the problem lies. When doing back propagation, each node in a layer calculates it’s gradient
with respect to the effects of the gradients, in the layer before it. So if the adjustments to the
layers before it is small, then adjustments to the current layer will be even smaller. That causes
gradients to exponentially shrink as it back propagates down. The earlier layers fail to do any
learning as the internal weights are barely being adjusted due to extremely small gradients.

And that’s the vanishing gradient problem.

FI1GURE 2.8: Gradients shrink as it back-propagates down

loss(Pred, Truth) = =

And when gradients explode, the gradients could become NaN because of the numerical overflow
or we might see irregular oscillations in training cost when we plot the learning curve. A solution
to fix this is to apply gradient clipping; which places a predefined threshold on the gradients
to prevent it from getting too large, and by doing this it doesn’t change the direction of the

gradients it only change its length.
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FI1GURE 2.9: Gradient Clipping

Without clipping With clipping

These two issues render RNN models incapable of capturing the long-term dependency for long

sequences.

In conclusion, Recurrent Neural Networks suffer from short-term memory. If a sequence is long
enough, they’ll have a hard time carrying information from earlier time steps to later ones. So if
you are trying to process a paragraph of text to do predictions, RNN’s may leave out important
information from the beginning. During back propagation, recurrent neural networks suffer
from the vanishing gradient problem. Gradients are values used to update a neural network’s
weights. The vanishing gradient problem is when the gradient shrinks as it back propagates
through time. If a gradient value becomes extremely small, it doesn’t contribute too much

learning.

2.1.2 LSTM

Long Short Term Memory (LSTM) first introduced in [3], and adapted, used, and further
explored by many others. They were created as the solution to short-term memory. They have
internal mechanisms called gates that can regulate the flow of information. Both RNNs and
LSTMs pass data as it propagates forward. However, unlike in RNNs, LSTMs make use of
gates to decide if it should keep or forget information. An LSTM cell consists of a cell state

and input, forget and output gates which make use of several activation functions.
FIGURE 2.10: Forget Gate

LST™M

forget gate cell state

____________________

input gate output gate

® 6 8 o -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation
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Chapter 2. Literature Review 9

Forget gate decides which information should be kept and which should be discarded. Informa-
tion from the previous hidden state and information from the current input is passed through
the sigmoid function. Values come out between 0 and 1. The closer to 0 means to forget, and

the closer to 1 means to keep.

FIGURE 2.11: Forget gate operations

ot

@ revous consae

© foroet gate output

Input gate updates the cell state. To update the cell state, we have the input gate. First, the
previous hidden state and current input will be passed into a sigmoid function. That decides
which values will be updated by transforming the values to be between 0 and 1. 0 means
not important, and 1 means important. We also pass the hidden state and current input into
the tanh function to squish values between -1 and 1 to help regulate the network. Then the
tanh output will be multiplied with the sigmoid output. The sigmoid output will decide which

information is important to keep from the tanh output.

FIGURE 2.12: Input gate operations

Output gate decides what the next hidden state(contains information on previous inputs) should
be. Remember that the hidden state contains information on previous inputs. The hidden state
is also used for predictions. First, the previous hidden state and the current input will be passed
into a sigmoid function. Then the newly modified cell state will be passed to the tanh function.
Then multiply the tanh output with the sigmoid output to decide what information the hidden
state should carry. The output is the hidden state. The new cell state and the new hidden is

then carried over to the next time step.
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FIGURE 2.13: Output gate operations

@ rrsoncatsioe
© roroet gate output
@ input gate output

© @ e
© rovcosis
© cuvi s
© consie

©

Cell state acts as a highway that transports relative information along the sequence chain. The

cell state gets pointwise multiplied by the forget vector. This has a possibility of dropping values
in the cell state if it gets multiplied by values near 0. Then the output from the input gate will
be taken to do a pointwise addition which updates the cell state to new values that the neural

network finds relevant. That provides the new cell state.

FIGURE 2.14: Cell gate operations

The two activation functions used are Sigmoid and Tanh.

Sigmoid squishes values between 0 and 1. That is helpful to update or forget data because any
number getting multiplied by 0 is 0, causing values to disappear or be “forgotten.” Any number
multiplied by 1 is the same value therefore that value stays the same or is “kept.” The network
can learn which data is not important therefore can be forgotten or which data is important to

keep.

FIGURE 2.15: LSTM activation function

Tanh — Similar to the sigmoid function but this squishes values between -1 and 1 instead of
between 0 and 1 which is done in the sigmoid function. These gates can learn which data in a
sequence is important to keep or throw away. By doing that, it can pass relevant information

down the long chain of sequences to make predictions.
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Another problem with RNNs, and LSTMs, is that it’s hard to parallelize the work for processing
sentences, since processing is done word by word. Not only that but there is no model of long
and short range dependencies.

To summarize, LSTMs and RNNs present 3 problems:
e Sequential computation inhibits parallelization

e No explicit modeling of long and short range dependencies

e “Distance” between positions is linear

2.2 Sequence-to-Sequence Generation

Sequence to Sequence model have recently achieved significant results on pretty complex tasks
like machine translation, video captioning, question answering etc. For instance, seq2seq model

powers applications like Google Translate, voice-enabled devices and online chatbots.

FIGURE 2.16: Machine translation

n

English — detected ~ Japanese ~

Hello how are X  CAIBIE. TRTY
you? n?
Kon'nichiwa, genkidesuka?
“» ¢ @ Community verified <) I—D

FIGURE 2.17: Speech recognition

Google

The SEQ2SEQ model was first proved to yield good performance in machine translation [14],
and has been successfully extended to multiple natural language generation tasks such as text
summarization [11]. A sequence to sequence model aims to map a fixed-length input with a

fixed-length output where the length of the input and output may differ.

For example, translating “Hello how are you?” from English to Japanese has input of 4 words
and output of 10 symbols ( ZAICH L. JTLXRTT H?). Clearly, a regular LSTM network can’t

be used to map each word from the English sentence to the Japanese sentence. This is why the
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sequence to sequence model is used to address problems like that one. How does it work? The

model consists of 3 parts: encoder, intermediate (encoder) vector and decoder.

Encoder: A stack of several recurrent units (LSTM or GRU cells for better performance) where
each accepts a single element of the input sequence, collects information for that element and
propagates it forward. In question-answering problems, the input sequence is a collection of all
words from the question. Each word is represented as x; where 7 is the order of that word. The

hidden states h; are computed using the formula:

he = fFOV Ay W00z, (2.3)

This simple formula Eq(2.3) represents the result of an ordinary recurrent neural network. As
you can see, the appropriate weights will be applied to the previous hidden state h;_1) and the
input vector x;.

Encoder Vector: This is the final hidden state produced from the encoder part of the model.
It is calculated using the formula above. This vector aims to encapsulate the information for
all input elements in order to help the decoder make accurate predictions. It acts as the initial
hidden state of the decoder part of the model.

Decoder: A stack of several recurrent units where each predicts an output y; at a time step
t. Each recurrent unit accepts a hidden state from the previous unit and produces and output
as well as its own hidden state. In the question-answering problem, the output sequence is a
collection of all words from the answer. Each word is represented as y; where ¢ is the order of

that word. Any hidden state h; is computed using the formula:

he = fF(WRI R, ) (2.4)

As you can see, the previous hidden state is used to compute the next one. The output y; at

time step t is computed using the formula:

yr = softmax(W=hy) (2.5)

The outputs are calculated using the hidden state at the current time step together with the
respective weight W), Softmax is used to create a probability vector which will help us
determine the final output (e.g. word in the question-answering problem). The power of this
model lies in the fact that it can map sequences of different lengths to each other. As you can
see the inputs and outputs are not correlated and their lengths can differ. This opens a whole

new range of problems which can now be solved using such architecture.
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The SEQ2SEQ model can be viewed as an extension of the language model, where y is the
target sentence, and the prediction of current word y; in y depends not only on all preceding
words Y1, Y2, ..., Yt—1, but also on a source input x. FEach sentence concludes with a special
end-of-sentence symbol EOS. For example, in French-English translation, the English word to
predict not only depends on all the preceding words, but also depend on the original French
input; as another example, the following word in a dialogue response depends both on preceding
words in the response and the message input. The SEQ2SEQ model was first proved to yield
good performance in machine translation and has been successfully extended to multiple natural
language generation tasks such as text summarization, parsing, image caption generation, etc.
More formally, in SEQ2SEQ generation tasks, each input x = x1,x2, ..., Tn, is paired with a
sequence of outputs to predict:

Y = Y1,Y2s - Yny- A SEQ2SEQ generation model defines a distribution over outputs and se-
quentially predicts tokens using a softmax function:

Ty

P(ylz) = [ [ p(velyr, v2s o o1, @) (2.6)
t=1

More specifically, a standard SEQ2SEQ model consists of two key components, a encoder, which
maps the source input x to a vector representation, and a decoder, which generates an output
sequence based on the source sentence. Both the encoder and the decoder are multi-layer
LSTMs. To enable the encoder to access information from the encoder, the last state memory
of the encoder is passed to the decoder as the initial memory state, based on which words are
sequentially predicted using a softmax function. Commonly, input and output use different

LSTMs with separate compositional parameters to capture different compositional patterns.
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2.3 Transformers

Transformers, invented in 2017, [16] introduced a new approach — attention modules. Instead
of processing tokens one by one, attention modules receive a segment of tokens and learn the
dependencies between all of them at once using three learned weight matrices — Query, Key and
Value — that form an Attention Head. The Transformer network consists of multiple layers,
each with several Attention Heads (and additional layers), used to learn different relationships

between tokens. As in many NLP models, the input tokens are first embedded into vectors.

FIGURE 2.18: The Transformer - model architecture.

Output
Probabilities

Add & Norm
Feed
Forward
| Add & Norm z
Bl NS Multi-Head
Feed Attention
Forward 7 7 Nx
Nix Add & Norm
(—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At 2
\— J U — )
Positional & @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Due to the concurrent processing in the attention module, the model also needs to add informa-
tion about the order of the tokens, a step named Positional Encoding, that helps the network
learn their position. In general, this step is done with a sinusoidal function that generates a

vector according to the token’s position, without any learned parameters.

The Encoder is on the left and the Decoder is on the right. Both Encoder and Decoder are
composed of modules that can be stacked on top of each other multiple times, which is described
by Nx in the figure. We see that the modules consist mainly of Multi-Head Attention and
Feed Forward layers. The inputs and outputs (target sentences) are first embedded into an

n-dimensional space since we cannot use strings directly.
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One slight but important part of the model is the positional encoding of the different words.
Since there are no recurrent networks that can remember how sequences are fed into a model,
there is a need to somehow give every word/part in our sequence a relative position since
a sequence depends on the order of its elements. These positions are added to the embedded
representation (n-dimensional vector) of each word. Let’s have a closer look at these Multi-Head

Attention bricks in the model:

FIGURE 2.19: (left) scaled Dot-Product Attention. (right) Multi-Head Attention consists of
several attention layers running in parallel

Scaled Dot-Product Attention Multi-Head Attention

e—
Scaled Dot-Product l
%

Attention

Let’s start with the left description of the attention-mechanism. It’s not very complicated and

can be described by the following equation:

Attention(Q, K, V') = softmax <QKT> Vv (2.7)
NG

@ is a matrix that contains the query (vector representation of one word in the sequence), K
are all the keys (vector representations of all the words in the sequence) and V' are the values,
which are again the vector representations of all the words in the sequence. For the encoder and
decoder, multi-head attention modules, V' consists of the same word sequence than ). However,
for the attention module that is taking into account the encoder and the decoder sequences, V
is different from the sequence represented by Q). To simplify this a little bit, we could say that
the values in V are multiplied and summed with some attention-weights a, where our weights

are defined by:

QK T)

a = softmax ( (2.8)
Vi

This means that the weights a are defined by how each word of the sequence (represented by

Q) is influenced by all the other words in the sequence (represented by K). Additionally, the

SoftMax function is applied to the weights a to have a distribution between 0 and 1. Those

weights are then applied to all the words in the sequence that are introduced in V' (same vectors
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than @ for encoder and decoder but different for the module that has encoder and decoder

inputs).

The righthand picture describes how this attention-mechanism can be parallelized into multiple
mechanisms that can be used side by side. The attention mechanism is repeated multiple
times with linear projections of Q, K and V. This allows the system to learn from different
representations of @), K and V', which is beneficial to the model. These linear representations are
done by multiplying @@, K and V by weight matrices W that are learned during the training.
Those matrices @), K and V are different for each position of the attention modules in the
structure depending on whether they are in the encoder, decoder or in-between encoder and
decoder. The reason is that we want to attend to either the whole encoder input sequence or a
part of the decoder input sequence. The multi-head attention module that connects the encoder
and decoder will make sure that the encoder input-sequence is taken into account together with
the decoder input-sequence up to a given position. After the multi-attention heads in both the
encoder and decoder, we have a pointwise feed-forward layer. This little feed-forward network
has identical parameters for each position, which can be described as a separate, identical linear

transformation of each element from the given sequence.

While the original Transformers were used for machine translation (with an encoder-decoder
mechanism) A new architecture for language modeling was presented. Its goal is to predict a
character in a segment based on its previous characters, for example, it predicts character X,

using X;...X,_1, while the next characters to the right are masked.

2.4 Tokenizer

2.4.1 Tokenization

Tokenization is essentially splitting a phrase, sentence, paragraph, or an entire text document
into smaller units, such as individual words or terms. Each of these smaller units are called
tokens. One can think of token as parts like a word is a token in a sentence, and a sentence is

a token in a paragraph.

FIGURE 2.20: Basic Tokenization

Hello, how are you doing today?

[uHe“ou’ “r “how”, "are”, “you”, "doing”, “today”, u?nl
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Each word will be read, interpreted and the next word will be read till a full stop is encountered.
Hence, the model also needs all words separately making up the sentence. So, supposedly given
a paragraph, all sentences must be obtained. From all these sentences, there is a need for
the words then only can we move on for any sort of prediction. Current enormous scope
language models incorporate pre-preparing steps, for example, lowercasing, tokenization, and
out-of-vocab tokens which confine the space of model-able strings. In the original GPT-2 [10]
implementation Byte Pair Encoding (BPE) was used for tokenization. Since this model is for
the Japanese Language, for our tokenization process MeCab along with Byte Pair Encoding
(BPE) were used.

FIGURE 2.21: Japanese Tokenization

CAICBIE. SERBETATIN?
(Hello, how are you doing today?)

[CAITER, ., 'SH, &, 'BR&ATTD, 7]

The same procedure used in tokenizing English words can’t be applied to Japanese, In Japanese
not all words in a sentence are delimited by space. The English language has latin characters
from A to Z. However, Japanese grammar does not have Latin characters, it has its own 3 types
of characters: Hiragana, Katakana, and Kanji. Hiragana and Katakana script each has 46 and

45 characters.

2.4.2 MeCab

MeCab [15] is an open-source text segmentation library for use with text written in the Japanese
language originally developed by the Nara Institute of Science and Technology and currently
maintained by Taku Kudou as part of his work on the Google Japanese Input project. This
dictionary includes many neologisms (new word), which are extracted from many language
resources on the Web. It comes bundled with IPA( International Phonetic Alphabet) dictionary
and can be configured to use Juman and Unidic dictionaries for word segmentation.

With this library we can effectively tokenize Japanese sentences with an high accuracy.

2.4.3 Byte-Pair Encoding

[12] proposed to use Byte Pair Encoding (BPE) to build a subword dictionary. [10] adopt BPE

to construct subword vectors to build GPT-2 in 2019. Byte-Pair Encoding is an unsupervised
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subword segmentation method which brings the perfect balance between character- and word-
level hybrid representations which makes it capable of managing large corpora. This behavior
also enables the encoding of any rare words in the vocabulary with appropriate subword tokens
without introducing any “unknown” tokens.

This especially applies to foreign languages where the presence of many compound words can

make it hard to learn a rich vocabulary otherwise.

FIGURE 2.22: BPE Tokenization

CAITEIR. HFBIERERATTHN?
(Hello, how are you doing today?)

e |y

[lag]-t, 'EFIT, lag“l' Iégl, Iill 'éé_', léG‘gr' lﬁ»l' |'|’r' lal'_r, |¥1J laé—r' 'Eg', |T|l léhl; rﬁrJ 'Em, [ l' '§é§', la‘gl._ll |agll r|1' I1£-‘l' IL.]
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Methodology

3.1 Resources

3.1.1 DataSet

The dataset was obtained from OSCAR(Open Super-large Crawled ALMAnaCH coRpus), it is a
huge multilingual corpus obtained by language classification and filtering of the Common Crawl
corpus using the goclassy architecture [7]. Goclassy is an asynchronous concurrent pipeline for

classifying Common Crawl based on fastText’s pipeline.

OSCAR is currently shuffled at line level and no metadata is provided. Thus it is mainly
intended to be used in the training of unsupervised language models for NLP. Data is distributed
by language in both original and deduplicated form. In our case we choose the deduplicated
form. The original deduplicated Japanese Corpus from OSCAR was 106GB worth of text data.
Even though the data was meant for the training of unsupervised language models there are

still some preprocessing steps to be done.
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3.1.2 Data Preprocesing

A created a script to clean the data which has a lot of functionalities when preprocessing, few

of the steps in this script was:

Each line in the dataset a sentence, this implies each line will be an example to the model

during training

HTML tags, links, emails were removed.

Duplicated sentences were removed.

Bullet points and file names(.gif,.png,.jpeg,.jpg) were also removed.
Replaced extras spaces > 2 with fill-width space.

Replaced \u3000 with fill-with space(encoding problems).
Removed punctuation that began a sentence.

Removed JQuery code and Regex patterns.

Removed multiple spaces.

Delete sentences with duplicated words > 5.

Delete sentences with length < 30 and with length > 1024.
Delete sentences with invalid a encoding.

Delete sentences with footer content.
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The preprocessing step took about 10 days to complete. The resulting filtered dataset has a
size of 86.2GB. The initial plan was to use 40GB of data for training, but due to computational

limitation it was reduced to 20GB, then 200MB was used for evaluation.

TABLE 3.1: Language Model Dataset Description

N ¢ No of
Data Size © ob sem- No of words words
tences s
(unique)
Original Preprocessed
data 86.2 GB 441,302,483 835,000,401 >20,318,827
Train Data 40.0 GB 203,886,696 388,444,564 >20,318,827
Evaluation Data 200 MB 1,027,028 1,966,992 1,514,393

3.2 Evaluation Metrics

The most common metrics to evaluate text generation models are perplexity [5] and BLEU(Bilingual
Evaluation Understudy) [8]. For open generation, It was observed that “no single metric is
comprehensive enough.” These approaches are aimed at the (harder) problem of evaluating the
quality of generated text. Traditionally, language model performance is measured by perplexity,
BLEU, cross entropy, and bits-per-character (BPC). As language models are increasingly being
used as pre-trained models for other NLP tasks, they are often also evaluated based on how
well they perform on downstream tasks. Moreover, unlike metrics such as accuracy where it is a
certainty that 90% accuracy is superior to 60% accuracy on the same test set regardless of how

the two models were trained, other evaluation metrics can help provide more accurate results.

3.2.1 Perplexity

Perplexity can be understood as a measure of uncertainty. The perplexity of a language model
can be seen as the level of perplexity when predicting the following symbol. Consider a language
model with an entropy of three bits, in which each bit encodes two possible outcomes of equal
probability. This means that when predicting the next symbol, that language model has to
choose among possible options. Thus, it can be argued that this language model has a perplexity
of 8. If a language model can predict unseen words from the test set, i.e., the P(a sentence
from a test set) is highest; then such a language model is more accurate. For any test sentence
2@ the probability can be measured p(x(i)) under the language model. A natural measure of

the quality of the language model would be the probability it assigns to the entire set of test
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sentences, that is

[T (3.1)

The intuition is as follows: the higher this quantity is, the better the language model is at mod-
eling unseen sentences. The perplexity on the test corpus is derived as a direct transformation
of this quantity. We can define M to be the total number of words in the test corpus. More
precisely, under the definition that ni is the length of the ¢’th test sentence

m

M=T]n (3.2)

=1

Then the average log probability under the model is defined as
L tog ﬁp(iﬂ(i)) = i logap(x'”) (3.3)
M i=1 M i=1

This is just the log probability of the entire test corpus, divided by the total number of words
in the test corpus. We use log2(z)or any z > 0 to refer to the log with respect to base 2 of z.
The higher this quantity is, the better the language model. The perplexity is then defined as 2

where

1 & ;
=7 2; logap(x™) (3.4)

3.2.2 Cross entropy

Cross-entropy is a measure of the difference between two probability distributions for a given
random variable or set of events. A language model aims to learn, from the sample text, a
distribution @) close to the empirical distribution P of the language. In order to measure the
closeness of two distributions, cross entropy is often used. Mathematically. the cross entropy of

Q@ with respect to P is defined as follows:

H(P.Q) = Ey[~logQ) (3.5)

where E,[-] is the expected value operator with respect to the distribution P
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3.3 Model Architecture

The model uses a transformer based architecture, it largely follows OpenAl GPT-2 model imple-

mentation with slight modification to fit the main goal of this project. The input was tokenized

using MeCab before passing it in to our BPE tokenizer. The vocabulary size is 52,000. The

context size remained the same at 1024 tokens and a smaller batch size of 2 was used.

FIGURE 3.1: Model architecture.
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—
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=

FI1GURE 3.2: Model configurations

"activation_function”
"architectures" [ B
"GPT2LMHeadModel

gelu_new"

]
"attn_pdrop"” 6.1

"bos_token_id" : 58256
"embd_pdrop"” 6.1
"eos_token_id" 58256

"ipitializer_range" ‘9. .62
"layer_norm_epsilon" :1e-85
"max_length" 125
"model_type" : "gpt2"

"n_ctx" 1824
"n_embd" : 768
"n_head" 112

"n_layer":12

"n_positions"” 1824
"output_past" (true
"resid_pdrop" '8.1
"summary_activation" null
"summary_first_dropout” ‘6.1
"summary_proj_to_labels" (true
"summary_type": "cls_index”
"summary_use_proj" true
"vocab_size" 132068
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3.3.1 Model specifications

The model largely follows the original GPT-2 work. A 12-layer decoder-only transformer was
trained with masked self-attention heads (768 dimensional states and 12 attention heads). A
max learning rate of le-5 was used. Then trained for 10 epochs with batch size of 2, with
maximum sequence length of 1024 tokens. Since layernorm is used extensively throughout the
model, a simple weight initialization of le-5 was sufficient. Bytepair encoding (BPE) vocabulary
with 51,740 merges and residual, embedding, and attention dropouts with a rate of 0.1 for
regularization was used. Also employed a repetition penalty of 1.0. For the activation function,
the Gaussian Error Linear Unit (GELU). In conclusion it is a 117 million parameter model,
which is quite small compared to GPT-2 1.5 Billion parameter model, but the results will be

impressive.

3.3.2 Fine-tuning details

Unless specified, the hyperparameter settings from unsupervised pre-training will be reused.
A dropout will be added to the classifier with a rate of 0.1. A learning rate of le-4 and a
batch size of 2. The model finetunes quickly and 5 epochs of training was sufficient for most
cases. A linear learning rate decay schedule was used. The model was finetuned on 3 different
tasks: One Turn dialogue, Multi Turn Dialogue, Multi Turn Dialogue With Persona. In order
for the model to adapt to dialogue, the word and position embeddings are augmented with
dialogue-state embeddings that indicate whether tokens are from a persona sentence, speaker

1, or speaker 2. These embeddings are learned during fine-tuning.

3.3.3 Generation Process

Using a pre-trained model, we need to generate an output sequence y given a new input x. The
problem can be formalized as a standard search problem: generating a sequence of tokens with
the largest probability assigned by the pre-trained model, where standard beam search can be
immediately used. For greedy search, at each time step, the model picks the word with the
largest probability. For beam search with beam size K, for each time-step, we expand each
of the K hypotheses by K children, which gives at K x K hypotheses. The top K ones will
be kept, delete the others and move on to the next time-step. During decoding, the algorithm
terminates when an EOS token is predicted. At each time step, beam search will be adopted

for word prediction.
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Experiments and Testing

Each prediction will be assigned a score, this score is assigned by the model to indicate how
well the generated sequence correlates with the data learnt. The score ranges from 0 to 1 or 0

to 100.

4.1 Text Completion

The 117M parameter model evaluated for text generation, the model generates synthetic text

samples in response to the model being primed with a prompt text.
Completion 1
Attempt 1

Prompt: E?ﬁ;aﬁ’}&‘fﬂ

Completion: HIASFEWIL . 58 %&?ét%mﬁ%ﬁﬁéﬁﬁﬁﬁ< FDEE

l:%iné?"\fm'l%%%%%ﬁ?éfﬂ&vmif"?%%V) F9. H=bHid. :hb@/l%%%%@
”%ﬂ?éf N NARCY R -1 DGRy s ey —w%ﬁﬁtfmiﬁ =5 z

D&% w%ﬁ%b? FNZLDEREWET 5 2 e TE L LIS Uib% z

mv—w%ﬁﬁﬁéytﬁ\ﬁt TEN ZLLOBERZWET 52 e TEET. ZNICK

N, A BIE R ) ZBLOBREEMHCIET 52 EnTE L EOICH) £

Translated(google translate)

Prompt: Natural Language Processing
Completion: Natural Language Processing, Not only is it a way to learn a language, but it is

also a way to process all the information contained in that language. We use the various tools
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we provide to properly process this information. We are now able to process more information
with tools like this. By using this tool, we can process more information. This will allow us to

process more information accurately.
Attempt 2

Prompt: E’W\Sgaﬁ&&@

Completion: IREFEITIE | B E T R—AlICL W ETh AIALHBE) =IEH T
5ZET. $Um BN TE L L IICh > T E T, B¥leE 13 AR ECITE)
ZHEIICHNT L. oMz b LICHASHEUEZ1T ) il 2 & Td. ABoEESCTT
Bz BET IS L . 2 ORI ZICICHEFEZ17 5 2 & T AR EFCiTiiz ZFRINIC
T A ehmlERic e ) 9. ALMAEIE . AMOEE il 2 FmEI1C & - T
L. ZOMRZD LICKFEZIT) 28T X DEELUENTTZ 5 X5

Translated(google translate)

Prompt: Natural Language Processing

Completion: Natural Language Processing, It is based on machine learning, but by utilizing
AT (artificial intelligence), more advanced processing can be performed. Machine learning is
a technology that statistically analyzes human thoughts and behaviors and performs natural
language processing based on the results. By statistically analyzing human thoughts and behav-
iors and performing machine learning based on the results, it is possible to objectively analyze
human thoughts and behaviors. Artificial intelligence analyzes human thoughts and behaviors
by machine learning, and by performing machine learning based on the results, it is possible to

perform more advanced processing.
Completion 2
Attempt 1

Prompt: FE 1 EW =0 7R

Completion: FFEEW=OFHE OFBIIREN E RSN TWLWE L /2ht 20164E1C A5
T SIEEHMERE S ERE L TWET., 2o k) RIRWHZEZIF T, 201743 H oo i id & f)

AEIX TR EHH 7% 0308 & &) £ L7z, 201653 H oo s F ft 13 Ao T 15% 38

D2EM &%) £ L. 20174E3H AR E R AT IC > W CIELRTOMIH19% 1 »35(E 1 & 7¢
NEL7. £z EEMIICOWTORIOMLI0%E»45EM & 2D £ L /2. 20184FE3H o
AT R IEIC B L QIAio 4% o325 & % D £ L /2. By TARIIATH & [ 4F
RI20F (20 AR 10T . HiR10F) & LTwWE 9. @R F v — b TR 5 & 13ERENF 803
N N
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Translated(google translate)

Prompt: Oil prices are high due to high demand

Completion: Oil prices are high due to high demand, Although the impact of this was seen
as limited, crude oil prices have risen since the beginning of 2016. Under these circumstances,
consolidated ordinary income for the fiscal year ended March 31, 2017 increased 17% year-on-
year to 3 billion yen. Consolidated ordinary income for the fiscal year ended March 31, 2016
increased 15% from the previous fiscal year to 2.9 billion yen. Consolidated ordinary income
for the fiscal year ended March 31, 2017 increased 19% from the previous fiscal year to 3.5
billion yen. Operating income also increased 10% year on year to 4.5 billion yen. Consolidated
ordinary income for the fiscal year ended March 31, 2018 increased 14% from the previous fiscal
year to 3.2 billion yen. The annual dividend forecast is 20 yen (10 yen at the end of the second
quarter and 10 yen at the end of the second quarter), which is the same amount as the previous

year. Looking at the weekly chart, the 13-week moving average is the support line
Attempt 2

Prompt: FFEhimW =05 E

Completion: FFEHEHW 2O FIHGE OFEZZITCT <0 TG/ 3T 2 AEL Than
EALNTWE., KRPEZEFAOTRIE DG X 5 H . g EREE(OPEC) Dk PE &
ICEF =B & hiE AL L T 5. 2RI I 558D hyifr. 0~ 4+ ABIC A -
el Ty AaGVER S 2, BEIGIFRGERIE L e ICH LRI NS B LS
Nlzhs. R ETT I ABZMIFL 2 X XA Z& T Lz, NYICAS Edd THEWEND
W E D 12HFRIZERIEI S BuhEH & %5 7z,

Translated(google translate)

Prompt: Oil prices are high due to high demand

Completion: Oil prices are high due to high demand, It is thought that the balance between
supply and demand is not stable because it is easily affected by. As the US-China trade war
becomes more vigilant, the Organization of Petroleum Exporting Countries (OPEC) is moving
toward a production cut agreement. In the December contract, sales preceded from night
trading, and there was a conflict around the time when it entered the negative zone. After the
start of regular trading, there were some scenes where it was pushed back to selling, but the
trading was closed while maintaining the positive range until the end. When I entered NY,
my willingness to buy became stronger again, and in the December contract, buying became

dominant from night trading.
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Completion 3
Attempt 1

Prompt: 77— 7L 01I0R LTV 4 70 7 b ZHIX

Completion: 77— 7L W10k LT 470/ 7 b ZHIN CoELETIE. 171V
JhOERKICHTEBREMNLTVWET. &b, ZoiLFICkD L. SEDEIIC
N A 7 NEIMOAFEELEDERLLZNE I ENTEELIIICESTZED
ZETF. £/, Yahool= = — ZAlc kN iF. 1IHBHICHAE I N/ -HEAK~Y 4781 7
b FE D 14 <> bk MicrosoftIgniteSummit20181C T . [E#H AT N> P =) AN TH B 7 —
JH == TR ERFFE R RIS DT ETT, Yahool= = — A2 X NI, ¥
7 — kRSt ERE X L NG B R COO: | B = AE 250 — R:9715. D
T Yahoo!JAPAN)I1Z. 9H13H(R)Hn58H31H (&) £ Tl

Translated(google translate)

Prompt: Google acquired Microsoft for 10 dollars

Completion: Google acquired Microsoft for 10 dollars, This article provides information
about the acquisition of Microsoft. According to this article, this acquisition has enabled Mi-
crosoft to differentiate itself from other companies. According to Yahoo! News, the company’s
evangelist Mark Zuckerberg gave a keynote speech at the Microsoft IgniteSummit 2018 event
hosted by Microsoft Japan on November 15. According to Yahoo! News, Yahoo Japan Corpora-
tion (Headquarters: Minato-ku, Tokyo, President and COO: Masataka Okuda, Securities code:
9715, hereinafter Yahoo! JAPAN) will be available from Thursday, September 13 to August 31.
Period until Sunday (Friday)

Attempt 2

Prompt: 77— 7L hs10R L TR A4 71 7 s ZHIX

Completion: 77— 7L h10R LT A7/ 7 ZHRK 4787 M3I. CRHETHOX
FCERLEARZF > TWEDLITTIEH Y FRATLEL. SEOEIICEY . O THW
FEOBBICE FL. ZOlo0 RMICIE. XY ELOERBEZEHAT 22 Ta
X125 LNnERA. SHOERICE ST, $XTCOUFERNP~Y4 70 7 MSE
MELED ZEMTELEOICKNELS. £20 2OHENCK-T. 7471y 7 MIHA
HRDODAEICKET S TEELE. COHNCE - T, fbidttRE o Em T A
DIEEBZREI e TELEHICL) EL 2. B=bld. STl hickaaimzcs s
ZEMTEDL I VIS 2EE TV ET.

Translated(google translate)
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Prompt: Google acquired Microsoft for 10 dollars

Completion: Google acquired Microsoft for 10 dollars, Microsoft didn’t have as much capital
as it used to, but with this acquisition, it’s bigger than ever. Therefore, in the future, it may
be possible to hire more employees. With this acquisition, all employees are now able to pledge
allegiance to Microsoft. The acquisition also allowed Microsoft to grow into the largest company
in the world. This acquisition has enabled us to hire millions of employees around the world.

We feel that we are now able to make greater profits than ever before.

From the above examples, a conclusion can be made that the model is capable of generating
samples from a variety of prompts that feel close to human quality and show coherence over a
page or more of text. Nevertheless, various abnormality was observed, such as repetitive text
and world modeling failures. An immense contribution to this is due the small model size, the
model simply doesn’t have enough parameters to learn in depth about all the intricacies of the

language. Overall the results are fairly satisfactory in comparison the model size.

4.2 Next word prediction

For this next experiment, the aim is to predict the next word of in sentence given the previous
words. Given a set of word (x1,x2, 2, ), we would like to predict x,41.

Erample 1

Prompt: fZ13EiT Fh¥> 7= — He ran up

Completion:
Score(0% -100%)
IIh) — just 6.36
he 6.16
% —> after 3.09
Ezxample 2

Prompt: fli#%13% — The price is

Completion:
Score(0% -100%)
=& T — high 2.39
7\ — cheap 0.78
ZMN 7% — reasonable 0.17
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Ezxample 3

Prompt: EH.|L & TY — The train is very

Completion:
Score(0% -100%)
A — crowded 2.39
W T3 — long 0.78
HNTQW B — dirty 0.17

The model was able to perform relatively well on this task, all the suggested completion from the
above examples were reasonable and can be justified to a degree. Although not all completion
my be of high quality, but the accuracy increase if the input tokens are longer. This can be
used as an alternative to other next word prediction techniques(bigrams, trigrams e.t.c), even

though this is more compute intensive compared to other techniques.

4.3 Dialogue

The main purpose of this project is to created a chatbot system by finetuning the GPT-2 model,
the model was finetuned on on One Turn Dialogue, Multiple Turn Dialogue and Multiple turn
Dialogue with a persona. Our initial dataset consisted of 6,000 multi turn dialogues(which is
quite minuscule) and 7,000,827 one turn dialogue. The one turn dialogue was extracted from
twitter conversations. Since obtaining more multi turn dialogue in Japanese is time consuming
and difficult, it was decided to translate multi turn dialogue in English to Japanese. This
increases the size of the multi turn dialogue dataset from 6,000 to 34,996, there will be will

some translation inaccuracies in which the model might pick up.
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TABLE 4.1: One Turn Dataset Description

Twitter conversations

No. of Dialogues 7,000,827

Size(MB) 300

TABLE 4.2: Multi Turn Dataset Description

ijenlp_dailydialog Persona chat dialog_-themel_60 TOTAL
No. of Dialogues 11, 118 17, 878 6, 000 34, 996
Size(MB) 7.75 20 4.48 32.23

4.3.1 One Turn Dialogue

One turn or single turn dialogue conversation revolves around the user asking a single question
then the model gives a reply. For many situations, the single-turn conversation is perfectly fine.
The user gets the information they need in one quick interaction. This is the most commonly
implemented dialogue system, so there is a lot of data for this. The down side to the one turn
dialogue system is that it lacks a sense of history, it can carry on a conversation or recall previous
conversation exchanges. It is just good for a question-answer type of conversation. The model
was finetuned for one turn dialogue using 7,000,827 one turn dialogue conversations. A learning
rate of 1 x 107 was used, batch size of 2 and gradient accumulation steps of 16, which was

finetuned over 5 epochs.

Each conversation is an example to the model, each example was infused with special tokens:
< speakerl >, < /[speakerl >, < speaker2 >, < /speaker2 >. A representation of an example
will be :

< eos >

< speakerl STFIADT ARy AVWWTT K, < /speakerl >
< speaker2 >77 ) I\ W XK RIE AW B 1< /speaker2 >

< eos >

After finetuning a training_perplexity of 18.6715 was achieved and training_loss of 2.927.

Evaluation results on 12,087 one turn dialogues gave a with a perplexity of 29.8985 and loss of
3.8978.
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FIGURE 4.1: One Turn Dialogue Model Loss

3.6
3.5
3.4
3.3
3.2
3.1

3
2.9

2.820 0 20 40 60 80 100 120 140 160 180

Example Predictions

Score(0 — 1)

Human: L & 2 ? — Where is tokyo?
Bot: HHIEW 2 — Tokyo is far way 0.7684

Human: HADEHIL & Z T3 h? — What is the capital of Japan?
Bot: I Td — It’s Tokyo 0.2659

Human: HIFRIZ EN LK HVWOKE I TTH? — How big is the Earth?
Bot: HiFR1L15cm ¢ — The earth is 15 cm 0.25/1

Human: T ABEHIOLTHLS 2 EFTH1? — Can you recommend me some anime?
Bot: T = HAIARSZ W T Tl — I have never seen anime? 0.2223

Human: hz. SHIZHOHA H T4 — Hey, today is my birthday.
Bot: ZONATTRIBHTEY T3 WET, — That’s right, congratulations? 0.3590

Human:  Khf&Z T3 H? — Do you like dogs?
Bot: Rblif & T9! — 1 like dogs! 0.8261

Human: H7=Z2 &1dH 217 R 2 T\ T3 — Do you know the Pythagoras theorem?
Bot: B2 lddb sl &R 2 THWTd — Dve seen it but I don’t remember! 0.2541

Human: NEIFHIFRD S EN SV TTWLWE T ? — How far is Mars from Earth?
Bot: HiFkD3D1< S\ TFka — It ’s about one-third of the earth 0.2541
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From the generated examples, it can observed that the responses are decent and semantically
correct, but there are still some tiny inaccuracies, mostly went asking questions requiring an-
swers as numbers, dimensions, measurements, formula e.t.c The model can handle one turn
conversations really well, next a test will be performed to see how well it handle a multi-turn
conversation, the major reason for this test is to see the drawback of a one turn conversational

systems.

Multi-turn conversation with One Turn Model

Score(0 — 1)

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

i helif 2 T3 H? — Do you like movies?

] )3 & T3 — 1 like movies! 0.7684
EDW Y Zx T F h? — which movies do you like?

Y & By & TF! — 1 like both 0.5466
& —FHICH 72T h? — Want to see it with me?

. B2 Td! — I want to see it too! 0.1244
IO ERE 7T 2 TV EFH? — Do you remember the price of the movie?

1 < 5WTF hka — is it about 1 yen? 0.8556
% — 1ol

P12 — haha lol 0.1434

The above conversation is a multi-turn dialog about movies, the model answered satisfactory
from a one-turn dialogue point of view, but from a multi-turn point of view some answers where
poor. For example, the reply "\ & 5 5 34 & TF! —1 like both?” to the question ” &
I d] h3lf & T3 H*? — which movies do you like?”. To answer this question correctly there
needs to be a context, this question can mean ”What movies do you like watching?” or ” What
movies do you like out of these?”. To answer questions like this, there needs to be a sense of

conversation history and this is the problem the multi-turn model will aim of solve.

4.3.2 Multi Turn Dialogue

A multiple turn dialogue is conversation with multiple exchanges between two people. This
makes it possible to provide users with a richer experience. It takes into account previous

utterances/exchange made with the user when generating the next reply. The model will be
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finetuned on 34, 996 multiturn dialogues and evaluated on 1,000 multiturn dialogues. 85.72%
of dialogue data were translated from English to Japanese. There will be some translation
inaccuracies which will impact the performance to a certain degree. For the finetuning process
learning rate of 1 x 10™* was used, batch size of 2 and gradient accumulation steps of 16, and
finetuned over 5 epochs. Each multi turn conversation is an example to the model, each example
was infused with special tokens(< speakerl >, < /speakerl >, < speaker2 >, < /speaker2 >)

and built in a special way:

< eos >

< speakerl >Z AICHIE, < /speakerl >

< speaker2 >Z AICHIE, < /speaker2 >

< speakerl >ZEIRTT n. BiffHCc W TH 2 TEZ 902 < /speakerl >
< speaker2 >HHENDKFMH £\ & 2 A5TF. < /speaker2 >

< speakerl > KFHNIZ > SITWTT 2 < /speakerl >

< speaker2 >3\, ITWTF k. < /speaker2 >

< speakerl SEfFFHITIIZLICZE L TQWBH A TT 2 < /speakerl >

< speaker2 SITHR2 F v —DJLRE L THNYTWE . < /speaker2 >

< eos >

After finetuning a training_perplexity of 4.4282 was achieved and training_loss of 1./88.

Evaluation results on 1001 multi-turn dialogues gave a perplexity of 9.8320 and loss of 2.2856.

FIGURE 4.2: Multiturn Turn Dialogue Model Loss

e NOIOONIIOND
(IS TN [0 sNT IR CIIUNN S o

21k 0 1k 2k 3k 4k ok 6k 7k 8k 9k 10k 11k 12k
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Ezxample conversations

Conversation 1

Score(0 — 1)

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

CAICBHIE. R EFjILY 3 > TF — Hello, my name is John
ZAICHIT. var. BOGEIEF> > —TF. BILATTh?

— Hello John, my name is Nancy. How are you?
L AD=OICHZ L /72T Hh? — What do you like to do for fun?
AaIEE 2 JRIc < onf & TF. — [ like going to the movies
PR TN E L WYE I T T h? — What is your favorite movie??
T7HL AN TEHOBRICAN TF. SR EDTTN?

— Forrest Gump is my favorite. What about you?
BB AN TN =Ky ¥ —T3F — My favorite is Harry Potter

b, ZHIFEES LOWETT, CALXBHEZL LS LenETh?

— Oh, it’s a great movie. what do you do for a living?
"2 2. FITAimesoft T,y Ty £9 — Yeah, I work for Aimesoft

b, TNIHEES LWTT. LIdEE A
— Oh, that’s great. I don’t work

faffe 7> ? — Why not?

HILEEHENTT. — I hate work.

HERIZFES 72 E By £ 95?2 — Do you think the Earth is flat?
BIEZ SIC{EATWERA. — [ don't live there

TlX. EZICEATWET N ? — So where do you live?
#7074 L =TICfEATWE T, — I live in California
9L T? — Why?

I3V 2y % ZI124T7& /2h* 5 72 TF — 1 have always wanted to go there

0.6067

0.7036

0.7992

0.8556

0.6950

0.6444

0.5672

0.5927

0.6677
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Conwversation 2

Score(0 — 1)

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Human:

Bot:

Bz, SO ELENIMTTH ? — Hey, what’s your name?

POZENE A7) —TF. TR TTH? — My name is Mary. How are you?
T RALEKTT. AFEHHIZM TTH? — I'm good, when where you born?
MIE19864F4H15HICAE EN £ L /2. — I was born on April 15, 1986
ZNT. IR =DOEMMIIMEETTHh? — So, how old are you?
MIE335T9d. — I am 33 years old.

FHIIVFEFTH? — Do you have kids

W2 IV ERA. — No, I don’t have any children yet.
e ? — why not?

AT & —FfIcEATWE T, — I live with my parents.

&9 L7T? — why?

MITKFZYEL QW EHA. — T haven't graduated from college.
HUITEDRKFICH > TWETH? — What college do you attend?

Ml == R KFICITE £, F — I go to Harvard University.

0.6571

0.6993

0.6979

0.7216

0.7151

0.6832

0.6869

Conwversation 3

Score(0 — 1)

Bot:

Human:

TIRZ S > CHH 2 £Fh? — Can you make a joke?

KZEE > CWEHAN? — Are you kidding?

]

VWW2  TERZEE > TSN ERAN? — No, can you make a joke?

0.6996
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Bot: HYH A5 A NE T, — Of course not. 0.7250
Human: &9 L 7T? — Why?
Bot: Tk = > CWAICEWH Y FHA. — You must be joking. 0.7404
Human: MDOFEEZ(EL £93H? — Do you believe in God?
Bot: PIFGEL TV EEA. — Tdon't believe. 0.7191
Human: fJ#{{7% o ? — why not?
Bot: FIIERYD Z L% F ) OhBEivy T3, — I hate to tell the truth. 0.6619
Human: ZNT. $R7E7-LKIAEZDEZETH? — So, do you lie a lot?
Bot: HIIEZ S O ZITIEH Y A, — [don't like to lie. 0.6590

From the generated examples it can observed that the responses are satisfactory and semantically
correct, but most importantly it has a sense of conversation history. It can be observed that the
model tries also ask questions, which can be seen in 70% of its response, this is done to keep
the conversation going and helps it handle the conversation easier although there are still some

tiny inaccuracies.

4.3.3 Multi Turn Dialogue With Persona

This is similar with the multi turn dialogue except now a persona feature will be implement.
The implementation from [17] was followed. They implemented a Transfer Learning Approach
for Neural Network Based Conversational Agents which requires a generative pretrained trans-
former. The persona chat dataset was used, it was translated from Japanese to English, contains
17,878 multi turn dialogues. The model was finetuned using the new architecture, it was fine-
tuned over 3 epochs, batch size of 2, gradient accumulations steps of 16 and a learning rate of
6.25 x 1075,

After finetuning a training_perplexity of 1.3192 was achieved and training_loss of 0.2771.

F1GURE 4.3: Multi Turn Dialogue With Persona Loss

0 20K 40k 60K 80k 100k 120k 140k 160k 180k 200k
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INSERT ONE TURN EXAMPLES HERE

Ezxample predictions

Conversation 1

Persona:

R OUf & 7ol X ¥ — 2 #— % —7C9. — My favorite movie is Terminator
R EEILY 3> T3 — My name is John

MITEWWIIHsKif & T9. — 1 love shopping.

MITSHEPOEHZH L TWEF., — Iown 5 cars.

Human: L ADE=OICHZ L /=TT H? — What do you like to do for fun?
Bot: FITEVWIZ T 20042 TT., b /=13E 9?7 — 1 like shopping. How about you?

Human: FIIMEZ R 2D X2 T b0 & 22 WL T3 h 2

— I like watching movies, what is your favorite movie?

Bot: RIxy = 2 —=9 = KFE2 T3, H%/=13E 9 TTH? — I love Terminator. What about you?
Human: #&. BEEGIIMTTH? — Me too. What is your name?
Bot: ROEEILY 3> TT. HE/=13E D TTH? — My name is John. What about you?

Human: HIIY 3—7TF. SLLIEIMGOEZMELTWVETH?

— I'm Joe, how many cars do you own?

Bot: FIIsEDH ZFF > T\ E 3., — I have 5 cars.

Conwversation 2

Persona:

3 AP T3, — My mother is in the hospital.

I A== —m =D 3 —ZRLDONKIfZTTF. — I love watching superhero shows.
MII R LI Kif 2 T9. — I love dogs and cats.

Human: ZAICHIEX. — Hello.

Bot: ZAICHIE. TR TT H? — Hello, how are you?

Human: KHKTT. Xy bhZfij>T%? — I am fine. Do you have a pet?

Bot: IR &N Z il > TV E 9. — I have a dog and a cat.
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Human: \ T3l f[ZFT 50U ETTHh? — Good, what do you like to do?
Bot: MITL EZRE500&T9., — I like watching TV.
Human: o= & 0 EMIL0TdH? — What is your favorite show?

Bot: A==k —m—nN I =KX TF., — Ilove superhero shows.

Conversation 3

Persona:

PIL1987TFIcAHEEFN E L 72. — 1 was born in 1987.
HLiPhoneh4f & T3, —I like the iPhone.
MICIEHEE»H Y F¥A. — T have no job.

Human: B3k H» T3 W Ed. — Good morning.

Bot: ZAICHIT. TTATT H? — Hello, how are you?

Human: & 7% /=13iPhoneh™#f & T4 /H? — Do you like Iphone?

Bot: FlZiphonehyKif& 4. FIItE %L Ty E+H — I love iphone. I'm not working

Human: A4FHHIIMTTH ? — when were you born?

Bot: Fug1986FicAEEFN FL 7=, — I was born in 1986.

From the above examples, it can be observed the model takes into account the personas before
making a prediction, although the predictions might be poor sometimes or unrelated to the
persona chosen. In conclusion, Transfer learning from language models have been recently shown
to bring strong improvements in language tasks. In which was illustrated the effectiveness of
this approach on a recent dialog task. Important future work is still needed to understand the

most optimal settings and models.
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Results and Discussion

5.1 Loss and Perplexity

TABLE 5.1: Model Loss and Perplexity

Model Epochs Data Size Perplexity Loss
Original 10 20GB 16.0869 2.7780
One Turn 5 300MB 18.6715 2.927
Multi Turn 5 32MB 4.4282 1.488
Multi Turn Persona 3 20MB 1.3192 0.2771

The loss value implies how well or poorly a certain model behaves after each iteration of op-
timization. Ideally, one would expect the reduction of loss after each, or several, iteration(s).
As naturally, the main objective in a learning model is to reduce (minimize) the loss function’s
value with respect to the model’s parameters by changing the weight vector values through
different optimization methods, meaning that we are searching for a candidate solution that has
the highest or lowest score respectively.

The perplexity is a measurement of how well a probability distribution or probability model
predicts a sample. It may be used to compare probability models, in the context of Natural
Language Processing, perplexity is one way to evaluate language models. A low perplexity
indicates the probability distribution is good at predicting the sample while high perplexity is

bad since the perplexity is the exponentiation of the entropy.
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FI1GURE 5.4: Multi Turn Dialogue Model Loss

e NOIOONIOND
[IIRS IR [0 sN=T IR CIIUN NS o

21k 0 1k 2k 3k 4k ok 6k 7k 8k 9k 10k 11k 12k

FI1GURE 5.5: Multi Turn Dialogue With Persona Loss
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5.2 Human Evaluation

The model generated some random sequences to be evaluated by humans, the model performed
well. As it was observed that all sequences were semantically correct, readable and comprehen-
sible. Although one can tell it is still a bot due to problems like lack of realism, creativity and

coherence.

5.3 Performance

5.3.1 Inference Time

The inference time for each generation is relative to the number of tokens to be generated. This
means the more tokens the model has to generate the long time it takes. It is also dependent
on the task the model is asked to perform. For faster inference time a GPU can be utilized, this

will reduce the inference time by a large amount.
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5.3.2 Memory

The model sizes varies from 500MB to 600MB. For faster inference the model will be cached in
memory, either CPU/GPU. It will take at least 2GB of memory, the amount varies depending

on the task performed.
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Chapter 6

Conclusion

6.1 Conclusion

We have explored a simple approach to an open domain dialogue system that uses a single,
causal language model. When a large language model is trained on a sufficiently large and
diverse dataset it is able to perform well across many domains and datasets. It was able to
perform well in handling conversations in a meaningful and sensible manner with all sentences
being semantically correct, arguably imitating human conversation. This model can also be
fine tuned to perform other task like Question Answering, Summarization, Common Sense

Reasoning, Reading Comprehension and Natural Language Inference.

6.2 Further Improvements

For additional enhancement of this model, the obvious tasks are

e Increase the model size from 117M to a larger model, the performance will increase ex-
ponentially as there are more parameters the model will have enough room to learn and

store more information.

e Use a character based language model, a character based model might achieve a better

performance than the current model in some tasks(next word prediction).

e More finetuning data, a larger fintuning dataset size will also enhance the model especially
the multi-turn model, the finetuning data for multi-turn was 32.23MB in comparison with
one-turn with 300MB. Although obtaining multi-turn Japanese data might be strenuous,

an increase in the data will yield great improvements.

e Better data quality for the dialogue models, some of the finetuning data were translated
to Japanese using google translate, which was prevalent in the multi-turn model. Getting

better data quality should improve the performance.
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e Tweaking the training and finetuning parameter, most of the parameter chosen where
tested but some where assumed. Tweaking the parameters might give better result but

not an enormous one.
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