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Introduction 

In recent years, artificial intelligence (AI) 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 AI 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. 
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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', 'o', ... 

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). 
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*The following explanation focuses on raw ASCII characters.                                                        

Byte-Pair encoding algorithm: 

1. Count the frequency of adjacent token pairs in the text. 

2. Find the most frequent pair. 

3. Merge this pair to create a new token.  

4. Add the new token to our vocabulary. 

5. 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. 
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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. 
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OpenAI 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: 

 

Figure 1.2 – Examples of gpt-4o tokenization of English words [5]. 

The above image is for gpt-4o. 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 is Ukrainian: 
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Figure 1.3 – Examples of gpt-4o 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 OpenAI 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. 
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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:  

 

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]. 
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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. 
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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 𝑤𝑛 being the next word for 

context of a single word 𝑤𝑛−1, 𝐶(𝑤1 𝑤2) is the count of times words 𝑤1 and 𝑤2 

appeared in the same context in the training text:                                                                             

𝑃(𝑤𝑛 | 𝑤𝑛−1) =  
𝐶(𝑤𝑛−1  𝑤𝑛)

∑ 𝐶(𝑤𝑛−1  𝑤)𝑤
 

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. 

 

 

 

 

 



14 
 

 i 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. 

𝑃𝐿𝑎𝑝𝑙𝑎𝑐𝑒(𝑤𝑛|𝑤𝑛−1) =  
𝐶(𝑤𝑛−1 𝑤𝑛) + 1

∑ (𝐶(𝑤𝑛−1 𝑤) + 1)𝑤
=  

𝐶(𝑤𝑛−1 𝑤𝑛) + 1

𝐶(𝑤𝑛−1)  +  𝑉
 

 V -> size of vocabulary 
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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:  

𝑃𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑖𝑜𝑛(𝑤𝑛|𝑤𝑛−1) =  𝛾1𝑃(𝑤𝑛) + 𝛾2𝑃(𝑤𝑛|𝑤𝑛−1)  

 

Backoff is similar to interpolation; but, it does not consistently utilize different 

contexts. Instead, backoff 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. 

𝑃𝐵(𝑤𝑖|𝑤𝑖−𝑁+1:𝑖−1) =  {

𝐶(𝑤𝑖−𝑁+1:𝑖)

𝐶(𝑤𝑖−𝑁+1:𝑖−1)
    𝑖𝑓 𝑐𝑜𝑢𝑛𝑡(𝑤𝑖−𝑁+1:𝑖) > 0

𝛾𝑆(𝑤𝑖|𝑤𝑖−𝑁+2:𝑖−1)     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                         

 

 

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. 
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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 

ideas 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 is 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. 
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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 … 0 200 400 15 … 

sugar … 0 430 950 3 … 

building … 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.                                                                                                                                                                                             
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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 
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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. 
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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. 

 

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. 

 

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. 

 

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

preprocessing and no punctuation issues. 

 

 

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:  

                         

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

hidden layer. 
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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 𝑤𝑡 

after some context can be calculates with the formula below:  

𝑃(𝑤𝑡|𝑤1, … , 𝑤𝑡−1) ≈ 𝑃(𝑤𝑡|𝑤𝑡−𝑁+1, … , 𝑤𝑡−1) 

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.  

 

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: 

 

Figure 5.2 – RNN sequence classification architecture. 

 

In this approach, the final hidden state ℎ𝑛 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 ℎ𝑛 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 (ℎ𝑡 

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: 

 

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 RNNs. 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 

  

                                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 RNNs. 

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 

is 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 is all you need) 

Nowadays, every known text-generative AI 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.  

 

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 𝑥𝑖, these are computed as: 

1. 𝑄 =  𝑥𝑖 ∗  𝑊𝑄 (𝑤ℎ𝑒𝑟𝑒 𝑊𝑄 𝑖𝑠 𝑡ℎ𝑒 𝑞𝑢𝑒𝑟𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 𝑚𝑎𝑡𝑟𝑖𝑥) 

2. 𝐾 =  𝑥𝑖 ∗  𝑊𝐾  (𝑤ℎ𝑒𝑟𝑒 𝑊𝐾  𝑖𝑠 𝑡ℎ𝑒 𝑘𝑒𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 𝑚𝑎𝑡𝑟𝑖𝑥) 

3. 𝑉 =  𝑥𝑖 ∗  𝑊𝑉  (𝑤ℎ𝑒𝑟𝑒 𝑊𝑉  𝑖𝑠 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑤𝑒𝑖𝑔ℎ𝑡 𝑚𝑎𝑡𝑟𝑖𝑥) 

A single attention head process: 

1. 𝑥𝑖 – current element, 𝑥𝑗 – some prior context. 

2. Calculate Q, K, V matrices. 

3. Get dot product between 𝑄𝑖 and 𝐾𝑗 . 

4. Normalize by dividing by the square root of the dimensionality of the 

query and key vectors (dk). 

5. Softmax. 

6. Output ℎ𝑒𝑎𝑑𝑖 is based on a dot product between 𝛼𝑖𝑗 and 𝑉𝑗 . 
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7. Matrix 𝑊𝑂 is used to reshape the output of the head to have the same 

dimensionality as the inputs (𝑥𝑖). 

 

The final set of equations for a single input vector 𝑥𝑖:  

𝑄𝑖 =  𝑥𝑖 ∗  𝑊𝑄       𝐾𝑗 =  𝑥𝑗 ∗  𝑊𝐾       𝑉𝑗 =  𝑥𝑗 ∗  𝑊𝑉 

𝑠𝑐𝑜𝑟𝑒(𝑥𝑖 , 𝑥𝑗) =  
𝑄 ∗  𝐾

√𝑑𝑘

      𝑤ℎ𝑒𝑟𝑒 𝑑𝑘  𝑖𝑠 𝑡ℎ𝑒 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 𝑜𝑓 𝑄 𝑎𝑛𝑑 𝐾 

𝛼𝑖𝑗 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑠𝑐𝑜𝑟𝑒(𝑤𝑖 , 𝑤𝑗))      ∀𝑗 ≤ 𝑖  

ℎ𝑒𝑎𝑑𝑖 =  ∑ 𝛼𝑖𝑗𝑉𝑗

𝑗≤𝑖

 

𝑎𝑖 =  ℎ𝑒𝑎𝑑𝑖𝑊𝑂 
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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: 
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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.  

 

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.  

  

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. 

 

 

Figure 7.3 – Example of word analogy ("play" → "playing" == "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:  

 

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: 

============================================================= 

‘i’m ’ npt tp try, potter? 

‘oh, i’m glad to be chess of the teachers championshit the gamekeeper. And i’ll 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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11.  Figure 6.3: Transformer neural network architecture for language modeling. 

[Adapted from Jurafsky & Martin (2021, p. 211)] 

 


