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Overview of the book

Inside the prompt dives deep into the overlooked backbone of
Generative Al: Tokens.

While much attention is given to models and prompts, the true
control lies in how tokens are counted, compressed, priced, and
optimized. This book is a complete guide for developers,
architects, Al product managers, prompt engineers and curious
minds to understand how tokens shape the behaviour, cost, and
output of today’s LLMs like GPT, Claude, Gemini, DeepSeek,
etc.






Target Audience

Target audience can be many, but to explicitly mention here are
the following target audience:

Al Developers using OpenAl, Anthropic, Gemini, HuggingFace,
DeepSeek, etc.

Product Managers launching GenAl powered features.
Prompt Engineers optimizing output and performance.

Data Scientists and Engineers exploring token-efficient
workflows.

Tech-savvy readers curious about how GenAl works under the
hood.
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Part1:

Foundation and Background
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Introduction to GenAl Tokens

Introduction

Generative Al has exploded onto the scene, transforming various
industries and redefining what is possible with artificial
intelligence. The central core point of Al progress is the concept
of the “Token”, a fundamental building block enabling these
powerful systems to learn, generate and interact with data.

Back in the early 2000s in India, the internet had already started
making its way into our lives, but mobile payments were still a
distant dream. I remember how I used to visit government offices
or eSeva centres, places set up to handle all kinds of public utility
payments, like electricity bills, water bills, property tax payments,
etc. As I stepped in, the first person I'd meet was the security
guard. He’d hand me a small cardboard token, usually with a
number scribbled on it by hand. I'd then wait my turn patiently,
watching the queue slowly move forward. The guard would keep
an eye on the counters, and whenever one became available, he’d
call out the next number loudly, signalling the person holding
that token to step up and get their bill processed.
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Image Source: https://logisticsmgepsupv.wordpress.com/2018/04/22/queuning-
management-system-in-banks/

As you can see, those simple cardboard tokens played a crucial
role in managing the queue, ensuring that everyone was served in
an orderly, first-come, first-served manner. Each token
represented a place in line, a right to access a service at the
appropriate time.

I'll be using this real-world example throughout the book to help
you better grasp how tokens work in the world of Generative Al.
While the context is different, the underlying idea remains the
same: tokens help manage, organize, and process information in
a meaningful sequence.

This chapter provides an introduction to generative tokens,
exploring the core concepts, historical evolution and their
profound significance in the ever-evolving landscape of Al

3 | Mastering The GenAl Tokens (Volume 1)



1.1 Core Concepts and Definitions

1.1.1 What are Al Tokens

Unlike cryptocurrencies, Al tokens are not units of digital
currency. Instead, they are discrete units of information
representing specific elements within a generative Al model.
These elements can take many forms, depending on the models

architecture and purpose.

e“q
W
(‘0 . 5““ T ()ke“?
® $100
okeq .
He]lo

In large language models (LLMs), tokens might represent
individual words, sub-words, or even characters. In image
generation models, tokens could correspond to features like edge,
textures or shapes (as shown below for better visualization).
Essentially, the tokens are the atomic units that Al uses to
process, understand and generate information. They are the

language that Al speaks.

Figure: Edges [1], Texture [2] and Shapes [3]
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[1] Image Source: https://www.pinterest.com/pin/35-cute-dinosaur-coloring-pages-with-
instant-download--260434790944215455/
[2] Image Source: https://freepik.com/
[3] Image Source: https://freepik.com/

1.1.2 Core Concepts

Several core concepts underpin the function and significance of
Al tokens.

1.1.2.1 Tokenization

This is the process of breaking down raw data (text, images,
audio, video, etc) into individual tokens. The choice of
tokenization strategy significantly influences the model’s
performance. For example, sub-word tokenization in LLMs
allows the model to handle unseen words more effectively than a
word-based approach.

In our real-world example mentioned earlier about the queue in
government offices, each cardboard token had a unique number.
This uniqueness was essential, when the guard called out a
number, there had to be no confusion about who should step
forward. It ensured smooth, conflict-free processing.

Similarly, in the world of Generative Al, a component called the
tokenizer performs a comparable role. It breaks down input data,
whether it is a text, code, or other forms, into smaller units called
tokens. Each of these tokens is assigned a unique identifier,
allowing the model to understand, process, and generate content
with clarity and precision.

Based on the tokenizer used, tokens can be words, subwords,
characters, special characters or punctuation marks.

1.1.2.1.1 Word Tokens

Consider any text, say “Hello, world!” Each word in this text is a

token.
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Hello, world! —p Hello, + world!
— Hello + , +| world + !
Tokenization of this text results in [“Hello”, “,”, “world”, “!”]

Token count = 4

Total characters = 13

You can see that the phrase or sentences are divided into words
and even special characters are separated. Each special character

becomes a token.

® Think

What happen to the space? Is it not a special character? Is it
not a token? Is this included with any word: Hello or world?

1.1.2.1.2 Subword Tokens

To cover the vast vocabulary, the words are broken down into

smaller words.

Consider “indivisible”,

tokenization of this results in [“ind”, “iv”, “sible”]

Token count = 3
Total characters = 11

1.1.2.1.3 Character Tokens

Sometimes individual characters are considered as tokens.
Depends on the tokenizers approach such as large data sets of

Chinese or Arabic or Hindi
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Consider “hello world” in Hindi as %T’ﬁ s
Tokenization results are [“8”, ST A G s “i87
Token count = 6

Total characters = 11

1.1.2.1.4 Unicode / Byte Tokens

Consider emoji of hand icon @

The emojis can be split into many tokens involving the
underlying bytes and so bytes are considered as tokens for these
icons

Tokens count = 4
Total characters = 4

1.1.2.1.5 Sequence Group Tokens

Consider sequence of characters written next to each other such
as “1234567890”

Tokenization groups few of these characters and
results in {“1237, “456”, “789”, “0”]

Token count = 4

Total characters = 10

1.1.2.1.6 Token Embeddings

Once tokenized, each token is assigned a numerical vector
representation called an embedding. This embedding captures
the semantic meaning and context of the token within the data.
Tokens with similar meanings will have similar embeddings,
allowing the model to understand relationships between different
parts of the input.

Consider the sentence: “I am learning and playing with GenAl”
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Tokens: I, am, learning, and, playing, with, GenAl

If the dictionary of these words is prepared, each word will be
given a unique number as identifier.

I 1
am 2
learning 3
and 4
playing 5
with 6
GenAl 7

I am learning and 1.2.3.4.5.6.7
playing with GenAI o 11254567

I am learning GenAl —> [1,2,3,7]

The sentence can be represented using tokens as [1, 2, 3, 4, 5, 6,
7]

Consider sentence: I am learning GenAl, tokens are represented
as[1,2,3,7]

Consider sentence: I am playing with GenAl, tokens are [1, 2, 5,
6, 7]

Now these vector tokens are used as input to algorithms to create
a continuous vector in high-dimensional space that are called

embeddings.

Vectors [1, 2, 3, 7] will be transformed to embedding matrix in
space dimension of 4 as follows:

8 | Mastering The GenAl Tokens (Volume 1)



[[0.236, -0.141, 0.000, 0.045],
[0.006, 0.652, 0.270, -0.556],
[0.305, 0.569, -0.028, 0.496],
[0.406, -0.252, 0.870, 0.006]]

These numerical representations of tokens that includes semantic

meaning are the embeddings.

1.1.2.2 Vocabulary

The set of all unique tokens that a model understands constitutes
its vocabulary. The size of the vocabulary impacts the model’s
ability to handle diverse data. Large vocabularies allow for more
nuanced understanding but increase the computational
demands.

As mentioned in above example, the vocabulary of unique words
are listed with unique token number in a dictionary.

1.1.2.3 Context Window

In many Al models, the number of tokens the model can process
simultaneously is limited. This limit is referred to as the context
window. The size of the context window affects the model’s
ability to understand long-range dependencies in the data.

112120 |3 (46 | 13129 | 1124 |57 9|5|3

Context Window

Consider the real world example of that queue in government
office, there are 2 counters or persons to serve and many people
are waiting in the queue. Only 2 persons are served at the same
time as there are 2 counters. In such case, the context window is
2. If the counters are 4 to serve the people, the context window
will be 4.

9 | Mastering The GenAl Tokens (Volume 1)



1.2 Historical evolution of Tokenization in Al

The concept of tokenization is not new, having roots in natural
language processing (NLP) dating back several decades. Early
approaches relied on simple word-based tokenization. However,
the limitations of this approach particularly its inability to handle
unseen words and morphological variations, which led to the
development of more sophisticated techniques.

The rise of sub-word tokenization methods such as Byte Pair
Encoding (BPE) and WordPiece, marked a significant
advancement, enabling more robust and flexible language
models. The ongoing evolution focuses on improving efficiency,
handling multilingual data and incorporating contextual
information more effectively.

1.3 Significance of tokens in generative systems

The significance of tokens in generative Al cannot be overstated.
They are the crucial link between raw data and the sophisticated
intelligence exhibited by these models.

Why Tokens are important?

It affects Processing Cost, Latency and Cost Efficiency. If the
large number of tokens are used, it will increase processing time,
latency and cost.

Their proper handling directly impacts model performance,
scalability, interpretability, and generalizability.
1.3.1 Model Performance

Appropriate tokenization and embedding techniques are
paramount for achieving high accuracy and fluency in generated
outputs.

10 | Mastering The GenAl Tokens (Volume 1)



1.3.2 Scalability

Efficient tokenization algorithms are essential for scaling Al
models to handle massive datasets.

1.3.3 Interpretability

Analyzing token embeddings can provide insights into how the
model understands and processes information.

1.3.4 Generalizability

Effective tokenization allows models to generalize to unseen data
and domains more effectively.

1.4 Book Overview and Roadmap

This chapter provides a high-level roadmap of the book, outlining
the major topics explored in Part I and Part II, and describing
how later volumes will extend these foundations.

Part I: Foundation and Background

Part I establishes the conceptual and historical groundwork
needed to understand modern tokenization in Generative Al.

It begins with the core definitions and evolution of tokens,
explaining why they are fundamental to all generative systems.
The section then traces the development of generative models,
focusing on key architectures such as Transformers and Diffusion
Models, and highlights the central role tokens play in enabling
these models to process, represent, and generate information.

Finally, Part I provides a deep dive into the anatomy of a token,
exploring its structure, representation, types, and the progression
toward finer-grained tokenization approaches.

11 | Mastering The GenAl Tokens (Volume 1)



Part II: Tokenization Fundamentals

Part II builds on the foundational concepts by introducing the
mathematical ~and algorithmic principles that govern
tokenization.

It begins with the theoretical underpinnings—information
theory, compression principles, and statistical reasoning—that
inform how tokens are constructed.

The section then examines major tokenization algorithms,
including BPE, WordPiece, SentencePiece, unigram models, and
byte-/character-level approaches, comparing their mechanisms
and trade-offs.

It concludes with a dedicated exploration of token vocabularies,
explaining how vocabularies are created, optimized, expanded
with special tokens and control codes, and tuned to handle
formatting, whitespace, and punctuation.

Future Parts (in Subsequent Volumes)

Later volumes will build on these foundations to cover more
advanced topics, including:

e Type of tokens,

e Tokenization for multimodal and cross-lingual systems
e Advanced vocabulary optimization

e Practical engineering for large-scale tokenization

e Tokenization impacts on training dynamics and model
behavior

e Emerging research directions and next-generation token
systems

12 | Mastering The GenAl Tokens (Volume 1)



1.5 Summary

Generative Tokens are not digital currencies, but an atomic unit
that Al uses to process, understand and generate the information.

Tokenization is the process of raw data of any type: text, image,
audio, video, etc.

We discussed tokenizer results of different text and how it
prepares the tokens for words, subwords, special characters,
Unicode characters, etc.

Embedding is the numerical vector representation of a token.
Tokens that have similar meaning will have similar embeddings.

Significance of GenAl tokens cannot be neglected as their proper
handling can impact the model performance, scalability,
interpretability and generalizability.

Understanding generative tokens is crucial to grasping the inner
workings of generative Al. As the field continues to rapidly
evolve, the development of even more sophisticated tokenization
strategies will play a vital role in unlocking even greater potential
in artificial intelligence.

13 | Mastering The GenAl Tokens (Volume 1)



Background of Generative Al

2.1 Evolution of Generative Al Models

Few branches have fascinated and increased curiosity as
Generative Al in the ever-evolving landscape of artificial
intelligence. From the past 2 centuries, the journey of Gen Al has
been fascinating and extraordinary.

This section will cover the journey through history that witnessed
the birth of innovative concepts and emerged as Gen Al across

industries.

It all started from Year 1805 with First Neural Network / Linear

Regression, to this year 2025 progressing a lot for past 5 years
with releases of ChatGPT, Bard, Llama, Mistral, Qwen,
DeepSeek, etc

This book will not cover entire timelines, for more details and list
of achievements in Al, please refer [1].

Here are few earliest years, important and recent achievements
in Al

Year 1805: First NN / Linear Regression
Year 1925: First RNN Architecture

14 | Mastering The GenAl Tokens (Volume 1)



Year 1943: Introduction of Neural Nets

Year 1965: Deep learning

Year 1991: First Transformers

Year 2015: Diffusion Models

Year 2017: Transformers

Year 2018: GPT, BERT

Year 2022: DALL-E, Stable Diffusion, ChatGPT, Perplexity
Year 2023: GPT-4, Bard, Llama, Anthropic Claude, Gemini
Year 2025: DeepSeek

2.2 Key Architectures: Transformers, Diffusion models

Generative Al has revolutionized the creation of content with key
architectures like Transformers and Diffusers at its core.

Transformers introduced by Vaswani, utilize self-attention
mechanisms to process data efficiently, allowing models to
understand context and relationships in sequences.

Meanwhile, Diffusers utilize stochastic processes, generate high
quality outputs by gradually refining noise.

Together, they form the backbone of modern generative models,
enabling unprecedented creativity and innovation.

Transformers were introduced in 2017, represent a paradigm
shift in sequence modelling. Their main innovation lies in the
attention mechanism. This mechanism gives important to
various parts of input sequence while processing each element of
input and so it has eliminated the limitations of earlier recurrent
neural network (RNN) architectures to handle long-range
dependencies in sequential data.

15 | Mastering The GenAl Tokens (Volume 1)



Diffusers main principle is to gradually transform the data into
noise and subsequently learning the process to generate new
samples. It involves two-phase mechanism: forward and reverse
diffusion processes.

For more details on these architectures, please visit the reference
[2] given at the end of this book.

2.3 Role of tokens across model types

The tokens are major building blocks of any model. Models like
ChatGPT, Gemini, MetaAl, Claude uses tokens to process and
generate language.

Each model have their own ways of tokenization that results in
difference of token count. Even the purpose of processing tokens
in these models may differ such as generating text, searching data,
translating text, etc.

In transformer models like GPT and BERT, tokens form discrete
sequential inputs that flow through attention mechanism. Each
token will attend to others within the context window.

Diffusion models for image generation operate differently using
tokens to represent quantized latent states during the denoising
process, while models like DALL-E and Stable Diffusion leverage
tokens to bridge text prompt with visual generation.

2.3.1 ChatGPT (from OpenAl)

ChatGPT uses tokens to process and generate conversational
text. The tokenization strategy allows it to handle diverse
language inputs and generate human friendly text.

Multimodal models such as GPT-4V uses language tokens and
visual tokens interaction within same computational space
despite originating from entirely different sensory domains.

16 | Mastering The GenAl Tokens (Volume 1)



Whisper model, an autoregressive audio model, uses tokens to
capture sequential patterns in audio speech.

2.3.2 Gemini (from Google)

Gemini, previous known as Bard, uses tokens to enhance its
performance in search tasks and generate conversation Al. It can
provide accurate and real-time information leveraging its
extensive data and search capabilities.

MusicLM  model generate high-fidelity music form text
descriptions. It uses tokens to find the patterns in sound.

2.3.3 Llama (from MetaAl)

MetaAl models use tokens to process large-scale language data
enabling them to perform well in image captioning and
multilingual translation. It demonstrates the versatility and
power of token-based Al systems.

2.3.4 Claude (from Anthropic)

Claude uses tokens to facilitate safe and reliable Al interations.
It focuses on ethical Al development and ensures tokenization
helps maintain context and coherence while adhering to safety
guidelines.

2.4 How tokens enable generative capabilities

Tokens serve as fundamental blocks in the realm of generative
systems. By encoding the information as discrete units, tokens
allow models to process and synthesize the huge amount of data
efficiently.

Each token carries meaning, enables the understanding and
creativity.
2.4.1 Granularity

Granularity of tokens can vary based on different models
tokenization strategy. As mentioned earlier, tokenization of text
can be a word, subword, or character-level.
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2.4.2 Contextual Flexibility

Tokens allow models to understand the context by breaking
down text into manageable pieces. It enables model to generate
coherent and contextually relevant responses.

2.4.3 Efficiency

Tokenization strategy improves processing efficiency. Models
can handle large text inputs more effectively, optimizing both
training and inference processes.

2.5 Summary

The universal adoption of token based architectures across the
diverse models underscores their unique ability to transform
continuous, analog human experiences into discrete units that
machines can process mathematically functioning as “common
currency” of generative Al.

We have learnt the background of models, the main architectures
such as transformer and diffusers, in this chapter.

We also learnt the purpose and enabling of models vary as per
their strategy of tokenization for generative capabilities.
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The Anatomy of a Token

3.1 Structure and representation of Tokens

We’ve already introduced these ideas in Section 1.2.2: Core
Concepts and Section 1.2.2.1: Tokenization. Now, let’s dive a bit
deeper with more detailed explanations, practical examples, and
some simple exercises to help solidify your understanding.

Before any text is processed by a generative Al model, it must
first be tokenized. This means breaking the text down into
smaller, structured units as tokens that the model can understand
and work with. These tokens must follow a specific structure that
aligns with the model’s internal dictionary.

Think of each token as a key-value pair: the value is a piece of the
original text, and the key is a unique identifier assigned by the
model. Let’s take a basic example:

Suppose the input text is: “hello world!”

Now, imagine the model’s internal dictionary looks like this:
{“17: “a”, ..., “1237: “hello”, ..., “3417: “world”, ..., “4527: “I”,
.
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Based on this dictionary, the tokenization process would result

in:
[ )
[ )
[ ]

Tokens: [“hello”, “world”, “!”]
Token IDs: [“1237, “3417, “452”]
Token Count: 3

Total Characters: 12

This simple structure allows the model to efficiently process and

generate text, one token at a time, using these unique identifiers.

3.1.1 Exercise for you:

Find the number of tokens and token IDs for the following text

—

2
3.
4
5

6.

“Hello World” in ChatGPT

. “hello world” in ChatGPT

“world” in ChatGPT

. “world” in ChatGPT

“world “ in ChatGPT

«w o«

a single space in ChatGPT

Hint: Use this tool: https://platform.openai.com/tokenizer

3.1.2 Answers

Note: These answers are tested in April 2025 using the OpenAl
tokenizer for the model “GPT-40 & GPT-40 mini”

1) “Hello World”

Token Count = 2

Total Characters = 11
Tokens = [“Hello”, “ World”]
Token IDs = [13225, 5922]
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2) “hello world”

Token Count = 2
Total Characters = 11
Tokens = [“hello”, “ world”]

Token IDs = [24912, 2375]

3) “ world”

Token Count = 1
Total Characters = 5
Tokens = [“ world”]

Token IDs = [2375]

4) “world”

Token Count = 1
Total Characters = 5
Tokens = [“world”]

Token IDs = [24169]

4) “world ”

5) «w »

Token Count = 2
Total Characters = 6
Tokens = [“world”, “ “]

Token IDs = [24169, 220]

Token Count = 1
Total Characters = 1

Tokens = [“ 7]
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Token IDs = [220]

3.1.3 Observations

Were you able to complete above exercise, can you find the
differences?

3.1.3.1 Case Sensitivity

Uppercase and lowercase characters word are treated as different
tokens. Each token has its unique token ID.

“Hello” # “hello”
“World” # “world”

3.1.3.2 Whitespace is also tokenized

Space between words are part of the token

1

“world” = “world”

3.1.3.3 Individual Space

Even individual space is considered as single token.

3.1.3.4 Whitespace prefix and suffix
This is different variation of understanding the tokenization

strategy.

If the word is prefixed with whitespace, it is considered as one
token.

If the word is suffixed with whitespace, it is considered as two
tokens.

3.2 Types of Tokens: Word-level, Subword, Byte-level,
Character-level

Based on the tokenization strategy of models, the types of tokens
are described below:
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3.2.1 Word Tokens

As we have covered in section 3.1, you have got better
understanding of word tokens. Each word in the text is a token.

Let us do more exercises to understand further.

3.2.1.1 Exercise for you

Find the number of tokens and token IDs for following text
I. “I am an architect”
2. “I am a/an architect”
3. “ architects”
4. “architects”
5. “one of the architects”

3.2.1.2 Answers
1) “I am an architect”
Token Count = 4
Total Characters = 17
Tokens = [“I”, “ am”, “ an”, “ architect”]
Token IDs = [40, 939, 448, 13650]
2) “I am a/an architect”
Token Count = 5
Total Characters = 19
Tokens = [“I”, “ am”, “ a”, “/an”, “ architect”]
Token IDs = [40, 939, 261, 113379, 13650]
3) “ architects”

Token Count = 1

Total Characters = 11
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Tokens = [“ architects”]
Token IDs = [79468]
4) “architects”
Token Count = 2
Total Characters = 10
Tokens = [“architect”, “s”]
Token IDs = [146438, 82]
5) “one of the architects”
Token Count = 4
Total Characters = 21

Tokens = [“one”, “ of”, “the”, “ architects”]

Token IDs = [690, 328, 290, 79468]

3.2.1.3 Observations
3.2.1.3.1 Special Character Prefix

Sometimes the special character prefix of a word can be
considered in single word as 1 token.

As we have seen in above exercise that “/an” is considered as one

token

3.2.1.3.2 Whitespace Prefix in Plural word

Text having “ architects” is considering this word with whitespace
and plural word as one token

3.2.1.3.3 Plural Suffix

If the plural word is used without any sentence then it will be
considered as two tokens.
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As shown above, “architects” as single word usage will be
considered as two tokens: “architect” and “s”

3.2.2 Subword Tokens

Let us deep dive with more exercises

3.2.2.1 Exercise for you

Find the number of tokens and token IDs for following:

1. “undivided”

2. “unhappiness”
3. “abcd”

4. “abcde”

5. “hooked”

3.2.2.2 Answers
1) “undivided”

Token Count = 3

Total Characters = 9

Tokens = [“und”, “iv”, “ided”]

Token IDs = [980, 349, 6350]
2) “unhappiness”

Token Count = 3

Total Characters = 11

Tokens = [“un”, “h”, “appiness”]

Token IDs = [373, 71, 117779]
3) “abed”

Token Count = 1

Total Characters = 4
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Tokens = [“abcd”]

Token IDs = [1152936]
4) “abcde”

Token Count = 2

Total Characters = 5

Tokens = [“abc”, “e”]

Token IDs = [26682, 613]
5) “hooked”

Token Count = 2

Total Characters = 6

Tokens = [“hook”, “ed”]

Token IDs = [36749, 295]
3.2.2.3 Observations
3.2.2.3.1 Division of words

If the mentioned words are not found in the tokenizer dictionary
then it is divided into multiple words as subwords.

We have seen “hooked” is tokenized into “hook” and “ed”

3.2.2.3.2 Possibility of 3 characters max

If any word is not found dictionary then it starts checking with 3
characters consideration as token to match.

Consider “undivided”,
First step: It divides into sub words as “und”, “ivided”
It matched first word “und”, so it will be considered as first token

Second step: it divides “ivided” into “iv” and “ided”
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It matched “iv” and “ided”, considering these as second and third

token
Consider another exercise “abcde”

It cannot find full word as “abcde” then it forms subwords as
“abc” and “de”

3.2.3 Character Tokens

3.2.3.1 Exercise for you

Find the number of tokens and IDs for following
1. ZELf (Chinese simplified, in English “hero”), use GPT-3

2. BB (Chinese simplified, in English “hero”), use GPT-3.5
& GPT-4

3. ZEBf (Chinese simplified, in English “hero”), use GPT-40
& GPT-40 mini

3.2.3.2 Answers
1) “HEh”
Token Count = 5
Total Characters = 2
Tokens = uses 5 bytes
Token IDs = [164, 233, 109, 37239, 226]
2) “BEIfE”
Token Count = 3

Total Characters = 2

= « «
Tokens = [“&&”, “”, “”] uses 1** character and second one

as 2 bytes
Token IDs = [83947, 25132, 226]
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Token Count = 1
Total Characters = 2
Tokens = [“ZEhf"]
Token IDs = [122969]
3.2.3.3 Observations
3.2.3.3.1 Every model token ID differs

As per above exercise, it is clear that every model uses different
tokenizer strategy. As the models are evolving and improving
support of more vocabularies, the tokens can be reduced with
improved tokenization strategy.

3.2.3.3.2 Each character can be a token

If the model does not include vast vocabulary, then it will divide
the words into characters and each character will be considered
as token. This is seen in exercises that uses older model of GPTs.

3.2.4 Unicode / Byte Tokens

3.2.4.1 Exercise for you

Find the number of tokens and token IDs for below emojis
1. e
2. O
3.

3.2.4.2 Answers

1o

Token Count = 2

Total Characters = 2
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Tokens = uses 5 bytes
Token IDs = [31683, 142810]
2) ©

Token Count = 1

Total Characters = 2

Tokens = [“Q7]
Token IDs = [116548]
3)©

Token Count = 1

Total Characters = 2

Tokens = [“©”]

Token IDs = [102630]
3.2.4.3 Observations
3.2.4.3.1 Unicode characters

If the model tokenization has considered emojis then it will
consider it as single token.

If the emoji is not available in dictionary, then it will consider the
number of bytes used for that emoji. First exercise in this section
shows the token count uses the number of bytes for that emoji.

3.2.5 Sequence Group Tokens
3.2.5.1 Exercise for you

Find the number of tokens and token IDs for the given below
1. “12345”
2. “abcde”
3. “abcdefghijk”
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3.2.5.2 Answers
1) “12345”

Token Count = 2
Total Characters = 2
Tokens = [“1237, “457]
Token IDs = [7633, 2548]
2) “abede”
Token Count = 2
Total Characters = 5
Tokens = [“abc”, “de”]
Token IDs = [26682, 613]
3) “abcdefghijk”
Token Count = 2
Total Characters = 11
Tokens = [“abcdefgh”, “ijk”]
Token IDs = [130783, 2852]
3.2.5.3 Observations
3.2.5.3.1 Group of 3 characters

If the token sequence is lengthier and cannot be matched in
tokenized dictionary then it makes group of 3 characters to
match and use token ID as shown in above exercises.

3.3. Special tokens and their functions

Special tokens are unique symbols used within language models
to manage data and direct the model’s behaviour. These are
markers, signalling the start or end of a sequence, separating

30 | Mastering The GenAl Tokens (Volume 1)



different parts of a text or providing the instructions for a specific
task.

These tokens improve the model understanding capabilities and
generate more accurate and coherent outputs.

3.3.1 Few common special tokens

The common special tokens are BOS (Beginning of Sequence),
EOS (End of Sequence), PAD (Padding token), UNK (Unknown
token), MASK (Mask token), SEP (Separator token), and CLS
(Classification token)

3.4 Evolution of token granularity

The evolution of token granularity reflects a fascinating journey
of computational pragmatism meeting linguistic nuance. It
started with the language models relying on word-level
tokenization treating each word as an atomic unit. It failed
against the boundless creativity of human language.

Such rigidity gave way to character-level tokenization that covers
every character and completeness but resulted in long sequences
and lost semantic connections.

The breakthrough came with subword tokenization methods like
BPE and WordPiece, which makes a delicate balance by
adaptively segmenting language based on statistical patterns in
training data. This progression toward intermediate granularity
enabled the models to handle novel combinations and rare terms
while maintaining computational efficiency.

Recently we have witnessed further refinement with byte-level
approaches that provide universal coverage across languages and
specialized tokenizers that adapt granularity based on domain-
specific patterns.
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Such ongoing refinement of granularity represents a deeper
understanding of how to discretize the continuous spectrum of
human expression into computational units that preserve both

meaning and efficiency.

3.5 Summary

We have learnt a deep understanding of the token structure and
representation as key-value pair. We have understood various
types of tokens such as word level subword, byte level, character
level, and special tokens for better understanding of the context.

We have seen the evolution journey of granularity improvement
with further refinement approaches to understand domain

specific patterns.
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Part 2:

Tokenization Fundamentals
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Mathematics of Tokenization

4.1 Introduction

Behind the simple idea of breaking text into tokens lies a rich
interplay of mathematics, linguistics and computer science.
Tokenization is not just about splitting words, it is a creafully
engineered process grounded in information theory, compression
algorithms and statistical analysis.

This chapter explores the mathematical principles that make
tokenization both efficient and intelligent in the context of
modern generative Al models.

4.2 Information Theory Foundation

At the core of tokenization lies the concept of Entropy, it
is the foundational idea of information theory introduced by
Claude Shannon. Entropy measures the amount of uncertainity
or information content in a message. In language, certain
characters or word patterns appear more frequently than others,
which means they carry less surprise and hence called as lower
entropy.

Tokenization strategies aim to exploit this redundancy. By
encoding frequent patterns like “the”, “ing” or “tion” as single
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tokens, we reduce the entropy per token and make the data more
predictable for the model. This reduction in entropy is not just
mathematically elegant but also it directly improves the
efficiency of language models during training and inference.

Let us dive into key concepts like Shannon entropy, Cross-
entropy, KL divergence and the Minimum Description Length
(MDL) principle. We will also understand how mathematics
powers tokenization in generative Al.

4.2.1 Shannon Entropy: Measuring Information Content

Shannon formalized how to measure information, uncertainty
and the optimal encoding of messages, a framework that directly
shapes how we create and evaluate token vocabularies today. The
concept of entropy quantifies the average amount of information
(or uncertainty) in a random variable. In the context of language,
this can be used to measure the unpredictability of characters,
words or tokens in a text.

The Shannon entropy H(x) of a discrete random variable X with
possible values x1, x2, ..., xn and associated probabilities: P(x1),
P(x2), ..., P(xn) is defined as:

H(x) = - Y P(xi)log2P(xi)

Where
e P(xi) is the probability of occurrence of token xi
e Unit of entropy is bits, when base 2 is used

This formula tell s us that frequent tokens carry less information
than rare ones. For example, the word “the” might appear so
frequently in English that its token should have a short encoding,
while “syzygy” is a rare word, would need more bits to represent.

For more detailed information, please refer [3] in references.

35 | Mastering The GenAl Tokens (Volume 1)



4.2.2 Entropy and Token Prediction

Language models like GPT aim to predict the next token in a
sequence. Entropy of a language determines how difficult that
prediction is. A highly predictable language (lower entropy)
allows the model to make more confident guesses. If the
tokenization scheme groups meaningful and frequent subwords
together, the entropy of the resulting stream decreases, making
the model’s job easier.

Efficient tokenization reduces entropy and improves training
dynamics. This is why smart tokenization strategies, like Byte
Pair Encoding (BPE) or Unigram Language Models, are essential
for building high performance generative Al systems.

4.2.3 Cross-Entropy: measuring Prediction Accuracy

To evaluate how well a model predicts tokens, we often use cross-
entropy, which measures the difference between the true
distribution of data and the model’s predicted distribution.

Let P be the true distribution and Q be the model’s prediction,
then:

H(P, Q) = - Y P(x1)log2Q(xi)

Lower cross-entropy implies better predictions. A good tokenizer
will help reduce cross-entropy by aligning token boundaries with
meaningful and frequent linguistic units.

4.2.4 KL Divergence: Comparing Tokenization Schemes

The Kullback-Leibler (KL) divergence tells us how one
probability distribution differs from another. When comparing
two tokenization schemes (say, one uses words and other uses
subwords), KL divergence can quantify how much one scheme
distorts the original distribution.

D (P || Q) = X P(xi)log2( P(xi) / Q(xi) )
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If a tokenization scheme leads to a higher KL divergence, it means
the represenation diverges more than the true underlying language
distribution and may be less efficient for modeling.

4.2.5 Minimum Description Length and Vocabulary
Optimization

The Minimum Description Length (MDL) principle states that
the best representation of data is the one that allows it to be
compressed to the smallest possible size. In the context of
tokenization, this means choosing a vocabulary that minimizes
the total cost of encoding both the data and the vocabulary itself.

This introduces trade-off:

e Smaller Vocabularies = more tokens per sentence (longer
sequences)

e Larger Vocabularies = fewer tokens but higher
memory/computation to manage)

The optimal token vicabulary minimizers:

Total Cost = Marketing Cost (bits to encode data) + Codebook
Cost (bits to store vocabulary)

Example:

Tokenizing “hello world!”. Suppose we have the following short

vocabulary:
Token Frequency Probability P Info Content,
LogP
hello 0.40 0.40 1.32 bits
world 0.30 0.40 1.74 bits
! 0.10 0.10 3.32 bits
other 0.20 0.20 2.32 bits

The average entropy for vocabulary :
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= - (0.4log0.4 + 0.3log0.3 + 0.110g0.1 + 0.2log0.2) = 1.846
bits

This entropy represents the average number of bits per token
needed to encode messages with this vocabulary. Btter
tokenization schemes would minimze the value over a corpus,
improving model efficiency.

4.2.6 Comparison Chart

Here is a visual comparison of entropy across different

tokenization schemes:

Entropy Comparison Across Tokenization Schemes

4.20

Entropy (bits per token)

Charact‘er-\evel Wordl-leve\ BPE (Sulbword) Umgri'am LM

e Character-level tokenization has the highest entropy (4.2
bits/token), since individual characters carry less semantic
meaningand requie more tokens to represent a sentence.

e Word-level tokenization improves entropy by grouping
frequent patterns together (2.8 bits/token), but it suffers
from out-of-vocabulary issues.

e Subword-based schemes like BPE and Unigram Language
Models strike a balance, significantly lowering entropy
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(1.85-1.9 bits/token) while learning flexibility for rare or
unseen models.

The graph reinforces how tokenization strategy directly impacts
the model’s efficiency by reducing the information needed to
process and predict text.

4.3 Compression Principles

Tokenization is deeply influenced by ideas from data
compression. One popular method Byte Pair Encoding (BPE) was
originally a compression algorithm before it became a standard
for subword tokenization. BPE iteratively replaces the most
frequent pairs of characters or subwords with a single new
symbol, effectively creating a compact, data specific vocabulary.

This process minimized the number of tokens needed to
represent a sequence, just as a zip file reduces file size. From a
model’s perspective, fewer tokens mean fewer computation steps,
lower memory usage and faster processing, all while retaining the
expressiveness of the original text.

While tokenization is often introduced as a way to break text
into processable chunks, a deeper look reveals that it is
fundamentally a compression technique, designed to reduce
redundancy in natural language and represent it more compactly
for AI models.

In this section, we will uncover how classical data compression
techniques like Huffman coding, variable length encoding and
Zipfian distributions directly influence how tokenizers are built,
how they affect model performance and efficiency.

4.3.1 Huffman Coding

Huffman coding is a cornerstone of lossless data compression. It
assigns shorter codes to frequent symbols and longer codes to rare
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ones based on their probabilities, minimizing the average code
length.

This is very similar to how many tokenizers work. For instance,
Byte Pair Encoding (BPE) merges frequently co-occuring
characters or subwords into single tokens, effectively assigning
“shorter” / fewer tokens to common phrases.

Consider an example:
Given frequencies: the = 0.4, cat = 0.3, sat = 0.2, on = 0.1

Huffman coding would assign fewer bits to “the” and more to
“on”, optimizing the overall sequence length.

The expected code length L is calculated as
L = ) P(xi).length( C(x1) )
Where

e P(xi) = Probability of token xi

e ((xi) = Huffman code for xi

This mirrors that modern tokenizers aim to achieve minimization
of sequence length while maximizing representation.

Compression Trade-offs in Tokenization

Check below table for finding that not all tokenization schemes
compress very well.

Tokenization Compression Flexibility Vocabulary

Type Efficiency Size

Character level Poor High Tiny

Word level Good (common | Low Huge
words)

Subword level Great High Moderate

(BPE)
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e Character-level: Every word takes many tokens, large
sequences, low compression

e Word-level: Great for common words but fails with
rare/new terms

e Subword-level: Dynamically adapts to language
frequency, a best balance.

The compression ratio CR is calculated as
CR = Original Text Size / Tokenized Representation Size

4.3.2 Variable-Length vs Fixed-Length Encoding

Most modern tokenization uses variable length encoding,
frequent tokens are shorter (fewer characters or bits) and rare
ones longer. This mimics principles from compression algorithms
like

e Huffman encoding: variable-length, optimal
e Lempel-Ziv (LZ77, LZ78): dictionary based, like BPE

e Fixed-length Encoding: simpler, but wasteful (8 buts per
character in ASCII)

In tokenization:
e Byte Pair Encoding (BPE) is similar to LZ77

e Unigram models mimic Huffman coding by scoring
possible tokens by likelihood

Lets define:

V = vocabulary size

L = average token length in characters

T = average number of tokens per sentence

S = average sentence length in characters
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Then,S=LxT=>T=S/L
Good tokenizer will

e Minimize T (number of tokens)

e Balance V (avoid large memory / stoage cost)
Compression efficiency (CE) over a corpus C can be measured as

CE = Total characters in corpus / (Total token count x Average
bits per token)

Tokenizer optimization is the art of minimizing total sequence
length without exploding the vocabulary.

4.3.3 Zipf’s Law and Token Distribution

Natural language follows Zipf’s Law considering the frequency f
of any word is inversely proportional to its rank r.

f(r) == 1/ r*s wheres = 1
This means:
e Few words are very common (“the”, “and”, “is”)
e Most words are rare
Tokenizers exploit Zipf’s Law by
e Assigning short tokens to high-frequency subwords
e Reserving longer compositions for rare terms

This leads to better compression and lower entropy

4.4 Statistical approaches to vocabulary creation

Creating a vocabulary for a tokenizer is not as simple as listing
all words in a longuage. Statistical tokenizers build vocabularies
by analyzing large text corpora and identifying the most frequent
substrings, whether they are full words, common prefixes or
suffixes.
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Approaches like Unigram Language Modeling or WordPiece rely
on probability distributions over subwords. They select
vocabulary items that strike a balance between minimizing
sequence length and maintaining meaningful chunks of language.
For instance, toeniser might decide to keep “unbelievable” as one
token in a medical dataset where it is frequently used but it will
be split in general use into “un”, “believ” and “able”.

Creating an optimal token vocabulary is central to tokenizer
design. Whether using Byte-Pair Encoding (BPE), Unigram
Language Models or hybrid methods, the goal is to efficiently
capture the structure of language in a comrpessed yet expressive
form. This section explores the statistical methods that underpin
these vocabulary building strategies.

4.4.1 Frequent Analysis

The simplest and most powerful insight is that common tokens
should be shorter, much like how Morse code assigns short
symbols to frequently used letters.

Token Frequency = f(t) = the number of occurrences of a token
t in the training corpus

This is used to prioritize merges in BPE, assign token
probabilities in Unigram models and estimate likelihoods in
model training.

Consider example:
From the sentence “low low low lower”, we get frequencies as

low = 3, lower = 1

4.4.2 Byte-Pair Encoding (BPE)

BPE starts with individual characters and iteratively merges the
most frequent adjacent pair of tokens.
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Pair frequency count at each step = score(x, y) = f(x,y)
Where f(x, y) is how often token pair(x, y) appears in sequence.
Algorithm:

e Count all adjacent token pairs

e Find the most frequent pair

e Merge it into a new token

e Repeat until desired vocabulary size is reached
Consider above example:
Datasetaslow _low low lower
Most frequent pair =10
Merge = lo
Then next frequent pair = lo w
Merge = low
Then least frequent pair = low e => lowe
Then least frequent pair = lowe r => lower

4.4.3 Unigram Tokenization (Probabilistic)

Unigram models treat tokenization as a probabilistic process as
follows:

e Vocabulary is a set of candidate tokens
e Each token t has a probability P(t)

e Sentence is segmented into tokens such that total
likelihood is maximized

P(sentence) = [] P(t1)

Training involves:
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e Expectation Maximization to update token probabilities

e Discarding tokens with low contributions to overall
likelihood

4.4.4 Statistical Significance Testing for Token Merges

Before merging two tokens, test whether they occur together
significantly more than chance

Use Mutual Information (MI)
MI(x, y) = log (P(x,y) / (P(x) - P(y) ) )

High MI indicates that x and y often appear together, justifying
a merge

4.4.5 Likelihood Maximization in Tokenizer Training

In probabilistic approaches like Unigra, training seeks to
maximize the total log likelihood of the training corpus

L = docs) logP(tokens)=docs) teT) logP(t)
Where T is the set of tokenizations for a document.
This is optimized using algorithms like EM.

4.4.6 Mutual Information and Co-Occurence

Beyond frequency, co-occurence statistics reveal how strongly
tokens are associated. Mutual Information helps decide which pairs
should be prioritized for merging or retained in the vocabulary.

Consider example:

If “re” and “port” always co-occur, they may bemerged into
“report”
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4.4.7 Comparison

Feature BPE Unigram

Type Greedy, deterministic Probabilistic, statistical

Merge Direction Bottom-up (char to Top-down (large vocab to

subword) prune)

Merge Criteria Pair frequency Likelihood estimation

Flexibility Less flexible More flexible
segmentation

Used in GPT-2, GPT-3 SentencePiece, T5,
ALBERT

4.5 Summary

In this chapter, we have learnt the key concepts like Shannon
Entropy, Cross-entropy, KL Divergence and Minimum
Desciprtion Length principles which are important for the
tokenization strategies.

We have gone through the compression principles like Huffman
coding, Variable length vs Fixed length, and Zipf” law. We have
understsood the statistical approaches like frequency usage, BPE,
Unigram, Significance Testing for merges, Likelihood
maximization, Mutual information and Co-occurence.
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Tokenization Algorithms

5.1 Introduction to Tokenization Algorithms

In the world of Generative Al, tokenization acts as the translator
between human language and machine understanding. How does
this translation works? Tokenization Algorithms is the heart of
translation in Generative Al. Tokenization algorithms are the
mathematical techniques that break down text into digestible
units known as tokens.

Whether you're training a language model or using one, how a
sentence like "I love AL" is broken down can dramatically affect
performance, memory, and interpretability. This chapter
introduces the most widely adopted tokenization algorithms
from simple character-based methods to statistically
sophisticated approaches and helps you understand why they
work, how they differ, and when to use them.

5.2 Byte Pair Encoding (BPE)

BPE was originally introduced as a compression algorithm, but
its adaptation for text tokenization has made it a foundation for
many large models including GPT-2, GPT-3. It is a greedy
compression-inspired approach.
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5.2.1 How it works

BPE starts with every character in the input as an
individual token. Then repeatedly merges the most frequently co-
occurring pair of symbols into a new symbol. This process
continues until a predefined vocabulary size is reached.

5.2.1.1 Example 1

Consider the word “lowering”

” WM « L T2 L T2 R T L R T2 B 71 77]

Initial tokens = [“]”7, “0”, “W”, “e”, “r”, “i”, “n”,

Flrst merge — (uln’ uon) => ulon => [“10”’ “W”, uen’ “r777 “i”, unn’

ugn]
«w M w9 wen

Second merge = (“lo”, “w”) => “low” => [“low”, “e”, “1”, “1’,

«w_ o« 77]

n,
And continues...

Frequently seen segments like “ing”, “er” or “low” become full
tokens, reducing the number of operations required by the
model.

5.2.1.2 Example 2

Let us consider the sentence as

“The painter, lowering his brushes, drifted into a moment of
subconsciousness where colors blended without thought.”
Now focus on interesting tokens from above sentence
1. painter
7, “a”, 17, “n”, ‘b7, “e”, “r7]

Initial characters = [“p”, “a”, “i”, )

Merges — “pa77 — > “pai77 — > C‘-pain77 — > “paint” — > “painte”
=> “painter”

If the corpus has any of these merge words as common, then it
can become single token.
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So it means

e if the corpus has “painter “ as more frequently used word,
then “painter” will be considered as single token

e if the corpus has “paint” used frequently, then it becomes
“paint” and “er” as two tokens

e if the corpus has “pain” frequently used word, then it
becomes “pain” and “ter” as two tokens

2. lowering

Similar to painter word, using BPE merges this lowering word
might yield any of these results

« ” W

e [“low”, “er”, “ing”] as three tokens

e [“lower”, “ing”] as two tokens

e [“lowering”] as single token
3. brushes
BPE of this word yields into “brush” and “es”
The suffix “es” is common and frequently found

4. subconsciousness

Such a long word can be a perfect example for showcasing BPE’s
subword power.

BPE merges might evolve as
° “Sub”, “Con”, “SCiOuS”, “ness”
e [“subcon”, “sciousness”]

[13 7 [13 . 7 [43 7
e [“subcon”, “scious”, “ness”]

e [“subconsciousness”] as single token, if it is common in
corpus
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BPE ensures that even unseen or rare words can be decomposed
into known sub-parts, as shown above for the word
“subconsciousness”. If such words are not in training data, still
the model can understand it by leveraging learned subwords.

5.2.2 Pros & Usecases

e Efficient vocabulary compression
e Easy to implement

e Used in GPT-2, Roberta, CodeX

5.3 WordPiece

Initially developed for Google's BERT. WordPiece is similar to
BPE but incorporates probabilistic modeling during the token
merge process. Rather than simply choosing the most frequent
pair, WordPiece selects merges that maximize the likelihood of
the training corpus. It is a probabilistic tokenization approach.

Key Difference from BPE

While BPE relies purely on frequency, WordPiece balances
frequency with contextual importance, making it more robust for
varied text types.

WordPiece might choose not to merge frequent pairs if doing so
results in lower overall corpus likelihood. This tends to produce
more meaningful subword tokens.

It starts with base vocabulary of characters or common words.
When it encounters unknown or rare words, it breaks them down
into subword units usually prefixing with ## to indicate they are
part of a larger word.

5.3.1 Example

Let us consider the below statement

“Unbelievably, she misunderstood the instructions again”
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Focus on few words from the sentence
1. Unbelievably

This word is broken into 3 tokens “un”, “believe”, “ly” if they are
available in vocabulary

Result is [“un”, “##believe”, “##ly”]

“un” is the root word

## as prefix is used for other subwords to show continuation
2. misunderstood

Result = [“mis”, “##under”, “##stood”]

3. instructions

Result = [“instruction”, “##s”|

“in”, “##struct”, “##ion”, “##s”] if instruction is not available
in training vocabulary

WordPiece is powerful tokenization as it handles rare words well
by breaking them into known subparts, it keeps vocabulary size
manageable by avoiding full storage and preserves semantic
structure understanding ## as continuation suffix.

WordPiece is used in BERT, DistilBERT and Electra.

5.4 SentencePiece and Unigram

SentencePiece was developed by Google. It removes the
dependency on whitespace, treating input text as a raw stream of
Unicode characters. It works especially well in multilingual
settings or noisy datasets where traditional token boundaries are
less clear.

SentencePiece Tokenization Models

1. BPE Mode:
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Same as traditional BPE but applied directly on raw input,
without whitespace-based preprocessing.

2. Unigram Language Model:

A probabilistic model that starts with a large vocabulary and
prunes it based on which token sets maximize corpus likelihood.
Unlike BPE, this allows multiple segmentations and chooses the

one with highest probability.
5.4.1 Example 1

Let us consider the word “subconsciousness”
Possible segmentations are
13 ” (13 . ” [43 ”
e [“sub”, “conscious”, “ness”]
13 7 13 . ” [13 ”
e [“subcon”, “scious”, “ness”]

“ ” (13 7 (13 . 7 [13 7
e [“sub”, “con”, “scious”, “ness”|

The tokenizer will assign probabilities to each segment and
selects the one with the highest overall likelihood.

5.4.2 Example 2
Consider the below sentence
“Unbelievably, she misunderstood the instructions again”
1. Unbelievably
Tokenizer might have candidate tokens such as
“un”, “believe”, “believ”, “ably”, “ly”, “le”, etc
Few possible combinations are
e [“un”, “believe”, “ably”]
e [“un”, “believ”, “ably”]

° “unn, “believab”, “lyn]
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It will choose the one with the highest likelihood.

o«

Result = [“un”, “believ”, “ably”]

You can see the result that there are no ## markers and it does
not use ## markers.

2. misunderstood
Based on the highest likelihood, it can become
“mis”, “under”, “stood”]
Or [“misunder”, “stood”]
3. instructions
Following are the possibilities
e [“in”, “struct”, “ion”, “s”]
e [“instruction”, “s”]

e [“instruct”, “tion”, “s

It is used in T5, ALBERT, XLNet and preprocessing via Google
SentencePiece.

5.5 Byte-level and Character-level Tokenization

5.5.1 Character-Level Tokenization

At its most granular level, text can be split into individual
characters. This approach is simple and requires a minimal
vocabulary (e.g., letters A-Z, digits, punctuation). However, it
often leads to longer input sequences.

5.5.2 Byte-Level Tokenization

Byte-level tokenizers operate directly on the UTF-8 bytes of text.
This guarantees compatibility with any text input, including
emojis, foreign characters, and special symbols. GPT-2, for
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instance, uses a byte-level BPE tokenizer, which combines the
universality of byte processing with the efficiency of BPE.

Instead of splitting at the character or word level, the input is
first encoded into bytes (UTF-8). This will

e Avoid unknown characters
e Keeps a consistent and reverse mapping

e Allows full coverage of any language or symbol

5.5.3 Tradeoffs

Tokenizer Pros Cons

Character-level Simple, Language- | Long sequences, low
agnostic expressiveness

Byte-level Robust, handles any | Slightly — harder to
input interpret

5.6 Summary

We have learnt various tokenization algorithms used in different
LLMs. Following table shows the summary

Algorithm Type Famous for Usecases
BPE Greedy /| GPT-2, General purpose
frequency Roberta

WordPiece Probabilistic BERT, Electra | Masked Language

SentencePiece Probabilistic T5, XLNet Multilingual,

(Unigram) flexible

Character-level Basic Language- Resource-
agnostic constrained
models

Byte-level Universal GPT-2 Noise-tolerant,

multilingual
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Token Vocabularies

6.1 Introduction to Token Vocabularies

At the heart of every language model lies a token vocabulary, a
curated set of symbols or “tokens” that the model uses to
understand and generate language. Just as the alphabet forms the
basis of written communication, token vocabularies form the
foundation of how language models process text. A token
vocabulary is simply the collection of all tokens a model can
recognize and manipulate. These vocabularies determine how
text is broken down (tokenized) and how the model represents
that text internally.

Whether you're using Byte Pair Encoding (BPE), WordPiece,
SentencePiece, or byte-level tokenization, each method results in
a specific vocabulary which is a list of allowable tokens that the
model can recognize and manipulate. This vocabulary directly
influences the model’s performance, efficiency, and flexibility.

In this chapter, we will explore how vocabularies are constructed,
the trade-offs involved in their design, the role of special tokens
and the nuances of handling text features like whitespace and
punctuation.
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6.2 Vocabulary creation and curation

Creating a token vocabulary is both a statistical and strategic
process. The process typically begins with a large corpus of
representative text such as think books, articles, websites and
more. The goal is to identify the most useful and frequent textual
units to include in the vocabulary and to find a balance between
vocabulary size, generalization capability and efficiency.

6.2.1 Steps in Vocabulary Creation
e Collect a large corpus of training data across various

domains and styles.

e Apply a tokenization algorithm (like BPE or Unigram) to
identify frequently occurring character or subword
sequences.

e Merge or select token candidates based on their frequency
or likelihood (as in Unigram models).

e Assign unique IDs to each token, forming a lookup table.
e Include special tokens and control codes as needed.

Once an initial vocabulary is generated, curation comes into play.
This involves removing rarely used tokens, merging similar ones
and ensuring that vocabulary is balanced and representative of
the intended use cases.

This process is not static. For multilingual models, domain-
specific applications (like code or legal text), or fine-tuned
systems, vocabularies are curated further by adding or pruning
tokens for accuracy and relevance.

For more practical and theoretical insights, please refer [4]
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6.2.2 Vocabulary Curation and Refinement

After creation and algorithmic learning, vocabularies often
undergo manual review and refinement:

e Oversight: Checking for and removing problematic tokens

e Augmentation: Adding essential tokens not captured by
frequency-based methods

e Balance: Ensuring appropriate coverage across domains
and languages

e Specialization: Adding domain-specific tokens for
targeted applications

This curation process requires balancing statistical optimization
with practical considerations and ethical concerns. Some
tokenizer frameworks now offer tools to assist in this process,
highlighting potentially problematic tokens or coverage gaps.

6.3 Vocabulary size trade-offs

One of the most crucial decisions in tokenization design is the
vocabulary size. This choice impacts model performance,

memory requirements and generalization.

Choosing the right vocabulary size is a delicate balancing act. A
larger vocabulary can represent text more compactly with fewer
tokens per sentence but comes at the cost of increased memory
usage and computational complexity. A smaller vocabulary
reduces these burdens but may require more tokens to express
the same content, potentially making the model less efficient and
more prone to errors with rare words or out-of-vocabulary words.

6.3.1 Computational Considerations

e Model Size Impact: The vocabulary size directly affects
model parameters. The embedding and output layers scale
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linearly with vocabulary size, often consuming a
significant portion of model parameters.

Memory Requirements: Larger vocabularies increase
memory footprint during both training and inference,
potentially limiting deployment options.

Processing Speed: Vocabulary size affects computational
efficiency, especially during generation when the model
must compute probabilities across the entire vocabulary.

KKey considerations include:

Coverage: Does the vocabulary account for the vast
majority of words and phrases in the target language(s)?

Efficiency: Is the vocabulary small enough to keep the
model fast and lightweight?

Generalization: Can the model handle new or rare words
gracefully, by composing them from subword tokens?

6.3.2 Representational Trade-offs

Token Length vs. Vocabulary Size: Smaller vocabularies lead

to longer token sequences for the same text:

Vocabulary Size Pros Cons

Small (1K-8K tokens) | Better generalization, Longer sequences,
fewer Out Of increased computation
Vocabulary (OOV)

Medium (16IK-32K Balanced performance Moderate sequence

tokens) length

Large (50K-100K+ Shorter sequences, More memory, more

tokens) more precise prone to overfitting
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A smaller vocabulary forces the model to compose meanings from
more atomic parts, while a larger one may memorize more
patterns at the cost of flexibility.

Context Window Utilization: Since context windows limit the
number of tokens, not characters, vocabulary size affects how
much text fits within the context window. Smaller vocabularies
produce more tokens, potentially limiting effective context

utilization.

Rare Word Handling: Larger vocabularies can include more rare
words as single tokens, potentially improving representation of
specialized terminology.

6.3.3 Empirical Findings

Research has shown vocabulary size exhibits diminishing returns.
While increasing from 8K to 32K tokens often yields significant
improvements in model performance, the gains diminish as
vocabularies grow beyond 50K tokens. For most general-purpose
models, vocabularies in the 32K-50K range offer a good balance,
though specific applications may benefit from different
configurations.

Some notable observations:

e Models with smaller vocabularies often handle
compositional word construction better

e Languages with complex morphology benefit from larger
vocabularies

e Code-specialized models often use larger vocabularies to
capture programming syntax

e Multilingual models typically require larger vocabularies
to accommodate multiple languages
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The optimal vocabulary size ultimately depends on the specific
application, language domains, available computational
resources, and desired model characteristics.

Recent research demonstrates that optimal vocabulary size
depends on the model’s compute budget and scaling laws help
determine this optimum. For detailed empirical and theoretical
analysis, please refer [5] in references section.

6.3 Special Tokens, Their Purposes and Control Codes

Most modern models introduce special tokens that are reserved
symbols with specific operational roles which serve functional
rather than representational purposes. These help the model
perform tasks like classification, translation, or formatting
outputs. These tokens act as metadata, control signals or
structural markers within the token stream.

6.4.1 Common Special Tokens:

6.4.1.1 Boundary Markers

e <s> or <bos> or [BOS]: Start-of-sequence or Beginning
of Sentence

e </s> or <eos> or [EOS]: End-of-sequence or End of
Sentence

e <pad> or [PAD]: Padding (to equalize input lengths)

6.4.1.2 Unknown Token:
e [UNK]: Unknown or out-of-vocabulary token

6.4.1.3 Task Specific Markers:
e <mask> or [MASK]: Used for masked language modeling

e <sep> or [SEP]: Separator between text segments
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e <cls> or [CLS]: Classification token used in BERT style
models

6.4.2 Control Tokens:

These are introduced to influence model behavior:
e <translate en to_fr>: Instruction to translate
e <style_formal>: Prompt model for formal tone
e <code> or <sql>: For structured output generation

These tokens are essential for multi-task learning and instruction-
tuned models like ChatGPT and PalLM.

More advanced models employ special tokens to control
generation behavior:

6.4.2.1 Role Markers:

e <system>: Denotes system instructions
e <user>: Marks user input
e <assistant>: Identifies model responses

6.4.2.2 Format Control:

e <code> or <|code|>: Indicates code blocks
e <|list|>: Signals list formatting
e <|table|>: Denotes tabular data

6.4.2.3 Behavior Modifiers:

e <|creative|>: Signals creative generation mode
e <|precise|>: Indicates factual, concise responses
e <|temperature=0.7|>: Numerical parameter controls

6.4.2.4 Implementation Approaches

Special tokens can be implemented in several ways:
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e Dedicated Vocabulary Entries: The simplest approach
assigns unique IDs to special tokens within the
vocabulary.

e Token Type IDs: Some models use separate "type ID"
tensors to distinguish between different token categories.

e Sentinel Tokens: Systems like T5 use numbered sentinel
tokens (<extra_id_0>, <extra_id_1>) to mark spans.

e Control Prefixes: Some models encode control
information in vector prefixes rather than discrete tokens.

6.4 Handling Whitespace, Punctuation and Formatting

The treatment of whitespace, punctuation and text formatting
represents a subtle but crucial aspect of vocabulary design that
significantly impacts model behavior and output quality.

These are not noise for language models. They convey syntactic,
semantic and stylistic signals especially in tasks like
summarization, dialogue or code generation.

For additional info, please refer [6] in references section.

6.5.1 Whitespace Handling

Modern tokenizers typically preserve whitespace information,
often as separate tokens or token prefixes:

e Leading Space Tokens: Many tokenizers (like GPT
models) prepend a space to tokens that followed
whitespace in the original text: [" The", " quick”, " brown"]

e Explicit Space Tokens: Some systems use separate

n.n

tokens for spaces: ["The", "_", "quick", "_", "brown"]

e Combined Approach: Others use specific tokens for
different whitespace patterns, distinguishing single spaces
from newlines or tabs
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The correct handling of whitespace is essential for natural-

sounding generation and faithful text reconstruction. Models

must learn when spaces are appropriate, for example, that

punctuation typically doesn't require preceding spaces.

6.5.2 Punctuation Strategies

Punctuation marks present unique challenges due to their

semantic importance and structural role:

Separated Punctuation: Some tokenizers make most
punctuation marks separate tokens, emphasizing their
syntactic role

Attached Punctuation: Others attach punctuation to
adjacent words, which can be more efficient

Hybrid Approaches: Many modern systems use a data-
driven approach, attaching common punctuation patterns
while separating others

Different approaches have distinct trade-offs:

Separate punctuation tokens can lead to more precise
control

Attached punctuation can be more token-efficient

The optimal approach often depends on language
characteristics

6.5.3 Formatting and Special Characters

Text formatting elements require specific consideration:

Newlines and Paragraphs: These structural elements are
typically assigned dedicated tokens to preserve document
structure
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e Markdown and Markup: Some modern vocabularies
include tokens for common formatting markers like
asterisks or hash signs

e Unicode Handling: Approaches range from byte-level
encoding (which can represent any Unicode character) to
decomposition into individual code points

e Non-printing Characters: Control characters, zero-
width spaces, and other invisible elements must be
handled consistently

6.5.4 Consistency Challenges

The handling of these elements must remain consistent across:
e Tokenization during training
e Preprocessing of inputs during inference
e Detokenization when generating outputs

Inconsistencies can lead to subtle degradation in output quality
of text that appears technically correct but feels unnatural to
human readers.

6.5 Summary

In this chapter, we've explored how vocabularies are created
through statistical methods applied to large corpora, typically
using algorithms like Byte-Pair Encoding or unigram language
models, followed by careful curation to ensure quality and
coverage. We've examined the complex trade-offs involved in
vocabulary size decisions, balancing computational efficiency
against representational power.

Special tokens provide essential functionality beyond basic text
representation, enabling structured communication, control and
metadata within the token stream. These tokens allow models to
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handle document boundaries, unknown words and various
control signals that shape generation behavior.

The detailed handling of whitespace, punctuation and formatting
elements significantly influences output quality and naturalness,
with different approaches offering various trade-offs between
efficiency and precision.

Together, these aspects of token vocabularies form a rich
framework that enables the remarkable capabilities of modern
generative Al while also defining their fundamental limitations.
Understanding these principles allows practitioners to make
informed decisions when developing, fine-tuning or deploying
such systems.

As tokenization technology continues to evolve, we may see
innovations that address current limitations, perhaps through
hybrid approaches that combine the efficiency of discrete tokens
with the flexibility of continuous representations. Whatever the
future holds, token vocabularies will remain a cornerstone of how
machines process and generate human language.
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Part 3:

Types of Tokens and
Modalities
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Text Tokenization

7.1 Introduction to Text Tokenization

At the very heart of any language model, whether it’s
summarizing documents, answering questions, translating, or
generating code, lies one critical operation: tokenization. Text
tokenization is the process of converting raw language into
discrete units named as tokens that a machine learning model
can understand and process.

In simple terms, tokenization is how we teach machines to
“read.” But the way machines read is vastly different from how
we do. Where a human sees words and meanings, a model sees
sequences of numbers. Tokenization bridges that gap.

Throughout this chapter, we’ll explore how tokenization differs
based on the nature of the language, the writing system, and even
the domain of the content—whether legal, medical, or code.

7.2 Natural Language Tokenization

Natural language tokenization typically begins with splitting
text into smaller units, such as words, subwords, or even
characters. However, tokenization isn't as straightforward as

inserting a space between words.
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Take the below sentence:
"Don't stop believing."

Is it three tokens? Four? A basic tokenizer might see "Don't" as
one token, while a more sophisticated one splits it into "Don" and
"t" to capture contractions better. Language models like BERT
use subword tokenization for such cases.

Here are the most common approaches:

e Word-level tokenization: Splits text by whitespace or
punctuation.
o "Don't stop believing." — ["Don't", "stop", "believing",
"
e Subword tokenization (BPE, WordPiece, Unigram):

Breaks infrequent or unknown words into smaller,
meaningful parts.

nons

o '"believing" — ["believ", "ing"]
o Character-level: Every character is treated as a token.
n_nmn o on_n nn

o "cat" — ["c","a", "t"]

ey Challenge: The tokenizer must balance vocabulary size,
sequence length, and coverage of rare or out-of-vocabulary words.

7.3 Cross-lingual and Multilingual Challenges

Tokenizing English is already nuanced, but when you go
multilingual, the complexity multiplies.

Languages like Chinese, Japanese, Thai, or Khmer do not use
spaces between words. So, tokenizers must learn to segment
based on character context and frequency.

Consider:
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e Chinese: "BEEXF>]" (I like to study)

o Without spaces, how do we know which characters
belong together?

7.3.1 Multilingual Tokenization Challenges:
e Ambiguity in segmentation

e Shared vocabularies across languages can cause
inefficiencies

e Handling different scripts (e.g., Devanagari, Cyrillic,
Arabic)

e Right-to-left (RTL) languages like Hebrew and Arabic
introduce formatting issues

Solution: Models like mBERT or XLM-RoBERTa rely on
shared subword vocabularies across languages, combined with
frequency statistics over large multilingual corpora.

7.4 Code-specific Tokenization

Unlike natural languages, programming languages have strict
syntax, punctuation rules, and tokens that carry deep semantic
meaning.

Consider this Python code:
ifx==10:
print("Hello World")

A tokenizer for this needs to treat ==, "Hello World", print, and
indentation with special care. A naive whitespace-based tokenizer
would fail to distinguish between variable names and language

keywords.

7.4.1 Characteristics of Code Tokenization:

e Language-specific keywords (if, for, return)
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e Operators (==, +=, |=)

e String literals and formatting

e Indentation (especially for Python)
e Comments and docstrings

Byte-level tokenization (as used in models like OpenAl Codex)
works well for code, as it captures all characters, including non-
standard symbols, with precision.

7.5 Domain-specific Text (Scientific, Legal, Medical,
etc.)

Tokenizing general English is one thing, but domain-specific text
brings its own quirks.

7.5.1 Scientific Text

e Complex terms: deoxyribonucleic, polymerase
e Mathematical expressions: >, =, x € R
e Units and symbols: kg, pg/mL, °C

Challenge: Many words or symbols may not exist in general-
purpose vocabularies.

7.5.2 Legal Text

e Long compound words and archaic phrasing
e Repetitive patterns (e.g., "whereas", "heretofore")
e Citations and references: Section 3(a)(iv)

Tokenizer design must preserve formal patterns and legal clause
boundaries.

7.5.3 Medical Text
e Codes (ICD-10, CPT), drug names, dosages
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e Latin roots and abbreviations: b.i.d, stat, Rx, tachycardia

Domain-specific tokenizers often require custom training on
corpus-specific vocabularies using BPE or Unigram methods.

7.6 Summary

Tokenization is a foundational layer in language modeling, but it
is not one-size-fits-all. The choice of tokenizer—and how it’s
built—depends on the data's nature, structure, and intended use

case.
Key Takeaways:
e Natural language tokenization involves breaking text

into meaningful units (words, subwords, characters).

e Multilingual tokenization faces challenges like space-
less scripts, multiple writing systems, and cultural

nuances.

e Code tokenization demands attention to syntax,
symbols, and language-specific conventions.

e Domain-specific tokenization needs careful vocabulary
design to capture technical jargon and structured
patterns.
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Visual Tokens

8.1 Introduction to Visual Tokens

The concept of tokenization, fundamental to natural language
processing, has undergone significant adaptation and extension
to the visual domain in recent years. Visual tokens represent a
paradigm shift in how we process, understand, and manipulate
visual information in machine learning systems. Unlike
traditional pixel-based representations, visual tokens provide a
discrete, structured approach to encoding visual content that
enables more efficient processing and better integration with
language models.

Visual tokenization emerged from the need to bridge the gap
between continuous visual data and discrete symbolic
representations used in language processing. The motivation
stems from several key observations: first, natural images contain
redundant information that can be compressed without
significant loss of semantic content; second, discrete
representations facilitate the application of sequence modeling
techniques originally developed for text; and third, unified token-
based representations enable seamless multimodal processing.
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The historical development of visual tokens can be traced
through several important milestones. Early work in vector
quantization laid the groundwork for discrete image
representations. The introduction of Vector Quantized
Variational Autoencoders (VQ-VAE) by van den Oord et al.
(2017) marked a significant breakthrough, demonstrating that
high-quality images could be reconstructed from discrete latent
codes. This was followed by improvements in VQ-VAE2 and
subsequent developments in transformer-based image generation
models.

Visual tokens serve multiple purposes in modern Al systems.
They enable efficient compression of visual information,
facilitate cross-modal understanding between vision and
language, and provide a foundation for generative modeling of
images. The discrete nature of visual tokens makes them
particularly suitable for autoregressive generation, allowing the
application of powerful language modeling techniques to visual
content generation.

While tokenization in natural language processing (NLP) is well
understood: splitting text into words, subwords, or characters,
visual tokenization is a newer frontier. As generative Al extends
beyond text into images, video, and multimodal content, we must
rethink the tokenization paradigm.

In computer vision, data begins as a grid of pixels. But to use
transformers or generative models like DALL-E, CLIP, or
Flamingo, we need to convert these images into discrete tokens
- just like words in NLP. These tokens enable models to learn,
generate, and understand visuals in a structured, symbolic way.

This chapter introduces how visual information is tokenized,
what forms visual tokens take, how they’re learned, and how they
compare to textual tokens in vision-language models.
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8.1.1 Fundamental Concepts

A visual token can be formally defined as a discrete symbol that
represents a specific visual pattern or feature within an image.
These tokens are typically derived through a process that maps
continuous visual features to a finite vocabulary of discrete codes.
The key properties of effective visual tokens include:

e Discreteness: Each token represents a distinct,
quantized state rather than a continuous value

e Compactness: Tokens should efficiently encode visual
information with minimal redundancy

e Semantic meaningfulness: Individual tokens should
correspond to perceptually or semantically coherent
visual patterns

e Compositional structure: Combinations of tokens
should be able to represent complex visual scenes

The tokenization process typically involves several stages: feature
extraction, quantization, and codebook learning. Feature
extraction transforms raw pixel data into a more suitable
representation space, often using neural networks. Quantization
maps continuous features to discrete codes, while codebook
learning optimizes the set of available tokens to best represent
the training data distribution.

8.1.2 Advantages and Challenges

Visual tokenization offers several significant advantages over
traditional pixel-based representations. The discrete nature of
tokens enables the direct application of sequence modeling
techniques, leading to more stable training dynamics and better
generalization. Tokens also provide natural compression,
reducing the computational and memory requirements for
processing high-resolution images. Furthermore, the structured
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nature of token sequences facilitates interpretability and
controllable generation.

However, visual tokenization also presents unique challenges.
The quantization process inherently involves information loss,
which can affect the quality of reconstructed images.
Determining the optimal vocabulary size and token granularity
requires careful balancing between compression efficiency and
representational capacity. Additionally, the discrete nature of
tokens can introduce artefacts and limit the smoothness of
generated content.

8.2 Visual Tokenization Approaches

Visual tokenization encompasses a diverse range of
methodologies, each with distinct advantages and applications.
The choice of tokenization approach significantly impacts the
quality, efficiency, and applicability of the resulting visual
tokens. This section examines the major categories of visual
tokenization methods, their underlying principles, and their
comparative strengths and weaknesses.

8.2.1 Patch-Based Tokenization

Patch-based tokenization represents one of the most
straightforward approaches to visual tokenization. This method
divides images into non-overlapping rectangular patches, treating
each patch as an individual token. The approach gained
prominence with the Vision Transformer (ViT) architecture,
where images are segmented into fixed-size patches that serve as
input tokens to transformer models.

This approach divides an image into smaller fixed-size patches
(e.g., 16x16 or 32x32 pixels). Each patch is flattened and
embedded into a vector, much like word embeddings.
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Example: Vision Transformer (ViT) uses patch embeddings
o 224x224 image — 14x14 = 196 patches
e Each patch is treated like a token

These patches are passed into transformer architectures for image
classification, detection, or captioning. Following shows an image
of 24x24 size, divided as 12x12 = 4 patches

The mathematical formulation of patch-based tokenization can
be expressed as follows. Given an image I of dimensions H x W
x C (height, width, channels), the image 1is divided
into N patches of size P X P, where N = HW/P?. Each
patch x; is then flattened and linearly projected to create a token
embedding:

ti = Linear(Flatten(x;)) + posi

where pos; represents positional encoding to maintain spatial
information.

The primary advantages of patch-based tokenization include its
simplicity, computational efficiency, and direct compatibility
with transformer architectures. The method preserves spatial
locality within patches and allows for straightforward
implementation. However, patch-based approaches have
limitations, including fixed granularity, potential boundary
artifacts, and suboptimal compression ratios compared to learned
tokenization methods.
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8.2.2 Vector Quantization-Based Methods or Learned
Discrete Tokenization

Vector Quantization (VQ) based methods represent a more
sophisticated approach to visual tokenization, learning optimal
discrete representations through neural network training. These
methods typically employ encoder-decoder architectures with a
quantization bottleneck that maps continuous latent codes to
discrete tokens.

Instead of using raw pixels or patches, models like VQ-VAE or
DALL-E use vector quantization techniques to map image
regions to learned tokens.

e Image — Encoder — Latent Features — Quantized into
discrete codes

e FEach code is an index from a codebook (visual
vocabulary)

This mimics subword tokenization in NLP, where unknown or
rare patterns are broken into known building blocks.

The Vector Quantized Variational Autoencoder (VQ-VAE)
exemplifies this approach. The model consists of an encoder E, a
decoder D, and a learnable codebook Z =
{zi}1=/* containing K discrete codes. The encoding process can
be described as:

ze(x) = E(x)
zq(x) = Quantize(ze(x)) = zik, where k = argmin; ||ze(x) - zj||

The quantization operation selects the nearest codebook vector
for each spatial location in the encoded representation. The
decoder then reconstructs the image from the quantized codes: x*

= D(z,(x)).
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Training VQ-VAE  involves three loss components:
reconstruction loss, codebook loss, and commitment loss. The
total loss is formulated as:

L=l - x[[? + [lsg[ze(X)] - 2| |* + Bl|2e(x) - sg[za(¥)]||?
where sg/-] denotes the stop-gradient operator and f is a
hyperparameter controlling the commitment loss weight.

8.2.3 Hierarchical Tokenization

Hierarchical tokenization methods address the limitations of
single-scale  approaches by  learning  multi-resolution
representations. VQ-VAE2 introduced a two-level hierarchy,
encoding images at multiple scales to capture both fine-grained
details and global structure.

In hierarchical approaches, the image is encoded at multiple
resolutions, with coarser levels capturing global structure and
finer levels encoding local details. The hierarchical structure can
be represented as:

Zwp = Quantize(Ewp(x))
Zbottom = QuanliZe(Ebottom(x, Ztop))

where the bottom-level encoder conditions on the top-level
quantized codes. This hierarchical structure enables more
efficient compression and better reconstruction quality,
particularly for high-resolution images.

8.2.4 Semantic Tokenization

Semantic tokenization methods aim to create tokens that
correspond to semantically meaningful image regions or
concepts. These approaches often incorporate semantic
segmentation, object detection, or attention mechanisms to
identify meaningful image components.
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One approach involves using semantic segmentation masks to
guide tokenization, creating tokens that correspond to distinct
Another method
mechanisms to automatically discover semantically coherent

semantic  regions. employs  attention

regions without explicit supervision. The challenge in semantic

tokenization lies in balancing semantic coherence with

computational efficiency and reconstruction quality.

8.2.5 Comparative Analysis

Complexit | Reconstructi SSneniie Computation
Method ompie eco S. Tueto | Coherenc ° pu atio
y n Quality o al Efficiency
Patch- .
based Low Moderate Low High
VQ-VAE Moderate High Moderate | Moderate
glerarchlc High Very High Moderate | Low
Semantic High Moderate High Low

Table 8.1: Comparative analysis of visual tokenization approaches

8.3 Discrete Image Representations

Discrete image representations form the foundation of visual
tokenization, transforming continuous pixel data into structured,
quantized formats that enable efficient processing and
manipulation. This section explores the theoretical foundations,
practical implementations, and optimization strategies for

discrete image representations.

To convert continuous pixel data into discrete tokens, we often
use Vector Quantization (VQ). This was popularized in:
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e VQ-VAE: Variational Autoencoders with vector
quantization

e DALL-E: Uses a discrete VAE (dVAE) to convert images
to token sequences

Workflow:

1. Encoder compresses image to latent feature map

2. Each feature vector is replaced by its nearest neighbor in
the codebook

3. Output is a grid of discrete token indices

Analogy: Just like “unbelievable” can be tokenized as “un”,
“believ”, “able”, an image can be tokenized into parts like "sky",
"building", "person", "wheel" - represented symbolically via
tokens.

This discrete representation allows generative models to treat
visual content as a language of visual parts, enabling image
synthesis, inpainting, and editing.

8.3.1 Mathematical Foundations

The transition from continuous to discrete image representations
involves several mathematical concepts from information theory,
signal processing, and optimization theory. The fundamental
challenge lies in preserving essential visual information while
achieving efficient compression through quantization.

Consider an image I € R*"*¢ as a continuous-valued tensor.
The goal of discrete representation is to find a mapping
function f; R”"*¢ — {I, 2, .., K}V that transforms the
continuous image into a sequence of N discrete tokens, each
taking values from a finite vocabulary of size K.
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The quality of discrete representation is typically measured by
the reconstruction error and the rate-distortion trade-off. The
reconstruction error is defined as:

D = E[d(I, )]

where I is the reconstructed image and 4(-,-) is a distance metric
(commonly L2 or perceptual distance). The rate is determined by
the entropy of the discrete token sequence:

R = E[-log P(T)]
where T' represents the token sequence. The optimal discrete
representation minimizes the Lagrangian:

L=D+ R

where A controls the rate-distortion trade-off.

8.3.2 Quantization Strategies

Several quantization strategies have been developed to create
effective discrete image representations, each with distinct
characteristics and applications.

8.3.2.1 Straight-Through Estimation

Straight-through estimation addresses the non-differentiability
of quantization operations during backpropagation. The forward
pass computes discrete tokens through quantization, while
gradients are passed through unchanged during the backward
pass:

Forward: zq = Quantize(z.)
Backward: OL/Oze = OL/0zq

This approximation enables end-to-end training of discrete
representation models while maintaining gradient flow.
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8.3.2.2 Gumbel-Softmax Quantization

Gumbel-Softmax provides a differentiable alternative to hard
quantization by using a continuous relaxation. The method
samples from a categorical distribution using the Gumbel-
Softmax trick:

zi = softmax((log(mi) + gi)/t)
where g; are  Gumbel noise samples, m; are  categorical
probabilities, and 7 is the temperature parameter. As T — 0, the
distribution approaches a discrete categorical distribution.

8.3.2.3 Product Quantization

Product quantization decomposes high-dimensional vectors into
subvectors, quantizing each subvector independently. For a
vectorz € R, product quantization partitions it
into m subvectors z,, ..., z, and quantizes each subvector using
separate codebooks:

zq = [Q1(z1), ..., Om(zm)]
This approach significantly reduces memory requirements while
maintaining representational capacity.
8.3.3 Reconstruction Quality Optimization

Optimizing reconstruction quality in discrete representations
requires careful consideration of several factors: codebook
utilization, representation capacity, and perceptual quality.

8.3.3.1 Codebook Utilization

Codebook collapse, where only a subset of available codes are
used, represents a significant challenge in discrete representation
learning. Several techniques address this issue:

e Exponential Moving Average (EMA)
updates: Codebook  vectors are wupdated using
exponential moving averages of assigned codes
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e Codebook reset: Unused codes are periodically reset to
random encodings

e Commitment loss: Encourages encoder outputs to
commit to codebook vectors

The EMA update rule is formulated as:

M(v = y]\fi(t'j) + (]-y)nl(t)
mi® = ymi®™V + (1-9)> iz,
el = milO/N

where N; tracks usage counts, m; accumulates assigned vectors,
and ¢; represents the updated codebook vector.
8.3.3.2 Perceptual Loss Integration

Traditional pixel-wise reconstruction losses often fail to capture
perceptually important image features. Perceptual losses, based
on pre-trained neural networks, provide better alignment with
human visual perception:

Lpereepruat = Yl pi(1) - pi(D)| |

where ¢, represents features from layer/ of a pre-trained
network (typically VGG or ResNet).

8.3.4 Evaluation Metrics

Evaluating discrete image representations requires multiple
metrics that capture different aspects of quality and efficiency:

e Reconstruction metrics: PSNR, SSIM, LPIPS for
measuring reconstruction fidelity

e Compression metrics: Bits per pixel (bpp), compression
ratio

e Semantic metrics: Feature similarity, classification
accuracy on reconstructed images
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e Efficiency metrics: Encoding/decoding time, memory
usage

The Learned Perceptual Image Patch Similarity (LPIPS) metric
has gained particular importance for evaluating perceptual
quality:

LPIPS = Ywi - |IN(fi(D) - Ni(fi(D))\|?

where f; are activations from network layer /, N; denotes
channel-wise normalization, and w; are learned linear weights.

8.4 Visual Vocabularies and Codebooks

Visual vocabularies and codebooks represent the fundamental
building blocks of discrete image representations, serving as the
dictionary of visual patterns that enable efficient encoding and
reconstruction of images. The design, optimization, and
utilization of these vocabularies significantly impact the quality
and efficiency of visual tokenization systems.

Just as BPE or WordPiece creates vocabularies for text, visual
tokenizers build vocabularies (codebooks) for image tokens.

Key Concepts:
e Codebook: A set of visual tokens (centroids) learned
during training
e Each token = a vector in latent space representing a type

of image patch or visual feature

e Token assignment: Each image region is matched to the
nearest token in the codebook

Visual Vocabulary Size:

e Small vocabularies (e.g., 256 tokens) — Coarse
representation, less detail

84 | Mastering The GenAl Tokens (Volume 1)



e Larger vocabularies (e.g., 8192 tokens) — Richer details,
higher fidelity

Trade-off: Larger vocabularies improve visual quality but

increase memory and model size.

8.4.1 Codebook Design Principles

The design of effective visual codebooks requires careful
consideration of several key principles that balance
representational power, computational efficiency, and semantic
coherence.

8.4.1.1 Vocabulary Size Optimization

The size of the visual vocabulary represents a critical design
choice that affects both reconstruction quality and
computational efficiency. Larger vocabularies provide higher
representational capacity but increase memory requirements and
may lead to training instabilities. The optimal vocabulary size
depends on the specific application and dataset characteristics.

Empirical studies have shown that vocabulary sizes typically
range from 512 to 16,384 codes for natural images. The
relationship between vocabulary size K and reconstruction
quality follows a logarithmic trend, with diminishing returns
beyond a certain threshold. The optimal size can be determined
through rate-distortion analysis:

K* = argmink {D(K) + A log2(K)}
where D(K) represents the distortion for vocabulary size K.

8.4.1.2 Code Dimensionality

The dimensionality of individual codebook vectors affects the
model's capacity to represent complex visual patterns. Higher-
dimensional codes can capture more detailed features but
increase computational overhead. Common dimensionalities
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range from 256 to 1024, with 512 being a popular choice that
balances capacity and efficiency.

The relationship  between code  dimensionality 4 and
representational capacity can be analyzed through the effective
degrees of freedom:

DOF ey = min(d, K-1)

This indicates that increasing dimensionality beyond the
vocabulary size minus one provides no additional
representational benefit.

8.4.2 Codebook Learning Algorithms

Several algorithms have been developed for learning effective
visual codebooks, each with distinct advantages and applications.

8.4.2.1 K-Means Clustering

IC¢-means clustering represents a classical approach to codebook
learning, iteratively updating codebook vectors to minimize
within-cluster variance. The algorithm alternates between
assignment and update steps:

Algorithm 1: K-means Codebook Learning Input: Feature vectors
{z1, 22, ..., Z»}, vocabulary size K Output: Codebook C = {c, ¢, ...,
ck} 1. Initialize codebook vectors randomly 2. Repeat until
convergence: a. Assignment step: For each z, assign to nearest
cluster: k; = argmin_j ||zi - ¢j||* b. Update step: For each cluster j: ¢;
= (1/]Sj)) £_{i€S;} zi where S;= {i: ki=j} 3. Return final codebook
C

While simple and interpretable, K-means has limitations
including sensitivity to initialization and local minima
convergence.
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8.4.2.2 Online Codebook Learning

Online learning methods update codebooks incrementally during
training, enabling adaptation to changing data distributions. The
exponential moving average (EMA) approach updates codebook
vectors based on recent assignments:

¢ = ac/? + (1-0)zi

where a is the decay factor and z; is assigned to cluster j. This
approach provides better stability and adaptability compared to
batch methods.

8.4.2.3 Differentiable Codebook Learning

Differentiable approaches enable end-to-end training of
codebooks within larger neural networks. The straight-through
estimator enables gradient flow through discrete assignments,
while learnable commitment losses encourage proper codebook
utilization:

Leodebook = ||sg[ze] - zq|* + Pllze - sg[z4] ||

where the first term encourages codebook vectors to move toward
assigned encodings, and the second term encourages encoder

commitment.
8.4.3 Specialized Codebook Architectures
8.4.3.1 Hierarchical Codebooks

Hierarchical codebooks organize visual codes in tree-like
structures, enabling multi-scale representation and efficient
search. Each level of the hierarchy captures features at different
scales, with coarse levels representing global structure and fine
levels encoding local details.

The hierarchical structure can be formalized as a tree T = (V,
E) where nodes v € V' represent codes and edges ¢ € E define
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parent-child relationships. The encoding process follows a top-
down path through the tree:

path(z) = {vo, vi, ..., vr}

where v, is the root and v, is a leaf node, with L representing
the tree depth.

8.4.3.2 Factorized Codebooks

Factorized codebooks decompose high-dimensional codes into
products of lower-dimensional factors, reducing memory
requirements while maintaining representational capacity. A d-
dimensional code is factorized as:

ci=ci1t &ci2 & ... & cCim

where & denotes the tensor product and each factor¢; has
dimensionality d/m.  This factorization reduces memory

from O(Kd) to O(mK'""d).
8.4.4 Codebook Analysis and Interpretability

Understanding the learned structure and semantics of visual
codebooks provides insights into model behavior and enables
better design choices.

8.4.4.1 Usage Distribution Analysis

The distribution of codebook wusage reveals important
characteristics about learned representations. Uniform usage
indicates good codebook utilization, while skewed distributions
suggest potential inefficiencies. The usage entropy provides a
quantitative measure:

Husage = -ZiZIKpi lngi

where p; represents the probability of using code i. Maximum
entropy (log K) indicates uniform usage.
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8.4.4.2 Semantic Clustering

Analyzing the semantic content associated with different codes

reveals the types of visual patterns captured by the codebook.

Techniques include:

Receptive field analysis: Identifying image regions that
activate specific codes

Nearest neighbor visualization: Displaying image
patches most similar to each code

Feature correlation analysis: Examining relationships
between codes and semantic attributes

8.4.4.3 Codebook Evolution Tracking

Monitoring how codebooks evolve during training provides

insights into learning dynamics. Key metrics include:

Code stability: Measuring how much individual codes
change between training steps

Usage evolution: Tracking changes in code usage
patterns over time

Reconstruction  quality  progression: Monitoring
improvement in reconstruction metrics

Codeboo | Memory Search Representatio | Training
I Type Complexity Complexity | nal Power Stability
Standard | O(Kd) O(K) High EAOdem
gierard‘ic O(Kd) O(log K) High High
Factorized ((?)(mKA (1/m) g(ml(" (1/m Moderate High
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Codeboo | Memory Search Representatio | Training

s Complexity Complexity | nal Power Stability
Product Moderat
Quantized O(Kd/m) O(K/m) Moderate .

Table 8.2: Comparison of codebook architectures

8.5 Tokenization in Vision-Language Models and
Comparison

The integration of visual tokenization into vision-language
models represents a significant advancement in multimodal Al,
enabling unified processing of visual and textual information.
This section examines how visual tokens are incorporated into
vision-language  architectures, their impact on model
performance, and comparative analyses across different
approaches.

8.5.1 Vision-Language Model Architectures

Vision-language models that utilize visual tokens typically follow
one of several architectural paradigms, each with distinct
advantages and design considerations.

8.5.1.1 Unified Token Sequence Models

Unified token sequence models treat visual and textual tokens as
elements of a single sequence, processed by a shared transformer
architecture. This approach enables seamless multimodal
processing but requires careful design of token ordering and
attention mechanisms.

The input to such models consists of a concatenated sequence:
S=/[CLS, vi, vs, ..., v, SEP, t, 1o, ..., IN]

where v; represent visual tokens, t; represent text tokens, and
special tokens [CLS] and [SEP] provide sequence structure. The
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transformer processes this unified sequence using self-attention
across all modalities:

Attention(0, K, V) = softmax(OK"/Ndy)V
where queries, keys, and values are derived from both visual and
textual tokens.

8.5.1.2 Cross-Modal Attention Models

Cross-modal attention models maintain separate processing
streams for visual and textual information, with dedicated
attention mechanisms enabling cross-modal interaction. This
architecture provides more controlled multimodal fusion while
maintaining modality-specific processing capabilities.

The cross-modal attention mechanism can be formulated as:

Vattendea = CrossAttention(V, T, T)
Tattendea = CrossAttention(T, V, V)

where visual features V attend to textual features T and vice
versa.

8.5.1.3 Encoder-Decoder Architectures

Encoder-decoder models use visual tokens as input to an encoder,
with textual generation handled by a separate decoder. This
architecture is particularly effective for tasks like image
captioning and visual question answering.

The encoding process maps visual tokens to a continuous
representation:

hyisuat = Encoder([vi, v2, ..., vif)

The decoder then generates text conditioned on this visual
representation:

p(li|l<i, hvisual) = soﬁmax(WoDecoder(t<i, hvisual))

8.5.2 Training Strategies
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Training vision-language models with visual tokens requires
specialized strategies that account for the discrete nature of visual
representations and the need for effective multimodal alignment.

8.5.2.1 Joint Training

Joint training optimizes visual tokenization and vision-language
understanding simultaneously, enabling end-to-end learning but
requiring careful balance between objectives. The total loss
combines  reconstruction, alignment, and task-specific
components:

Litotal = A1Lreconstruction + lZLalignment + A3Ltask

where L, onstruction €NSUTES visual quality, Luigmerx promotes
multimodal correspondence, and L,y optimizes downstream
performance.

8.5.2.2 Two-Stage Training

Two-stage training first learns visual tokenization independently,
then fine-tunes the complete vision-language model. This
approach provides better stability and enables reuse of pre-
trained components.

Stage 1 focuses on visual representation learning:
Ovisuar™ = argmine Lreconstruction(e)

Stage 2 optimizes the vision-language model with fixed or slowly
adapted visual components:

Ovr* = argmine Liasi(0, Ovisua™)

8.5.3 Multimodal Alignment Techniques

Effective alignment between visual and textual tokens is crucial
for vision-language model performance. Several techniques have
been developed to promote meaningful cross-modal
correspondences.
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8.5.3.1 Contrastive Learning

Contrastive learning approaches align visual and textual
representations by maximizing similarity between corresponding
pairs and minimizing similarity between non-corresponding
pairs. The contrastive loss is formulated as:

Lecontrastive = -log(exp(sim(v, t+)/z) / Y iexp(sim(v, t;)/z))

where sim(-,) measures similarity, t, is the positive text,
and t is the temperature parameter.

8.5.3.2 Masked Language Modeling
Masked language modeling tasks require the model to predict
masked text tokens based on visual context, promoting fine-
grained alignment. The objective is:
Lyiv = =) iemlog p(tiltm, V)
where M represents the set of masked positions.

8.5.3.3 Visual Token Prediction

Visual token prediction tasks require predicting visual tokens
from textual descriptions, encouraging the model to learn
meaningful visual-textual correspondences:

T, V=)

Lyrp = -Y jevlog p(v;
where V_; represents visual tokens excluding position j.

8.5.4 Performance Analysis and Comparisons

Comparing vision-language models with different visual
tokenization approaches requires comprehensive evaluation
across multiple dimensions and tasks.

8.5.4.1 Task-Specific Performance

Different visual tokenization methods show varying performance
across vision-language tasks:
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e Image Captioning: High-resolution tokens improve
detail description but may increase computational cost

e Visual Question Answering: Semantic tokens often
provide better reasoning capabilities

e Image-Text Retrieval: Compact tokens enable efficient
similarity computation

e Visual Dialogue: Hierarchical tokens support multi-
turn context understanding
8.5.4.2 Computational Efficiency

The computational requirements of different tokenization
approaches vary significantly:

Tokenization Tokens Token Memory Inference
Method per Image | Dimension | Usage Speed

Patch-based

(16x16) 196-3136 768-1024 High Moderate
VQ-VAE 64-1024 256-512 Moderate High
Hierarchical 256-2048 256-512 High Moderate
Semantic 10-100 512-1024 Low High

Table 8.3: Computational characteristics of visual tokenization methods

8.5.4.3 Scaling Properties

The scaling behavior of different tokenization methods affects
their applicability to large-scale systems. Key considerations
include:

e Dataset size scaling: How well methods generalize with
increasing training data
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e Model size scaling: Performance improvements with
larger model parameters

e Resolution scaling: Handling of high-resolution images

e Vocabulary size scaling: Impact of codebook size on
performance

8.5.5 Emerging Trends and Future Directions

Several emerging trends are shaping the future development of

visual tokenization in vision-language models:

8.5.5.1 Adaptive Tokenization

Adaptive tokenization methods dynamically adjust token
granularity based on image content and task requirements. This
approach optimizes the trade-off between efficiency and quality
on a per-image basis.

8.5.5.2 Multimodal Codebooks

Multimodal codebooks learn joint representations that span
visual and textual modalities, enabling more seamless cross-
modal processing and better alignment.

8.5.5.3 Task-Aware Tokenization

Task-aware approaches adapt visual tokenization based on
downstream task requirements, optimizing token representations
for specific applications rather than general reconstruction
quality.

In multimodal models (e.g., CLIP, Flamingo, Gemini), both
text and images are tokenized and fed into the same transformer
backbone. Harmonizing visual and textual tokens is crucial for
coherent joint understanding.

Key Comparisons:
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Feature Text Tokenization Visual Tokenization

Patches, discrete image

Units Words, subwords
tokens

Vocabulary Size 30k-50k tokens 256-8192 tokens

Token Length (per Typically a 2D grid (e.g.,

Varies with sentence

input) 32x32)
Preprocessing Tokenizer like BPE Encoder + quantizer
Reversibility Text is deterministic Images use lossy

compression

Fusion Strategies:

e Early fusion: Tokens from both modalities are
concatenated before entering the transformer.

e Late fusion: Separate encoders are used for vision and
text, merged at higher layers.

8.6 Summary

This chapter has provided a comprehensive examination of visual
tokens, covering their theoretical foundations, practical
implementations, and applications in modern Al systems. Visual
tokenization represents a paradigm shift in computer vision,
bridging the gap between continuous visual data and discrete
symbolic processing that has proven so effective in natural
language processing.

The key insights from this exploration include:

Fundamental Principles: Visual tokens enable discrete
representation of continuous visual information through
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quantization techniques that balance compression efficiency with
reconstruction quality. The discrete nature of tokens facilitates
the application of sequence modeling techniques and enables
better integration with language processing systems.

Methodological Diversity: Multiple approaches to visual
tokenization exist, each with distinct advantages and
applications. Patch-based methods offer simplicity and
efficiency, vector quantization approaches provide learned
optimal representations, hierarchical methods capture multi-
scale structure, and semantic approaches align with human visual
perception. The choice of method depends on specific application
requirements and computational constraints.

Implementation Considerations: Successful implementation
of visual tokenization systems requires careful attention to
codebook design, training strategies, and optimization
techniques. Key factors include vocabulary size selection,
quantization methods, codebook utilization strategies, and
reconstruction quality optimization. The trade-offs between
different design choices must be evaluated in the context of
specific applications.

Vision-Language Integration: Visual tokens have enabled
significant advances in multimodal Al by providing a unified
representation framework for visual and textual information.
Different architectural approaches, including unified sequence
models, cross-modal attention mechanisms, and encoder-decoder
structures, each offer unique advantages for different tasks.
Training strategies and alignment techniques are crucial for
achieving effective multimodal understanding.

Performance and Efficiency: The evaluation of visual
tokenization methods requires consideration of multiple
dimensions, including reconstruction quality, computational
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efficiency, semantic coherence, and task-specific performance.
Different methods excel in different areas, and the optimal choice
depends on the specific requirements of the target application.

Future Directions: The field continues to evolve with emerging
trends including adaptive tokenization, multimodal codebooks,
and task-aware representations. These developments promise to
further improve the efficiency and effectiveness of visual

tokenization systems.

The impact of visual tokenization extends beyond computer
vision to enable new paradigms in multimodal Al, content
generation, and human-computer interaction. As the field
continues to mature, we can expect further innovations that
enhance the quality, efficiency, and applicability of visual token
representations.

Looking forward, several challenges and opportunities remain.
Improving the semantic coherence of visual tokens while
maintaining computational efficiency represents an ongoing
challenge. The development of more sophisticated codebook
architectures and training techniques offers potential for
significant advances. Additionally, the integration of visual
tokens with emerging Al architectures and applications continues
to open new possibilities for multimodal intelligence.

The principles and techniques presented in this chapter provide
a foundation for understanding and implementing visual
tokenization systems. As the field continues to evolve, these
fundamental concepts will remain relevant while new
innovations build upon this established foundation to push the
boundaries of what is possible in visual understanding and
multimodal Al.

Visual tokenization transforms the rich, continuous space of
pixels into discrete symbols that generative models can
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understand. Whether it’s patch embeddings for classification or

learned discrete tokens for image generation, visual tokens have

become essential to modern Al.

Key Takeaways:

Visual tokenization brings structure and efficiency to
modeling images, just like word tokenization does for
text.

Discrete representations using codebooks (VQ-VAE,
DALL-E) enable generative models to operate
symbolically on images.

Visual vocabularies balance between abstraction and
fidelity; larger vocabularies can capture more detail.

In vision-language models, aligning visual and textual
token streams is crucial for joint reasoning.

As we move forward in generative Al, visual tokenization will

continue to evolve, spanning not just images, but videos, 3D

scenes, and beyond.

99 | Mastering The GenAl Tokens (Volume 1)



Audio and Video Tokens

9.1 Introduction to Audio and Video Tokens

The transformation of continuous multimedia signals into
discrete tokens represents one of the most challenging frontiers
in modern machine learning. Unlike text, which is inherently
discrete, audio and video data exist as continuous signals that
must be carefully segmented, encoded, and represented as
meaningful units that preserve both semantic content and
temporal dependencies.

Audio and video tokenization serves as the critical bridge
between raw multimedia data and neural architectures designed
for sequence processing. This process involves converting
continuous waveforms and pixel sequences into discrete symbolic
representations that can be processed by transformer models,
recurrent networks, and other sequence-based architectures.

The fundamental challenge lies in balancing information
preservation with computational efficiency. While text tokens
naturally correspond to linguistic units (words, subwords,
characters), multimedia tokens must capture complex temporal
dynamics, spectral characteristics, and spatial relationships
within computationally tractable representations.
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Core Principles of Multimedia Tokenization

Multimedia tokenization operates on several key principles that
distinguish it from traditional text processing:

e Temporal Coherence: Adjacent tokens must maintain
meaningful relationships that preserve the continuity of
the original signal

e Information Density: Each token should encode
sufficient information to enable reconstruction while
minimizing redundancy

e Hierarchical Structure: Tokens often operate at
multiple temporal or spatial scales simultaneously

e Perceptual Relevance: Token boundaries should align
with perceptually meaningful units when possible

The mathematical foundation for multimedia tokenization
typically involves some form of quantization function Q that
maps continuous input signals X to discrete token sequences T:

T =QX) = {ty, t, ..., tnr

where each token ti represents a compressed encoding of a
temporal or spatial segment of the original signal.

9.2 Audio Stream Tokenization Strategies

Audio tokenization encompasses a diverse range of approaches,
each optimized for different aspects of the audio signal and
downstream applications. The choice of tokenization strategy
fundamentally impacts model performance, computational
requirements, and the types of audio phenomena that can be
effectively captured.

101 | Mastering The GenAl Tokens (Volume 1)



Frame-Based Tokenization

The most straightforward approach to audio tokenization
involves segmenting the audio stream into fixed-duration frames,
typically ranging from 10-50 milliseconds. Each frame is then
processed through feature extraction and quantization stages:

def frame_tokenize(audio_signal, frame_size_ms=25,
hop_size_ms=10, sample_rate=16000):

frame_samples = int(frame_size_ms * sample_rate / 1000)
hop_samples = int(hop_size_ms * sample_rate / 1000)
frames = []

for i in range(0, len(audio_signal) - frame_samples,
hop_samples):

frame = audio_signal[i:i + frame_samples]

features = extract features(frame) # MFCC, Mel-
spectrogram, etc.

token = quantize_features(features)

frames.append(token)

return frames

Spectral Tokenization Methods

Spectral approaches transform audio into frequency domain
representations before tokenization. The Short-Time Fourier
Transform (STFT) provides the foundation for many spectral
tokenization schemes:

X(m,w) = X, x[n] w[n-m] e ™ (-jon)
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The resulting spectrogram can be tokenized through various
quantization schemes, including vector quantization and neural

codebooks.
Method Token | Compression Quality | Use Case
Rate Ratio
(Hz)
Raw Frame 100- 1:1 Perfect High-fidelity
200 reconstruction
MFCC 100 8:1 Good Speech
recognition
Mel- 50-100 | 4:1 High Speech
spectrogram synthesis
Neural Codec | 50-75 16:1 High Generative
modeling

Neural Audio Codecs

Modern neural codecs represent the state-of-the-art in audio
tokenization, employing learned representations that optimize
for both compression and reconstruction quality. These systems
typically consist of an encoder-quantizer-decoder architecture:

class NeuralAudioCodec(nn.Module):
def _init_ (self, codebook size=1024, codebook dim=256):
super().__init__ ()
self.encoder = ConvEncoder()

self.quantizer = VectorQuantizer(codebook_size,
codebook _dim)

self.decoder = ConvDecoder()
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def tokenize(self, audio):
# Encode to continuous representation

z = self.encoder(audio)

# Quantize to discrete tokens

tokens, commitment_loss = self.quantizer(z)

return tokens, commitment_loss

def detokenize(self, tokens):
# Decode tokens back to audio
return self.decoder(tokens)

Adaptive Tokenization

Adaptive approaches adjust tokenization parameters based on
local signal characteristics. During periods of high spectral
activity, shorter tokens with higher temporal resolution may be
employed, while stationary segments can be represented with
longer tokens:

L(t) = a- S(t) + B - C(t)

where L(t) represents the optimal token length at time t, S(t)
measures spectral complexity, and C(t) captures temporal change
rate.

9.3 Tokenization in Speech Models

Speech processing presents unique tokenization challenges due
to the dual nature of speech as both acoustic signal and linguistic
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content. Effective speech tokenization must preserve phonetic
information while maintaining compatibility with language
modeling objectives.

Phoneme-Based Tokenization

Traditional speech recognition systems often employ phoneme-
based tokenization, where audio segments are mapped to discrete
phonetic units. This approach requires sophisticated acoustic
models to handle the variability in phoneme realization:

class PhonemeTokenizer:
def _ init__ (self, phoneme_set, acoustic_model):
self.phoneme_set = phoneme_set

self.acoustic_model = acoustic_model

def tokenize(self, audio_features):
# Extract phoneme probabilities

phoneme_probs = self.acoustic_model(audio_features)

# Apply Viterbi decoding or CTC

phoneme_sequence =
self.decode_sequence(phoneme_probs)

return phoneme_sequence

def decode_sequence(self, probs):
# Implementation of sequence decoding algorithm

pass
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Subword Units in Speech

Subword tokenization methods, borrowed from natural language
processing, have found significant application in speech
processing. Byte Pair Encoding (BPE) and SentencePiece can be
applied to phoneme sequences or directly to acoustic features:

Approach Vocabulary Advantages Disadvantages
Size

Character- 50-100 Simple, universal Long sequences,

level limited context

Phoneme- 40-60 Linguistically Requires acoustic

level motivated model

BPE 500-2000 Balances Language-

Phonemes efficiency and | dependent
coverage

Neural Units 1000-8000 End-to-end Less interpretable
optimized

Self-Supervised Speech Representations

Modern speech tokenization increasingly relies on self-supervised
learning to discover meaningful acoustic units directly from data.
Models like wav2vec 2.0 and HuBERT employ contrastive
learning to learn discrete speech representations:

= -log(exp(sim(c_t, q_t)/T) / Zi exp(sim(c_t, qi)/T))

where c_t represents the context representation, q_t is the target
quantized representation, and q; are negative samples.
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Multilingual and Cross-lingual Tokenization

Cross-lingual speech tokenization aims to discover universal
acoustic units that generalize across languages. This involves
training tokenizers on multilingual corpora and optimizing for

cross-lingual transfer:
class MultilingualSpeechTokenizer:
def _init__(self, languages, shared_codebook_size=4096):
self.languages = languages
self.shared_encoder = CrossLingualEncoder()

self.shared_quantizer =
VectorQuantizer(shared_codebook_size)

def train_multilingual(self, multilingual_data):
for lang, audio_data in multilingual_data.items():
# Extract language-agnostic features

features = self.shared encoder(audio_data)

# Update shared quantizer

self.shared_quantizer.update(features)

9.4 Video Frame and Sequence Tokenization

Video tokenization presents a multidimensional challenge,
requiring the discrete representation of both spatial and temporal
information. Unlike audio, which is inherently one-dimensional,
video data must capture complex spatial relationships while
maintaining temporal coherence across frames.
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Frame-Level Tokenization

The most fundamental approach treats each video frame as an
independent image, applying established image tokenization
techniques. Vision Transformers (ViTs) pioneered patch-based
tokenization, dividing each frame into non-overlapping patches:

def patch_tokenize frame(frame, patch_size=16):

mnm

Tokenize a single video frame using patch-based approach
Args:

frame: (H, W, C) video frame

patch_size: Size of square patches
Returns:

tokens: (num_patches, patch_dim) tokenized patches

mm

H, W, C = frame.shape
num_patches_h = H // patch_size

num_patches w = W // patch_size

patches = frame.reshape(num_patches_h,  patch_size,
num_patches_w, patch_size, C)

patches = patches.transpose(0, 2, 1, 3, 4)
tokens = patches.reshape(-1, patch_size * patch_size * C)

return tokens

108 | Mastering The GenAl Tokens (Volume 1)



Each patch becomes a token with dimensionality d = patch_size?
X channels, resulting in n = (HXW)/(patch_size?) tokens per

frame.

Temporal Sequence Tokenization

Extending spatial tokenization to temporal sequences requires
careful consideration of computational complexity. A naive
approach of independently tokenizing each frame results in
prohibitively long sequences for transformer processing.

Total tokens = T x (HxW)/(P?)

where T is the number of frames, HXW is frame resolution, and
P is patch size.

Several strategies address this scaling challenge:

Strategy Tokens | Spatial Temporal Applications
per Resolution | Resolution
Second
Frame 32-64 High Low Action
Sampling classification
Tubelet 128-256 | Medium Medium Video
Tokens understanding
Hierarchical 64-512 Variable Variable Long-form
video
Motion- 50-300 Adaptive Adaptive Efficient
Adaptive processing
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3D Spatiotemporal Tokenization

Spatiotemporal approaches extend 2D patches to 3D "tubelets"
that capture both spatial and temporal information within single
tokens:

class Spatiotemporal Tokenizer:
def _init_ (self, patch_size=(16, 16), temporal_depth=8):
self.patch_size = patch_size

self.temporal_depth = temporal_depth

def tokenize_video_clip(self, video_clip):

Args:
video_clip: (T, H, W, C) video segment
Returns:

tubelet_tokens: 3D spatiotemporal tokens

mm

T, H, W, C = video_clip.shape

# Ensure dimensions are divisible

T = (T // self.temporal_depth) * self.temporal_depth
H = (H // self.patch_size[0]) * self.patch_size[0]

W = (W // self.patch_size[1]) * self.patch_size[]]

# Reshape into tubelets
tubelets = video_clip[:T, :H, :W].reshape(
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T // self.temporal_depth, self.temporal_depth,
H // self.patch_size[0], self.patch_size[0],
W // selt.patch_size[ 1], self.patch_size[1], C

# Flatten each tubelet into a token
tokens = tubelets.transpose(0, 2, 4, 1, 3, 5, 6)

*

token_dim = self.temporal_depth * self.patch_size[O]
self.patch_size[1] * C

tokens = tokens.reshape(-1, token_dim)

return tokens

Learned Video Representations

Neural approaches to video tokenization employ encoder-
decoder architectures with vector quantization, similar to audio
codecs but adapted for high-dimensional visual data:

z=E®x), 2 =Q(z), = D()

where E is the encoder, Q is the quantizer, D is the decoder, and
the quantization step produces discrete tokens.

class VideoVQVAE(nn.Module):
def _init_ (self, codebook size=8192, codebook dim=256):
super().__init__ ()
self.encoder = Video3DEncoder()

self.quantizer = VectorQuantizer(codebook_size,
codebook_dim)
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self.decoder = Video3DDecoder()

def tokenize(self, video):
# Encode video to latent space

z = self.encoder(video)

# Quantize to discrete tokens

tokens, commitment_loss, perplexity = self.quantizer(z)

return tokens, commitment_loss

def reconstruct(self, video):
tokens, loss = self.tokenize(video)
reconstruction = self.decoder(tokens)

return reconstruction, loss

9.5 Temporal Relationships in Streaming Tokens

The preservation and modeling of temporal relationships
represents a critical challenge in multimedia tokenization. Unlike
static data, audio and video streams exhibit complex temporal
dependencies that must be maintained across token boundaries
to preserve semantic meaning and enable effective downstream

processing.
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Temporal Consistency Constraints

Temporal consistency ensures that adjacent tokens maintain
coherent relationships that reflect the underlying continuity of
the original signal. This is particularly crucial for streaming
applications where tokens are processed in real-time.

The temporal consistency loss can be formulated as:

L_temporal = 2 ||f(t) - flte)||” + 4 - || f{1)]]?

where f(t;) represents the feature embedding of token t,, and the
gradient term encourages smooth transitions between
consecutive tokens.

Causal Tokenization for Streaming

Streaming applications require causal tokenization schemes that
can produce tokens using only past and present information,
without access to future frames or audio samples:

class CausalStreamTokenizer:
def init_ (self, context window=10, lookahead=0):
self.context_window = context_window
self.lookahead = lookahead

self.buffer = deque(maxlen=context_window + lookahead)

def add_frame(self, frame):

""Add new frame to processing buffer

self.buffer.append(frame)

if len(self.buffer) >= self.context_window:

return self.tokenize current()
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return None

def tokenize current(self):
""Tokenize current frame using causal context™"
if len(self.buffer) < self.context window:

return None

# Use only past and current frames (causal)
context_frames = list(self.buffer)[:self.context_ window]

current_frame = context_frames[-1 ]

# Apply temporal-aware tokenization

token = self.extract token_with_context(current frame,
context_frames|:-1])

return token

Multi-Scale Temporal Modeling

Complex temporal relationships often exist at multiple time
scales simultaneously. Multi-scale tokenization captures both
fine-grained local patterns and long-term global structure:

Temporal Scale Token Captures Applications
Duration
Fine (Frame-level) 33-100ms Local motion, | Lip sync, speech
phonemes alignment
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Temporal Scale Token Captures Applications
Duration

Medium 100-500ms Syllables, Speech

(Syllable/Word) gestures recognition,
action units

Coarse 1-10s Sentences, Scene

(Phrase/Scene) actions understanding,
dialogue

Global (Context) 10s+ Topics, Content

narratives classification,

summarization

Attention Mechanisms for Temporal Modeling

Attention mechanisms enable tokens to selectively focus on

relevant temporal contexts. For streaming scenarios, causal

attention masks prevent information leakage from future tokens:

def causal_temporal_attention(query, key, value, mask=None):

mnm

Compute causal attention over temporal sequence

Args:

query, key, value: (batch, seq_len, dim)

mask: Optional attention maslk

mnm

seq_len = query.size(1)

# Create causal mask

causal_mask = torch.tril(torch.ones(seq_len, seq_len))
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# Combine with provided mask
if mask is not None:

causal_mask = causal mask * mask

# Compute attention scores
scores = torch.matmul(query, key.transpose(-2, -1))

scores = scores / math.sqrt(query.size(-1))

# Apply causal mask

scores.masked fill (causal mask == 0, -1e9)

# Softmax and apply to values
attention_weights = F.softmax(scores, dim=-1)

output = torch.matmul(attention_weights, value)

return output, attention_weights

Temporal Prediction and Interpolation

Advanced tokenization schemes incorporate predictive modeling
to maintain temporal coherence even when tokens are lost or
corrupted during transmission:

l‘;+1 = Predict(ttfk, I l})
The prediction error serves as an additional training signal that

encourages temporally consistent token representations.
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9.6 Compression and Efficiency Considerations

The practical deployment of multimedia tokenization systems
requires careful balance between representation quality and
computational efficiency. This section examines the trade-offs
inherent in different approaches and strategies for optimizing
tokenization for real-world applications.

Rate-Distortion Analysis

The fundamental trade-off in multimedia tokenization can be
analyzed through rate-distortion theory. The rate R represents
the number of bits required to encode the tokenized
representation, while distortion D measures the quality loss
relative to the original signal:

R(D) = min_{p(t|x): E[d(x,¥)] < D} I(T)

where I(X;T) is the mutual information between the original
signal X and tokens T, and d(x,X) measures reconstruction

distortion.
Tokenization Bit Rate Latency Memory Quality
Method (kbps) (ms) (MB) Score
Raw Frames 24,000 1 100 1.0
JPEG + Audio 1,000 5 10 0.85
Neural Codec 250 15 50 0.90
VQ-VAE 64 25 25 0.80
Adaptive VQ 32-128 30 30 0.85
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Quantization Strategies

Effective quantization is crucial for achieving high compression
ratios while maintaining perceptual quality. Modern approaches
employ learned quantization schemes that adapt to the statistical
properties of the data:

class AdaptiveQuantizer(nn.Module):

def __init__ (self, codebook_size, codebook dim,
num_codebooks=1):

super().__init_ ()
self.codebook_size = codebook size
self.codebook_dim = codebook_dim

self.num_codebooks = num_codebooks

# Multiple codebooks for residual quantization
self.codebooks = nn.ModuleList([
nn.Embedding(codebool<_size, codebook_dim)

for _ in range(num_codebooks)

D

def forward(self, x):
residual = x
tokens = []

commitment loss = 0

for codebook in self.codebooks:
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# Find closest codebook entries
distances = torch.cdist(residual, codebook.weight)

indices = torch.argmin(distances, dim=-1)

# Get quantized representation
quantized = codebook(indices)

tokens.append(indices)

# Update residual

residual = residual - quantized

# Commitment loss

commitment_loss += F.mse_loss(quantized.detach(), x)

return torch.stack(tokens, dim=-1), commitment loss

Entropy Coding and Compression

After quantization, entropy coding can further reduce the bit rate
by exploiting statistical redundancies in the token sequences.
Arithmetic coding and learned compression models achieve near-
optimal compression:

H(T) = -Zi p(t) log; p(t)

The entropy H(T) provides a lower bound on the average number
of bits required per token.
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class LearnedEntropyModel(nn.Module):
def _init_ (self, vocab_size, context_size=10):
super().__init_ ()
self.vocab_size = vocab_size
self.context_size = context_size

self.context_ encoder = nn.LSTM(vocab_size, 256,
batch_first=True)

self.probability_head = nn.Linear(256, vocab_size)

def get_probabilities(self, context_tokens):
""Predict probability distribution for next token™"
# Encode context

context_embed = F.one_hot(context_tokens,

self.vocab_size).float()

hidden, = self.context_encoder(context_embed)
# Predict probabilities

logits = self.probability_head(hidden[:, -1])
probabilities = F.softmax(logits, dim=-1)

return probabilities

def compress_sequence(self, token_sequence):

mnm

""Compress token sequence using learned probabilities
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compressed_bits = []

for i in range(len(token_sequence)):
context_start = max(0, i - self.context_size)

context = token_sequence[context_start:i]

if len(context) > 0:
probs = self.get_probabilities(context)
bits = -torch.log2(probs[token_sequence[i]])

compressed_bits.append(bits.item())

return sum(compressed_bits)

Hardware Optimization

Efficient implementation requires consideration of hardware
constraints, particularly for mobile and edge deployment
scenarios:

e Memory Optimization: Minimize codebook size and
intermediate representations

e Computational Efficiency: Use separable convolutions
and depthwise operations

e DParallelization: Design operations that can leverage
GPU parallel processing

¢ Quantization-Aware Training: Train models with
simulated hardware constraints
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Adaptive Quality Control

Dynamic adaptation of tokenization parameters based on
content complexity and available bandwidth enables optimal
resource utilization:

class AdaptiveTokenizer:
def _init__(self, quality_levels=[0.5, 0.7, 0.9]):
self.quality_levels = quality_levels

self.complexity_estimator = ComplexityEstimator()

def select_quality_level(self, content, bandwidth_limit):

""Select optimal quality level based on content and

mm

constraints

complexity = self.complexity_estimator(content)

# Estimate bit rate for each quality level
estimated_rates = []
for quality in self.quality_levels:

rate = self.estimate_rate(complexity, quality)

estimated_rates.append(rate)

# Select highest quality within bandwidth constraint
for i, rate in enumerate(estimated_rates):
if rate <= bandwidth_limit:

return self.quality_levels[i]
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# Fallback to lowest quality

return self.quality_levels[0]

9.7 Summary

This chapter has explored the complex landscape of audio and
video tokenization, examining the fundamental challenges and
state-of-the-art solutions for converting continuous multimedia
signals into discrete token representations suitable for modern
machine learning architectures.

Key Insights and Findings

The transformation of multimedia data into tokens requires
careful consideration of multiple competing objectives. Unlike
text tokenization, which operates on inherently discrete symbolic
data, multimedia tokenization must preserve continuous signal
properties while enabling efficient discrete processing. The
following key insights emerge from our analysis:

Temporal Coherence is Paramount: The most successful
tokenization approaches maintain strong temporal consistency
between adjacent tokens. This requires sophisticated
quantization schemes that consider not just local signal
properties but also temporal context and predicted future states.

Multi-scale Representation is Essential: Effective multimedia
tokenization operates simultaneously at multiple temporal and
spatial scales. Fine-grained tokens capture local details while
coarse-grained tokens preserve global structure and long-term
dependencies.

Learned  Representations  Outperform  Hand-crafted
Features: Neural approaches consistently achieve better rate-
distortion trade-offs than traditional signal processing methods.
Vector quantization combined with deep learning enables the
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discovery of perceptually meaningful representations directly

from data.

Comparative Analysis of Approaches

Approach Strengths Limitations Best

Category Applications

Frame-based Simple, Limited Real-time
predictable, low | compression, processing,
latency ignores temporal | simple content

structure

Spectral /| Efficient for | Fixed resolution, | Speech

Frequency audio, well- | artifacts at | processing,
understood boundaries audio analysis

Neural Codecs | High Computational High-quality
compression, complexity, generation,
learned training compression
representations requirements

Hierarchical Multi-scale Complex Long-form
capture, efficient | architecture, content,
for long | synchronization variable
sequences challenges resolution

needs

Practical Guidelines for Implementation

Based on the analysis presented in this chapter, several practical
guidelines emerge for implementing multimedia tokenization
systems:

e Application-Specific = Design: Choose tokenization
approaches based on specific application requirements.
Real-time applications favor low-latency methods, while
offline processing can

employ more sophisticated

compression techniques.
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e Quality-Efficiency Balance: Establish clear quality
metrics and efficiency constraints early in the design
process. Use rate-distortion analysis to guide architectural
decisions.

e Temporal Context Integration: Always consider
temporal context when designing tokenization schemes.
Even for applications that don't explicitly require
temporal modeling, context-aware tokenization improves

quality.

e Evaluation Beyond Reconstruction: Evaluate
tokenization quality using downstream task performance,
not just reconstruction metrics. Perceptual quality often
matters more than pixel-perfect reconstruction.

Future Directions and Emerging Trends

The field of multimedia tokenization continues to evolve rapidly,
driven by advances in neural architectures and increasing
demand for efficient multimedia processing. Several promising
directions warrant attention:

Unified Multimodal Tokenization: Future systems will likely
employ unified tokenization schemes that handle audio, video,
and text within single coherent frameworks, enabling more
sophisticated cross-modal understanding and generation.

Adaptive and Context-Aware Methods: Next-generation
tokenizers will dynamically adjust their parameters based on
content complexity, available computational resources, and task
requirements, optimizing the rate-distortion trade-off in real-

time.

Hardware-Software = Co-design: The  development  of
specialized hardware for multimedia tokenization will enable new
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architectural possibilities and efficiency improvements that are
not feasible with general-purpose processors.

The continued advancement of multimedia tokenization
techniques will play a crucial role in enabling the next generation
of multimodal Al systems, supporting applications ranging from
immersive virtual reality to intelligent content creation and real-

time communication systems.

As the field progresses, the fundamental principles outlined in
this chapter—temporal coherence, multi-scale representation,
and learned optimization—will remain central to developing
effective and efficient multimedia tokenization systems that can
meet the growing demands of modern Al applications.

126 | Mastering The GenAl Tokens (Volume 1)



Multimodal Tokenization

10.1 Introduction to Multimodal Tokenization

Multimodal tokenization represents a fundamental paradigm
shift in how artificial intelligence systems process and understand
information across different modalities. Traditional natural
language processing focused primarily on text tokenization,
where words, subwords, or characters were converted into
discrete tokens for model consumption. However, the emergence
of multimodal Al systems that can simultaneously process text,
images, audio, video, and other data types has necessitated the
development of sophisticated tokenization strategies that can
handle heterogeneous data sources within unified computational
frameworks.

The challenge of multimodal tokenization lies in creating
meaningful representations that preserve the essential
characteristics of each modality while enabling cross-modal
interactions and learning. Unlike unimodal tokenization, where
the input space is relatively homogeneous, multimodal
tokenization must address the fundamental differences in data
structure, dimensionality, temporal characteristics, and semantic
content across modalities.
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Consider the complexity involved: text tokens are discrete
symbolic representations, image patches contain continuous
pixel values with spatial relationships, audio signals have
temporal dynamics and frequency components, and video
combines both spatial and temporal dimensions. The
tokenization process must transform these disparate data types
into a common representational space that enables meaningful
computation while preserving modality-specific information.

Modern multimodal tokenization approaches typically follow
one of several architectural paradigms: early fusion, where raw
inputs from different modalities are tokenized and combined at
the input level; late fusion, where each modality is processed
separately before combination; or intermediate fusion, where
tokenization occurs at multiple stages throughout the processing
pipeline. Each approach presents unique advantages and
challenges in terms of computational efficiency, representational
capacity, and cross-modal learning capability.

10.1.1 Historical Context and Evolution

The evolution of multimodal tokenization can be traced through
several key developments in machine learning and natural
language processing. Early attempts at multimodal processing
relied on simple concatenation of features extracted
independently from each modality. These approaches, while
computationally straightforward, failed to capture the rich
interactions between modalities that are essential for many real-
world applications.

The introduction of attention mechanisms in transformer
architectures provided the first practical framework for learning
cross-modal  dependencies.  Vision  Transformer  (ViT)
demonstrated that image patches could be treated as tokens
analogous to words in text, opening new possibilities for unified
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multimodal processing. This breakthrough established the
foundation for modern multimodal tokenization strategies.

10.1.2 Core Principles and Challenges

Several fundamental principles guide the design of effective
multimodal tokenization systems. First, the tokenization process
must preserve information content across modalities while
enabling meaningful cross-modal comparisons. Second, the
resulting token representations must be computationally
tractable for large-scale processing. Third, the system must be
flexible enough to accommodate new modalities and varying
input configurations.

Key challenges include handling variable sequence lengths across
modalities, managing computational complexity that scales with
the number and resolution of input modalities, addressing
temporal synchronization in time-series data, and maintaining

semantic consistency across different representational spaces.

Token multimodal = f(Token_text, Token image, Token audio, ...,
Token n)

10.2 Cross-modal Token Representations

Cross-modal token representations form the cornerstone of
multimodal tokenization systems, enabling the transformation of
heterogeneous data types into comparable and interactable
formats. The fundamental challenge lies in creating
representations that maintain the semantic content and
structural properties of each modality while facilitating
meaningful interactions across modalities.

The design of cross-modal token representations requires careful
consideration of several key factors: dimensionality consistency
across modalities, preservation of intra-modal relationships,
facilitation of inter-modal alignment, and computational
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efficiency. These representations must balance the competing
demands of modality-specific fidelity and cross-modal
compatibility.

10.2.1 Projection-Based Approaches

Projection-based approaches represent one of the most common
strategies for creating cross-modal token representations. These
methods employ learned linear or non-linear transformations to
map modality-specific features into a shared representational
space. The projection functions are typically optimized jointly
with the downstream task objectives, ensuring that the resulting
representations are task-appropriate.

class CrossModalProjector:

def _init_ (self, input_dim, output_dim, modality_type):
self.input_dim = input_dim
self.output_dim = output_dim
self.modality_type = modality_type
self.projection_layer = nn.Linear(input_dim, output_dim)
self.layer_norm = nn.LayerNorm(output_dim)

def forward(self, modality_features):
# Project to shared dimensional space
projected = self.projection_layer(modality_features)
# Apply normalization for stability
normalized = self.layer_norm(projected)
# Add modality-specific positional encoding
positioned = self.add_modality_encoding(normalized)

return positioned
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def add_modality_encoding(self, features):
# Modality-specific encoding to preserve identity
modality_embed = self.get_modality_embedding()
return features + modality_embed

The effectiveness of projection-based approaches depends heavily
on the choice of projection architecture and training
methodology. Simple linear projections may fail to capture
complex non-linear relationships within and across modalities,
while overly complex projections may lead to overfitting and poor
generalization. Optimal projection design often involves
architectural search or careful empirical validation.

10.2.2 Attention-Based Cross-Modal Representations

Attention mechanisms provide a more sophisticated approach to
cross-modal token representation by enabling dynamic weighting
of features based on their relevance to the current context. Cross-
modal attention allows tokens from one modality to attend to
relevant tokens from other modalities, creating rich contextual
representations that capture inter-modal dependencies.

The mathematical formulation of cross-modal attention extends
the standard attention mechanism to handle multiple input
modalities:

Attention(Q i, K j, V_j) = softmax(Q_i *K j"T/Nd k) *V j
where i, j € {text, image, audio, ...} and i #j

This formulation allows queries from one modality to attend to
keys and values from different modalities, enabling the model to
learn complex cross-modal correspondences automatically. The
attention weights provide interpretable insights into which cross-
modal relationships the model considers important for specific
tasks.
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10.2.3 Hierarchical Token Structures

Many real-world applications require hierarchical understanding
of multimodal content. For instance, in video analysis, the
hierarchy ~might include features,

pixel-level object-level

representations, frame-level semantics, and sequence-level
narratives. Hierarchical token structures address this need by
creating multi-level representations that capture information at

different scales and abstraction levels.

Implementation of hierarchical token structures typically
involves progressive abstraction through pooling, clustering, or
attention-based aggregation operations. Each level of the
hierarchy represents a different granularity of information, from
fine-grained local features to high-level semantic concepts.

Hierarchy . . Audio
Level Text Modality | Image Modality Modality
Characters /| b . e

Low-level Subwords Pixel patches Spectral frames

. . . Phonemes /
Mid-level Words / Phrases | Objects/Regions

Words

. Sentences / Utterances  /

High-level Paragraphs Scenes/Concepts Discourse

10.3 Unified Token Spaces

Unified token spaces represent the pinnacle of multimodal
tokenization, providing a common representational framework
where tokens from all modalities can be processed using identical
computational operations. The creation of truly unified token
spaces requires sophisticated architectural innovations and
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training methodologies that can effectively bridge the semantic
and structural gaps between different modalities.

The theoretical foundation for unified token spaces rests on the
hypothesis that different modalities can be mapped into a shared
latent space where semantic relationships are preserved across
modality boundaries. This space should exhibit properties such
that semantically similar concepts from different modalities are
proximate in the representation space, while maintaining
sufficient  distinctiveness to  preserve  modality-specific
information.

10.3.1 Shared Vocabulary Approaches

Shared vocabulary approaches attempt to create unified token
spaces by extending traditional text vocabularies to include
representations of non-textual content. This method treats image
patches, audio segments, and other modality elements as
additional "words" in an expanded vocabulary. The resulting
tokens can be processed using standard language model
architectures with minimal modification.

The implementation of shared vocabulary systems typically
involves vector quantization techniques to discretize continuous
features from non-textual modalities. Vector Quantized
Variational Autoencoders (VQ-VAEs) and similar approaches
learn discrete codebooks that map continuous features to discrete
tokens, enabling their integration into text-based vocabularies.

class UnifiedVocabulary:

def __init__ (self, text_vocab_size=50000,
image_vocab_size=8192, audio_vocab_size=4096):

# Define vocabulary ranges for different modalities

self.text_range = (0, text_vocab_size)

133 | Mastering The GenAl Tokens (Volume 1)



self.image_range = (text_vocab_size, text_vocab_size +

image_vocab_size)

self.audio_range = (text_vocab_size + image_vocab_size,
text_vocab_size + image_vocab_size + audio_vocab_size)

# Initialize embedding layers

total vocab_size = sum([text_vocab_size,
image_vocab_size, audio_vocab_size])

self.embeddings = nn.Embedding(total_vocab_size,
embed_dim)

# Modality-specific quantizers

self.image_quantizer =
VectorQuantizer(image_features_dim, image _vocab_size)

self.audio_quantizer =
VectorQuantizer(audio_features_dim, audio_vocab_size)

def tokenize_multimodal_input(self, text_tokens,
image_features, audio_features):

# Tokenize text (already discrete)

text_ids = text_tokens

# Quantize and tokenize image features

image_ids = self.image_quantizer.quantize(image_features)

image_ids += self.image_range[0]

# Offset to image vocabulary range
# Quantize and tokenize audio features

audio_ids = self.audio_quantizer.quantize(audio_features)
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audio_ids += self.audio_range[0]
# Offset to audio vocabulary range
# Combine all modalities into unified sequence

unified_tokens = torch.cat([text_ids, image_ids, audio_ids],
dim=1)

return unified_tokens

10.3.2 Continuous Unified Representations

While discrete vocabulary approaches offer computational
advantages, continuous unified representations provide greater
flexibility and expressiveness. These approaches maintain
continuous-valued token representations while ensuring
compatibility across modalities through learned alignment and
normalization procedures.

Continuous unified representations typically employ contrastive
learning objectives to align semantically related content across
modalities. The training process encourages similar concepts
from different modalities to have similar representations while
pushing apart unrelated content. This approach preserves the
richness of continuous representations while enabling meaningful

cross-modal interactions.

The mathematical foundation for continuous unified spaces
often relies on optimal transport theory and manifold learning
principles. The goal is to learn smooth mappings between
modality-specific manifolds such that semantic relationships are
preserved in the unified space.

10.3.3 Dynamic Token Space Adaptation

Advanced unified token spaces incorporate dynamic adaptation
mechanisms that can adjust the representational space based on
the specific combination of modalities present in the input and
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the requirements of the downstream task. This adaptability is
crucial for handling scenarios with missing modalities, varying
input resolutions, or task-specific optimization requirements.

Dynamic adaptation typically involves meta-learning approaches
that can quickly adjust token representations based on
contextual information. These systems learn to modify their
internal representations to optimize performance for specific
input configurations or task requirements.

10.4 Modality Alignment Techniques

Modality alignment represents one of the most critical aspects of
multimodal tokenization, addressing the fundamental challenge
of creating meaningful correspondences between tokens from
different modalities. Effective alignment enables models to
understand that a word describing an object, a visual
representation of that object, and an audio pronunciation of the
word all refer to the same semantic concept.

The alignment problem operates at multiple levels of abstraction,
from low-level feature correspondences to high-level semantic
relationships. Successful alignment techniques must handle
temporal  misalignment, semantic ambiguity, missing
correspondences, and varying levels of abstraction across
modalities.

10.4.1 Contrastive Learning for Alignment

Contrastive learning has emerged as one of the most effective
approaches for learning cross-modal alignments. The core
principle involves learning representations such that
corresponding samples from different modalities are pulled
together in the representation space while non-corresponding
samples are pushed apart.
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The mathematical formulation of contrastive alignment typically
follows the InfoNCE (Noise Contrastive Estimation) objective:

L_contrastive = -log(exp(sim(z_i, z_j ™ +)/t) / Z_k exp(sim(z_i,
z k)/7))
where z_i and z_j~ + are aligned samples, z_k are negative
samples, and T is temperature

This objective encourages the model to maximize similarity
between aligned pairs while minimizing similarity to randomly
sampled negatives. The temperature parameter T controls the
sharpness of the distribution, with lower temperatures creating
more focused alignments.

class ContrastiveAligner:
def _init_ (self, temperature=0.07):
self.temperature = temperature

self.similarity_fn = nn.CosineSimilarity(dim=-1)

def compute_contrastive_loss(self, modality_a_tokens,
modality_b_tokens, alignment_mask):

# Normalize representations

a_norm = F.normalize(modality_a_tokens, dim=-1)
b_norm = F.normalize(modality_b_tokens, dim=-1)

# Compute similarity matrix

similarity_matrix = torch.matmul(a_norm,
b_norm.transpose(-2, -1))

similarity_matrix /= self.temperature
# Apply alignment mask to identify positive pairs

ositive similarities = similarity matrix * alienment mask
_ y_ _
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# Compute contrastive loss using cross-entropy

labels =
torch.arange(len(modality_a_tokens)).to(similarity_matrix.devic

e)
loss_a_to_b = F.cross_entropy(similarity_matrix, labels)

loss b to_a =
F.cross_entropy(similarity_matrix.transpose(-2, -1), labels)

return (loss_a to b + loss b to a)/2

10.4.2 Optimal Transport Alignment

Optimal transport provides a principled mathematical framework
for aligning distributions of tokens across modalities. Unlike
contrastive learning, which operates on individual sample pairs,
optimal transport considers the global structure of token
distributions and finds optimal alignments that minimize
transportation costs.

The optimal transport formulation for modality alignment seeks
to find a transportation plan T that minimizes the total cost of
moving probability mass from one modality's token distribution
to another's:

* = argmin_T Z_i,j T_ij * C_ij
subject to: X_j T ij = p_i, 2 i T_ij = v_j
where C_jj is the cost matrix and p, v are marginal distributions

The Sinkhorn algorithm provides an efficient approximation for
computing optimal transport plans in neural network training.
This approach is particularly effective when dealing with
sequences of different lengths or when explicit alignment
supervision is unavailable.
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10.4.3 Attention-Based Alignment

Attention mechanisms provide a flexible framework for learning
soft alignments between tokens from different modalities. Cross-
modal attention allows the model to automatically discover
relevant correspondences without requiring explicit alignment
supervision. This approach is particularly valuable for complex
scenarios where alignments may be one-to-many or many-to-

many.

Multi-head cross-modal attention enables the model to learn
different types of alignments simultaneously. Different attention
heads may focus on different aspects of the cross-modal
correspondence, such as spatial relationships, temporal
synchronization, or semantic similarity.

10.4.4 Hierarchical Alignment Strategies

Real-world multimodal data often exhibits alignment
relationships at multiple levels of granularity. For example, in
video-text alignment, word-level correspondences may exist with
specific visual regions, while sentence-level correspondences may
align with entire scenes or actions. Hierarchical alignment
strategies address this multi-scale nature by learning alignments
at different levels of abstraction simultaneously.

10.5 Case Studies in Multimodal Token Use

The practical application of multimodal tokenization techniques
spans numerous domains and applications, each presenting
unique challenges and requirements. This section examines
several detailed case studies that illustrate how multimodal
tokenization approaches are applied to real-world problems,
highlighting both successes and remaining challenges.
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10.5.1 Vision-Language Understanding: CLIP and Beyond

The Contrastive Language-Image Pre-training (CLIP) model
represents a landmark achievement in multimodal tokenization
and alignment. CLIP demonstrates how large-scale contrastive
learning can create unified representations that enable zero-shot
transfer across vision and language tasks.

CLIP's tokenization strategy treats images as sequences of
patches that are linearly projected into a shared dimensional
space with text tokens. The model learns to align image and text
representations through contrastive learning on internet-scale
image-caption pairs. This approach creates a unified token space
where visual concepts and their textual descriptions are closely
aligned.

class CLIPTokenizer:
def _init_ (self, patch_size=16, embed_dim=512):
self.patch_size = patch_size
self.embed _dim = embed dim
# Visual tokenization

self.image_projection = nn.Linear(patch_size**2 * 3,
embed_dim)

self.positional_embedding =
nn.Parameter(torch.randn(196, embed_dim))

# Text tokenization
self.text_tokenizer = BPETokenizer()

self.text_embedding = nn.Embedding(vocab_size,
embed_dim)

def tokenize_image(self, image):
# Extract patches
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patches = extract_patches(image, self.patch_size)
# Project to shared space
visual_tokens = self.image_projection(patches)
visual_tokens += self.positional_embedding
return visual_tokens

def tokenize text(self, text):
# Standard text tokenization
token_ids = self.text_tokenizer.encode(text)
text_tokens = self.text_embedding(token_ids)
return text_tokens

def forward(self, image, text):
visual_tokens = self.tokenize_image(image)
text_tokens = self.tokenize text(text)
# Process through respective encoders
visual features = self.visual encoder(visual tokens)
text_features = self.text_encoder(text_tokens)
return visual features, text features

The success of CLIP has inspired numerous follow-up works that
extend its principles to other modalities and applications. DALL-
E 2, for instance, uses CLIP embeddings to guide image
generation from text descriptions, demonstrating the versatility
of well-aligned multimodal token representations.

10.5.2 Audio-Visual Speech Recognition

Audio-visual speech recognition (AVSR) presents a compelling
case study for multimodal tokenization, as it requires precise
temporal alignment between audio signals and visual lip
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movements. The tokenization challenge involves synchronizing
tokens from audio spectrograms with visual features extracted
from mouth regions.

Modern AVSR systems employ attention-based alignment
mechanisms that can handle natural variations in audio-visual
synchronization. The tokenization process must account for the
fact that visual speech information may lead or lag audio signals,
and that the relationship between visual mouth shapes and

phonemes is many—to—many.

Visual Alignment
Component Audio Tokens &
Tokens Strategy
Feature Mel Mouth Temporal
Extraction spectrograms region crops Windowing
o Frame-level Facial Cross-modal
Tokenization .
features landmarks attention
Lip-sync Dynamic time
Alignment CTC alignment p y_ Y .
detection warping

10.5.3 Multimodal Machine Translation

Multimodal machine translation extends traditional text-based
translation by incorporating visual context to improve translation
quality and handle visual-dependent expressions. This
application requires tokenization strategies that can effectively
integrate textual and visual information while maintaining
translation accuracy.

The tokenization approach typically involves creating joint
representations of source text and accompanying images, where
visual tokens provide contextual information that can
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disambiguate translation choices. For example, the word "bank"
might be translated differently depending on whether the
accompanying image shows a financial institution or a river bank.

Recent advances in multimodal translation employ cross-
attention mechanisms between text and image tokens, allowing
the translation model to selectively focus on relevant visual
information when making translation decisions. This approach
has shown significant improvements in scenarios with ambiguous
source language expressions.

10.5.4 Video Understanding and Captioning

Video understanding presents one of the most complex
multimodal tokenization challenges, as it requires processing
temporal sequences of visual frames along with potential audio
and text information. The tokenization strategy must handle
both spatial relationships within frames and temporal
relationships across frames.

Modern video understanding systems employ hierarchical
tokenization approaches that create tokens at multiple temporal
scales. Frame-level tokens capture local visual information, while
clip-level tokens represent higher-level actions and events. This
multi-scale representation enables the model to understand both
fine-grained visual details and long-range temporal dependencies.

class VideoTokenizer:

def __init__ (self, frame_patch_size=16,
temporal_window=_8):

self.frame_patch_size = frame_patch_size
self.temporal_window = temporal_window

# Spatial tokenization
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self.spatial_tokenizer =
VisionTransformer(patch_size=frame_patch_size)

# Temporal tokenization

self.temporal_aggregator = nn.TransformerEncoder(
nn.TransformerEncoderLayer(d_model=768, nhead=12),

num_layers=4 )
def tokenize video(self, video frames):

batch_size, num_frames, height, width, channels =

video_frames.shape
# Tokenize each frame spatially
frame_tokens = []
for frame in video_frames.unbind(1):
# Iterate over temporal dimension
spatial_tokens = self.spatial_tokenizer(frame)
frame_tokens.append(spatial_tokens)
# Stack frame tokens
video tokens = torch.stack(frame_tokens, dim=1)
# Apply temporal modeling
temporal_tokens = self.temporal_aggregator(video_tokens)
return temporal_tokens

10.5.5 Medical Multimodal Analysis

Medical applications present unique challenges for multimodal
tokenization due to the variety of data types involved, including
medical images (X-rays, MRIs, CT scans), clinical notes,
laboratory results, and patient history. The tokenization system
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must handle the high-stakes nature of medical decision-making
while ensuring interpretability and reliability.

Medical multimodal systems often employ domain-specific
tokenization strategies that account for medical terminology,
anatomical structures, and clinical workflows. The alignment
between medical images and textual reports requires careful
attention to medical accuracy and consistency with clinical
practices.

10.6 Summary

Multimodal tokenization represents a rapidly evolving field that
sits at the intersection of computer vision, natural language
processing, and machine learning. This chapter has explored the
fundamental concepts, techniques, and applications that define
current approaches to multimodal tokenization.

The key insights from our exploration include the critical
importance of cross-modal alignment in creating -effective
multimodal systems, the trade-offs between discrete and
continuous token representations, and the need for flexible
architectures that can accommodate diverse modality
combinations and application requirements.

10.6.1 Key Achievements and Milestones

The field has achieved remarkable progress in several areas.
Contrastive learning approaches, exemplified by CLIP, have
demonstrated the feasibility of learning meaningful cross-modal
alignments from large-scale weakly supervised data. Unified
token spaces have enabled the development of truly multimodal
architectures that can process diverse input types within single
models. Attention-based alignment mechanisms have provided
flexible solutions for handling complex correspondence
relationships across modalities.
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10.6.2 Current Limitations and Challenges

Despite significant progress, several fundamental challenges
remain. Computational complexity continues to be a limiting
factor, particularly for high-resolution inputs and real-time
applications. The handling of temporal dynamics in video and
audio processing requires further development to achieve human-
level understanding. Evaluation metrics for multimodal systems
remain inconsistent across different applications, making it
difficult to assess progress objectively.

The interpretability of multimodal token representations poses
another significant challenge. While models can achieve
impressive performance on benchmark tasks, understanding
what knowledge is captured in multimodal tokens and how
different modalities contribute to decision-making remains

largely opaque.
10.6.3 Future Research Directions

Several promising research directions are emerging that will likely
shape the future of multimodal tokenization. Self-supervised
learning  approaches that can leverage the natural
correspondences in multimodal data without requiring explicit
annotations show great promise for scaling to larger datasets and
new domains.

Meta-learning approaches that can quickly adapt multimodal
tokenization strategies to new modality combinations or domain-
specific requirements represent another important direction. The
development of standardized evaluation frameworks and
benchmarlks will be crucial for advancing the field systematically.

The integration of neuroscience insights about how humans
process multimodal information may provide valuable guidance
for developing more effective computational approaches.
Understanding the hierarchical and distributed nature of
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multimodal processing in biological systems could inspire new
architectural innovations.

10.6.4 Practical Considerations for Implementation

For practitioners implementing multimodal tokenization
systems, several key considerations emerge from our analysis.
The choice between discrete and continuous token
representations should be guided by the specific application
requirements,  available = computational  resources, and
downstream task characteristics. Careful attention to data
preprocessing and modality-specific normalization is crucial for
achieving stable training and good performance.

The design of evaluation protocols should consider both
individual modality performance and cross-modal interaction
effectiveness. Ablation studies that systematically remove or
modify different components of the tokenization pipeline can
provide valuable insights into what aspects are most critical for
specific applications.

As multimodal tokenization continues to evolve, the field will
likely see increased standardization of approaches and tools,
making these powerful techniques more accessible to a broader
range of applications and researchers. The ultimate goal remains
the development of Al systems that can understand and reason
about the world with the same richness and flexibility that
humans demonstrate in processing multimodal information.

The journey toward this goal requires continued innovation in
tokenization strategies, alignment techniques, and unified
representational frameworks. The case studies presented in this
chapter demonstrate both the remarkable progress achieved and
the exciting possibilities that lie ahead as multimodal Al systems
become increasingly sophisticated and capable.
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[Volume 1 Ends Here]

Read my next volume 2 to continue learning advanced
topics as per the contents.
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Thank you for embarking on this journey with me through the
pages of this book.
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your feedback and thoughts. Please consider leaving a review on
Amazon or reaching out to me directly at hnankani@gmail.com
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