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Introduction

In recent years, artificial intelligence (Al) has experienced a significant rise in
popularity and usage. One of the breakthroughs responsible for this surge was the
invention of GPT language models, which captivated public attention. This work aims
to explore fundamental concepts in Al that are utilized in such models while focusing
more on NLP-specific tasks. While more advanced topics—such as the entire
architecture of transformer networks and other cutting-edge techniques—are not
examined in exhaustive detail, the material presented here is sufficient to provide a
robust conceptual foundation. The objective is not to cover every aspect exhaustively
but to ensure a clear understanding of why these models are effective, how the various

components integrate, and what makes NLP systems so successful.



Part 1 (Tokenization)

The first and most basic thing about processing text has to be tokenization.
Tokenization is the task of splitting text to then work with those pieces.

Those pieces are usually called tokens.

The simplest way to tokenize is to split some text into characters or spaces.
1. Character-level tokenization: "flopper" — 'f','l', '0', ...

2. Whitespace-level tokenization: "flopper died" — "flopper", "died"

Unfortunately, these simple types of tokenization techniques do not allow

us to work with language efficiently. For example, the character level tokenization
does not represent the natural structuring of words. Words like "playing” have some
structural meaning that character-level tokenization does not let us capture. Instead,

we have seven independent characters.

Whitespace-level tokenization solves this problem since we have words as words.
Unfortunately, because words have many word-forms, it might be hard to gather

enough text to completely learn a language.

Some techniques like stemming and lemmatization have been developed to deal with
this issue.

Stemming is based on removing the variation parts from the word, so words like
"playing” would be transformed to "play".

Lemmatization is about mapping word forms to some initial, prime word forms.

So, the same word "playing” would be mapped to "play".

These techniques are rarely used in today's NLP.

A widely used tokenization algorithm is BPE(Byte-Pair encoding).



*The following explanation focuses on raw ASCII characters.

Byte-Pair encoding algorithm:

Count the frequency of adjacent token pairs in the text.
Find the most frequent pair.
Merge this pair to create a new token.

Add the new token to our vocabulary.

o~ WD BE

Update the text by replacing all occurrences of the pair with the new merged
token.
6. Repeat until we reach a desired vocabulary size or until no more merges are

possible.

The BPE algorithm works well because it captures the relations between words
automatically. To be more technical, it has "Byte" in its name since it starts at the
character level, and all the characters are 1 byte long. It works well in the real world
since ASCII is rarely used, especially for texts outside of English. Usually, UTF-8 is
used. UTF-8 is a globally accepted, still active symbol encoding. It supports all
1,112,064 valid Unicode code points using a variable-width encoding of one to four
one-byte (8-bit) code units. This means that regular ASCII symbols take 1 byte of
memory, and some more fancy symbols, like Chinese letters, might use more (up to 4
bytes), we still represent them as 1-byte value sequences. Since we are working with
raw bytes, it allows the BPE algorithm to work with any text, regardless of language

or encoding.

Therefore, initially, our vocabulary consists of 256 tokens (Regular ASCII tokens),

every other byte pair is learned.



text = """Ryan
encoded = encod
decoded = decod
print(f"text
print({f"encoded
print(f"encoded
print(f"decoded
print{f"len(enc
print(f"len{dec
print(f"origina

e T R e T

text
encoded ids
encoded _chars:

Thomas Gosling"""

e(text)

e(encoded)
: {text}")

_ids : {encoded}")

_chars: {list(map(lambda x: decode([x]), encoded))
: {decoded}")

oded) : {len(encoded)}")

oded) : {len(text)}")

1 == decoded: {text == decoded}")

"oy
4

: Ryan Thomas Gosling

[82, 121, 385, 741, 296, 388, 71, 111, 115, 108, 279]

[IRIJ IF-, Ian . l-l-hlJ IDm , as . IGIJ o s 5 . |1lJ Iing-]

decoded : Ryan Thomas Gosling
len(encoded) : 11

len{decoded) : 18

original == decoded: True

Figure 1.1 - The result of using BPE on some arbitrary text.

As we can see, encoding is a list of token IDs. Some of those IDs are less than 256.

Those are the original ASCII tokens, and others are created by the BPE algorithm. For

example, "ing" is a single token and its id value is 279, "as " is aslo a single token.

For better results

, more sophisticated algorithms are used. They preprocess text with

regular expressions before tokenization, so, for example, words and punctuation are

not combined. Regular BPE might create such tokens: ", he", " There, " when a more

sophisticated BPE won’t.



OpenAl uses their own version of BPE tokenization with regex pre processing called
tiktokenizer [5]. It has an open API and a website that demonstrates how some

versions of the public gpt models work. Here are a couple of examples:

Add message Token count

12
Hello
Dog
Brother Hello
B?tmal:l Dog
Titanic
spider Brother
Batman
Titanic
Spider

13225, 198, 49080, 198, 185930, 198, 193533, 198, 161039, 2
91, 198, 105564

Figure 1.2 — Examples of gpt-4o0 tokenization of English words [5].

The above image is for gpt-4o0. As we see pretty much all the most used word in the
English language are are a combination of a single token. Even batman is a single
toke, titanic is 2 tokens long. This is the example of how well BPE can learn words,

especially if enough text is given.

But, English is the dominant language for the internet and the training set for open ai

models, what about other languages. Here 1s Ukrainian:



.T;"ken oung

22

Bitawn
Cobaka
Bpar
BETMEH
Tutanik
Naeyk

Bitan
Cobaka
BpaTt
BeTmen
TuTauis
MNasyx

3549, 13el5e, 1086, 198, 3043, 2083, 91074, 198, 5224, 670
4, 198, 5224, 1041, 9517, 198, 4426, 156212, 26001, 198, 31
18, 2936, 24846

Show whitespace

Figure 1.3 — Examples of gpt-40 tokenization of Ukrainian words [5].

As we see, for the same model, but different language, the same widely used word

now consist of multiple sub tokens.

This lack of knowledge will directly corelate to how well the model performs
generative tasks. Whitch is the selling point behind GPT models. Exactly the reason
why sometimes LLMs might perform better in English, especially the older versions.

This is not a problem for most use cases now, but its something to think about.

Another example of how tokenization might directly result in validity of generated

text is the python code.

GPT 2 model’s tokenization is also public on github. For it OpenAl decided to not
combine whitespaces into separate multi-white-space tokens. Whitch meant that gpt-2
did not have any sequences of only white spaces. Whitch is fine for most use cases,

but not for python code generation.



def test(): Token count
print(“Flopper™) 12

def test():
print ("Flopper™)

4299, 1332, 33529, 198, 220, 220, 220, 3601, 7203, 33574, 2
848, 4943

Figure 1.4 — Examples of gpt-2 tokenization of python code [5].

As we can see all the spaces are separate tokens, whitch might result in worse python

code generation for reason that will be talked about later.
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GPT-4 fixed this issue by changing the whitepsacing tokenization policy, allowing
sequenced of whitespaces to become separate tokens, therefore tabulation can be

represented as separate token in python instead of sequences of tokens:

Tokan count

def test():
pr\irt("FlO‘Jper"ﬂ
def test():
print("Flopper™)

755, 1296, 4019, 262, 1194, 446, 93387, 7067, 9@9

Show whitespace

Figure 1.5 — Examples of gpt-4 tokenization of python code [5].

Summary:

This chapter introduces the fundamental process of tokenization — the first important
step in processing language. Explained some basic tools like stemming, which
reduces words to their root forms; lemmatization, which maps words to their base
forms; and byte-pair encoding, which is used in modern state-of-the-art language

models.

Also, some concrete examples of how different tokenization approaches might affect
the end product were shown, based on the publicly accessible GPT-2 and GPT-4

language model tokenizers from the Tiktokenizer website [5].

11



Part 2 (N-gram models)

Huge chuck of today's NLP is based on modeling or classifying text. Modeling is a
task of predicting upcoming words based on previous words and classification is the
task of classifying text to be an instance of some class (e.g.: positive of negative,

spam or not, etc.).

For text generation, we want to be able to predict words based on some context. For
example if we have a sentence "People have been waiting for JAI to release for",
what word is most likely to come next? Lets say the word is "ages". This is the soul of

text modeling tasks and is usually represented using the following notation.
P("ages" | "People have been waiting for JAI to release for")

Starting to work on text processing requires at least some thinking about the nature of
text. All the text is produced by someone, with some idea behind it, at some point in
time. Languages change, dialects change, word meanings change, new words get
created, some get forgotten. All of those things add some complexity to the way we

should think about language processing.

From here, we shift our focus to the most basic type of word prediction, the purely

probabilistic model for text, called the n-gram model.

The nature of the n-gram models is based on the Markov assumption. This assumption
states that new words are only dependent on some previous set of words we call

context and not on the whole prior sequence.

12



Word probabilities are therefore calculated in the following way:
1. Original idea:

P(herewegoagain)
= P(here | <start>):-P(we | here) - P(go | we)

-P(again | go)

2. Markov assumption with context of 1:

P(new_word | here we go again) = P(new_word | again)

It is used as a base for the n-gram models. N-gram models are the most basic type of
models for a reason. They work directly with tokens and base the probability of the

upcoming words strictly on the text seen in the static context window.

The formula below calculates the probability of a word w,, being the next word for
context of a single word w,,_;, C(w; w,) is the count of times words w; and w,

appeared in the same context in the training text:

C(Wn—1 Wy)
Zw C(Wn—l W)

P(Wn | Wp_1) =

The above logic explains the process of calculating the probabilities of the upcoming
word for 2-gram models, also known as bigrams. The same logic can be applied to all

the other types of n-grams. The only difference is the size of context windows.

13



1 want to

i 3 640 0
want 1 0 470

to 2 0 4

Figure 2.1 — Example of bigram word-pair table.

In the figure 2.1 each cell represents the number of times the row words were the

context words for the column words. So the "i" was the context word for "want" 640

times.

Now it is possible to generate some text, purely on the statistical knowledge of word-
pairs from the bigram table.
But, there is a substantial problem. There will be valid word sequences that will never

be generated like "to want" because C("to" "want") is 0; therefore, any possible
sequence that has "to want" as a part of it can never be generated. Obviously, these
types of problems might not occur for such trivial and often used word sequences in a
model that has enough text to train on, but still, this leaves the model with a hole in
generation abilities. There are some techniques that deal with that, such as Smoothing,

Interpolation and Backoff.

Smoothing is a type of optimization where values for C(word, context) are
artificially increased to deal with the problem of 0 probability. For example, Laplace

smoothing(Add one smoothing) is the most straight forward one.

C(Wp_qwy) +1 _ C(Wp_ywy) +1
YWy yw)+1) Clwy_q) +V

PLaplace (Wn |Wn—1) =

V ->size of vocabulary

14



Interpolation deals with the problem of 0 probability differently. It focuses on creating
a final probability based on probabilities of different contexts. Here is an example for

a bigram model:

Plnterpolation(Wn|Wn—1) = )/1P(Wn) + VZP(Wnlwn—l)

Backoff is similar to interpolation; but, it does not consistently utilize different
contexts. Instead, backoft is employed exclusively in cases where a zero probability
occurs. In such situations, we revert to an n-gram model with a smaller context until

we arrive at one that yields a non-zero probability.

CWi—n+1:i)
Pg(Wi|wi_n41:i-1) = CWi—n+1:i-1)
YS(Wilwi_n42:i-1) otherwise

if count(wWi_y414) >0

Summary:

This chapter introduces the most basic, purely statistical text-generating model.
Explained the concept of context windows. Techniques like smoothing, interpolation,

and back-off that help n-gram models generalize better.

15



Part 3 (Word embeddings)

The main linguistic problem with regular statistical models like n-grams is that they
only imitate the most probable text based on the text they were trained on without
considering the words' unique meaning. To generalize better, we want to have
something that represents word meaning in some way. Let's say our model can
generate sequences like "The dog has to be fed," and the word "fed" was generated in
the context of "dog has to be". But, if we do not have enough examples for a word
like "cat", which would make complete sense in this case, our model might struggle to
generate it since it is purely statistical. Having "cat" and "dog" represented as

something similar would allow us to generalize and model language better.

So we need to work with word meaning in some way. The easiest way to do it is to
evaluate words based on some set of characteristics statically. One of the original
1deas was to discriminate between words based on their connotation, using three

values (valence, arousal, and dominance) [7].

Even with such a generic system, we can already capture the meaning of words since
each word 1s a 3D vector. (It is not the same meaning as in dictionaries, but by
clustering words in space, we can see something; call it meaning here.) Because of
this, words can be compared, therefore we can see synonymy and antonymy just

based on the Vector position of those words in their 3D vector space.

But we need a better way to represent words than just on some arbitrary, hand-crafted

set of 3 values.

16



Term-Term matrix.
It is a matrix of size V*V (V - vocabulary size), and it stores rows that represent how
many times each word from the vocabulary was in some arbitrary static context with

every other word in text.

cpu bread pie | fortnite
banana o 0 200 400 15
sugar .. 0 430 950 3
building ce 0 10 17 840

Figure 3.2 — Example of a term-term matrix.

We now have vector representations of words of size V. It gives us a picture of words
that occur within the context of other words. All of this is built on the premise that
surrounding words influence the meaning of other words. Now, having these vectors,
we can more accurately judge the similarity between word meanings since the word
vectors have more dimensions. Even from Figure 2.2 we can see that the word

"banana" is more similar to "sugar" than "building".

The main problem with the term-term matrix is that it is sparse and contains many

zero-value columns, which we would rather not to be the case.

Another word vector representation is called tf-idf (Term frequency-inversed
document frequency). We will not discuss them here since they are never used for
NLP tasks nowadays and have the same sparsity problem as term-term

vectors.

17



P.S. Term-term vectors are also never used, but they present both the nature of word
vectors and the sparsity issue, which are important to understand why the final version

of word vectors is as cool as it actually is.

So, we want to fix the sparsity issue and create dance vectors that theoretically store
word meanings. These vectors are called Embeddings. They are dense, usually 50-

1000 dimensions in size.

There are two generally different types of embeddings used: word2vec and BERT.
Word2vec is based on static word embeddings, whereas BERT has different
embeddings for words based on their surrounding context. This may result in better
representation since sometimes words might be used outside their regular context. For
example, "fire" in the sequence "LA files destroyed hundreds of homes" has a
negative connotation. Whereas the same word "fire" but in a sequence

"This Kanye’s album is fire" has a very different, even positive connotation. This
context-based difference in meaning might not be captured by regular static
embeddings, especially if the training texts were not chosen with this kind of example
in mind, making "fire" unlikely to appear in both contexts. (Especially since in most

corpora "fire" usually means something bad rather than good)

To manually create word2vec-like embeddings, we use a skip-gram embedding
algorithm. We first create two embedding tables of size V*d with some initial values,

where V is the vocabulary size and d is the chosen word vector size.

Both tables store a single embedding vector for each word from the vocabulary. The

first table stores embeddings for words when they are the target words, and the second

18



table for when they are the context words. Each embedding is initialized somehow,
and the values are adjusted to fit the loss function via training. So, both tables
(matrices) are of size V*d, where V is the vocabulary size and d is the arbitrarily

chosen embedding dimensions.

To adjust the embeddings, we move through text, and, at each point, we work with a
single target word and a set of context words. This algorithm assumes that the context

words do not have any positional meaning, so it treats them as a set of context words.

...Jon Bellion has not [released an album in more] than half a decade ...

Figure 3.3 — Example of a target word (in blue) surrounded by context words (in red)

within a fixed window, with non-context words (in black) shown outside the window.

We want the target word to be more like the neighboring context words and less like
the words that are not valid context words. We use dot product to calculate the
similarity of 2 embeddings. The higher the dot product value, the more similar two
words are. The lower the dot product, the more different the meanings of the words.
So now we have a base for a loss function. We want to maximize the similarity of the
target words relative to their similarity with context words and minimize the similarity
between target words and invalid context words. To do that, we use something called

negative sampling. We manually sample some noise words as invalid context words.

What do we want to achieve?
If we try to use already trained static word embeddings like "glove-wiki-gigaword-

100" [8], we can see words cluster nicely.

19



import gensim.downloader as api

model = api.load("glove-wiki-gigaword-100")
print(type(model))

[ ] 100.0%
128.1/128.1MB downloaded

<class 'gensim.models.keyedvectors.KeyedVectors'>

print(model["bread"]1[:5])
print(model["croissant"][:5])
print(model["london"][:51])

[-0.66146 0.94335 -0.72214 0.17403 -0.42524]
[-0.25144 0.52157 -0.75452 0.28039 -0.31388]
[ 0.60553 -0.050886 -0.15461 -0.12327 0.6627 ]

Figure 3.3 — Example of “glove-wiki-gigaword-100” word embeddings [8].

As we can see, the embedding vectors for words "Bread" and "croissant” are more

similar in the first 5 dimensions than "bread"” and "Lodnon", which would be

expected.

The following figure is an example of word meanings clusterization in space. The

word "bread" exists near words related to bread.

model.most similar("bread")

[('flour', 0.7654521465301514),
('baked', 0.7607272267341614),
('cake', 0.7605516910552979),
('loaf', 0.7457114458084106),
('toast', 0.7397798895835876),
('cheese', 0.737463653087616),
('potato', 0.7367483377456665),
('butter', 0.7279618382453918),
('potatoes', 0.7085272669792175),
('pasta', 0.7071877717971802)]

Figure 3.4 — Example of "glove-wiki-gigaword-100" word clusterization [8].
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The following figure poses the question:
"England to London is the same as Paris to what? " Using word embeddings, we
can answer that by doing some simple vector space geometry and looking up similar

embeddings from vocabulary via something like cosine similarity.

model.most similar(positive=["paris", "england"], negative="london")

[('france', 0.8000162243843079),

(

('italy', 0.6718133687973022),
('spain', 0.6684681177139282),
(‘lyon', 0.6396933197975159),
('match', 0.6387163400650024),
(‘french', 0.6371537446975708),
('portugal', 0.6350722908973694),
('belgium', 0.6339790225028992),
('argentina', 0.6298829317092896),
('marseille', 0.62220299243927)]

Figure 3.5 — Example of "glove-wiki-gigaword-100" word analogy [8].

We would first need a representative textual data set to learn word embeddings from
scratch. Preparing text is very important. Manipulation embeddings trained without
regex preprocessing might still result in accurate word meaning in space placements,
but there will be too many of the same word tokens that are only different due to
merged in punctuation. And ever though we can still perform the analogies and

synonymy, we might have a token redundancy issue.

We have to figure out what to do with punctuation and such. Usually, we learn
embeddings for tokens from vocabulary created by something like BPE. But we
should also have a second vocabulary for full words if we want to do some word
analogy and comprehensive word clustering. Those full word embeddings could then
be calculated by something like a vector mean over the token embeddings. For
example, if the word "building" is 2 BPE tokens, "build" and "ing". Both tokens have
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some embedding values. To create the embedding for the complete word 'building',
we combine these individual token vectors to produce a single vector of the same

dimensionality that represents the semantic meaning of the entire word 'building'.

The next few figures show how no regex preprocessing might result in redundant

tokens for custom word embeddings.

[('xogMTw', ©8.00000004@3053552), [('6paT', ©.0000007615814280),
('xogwuTh. ', B.9632251921588854), ('Bpat.', ©.9686229228973389),
{ "euwxoguTH’, 8.9412065774536133), {'OpaTamn’, ©.9476814971733893),
('xoguTume', B.9189841747283936), ('bpatie', ©.54583188133234975),

{'wkoguTw', ©.0888930862251282), {'OpaToel’, ©.94351929426159324),

( 'zawkoguTi', ©.87871253408448), {"TpaduTs', 6.8981544213204983),

{ 'eMxonuTH', B.8696615625953369), ('woTpa', ©.87535482645834792),
{"xogwe', B.8623732924461365), {'opatyeann’, @.8727647866116333),
( 'pozbuTux’, B.8578888177871784), {'opaTtyeatn', ©.8788306418571472),
('xopAT', ©.8578352028161621)] ('3aBTpa’, ©.8674534559249873)]

Figure 3.5 — Examples of full-word skip-gram embeddings for text with no regex

preprocessing and no punctuation issues.

[("hobbit', 1.8),
("hobbits', ©.9082370818588728),
("hobbiton', ©.83743447865353390),
("hobbit_', ©.8134421786199646),
(""hobbits"”, ©.8121212720870972),
("hobbit.'"™, ©.793827937412262),
("bree-hobbits', ©.792302131652832),
("hobbit.', ©.77644806508726318),
("hobbits.', @.7688093823300171),
("hobbit-holes', 8.7422468913658142) ]

Figure 3.6 — Example of full-word embeddings for text with no regex preprocessing

and a lot of redundant tokens due to punctuation issues.
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Summary:

This chapter explores a fundamental concept in NLP — word embeddings. It presents
various techniques for representing words as vectors and illustrates the functionality
of word2vec-like embeddings, showcasing the powerful capabilities they offer for
understanding and manipulating language. The chapter displays examples of self-
trained embeddings and highlights issues that arise when dealing with highly
punctuated text. Additionally, it discusses techniques to manipulate tokens for better

embeddings for those types of texts.
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Part 4 (Neural Networks, Feed-Forward)

The last chapter introduced the concept of word embeddings that, as was mentioned,
helps to generalize better, by using word meaning representations rather than words
themselves. To use those word embeddings effectively and therefore generalize over

meaning, we turn to machine learning once again.

Feed-forward networks for NLP classification.

The first thing we can do with a feed-forward network is to use it as a fancy text
classifier. For example, we could classify text as positive, negative or neutral. We
might handcraft some features that model will learn to classify text on. For example:
number of positive words, number of negative words, etc. Here, we should take the
same approach as we did with embeddings, and try to move away from handcrafting
anything. Instead, we might use already created static embeddings. By using them, we
are using a so-called transfer learning technique. Transfer learning is a technique
where a model developed for one task is repurposed as the starting point for a model
on a second task. Pretrained embeddings are used as the starting point. The model

now has the following structure:

Input

context ) .
Input context Embedding Hidden Qutput
words as
words Embeddings layer layer laye
banana B
& 7®
——+Postive
bread . . ———sMegative
. . L sNeutral
was .

Figure 4.1 — Example of a Feed-Forward word sequence classifier with a single

hidden layer.
24



Words are passed in and encoded into their embeddings representation. Polling is
something that, in this case, maps from the list of embeddings to a vector that
represents the input. Something like an average over embedding dimensions might be

used. That averaged vector is now the input to the feed-forward classification model.

Feed-forward Language Modeling

Language modeling is a process of predicting upcoming words. The network will be
able to predict words based on the context of previous words. The same way as with
n-grams it is using a static context window of size N, so the probability of word w;

after some context can be calculates with the formula below:
P(welwy, .,weq) = P(We|We_yyq, oy Weeq)

Neural language models represent words as embeddings; this positively affects
generalization since the model can work better with pairs (word, context) that it
might not have seen while training. The simplest example would be the sentence,
"Cat has to be fed". If we use this sentence in training, but then in testing

have "Dog has to be fed", the regular n-gram model will be able to predict "fed" after
"Cat has to be" (Context window of size four is used in this example), but might have
a problem predicting the exact word "fed" for "Dog has to be". A neural network, on
the other hand, might do a better job predicting "fed" since it works with word
meanings via embeddings and, therefore, will be able to generalize from "cat" to

"dog" since these two words have similar embedding vectors.
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The following figure shows the process of predicting a single word via a simple Feed-
forward neural network using pre-trained static embeddings with a context window of

three words.

Input context Embeddinga Hidden Qutput
words layer layer laye
banana .
. . L astronomy
bread — . .
. . —— Zelda
Was .

Figure 4.2 — Example of a Feed-Forward text generator with a single hidden layer.

Summary

This chapter explores the application of machine learning in NLP tasks,
highlighting classification and generation tasks that utilize feed-forward networks

with pretrained word embeddings as a key starting point.
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Part 5 (Recurrent Neural Networks)

The problem we are facing now is the fixed context window we have for our
generative models. Recurrent neural networks perform better in tasks where context
from far back might be crucial, by using the learned knowledge about the input from

previous hidden states to produce the output of the current hidden state.

-, .

Figure 5.1 — Recurrent network architecture.

RNNs for text classification:

L]
0

ITW 1
&

Figure 5.2 — RNN sequence classification architecture.

In this approach, the final hidden state h,, of the RNN serves a purpose of a better
summary representation of the input sequence and passed to a feedforward network
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for classification. While this captures information from the entire sequence, relying
solely on h,, can be limiting, as it may be biased toward more recent inputs in the

sequence.

Alternative strategies such as mean pooling or max pooling over all hidden states (h;
for all t) are commonly used to address this. These methods aggregate information
from all time steps, producing a more balanced representation that captures early and
late sequence features. This is particularly useful since RNNs struggle to retain long-
range dependencies due to vanishing gradients, making it challenging to

backpropagate effectively through long sequences.

RNN for text modeling:

New word went o grab

;;;;;;;;;;;;;

Vocabulary
projection

;;;;;;;;;;;;;

RNN

;;;;;;;;;;;;;

Input words

Figure 5.3 — RNN text modeling architecture.

RNNs perform better in text generation tasks for the same reason they perform better
in the classification tasks, they store long range context better than regular feed-

forward models with static context window.
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For text generation RNNs take in word embeddings as inputs and utilize both them
and the result of the previous hidden state. The output is a vector of size V

(vocabulary size) that represents the most probable next words.

Stacked RNNs

Stacked RNNs perform better than single-layer RNNSs. This is the same reason regular
NNs use more than one hidden layer. This allows the model to learn more high-level
features over time and therefore have better results. Since a single RNN layer is just a

more sophisticated hidden layer, using more of them allows for better results.

Figure 5.4 — Stacked RNN architecture
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Bidirectional RNNs

RNN  €—

Figure 5.5 — Bidirectional RNN architecture

Bidirectional RNNs can also be used for something like text classification. Different
directions of the layers allow for better long-sequence representation, since we are
working with 2 directions of learning, so both long range and short-range features get

more representation in the hidden layers.

LSTM

LSTM - Long Short-Term Memory is another, more sophisticated version of RNNss.
They consist of cells consisting of three different gates: the forget gate, the input gate,
and the output gate. LSTMs deal with the problem of vanishing gradient in long-range
sequences, by removing unimportant context. The forget gate serves as the eraser of
important information from the cell state. The add gate chooses what information to
add to the cell state for future calculations. The output state chooses what information

1s needed for the calculation of the current state.

These cells serve as a more sophisticated hidden layer inside a regular RNN.
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Referring to Figure 5.4, the green squares are the hidden states of a stacked RNN. In
an LSTS, these would be LSTM layer cells.

Summary:

This chapter introduces Recurrent Neural Networks (RNNs) and demonstrates their
applications in NLP tasks. Several RNN architectures are examined, including
standard RNNs, Bidirectional RNNs, and Stacked RNNs, LSTMs. The chapter
highlights how these specialized neural networks effectively process sequential data
by maintaining internal memory states, making them particularly suitable for NLP

problems.

Part 6 (Transformers — Attention 1s all you need)

Nowadays, every known text-generative Al is based on the transformer architecture
first presented in a paper published by Google in 2017. The paper "Attention is all you
need" introduces an architectural concept called "Attention." In language processing,
attention can be thought of as a way to build up contextual representation of meaning

over time, which is why it was used for text translation in the paper.

Why is attention useful? Let’s look at a sentence: "The dog didn’t eat the food
because it was too old. " As humans, we can easily tell what "it" refers to. But earlier
language models often had trouble understanding these kinds of references. Simple
embeddings like Word2Vec aren’t enough to handle this level of meaning — that's

where attention mechanism makes a big difference.

These examples demonstrate that words that help us understand the meaning of other

words can appear quite far apart in sentences or paragraphs. Transformers excel at
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creating contextual representations of word meaning by incorporating these helpful

contextual words, even when they're distant.

In a transformer model, we build increasingly rich contextual word embeddings layer
by layer. At each stage, the representation of a token combines its information from
the previous layer with information from surrounding tokens. This process creates
progressively more sophisticated contextual representations for each word at each

position.

Attention is a mechanism that figures out the importance of context words to the

target word.

The The
dog
didn't didn't
eat eat
the the
- =
because because
:Fl
&

Figure 6.1 — Illustration of what attentions tries to achieve.

This figure illustrates how a transformer builds up a contextual representation for the
token 'it' basing it of the whole prior context. The process draws on representations

from all previous tokens.
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The color intensity in the figure represents the attention distribution: "dog" and "food"
appear in darker colors, indicating they receive higher attention weights when
computing the representation for "it". This concentration of attention is crucial
because "it" ultimately refers to either "dog" or "food", and these strong connections

help the model resolve this coreference relationship correctly.

The process uses three important matrices:
1. Query (Q): Represents what the current token is "looking for" in the context
2. Key (K): Represents what each token in the sequence "offers" as context

3. Value (V): Represents the actual information the word contributes to the overall

representation.

For any input vector x;, these are computed as:

1. Q = x; * W@ (where W@ is the query weight matrix)
2. K= x; * WK (where WX is the key weight matrix)
3. V= x; * WY (where WV is the value weight matrix)

A single attention head process:

1. x; — current element, x; — some prior context.

2. Calculate Q, K, V matrices.

3. Get dot product between Q; and K;.

4. Normalize by dividing by the square root of the dimensionality of the
query and key vectors (dk).

5. Softmax.

6. Output head; is based on a dot product between a;; and V.
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7. Matrix W9 is used to reshape the output of the head to have the same

dimensionality as the inputs (x;).

The final set of equations for a single input vector X;:
= Q = . K = 14
Q= x;x W Ki= xjx W Vi=xjx W
QK

Jax

aij = Softmax (SCOT'G(Wi,Wj)) V] <i
headi = z OfijVj
j<i

a; = head;W°

score(xi,xj) =

8. Output of self-attention aj [1xd

7. Reshape to [1 x d] o/ id, xa
[1xd)

6. Sum the weighted
value vectors

[1=d] [1=d,)

5. Weigh each value vector
Qx4

4. Turn into a, , weights via softmax (O

3. Divide scalar score by /d; Jd J

2. Compare x3's query with é

the keys for x1, x2, and x3 A
[1xd] [1=d] [1xd)
1-anenate ® b @ b &5
key, query, value
vectors VMV VMV

&Y
A

<
>AE

@90 x, €90 x, @90 x,
[1=d] [1xd] [1=d]

where dj, is the dimensionality of Q and K
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Figure 6.2 — Process of calculating the third element using attention [10].

Transformers utilize the attention mechanism to build contextual representations;
everything else is similar to regular NNs. Therefore, a regular transformer Layer has
the following architecture:

1. Fist layer norm is used to normalize data to deal with better gradient calculation
later.

2. Attention.

3. Second layer norm is used to normalize data to deal with better gradient
calculation later.

4. Feed-forward layer.

By stacking multiple transformer layers and increasing the model's depth, we enable it
to learn more sophisticated features about the text. This approach produced the

following language modeling transformer design:

Next token long and thanks for all —
| | ! | ' 1 I
Loss |~ 198 Uiong| 108 Yuud | 108 Yrhanis] | — 108 Ytoc | | — 10g Yt e = 7 > Low

= (2)(2) @)
odeling =
e \fju ) ) (o7 ) e J v
, (=) (i == /1 3
Stacked t == —
e
Bocks | e | | e | | || == | | ==
— ) | —
x‘t X2 x3 x4
input & o f
Encoding /T\ : \ aa /—5—\ E
1 I
Input tokens S Iong and than ks
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Figure 6.3 — Transformer neural network architecture for language modeling [11]

Transformers can be used for way more than just language modeling. "Atten is all you
need" paper focused specifically on text language translation tasks and introduced two
different transformer blocks: Encoder and Decoder. The idea behind having two
different blocks is to first translate text’s meaing into some mathematical vector
representation, therefore encoder block. The decoder block then decodes the collected

knowledge into some other language.

For language modeling tasks, we only use the encoder part.

Summary:

This chapter introduced the revolutionary Transformer architecture that changed
modern Machine Learning and quickly became the go-to state-of-the-art design. It
explained the nature of attention and the key features that go into it. Some examples
of systems designed for producing new words based on learned information from text

using transformers were shown.
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Part 7 (Personal Attempts and Results)

This part is dedicated to my personal attempts to recreate some of the architecture

previously explained, mostly focusing on text generation.

Byte-Pair Encoding:

It started with regular byte pair encoding, which is explained in Part 1. There was not

much to see there since tokenization does not provide any value outside of the context

for which it is done. At first, a regular BPE tokenization with no regex preprocessing

was implemented. A couple of iterations were implemented to see how the original

text, from which the vocabulary is formed, influences the later tokenization of unseen

words, predominantly from other languages.

text =

iRE - HET - SRR (358 J1oses118125]- ) |

= encode(text)
= decode(encoded)

"text[:58]: {text[:58]}")

"len(test): {len(text.encode(encoding="utf-8"))}")
"len(encoded): {len{encoded)}")

"len(decoded): {len(decoded)}")

"decoded: {decoded}™)

‘original == decoded: {text == decoded}")

: as we see, the BPE is able to encode and decode text that it was not trained on.

chinese symbols are utf characters and take up more than 1 byte os space
bpe was not able to cut down the length,

because it can only merge pairs that it has isnide vocab
but it have no byte pairs for chinese symbols,

since it was trained on english text, therefore different byte pairs

Figure 7.1 — Example of BPE tokenization trained on English text and then applied to

text from another language. As a result, the byte length of the starting text and the

number of tokens produced remained the same.
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Embeddings:

To start of with embeddings, some pretrained publicly available embeddings were

used to understand the basic idea of them. In particular, "Glove-wiki-gigaword-100"

were used. After, a couple of iterations of training, embeddings were tested and later

utilized in generation tasks. First iteration was using tokens produced by the regular

BPE.

'momeptn’, 1.8),

', B.9734328424453735),
B.9567384123882185),
‘nomepna’, ©.9477687687841492),
‘nomepnu’, ©.9427328189741211),
‘momep. ", @.9414197286497192),
‘moMiTMTH', B.91546916596166992),
‘moMiTTH. ', 8.9883929557936808),
‘mikcepom. ', 9.2963825484388798),

‘momaxom’, ©.8949384223860688) ]

'MoMepTH.
‘nomep’,

e T T T T e T T T e T T ]

[

( "manTia’,
{ 'manTiamu’,
( 'manTiAx’,
( 'manTiAx.
MaHTiAmMK.

"MaHTin
"MaHTii
"MaHTig

i i B e R N |

‘MaHTiAx..
', ©.92960981692314148),
', B.9233766794284712),
', 8.9286645488739814),
‘MaHTik.

1.888888238418579),
8.9788421238316162),
8.9636458118889326),
', 8.9567160801833783),
', ©8.95475908817318726),
', ©.9496756792068481),

", B.9128558887187849) )

Figure 7.2 — Examples of word similarity, produced by custom word embeddings

trained on a Ukrainian version of Harry Potter books using skip-gram technique.

Tokens were created using vanilla BLE. Embeddings of the full words, were everaged

over the subtoken embeddings.

I
L

LiII"ISEE'll'IEr

3

seeing', 8.9528323),

8.39889%

'_see', ©.85852687),

EEEkE

Figure 7.3 — Example of word analogy ("play" — "playing" ==

L
L
('seething’, @. 83532154]:
\
(

B.8464993) ]

"see" — ?), produced

by the custom word embeddings trained on an English version of Harry Potter books,

using the same algorithms as in Figure 7.2.
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A later version of word embeddings utilized a sophisticated regex preprocessing using
the pretrained Tiktoken tokenizer "cl100k base" [6] used for the GPT-4 model. Better
results came with better tokenization, the most satisfying aspect is how the vectors

were able to capture the existence of prepositions nearby in space:

[(‘and', 1.8000001192092896),
(‘but’, ©.8101518154144287),
(‘so', ©.7278461456298828),
(‘so.", ©.7171671390533447),
(‘yeah.', ©.7127646207809448),
(‘you..', ©.7123894095420837),
(*nowhere’, ©.7033984613418579),
(‘vand', ©.7068924768447876),
('you', ©.6926586031913757),
(‘well.’, ©.692141056860791)]

Figure 7.4 — Example of prepositions being positioned closely in multidimensional

embedding vector space.

We can also see some flaws, like two different versions of "you" being close to "and".

This is not an issue since this was not a large dataset relative to the datasets used in

NLP.
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Feed-Forward:

Feed-forward models were manually tested but mostly skipped, just like n-grams,
since they serve more as a path to better architectures; therefore, more time was spent

on them.

RNN:

RNNs showed much promise. Unfortunately, I did not have enough computational
resources to conveniently train on sufficiently large training sets, so tiny datasets were
used. For this section, I used pretrained embeddings for tokens from a larger set of
Harry Potter books (735 000 words, 185 000 tokens, 100-dimensional embeddings).
The model used a regular stacked RNN architecture and a feed-forward layer at the
end to map into the vocabulary. (Refer to figures 5.3 and 5.4). Via training, I was able
to capture the development of model’s text generation abilities. The model went from

generating such text.

harry looked to a head and and harape’s and” from the base seed “harry” to generating

“harry woke them. He loocked down, down at his.

To generating such text:

harryappedly on a floor and his knees trembling and saw a bowl.

thely split exactly it, he was still too in a funny when he had a plan to stop to the

dumbledore's eyes's arms, which he looked at last, he
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As we can see, many words make sense and even make some sense in combination
with other words around them. The model was also able to mimic the structure of text.
Since most of the text had an empty line between sentences, the model learned to

insert new lines as well.

Also, I ran some testing using different generation hyperparameters. Since the model
is trained on a tiny dataset, if we only use the most probable next word, we will end

up with a sometimes repetitive, but pretty coherent text:

‘’'m ’ npt tp try, potter?

‘oh, 1’'m glad to be chess of the teachers championshit the gamekeeper. And 1’1l lose

you loads,” said hagrid, patting his crossbow.

If we sample a random word from the most probable list, we can see how the model

starts to generate increasingly incoherent text.

A lot of these issues can be fixed if a sufficiently large data set is used, which would
allow the model to adjust the weights better, and would also make the model have

more words to use. Better tokenization could also be used to deal with capital letters.
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LSTM:

As was expected, LSTM produced better text generation results than regular RNNS.

This time I used a larger data set. The same data set used for embedding training.

The model produced "harry had to a to be, and hariddle was a very room to a wand. "
after just a single epoch of training. With time, it started mimicking the text structure
more and getting complex grammar correct, for example, a sentence: "hagrid was still
looking at him. she had just forgotten her. ". Sometimes the model would still generate
weird words, like "harrycases”, but this was more due to tokenization and the minor
errors inside the dataset. There is still obviously a long way to go, since generated
sequences are sometimes not 100% valid, but the subsequences look a lot like real

text. Some examples of great sequence generations:

1. harry had to see it. But she had been in one of a very deal, and he was sure,
but the dambledore was going for the ministry

2. “well, you know,” he asked her voice to the gargoes

Transformers:

Transformers were not implemented, but some transformer architectures have been
reviewed, such as the character-level transformer from Andrew Karpathy [4]. It used
character-level tokens and broad context to learn how to model text. It showed that
transformers are so powerful that even character level is enough to generate valid text
sequences. If pretrained token embeddings are used, it should lead to legitimate

results.
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