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Preface
If you learned to program by typing line-numbered BASIC into a home computer, this book
may feel like a reunion. If you first met code in a browser notebook with a GPU-backed runtime,
it may feel like a guided tour of a landscape you’ve only partially seen. In both cases, the aim
is the same: to tell a coherent story about how computers came to be the way they are, and
how a handful of recurring ideas—data, algorithms, systems, and learning—run through that
story.

Computer science is often taught as a collection of separate courses: one on algorithms, one
on operating systems, one on networks, one on machine learning, and so on. Each dives deep,
but it can be hard to see how they fit together, or where your own experiences with particular
machines and tools belong. This book takes a different route. It follows a loose historical
arc from early hardware to today’s cloud and AI systems, but it pauses frequently to connect
concrete episodes to general concepts.

Part I (Chapters 1 to 3) starts almost at the whiteboard: what computer science studies be-
yond “just programming”, how information is represented as bits and structures, and why some
algorithms scale gracefully while others explode in cost. Part II (Chapters 4 to 7) moves into
rooms and onto desks: mainframes and minicomputers, home machines like the Commodore 64,
and the architectures that underlie modern laptops and phones. Part III and Part IV (Chap-
ters 8 to 14) climb the software stack: operating systems, tools, languages, networks, the web,
and the cloud services that quietly keep much of today’s computing alive.

Part V and Part VI (Chapters 16 to 21) follow computation as it leaves desks and data
centres: into mobile devices and edge deployments, onto specialised chips and accelerators, and
into experimental realms such as quantum hardware. Part VII (Chapters 22 to 25) treats AI as
both an old idea and a current driver of change: from symbolic systems to deep learning, from
transformers and large language models to agents that call tools and act. Finally, Part VIII
(Chapters 26 and 27) steps back to look at the arc of computer science in one lifetime and to
ask what may come next.

Along the way, several stylistic devices aim to keep the ride practical and human:

• From Lab to Life callouts take abstract ideas and anchor them in concrete scenarios—from
bedside monitors and trading systems to debugging sessions and translation apps.

• Common Pitfall boxes highlight recurring misconceptions or failure modes, with an eye
towards helping you avoid refactoring the same mistakes in different guises.

• Short Try in 60 Seconds prompts invite you to sketch, classify, or reflect, not as graded
exercises but as quick ways to turn reading into thinking.

• Interludes—short, fictionalised vignettes about C64 evenings, LAN parties, shareware
disks, under-desk servers, and first machine-learning successes—offer narrative pauses
that reconnect technical material to lived experience.

The book assumes that you are curious and comfortable with basic mathematical notation,
but it does not require advanced formalism. When more structure is useful, the appendices
(Chapters A to F) provide compact illustrations rather than dense proofs. You can read them
straight through, dip into them when a concept in the main text feels slippery, or treat them
as a reference for later.

Alongside the main text sits a small but growing family of companion workbooks. Each
one turns one slice of the story—for example the Commodore 64 chapters, or the tensor and
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transformer material—into a lab-style sequence of experiments. Chapter F includes a brief
overview of the currently available workbooks and their focus areas; over time, new workbooks
may join that list as the project evolves.

For readers who prefer a compiled version, the main book is available as a PDF at https:
//hilpisch.com/history.pdf.

This is not a programming manual, nor a replacement for specialised texts on topics like
compilers, networking, or machine learning. Instead, it is meant to be a companion: a narrative
that helps you place detailed material into a larger frame. If you are at the beginning of your
journey, it can serve as a map of territory to explore. If you are further along, it may offer a
way to connect pieces you already know in one area with developments elsewhere.

Most of all, the hope is that you finish the book with both a clearer mental picture of “what
computer science is really about” and a renewed sense of curiosity. The machines and tools
will change again; the underlying questions about representation, process, limits, systems, and
learning are likely to endure. The chapters that follow invite you to walk through that terrain
slowly enough to see its structure, and briskly enough to feel the excitement that drew so many
people—from C64 kids to cloud engineers—into the field in the first place.

https://hilpisch.com/history.pdf
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Part I

From Ideas to Bits: CS Basics
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Part I Overview

This opening part sets the stage for the whole book. It asks what computer science
actually studies beyond “just programming,” sketches a very short prehistory from abaci
and mechanical calculators to the first programmable machines, and introduces the core
pillars of the field: algorithms and data structures, models of computation, and complexity
and computability. The focus is on building an intuitive map of the territory before diving
into specific machines, networks, and learning systems.
Part I brings together three chapters. Chapter 1 explains why computer science is about
information, procedures, and limits rather than about any specific language; offers an
everyday view of algorithms and abstraction; glances at the historical path from human
“computers” and mechanical calculators to programmable machines; and groups the sub-
ject around three core pillars that the later historical narrative will continually revisit.
Chapter 2 then zooms in on the raw material those machines manipulate: bits and bytes,
Boolean logic, and encoding schemes that turn physical signals into numbers, charac-
ters, images, and sounds. Chapter 3 builds on that by presenting simple algorithms for
search, sorting, and splitting work, introducing intuitive complexity classes such as linear,
quadratic, and exponential time, and hinting at fundamental limits through examples like
the halting problem. Together these chapters provide the conceptual toolkit needed to
make sense of later chapters on hardware, operating systems, and networks.



Chapter 1

What Is Computer Science, Really?
1.1 Beyond “Just Programming”
When most people hear “computer science,” they picture someone typing code into a glowing
rectangle. That image is not wrong, but it is far too small. Computer science asks three bigger
questions:

• How do we represent information so that it can be stored, transmitted, and processed
reliably?

• How do we specify procedures precisely enough that even a mindless machine can carry
them out?

• How hard are different computational tasks, and when do costs explode as problems grow?

Programming languages, libraries, and tools are the surface where these questions meet
everyday practice. Underneath sits a web of ideas about algorithms, data, abstraction, and
complexity. A programmer may learn a new language in a weekend; the underlying ideas can
stay useful for a lifetime.

It helps to start with an everyday picture. An algorithm is a step-by-step recipe for trans-
forming inputs into outputs. A data structure is the way you arrange information so that
common tasks—looking something up, inserting a new record, sorting a list—are fast enough
for the job at hand. Abstraction is the art of hiding detail: you drive a car without think-
ing about fuel injection; you call a sorting function without thinking about how it compares
elements internally.

Everyday Analogy: Making Coffee as an Algorithm

Imagine you are instructing a very literal helper robot to make coffee.

• Inputs: water, coffee grounds, filter, mug, electricity, a coffee machine.

• Steps: place the filter, measure and pour the grounds, fill the water tank, switch
the machine on, wait until dripping stops, pour into the mug.

• Edge cases: the mug is missing, the water tank is empty, someone has unplugged
the machine, the grounds container is already full.

The more precise your instructions, the less your helper has to improvise. If you forget to
say “check that the mug is under the spout,” you may discover a puddle on the counter.
Computer science treats such mishaps as bugs: failures that arise because the algorithm
did not cover an important case.

Once you notice the recipe-like structure of everyday tasks, you begin to see algorithms
everywhere: in how a supermarket arranges items on shelves, in how navigation apps reroute
around traffic, in how streaming services decide what to recommend next. The rest of the
chapter gives a first map of the ideas that make these systems possible.

3
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1.2 A Very Short Prehistory
Long before anyone spoke of “software” or “apps,” people tried to tame calculation. Merchants
used abaci to add and subtract efficiently. Astronomers compiled long tables of trigonometric
values so that ships could navigate and cannons could aim. For centuries, the word computer
meant a person whose job was to compute.

In the seventeenth and eighteenth centuries, inventors began to mechanise parts of this
work. Devices by Pascal and Leibniz could add and subtract (and, with patience, multiply and
divide) by moving gears and wheels. They were impressive engineering feats, but they were still
single-purpose: each machine implemented a narrow range of operations.

In the nineteenth century, Charles Babbage sketched designs for more ambitious machines.
His Difference Engine aimed to automate the production of mathematical tables. His never-
completed Analytical Engine went further. It separated a “store” (for numbers) from a “mill”
(for operations) and imagined punched cards that could tell the machine which sequence of
operations to apply. Ada Lovelace, in her famous notes, described how such a machine could
compute not only numbers but also musical patterns and symbolic relationships if they could
be encoded as numbers.

Mathematicians were also developing new ways to think about reasoning itself. George
Boole treated logical statements (“and”, “or”, “not”) in an algebraic way. Later logicians
defined formal languages and rules of inference that made proofs more systematic. Seen from
today, these developments all move in the same direction: away from ad-hoc tricks and towards
explicit procedures that can, in principle, be carried out mechanically.

From Tables to Programs

It is helpful to contrast three stages in this story.

• Hand-written tables: teams of human computers filled pages with values of
logarithms or trigonometric functions. Errors could creep in silently.

• Mechanical calculators: specialised devices sped up common operations such as
addition, but each machine still did one family of tasks.

• Programmable machines: instructions stored on cards or in memory tell a
general-purpose device which steps to apply to which data.

Modern computer science grows out of the last stage. Once you can reprogram a single
machine for many tasks, questions about which tasks are possible, and how costly they
are, become central.

1.3 Core Pillars of Computer Science
Three clusters of ideas appear again and again throughout the history of computer science.

• Algorithms and data structures. Algorithms are recipes; data structures are the way
a machine lays out the ingredients on its shelves. Choosing a good algorithm but a bad
data structure is like trying to cook in a kitchen where everything is in one overflowing
drawer.

• Models of computation. To reason cleanly, computer scientists often strip away engi-
neering details and work with idealised machines such as Turing machines or the lambda
calculus. These models ignore screen resolutions and file systems, but they capture the
essence of “reading symbols, transforming them, and writing results.”
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• Complexity and computability. Some problems can be solved quickly; others admit
only slow, brute-force methods; some are not solvable by any algorithm at all. Classifying
problems into these broad buckets is one of the great organising projects of the field.

You can glimpse these pillars in simple situations. Consider searching for a name in a phone
book. If the names are in random order, the straightforward algorithm is to scan from top to
bottom, one entry at a time. If they are sorted alphabetically, you can use a much faster strategy:
open near the middle, see whether the current name is too early or too late, and repeatedly
halve the remaining interval. The same high-level task—find a name—has very different costs
depending on how the data are organised and which procedure is used.

Abstract models let us reason about this systematically. We do not need to know whether
the phone book is printed on paper or stored on an SSD. We only need to count how many
comparisons an idealised machine must make in the worst case. This shift from concrete gadgets
to general models is one of the reasons results from the 1930s still guide the design of web services
and compilers today.

Checkpoint: First Mental Model of CS

Pause and check your own picture.

• If you had to explain computer science to a curious teenager in three sentences,
what would you emphasise: data, procedures, or limits?

• Think of a task you do regularly (booking travel, organising photos, managing
emails). Which parts already feel algorithmic, and which parts rely on informal
judgement?

• Where do you already experience trade-offs between simplicity and efficiency, such
as a quick but clumsy spreadsheet versus a more structured database?

There is no single correct answer. The goal is to start seeing computer science as a way
of thinking about processes rather than as a collection of syntax rules.

1.4 Stories, Myths, and Motivating Anecdotes
People often come to computer science through very different doors.

• The “C64 generation” who met computers as beige boxes with BASIC prompts.

• The “Colab generation” who met computers as browser notebooks and cloud-based Graph-
ics Processing Units (GPUs).
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From Lab to Life: Debugging Breakfast

Imagine two mornings separated by a few decades.

• In the first, a teenager in the 1980s types a short BASIC program from a magazine
into a Commodore 64. The game is supposed to draw a bouncing ball. Instead, the
screen fills with nonsense characters. After a while, they discover a single mistyped
character in line 120. Fixing it makes everything work.

• In the second, a student today opens a browser, connects to a cloud notebook, and
runs a few lines of Python that download data and train a small neural network.
The code was copied from a tutorial, but a missing library version causes cryptic
error messages. After some searching and experimenting, the student discovers
which dependency to install.

On the surface these stories are about different machines, languages, and communities.
Underneath, they share the experience of turning something opaque into something under-
standable by systematically checking assumptions, tracing through steps, and narrowing
down where things can go wrong. That habit of mind is as central to computer science
as any particular piece of theory.

Myth-Busting: “Computer Science = Knowing a Language”

It is tempting to equate computer science with knowing a particular language: C in one
era, Java or Python in another.

• Languages are tools; the underlying ideas about algorithms, data, and limits outlive
specific syntaxes.

• Many languages share the same core paradigms (imperative, functional, object-
oriented) and abstractions (loops, conditionals, functions, data types).

• Thinking in terms of data, processes, and constraints transfers across decades of
technology, from a cassette-based home computer to a GPU cluster.

1.5 Roadmap from Chapter 1 into the Rest of the Book
This opening chapter has drawn the outline of a subject rather than filling in every detail.
It argued that computer science is about information, procedures, and limits; it glanced at a
prehistory of calculators and logical formalisms; and it grouped the field around three pillars:
algorithms and data structures, models of computation, and complexity and computability.

The rest of the book fills in that outline by following several threads in parallel.

• From abstract ideas to actual machines. Part II walks through hardware: from
room-sized mainframes and their punch cards to home computers like the Commodore 64
and on to laptops and phones powered by highly integrated chips.

• From single programs to whole ecosystems. Later chapters trace how operating
systems, networks, databases, and version-control systems grew alongside hardware and
reshaped what it means to “work with a computer.”

• From fixed rules to adaptive systems. The story eventually reaches machine learning
and AI systems that update themselves from data and, in some cases, talk back to us.
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Looking Ahead

After this chapter you should be able to:

• explain, in a few sentences, how computer science differs from “just programming”,

• recognise algorithms and data structures in simple everyday routines,

• place your own first encounter with computers—whether on a home machine or in
the cloud—into a longer historical arc.

Keeping these points in mind will make it easier to see how the technical and historical
details in later chapters fit together.

Try in 60 Seconds

Pick a familiar daily routine, such as making breakfast, sorting email, or planning a short
trip. In one minute, sketch it as an algorithm: list the inputs, the main steps in order,
and at least two edge cases where things might go wrong. Ask yourself which parts could
be handed to a machine today, and which parts still rely on human judgement. You have
just taken your first step towards thinking about the world in computer science terms.



Chapter 2
Bits, Logic, and the Magic of
Representation
The previous chapter argued that computer science is about information, procedures, and limits.
This chapter zooms in on the most basic ingredients of that story: how digital machines turn
voltage levels into bits and bytes, how simple logical operations on those bits let us build reliable
circuits, and how agreed encodings turn raw patterns into numbers, text, images, and sounds
that connect back to the world.

2.1 Bits and Bytes
When you press a key on a keyboard, take a photo, or stream a song, a modern computer turns
all of it into the same raw material: patterns of tiny on/off decisions called bits. A single bit
can distinguish between two possibilities—0 or 1, false or true, no voltage or voltage. Put bits
together and you get bytes (usually 8 bits at a time), and with enough bytes you can represent
text, pictures, videos, programs, and entire virtual worlds.

Why base everything on 0 and 1 rather than, say, ten symbols to match our decimal counting?
One answer is physics. It is much easier to build a reliable switch that has two clearly separated
states (current flowing vs. not) than to build a device that must stably distinguish among ten
levels. Two-state components also compose cleanly: wiring millions of similar switches together
is already hard enough.

You can think of a bit string like a row of light switches on a wall. Each switch can be up
(1) or down (0). If you assign meanings to positions—“the first four switches encode a number,
the next eight encode a character”—you can make those patterns say something. Without such
a scheme, the wall of switches is just a pattern with no agreed interpretation.

The familiar decimal system is just one way to interpret patterns. In decimal, the digits
0 to 9 serve as building blocks, and each position represents a power of ten. The number 572
means five hundreds, seven tens, and two ones:

572 = 5× 102 + 7× 101 + 2× 100.

In binary, there are only two digits (0 and 1), and each position represents a power of two:

10112 = 1× 23 + 0× 22 + 1× 21 + 1× 20 = 1110.

The subscript reminds you which base you are using. The same pattern of digits means different
numbers depending on the base.

For humans, long binary strings are hard to read. That is why programmers often use
hexadecimal (base 16), where each digit represents four bits at once. The hex number 3F16
stands for three sixteens plus fifteen ones:

3F16 = 3× 161 + 15× 160 = 6310,

and the same value in binary is 0011 11112. Hardware, operating systems, and debugging tools
often show memory addresses and colour codes in hex because it balances compactness and
readability.

8
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Why Computers Prefer Powers of Two

Powers of two are the natural language of digital hardware.

• Each additional bit doubles the number of distinct patterns you can represent. One
bit gives 2 possibilities; two bits give 4; eight bits give 28 = 256; 16 bits give
216 = 65,536; 32 bits give over four billion.

• Many everyday limits—such as the maximum value of a 32-bit counter or the num-
ber of unique characters in an encoding—are powers of two or close to them.

• When you see file sizes like 4 KiB, 256 MiB, or 16 GiB, you are seeing human-friendly
labels for powers of two in disguise.

Understanding this simple exponential pattern makes a lot of later “magic numbers” in
computing much less mysterious.

2.2 Boolean Logic
Bits are not just used to store numbers. They also support a simple but powerful algebra of
reasoning called Boolean logic, named after the nineteenth-century mathematician George Boole.
In Boolean logic, statements are either true or false, and you can combine them with operators
such as AND, OR, and NOT.

At the everyday level:

• AND means “both conditions must hold” (for example, “the file exists AND you have
permission”).

• OR means “at least one condition must hold” (for example, “you are an admin OR the
file is public”).

• NOT flips true to false and false to true (for example, “NOT busy”).

At the hardware level, physical circuits called gates implement these operations on bits. An
AND gate outputs 1 only if both inputs are 1; an OR gate outputs 1 if at least one input is 1;
a NOT gate outputs 1 when its input is 0 and vice versa.

Two slightly less famous gates, NAND (“NOT AND”) and NOR (“NOT OR”), deserve a
mention because they are functionally complete. You can build any Boolean function from
enough NAND gates alone, or enough NOR gates alone. In other words, the logical richness of
modern software can, in principle, be reduced all the way down to massive networks of identical
tiny components.
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From Lab to Life: Door Sensors as Logic Gates

You do not need a chip factory to see Boolean logic in action.

• Imagine a lab with two doors, each with a magnetic sensor. A simple alarm is set
to ring if either door is opened at night. That is an OR gate: alarm = door1 OR
door2.

• Now imagine a storage closet with chemicals that must only be accessed when both
a supervisor is present and a ventilation system is running. The access light turns
green only if both conditions hold. That is an AND gate: green = supervisor AND
ventilation.

• Finally, imagine a safety sign that lights up when the main power is off. This is a
NOT gate built into the wiring: sign = NOT(power_on).

In a microprocessor, similar patterns appear billions of times per second, though laid out
in silicon rather than in door frames and switches.

Boolean logic matters historically because it gave engineers a bridge from abstract reasoning
to physical circuits. Once Claude Shannon and others showed how to map logical expressions
to combinations of switches and relays, it became possible to design hardware systematically
rather than by ad-hoc wiring diagrams. That in turn made complex digital computers feasible.

2.3 Encoding the World
Bits and Boolean operations are abstract. To be useful, they must tie back to meaningful quan-
tities in the world: integers, measurements, characters, images, and sounds. That translation
layer is called encoding.

Numbers: Integers and Floats
The simplest case is encoding whole-number counts. Given a fixed number of bits, you decide
how many distinct integer values you need. With 8 bits you can represent 256 distinct patterns;
if you use them all for non-negative integers, you can count from 0 to 255. With signed encodings
such as two’s complement, you can split the range between negative and positive values.

Real-world quantities like temperature or velocity are rarely neat integers. To store such
values, computers use floating-point encodings that approximate real numbers with a sign, a
mantissa, and an exponent, much like scientific notation. Floating-point numbers can cover a
huge range of magnitudes, but they introduce subtle rounding behaviour. In a spreadsheet or
a physics engine, these tiny errors can accumulate in ways that matter.

Text: From ASCII to Unicode
To handle text, you must agree on a mapping from characters to numbers. Early systems such
as ASCII used 7 bits per character, enough for 128 symbols: uppercase and lowercase English
letters, digits, punctuation, and some control codes. This worked for American English, but
not for accented characters, non-Latin scripts, or emoji.

Unicode was introduced to fix that limitation by assigning a unique code point to characters
from many languages and symbol systems. Encodings such as UTF-8 then describe how to turn
those code points into byte sequences. Some characters (like basic Latin letters) use one byte;
others use multiple. The key idea is that text on a modern system is not “mysterious bytes”
but a carefully managed mapping between numbers and human symbols.
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Common Pitfall: Garbled Text and “Mojibake”

If the sender and receiver disagree about the encoding, the same bytes can display as
nonsense on one system and correctly on another.

• A file saved as UTF-8 but opened as if it were Latin-1 may show accented characters
as odd combinations of symbols.

• Early web pages sometimes declared one encoding in their headers but actually used
another, leading to unreadable text.

• Fixing such issues often amounts to identifying which mapping from bytes to char-
acters each system believes in and making them agree.

The underlying bits are the same; the trouble lies in the interpretation layer.

Pictures and Sound as Arrays of Numbers
Images and audio feel continuous and rich, but digital systems represent them as structured
collections of numbers.

• A bitmap image stores a grid of pixels, each with numeric values for brightness and colour
channels. For example, an 800×600 image with three colour channels and one byte per
channel already needs over a million bytes.

• Vector graphics take a different approach: they store shapes, paths, and transformations
rather than individual pixels. The same logo can then be rendered sharply on a phone or
a billboard by recomputing the paths at different resolutions.

• Digital audio stores samples of the air-pressure waveform at regular intervals, such as
44,100 samples per second for CD-quality sound. Each sample is a number representing
amplitude; more bits per sample allow finer gradations in loudness.

Modern machine learning systems sometimes introduce yet another layer: latent representa-
tions. A neural network can compress an image into a vector of numbers in a high-dimensional
space and then reconstruct it later. Those latent vectors are not meant to be human-readable,
but they often capture structure such as “this is roughly a face” or “this sound is roughly a
piano note” in ways that traditional encodings do not.

From Lab to Life: “C64” vs. Emoji

Consider two ways of sending a short message.

• On a Commodore 64, you might type the characters C64 into BASIC. Internally,
the machine stores three character codes: one for C, one for 6, one for 4. Each code
is a single byte, and the manual tells you exactly which patterns of bits correspond
to which symbols.

• On a modern phone, you might send an emoji sequence that conveys the same idea:
perhaps a floppy-disk icon, a joystick, and a smiling face. Each emoji is represented
by one or more Unicode code points, and the underlying byte sequences are longer
and more complex than the three ASCII-like bytes on the C64.

In both cases you are doing the same thing: mapping human-intended meaning onto
structured patterns of bits and back again. The details differ, but the core idea of repre-
sentation through agreed codes is shared.
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2.4 Technical Note: Number Bases and Encodings
Most of the time you can work comfortably with the informal picture developed above: bits
as on/off decisions, bytes as groups of eight bits, and encodings as agreed mappings between
numbers and symbols. Occasionally it helps to be more precise.

Number Bases in One Paragraph
For any integer base b ≥ 2, a finite string of digits dn−1 . . . d1d0 represents the value

dn−1 × bn−1 + · · ·+ d1 × b1 + d0 × b0,

where each digit di is between 0 and b − 1. Decimal is the case b = 10, binary is b = 2, and
hexadecimal is b = 16 with digits {0, . . . , 9,A, . . . ,F}. Converting between bases is mechanically
straightforward: repeated division by the new base or repeated subtraction of powers of the old
one.

Fixed-Width Encodings and Limits
When you fix a width n (for example, 8 bits per byte or 32 bits per integer), you also fix how
many distinct patterns you can represent: exactly 2n. Any scheme that tries to encode more
than 2n distinct values into n bits must either discard some possibilities or allow collisions where
different meanings share the same pattern. This simple counting argument explains why early
character encodings ran out of room for new scripts and why address-space limits eventually
forced operating systems to move from 32-bit to 64-bit architectures.

Encoding as a Pair of Functions
Formally, an encoding scheme for some set of symbols S assigns to each symbol s ∈ S a distinct
bit string c(s) of some finite length. Decoding does the reverse: it takes a bit string that
matches one of the assigned patterns and returns the corresponding symbol. Good encodings
make both directions easy to compute and robust to noise. Variable-length encodings such as
UTF-8 add a further twist: they choose some patterns so that you can still parse a stream of
bytes unambiguously from left to right.

Try in 60 Seconds

Take a short word that matters to you—for example “cat”, “code”, or “C64”. In one
minute, do three things.

• Write down its characters and look up their numeric codes in a table for ASCII or
Unicode.

• Convert at least one of those codes into binary or hex.

• Ask yourself what would have to change for a very old machine and a very new
device to agree on how to display the same word.

This tiny exercise mirrors what operating systems, networking stacks, and applications
do constantly: translate between human-level meaning and low-level patterns of bits.

2.5 Where We’re Heading Next
This chapter has focused on the raw material of digital systems: bits and bytes, Boolean logic,
and encodings that turn physical signals and human symbols into structured patterns machines
can manipulate. The next step is to look more closely at what we do with those patterns: how
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we organise procedures, compare different ways of solving the same problem, and reason about
their costs.

In the following chapter we move from representation to algorithms and complexity. You will
see simple but representative examples of searching, sorting, and decomposing work across many
machines. More importantly, you will meet the language computer scientists use to compare
efficiency—Big-O and related notions—and get a first glimpse of problems that seem easy to
state but hard, or even impossible, to solve efficiently. The ideas in this chapter about number
bases and limits on encodings will quietly underpin many of those arguments.



Chapter 3
Algorithms, Complexity, and Why
Efficiency Matters
Once you can represent information as bits and bytes, the next question is what you do with it.
Computer science answers that question with algorithms—precise procedures for transforming
inputs into outputs—and with tools for comparing how costly different algorithms are. This
chapter introduces simple but important examples, builds an intuitive picture of computational
complexity, and hints at fundamental limits on what any computer can achieve.

3.1 Simple Algorithms
Everyday life is full of informal algorithms: recipes, checklists, troubleshooting guides. In
computer science we sharpen that idea into procedures so precise that a machine can follow
them without guesswork. Even very simple tasks admit multiple algorithms, each with its own
trade-offs.

To keep things concrete, we will look at three families of basic algorithms:

• ways to search for an item in a collection,

• ways to sort a collection into a useful order,

• ways to split work across many workers or machines in a map–reduce style.

Each example will pack a quiet lesson about how data organisation and problem structure shape
what counts as “efficient.”

Searching for a Needle
Imagine you have a box of unsorted index cards, each with the name and phone number of a
friend. You want to see whether “Alex” is in the box. The most straightforward algorithm is:

• start at the top of the pile,

• compare the name on each card with “Alex”,

• stop when you find a match or reach the end.

On a computer, this is called linear search. In the worst case you examine every entry once. If
there are n entries, you do on the order of n comparisons.

Now imagine the cards are kept strictly in alphabetical order. You can do much better.
Instead of scanning from top to bottom, you:

• open the stack near the middle and see which name you landed on,

• if your name comes earlier in the alphabet, search the top half; if it comes later, search
the bottom half,

• repeat this halving process until you either find the name or run out of cards.

14
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This is binary search. Each step roughly halves the number of candidates, so the number of
comparisons grows like the number of times you can halve n before you get down to 1—on
the order of log2 n. For a million entries, that means around twenty comparisons instead of a
million.

From Lab to Life: Looking Up a Patient

Suppose a hospital keeps two lists of patients.

• One is a quick scribbled list of everyone who walked into the emergency room today,
in arrival order.

• The other is a carefully maintained database of all registered patients, indexed by
a unique ID.

If a nurse wants to know whether a given person is already in the ER today, scanning the
short, unsorted list is fine. If they want to know whether a person has ever been treated
at the hospital, they rely on an indexed system that behaves more like binary search.
The task “check whether we have seen this patient before” is the same; the acceptable
algorithm depends on how the data are structured and how big they are.

Sorting a List
Searching often becomes easier if you are willing to sort your data once and then maintain that
order. There are many sorting algorithms; we will peek at two simple ones.

One is selection sort. To sort a list of numbers in ascending order, you:

• scan the whole list to find the smallest element and put it in the first position,

• scan the remaining elements to find the next smallest and put it in the second position,

• repeat until all positions are filled.

Each pass through the list costs time proportional to the number of remaining elements, and
you need around n passes. The total work grows roughly like n2.

Another is merge sort. Here you:

• split the list into two halves,

• recursively sort each half,

• merge the two sorted halves by repeatedly taking the smaller of the front elements.

Although the steps are a bit more involved, the total work grows on the order of n logn, which
is dramatically smaller than n2 for large n. On a tiny list of ten items, you will not notice
the difference. On a list with millions of entries—or with data spread across many disks or
servers—it can decide whether your program finishes in seconds or not at all.

Splitting Work: A First Glimpse of Map–Reduce
Modern systems rarely rely on a single processor. It is often faster to split a big job into smaller
independent pieces, process them in parallel, and then combine the partial results. The general
pattern is often described as map–reduce.

At a high level:

• Map takes each element in a collection and applies the same simple operation indepen-
dently to all of them.
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• Reduce then combines the results with an operation like summing, taking a maximum,
or concatenating.

From Lab to Life: Counting Votes

Imagine a national election where results are reported by local polling stations.

• Each station counts the ballots cast there: this is a local map step, repeated many
times in parallel.

• A central office then adds up the station-level tallies for each candidate: this is a
reduce step.

No single person has to handle every ballot. Yet the final result—the national vote
count—is as if one big algorithm had processed all ballots at once. Distributed computing
frameworks for logs, web clicks, or sensor data follow the same logic on a larger scale.

3.2 Complexity in Plain Language
The examples above suggest a pattern: two algorithms can solve the same problem but differ
wildly in how their running time grows with input size. Computer scientists capture this growth
using the language of complexity classes, often summarised with Big-O notation.

At an intuitive level, complexity classes answer questions like:

• If I double the size of the input, what happens to the running time?

• Is my algorithm mostly limited by how many elements there are, or by something more
explosive?

• Does an improvement in underlying hardware (a faster CPU, more memory) buy me a
constant-factor speed-up or fundamentally change what problem sizes are feasible?

Rather than count every instruction, we group algorithms by the dominant way their cost
scales with input size n. Here are a few common patterns.

• Constant time O(1): the cost does not meaningfully grow with n. Looking up a value
in a well-designed hash table behaves like this on average.

• Logarithmic time O(logn): doubling n adds a fixed amount of work. Binary search is
the textbook example.

• Linear time O(n): cost is proportional to input size. Scanning a list once behaves this
way.

• Quadratic time O(n2): doubling n multiplies the cost by about four. Many naive nested
loops fall into this class.

• Exponential time O(2n): each extra input element doubles the work. Such algorithms
become unusable very quickly as n grows.
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Common Pitfall: Ignoring Constant Factors Forever

Big-O notation deliberately ignores constant factors and lower-order terms. That makes
it powerful for reasoning about very large n, but it can mislead if taken as a precise
performance predictor.

• A well-tuned O(n) algorithm can be slower in practice than a naive O(n logn)
algorithm for the small n you actually care about.

• Conversely, an O(n2) algorithm with a tiny constant factor may be acceptable for
your data sizes, while a theoretically nicer alternative is hard to implement correctly.

• The right question is rarely “What is the asymptotic complexity?” in isolation, but
“Given my hardware, data sizes, and reliability needs, which complexity class and
constant factors are acceptable?”

Later chapters will revisit this theme when we talk about GPU computing, cloud re-
sources, and the economics of large-scale machine learning.

From Lab to Life: Waiting for Programs to Load

If you grew up with cassette-based home computers such as the Commodore 64, you may
remember waiting minutes for a game to load from tape. Today, the same person might
be annoyed if a web page takes more than a couple of seconds to appear.

• Part of this change comes from faster hardware and networks.

• Another part comes from better algorithms, data structures, and caching strategies
that avoid doing obviously wasteful work.

Complexity theory gives a language for separating those contributions: it helps you ask
whether a slowdown is due to poor implementation details, a fundamentally unsuitable
algorithmic approach, or an inherent hardness in the problem itself.

3.3 Limits of Computation
So far we have treated efficiency as a matter of better or worse algorithms for the same task.
There is a deeper layer: some tasks appear to require enormous resources no matter how cleverly
you program, and some tasks cannot be solved by any algorithm at all.

One famous boundary is between problems that can be solved efficiently (in roughly polyno-
mial time, such as O(n), O(n logn), or O(n2)) and problems that seem to require time growing
faster than any polynomial, such as 2n. The informal slogan is that polynomial-time problems
are “tractable” while exponential-time ones are “intractable,” at least for large inputs.

Another boundary is between decidable and undecidable problems. A problem is decidable
if there exists some algorithm that always produces a correct yes/no answer in finite time. Alan
Turing showed that not all well-posed questions have this property.

The Halting Problem (Informal View)
The classic example is the halting problem: given a description of a program and its input, will
the program eventually stop or run forever? Turing proved that there is no general algorithm
that can answer this question correctly for all possible programs and inputs.

You can get an informal feel for why by thinking in circles: if such an algorithm existed,
you could feed it cleverly constructed self-referential programs that ask “What would you do in
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my place?” and force a contradiction. The details require care, but the high-level conclusion is
striking: there are limits not just to what is practical, but to what is even possible in principle.

Everyday Encounters with Hardness
You do not need deep theory to bump into hard problems.

• Scheduling a complex lab rota or classroom timetable often feels like solving a huge puzzle
where improving one part makes another worse.

• Finding the shortest route that visits many cities and returns home (the travelling sales-
person problem) quickly becomes difficult as the number of cities grows.

• Exploring every possible arrangement of a high-dimensional system (for example, all pos-
sible combinations of switches or genetic markers) becomes impossible long before you
reach the end.

Many such problems live in complexity classes that computer scientists believe are inherently
hard in the worst case. In practice, we get by with approximations, heuristics, and the recogni-
tion that “good enough, soon enough” often beats “perfect, too late.”
Readers who want a more formal sketch of these ideas—Turing machines, automata, and com-
plexity classes such as P and NP—can dip into Chapter B. The appendix makes the informal
stories in this chapter precise enough to support deeper study without assuming a full course
in theory.

3.4 Where We’re Heading Next
This chapter introduced algorithms as recipes for manipulating the bit patterns described in the
previous chapter, showed how different algorithms for the same task can have sharply different
cost profiles, and sketched a language for thinking about those costs at scale. It also pointed
to deeper limits: some problems seem to resist efficient solutions entirely, and some cannot be
solved by any algorithm.

In the next chapter we turn from abstract procedures back to physical machines. We will
see how early computers turned logical designs into room-sized hardware, how mainframes
and minicomputers organised computation in centralised ways, and how the rise of personal
computers and devices like the Commodore 64 made those algorithmic ideas accessible on desks
and in living rooms. The concepts of efficiency and tractability from this chapter will provide
a thread as we compare what different generations of hardware could realistically support.



Part II
The Machines: From Vacuum Tubes
to Commodores to Apple Silicon
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Part II Overview

This part turns from abstract concepts to physical machines. It traces how logical ideas
about bits, algorithms, and complexity became room-sized mainframes, lab-friendly mini-
computers, and eventually home computers and modern personal hardware. The focus
is on how engineering constraints and design choices shaped what kinds of software and
experiences were possible in each era.
Part II begins with two chapters. Chapter 4 surveys the early generations of electronic
computers: vacuum-tube machines like ENIAC, the transition to transistors and inte-
grated circuits, the rise of mainframes and minicomputers, and the first wave of personal
computers such as the Apple II and IBM PC. Chapter 5 then zooms in on the Commodore
family—from the PET and VIC-20 through the C64 and Amiga—to show how having a
programmable machine in the living room changed both who could program and what
they chose to build. Later chapters in this part will connect those stories to more detailed
discussions of architecture and modern chips.



Chapter 4
Early Hardware: Mainframes, Minis,
and the Birth of the PC
The first electronic computers did not live on desks or in backpacks. They filled rooms, drew
as much power as a small town, and were tended by teams of specialists. This chapter follows
the path from those early mainframes and minicomputers to the first personal machines. Along
the way it shows how the abstract ideas from Part I—information, algorithms, and limits—took
physical shape in cables, cabinets, and spinning drives.

4.1 The First Electronic Computers
Before transistors and microchips, electronic computers were experimental, fragile, and expen-
sive. Machines like ENIAC, built in the 1940s, used tens of thousands of vacuum tubes to
implement numerical operations. Programs were not stored as files; they were wired into the
machine via plugboards and switch settings.

At a high level, these early designs shared a few features:

• Electronic components: vacuum tubes and diodes replaced earlier electromechanical
relays, allowing faster switching but at the cost of heat and unreliability.

• Limited memory: data and instructions lived in comparatively tiny memory devices
such as mercury delay lines or magnetic drums.

• Batch operation: users submitted jobs (for example, differential equation calculations)
to operators, who scheduled runs and returned printed results later.

Working with such machines felt very different from opening a laptop and launching a
notebook. Programming was closer to configuring a laboratory apparatus than to editing a text
file: engineers physically reconfigured cables and control panels to set up new computations.

From Lab to Life: Punch Card “Hello World”

Imagine you want to compute a simple table of squares, such as 12, 22, . . . , 102, on an
early mainframe.

• You or a specialised operator would punch program cards: each card represented a
low-level instruction, encoded as holes in specific columns.

• Data cards would hold the input values, also encoded as patterns of holes.

• The machine would read the deck, execute the instructions, and print the results
on paper.

If there was a bug—a misplaced hole, a card in the wrong order—you often discovered it
only after waiting your turn in the queue. Fixing the problem meant repunching cards
and resubmitting the job. Compared to typing and rerunning a small script today, the
feedback loop was slow and physical.
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4.2 From Tubes to Transistors to Integrated Circuits
Vacuum tubes made early electronic computers possible, but they were fragile and power-hungry.
Each tube was a glass component with a heated filament; thousands of them meant heat, size,
and constant maintenance. The move to transistors and then to integrated circuits transformed
what was practical.

The transition unfolded in stages:

• Transistors replaced individual tubes with solid-state components that were smaller,
cooler, and more reliable.

• Small-scale and medium-scale integration put a handful to hundreds of transistors
on a single chip, reducing wiring complexity.

• Large-scale integration eventually placed thousands and then millions of transistors
on a single piece of silicon.

Each step shrank the physical size and energy cost of computation while increasing reliability
and speed. Designs that once required an entire rack could fit into a few chips on a circuit
board. This made it feasible to build more machines, to experiment with new architectures,
and eventually to aim for computers that individuals could own.

Common Pitfall: Thinking Only in Terms of “Clock Speed”

It is tempting to measure hardware progress solely in megahertz or gigahertz, but that
misses much of the story.

• Reliability improvements meant less downtime and less manual babysitting, which
mattered as much as raw speed for real workloads.

• Energy efficiency allowed more computation per unit of power and reduced costly
cooling requirements.

• Integration density reduced not only size but also the delay and noise introduced
by long physical wires.

When you compare a room-sized tube machine to a later transistor-based minicomputer,
the most important differences are often about practicality and availability rather than
a single performance metric.

4.3 Mainframes and Minicomputers
As hardware matured, two broad classes of machines emerged: mainframes and minicomputers.
Mainframes were large, expensive systems used by governments, big companies, and universities.
Minicomputers were smaller, somewhat cheaper systems that brought serious computing power
into more modest labs and departments.

Mainframes typically offered:

• centralised processing and storage in controlled machine rooms,

• support for many users via terminals connected over serial lines,

• sophisticated operating systems that managed jobs, queues, and access control.

Minicomputers traded some capacity and redundancy for lower cost and flexibility. Companies
like Digital Equipment Corporation (DEC) built systems that could sit in a lab or office and be
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customised for specific tasks: data acquisition, control of scientific instruments, or departmental
file serving.

From a user’s point of view, both classes still felt centralised. You sat at a terminal—often
just a keyboard and monochrome screen or even a teletype—and sent commands over a wire to
a distant machine. Programs were compiled and run on the shared system; storage lived on its
disks and tapes; operators monitored its health.

From Lab to Life: Terminals vs. Personal Screens

If you log into a remote server over SSH today to run code or manage files, you are echoing
this era.

• In a mainframe setting, dozens of users might connect simultaneously from “dumb”
terminals that could display text but had no local processing power.

• In a minicomputer setting, a small lab might have a handful of such terminals
connected to a single shared machine in a nearby room.

In both cases, your “computer” lived elsewhere. The idea that every user could own a
full general-purpose machine under their desk or in their bag was still emerging.

4.4 The PC Revolution
By the late 1970s and early 1980s, a mix of technological and cultural shifts set the stage
for personal computers. Falling component costs and better integration made it possible to
build affordable general-purpose machines around microprocessors. Hobbyist communities, kit
vendors, and early companies experimented with designs that no longer required a machine
room.

Several strands fed into what we now think of as the PC era:

• Early hobbyist machines such as the Altair 8800 attracted enthusiasts who were willing
to assemble kits and program in low-level languages.

• The Apple II demonstrated that a relatively friendly, ready-to-use machine could appeal
to schools, small businesses, and home users.

• The IBM PC and its compatibles created a de facto standard platform for business and
eventually home computing, with an ecosystem of software and peripherals.

For many people, the crucial difference was psychological as much as technical. Instead
of submitting jobs to a shared system, you could turn on “your” computer, experiment, and
break things without asking permission. This shift opened doors for a generation of self-taught
programmers, game developers, and tinkerers.
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From Lab to Life: Rooms as the Computers

In the mainframe era, people sometimes joked that “the room is the computer.” Cabinets
of electronics, raised floors for cabling, and dedicated cooling systems were all part of
“one” machine.

• When you walked into such a room, you were effectively stepping inside the com-
puter you were using remotely.

• Early PCs inverted that picture: the computer moved onto your desk, and the
“room” shrank to a beige box plus monitor and keyboard.

Remembering this helps explain some of the awe and anxiety in early personal computing.
What had once required institutional infrastructure suddenly fit into a student bedroom
or a small office.

4.5 Where We’re Heading Next
This chapter followed the physical story of early electronic computers: from room-sized tube
machines programmed with cables and cards, through the transistor and integrated-circuit
revolutions, into an era of mainframes, minicomputers, and the first personal machines. Along
the way it highlighted how centralisation, cost, and reliability shaped who could compute and
what problems they chose to tackle.

In the next chapter we narrow the focus to a particular branch of the personal-computer
story: the Commodore family of machines, especially the C64. That case study brings to-
gether themes from earlier parts of the book: representation and algorithms from Part I, the
practical constraints of limited memory and slow storage, and the cultural impact of having a
programmable device in the living room rather than the machine room.



Chapter 5
Commodore Dreams: C64 and
Friends
For many people in the 1980s, “computer science” did not begin with formal models or main-
frame job queues. It began with a beige or breadbox-shaped machine plugged into a living-room
television, a blinking prompt waiting for BASIC commands, and the discovery that you could
make pixels move by typing. This chapter uses the Commodore lineage as a lens on how personal
hardware, languages, and culture intertwined.

5.1 The Commodore Lineage
Commodore did not start with the C64. It built a series of machines that gradually expanded
what was affordable and accessible in home and small-business computing. Each step brought
a different mix of cost, capability, and audience.

A simplified family tree looks like this:

• PET (Personal Electronic Transactor): an all-in-one machine with built-in monitor
and keyboard, often found in schools and small offices.

• VIC-20: a cheaper home computer that connected to a TV and introduced many families
to BASIC and simple games.

• C64: the best-selling 8-bit home computer, with improved graphics and sound that made
it a favourite for games and demos.

• Amiga line: more powerful 16/32-bit machines with advanced graphics and multitasking,
influential in graphics, video, and music production.

Each machine reflected compromises among price, memory, graphics capability, and expand-
ability. From a historical perspective, the important point is not which model had which exact
chip, but that the series lowered the barriers to owning a programmable machine.

From Lab to Life: A Computer in the Shop Window

In many towns, the first contact with computers happened not in a lab but in a shop
window.

• A Commodore machine would be set up to run a looping demo program—perhaps
a colourful bouncing logo or a simple game.

• Children would press keys and realise that the display reacted to their input.

Compared with distant mainframes, these machines felt tangible and playful. You did
not need a badge or an access form; you needed time, curiosity, and, if you were lucky,
someone willing to let you linger at the keyboard.
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5.2 A Computer in the Living Room
One of the most distinctive features of machines like the VIC-20 and C64 was where they lived:
not in offices or dedicated labs but in living rooms and bedrooms, often connected to the family
television. This shaped how and when people used them.

Several aspects stand out:

• Shared screens: a single TV often served as both entertainment device and computer
monitor. Using the computer meant negotiating time and attention with others.

• Joysticks and game culture: many people first encountered these machines through
games, using joysticks rather than keyboards or mice.

• Physical media: programs arrived on cassettes or floppy disks, with loading times that
invited you to read manuals or daydream while you waited.

From a cultural point of view, this blurred the line between “toy” and “tool.” A session
at the computer might alternate between playing a game, typing a few lines of BASIC, and
experimenting with graphics commands copied from a magazine.

From Lab to Life: Debugging with the Family Around

Picture a teenager hunched over a C64 in the corner of a living room.

• On the screen, a BASIC program intended to draw a simple animation keeps crash-
ing with a cryptic ?SYNTAX ERROR.

• Behind them, family members are watching television or chatting, occasionally com-
menting on the strange sounds and colours.

This is a very different setting from a quiet terminal room or a solitary office. Yet the core
experience—iteratively changing code, running it, and learning from the errors—mirrors
practices in professional development environments. The living room became an informal
lab.

5.3 BASIC as the On-Ramp
When you turned on a C64, you did not see a desktop or icons. You saw a prompt: a blinking
cursor after a line that effectively invited you to start programming in BASIC. That immediate
access to a programming environment made BASIC an on-ramp for countless new programmers.

BASIC (Beginner’s All-purpose Symbolic Instruction Code) was designed to be approach-
able:

• Commands were mostly English-like words such as PRINT, INPUT, and GOTO.

• Programs were entered as numbered lines, encouraging a simple, linear mental model of
control flow.

• Error messages, though terse, usually pointed to the offending line.

Here is a tiny game-like loop in BASIC-like pseudocode:

10 X = 10
20 PRINT "X ="; X
30 X = X + 1
40 GOTO 20
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This program prints the value of X, increments it, and repeats forever. It is not sophisticated,
but it reveals key ideas: variables, state changes, loops, and the direct link between a program
and what appears on the screen.

From Lab to Life: Tiny Loop vs. Modern Game Engine

Compare that four-line loop to a modern game engine.

• On a C64, a game loop might explicitly update positions, redraw sprites, and check
for collisions in a handful of lines, written by a single person who understood the
whole program.

• In a contemporary engine, many of those tasks are handled by frameworks and
libraries; developers write scripts that plug into a much larger system.

The gap in complexity is enormous, but the conceptual core—update state, render, handle
input—remains recognisable. Early hands-on exposure to such loops gave many people a
concrete feel for how dynamic systems evolve over discrete steps.

5.4 Getting Closer to the Metal
For some users, BASIC was not the end of the journey but the beginning. The C64, like many
contemporaries, allowed curious programmers to peek under the hood and interact more directly
with memory and hardware.

Two features illustrate this:

• PEEK and POKE: BASIC commands that read and write single bytes at specific memory
addresses. By learning which address controlled which behaviour (for example, screen
memory or sound registers), you could change how the machine behaved in ways not
exposed by higher-level commands.

• Assembly language and cycle counting: performance-sensitive programmers wrote
pieces of code directly in the 6502 processor’s instruction set, counting clock cycles to
synchronise graphics and sound with the television’s refresh rate.

This kind of “close to the metal” programming made concrete many abstractions from
Part I. Memory was no longer an abstract box labelled “RAM” but a finite grid of addresses.
Instructions were not distant theoretical entities but specific byte patterns that made hardware
units fire in particular sequences.
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Common Pitfall: Over-Romanticising Low-Level Control

It is easy to look back nostalgically and conclude that everyone should learn assembly
and direct memory access.

• For many real-world projects, higher-level languages and managed runtimes dra-
matically reduce errors and development time.

• Reasoning about security, concurrency, and maintainability in large systems is often
harder at the lowest level.

• The deeper lesson from the C64 era is not that low-level code is always better, but
that having at least one experience “near the metal” can sharpen intuition about
what abstractions are hiding.

Later chapters on operating systems and modern hardware will build on this by showing
how similar trade-offs appear at larger scales.

5.5 Where We’re Heading Next
This chapter has treated the Commodore lineage as more than a nostalgic footnote. It showed
how a series of machines brought programmable hardware into living rooms and classrooms,
how BASIC served as an approachable on-ramp to programming, and how features like PEEK,
POKE, and assembly bridged the gap between high-level concepts and the underlying hardware.

In the next chapter we step back from specific product lines and look at computer archi-
tecture more generally: the Von Neumann model of CPU, memory, and I/O; instruction sets
such as the 6502, x86, and ARM; and techniques like pipelining and caching that squeeze more
effective work out of each clock cycle. The Commodore machines will reappear there as concrete
examples of how abstract architectural ideas show up in actual designs.
If you would like to turn these stories into hands-on experience, the C64 Workbook: From Hard-
ware to Pong in the workbook collection walks through setting up a Commodore 64 emulator,
writing small BASIC and assembly programs, and building a simple game. It is a practical
companion to the themes of this chapter and Chapter 6.



Interlude: A Day in the Life of a
C64 Kid
The television in the living room is not just for shows anymore. On a low table in front of it sits a
small breadbox-shaped machine with a rainbow logo and a chunky keyboard: a Commodore 64.
Beside it, a shoebox of cassettes and a joystick with a squeaky trigger. It is a school night, but
homework is done. The screen glows blue, and the word READY. waits patiently.

Today’s project is simple in ambition and audacious in context: make a character move
smoothly across the screen in response to joystick input, with a satisfying beep whenever it
reaches the edge. The kid at the keyboard has copied similar programs from magazines before,
line by line, but tonight the goal is to understand rather than merely reproduce.

The ritual begins the same way it often does:

• clear the screen,

• type a few exploratory commands,

• reset after a misstep,

• and eventually start a small program on line 10.

Variables are single letters because typing is slow; line numbers jump by tens to allow room
for edits; comments are sparse because every character takes memory. Yet, even within these
constraints, the essential elements of algorithms from Chapters 1 and 3 make an appearance:
initialisation, loops, conditionals, and state.

As the evening goes on, the program grows. A loop polls the joystick; a pair of variables
store the sprite’s position; simple arithmetic updates coordinates; boundary checks keep the
character on the screen. Each run reveals a new bug: the character leaves trails, wraps around
unexpectedly, or responds sluggishly.

The kid learns, painfully but memorably, that:

• it matters whether you clear the old position before drawing the new one,

• it matters whether comparisons are strict or allow equality,

• it matters whether updates happen before or after input is read.

Hours later, the game is still unimpressive by magazine standards. The graphics are simple,
the sound more beep than music. But the experience has quietly introduced several pillars of
the rest of the book:

• the joy and frustration of debugging (Chapter 1),

• the sense of hardware constraints—memory, speed, storage—that later chapters revisit in
more formal ways (Chapters 5 and 7),

• the habit of thinking about behaviour in terms of processes and states (Chapters 3 and 11).
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Figure 5.1: A C64 evening: television, keyboard, joystick, and code in progress.

Moral: Early Tinkering as a Thread

The details of the C64—its memory map, its BASIC dialect, its floppy-drive quirks—are
historically specific. What carries forward are the patterns:

• starting from a blank prompt and a vague idea,

• building and refining small programs through trial, error, and curiosity,

• discovering that abstractions and constraints go hand in hand.

The later chapters on algorithms, architecture, operating systems, and AI can be read as
elaborations of the same drive: to make complex machines do understandable things, one
small experiment at a time.



Chapter 6

Architecture and Instruction Sets
The previous chapters treated computers as historical actors and cultural objects. This chapter
lifts the lid and looks inside. It introduces the standard picture of a computer’s structure, shows
how instruction sets give that structure a vocabulary, and sketches how modern processors
squeeze more useful work out of each clock cycle without breaking the illusion of a simple,
step-by-step machine.

6.1 The Von Neumann Architecture
Most general-purpose computers built in the last century can be understood, at first approxi-
mation, as variants of the Von Neumann architecture. In this model, a machine consists of a
central processing unit (CPU), a memory that stores both data and instructions, input/output
(I/O) devices, and buses that move signals among these components.

At a conceptual level, three roles stand out:

• CPU: executes instructions, performs arithmetic and logical operations, and controls data
flow.

• Memory: holds the current program and its working data as patterns of bits at numbered
addresses.

• I/O: connects the system to the outside world through keyboards, screens, disks, networks,
and sensors.

You can think of this as a kitchen for computation. The CPU is the cook, memory is the
pantry and countertop where ingredients and utensils are kept, and I/O devices are the doors
and serving windows through which orders arrive and finished dishes leave. A bus is like a
narrow corridor: if too many items try to move through at once, congestion appears.

In the classic Von Neumann picture:

• instructions are fetched from memory one at a time,

• the CPU decodes and executes each instruction in sequence,

• the program counter keeps track of “where we are” in the instruction stream.

This sequential model is simple and powerful. It matches the mental picture many programmers
have of a program as a list of steps. It also provides a foundation for reasoning in complexity
theory: counting how many basic steps an idealised machine must take to solve a problem.
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From Lab to Life: A Data Logger as a Tiny Von Neumann Machine

Consider a simple environmental data logger used in a lab or greenhouse.

• A small microcontroller (the CPU) repeatedly executes a program stored in on-
board memory.

• The program reads temperature and humidity sensors (input), writes values to flash
storage (output), and occasionally lights an LED or sends data over a serial link.

Even without a screen or keyboard, this device fits the Von Neumann pattern: one
processor, a shared memory for code and data, and a loop that fetches, decodes, and
executes instructions in order.

6.2 Instruction Sets and Micro-Architectures
The instruction set architecture (ISA) defines the set of instructions a CPU understands: op-
erations like “add these two numbers,” “load a value from memory,” or “jump to this address
if a condition holds.” It is the contract between hardware and software. Programs written in
machine code or compiled from higher-level languages ultimately boil down to sequences of ISA
instructions.

Different families of processors use different ISAs. Three historically important ones are:
• 6502: a simple 8-bit ISA used in many 1980s home computers, including the Commodore

64 and early game consoles.

• x86: a more complex, variable-length ISA that powered most personal computers from
the IBM PC era through many generations of desktops and laptops.

• ARM: a RISC (Reduced Instruction Set Computer) family that began in low-power
systems and now underpins most smartphones and, in modified form, Apple Silicon.

Programmers rarely work directly in raw opcodes, but the character of an ISA still matters.
It influences how compilers generate code, how many instructions typical programs need, and
how easy it is to emulate or virtualise one architecture on another.

Underneath the ISA sits the micro-architecture: the concrete way a particular chip imple-
ments the abstract instruction set. Two processors can share an ISA and run the same binaries
while differing radically in internal organisation: pipeline depth, cache sizes, execution units,
and power-management strategies.

Common Pitfall: Confusing ISA with Implementation

It is easy to say “x86 is slow” or “ARM is efficient,” but such statements blur an important
distinction.

• The ISA is a specification: it says which instructions exist and how they behave.

• The micro-architecture is a design: it says how a specific chip realises those instruc-
tions.

• Performance and energy use depend heavily on micro-architectural choices, manu-
facturing processes, and system integration, not just on the instruction set itself.

When you hear that a new generation of chips is “faster” or “more efficient,” most of the
improvement comes from micro-architectural refinements and process shrinks rather than
from changing the ISA entirely.
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From Lab to Life: Porting Code Across Architectures

Imagine a research group that wrote data-acquisition software years ago for a laboratory
PC using x86 processors. They now want to run similar experiments on a low-power
ARM-based single-board computer near the instruments.

• If their code was written in a high-level language like C or Python and avoided
architecture-specific assumptions, recompiling or reinstalling on the new machine
may be straightforward.

• If they relied heavily on hand-written assembly, specific calling conventions, or
binary-only libraries, moving to a different ISA becomes more painful.

This kind of migration highlights the role of abstraction layers: good design isolates most
of your work from ISA differences, but the boundary is never completely invisible.

6.3 Caches, Pipelines, and Out-of-Order Execution
The idealised Von Neumann model suggests that the CPU fetches and executes one instruction
at a time in lockstep. Real processors try to do much more. They overlap work, keep recently
used data close at hand, and even execute instructions out of their original order as long as the
final result matches what a simple sequential machine would produce.

Three key techniques are:

• Caches: small, fast memories that keep copies of recently accessed data and instructions
close to the CPU, reducing the need to wait for slower main memory.

• Pipelines: dividing instruction processing into stages (fetch, decode, execute, write back)
so that multiple instructions are in different stages at the same time, like items on a
production line.

• Out-of-order execution: allowing the CPU to execute instructions whose inputs are
ready while others are waiting on data, then committing the results in an order that
preserves the illusion of sequential execution.

An everyday analogy is a bakery.

• Ingredients stored on a small shelf near the workbench (a cache) are faster to reach than
those in a distant storeroom (main memory).

• Mixing dough, letting it rise, baking, and cooling can be pipelined: while one batch bakes,
another is rising and a third is being mixed.

• If one tray takes longer in the oven, bakers may start on later orders rather than standing
idle, as long as finished loaves are delivered to customers in the promised order.
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Common Pitfall: Assuming “One Instruction at a Time”

Programmers are often taught to think in terms of one instruction following another, but
modern hardware does not behave so literally.

• Branch prediction tries to guess which way conditional jumps will go, speculatively
executing down the predicted path.

• Memory hierarchies mean that accessing a distant address may stall one part of the
processor while others continue with independent work.

• Subtle timing differences can interact with caches and speculation in ways that
matter for performance—and, as later security research has shown, for side-channel
attacks.

High-level code still behaves as if it ran on a simple sequential machine, but understanding
that the hardware is busier under the hood can explain why small code changes sometimes
have outsized performance effects.

6.4 From Single Cores to Many Cores
For decades, hardware designers relied on shrinking components and increasing clock speeds to
make processors faster. Eventually, power and heat constraints made it difficult to keep raising
frequencies. One response was to put more cores on a single chip so that multiple threads or
processes could run in parallel.

Moving from one core to many changes the engineering story:

• Operating systems must schedule work across cores and handle communication among
them.

• Programmers must decide which tasks can safely run in parallel and how to coordinate
shared data.

• Hardware designers must provide mechanisms—such as cache-coherence protocols and
inter-core interconnects—that make parallel execution behave predictably.

From an application perspective, multiple cores matter most when workloads can be decom-
posed into mostly independent pieces: rendering frames in an animation, serving many network
requests, or running multiple simulations side by side. Other workloads, tightly coupled around
a single evolving state, remain bottlenecked on one core no matter how many are available.

From Lab to Life: Parallel Experiments on a Shared Machine

Suppose a team runs computational experiments that each take several hours on a single
core. With a many-core server or a modern laptop, they can launch several runs in
parallel.

• If the experiments are independent, this can turn a week-long queue of runs into a
day of wall-clock time.

• If the experiments constantly read and write to the same files or databases, naive
parallelism can instead create contention and slow everything down.

Thinking clearly about how a problem breaks down across cores becomes part of scientific
practice, not just a technical optimisation.
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6.5 Where We’re Heading Next
This chapter has peeked behind the case and sketched how general-purpose computers are
organised: a Von Neumann-style core of CPU, memory, and I/O; instruction sets that define
the vocabulary of operations; and micro-architectural techniques such as caching, pipelining,
and out-of-order execution that stretch the simple sequential model. It also touched on the
move from single-core to multi-core designs as a response to power and heat limits.

In the next chapter we shift from these structural ideas to specific incarnations in modern
personal hardware. We will trace the evolution from beige desktop towers to slim laptops and
tablets, introduce system-on-a-chip (SoC) designs that integrate many components on one piece
of silicon, and use Apple Silicon as a case study in how CPUs, GPUs, and neural accelerators
share work and memory. The architectural themes from this chapter will provide the language
for understanding those concrete designs.



Chapter 7
From Desktop to Apple Silicon:
Modern Personal Hardware
So far we have seen room-sized mainframes, living-room Commodores, and the architectural
ideas that link them. This chapter moves to the devices many readers use every day: laptops,
tablets, and phones. It traces how personal hardware evolved from beige boxes full of separate
cards to tightly integrated systems-on-a-chip, and uses Apple Silicon as a concrete example of
what “many components on one piece of silicon” means in practice.

7.1 Laptops and Desktops
After the first wave of personal computers, hardware settled into two broad forms for everyday
use: desktops and laptops. Both combined the same logical ingredients—CPU, memory, storage,
graphics, input devices—but packaged them differently.

Desktops traditionally offered:

• more physical space for components and cooling,

• easier upgrades via plug-in cards and replaceable drives,

• higher peak performance for a given price, at the cost of noise and power use.

Laptops traded some raw expandability for portability and integration:

• screens, keyboards, pointing devices, and batteries were built in,

• components were chosen with an eye on heat and energy constraints,

• some upgrade paths (like memory or storage) became more limited over time.

From a user’s perspective, the shift from desktops to laptops mirrored a shift in how and
where computing happened: from fixed desks and offices to libraries, trains, and kitchen tables.
Many development, research, and creative workflows that once required a dedicated room now
fit into a backpack.

From Lab to Life: The Travelling Development Environment

Think of a researcher who once depended on a single powerful desktop in the office.

• Moving experiments forward meant being physically present at that machine, jug-
gling time with teaching and meetings.

• Today, the same person might carry a laptop that is more powerful than that old
desktop, running the same tools on a train or at a conference.

This change is not just about convenience. It affects what kinds of projects are attempted,
how quickly ideas are iterated, and how easy it is to collaborate across locations.
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7.2 System-on-a-Chip Design
Inside early personal computers, major components were often separate chips on a motherboard:
a CPU here, memory modules there, separate controller chips for graphics, sound, and I/O. Over
time, more and more of this functionality migrated onto a single piece of silicon: the system-
on-a-chip (SoC).

An SoC typically integrates:

• one or more CPU cores,

• a graphics processing unit (GPU),

• memory controllers and sometimes on-package memory,

• specialised accelerators (for example for encryption, media, or machine learning),

• interfaces for storage and peripherals.

One key design choice in many modern SoCs is unified memory. Instead of separate memory
pools for CPU and GPU, a shared pool allows different processing units to work on the same
data without time-consuming copies. This can make certain workflows—such as training or
serving machine-learning models on a laptop—much smoother.

Common Pitfall: Assuming More Chips Always Mean More Power

Looking inside an older desktop and a modern laptop, you might be tempted to equate
“more visible chips and cards” with greater capability.

• In reality, integration shifts functionality from many discrete components into fewer,
more capable ones.

• A modern SoC can host multiple CPU cores, a powerful GPU, and specialised
accelerators all in one package.

• The limiting factor for many tasks becomes thermal and power budget rather than
the number of physical chips.

Understanding SoCs helps explain why a thin laptop can sometimes outperform a much
bulkier older machine on certain workloads.

7.3 Apple Silicon as a Case Study
Apple’s transition from Intel x86 processors to its own ARM-based Apple Silicon offers a widely
discussed example of modern SoC design in personal hardware. While the details vary across
models, a few themes recur.

An Apple Silicon chip typically combines:

• CPU cores of different types (“performance” and “efficiency” cores) to balance speed
and power use,

• a GPU integrated on the same die, tuned for graphics and parallel numerical work,

• a Neural Engine or similar accelerator for matrix-heavy machine-learning tasks,

• unified memory shared across these components, with high bandwidth and low latency.

From a user’s point of view, two properties stand out:
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• laptops stay cool and quiet under many workloads that would have triggered loud fans on
earlier designs,

• tasks that mix graphics, numeric computing, and machine learning—for example, editing
high-resolution video while applying AI-based filters—benefit from having CPU, GPU,
and neural units close together with shared memory.

Later chapters on co-designed silicon (Chapter 21) quantify these impressions: across several
generations of Apple Silicon, independent benchmarks show multi-core performance roughly
doubling while estimated CPU power falls from around 39 W into the high-20s, pushing score-
per-watt figures sharply upward (see Table 21.1). The cool, quiet behaviour users notice in
everyday work thus reflects concrete shifts in how much useful computation each joule of energy
buys.

From Lab to Life: One Matrix Multiply, Three Worlds

Imagine multiplying two moderately sized matrices as part of a numerical experiment.

• On a vintage C64, you would write a simple nested loop in BASIC or assembly. It
would work, but even small matrices would take noticeable time.

• On a 2000s-era desktop, a tuned BLAS library would offload the work to a fast
CPU and, later, possibly a discrete GPU, but moving data between main memory
and GPU memory could become a bottleneck.

• On a modern Apple Silicon laptop, the same high-level code can use optimised
libraries that spread work across CPU, GPU, and Neural Engine, all drawing from
unified memory.

The mathematics of matrix multiplication has not changed, but the hardware context has.
Understanding that context helps explain why the same source code can feel sluggish on
one machine and effortless on another.

7.4 Energy Efficiency and Thermals as First-Class Constraints
As personal hardware has become thinner and more mobile, energy use and heat dissipation
have shifted from afterthoughts to central design constraints. A processor that delivers high
performance for brief bursts but quickly overheats or drains the battery may be less useful than
a slightly slower one that sustains good performance over hours.

Several interacting factors drive this:

• Power budgets: Laptops and tablets must operate within the limited power a battery
can deliver; even plugged-in desktops face practical limits related to electricity use and
cooling.

• Thermal envelopes: Thin cases and quiet designs mean less room for large fans or heat
sinks.

• Workload patterns: Many real applications involve sustained medium-intensity work
rather than brief spikes.

Designers respond with techniques such as:

• dynamic voltage and frequency scaling: adjusting clock speeds and voltages on the fly,

• heterogeneous cores: using efficient cores for light tasks and performance cores for heavy
ones,
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• fine-grained power gating: turning off units that are not in use.

From Lab to Life: Fans, Battery, and the Shape of a Workday

Consider two laptops used for the same coding and data-analysis tasks.

• One runs fans loudly whenever you launch a training run, grows warm to the touch,
and needs charging halfway through the day.

• The other handles the same workload more quietly and coolly, and still has battery
left after a long session.

Both machines may nominally “support” your tools. The more energy-efficient design,
however, changes how often you take breaks, where you can comfortably work, and how
willing you are to experiment with slightly heavier models or visualisations.

7.5 Where We’re Heading Next
This chapter traced the evolution of personal hardware from bulky desktops to slim laptops
and highly integrated systems-on-a-chip, with Apple Silicon as a case study in how CPUs,
GPUs, and neural accelerators now share work and memory. It emphasised that form factor,
integration, and energy efficiency are not mere styling details but core determinants of what
kinds of everyday computational work are practical.

In the next part of the book we move above the hardware layer to operating systems,
software ecosystems, and programming languages. There we will see how different layers of
software expose, hide, or reshape the underlying hardware capabilities: how an operating system
schedules work across cores, how package managers and libraries build on shared instruction
sets, and how language and paradigm choices influence which parts of modern hardware feel
accessible or opaque.



Part III
Software: Operating Systems, Tools,

and Languages
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Part III Overview

This part moves from hardware to the layers of software that make computers habitable.
It follows how operating systems turned bare machines into shared environments, how
software ecosystems and package managers changed the way code is shared and updated,
and how programming languages and paradigms shape the ways we think about problems
and solutions.
Part III opens on two fronts. Chapter 8 looks at operating systems as resource man-
agers and hosts for human-computer interaction, from batch processing and time-sharing
through UNIX and its descendants to more visually oriented systems such as DOS, early
Windows, and classic Mac OS. Chapter 9 then traces the rise of software ecosystems and
package cultures, from standalone programs and hand-carried media to online reposito-
ries, package managers, and the open-source collaborations that underpin much of today’s
infrastructure. Chapter 10 follows the evolution from machine code and early high-level
languages through systems, scripting, and modern language families, while Chapter 11
compares imperative, functional, object-oriented, concurrent, and domain-specific styles
as different lenses on the same underlying machinery.



Chapter 8
Operating Systems: From Bare
Metal to Multiuser Monsters
Modern computers feel hospitable. You open windows, launch apps, plug in devices, and expect
everything to cooperate. Underneath that friendliness lies a layer of software that juggles
hardware resources, keeps programs from trampling each other, and decides who gets to do
what when: the operating system. This chapter tells the story of how that layer grew from tiny
monitors that barely did more than load and jump, into the multiuser, multitasking systems
that quietly run laptops, phones, and vast fleets of servers.

8.1 What an Operating System Does
At its core, an operating system (OS) manages three things: processes, memory, and I/O
devices and files. It acts as traffic controller, security guard, and translator between programs
and hardware.

On a high level, key responsibilities include:

• Process management: starting and stopping programs, giving each a turn on the CPU,
and ensuring one misbehaving task does not freeze the whole machine.

• Memory management: keeping track of which parts of memory belong to which process,
swapping data to and from disk when needed, and providing each program with a clean,
isolated view.

• File and device management: organising persistent storage into files and directories,
and exposing hardware devices (disks, network cards, screens) through consistent inter-
faces.

You can picture the OS as the stage manager of a busy theatre. Actors (programs) come
and go, props (files and devices) must be in the right place at the right time, and the crew must
keep lights and sound running without the audience noticing the chaos backstage. A well-run
show feels smooth even though many things are happening at once.

From Lab to Life: Sharing a Single Machine

Imagine a small lab with one powerful workstation and several researchers.

• Without an operating system, they would have to agree on who could use the
machine when, and each program would have to know how to talk to the hardware
directly.

• With an operating system, each researcher can log in, start programs, and work
as if they had the machine to themselves, while the OS slices time and resources
behind the scenes.

The feeling that “this is my session” on a shared machine is a psychological achievement
as much as a technical one, and it depends on careful OS design.
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8.2 Early Operating Systems
The earliest electronic computers did not have operating systems in the modern sense. Programs
were loaded and run one at a time, often via punched cards or paper tape. As machines grew
more capable and more people wanted to use them, thin layers of software emerged to automate
repetitive tasks and manage jobs.

Two milestones along this path were:

• Batch systems: operators collected programs and data into batches, fed them to the
computer, and returned printed results later. Simple monitors loaded each job, ran it,
and moved on to the next without human intervention.

• Interactive systems: time-sharing made it possible for multiple users to interact with
the machine through terminals, each running what felt like a personal session while the
OS rotated the CPU among them.

Command-line interfaces grew out of this era. Instead of describing jobs on cards, users
typed commands directly into terminals. The OS parsed those commands, launched programs,
and connected their input and output to the terminal stream.

From Lab to Life: The Day Ctrl+Alt+Del Saved (or Ruined) Your Work

Many people remember a formative encounter with operating systems in the form of a
three-key salute.

• On early DOS and Windows machines, pressing Ctrl+Alt+Del could interrupt a
frozen program or bring up a task manager where you could kill a misbehaving
process.

• Used carefully, it felt like a superpower: you were no longer at the mercy of a hung
application.

• Used carelessly, it could reboot the machine and discard unsaved work, teaching an
equally memorable lesson.

Behind that key sequence lies a core OS idea: giving users and administrators a controlled
way to regain control when individual programs misbehave.

8.3 UNIX and Its Descendants
Among the many operating systems developed in the 1960s and 1970s, UNIX had an outsized
influence. It combined a relatively small, elegant kernel with a philosophy that emphasised
simple tools composed into powerful workflows.

Several ideas from UNIX and its descendants continue to shape computing:

• “Do one thing well”: many small programs, each focused on a narrow task, can be
chained together rather than one monolithic tool trying to do everything.

• Pipes and redirection: the output of one program can be treated as the input of another,
allowing users to build ad-hoc data-processing pipelines from reusable components.

• Everything is a file (almost): devices, sockets, and special resources are presented
through a common interface, simplifying both programming and administration.
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Modern systems such as Linux, macOS, and the underlying layers of many cloud platforms
inherit these patterns. Even when the user interface is graphical, the structure beneath often
reflects UNIX-style decisions.

Common Pitfall: Mistaking the Shell for the Operating System

When you first encounter a command line, it is easy to conflate the shell (such as bash
or zsh) with the operating system itself.

• The shell is a program that interprets your commands, expands wildcards, and sets
up pipelines.

• The operating system provides the system calls that actually create processes, access
files, and talk to hardware.

• Graphical environments often sit on top of the same OS, using the same underlying
mechanisms through different interfaces.

Separating these layers in your mind makes it easier to understand which behaviours
belong to your login environment and which are fundamental properties of the system.

From Lab to Life: One-Liners That Replace Entire Tools

Consider a researcher who once wrote a bespoke program to filter and summarise log files.

• Later, they discover that a simple pipeline like grep | sort | uniq -c | sort
-nr does everything they need, using standard UNIX tools.

• The operating system’s philosophy and built-in utilities have quietly saved them
days of work.

Learning to think in terms of composing small tools is one way operating systems shape
not just how we run code, but how we design it.

8.4 DOS, Early Windows, and Mac OS
While UNIX and its descendants grew in multiuser and academic settings, personal computers
in homes and small offices often ran different operating systems with more constrained goals.

On early IBM PCs and compatibles, DOS provided:

• a simple command-line interface with a limited set of built-in commands,

• direct, often unprotected access to hardware for programs,

• a single-tasking model where one program typically owned the screen and keyboard at a
time.

As graphical interfaces became popular, early versions of Windows and Mac OS layered
windows, icons, and menus on top of underlying systems that were still evolving towards true
multitasking and memory protection.

From the user’s perspective, these systems changed how people imagined computing:

• files became icons to drag and drop rather than names to type,

• switching between tasks became a matter of clicking rather than quitting and relaunching,
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• the visual metaphor of desktops, folders, and trash cans reshaped how people thought
about digital workspaces.

From Lab to Life: From Loading Tapes to Multitasking

Think back to the Commodore era, where loading a single program from tape or disk
could tie up the machine.

• Starting a game or application meant committing the whole device to that task
until you reset or loaded something else.

• On a modern laptop, you might compile code, stream music, and chat with col-
leagues at the same time, rarely thinking about how those activities share the
hardware.

That shift in expectations—from “one thing at a time” to seamless multitasking—is
largely the work of increasingly capable operating systems.

8.5 Where We’re Heading Next
This chapter has treated the operating system as the quiet organiser behind modern comput-
ing: the layer that manages processes, memory, files, and devices; that turned batch jobs into
interactive sessions; and that, through UNIX and its relatives, popularised a way of thinking
in composable tools. It also contrasted multiuser, time-sharing roots with the more personal,
visually driven systems that ran on early PCs and Macs.

In the next chapter we look not at single machines but at the ecosystems of software that grow
around them. We follow the arc from standalone programs and hand-copied disks to package
managers, online repositories, and the sprawling open-source communities that maintain today’s
libraries and frameworks. Along the way, we will see how operating-system ideas about processes,
files, and permissions set the stage for how software is shared, updated, and trusted.

Try in 60 Seconds

Take a moment to look at the programs currently running on your computer or phone.

• List three that you think of as “foreground” tasks (for example, editor, browser,
video call) and three that you rarely notice (for example, backup services, update
agents, indexing tools).

• Ask yourself what would happen if all the invisible background tasks suddenly
stopped.

• Consider how the operating system keeps these activities coordinated without you
having to think about them.

This quick audit can sharpen your sense of how much quiet work the OS does on your
behalf.



Chapter 9
Software Ecosystems and Package
Cultures
Early programs travelled on punched cards, tapes, and floppy disks. Installing new software
meant physically moving bits from place to place and often editing configuration files by hand.
Today, a single command like pip install numpy or a tap on a phone screen can pull code
from around the world, resolve dependencies, and integrate updates into a living system of
libraries and tools. This chapter tells the story of how we moved from isolated programs to
interconnected software ecosystems, and how that change reshaped both power and fragility.

9.1 From Standalone Programs to Ecosystems
In the first decades of computing, software was often tailored to a specific machine and purpose.
A lab might commission a custom numerical routine; a business might buy or develop a bespoke
payroll system. Sharing code beyond those boundaries was possible but awkward.

Over time, several trends pushed software towards more modular and reusable forms:

• Libraries: collections of reusable functions (for example, for linear algebra or string
handling) that many programs could link against instead of reimplementing from scratch.

• Frameworks: more opinionated sets of components that provided not just functions but
patterns for structuring entire applications.

• Plugins and extensions: ways to let third parties add capabilities to existing programs
without modifying their core.

You can think of this shift as moving from one-off meals to shared pantries and standardised
ingredients. Instead of every cook grinding their own flour and pressing their own oil, they can
draw on well-tested supplies and focus on recipes. The upside is speed and consistency; the
downside is that everyone becomes partly dependent on the same supply chains.

From Lab to Life: Reusing Someone Else’s Parser

Imagine a researcher who, in the 1980s, needed to parse a custom data format from an
instrument.

• They might have written their own parser from scratch in FORTRAN or C, debug-
ging edge cases by hand.

• Sharing that code with another lab meant photocopying listings or sending tapes
and hoping the other side could adapt it.

Today, a similar researcher might search an online repository, find a library that already
knows the format, and install it in seconds. The trade-off is clear: far less duplicated
work, but far more dependence on the quality and stability of shared components.
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9.2 Package Managers: From Floppies to pip install
As libraries and frameworks proliferated, manually downloading, installing, and updating them
became tedious and error-prone. Package managers emerged as tools to automate these tasks:
they know where to find packages, which other packages they depend on, and how to install
everything in a consistent way.

Historically, different communities developed their own systems:
• operating-system-level managers such as apt and rpm for installing system software on

UNIX-like machines,

• language-specific managers such as pip for Python, npm for JavaScript, and conda for
scientific stacks,

• app stores on mobile and desktop platforms that offer curated collections of signed, sand-
boxed applications.

Under the hood, these tools do similar things: they fetch packages from repositories, verify
them to some degree, untangle dependency graphs, and record what is installed where. From a
user’s perspective, they turn “I want this functionality” into a short incantation.

Common Pitfall: “It Works on My Machine”

Package managers make installation easy, but they also enable a familiar frustration.

• A developer sets up a project on their laptop, installing packages as needed, some-
times without recording exact versions.

• Months later, a colleague tries to run the same project, installs slightly newer or
older versions, and encounters obscure bugs.

• Both machines claim that the same packages are “installed,” but the details differ
just enough to cause trouble.

Tools such as lock files and reproducible environments are attempts to tame this problem,
but the underlying issue is structural: once software is easy to install and update, it is
also easy for environments to drift apart.

From Lab to Life: Floppy Disks vs. One-Line Installs

Consider installing a numerical library for a physics simulation.

• In the floppy-disk era, you might receive a box of disks, run an installer, and then
manually edit configuration files so your program could find the new routines.

• Today, you may type a single command in a terminal or click once in an app store,
and a chain of downloads, checks, and integrations unfolds without further input.

The effort saved is enormous, but so is the increase in opacity. Understanding at least
roughly what your package manager is doing on your behalf is part of being an informed
practitioner.

9.3 Open-Source and Collaborative Development
Alongside technical tooling, social practices around software changed. The rise of open-source
and free software movements reframed code as something to be shared, inspected, and collabo-
ratively improved rather than kept as proprietary secret sauce.
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Key ingredients in this shift included:

• Licences that explicitly granted rights to use, modify, and redistribute code under certain
conditions.

• Version-control systems such as CVS, Subversion, and later Git, which made it easier
for dispersed teams to track and merge changes.

• Hosting platforms and forges that collected projects in one place, lowered the barrier
to contribution, and made it easier to discover and depend on existing work.

From a distance, these developments might look like mere conveniences. Up close, they
changed how many people learn, teach, and practice computing.

From Lab to Life: Reading the Source

Imagine debugging a numerical issue in a library you installed from a package manager.

• In a closed-source world, you could treat the library as a black box, constrained to
filing bug reports and waiting.

• In an open-source ecosystem, you can often read the implementation, check how
edge cases are handled, and, if needed, propose a fix.

Even if you never submit a patch, the mere possibility of inspection changes the rela-
tionship between practitioner and tool. It encourages a mindset of shared responsibility
rather than pure consumption.

9.4 The Joy and Pain of Dependency Hell
As ecosystems grew richer, they also grew more tangled. Libraries depend on other libraries,
which in turn depend on yet more packages. Over time, those dependencies acquire their own
version constraints and quirks. The result is what many developers ruefully call dependency
hell.

Typical symptoms include:

• one package requiring version 1 of a library while another insists on version 2,

• transitive dependencies pulling in unexpectedly large amounts of code,

• small updates in a low-level component breaking higher-level tools in surprising ways.

At a human level, dependency hell can feel like trying to renovate an old house where every
change reveals new layers of wiring and plumbing. Touch one component, and three others
need adjustment. Yet the alternative—each project reimplementing everything it needs from
scratch—would be worse.
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Common Pitfall: Blindly Updating Everything

When confronted with conflicts or security advisories, it can be tempting to run a com-
mand that blindly updates all packages to their newest versions.

• Sometimes this works and removes problems.

• Sometimes it introduces subtle incompatibilities or breaks previously working work-
flows.

• A more disciplined approach involves updating incrementally, reading changelogs,
and testing critical paths.

Package cultures are as much about habits and norms as about tools. Caution and
communication are part of the craft.

From Lab to Life: Version 1.0 vs. Rolling Release

Different projects and ecosystems adopt different attitudes towards change.

• Some aim for infrequent, well-signposted major releases with long-term support,
appealing to users who value stability.

• Others embrace a “rolling release” model with frequent small updates, appealing to
those who want the latest features and fixes.

Neither approach is universally better. The important thing is to align the package
culture you rely on with the tolerance for change and risk in your own work.

9.5 Where We’re Heading Next
This chapter traced the move from standalone programs to interconnected ecosystems of li-
braries, frameworks, and packages. It showed how package managers, open-source collaboration,
and online repositories made software both easier to reuse and more tangled, and how habits
and norms around updates and dependencies became part of everyday practice.

In the next chapter we turn from the question “Where does my code come from?” to “What
language is it written in, and what ways of thinking does that language encourage?” We will
follow the evolution from machine code and early high-level languages to today’s mix of systems,
scripting, and domain-specific languages, and see how language and paradigm choices interact
with the operating systems and ecosystems described here.
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Try in 60 Seconds

Pick one project you work with regularly—a research codebase, a web app, or a data-
analysis pipeline.

• List three external packages or libraries it depends on.

• For each, note how you installed it (system package manager, language-specific tool,
manual download).

• Ask yourself what would happen if one of those dependencies disappeared tomorrow
or released a breaking change.

This quick inventory can reveal how deeply embedded you already are in particular pack-
age cultures, and where extra documentation or safeguards might be wise.



Interlude: Deploying to Production
(When Production Is a Single Beige
Box)
Before cloud consoles and continuous-deployment pipelines, “production” in many small organi-
sations was a single beige tower under a desk or in a cramped cupboard. Backups were external
drives stacked nearby. Monitoring consisted of listening for unusual fan noises and glancing at
a blinking modem or router.

Picture a small office in the late 1990s:

• a file and print server humming under a desk,

• a modest internet connection shared across a handful of machines,

• a nascent web application running on the same box that handles email and shared storage.

The developer wears several hats: programmer, system administrator, accidental network
engineer. When a new version of the application is ready, the “deployment pipeline” looks
something like:

• test the changes quickly on a separate machine or, more often, a copy of the code on their
own desktop,

• log into the server via a terminal or even sit down at its keyboard,

• stop the running app by hand, copy over new binaries or scripts, adjust configuration files,

• restart services, then refresh a browser on a nearby workstation to see whether everything
still works.

There is no rolling deployment, no blue–green environment, no automatic rollback. If some-
thing fails:

• users notice immediately because their one internal tool or external site is down,

• logs might be text files in a single directory, sometimes rotated, sometimes not,

• the person who just deployed becomes “on call” in practice, whether formally or not.

This environment bring several lessons into sharp focus:

• the importance of simple, reproducible deployment steps (Chapters 9 and 13),

• the fact that operating systems and processes are not abstractions but places where real
failures occur (Chapter 8),

• the way resource constraints—CPU, memory, disk, and bandwidth—limit what can rea-
sonably be run on one box (Chapters 6 and 14).
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Figure 9.1: “Production” as a single under-desk machine with handwritten deployment rituals.

Moral: Seeing the Whole Stack

Modern tooling—version control, CI/CD pipelines, configuration management, and cloud
platforms—automates many of the steps in this story. But the underlying issues remain:

• code must be built, configured, and run somewhere,

• failures must be detected, understood, and fixed,

• resources must be allocated and monitored.

Remembering the single beige box makes it easier to appreciate how the abstractions in
later chapters (Chapters 9, 14 and 15) grew from very concrete, manual practices—and
why understanding the stack end to end still matters.



Chapter 10
Programming Languages: From
Assembly to Python & Beyond
Every program in this book’s story eventually becomes machine code: patterns of bits that a
processor’s instruction set can understand. Yet most programmers rarely see that level. Instead,
they work in languages that feel closer to human thought: FORTRAN and COBOL in early
days, C and Smalltalk later, then Python, JavaScript, and many others. This chapter follows the
path from raw opcodes to higher-level languages, showing how each step traded some immediacy
for new ways of thinking, collaborating, and building.

10.1 Machine Code, Assembly, and the Dream of Higher Abstraction
At the lowest level, programming means specifying individual instructions for a particular pro-
cessor: add this register to that one, load this memory address, jump if this flag is set. In pure
machine code, those instructions appear as sequences of bits. Assembly language adds a thin
layer of readability: symbolic names for operations and labels for addresses.

You can think of this as telling a story in terms of muscle contractions rather than actions.
Instead of saying “walk across the room and pick up the book,” you say “contract this muscle,
relax that one, shift weight to the left foot,” and so on. It is precise but exhausting.

Early programmers had no choice. To make a machine do anything, they:

• translated algorithms into instruction sequences by hand,

• kept track of which memory locations held which values,

• debugged misbehaviour by inspecting registers and raw memory dumps.

The desire for higher abstraction was a desire for a different way of speaking: one where you
could express loops, conditions, and data manipulations in terms that matched the problem
rather than the hardware.

From Lab to Life: A First Encounter with Hex Dumps

Many developers remember the first time a program crashed and produced what looked
like a wall of nonsense: a hex dump of memory.

• To the uninitiated, it is inscrutable; to someone who knows the layout of data
structures and instruction encodings, it is a map of what just happened.

• That moment can either push you away from low-level work or draw you in, de-
pending on whether you treat the dump as a brick wall or a puzzle.

Higher-level languages aim to keep most people away from such views most of the time,
while still allowing those who need it to dive down and reason in terms of machine code
and assembly.
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10.2 Early High-Level Languages: FORTRAN, COBOL, LISP
In the 1950s and 1960s, pioneers of programming languages began to ask: what if most program-
mers did not have to think in opcodes at all? The result was the first generation of high-level
languages, each tuned to different domains.

Three influential examples are:

• FORTRAN (FORmula TRANslation) for scientific and numerical computing, with syn-
tax that made loops and mathematical expressions more readable.

• COBOL (COmmon Business-Oriented Language) for business applications, with verbose,
English-like keywords aimed at clarity for non-specialists.

• LISP for symbolic processing and AI research, built around lists and recursion rather
than arrays and loops.

Compilers for these languages translated high-level code into machine instructions. At first,
many experts doubted that compiled code could be efficient enough. Over time, compilers
improved, and the productivity gains from writing in a higher-level language outweighed modest
performance costs.

From Lab to Life: Explaining Code to a Colleague

Imagine trying to explain a numerical algorithm to a colleague.

• In machine code or assembly, your explanation would be a tour through registers,
jumps, and memory offsets.

• In FORTRAN, you can point to loops and formulae that closely resemble the math-
ematics on the whiteboard.

High-level languages did not just make machines easier to instruct; they made programs
easier for humans to share, review, and teach.

10.3 Systems and Structural Languages: C, Pascal, Modula, Early
OOP

As computers spread beyond specialised scientific and business uses, new languages emerged to
help build larger systems: operating systems, compilers, and complex applications.

• C offered low-level control with higher-level structure, making it suitable for writing op-
erating systems and portable software.

• Pascal and later Modula emphasised structured programming, modules, and clearer
separation of concerns.

• Early object-oriented languages such as Smalltalk and later C++ introduced classes,
objects, and methods as organising principles.

These languages supported better modularity: the ability to split programs into components
with well-defined interfaces. They also encouraged discipline in control flow: avoiding the
unstructured jumps that made early codebases hard to reason about.
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Common Pitfall: Blaming Bugs on the Language Alone

It is tempting to say “C is unsafe” or “C++ is too complex” and stop there.

• Languages do influence which mistakes are easy to make or hard to detect.

• But design practices, testing cultures, and tooling matter just as much.

• The same language can underpin both fragile hobby projects and robust infrastruc-
ture, depending on how it is used.

Seeing languages in their historical context helps explain why certain trade-offs were
accepted at the time—and why today we might choose differently for new projects.

10.4 Scripting and Productivity: Shell, Perl, Python, JavaScript
Alongside systems languages, lighter-weight “scripting” languages grew up to automate tasks,
glue components together, and make exploratory work more pleasant.

Examples include:

• Shell languages (sh, bash) for orchestrating commands and pipelines in UNIX-like en-
vironments.

• Perl for quick-and-dirty text processing and web scripts in the early internet era.

• Python as a general-purpose, readable language that later became central to data science
and machine learning.

• JavaScript as the embedded language of web browsers, later extended to servers and
tooling.

These languages often traded some raw speed for faster iteration and simpler expression.
They blurred the line between “users” and “developers”: system administrators, analysts, and
researchers who would never write an operating system could still automate complex workflows.

From Lab to Life: Replacing a Manual Workflow with a Script

Picture an analyst who once updated weekly reports by hand: copying numbers between
spreadsheets, formatting charts, and emailing PDFs.

• The first time they replace that routine with a short Python or shell script, they
experience a small but powerful shift: the computer is no longer just a destination
for manual clicks but a collaborator that can take over repetitive work.

• Over time, such scripts accumulate into personal libraries of tools that quietly en-
code expertise.

Scripting languages turned many “computer users” into light programmers without re-
quiring them to think in terms of low-level details.

10.5 Modern Ecosystems and Language Families
Today’s landscape is crowded: dozens of widely used languages, each with its own community,
libraries, and idioms. Yet beneath the variety, a few broad families stand out.
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• C-family languages (C, C++, C#, Java, Rust, Go) share curly-brace syntax and im-
perative structure but differ in memory models, type systems, and runtime behaviour.

• ML- and Haskell-family languages (OCaml, F#, Haskell) emphasise functional pro-
gramming, strong static typing, and expressive type systems.

• Lisp-family languages (Common Lisp, Scheme, Clojure) keep the homoiconic, list-based
core of LISP while adapting to new platforms and needs.

• Scripting and glue languages (Python, Ruby, JavaScript, R) prioritise ease of use and
rich ecosystems.

For learners, this can be overwhelming. The key is to see families rather than isolated names.
Learning one member of a family often makes others easier. Just as knowing Spanish helps with
Italian, knowing one C-like language smooths the path to another.

From Lab to Life: Choosing a First Language

When advising a newcomer, the question “Which language should I learn first?” often
hides a deeper one: “Which community and tooling will best support my goals?”

• Someone interested in scientific computing might gravitate towards Python or Julia;
a systems-minded learner might choose C or Rust.

• Over a long career, most people learn several languages; none of them is the whole
of computer science.

Treating languages as lenses rather than tribes makes it easier to adapt as technologies
change.

10.6 Where We’re Heading Next
This chapter has traced a path from raw machine code through early high-level languages to
today’s diverse language families. Along the way it highlighted how each layer of abstraction
changed not only what programmers told machines to do, but how they explained ideas to one
another and organised large projects.

In the next chapter we will shift focus from languages themselves to the underlying paradigms
they embody: imperative, functional, object-oriented, concurrent, and beyond. We will see how
implementing the same small task in different paradigms can change how you think about state,
composition, and time, and how paradigm choices interact with the operating systems and
software ecosystems described in the previous chapters.

Try in 60 Seconds

Pick a simple task, such as summing the numbers from 1 to 10 or computing a moving
average of a short list.

• Sketch how you would express it in a low-level style (loops and explicit indices).

• Then sketch how you would express it in a higher-level style (built-in functions, list
comprehensions, or vectorised operations).

• Notice how the second version lets you think more about the what than the how.

That shift in emphasis is at the heart of why higher-level languages and powerful libraries
matter.



Chapter 11
Paradigms: Imperative, Functional,
Object-Oriented, & Beyond
Programming languages give us vocabularies, but paradigms give us grammars: patterns for
organising code, state, and control. Two people can solve the same problem in the same language
yet think about it very differently if they adopt different paradigms. This chapter compares a
few of the main styles—imperative, functional, object-oriented, and concurrent—through small,
relatable examples, and asks how these ways of thinking shape the systems we build.

11.1 Imperative and Procedural Thinking
Imperative programming is the most intuitive for many beginners: you describe a sequence of
steps that mutate state over time. Procedural programming organises those steps into named
procedures or functions, but the basic model remains “do this, then that.”

An everyday analogy is following a cooking recipe:

• you maintain a mental state (what is in each bowl or pan),

• each instruction changes that state (chop, mix, heat),

• the final dish emerges from the cumulative effect of those small changes.

In code, this style might look like:

• initialising variables,

• looping over arrays or lists,

• updating values in place.

This directness can be powerful and clear, especially for straightforward tasks that mirror step-
by-step human procedures.

From Lab to Life: Updating a Running Total

Imagine tracking the total number of samples processed in a lab over the course of a day.

• An imperative approach keeps a counter and increments it each time a new batch
is processed.

• The logic is simple and matches what you might do on paper.

Many logging, monitoring, and control tasks follow this pattern. The challenge arises
when state updates become tangled across many parts of a program, making it hard to
see who changed what, when.
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11.2 Functional Ideas
Functional programming takes a different stance: it treats computation as the evaluation of
expressions rather than the execution of commands. Functions ideally avoid side effects; instead
of modifying state in place, they return new values.

An everyday analogy is working with formulas in a spreadsheet:

• each cell’s value is defined by a formula over other cells,

• when an input changes, dependent cells are recomputed automatically,

• you rarely think about the order in which updates happen; you think about relationships.

Key functional ideas include:

• pure functions that always return the same output for the same input,

• higher-order functions that take other functions as arguments or return them,

• favouring recursion and composition over explicit loops and mutable variables.

Common Pitfall: Treating “Functional” as All-or-Nothing

It is easy to imagine that adopting functional ideas requires a pure functional language
and a complete shift in style.

• In practice, many imperative languages have adopted functional features such as
map, filter, and lambdas.

• Using those selectively—for parts of a codebase where they clarify data flow—can
bring many benefits without forcing a wholesale rewrite.

Paradigms are toolkits, not religions. Borrowing ideas can be more productive than
pledging exclusive allegiance.

From Lab to Life: Moving Averages in Two Styles

Suppose you want to compute a moving average over a list of daily measurements.

• Imperatively, you might write a loop that maintains a running sum and updates it
as you slide a window across the data.

• Functionally, you might express the same idea as a pipeline of operations: pairwise
combinations, mapping, and filtering, with each step returning a new list.

Both approaches can be efficient. The functional version can make the flow of data clearer,
especially when chained with other transformations.

11.3 Object-Oriented Design
Object-oriented programming (OOP) organises code around objects that bundle state with
behaviour. Instead of functions that take raw data structures, you define methods that operate
on named entities with their own internal state.

An everyday analogy is thinking about a lab information system in terms of entities:

• Sample objects with properties such as ID, collection date, and measurements, plus meth-
ods to, say, mark them as processed.
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• Instrument objects with configuration settings and methods to start or stop runs.

Core OOP concepts include:

• Encapsulation: hiding internal details behind well-defined interfaces.

• Inheritance: creating specialised types that reuse and extend behaviour from more gen-
eral ones.

• Polymorphism: writing code that works with objects that share an interface, regardless
of their concrete type.

Common Pitfall: Everything as a Class

Once you learn OOP, it can be tempting to model every concept as a deep class hierarchy.

• Overuse of inheritance can lead to rigid designs that are hard to change.

• Sometimes simple data structures (records, dictionaries) and standalone functions
communicate intent more clearly.

Modern practice often prefers shallow, composition-focused designs over elaborate inher-
itance trees.

From Lab to Life: Simulating a Small System

Imagine simulating a simple queuing system for a clinic.

• In an OOP style, you might define classes for Patient, Doctor, and Appointment,
each with methods that capture behaviours like scheduling and calling patients in.

• This mirrors how staff talk about their work and can make the code easier to discuss
with non-programmers.

Object-oriented design can be especially helpful when your problem is naturally described
in terms of interacting entities.

11.4 Concurrency and Reactive Paradigms
As hardware gained more cores and systems became more connected, dealing with multiple activ-
ities at once became a first-class concern. Concurrency paradigms offer patterns for structuring
programs that handle many tasks or events in parallel.

Three common approaches are:

• Threads and locks: multiple threads share memory and coordinate access with locks or
other primitives.

• Async/await and event loops: tasks yield control while waiting for I/O, allowing a
single thread to juggle many concurrent operations.

• Actors and message passing: independent entities communicate by sending messages,
avoiding shared mutable state.

An everyday analogy is running a small café:

• staff move between taking orders, making drinks, and cleaning tables,
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• different activities can happen in parallel, but some resources (like the espresso machine)
must be shared carefully,

• good procedures prevent collisions and forgotten orders.

Common Pitfall: Assuming More Concurrency Always Helps

Adding more threads or asynchronous tasks does not automatically speed things up.

• If tasks constantly contend for the same resource, extra concurrency can increase
waiting and complexity without improving throughput.

• Subtle bugs such as race conditions and deadlocks can arise when shared state is
not carefully managed.

Concurrency paradigms offer tools to manage these risks, but they require discipline and
clear mental models.

From Lab to Life: A Reactive Notebook

Think about an interactive notebook used for data analysis.

• When you run a cell that fetches data over the network, the environment might
keep the interface responsive while it waits, using asynchronous I/O.

• Charts update when underlying data changes, reflecting a reactive style: the system
responds to events rather than following a fixed linear script.

Even if you never write explicit concurrency primitives, many tools you use daily are built
on these paradigms.

11.5 DSLs and Configuration Languages
Beyond general-purpose paradigms, many systems use domain-specific languages (DSLs) and
configuration formats to capture specialised concerns: build rules, data pipelines, experiment
setups, and more.

Examples include:

• SQL for database queries,

• regular-expression syntaxes for pattern matching,

• configuration languages such as YAML, JSON, or HCL for describing infrastructure and
applications.

These languages often embed a small, focused paradigm inside a larger system. They let
domain experts express intentions in a compact, declarative way without writing full programs.
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From Lab to Life: Reproducible Experiments through Configuration

Imagine configuring a series of experiments for a machine-learning project.

• Instead of hard-coding settings in code, you capture them in a configuration file:
learning rates, dataset paths, model architectures.

• Version-controlling that file makes it easier to rerun and compare experiments later.

Here, the configuration language acts as a lightweight DSL that improves clarity and
reproducibility without replacing the main programming language.

11.6 Where We’re Heading Next
This chapter has compared several programming paradigms and shown how they offer different
lenses on the same underlying computational machinery. Imperative procedures, functional
transformations, object-oriented modelling, concurrent and reactive structures, and domain-
specific languages all provide distinct ways to organise thought and code.

In the next part of the book we will step away from individual programs and look at how
they communicate across networks: from serial cables and early local networks to the internet,
the web, and large-scale cloud services. Many of the paradigms discussed here reappear in
that context, from event-driven web servers to declarative infrastructure definitions, tying local
programming styles to global systems.

Try in 60 Seconds

Take a simple task you know well in one paradigm—for example, processing a list of
records and generating a summary.

• Briefly sketch how you would express it imperatively, functionally, and with an
object-oriented flavour.

• Note which version feels most natural to you and why.

Noticing your own default habits is the first step towards deliberately choosing the
paradigm that best fits each new problem.



Interlude: From Shareware Disks to
GitHub Stars
Software once arrived as physical objects: shrink-wrapped boxes on shelves, disks in plastic
sleeves, or floppies stapled to magazines. For small tools and games, shareware was common:
disks passed between friends, uploaded to bulletin-board systems, or mailed out with a request
for voluntary payment if you liked what you saw.

Imagine a hobbyist developer in that era:

• they write a utility or game in a language like C or Pascal (Chapter 10),

• they compile binaries for a handful of popular systems,

• they compress the files and upload them to a local BBS or later an early web site,

• they include a README.TXT with installation instructions and a postal address or email for
registration.

Distribution is slow and partial:

• each copy requires effort to send or download,

• updates may take months to propagate,

• feedback arrives as sporadic letters or emails.

Fast-forward to today. A developer working on an open-source tool:

• creates a repository on a platform like GitHub or a similar forge,

• tags releases that package code and compiled assets,

• relies on package managers (Chapter 9) to distribute updates to users with a single com-
mand,

• sees adoption and feedback reflected in issues, pull requests, and—for better or worse—
counts of “stars”.

The shift is more than cosmetic. It changes:

• how quickly bugs are reported and fixed,

• how easily others can read, modify, and contribute to code,

• how dependencies and ecosystems form around popular projects.
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Figure 11.1: From physical shareware disks to online repositories and visible social signals.

Moral: Distribution Shapes Design and Responsibility

Chapters on ecosystems and AI systems (Chapters 9 and 25) emphasise that code rarely
lives alone. How software is distributed and updated influences:

• how careful developers must be about backward compatibility and versioning,

• how quickly vulnerabilities can be patched or misuse can spread,

• how communities form around tools and share practices.

The journey from shareware disks to GitHub stars illustrates a broader theme of this
book: changes in infrastructure and distribution channels reshape both the technical and
social sides of computing.



Part IV
Networks, the Web, and the Rise of

the Cloud
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Part IV Overview

This part follows how individual computers became nodes in global systems. It traces the
evolution from simple serial links and local networks to the layered internet stack, from
early web pages to rich browser-based applications, and from local servers to cloud-based
infrastructure and services.
Part IV begins with Chapter 12, which introduces point-to-point connections, local area
networks, and the core internet protocols (IP, TCP/UDP, HTTP, DNS) in human terms,
tying them to familiar experiences from lab cables to dial-up modems. Chapter 13 then
treats the web itself as a computing platform, following the shift from static pages to
dynamic applications, JavaScript-powered front ends, and APIs that let programs talk to
each other over the same infrastructure. Chapter 14 moves up another level to describe
cloud computing as a layered set of services—infrastructure, platforms, and full applica-
tions delivered over the network—and Chapter 15 focuses on compute-heavy workloads,
from GPU-backed experiments to managed machine-learning platforms, and the economic
and practical trade-offs they involve.



Chapter 12

From Serial Cables to the Internet
Networks turn isolated machines into parts of larger systems. For many early home-computer
users, this started with a single cable between two devices or the hiss and screech of a dial-up
modem. Today, the same underlying ideas move packets across continents in milliseconds. This
chapter follows the path from simple point-to-point links to local networks and the basic layers
of the internet stack, using everyday stories to make the abstractions tangible.

12.1 Point-to-Point Connections
Before the internet, connecting two computers often meant literally connecting two computers.
A serial cable between machines, a modem dialling another modem, or a null-modem cable
between a home computer and an instrument provided a single, direct path for data.

In its simplest form, such a link behaves like a long, skinny pipe:

• bits enter at one end and, if all goes well, emerge in the same order at the other end,

• only two endpoints are involved, so there is no question about routing or addressing,

• both sides must agree on basic conventions: speed, encoding, and when messages start
and end.

Early serial protocols embodied this simplicity. They specified how fast bits flowed (the
baud rate), how many bits marked a character, and which special patterns signalled control
events such as “start of transmission” or “end of line.”

From Lab to Life: Sending a BASIC String over a Cable

Imagine two Commodore 64 machines in the same room, connected by a homemade serial
cable.

• On one, a short BASIC program reads input from the keyboard and sends it char-
acter by character down the wire.

• On the other, another BASIC program listens and prints whatever comes in.

From the users’ perspective, it feels like a chat window. Underneath, it is just a disciplined
agreement about turning keystrokes into bit patterns and back again over a single point-
to-point link.

12.2 Local Networks
As computers became more common in offices, labs, and homes, connecting them pairwise
quickly became unwieldy. Local area networks (LANs) emerged to let many machines share a
medium—coaxial cables, twisted pairs, or radio waves—within a limited physical space.

Technologies such as Ethernet introduced two key ideas:

• Shared media: many devices tapped into the same physical cable or wireless channel,
taking turns to send.
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• Frames and addresses: data moved in chunks (frames) that carried source and desti-
nation addresses so devices could decide which traffic was meant for them.

On top of that, higher-level protocols allowed file sharing, printer access, and remote logins
across a building or campus. For many users, this was the first taste of networked computing:
sending a file to a shared printer or logging into a more powerful machine from a humble
terminal.

From Lab to Life: LAN Parties and Office Networks

Two everyday scenes from the late 1990s and early 2000s capture the feel of early LANs.

• In an office, desks are wired to a central switch. Staff save documents to shared
drives and send print jobs to a networked printer down the hall.

• In a student flat, a tangle of Ethernet cables and a blinking hub turn individual
PCs into a makeshift network for multiplayer games.

In both cases, the magic is the same: many machines behave as if they are part of a
larger, shared environment, even though the reach is still local.

12.3 The Internet Stack in Human Terms
The internet generalised these ideas from local to global scale. Instead of one shared cable in
a building, a mesh of networks spanning the planet. Instead of direct links between every pair
of machines, routing through intermediate nodes. To keep complexity manageable, engineers
organised this system into layers, often described by the acronym TCP/IP.

At a human level, four layers matter for most stories in this book:

• IP (Internet Protocol): moves packets from one address to another across networks,
like writing a destination on an envelope and trusting postal hubs to route it.

• TCP and UDP: define how streams of data are chopped into packets and how reliability
is handled. TCP is like registered mail with acknowledgements and retries; UDP is more
like tossing postcards and hoping most arrive.

• HTTP and related protocols: define how to request and send resources such as web
pages, APIs, or files over TCP connections.

• DNS (Domain Name System): translates human-readable names (like example.com)
into IP addresses, much like a distributed phone book.

The key is that each layer speaks in its own terms while relying on the layers below. A
browser does not need to know which physical cables a packet traverses; it only needs to know
how to formulate an HTTP request and how to interpret the response.
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Common Pitfall: Imagining a Single, Smooth Pipe

It is natural to imagine the internet as a single, continuous connection between your
device and a server.

• In reality, each request may traverse dozens of routers, subnets, and links, and the
path may change over time.

• Packets can arrive out of order, be duplicated, or be dropped, with higher layers
repairing the view where necessary.

Thinking in terms of packets hopping across a network of networks rather than flowing
down one pipe helps explain both the power and the quirks of internet communication.

From Lab to Life: Dial-Up and Waiting for a Page

For those who grew up with dial-up internet, the sound of the modem handshake and the
long wait for a single page to load are part of computing memory.

• Behind the noise, modems were negotiating how to turn analog phone-line signals
into digital bits robustly enough for TCP/IP.

• Each image on a web page meant more packets, more round trips, and more visible
delay.

Experiencing the web in this slow-motion way made the layered nature of the stack
palpable: DNS lookups, TCP handshakes, HTTP requests, and content downloads were
all stages you could feel.

12.4 Where We’re Heading Next
This chapter has followed the evolution of networking from simple serial links and point-to-point
connections through local area networks to the layered abstractions of the internet. It framed
protocols like IP, TCP, HTTP, and DNS in human terms and tied them to lived experiences
from lab cables to dial-up modems.

In the next chapter we turn to the web itself as a computing platform: how static pages
became dynamic applications, how JavaScript moved from small scripts to full-fledged program
runtimes, and how web APIs turned the internet into a fabric of composable services. The
packet-level ideas introduced here will reappear there as the substrate on which higher-level
interactions are built.
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Security Checkpoint: From Trust-by-Default to Encryption Everywhere

Networking history can also be read as a security story.

• Early remote-login tools such as Telnet sent commands and passwords in plain text;
anyone on the path could eavesdrop.

• Modern practice leans on encrypted channels (for example, Secure Shell (SSH) and
Transport Layer Security (TLS)) and careful key management to protect the same
flows.

• When debugging or designing systems, it is worth asking which links in your own
stacks are still “speaking in the clear” and which are protected.

Keeping this checkpoint in mind sets up later discussions of web security and end-to-end
encryption.

Try in 60 Seconds

Think of a simple online action you take regularly, such as checking email in a browser
or loading a favourite news site.

• List the steps you suspect happen between typing the address and seeing content:
name lookup, connection, request, response.

• Try to map those steps loosely to the layers in this chapter: DNS, TCP, HTTP, and
so on.

You do not need exact technical detail; the goal is to see how many distinct conversations
occur beneath the surface of a single click.



Interlude: LAN Party at 56k
There is a particular kind of organised chaos that comes from turning a living room or dorm
common area into a temporary network. Tables dragged together, extension cords snaking
along skirting boards, the rhythmic clack of keyboards and the occasional shout when someone’s
connection drops. At the centre sits a modest hub or switch, and somewhere nearby, a phone
line plugged into a 56k modem.

It is a Friday evening around the turn of the millennium. A group of friends or classmates
have:

• lugged heavy CRT monitors and tower cases up the stairs,

• labelled Ethernet cables with tape to distinguish them,

• negotiated IP addresses and game versions so everyone can join the same server.

Inside this improvised local-area network (Chapter 12), traffic patterns are intense but local:

• game packets bounce rapidly among machines through the hub,

• file transfers of patches and custom maps saturate the shared link,

• latency is low enough that missed shots and sudden losses are mostly blamed on skill
rather than connection.

The phone line, by contrast, is a precious, thin pipe to the wider world. Someone might:

• briefly dial in to download an update or check a forum,

• disconnect quickly to free the line and avoid long-distance charges,

• joke about “lag from the outside world” compared with the snappy LAN.

Within this small, ad-hoc cluster, several concepts from later chapters play out in miniature:

• addressing and routing at local scale (who gets which IP, how packets find the right
machine),

• bandwidth and latency constraints (why file transfers slow games, why the modem feels
so different from the LAN),

• simple service discovery (how everyone agrees which machine hosts the game or shared
files).
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Figure 12.1: A small, improvised LAN with many local connections and one thin link to the
outside world.

Moral: Feeling the Network Topology

The LAN party makes abstract network diagrams from Chapters 12 and 13 tangible:

• a hub or switch is not just a box on a slide but the literal centre of social activity,

• the difference between local and wide-area links is felt in real-time responsiveness,

• coordination problems—version mismatches, address conflicts, misconfigured
firewalls—show up as laughter and frustration, not just error logs.

Experiences like these anchor later discussions of protocols, routing, and cloud architec-
tures in embodied memory: not as distant infrastructure, but as the wires under tables
that once mattered very directly.



Chapter 13

The Web as a Computing Platform
To early web users, the internet looked like a library of linked documents: pages with text and
images connected by hyperlinks. Over time, those pages began to move, react, and remember.
Today, the web is not just a way to share information but a platform on which full applications
run, from email and spreadsheets to design tools and coding environments. This chapter sketches
that transformation from static pages to interactive apps and explores how it changed both
software design and user expectations.

13.1 Web 1.0: Static Pages
In the early 1990s, most web content was hand-authored HTML served from simple HTTP
servers. Each page was a mostly self-contained document. Clicking a link asked the server
for another document; there was little sense of an application maintaining state across many
interactions.

Creating a site felt a bit like publishing a small magazine:

• authors wrote and edited content in HTML files,

• images were prepared and linked in manually,

• updating the site meant editing files and copying them to the server.

For users, the experience was largely read-only. You could navigate and consume, but your
actions rarely changed what others saw. Even simple interactive elements such as guestbooks
or counters often required extra server-side scripts.

From Lab to Life: “View Source” as a Textbook

One of the early joys of the web was the View Source menu in browsers.

• Curious users could right-click, inspect the HTML of a page, and see exactly how
it was constructed.

• Many people learned the basics of web development by copying and tweaking code
they found this way.

Compared to closed, compiled systems, this transparency made the web a remarkably
open classroom for self-taught developers.

13.2 Web 2.0: Dynamic Apps and User-Generated Content
As scripting languages and database-backed servers became more common, websites evolved
into web applications. Pages were no longer static files but views generated on the fly based on
user input, database queries, and business logic.

Several shifts characterised this phase:

• User accounts and sessions: sites remembered who you were across requests, allowing
personalised content and persistent settings.
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• User-generated content: blogs, wikis, forums, and social networks invited visitors to
create as well as consume.

• Rich server-side frameworks: tools like PHP, Ruby on Rails, and early Python web
frameworks made it easier to build complex sites.

From a computing perspective, the web became a multi-tenant application platform: many
users interacting with shared code and databases through their browsers. From a social per-
spective, it blurred the line between publishers and readers.

From Lab to Life: From Guestbook to Web App

Contrast two small projects.

• A simple guestbook CGI script from the 1990s might append text to a file each time
someone signed, then display that file as part of a static-looking page.

• A modern web app for comments or forums may support accounts, moderation
tools, notifications, and search, all coordinated through databases and APIs.

The underlying idea—letting visitors leave messages—is the same. The expectations
around responsiveness, safety, and integration are very different.

13.3 JavaScript, AJAX, and Single-Page Applications
For a long time, each new interaction on the web meant a full page load: the browser sent a
request, the server rendered a whole new page, and the previous one vanished. JavaScript and
techniques like AJAX (Asynchronous JavaScript and XML) changed that by allowing pages to
update parts of themselves without a full reload.

Key ingredients included:

• JavaScript running in the browser, responding to user events and manipulating the Doc-
ument Object Model (DOM).

• Background HTTP requests fetching data from servers and updating the page dynamically.

• Frameworks that encapsulated common patterns, paving the way for more ambitious front-
end architectures.

Single-page applications (SPAs) pushed this further by treating the browser as the primary
runtime for application logic. Instead of navigating between many separate pages, users inter-
acted with one long-lived page that managed its own internal state and views.

Common Pitfall: Recreating Desktop Apps Without Rethinking UX

As the web gained the power to host complex applications, many teams tried to port
desktop software to the browser without rethinking interaction patterns.

• Features designed for mouse-and-keyboard desktops sometimes translated poorly to
touchscreens or small windows.

• Overly heavy front ends could feel sluggish on modest hardware or unreliable net-
works.

The best web applications use the medium thoughtfully, balancing richness with respon-
siveness and progressive enhancement.
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From Lab to Life: A Notebook in the Browser

Interactive notebooks for data science illustrate the web-as-platform shift.

• Code editors, execution controls, and plots all live inside the browser.

• The server runs computations and manages data, but much of the interface logic—
handling clicks, updating cells, redrawing charts—runs in JavaScript.

From the user’s perspective, the browser feels like an IDE. Underneath, it is a carefully
orchestrated web application layered on standard protocols.

13.4 APIs and Composable Services
As web applications matured, they began to expose parts of their functionality not just to human
users but to other programs. Application Programming Interfaces (APIs) turned websites into
services: machines could send HTTP requests and receive structured responses, typically in
JSON or similar formats.

This enabled:

• mashups that combined data from multiple sources (for example, maps plus local listings
plus user reviews),

• mobile and desktop clients that spoke to the same back-end as the main web interface,

• ecosystems of third-party tools built on top of established platforms.

You can think of this as the web learning to speak in two registers at once: one for humans
(HTML, images, interactions) and one for other programs (APIs, machine-readable formats).

Common Pitfall: Forgetting That APIs Are Contracts

When teams treat APIs as internal implementation details, they can be tempted to change
them freely.

• Clients built on top of those APIs may break silently when endpoints change shape
or behaviour.

• Good API design treats endpoints and payloads as contracts: changes are versioned,
documented, and rolled out carefully.

This contractual view is part of what makes large-scale web platforms stable enough for
others to rely on.

From Lab to Life: Posting JSON to an API

Compare sending a string over a serial cable to posting JSON to a web API.

• In both cases you are turning structured data into a linear stream of bytes, sending
it over a connection, and reconstructing it at the other end.

• The web-stack version layers more structure: URLs for addressing, HTTP verbs for
intent (GET, POST, etc.), status codes for outcomes, and JSON for nested data.

Seeing the parallels can demystify modern APIs: they are sophisticated evolutions of the
simple message-sending patterns from earlier chapters.
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13.5 Where We’re Heading Next
This chapter has treated the web not just as a publishing medium but as a programmable
platform: from static HTML documents linked by hand, through dynamic, database-backed
applications, to rich client-side interfaces and machine-to-machine APIs. It has shown how
expectations about responsiveness, interactivity, and openness grew alongside the underlying
technologies.

In the next chapter we move one step further away from individual machines and sites to
consider cloud computing: rented infrastructure, managed platforms, and software delivered
as a service. There we will see how web protocols, virtualisation, and large-scale data centres
combine to make it possible to start powerful services from a laptop in minutes—and what
trade-offs that convenience brings.

Security Checkpoint: State, Cookies, and Cross-Site Risks

Every layer that makes the web feel more like an application platform also opens new
attack surfaces.

• Sessions and cookies keep users logged in, but careless handling can expose them
to theft or cross-site-request forgery.

• Rich client-side code and third-party scripts enable interactive experiences, but they
also create room for cross-site scripting if input is not handled carefully.

• Treating APIs as contracts includes security contracts: who may call which endpoint,
from where, and under what rate limits.

As you read about cloud and mobile systems, it helps to remember that many security
incidents are still, at heart, mismanaged web application state.

Try in 60 Seconds

Open a web application you use often—a mail client, a document editor, or a dashboard.

• Ask yourself which parts of what you see are likely rendered and updated in your
browser, and which parts involve server-side logic and storage.

• Try to imagine where APIs might be hiding: where does the application fetch or
send structured data?

This quick exercise can turn a seemingly opaque interface into a set of more understand-
able moving parts.



Chapter 14
From Local Compute to Cloud:
SaaS, PaaS, IaaS
For much of computing history, running software meant owning the machine it ran on. You
bought hardware, installed an operating system, deployed applications, and cared for the whole
stack. Today, many people write code on a laptop that ends up running on hardware they will
never see, in data centres they will never visit. This chapter traces that shift from local servers
to cloud-based infrastructure and services, and unpacks the layers of acronyms—IaaS, PaaS,
SaaS—that describe different ways of renting computation.

14.1 Why Remote Compute and Storage?
The move towards cloud computing did not happen just because it was fashionable. It was
driven by practical pressures:

• applications needed to serve more users than a single machine could comfortably handle,

• data outgrew local disks and required reliable, redundant storage,

• teams wanted to experiment and scale without long procurement cycles.

Operating your own servers comes with hidden costs. Hardware can fail; power and cooling
must be managed; security patches must be applied; and capacity planning becomes a guessing
game between overbuying (wasting resources) and underbuying (running out at the worst time).
Centralised data centres run by specialised providers offered a different model: pay for what
you use, and let someone else worry about the physical layer.

From Lab to Life: From Gramophone to Streaming, From Floppies to Cloud

A long view of music formats offers a helpful analogy.

• Early gramophones played fragile discs in one place. Later, hi-fi systems and LPs
brought better sound into living rooms, but music still lived on physical objects you
owned and stored.

• Cassettes and CDs added portability and durability; you could copy, lend, and carry
albums more easily, yet shelves still filled with media.

• Today, many people stream from vast catalogues in the cloud to phones and speakers.
Music feels “everywhere” even though it resides on servers you never see, backed by
large storage arrays and content-delivery networks.

A similar arc runs through computing. Code and data once lived on punch cards, printed
listings, datasettes, and floppy disks, then on local hard drives and SSDs. Now backups,
documents, and even entire development environments increasingly reside in cloud stor-
age and services. You still experience them locally—through laptops and phones—but
ownership, location, and maintenance have shifted outward, just as they did for music
collections.
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From Lab to Life: Buying a Server vs. Spinning Up a VM

Imagine a small company or research group in two eras.

• In the first, setting up a new service means buying a physical server, waiting for
delivery, finding space in a rack, installing an operating system, and wiring it into
the network.

• In the second, the same group logs into a cloud provider’s console, picks a template,
and starts a virtual machine that is ready in minutes.

The second path lowers upfront cost and accelerates experimentation, but it also intro-
duces ongoing rental costs and a dependency on the provider’s platform and interfaces.

14.2 Infrastructure as a Service (IaaS)
Infrastructure as a Service (IaaS) is the lowest-level common cloud offering. Providers expose
virtual machines (VMs), networks, and storage as rentable resources. Users still manage oper-
ating systems and most software, but they no longer handle physical hardware.

Typical IaaS components include:

• virtual machines with configurable CPU, memory, and disk sizes,

• virtual networks, firewalls, and load balancers to route and protect traffic,

• block and object storage services for persistent data.

From a mental-model perspective, IaaS says: “Imagine you have a data centre full of servers
and network gear, but you can allocate and release pieces of it through an API instead of a
purchase order.”

Common Pitfall: Treating the Cloud as a Magical Black Box

The convenience of IaaS can hide important details.

• Virtual machines still run on physical hosts that can become overloaded or fail.

• Network latencies and bandwidth limits still matter, especially when moving large
datasets.

• Costs can accumulate quietly if unmonitored resources are left running.

Cloud infrastructure abstracts many hassles but does not abolish the underlying physics
and economics. Understanding the basics of capacity and locality remains important.

14.3 Platform as a Service (PaaS)
Platform as a Service (PaaS) moves one layer up. Instead of renting raw virtual machines,
you rent a managed runtime: a place to deploy code without thinking much about operating
systems, patching, or low-level scaling.

Examples include:

• services where you push application code (for example via Git) and the platform builds,
deploys, and scales it,
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• managed databases where you define schemas and queries while the provider handles
backups and replicas,

• serverless or function-as-a-service offerings where you upload short functions that run in
response to events.

PaaS offerings are opinionated. They make many choices for you about environment, logging,
and scaling. This can be a relief when you want to focus on application logic, but it can also
constrain you when your needs fall outside the supported patterns.

From Lab to Life: Heroku-Style Deployment

Consider a small web service written by a research group to expose a model or dataset.

• On IaaS, they might have to configure a virtual machine, set up a web server, and
manage security updates.

• On a PaaS platform, they can often declare a few settings and push their code; the
platform handles routing, scaling, and basic monitoring.

For lightweight services and prototypes, this reduction in operational burden can make
the difference between an idea staying on a laptop and becoming a useful shared tool.

14.4 Software as a Service (SaaS)
At the highest level, Software as a Service (SaaS) delivers complete applications over the network.
Users interact through browsers, mobile apps, or thin clients while the provider runs everything
else.

Familiar examples include:

• web-based email, document editors, and calendars,

• customer-relationship management and accounting platforms,

• project-management tools and dashboards.

From the user’s standpoint, SaaS can make the location of computation feel irrelevant:
whether the underlying servers are in one data centre or many is hidden. What matters is
availability, responsiveness, and trust in the provider’s handling of data.

From Lab to Life: Moving from a Self-Hosted Mail Server to Cloud Email

Many organisations once ran their own mail servers in-house.

• Admins configured spam filters, managed storage, and dealt with outages.

• Upgrades and security patches were regular, sometimes stressful events.

Switching to a hosted email service handed much of that responsibility to a provider in
exchange for subscription fees and some loss of direct control. For many, the trade-off
was worth it; for others, especially with strict regulatory needs, it raised new questions
about data residency and privacy.
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14.5 Data Centres and Hyperscalers
Behind IaaS, PaaS, and SaaS offerings lie physical data centres: buildings full of racks, cooling
systems, power feeds, and security measures. The largest providers, sometimes called hyper-
scalers, operate many such facilities around the world and treat them as one vast resource
pool.

Designing and running these centres involves:

• balancing energy efficiency with reliability and performance,

• orchestrating millions of virtual resources on top of shared hardware,

• planning capacity years ahead while responding to changing demand.

For most users, the details of data-centre engineering remain invisible. What matters is that
cloud resources seem elastic: more instances can appear when traffic spikes and disappear when
demand falls, billed to the minute or second.

Where Your “Local” Code Might Actually Run

A developer might start a computation from a laptop in one city without realising:

• the front end of the cloud console is served from one region,

• the APIs they call route through another,

• the virtual machines they launch run in a data centre yet elsewhere.

From their perspective, the experience is seamless; under the hood, their code and data
may touch hardware on multiple continents.

14.6 Where We’re Heading Next
This chapter has described cloud computing as a layered set of services: infrastructure (IaaS)
that rents you virtual machines and storage, platforms (PaaS) that host your code and data
with less operational fuss, and full applications (SaaS) delivered through browsers and apps. It
has also hinted at the large-scale engineering hiding in data centres and hyperscale operations.

In the next chapter we will focus on one particularly demanding class of workloads that
helped drive cloud adoption: compute-heavy tasks such as training machine-learning models on
GPUs. We will compare running such workloads on local hardware and in the cloud, and look
at the economic and practical trade-offs that come with renting massive bursts of compute by
the hour.
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Try in 60 Seconds

Think of a tool you use that lives “in the cloud”—an email service, a document editor, or
a code-hosting platform.

• Ask yourself which parts of your interaction map to SaaS (full application), which to
PaaS (managed components behind the scenes), and which to IaaS (virtual machines
you never see).

• Consider what would change if that service moved back onto a server you controlled
directly.

This quick exercise can sharpen your intuition for where your computing really takes
place.



Chapter 15
Cloud for Compute-Heavy Work:
GPUs, Colab, and Beyond
Some computations are modest: they fit comfortably on a laptop and finish in seconds. Others
are hungry: training deep neural networks, running large simulations, or scanning huge datasets
can take hours or days even on powerful hardware. This chapter looks at how cloud platforms,
GPUs, and managed machine-learning services changed the practical boundaries of what indi-
vidual researchers and small teams can attempt, and what new constraints and habits come
with that power.

15.1 The Rise of GPU Compute in the Cloud
Graphics Processing Units (GPUs) were originally designed to accelerate rendering: drawing
many pixels and polygons quickly for games and visual applications. Their highly parallel
structure turned out to be well suited to numerical tasks that apply the same operation to
many data points—matrix multiplications, convolutions, and other building blocks of modern
machine learning.

Buying and maintaining high-end GPUs locally can be expensive. Cloud providers responded
by offering:

• virtual machines with attached GPUs,

• specialised instances tuned for training and inference workloads,

• managed services that hide some of the complexity of driver installation and environment
setup.

For many practitioners, this meant that experiments which once required negotiating for
time on a shared cluster or buying dedicated hardware could now be launched from a browser.

From Lab to Life: First Time on a GPU Instance

Picture a researcher whose previous models trained overnight on a CPU-only laptop.

• They provision a GPU-backed cloud instance, move their code, and see training
times drop from hours to minutes.

• The exhilaration of this speed-up is often followed by a new kind of anxiety: watch-
ing the hourly cost tick by and checking logs to ensure the expensive instance is
doing useful work.

Cloud GPUs turn compute into something you rent in bursts. That changes not just
performance, but how you plan and monitor experiments.
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15.2 Managed ML Platforms and Notebooks
Beyond raw GPU instances, many providers offer managed platforms for machine learning:
hosted notebooks, auto-scaling training jobs, and model-serving services. Tools like Colab and
other cloud notebooks exemplify this shift.

Common features include:

• browser-based editing environments tied to remote runtimes (often with optional GPUs),

• preinstalled libraries and example notebooks that lower the barrier to entry,

• integration with storage and version-control systems for data and code.

These platforms blur the line between local and remote work. You edit in a browser on your
machine, but the heavy lifting happens on servers you do not control directly.

From Lab to Life: When a Colab Session Crashes Mid-Epoch

Many users have experienced a cloud notebook resetting at an awkward moment: a long-
running training job interrupted by a timeout, quota limit, or transient error.

• On the one hand, this can feel frustrating and fragile compared with a carefully
tended local workstation.

• On the other, the ability to request a fresh, powerful environment with a click
remains compelling.

Learning to checkpoint work, save intermediate results, and design experiments with
interruption in mind becomes part of good practice when relying on managed platforms.

15.3 Economics of Cloud vs. On-Prem
Deciding whether to run compute-heavy tasks in the cloud or on local hardware is partly a
technical question and partly an economic one.

Factors that influence the choice include:

• Upfront vs. ongoing cost: buying GPUs and servers requires capital expenditure;
renting instances converts that into operational expenditure.

• Utilisation: if hardware would sit idle much of the time, paying only for active hours in
the cloud may be cheaper; if you can keep local hardware busy, ownership may pay off.

• Flexibility: the cloud makes it easy to scale up temporarily for big experiments, then
scale down; local hardware offers less elasticity but can provide predictable availability.
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From Lab to Life: Owning a Car vs. Ride-Sharing

The decision feels a lot like choosing between owning a car, using a car-sharing service,
or relying on ride-sharing apps.

• Owning a car is like buying on-premise hardware: you pay upfront, handle mainte-
nance, taxes, parking, and insurance, but marginal trips feel “free” once the invest-
ment is made.

• Car-sharing is closer to reserving cloud instances only when needed: you pay for
time and mileage, avoid fixed costs, and give up some spontaneity and control.

• Ride-sharing apps resemble managed platforms: you do not drive or maintain the
vehicle at all; you simply request a ride and pay per trip, accepting the provider’s
constraints and pricing.

Different patterns of use—daily commuting, occasional weekend outings, or rare airport
runs—make different options more attractive. The same is true for compute: workload
shape and frequency matter as much as raw prices.

There is no one-size-fits-all answer. A small team might start entirely in the cloud, then
invest in on-premise hardware once workloads stabilise; another might begin with a local GPU
machine and turn to the cloud only for occasional, unusually large runs.

Common Pitfall: Ignoring Hidden Cloud Costs

Hourly instance prices are only part of the story.

• Data-transfer fees, storage charges, and managed-service add-ons can accumulate
quietly.

• Running many small, inefficient experiments can be more expensive than planning
a few well-structured ones.

Treating cloud resources as “free until proven otherwise” is a recipe for unpleasant sur-
prises on the billing dashboard.

15.4 Limits and Trade-Offs: Latency, Data Gravity, Lock-In
Cloud computing introduces new kinds of friction alongside its freedoms.

Three recurring themes are:

• Latency: round-trip times to remote data centres can make real-time interactions or
tight feedback loops harder.

• Data gravity: large datasets are expensive and slow to move; once data accumulates in
one place, it tends to anchor computation there.

• Vendor lock-in: the more you adopt provider-specific tools and interfaces, the harder it
becomes to switch later.

Designing workflows with these constraints in mind can soften their impact. Keeping a clear
boundary between portable code and provider-specific infrastructure, and thinking carefully
about where data lives, are part of the craft.
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From Lab to Life: Where Does the Model Really Live?

Consider a team building a model-serving API.

• The model is trained on GPUs in one region, stored in a managed model registry,
and deployed behind a serverless gateway.

• Clients around the world send requests that may be routed through edge caches
and regional endpoints.

To the team, it may feel as if “the model lives in the cloud.” Underneath, it lives in
specific storage systems, executes on specific hardware, and is subject to the latencies
and policies of that provider.

15.5 Where We’re Heading Next
This chapter has explored how cloud platforms and GPUs reshaped the practice of compute-
heavy work, from the exhilaration of fast training runs to the practicalities of cost, latency, and
resilience. It has treated tools like cloud notebooks and managed ML services as part of a longer
continuum: new ways of renting time on powerful machines rather than magic.

In the next part of the book we will turn to mobile and edge computing: how smartphones,
sensors, and small local devices extend this story by bringing computation closer to where data is
generated and used. There, questions of energy, connectivity, and privacy will join performance
and cost as primary design constraints.

Security Checkpoint: Shared Responsibility in the Cloud

Cloud platforms blur the line between your responsibilities and your provider’s.

• Providers typically secure the physical data centres and core infrastructure; you
remain responsible for configuration, keys, and access control.

• Misconfigured storage buckets or overly broad credentials are a common cause of
breaches, even when the underlying platform is robust.

• When planning a job or service, it is worth sketching explicitly who is responsible
for patching, monitoring, logging, and incident response.

This shared-responsibility lens will reappear when we look at mobile, edge, and AI systems
that also depend on cloud back-ends.

Try in 60 Seconds

If you have run or plan to run a compute-heavy job, such as training a model or processing
a large dataset, pause and sketch two scenarios.

• One where you run it on a local machine: what hardware would you need, and how
long might it take?

• One where you run it in the cloud: what instance types would you choose, how
would you track costs, and how would you handle interruptions?

Even a rough comparison can clarify which trade-offs matter most for your situation.



Part V
Mobile, Edge, and Ubiquitous

Compute
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Part V Overview

This part looks at what happens when computing leaves the desk and the data centre.
It follows how smartphones and tablets put powerful, sensor-rich devices into pockets,
how computation at the edge complements cloud services, and how everyday environ-
ments became studded with small, networked processors that often disappear into the
background.
Chapter 16 traces the path from PDAs to modern smartphones, examines tightly cou-
pled mobile operating-system ecosystems and app stores, and highlights how sensors and
constraints such as battery, screen size, and connectivity shape design. Chapter 17 then
turns to edge computing more broadly, exploring when and why computation moves
closer to data sources in industry, healthcare, homes, and public spaces, and how privacy,
latency, and reliability concerns drive those choices. Together these chapters connect the
cloud themes of Part IV with the specialised-hardware stories of Part VI by showing how
real-world deployments blend local, mobile, and remote computation.



Chapter 16
Mobile Computing: Computers in
Our Pockets
For much of this book, “the computer” has lived on a desk, under it, or in a rack. In the last two
decades, it slipped into pockets and bags. Smartphones and tablets put always-on, sensor-rich
machines within arm’s reach for billions of people. This chapter traces that shift from early
handheld organisers to modern mobile ecosystems and looks at how sensors, constraints, and
new usage patterns reshaped what we expect from computing.

16.1 From PDAs to Smartphones
Before smartphones, there were personal digital assistants (PDAs): small devices focused on
calendars, contacts, and simple notes. They synchronised with desktop machines, but they were
clearly subordinate to them and rarely acted as the primary place where documents lived or
code ran.

Over time, several threads converged:

• mobile phones gained better screens and basic data services,

• PDAs gained wireless connectivity and more capable operating systems,

• hardware improvements made it feasible to pack serious processing power into small,
battery-powered devices.

The introduction of devices like the iPhone and early Android phones marked a turning
point. These were no longer “companions” to desktop computers; for many users, they became
the primary or only computing device.

From Lab to Life: The First “Killer App” on Your Phone

Think back to the first mobile app that genuinely changed your habits.

• For some, it was a maps app that made getting lost much harder.

• For others, it was messaging, a browser, or a music player that travelled everywhere.

Each such app quietly depended on a stack of advances: mobile operating systems, touch
interfaces, sensors, and networks strong enough to support richer interactions on the
move.

16.2 Mobile OS Ecosystems: iOS, Android, and App Stores
Modern mobile platforms are more than operating systems; they are ecosystems that combine
software distribution, security, and business models.

Key elements include:

• Sandboxing and permissions: apps run with limited rights and must ask explicitly to
access sensors, contacts, or files.
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• App stores: curated marketplaces control how applications are installed, updated, and,
in many cases, monetised.

• Ecosystem APIs: developers rely on rich libraries for UI, networking, payments, and
more.

Compared with earlier desktop environments, this tight integration trades some openness
for consistency and safety. It also concentrates power: a few platform providers sit between
developers and users.

Common Pitfall: Assuming Mobile Means “Just a Smaller Desktop”

Porting a desktop application to mobile by simply shrinking the interface rarely works
well.

• Touch input, small screens, and intermittent connectivity demand different interac-
tion patterns.

• Background limitations and power constraints mean long-running tasks must be
designed differently.

Successful mobile apps treat the phone as its own environment with its own strengths,
not as a cramped version of a laptop.

16.3 Sensors as New Inputs
Mobile devices are packed with sensors: GPS, accelerometers, gyroscopes, cameras, micro-
phones, ambient light sensors, and more. These extend what “input” means beyond keyboards
and mice.

Examples of sensor-driven behaviour include:

• navigation apps that combine GPS and compass readings to orient maps and guide move-
ment,

• fitness trackers that infer steps, workouts, and sleep patterns from accelerometer data,

• augmented-reality apps that overlay information onto camera images based on position
and orientation.

This sensor richness turns phones into general-purpose measurement devices. It also raises
privacy questions: location histories, audio snippets, and movement patterns can reveal intimate
details if not handled carefully.

From Lab to Life: Phone as Sensor Hub

Consider a simple experiment: using a phone to log walking speed and route during a
daily commute.

• Without additional hardware, the device can record timestamps, GPS coordinates,
elevation changes, and even ambient sound levels.

• An app can later turn that raw data into visualisations and summaries.

What once required specialised instruments and logging equipment now fits into a pocket.
The challenge shifts from data collection to thoughtful analysis and consent.
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16.4 User Experience Constraints: Battery, Screen, Connectivity
Mobile computing operates under tighter constraints than desktop or cloud environments.

Three stand out:

• Battery: energy is limited; poorly designed apps that keep CPUs, radios, or screens busy
can drain devices quickly.

• Screen size: interfaces must convey essential information in small spaces and adapt to
different orientations and form factors.

• Intermittent connectivity: network quality varies with location and movement; offline
or degraded modes matter.

Designers and developers respond with techniques such as:

• batching network requests and background work,

• favouring concise, touch-friendly interfaces,

• caching data locally and synchronising opportunistically.

From Lab to Life: Why Mobile CPUs Are Tiny Supercomputers

It can be tempting to underestimate phones because of their size.

• Many mobile CPUs rival or surpass older desktop processors in raw capability,
especially when combined with integrated GPUs and neural engines.

• What holds them back is not lack of power, but the need to fit that power within
a slim, battery-operated, hand-held form factor.

Understanding this tension helps explain why some apps feel magical and others feel
sluggish: it is as much about respecting constraints as about raw hardware.

16.5 Where We’re Heading Next
This chapter has reframed “the computer” as a mobile, sensor-rich device that many people
carry constantly. It followed the path from PDAs to smartphones, looked at tightly coupled
operating-system ecosystems and app stores, and highlighted how sensors and constraints create
both opportunities and responsibilities for designers and developers.

In the next chapter we move from personal mobile devices to the broader idea of edge
computing: pushing computation closer to where data is generated in factories, vehicles, homes,
and public spaces. There, phones may be just one kind of node among many, and questions of
latency, privacy, and robustness under patchy connectivity become even more acute.
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Security Checkpoint: Phones as Keys to Everything

Smartphones increasingly act as keys, wallets, and identity tokens.

• Unlocking doors, approving payments, and confirming logins often depend on the
security of a single device and its screen lock.

• App permissions and background access determine which organisations can observe
location, contacts, and sensor data.

• Simple habits—using strong unlock methods, reviewing permissions, and enabling
remote-wipe features—are as important as any one technical mechanism.

Reading later chapters on edge computing and AI is easier if you keep this picture in
mind: a phone is not just a small computer, but a dense bundle of security assumptions.

Try in 60 Seconds

Take out your phone and list three things it senses about the world around you (for
example, location, motion, sound, light).

• For each, note one app that uses that signal well and one scenario where misuse
could feel intrusive.

• Reflect on how much you rely on these capabilities day to day.

This small exercise connects the technical story of mobile computing to personal experi-
ence and ethics.



Chapter 17
Edge Computing and Local
Intelligence
Cloud data centres place vast compute and storage in a few well-connected locations. Edge
computing flips the emphasis: it asks what should happen near the data source instead. From
factory floors and hospital rooms to street corners and living rooms, small devices now run code
locally to reduce latency, preserve privacy, and keep systems functioning even when connections
to the cloud are fragile. This chapter explores when and why that matters.

17.1 Edge vs. Cloud: Pushing Compute Near the Data
At a high level, cloud and edge computing draw a line in different places between local and
remote work. You can think of them as two ends of a spectrum that real systems often mix.

In a cloud-centric pattern:

• data is collected on devices and sent to central servers,

• heavy processing, storage, and coordination happen in data centres,

• devices act mainly as sensors and displays.

In an edge-centric pattern:

• devices or near-by gateways perform significant computation themselves,

• only summaries or selected events are sent upstream,

• systems are designed to degrade gracefully if connectivity is poor.

Neither pattern is universally better. Edge computing is attractive when speed, autonomy,
or privacy trump the convenience of centralisation.

From Lab to Life: Security Camera vs. Smart Doorbell

Compare two ways of monitoring a front door.

• A simple camera streams all video to a cloud service, where motion is detected and
alerts are generated.

• A “smarter” doorbell runs motion detection locally, sending only short clips or alerts
when something interesting happens.

The second design saves bandwidth, reduces cloud processing needs, and can keep working
even if the internet is down, as long as local power remains. It also limits how much raw
footage ever leaves the home.
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17.2 Typical Edge Scenarios
Edge computing appears in many domains, often quietly.

Representative scenarios include:

• Industrial control: sensors and controllers on factory machines react in milliseconds to
changes in pressure, temperature, or speed, without waiting for a round trip to the cloud.

• Autonomous vehicles and robots: onboard systems process sensor data and make
control decisions locally, with cloud links used for updates and fleet-level optimisation
rather than split-second choices.

• Retail and smart buildings: local gateways aggregate data from many devices, run
basic analytics, and adjust lighting, heating, or stock displays in response.

In each case, sending every raw measurement to a distant server would be too slow, too
bandwidth-intensive, or too privacy-sensitive.

From Lab to Life: A Clinic Monitor that Cannot Wait

Consider a bedside monitor in a hospital that tracks heart rate, oxygen saturation, and
blood pressure.

• Alarms for dangerous changes must sound immediately, even if the network is con-
gested or a central server is offline.

• Local processing ensures that at least basic thresholds and patterns are handled on
the spot, with richer trend analysis deferred to central systems.

Here, edge computing is not a performance luxury; it is a safety requirement.

17.3 Privacy, Latency, and Reliability Considerations
Three intertwined concerns often motivate edge designs:

• Privacy: keeping raw data (for example, video, audio, or detailed sensor streams) on-
device can reduce exposure and regulatory risk.

• Latency: reacting within milliseconds to local events may be impossible if signals must
traverse long network paths.

• Reliability: systems that must keep working during outages or under weak connectivity
need local fallbacks.

These come with trade-offs:

• devices must be powerful enough to handle local workloads and secure enough to resist
tampering,

• updates and model deployments become more complex when many edge nodes need to be
kept in sync,

• debugging and observability can be harder when behaviour is distributed.
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Common Pitfall: Assuming “On-Device” Means “Private by Default”

Running code on the edge does not magically guarantee privacy.

• If logs or raw data are still sent to central servers, much of the exposure remains.

• Poorly secured devices can leak or be coerced into revealing sensitive information.

Thoughtful data minimisation, encryption, and access control are as important at the
edge as in the cloud.

17.4 Tiny Models and On-Device Inference
The rise of machine learning brought new interest in running models on edge devices. Instead
of sending inputs to a cloud API for prediction, phones, wearables, and embedded boards
increasingly host compact models themselves.

Techniques that make this possible include:

• model compression and pruning to reduce size and computation,

• quantisation to lower-precision arithmetic where appropriate,

• architectures designed for efficiency on specific hardware, such as mobile-friendly convo-
lutional networks.

Typical applications include:

• speech recognition for wake words or simple commands,

• image classification for sorting photos or detecting objects locally,

• anomaly detection in sensor data for preventative maintenance.

From Lab to Life: Translating Text with No Signal

Imagine using a translation app on a long train ride with spotty connectivity.

• Older versions might have required a round trip to a server for every phrase.

• Newer versions often include on-device models that can handle many translations
offline, syncing usage statistics or updates later.

To the user, the experience is smoother and more reliable. Under the hood, compact
models and edge computing principles are doing quiet work.

17.5 Where We’re Heading Next
This chapter has examined edge computing as a complement, not an opponent, to the cloud:
a way to distribute intelligence across devices so that local actions can be fast, private, and
robust while still benefiting from centralised coordination and storage. It highlighted scenarios
from home security and healthcare to industry and translation where this balance matters.

In the next part of the book we will zoom back out to consider specialised hardware more
broadly: application-specific integrated circuits, reconfigurable logic, and accelerators tailored
to particular workloads. Those designs carry the same themes of trade-offs between flexibility,
efficiency, and control that we have seen at the edge, but now at the chip-design level.
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Security Checkpoint: When Devices Are Far Away and Long-Lived

Edge devices often live in hard-to-reach places and stay deployed for years.

• Physical access by strangers, rare updates, and constrained hardware can make
them attractive targets.

• Clear update channels and monitoring paths are essential; “install and forget” is
rarely safe for networked sensors and controllers.

• Designing for graceful failure—devices that default to safe modes when disconnected
or compromised—can be as important as preventing breaches outright.

Keeping these constraints in mind helps when evaluating architectures that scatter com-
putation across homes, factories, and public spaces.

Try in 60 Seconds

Look around your immediate environment and list three devices that likely contain pro-
cessors (for example, thermostats, appliances, sensors, or wearables).

• For each, guess whether it primarily sends data to a central service, acts mostly on
its own, or does both.

• Consider how its behaviour might change if the internet connection disappeared.

This mental inventory can make the presence of edge computing in everyday life more
visible.



Interlude: The Evening the Phone
Would Not Stop Buzzing
It starts as a quiet evening at home. A laptop is open on the table, a half-finished document
on the screen. The phone lies face down beside it, screen dark. Somewhere in the background,
a cloud of services is quietly doing its work: email servers, messaging platforms, calendar sync,
news feeds.

Then a meeting is moved. One calendar event changes on a colleague’s laptop, and a push
notification fans out from a data centre hundreds of kilometres away. The phone buzzes once.
A moment later, a group chat lights up about the same meeting; another buzz. A friend shares
a link about a new programming tool; another buzz. An app decides it is a good time to suggest
“memories” from old photos; yet another buzz.

Within minutes, the table is a tiny seismograph of modern computing:

• servers in distant racks emit small packets,

• wireless base stations and home routers relay them,

• a pocket computer on the table wakes and lights up, again and again.

Nothing in these alerts is individually urgent, but their timing and density matter. Each
notification is the visible tip of a stack that runs from radio chips and battery schedulers
up through mobile operating systems, permissions, background services, and app-store policies
(Chapters 16 and 17). Somewhere in that stack, designers have chosen default behaviours: which
events warrant an alert, which arrive silently, which are batched to save power and bandwidth.

After half an hour of constant buzzing, the owner gives in and starts tuning the system:

• disabling push for a few apps,

• switching others to “summary” mode,

• granting or revoking permissions that previously went unquestioned.

What began as background noise becomes an exercise in boundary-setting: which events deserve
to cross the line from cloud to pocket to mind?

Moral: Ubiquity Is a Design Choice

The feeling of “notification overload” is not just a psychological quirk; it is an emergent
property of technical and economic decisions:

• radio, battery, and operating-system designs make near-constant connectivity pos-
sible,

• app-store rules, default settings, and business incentives encourage frequent contact,

• users must then retrofit habits and filters on top.

Reading Chapters 14, 16 and 17 with this evening in mind highlights how mobile, edge,
and cloud systems intersect in everyday experience—and why thoughtful defaults and
controls are as important as raw capability.
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Part VI Overview

This part surveys emerging and specialised hardware trends that sit at the frontier of
today’s systems. It looks at how custom silicon and reconfigurable logic extend the
ideas of performance and efficiency, and prepares the ground for later discussions of AI,
quantum computing, and future architectures.
Chapter 18 introduces application-specific integrated circuits, reconfigurable FPGAs, and
ML-focused accelerators such as TPUs as points along a spectrum between flexibility and
specialisation. Chapter 19 then focuses on GPUs as general-purpose engines for data-
parallel workloads and explains why they became central to modern AI and scientific
computing. Chapter 20 offers an intuitive tour of quantum computing as a new, more
speculative hardware move, while Chapter 21 examines custom silicon and hardware–
software co-design in vertically integrated systems.



Chapter 18
Specialized Hardware: ASICs,
FPGAs, and TPUs
General-purpose CPUs are like Swiss army knives: flexible, capable, and rarely the absolute
best tool for any single job. As certain workloads became central to computing—encryption,
networking, video, and now machine learning—engineers began to design chips more like finely
tuned scalpels: specialised hardware that does one family of tasks extremely well. This chapter
introduces three such flavours: ASICs, FPGAs, and ML-specific accelerators such as TPUs, and
places them in the broader hardware story.

18.1 Why Specialization? Power, Performance, and Cost
Specialised hardware exists because doing everything with a general-purpose CPU can be waste-
ful.

Three recurring motivations are:

• Power: circuits that implement only the operations a workload needs can use less energy
per useful computation.

• Performance: custom data paths and parallelism can achieve higher throughput or lower
latency than a general-purpose core.

• Cost at scale: once a design is mature and produced in volume, per-unit costs can be
lower than stitching together many general-purpose chips.

The trade-off is flexibility. A chip that is perfect for one task may be mediocre or unusable
for others. Deciding when to specialise thus becomes a question about how stable and important
a workload is.

From Lab to Life: The Router in the Closet

Most home or office routers contain specialised hardware.

• Packet forwarding, encryption for VPNs, and Wi-Fi radio control often run on
dedicated blocks rather than on a general CPU alone.

• To users, the box is just “the router”; inside, it is already an example of heteroge-
neous computing.

Recognising such everyday devices as collections of specialised engines can make the idea
of custom silicon less abstract.

18.2 ASICs: Hard-Wired Logic for Specific Tasks
An Application-Specific Integrated Circuit (ASIC) is a chip designed to implement a particular
function or set of functions directly in hardware. Once fabricated, its logic is essentially fixed.

Common uses include:
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• video and audio codecs embedded in phones and media devices,

• cryptographic accelerators for secure communication,

• high-frequency trading or cryptocurrency-mining engines tuned for specific algorithms.

Designing an ASIC is a substantial investment. It involves hardware-description languages,
simulation, verification, and expensive fabrication steps. The payoff comes when a design is
used at massive scale, amortising development cost over millions of units.

Common Pitfall: Overestimating How “Custom” Everyday Chips Are

Marketing sometimes suggests that every new device contains radically bespoke silicon.

• In practice, many ASIC designs reuse standard building blocks and IP cores.

• The novelty often lies in how they are combined and tuned for a product line rather
than in inventing entirely new logic from scratch.

Seeing ASICs as composed from a toolbox of patterns makes the landscape less mysterious
and more continuous with general-purpose design.

18.3 FPGAs: Reprogramming Hardware Without Soldering
A Field-Programmable Gate Array (FPGA) sits between general-purpose chips and ASICs. It
consists of many configurable logic blocks and interconnects that can be wired up after manu-
facturing to implement different circuits.

Key characteristics are:

• hardware can be reconfigured by loading new bitstreams, changing behaviour without new
fabrication,

• designs are often expressed in hardware-description languages (HDLs) such as VHDL or
Verilog,

• performance can approach that of ASICs for certain tasks while retaining some flexibility.

Engineers use FPGAs for prototyping ASIC designs, for low- to medium-volume specialised
products, and in scenarios where post-deployment reconfiguration is valuable.

From Lab to Life: Upgrading Without a Soldering Iron

Imagine a piece of lab equipment with an FPGA-based controller.

• Initially, the FPGA implements a certain signal-processing pipeline.

• Later, firmware updates change filtering algorithms or add new modes, all by loading
new configurations into the same hardware.

To the user, the device seems to gain new capabilities without any visible hardware change.
Behind the scenes, the FPGA has been “rewired” in place.

18.4 TPUs and ML-Specific Accelerators
Machine-learning workloads, especially deep learning, inspired a new class of accelerators. Google’s
Tensor Processing Units (TPUs) are one example; many vendors now offer similar blocks under
different names.
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These designs typically:

• focus on dense linear algebra operations such as matrix multiplies and convolutions,

• arrange compute units and memory hierarchies to keep data flowing efficiently through
these operations,

• support lower-precision arithmetic that is sufficient for many ML tasks, saving power and
area.

From a programmer’s point of view, ML accelerators often appear through high-level li-
braries: you write code in frameworks such as TensorFlow or PyTorch, and the system maps
compatible operations onto specialised hardware where available.

From Lab to Life: One Model, Many Engines

Consider training and deploying the same neural network in three settings.

• On a CPU, the work is spread across general-purpose cores; training is slower but
uses familiar hardware.

• On a GPU, massively parallel arithmetic units handle matrix operations, often
giving substantial speed-ups.

• On a Neural Engine or TPU-like accelerator, the same operations run on blocks
tuned specifically for them, further improving efficiency.

The model’s math does not change; the hardware executing it does. Being aware of these
layers helps when interpreting performance metrics and energy footprints.

18.5 Where We’re Heading Next
This chapter has introduced specialised hardware as a natural extension of themes seen through-
out the book: trading generality for efficiency when workloads become central and well under-
stood. ASICs, FPGAs, and ML accelerators like TPUs all illustrate different points on that
spectrum.

In the broader arc of computer science, these developments complement rather than replace
general-purpose machines. Later chapters on AI and future directions will return to this theme,
asking how specialised hardware, learning systems, and new paradigms might co-evolve—and
which core ideas about data, abstraction, and complexity will continue to guide that evolution.

Try in 60 Seconds

Think of a task you perform regularly that feels computationally heavy: video encoding,
large-model inference, or secure communication.

• Guess which kinds of specialised hardware, if any, might be involved when that task
runs on modern devices or services.

• Consider how the experience would differ if everything ran on a single general-
purpose CPU core instead.

This reflection connects abstract hardware categories to concrete activities in your digital
life.



Chapter 19
GPUs as General-Purpose Compute
Engines
Graphics Processing Units began life as specialists: chips that turned 3D scenes and textures
into pixels on screens. Over time, programmers realised that the same structures that made
GPUs good at drawing triangles also made them good at many other tasks that could be
expressed as large numbers of similar operations on arrays of data. This chapter follows that
shift from “graphics only” to general-purpose GPU computing and explains why GPUs became
central to modern AI and scientific work.

19.1 From Graphics to General Compute (GPGPU)
Early GPUs were fixed-function pipelines: hardware blocks for transforming vertices, rasterising
polygons, and shading pixels, with only limited programmability. As games and visual applica-
tions demanded more flexibility, vendors exposed increasingly programmable stages, eventually
allowing developers to write small programs (shaders) that ran on the GPU.

The key insight of general-purpose GPU computing (GPGPU) was that many non-graphics
tasks share the same shape as graphics workloads:

• they operate on large arrays or grids of data,

• each element can be processed with the same sequence of operations,

• only occasional coordination or reduction across elements is needed.

Matrix multiplications, convolutions, and many numerical simulations fit this pattern. Once
developers could express these tasks as data-parallel programs, GPUs became attractive accel-
erators beyond the realm of images.

From Lab to Life: The Moment a GPU Beat Your CPU

Many practitioners remember a first experiment where moving a computation from CPU
to GPU changed the timeline dramatically.

• A training loop that once took an hour per epoch on a laptop CPU might complete
in a few minutes on a mid-range GPU.

• A simulation that previously needed an overnight run might finish over a coffee
break.

The mathematics did not change; the hardware doing the arithmetic did. That
realisation—that hardware choice can turn some problems from “too slow to be useful”
into “fast enough to iterate”—is at the heart of GPGPU’s impact.

19.2 Parallelism at Scale: Threads, Warps, and Blocks
GPUs achieve their speed by running many lightweight threads in parallel. The details differ
across vendors, but a few concepts recur.
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An intuitive picture is:

• Threads are like individual workers, each responsible for one or a small number of data
elements.

• Warps or wavefronts are small groups of threads that execute the same instruction at
the same time on different data.

• Blocks are larger groups of threads that share some local memory and can coordinate for
tasks like reductions.

Instead of issuing one instruction at a time to a handful of powerful cores (as in many CPUs),
a GPU issues the same instruction to many simpler cores in lockstep. If your computation can
be expressed as “apply this operation to many elements in parallel,” the hardware stays busy.

Common Pitfall: Expecting GPUs to Speed Up Everything

Not every workload benefits from GPU acceleration.

• If a task involves many sequential decisions with little data parallelism, GPUs may
sit idle or underutilised.

• Moving data between CPU memory and GPU memory incurs overhead; tiny tasks
may run faster on the CPU once transfer costs are counted.

GPUs shine when you have enough uniform work to keep thousands of threads busy; they
are less impressive for branch-heavy, irregular problems.

19.3 CUDA, OpenCL, and Higher-Level Frameworks
Early GPGPU programming often involved repurposing graphics APIs in awkward ways. To
make general-purpose use more natural, vendors introduced dedicated programming models:

• CUDA for NVIDIA GPUs, exposing kernels, threads, blocks, and memory hierarchies in
C-like syntax.

• OpenCL as a vendor-neutral model for heterogeneous computing across CPUs, GPUs,
and other devices.

Over time, higher-level frameworks built on top of these primitives:

• numerical libraries that automatically dispatch matrix operations to GPUs when available,

• machine-learning frameworks (such as TensorFlow and PyTorch) that handle device place-
ment and memory management under the hood,

• domain-specific tools in areas like video encoding, genomics, and finance.

For many users today, “programming a GPU” means writing high-level code and letting
libraries map suitable parts onto GPU kernels. The layers uncovered in earlier chapters—from
instruction sets to APIs—are still there, but they are now hidden behind more user-friendly
interfaces.
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19.4 Why Large Matrix Operations Love GPUs
Matrix multiplication is a canonical example of a GPU-friendly task. Conceptually, computing
the product of two matrices involves:

• for each row in the first matrix and each column in the second,

• computing a dot product: multiply corresponding elements and sum the results.

This creates a sea of independent operations:

• each output element depends on one row and one column but not on other output elements,

• the same multiply-and-add pattern repeats many times.

GPUs can assign different threads or thread groups to different output elements or tiles.
With careful memory layout and caching, they keep arithmetic units busy while data streams
through, achieving far higher throughput than a few CPU cores running the same loop.
If you would like a compact refresher on vectors, matrices, and matrix multiplication itself, the
linear-algebra snapshots in Chapter A revisit these operations with small, concrete examples
that echo the workloads discussed here and in Chapters 23 and 24.

From Lab to Life: Training Curves that Leap Ahead

If you plot training loss versus time for a neural network on CPU and GPU, the curves
often tell a vivid story.

• On the CPU, the curve descends slowly; perhaps you can run only a handful of
epochs before a meeting or the end of the workday.

• On the GPU, the curve drops quickly; you can try more architectures, tune hyper-
parameters, and respond to failures within a single session.

This difference in iteration speed, more than any single headline number, explains why
GPUs were so important in the deep-learning boom.

19.5 GPUs in Everyday Tools
Even if you never launch a CUDA kernel explicitly, GPUs likely influence tools you use.

Examples include:

• video editors that use GPUs for rendering filters and transitions in real time,

• browsers that offload compositing and some graphics tasks to GPUs for smoother scrolling
and animation,

• desktop ML applications and games that rely on the same hardware for very different
ends.

On mobile devices, integrated GPUs and neural engines play similar roles, accelerating UI
effects, camera processing, and on-device inference.
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19.6 Where We’re Heading Next
This chapter has shown how GPUs evolved from graphics specialists into general-purpose com-
pute engines for data-parallel workloads, why matrix-heavy tasks such as deep learning benefit
so much from them, and how high-level frameworks hide much of their complexity from everyday
users.

In the next chapter we turn to a more speculative frontier: quantum computing. There,
instead of packing more classical parallelism into silicon, researchers explore entirely different
physical principles—superposition and entanglement—to tackle certain problems. Understand-
ing why GPUs excel at some tasks sets a useful baseline for thinking about what quantum
machines might and might not change.

Try in 60 Seconds

Think of a computation you do or might do that involves large arrays or matrices: image
processing, simulations, or training a model.

• Ask whether the work is mostly “the same operation on many elements” or highly
irregular and branchy.

• Based on that, guess whether a GPU would likely help a lot, a little, or not at all.

This quick classification exercise mirrors the first mental step experts take when deciding
whether to reach for GPU acceleration.



Interlude: The Night the GPU
Cluster Went Dark
In a small lab, a team has been training models on a modest graphics-processing-unit (GPU)
cluster for weeks. Jobs queue up, logs scroll by, and each morning brings new learning curves
and metric plots. The machinery feels abstract: a few lines in a configuration file choose between
“cpu” and “cuda”, and the rest is left to frameworks and schedulers.

One evening, during what should have been a routine run, training abruptly slows and then
stalls. Monitoring dashboards show strange patterns:

• one worker node reporting high temperature alarms,

• another retrying connections to a storage server,

• several jobs flipping between “running” and “waiting” states.

In the machine room, the problem is obvious. A rack of GPUs hums louder than usual;
one unit’s fans are at full speed, exhaust uncomfortably warm. A technician has taped a small
handwritten note to the side: “TEMP LIMIT THROTTLING: investigating airflow.” The
abstraction barrier has cracked. Behind the friendly illusion of “infinite accelerators in the
cloud” lie cables, cooling, and power budgets (Chapters 18 and 19).

The team pauses training and starts triage:

• moving some jobs back to CPUs, accepting slower progress over the weekend,

• rescheduling others for off-peak hours when the room is cooler,

• adding guardrails in their scripts to detect and react to throttling earlier.

They also realise that a single overloaded circuit or misconfigured fan profile can quietly distort
results, making some experimental runs incomparable with others.

Moral: Abstractions Sit on Physical Floors

From a notebook cell, it is easy to imagine accelerators as virtual and endless. Incidents
like this one underline that:

• GPUs and other accelerators live in specific racks with finite power and cooling,

• scheduling and monitoring choices affect both performance and reliability,

• careful experimental practice must account for hardware variability.

Keeping the physical picture from Chapters 15, 18 and 19 in view helps make sense of
costs, limits, and occasional failures when reading about or working with large-scale AI
systems.
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Chapter 20
Quantum Computing:
Fast-Forwarding Reality?
Quantum computing sits at the edge of today’s hardware story: part physics experiment, part
engineering project, part magnet for hype. Rather than packing more classical transistors onto
chips, it tries to harness quantum phenomena—superposition and entanglement—to give certain
computations a different shape. This chapter offers an intuitive tour of those ideas, explains
what kinds of speedups are promised, and highlights why building practical quantum machines
is so hard.

20.1 From Bits to Qubits
Classical bits take values 0 or 1. Qubits, the basic units of quantum computation, are more like
coins that can be in a weighted blend of “heads” and “tails” until measured. The full physics
uses complex amplitudes and vector spaces, but a few images go a long way.

Two analogies help:

• A classical bit is like a light switch: firmly up or down.

• A qubit is more like a dimmer that can be set anywhere between off and on, with the catch
that when you look closely you always find it in one of the extremes, and probabilities for
those extremes depend on how the dimmer was set.

When you have several qubits together, their joint state can encode patterns that would take
many classical bits to describe. This is what people mean informally when they say quantum
computers can explore many possibilities “in parallel.” The trick is that you cannot simply read
out all those possibilities; you only ever get one measurement at a time.

From Lab to Life: Maze Solving with Waves

Imagine trying to solve a maze by sending many tiny waves through it instead of walking
down one corridor at a time.

• Some paths reinforce each other, making the wave stronger along promising routes.

• Others cancel out, leaving little or no wave where paths lead to dead ends.

Quantum algorithms try to engineer similar interference patterns in abstract spaces so
that good solutions are more likely to appear when you finally make a measurement.

20.2 Interference and Entanglement as New “Hardware Moves”
Two quantum features matter most for computation:

• Interference: probability amplitudes can reinforce or cancel, much like waves on a pond.
Algorithms use this to amplify right answers and suppress wrong ones.
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• Entanglement: qubits can share correlations stronger than any classical shared random-
ness. Measuring one immediately tells you something about the others, even if they are
far apart.

In a loose sense:

• superposition lets quantum computers represent many candidate solutions at once,

• interference and entanglement let them steer probability mass towards patterns that en-
code correct answers.

These are not magic tricks; they are carefully choreographed transformations governed by the
same quantum mechanics that underpins lasers, semiconductors, and MRI machines. What is
new is the attempt to use those rules as a programming model rather than merely as background
physics.

20.3 Alleged Quantum Speedups
A few landmark quantum algorithms illustrate why people care.

• Shor’s algorithm shows that, in principle, factoring large integers can be done much
faster on a quantum computer than on any known classical algorithm, threatening certain
cryptographic schemes if large quantum machines become practical.

• Grover’s algorithm offers a quadratic speedup for unstructured search: instead of need-
ing time proportional to the size of the search space, you need roughly its square root.

• Quantum simulation algorithms can model certain quantum systems (molecules, mate-
rials) more efficiently than classical methods, potentially aiding chemistry and materials
science.

In complexity-theory language, quantum computers define a class of problems (often called
BQP) that seems to sit somewhere between easy classical problems and those believed to be
intractable. Importantly, quantum machines do not make all hard problems easy; they appear
to help with some specific structures, not with every combinatorial nightmare.

Common Pitfall: “Quantum Computers Solve Everything Fast”

Popular accounts sometimes imply that quantum computers could instantly crack any
hard problem.

• Known quantum algorithms offer clear speedups for certain tasks, but many classic
hard problems remain hard even with quantum help as far as we know.

• Building large, fault-tolerant quantum machines remains an open engineering chal-
lenge.

It is safer to think of quantum computing as a powerful specialised tool under construction,
not as a universal “fast-forward” button for reality.

20.4 Why Building a Quantum Computer Is So Hard
Classical transistors are robust: they tolerate a fair amount of noise, heat, and environmental
variation. Qubits are fragile. Their quantum state can degrade through interactions with the
environment, a process called decoherence.

Challenges include:
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• isolating qubits enough to preserve their quantum properties,

• controlling them precisely enough to implement gates without introducing too much error,

• scaling from a handful of qubits in a lab to thousands or millions in a device.

Engineers have explored several physical implementations—superconducting circuits, trapped
ions, photons, spins in solids—each with different trade-offs in speed, coherence time, and con-
trol complexity.

From Lab to Life: A Soap Bubble Analogy

Keeping a useful quantum state intact is a bit like trying to keep a soap bubble floating
in a busy room while you carefully paint tiny patterns on its surface.

• Every stray air current, dust particle, or vibration risks popping the bubble.

• Your own attempts to manipulate it can do as much harm as good if not controlled
with exquisite care.

This fragility helps explain why quantum hardware labs look more like physics experi-
ments than like traditional chip factories.

20.5 Error Correction and Scalability
One way to fight decoherence and noise is through quantum error correction. The basic idea
is to encode a single “logical” qubit into many “physical” qubits so that errors can be detected
and corrected without directly measuring and collapsing the encoded information.

Key points:

• naive copying of qubits is impossible (the no-cloning theorem forbids it), so codes must
distribute information across entangled states,

• error-correcting schemes require overhead: many physical qubits, many error-detection
operations, and careful thresholds on acceptable noise rates,

• building a practical, fault-tolerant quantum computer likely means managing millions of
physical qubits to realise thousands of reliable logical ones.

Whether such large-scale, error-corrected machines will be built, and on what timeline,
remains uncertain. Research progress is steady but incremental.

20.6 Where Quantum Fits in the Broader History
Seen in the long arc of this book, quantum computing is another point in a sequence:

• vacuum tubes and transistors made general-purpose digital machines feasible,

• GPUs and specialised accelerators pushed performance on particular workloads,

• quantum devices explore a new branch of physics for a subset of problems.

It is unlikely that quantum computers will replace everyday laptops or phones. More plausi-
bly, they may become specialised back-end resources for tasks in cryptography, chemistry, and
optimisation, accessed through classical networks much like today’s cloud services.
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20.7 Where We’re Heading Next
This chapter has offered a cautious, intuition-first tour of quantum computing: qubits as dim-
mers rather than switches, interference as a way to steer probabilities, landmark algorithms
that promise speedups for some tasks, and the formidable engineering challenges involved in
building large, reliable machines.

In the next chapter we return to earth and to a more familiar, but still evolving, theme:
co-design of hardware and software. We will look at how companies that control both chips
and operating systems can align them tightly, and how specialised blocks for media, machine
learning, and security fit into the broader story of custom silicon.

Try in 60 Seconds

Without using any equations, explain to yourself or a friend:

• one way in which a qubit differs from a classical bit,

• one reason quantum computers are hard to build,

• one kind of problem where a quantum computer might offer a speedup.

Being able to give such a sketch in plain language is often more useful than memorising
formal definitions.

If you are curious about other unconventional models of computation beyond quantum devices,
the CA Workbook: Cellular Automata and the Game of Life in the workbook collection offers
a hands-on tour of simple rule-based systems that produce rich behaviour. It complements
the formal perspective in Chapter B by treating evolving patterns themselves as computational
processes.



Chapter 21
Custom Silicon and the Return of
Co-Design
In early computing, hardware and software often evolved together: a small team designed a
machine and wrote the code that ran on it. Later, layers of abstraction separated chip designers,
operating-system builders, and application developers. In recent years, that separation has
narrowed again. Companies that control both hardware and software increasingly co-design
them as a stack, adding specialised blocks for media, machine learning, and security. This
chapter explores that trend and asks what it means for how systems are built and used.

21.1 Hardware–Software Co-Design
Hardware–software co-design means making deliberate choices about chips, operating systems,
and key applications together rather than in isolation. Instead of asking “What can we build on
off-the-shelf components?”, teams ask “What hardware should we design to serve the software
we care about most?”

Examples of co-design include:

• tailoring instruction sets and micro-architectures to the needs of a particular operating
system and its toolchain,

• adding accelerators for workloads central to a platform (for example, media, ML, or cryp-
tography),

• designing APIs and runtime libraries that expose those hardware features cleanly to de-
velopers.

This approach is not limited to any one company. It appears wherever controlling more of
the stack promises better performance, efficiency, or user experience.

From Lab to Life: A Device That “Just Works” Together

Think of a laptop or phone where hardware, operating system, and key apps feel unusually
well matched.

• Battery life, responsiveness, and features such as instant wake or smooth media
playback feel more like properties of the whole device than of any component.

• Under the hood, hardware and software teams have usually negotiated trade-offs
together: which features to accelerate, which to simplify, and which to leave to
general-purpose code.

The sense that a device “just works” is often a visible symptom of effective co-design.
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21.2 Energy Efficiency as a First-Class Goal
Across recent generations of processors, energy efficiency has become as important a design
target as raw peak performance. Shrinking process nodes, smarter power management, and
specialised engines all aim to do more useful work per joule.

On mobile and laptop platforms, this shows up in several ways:

• heterogeneous cores that schedule light tasks onto efficient cores and heavy bursts onto
performance cores,

• fine-grained power gating that turns off units not in use,

• instruction sets and accelerators tuned to complete common operations quickly and then
let parts of the chip sleep.

Apple’s Apple Silicon line illustrates this emphasis with measurable jumps in performance
per watt across generations. Drawing on a combination of official specifications, Geekbench 6
results, and independent power measurements from multiple consistent sources, we can sketch
the trend for the base M-series chips as summarised in Table 21.1.

Table 21.1: Indicative Apple Silicon efficiency figures compiled from public Geekbench 6 scores
and power measurements for representative Mac configurations. Values are rounded and should
be read as trends rather than exact device guarantees. ∗M5 numbers are based in part on early,
pre-release benchmark data.

Chip GB6 single-core GB6 multi-core Approx. CPU power (W) Score per watt
M1 (8-core) 2 346 8 345 ∼39 ∼210
M2 (8-core) 2 600 9 652 ∼50 ∼190
M3 (8-core) 3 077 11 682 ∼20 ∼580
M4 (10-core) 3 742 14 803 ∼22 ∼670
M5 (10-core)∗ 4 263 17 862 ∼27.5 ∼650

From M1 to M5, multi-core performance roughly doubles (8345 → 17862) while estimated
CPU power moves from around 39 W down into the high-20s. The M3 generation in particular
shows a sharp jump in multi-core score per watt, consistent with the move to a denser man-
ufacturing process, and later generations sustain that higher efficiency while adding cores and
features. The exact figures depend on workload and chassis, but the broad story is stable across
independent measurements: successive designs aim to move the frontier of “how much useful
work can we do per unit of energy” rather than simply pushing clocks and power upward.

Common Pitfall: Chasing Benchmarks, Ignoring Power Budgets

It is tempting to focus solely on headline performance numbers.

• For battery-powered devices, sustained performance within a tight power and ther-
mal envelope often matters more than short bursts at high wattage.

• In data centres, energy and cooling costs can dominate hardware purchase costs
over a system’s lifetime.

Treating energy efficiency as a co-equal design and engineering goal—alongside through-
put and latency—aligns hardware choices with the practical environments in which sys-
tems must operate.
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21.3 Neural and Media Engines
Many recent processors include specialised blocks for processing images, video, audio, and
machine-learning workloads. These engines offload common, computationally intensive tasks
from general-purpose cores.

Typical examples are:

• media engines for encoding and decoding video in formats such as H.264 or AV1,

• digital-signal-processing (DSP) blocks for audio filtering and enhancement,

• neural processing units (NPUs) or “Neural Engines” tuned for matrix-heavy ML inference.

From a user’s perspective, these blocks manifest as cameras that capture and stabilise video
smoothly, phones that apply computational photography tricks in real time, and applications
that run ML features locally without draining batteries too quickly.

From Lab to Life: When Your Laptop Chip Knows ML

Consider running an ML-based noise suppression filter during a video call.

• On older machines, this might have taxed the CPU or required a discrete GPU,
with fans ramping up audibly.

• On newer systems with neural engines, the same effect can run as a built-in feature
with modest power draw.

In effect, the chip designer has anticipated a workload that once belonged in external
libraries or cloud services and built a tailored engine for it into the everyday device.

21.4 Security Enclaves and Trusted Execution
As devices and services handle more sensitive data, hardware support for security has become
more prominent. Many systems now include secure enclaves or trusted-execution environments
(TEEs): isolated regions where sensitive computations and key storage can occur.

These components aim to:

• protect cryptographic keys and biometric templates from being read even if other parts
of the system are compromised,

• support secure boot chains that verify software integrity from power-on,

• provide attestation mechanisms so that remote services can gain some confidence about
which code is running on which hardware.

Designing and auditing such features requires close collaboration between hardware and
software teams. Bugs at this layer can have long-lasting consequences.
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Common Pitfall: Trusting the Label Without the Design

The presence of a “secure enclave” or TEE in a specification does not automatically
guarantee strong security.

• Implementation flaws, side channels, or weak integration with higher layers can
erode promised protections.

• Overly opaque designs can make independent evaluation difficult.

Healthy scepticism and transparency are as important here as in software-only security
features.

21.5 Chiplets, 3D Integration, and Disaggregated Architectures
Beyond individual blocks, hardware designers are rethinking how entire chips and systems are
assembled.

Trends include:

• Chiplets: splitting what would once have been a single large chip into smaller, reusable
components connected on a package, mixing and matching process technologies.

• 3D integration: stacking dies vertically and connecting them with high-speed intercon-
nects, bringing memory and compute physically closer.

• Disaggregated architectures: treating compute, memory, and specialised accelerators
as networked resources that can be combined flexibly in data centres.

These techniques aim to keep progress going even as traditional Moore’s-law-style scaling
slows. They also increase the degrees of freedom in co-design: system architects can choose not
just what blocks to build, but how to arrange them in space.

From Lab to Life: Mixing and Matching Building Blocks

Think of building a system from standardised components: CPUs, GPUs, memory mod-
ules, and accelerators plugged into a board.

• Chiplet and 3D-integration approaches bring some of that mix-and-match spirit
inside the package itself.

• For large-scale services, disaggregated architectures do something similar at the rack
or data-centre level.

In all cases, the goal is to compose systems from well-understood pieces while still reaping
the benefits of specialisation.

21.6 Where We’re Heading Next
This chapter has sketched how hardware–software co-design, specialised engines for media and
ML, and new approaches to assembling chips and systems reflect a recurring theme: aligning
physical resources more closely with the computations and experiences that matter most.

In the next part of the book we will turn to AI more explicitly: the history of ideas, the
role of GPUs and specialised accelerators in deep learning, and the emergence of models that
generate text, code, and images. The co-design patterns discussed here—tight loops between
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workloads and hardware—will reappear there in the feedback between AI research and the
platforms that support it.

Try in 60 Seconds

Pick a device or service you use regularly that feels unusually smooth or capable for its
size.

• Ask yourself which features likely rely on specialised hardware (for example, media
playback, ML-based enhancements, secure storage).

• Consider how the experience might differ if those features ran purely on a generic
CPU without co-design.

This quick reflection links the abstract idea of co-design to concrete moments of “it just
works” in everyday computing.



Part VII
AI: Software That Learns, Adapts,

and Talks Back
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Part VII Overview

This part turns to artificial intelligence as a long-running thread in computer science and
as a present-day driver of new systems and hardware. It follows AI from symbolic roots
through deep learning and transformers to the construction of agents and tools that act
in the world, drawing together many of the ideas developed in earlier parts of the book.
Chapter 22 offers a brief history of AI before the current deep-learning era: symbolic
reasoning and expert systems, cycles of optimism and winter, the development of neural-
network ideas, and the shift from hand-crafted features to representation learning. Chap-
ter 23 then focuses on the deep-learning boom itself, highlighting breakthroughs in vision
and speech, the importance of data and labels, the role of software frameworks, and the
feedback loop with GPU-rich infrastructure. Chapter 24 introduces transformers and
large language models as scalable sequence models that underpin many contemporary
AI tools, while Chapter 25 zooms out to AI systems and agents: models embedded in
tool-using workflows, guided by human oversight and situated in broader social and or-
ganisational contexts.



Chapter 22

A Brief History of AI
Artificial intelligence did not begin with deep neural networks or cloud-based models that gener-
ate code and conversation on demand. It grew from decades of work on logic, search, perception,
learning, and representation—punctuated by bursts of optimism and long winters of disappoint-
ment. This chapter sketches that history in broad strokes, focusing on how ideas, expectations,
and hardware shaped each other.

22.1 Symbolic Beginnings: Logic, Rules, and Expert Systems
In the 1950s and 1960s, many researchers imagined intelligence as something that could be
captured in symbols and rules. If you could represent facts and relationships in a formal
language, and if you had an engine that could manipulate those symbols according to logical
laws, perhaps you could build machines that reasoned.

Early systems explored:
• Search in symbolic spaces, such as solving puzzles or proving theorems by exploring

trees of possible moves and deductions.

• Production systems, where rules of the form “IF condition THEN action” fired when
their conditions matched a working memory of facts.

• Expert systems, which tried to encode specialist knowledge from domains like medicine
or geology as large rule bases.

These approaches achieved impressive demonstrations: programs that played chess respectably,
diagnosed certain diseases, or solved logic problems. They also encountered limits: brittle be-
haviour outside narrow domains, difficulty capturing tacit knowledge, and an explosion of rules
as systems grew.

From Lab to Life: Hand-Crafted Rules vs. Fuzzy Reality

Consider a simple rule-based system for classifying rock samples.

• Experts can provide rules like “IF quartz content is high AND grain size is small
THEN sandstone.”

• The system works well on clean, textbook cases.

In the field, measurements are noisy, samples are mixed, and categories blend. Rule sets
become long, tangled, and hard to maintain. This gap between neat symbolic descriptions
and messy reality runs through early AI history.

22.2 Winters and Summers: Hype Cycles and Disappointments
AI progressed in waves. Periods of optimism—“summers”—saw ambitious promises, funding,
and media attention. When progress proved slower or narrower than hoped, funding cuts and
scepticism produced “winters.”

Examples include:
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• early optimism in the 1960s about rapid progress in language understanding and general
problem solving, followed by critical reports that highlighted limitations,

• enthusiasm around expert systems in the 1980s, followed by disillusionment as mainte-
nance costs soared and systems failed to live up to commercial expectations.

These cycles were not just about technology. They reflected mismatches between what
systems could reasonably do and what sponsors, users, and the public expected.

Common Pitfall: Forgetting Previous AI Cycles

Each new wave of AI tends to present itself as unprecedented.

• This can lead to repeating old mistakes, such as overclaiming generality from narrow
benchmarks.

• It can also obscure valuable lessons from earlier eras about evaluation, robustness,
and the importance of domain knowledge.

Remembering that AI has a history helps keep current enthusiasm grounded.

22.3 Connectionism and Neural Networks
Alongside symbolic approaches, a different tradition—connectionism—modelled intelligence as
emerging from networks of simple units. Early neural-network models in the mid-twentieth
century were limited by both theory and hardware, but they planted seeds.

Key milestones include:

• simple perceptron models and the realisation that single-layer networks had severe limi-
tations,

• the development of backpropagation as a practical training algorithm for multi-layer net-
works,

• waves of interest and scepticism as networks alternated between being seen as promising
and as overhyped.

For years, neural networks competed with, and often lost out to, more explicitly statistical
and symbolic methods. Their resurgence depended on larger datasets, more compute (especially
GPUs), and refinements in architectures and training techniques.

From Lab to Life: Hand-Crafted Features vs. Learned Patterns

Imagine building an image classifier in two eras.

• In one, you hand-design features: edges, corners, textures, and combinations thereof,
then feed them into a conventional classifier.

• In another, you train a convolutional neural network that learns relevant features
from raw pixels.

The shift from feature engineering to representation learning—from telling the system
what to look for to letting it discover useful patterns—is one of the most significant
conceptual moves in modern AI.
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22.4 From Classic Machine Learning to Representation Learning
By the late 1990s and early 2000s, “classic” machine learning centred on algorithms like decision
trees, support-vector machines, and ensemble methods, applied to carefully engineered feature
sets. These methods remain powerful, especially in tabular domains.

What changed with the deep-learning era was:

• the scale of models and datasets,

• the use of multi-layer architectures to learn hierarchical representations,

• the tight integration of models with hardware advances (GPUs) and software frameworks.

Rather than viewing neural networks as just one model among many, practitioners began
to treat them as flexible function approximators that, with enough data and compute, could
tackle tasks that had resisted hand-crafted pipelines.

22.5 Where We’re Heading Next
This chapter has offered a high-level tour of AI’s pre-deep-learning history: symbolic systems and
expert rules, cycles of enthusiasm and disillusionment, the parallel development of connectionist
ideas, and the transition from hand-crafted features to representation learning.

In the next chapter we zoom in on the deep-learning boom itself: how GPUs, large datasets,
and new architectures for images and sequences reshaped the field, and how software frameworks
made those advances accessible to a wide range of practitioners.

Try in 60 Seconds

Think of a task you might want an AI system to perform, such as classifying emails or
recognising simple gestures.

• Sketch how a rule-based system might approach it (what rules would you write?).

• Then sketch how a learning-based system might approach it (what data would you
collect?).

Comparing the two sketches makes concrete the conceptual shift from symbolic rules to
learned patterns.



Interlude: My First Model That
Actually Learned Something
Long before large language models and cloud GPUs, many people’s first contact with machine
learning was modest: fitting a simple curve, training a small classifier, or getting a basic neural
network to beat a hand-crafted baseline. The emotional memory is often the same: a mixture
of surprise, satisfaction, and a sudden sense that some familiar tasks might be approached
differently.

Imagine a student or practitioner sitting at a desk with:

• a laptop of unremarkable specs,

• a small dataset: perhaps handwritten digits, email subject lines, or measurements from a
lab instrument,

• a tutorial or textbook open to a chapter on logistic regression or a shallow neural network
(Chapters E and 23).

The first attempts feel mechanical:

• import a library,

• split data into training and test sets,

• call a fit function with default parameters,

• print accuracy.

The initial results may be disappointing: barely better than chance, unstable across runs,
or sensitive to minor changes. But after some trial and error—changing the learning rate,
normalising features, adding a hidden layer, or training for a few more epochs—a pattern
emerges. The test accuracy crosses a threshold that hand-written heuristics never managed, or
the model picks up a subtle structure that was hard to encode in rules.

Two things happen at once:

• Trust and scepticism grow together. The practitioner sees that the model can gen-
uinely capture patterns, but also that results depend on data choices, hyperparameters,
and evaluation, echoing themes from Chapters 23 and 25.

• Framing of problems shifts. Tasks that once seemed like rule-writing exercises become
candidates for “collect data, define a loss, train a model” workflows.
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Figure 22.1: A small model’s learning curve: from noisy guesses to recognisable improvement.

Moral: Small Models, Lasting Intuitions

The first time a model “actually learns something” often happens on a scale far below
frontier systems in Chapter 24. Yet it seeds intuitions that scale up:

• that data quality and quantity matter at least as much as model choice,

• that overfitting and evaluation require care, even on toy problems (Chapters E
and 23),

• that models can be powerful tools, but only within the problem framings and con-
straints we give them.

Keeping this modest origin story in view helps when reading about or working with much
larger systems: behind impressive capabilities lie the same basic dynamics seen in that
first, small successful run.



Chapter 23
Deep Learning and the GPU-Fueled
Boom
The shift from classic machine learning to deep learning was not just a change of model class; it
was a change of scale and infrastructure. Larger networks trained on larger datasets using much
more compute began to deliver dramatic improvements, especially in perception tasks such as
vision and speech. This chapter explores how that happened and how GPUs, data, and tooling
interacted to make it practical.

23.1 Image and Speech Breakthroughs
Around the early 2010s, deep neural networks achieved striking results on benchmark tasks in
computer vision and speech recognition. Architectures such as convolutional neural networks
(CNNs) and recurrent neural networks (RNNs) took centre stage.

Highlights include:

• large CNNs winning image-classification competitions by substantial margins over previ-
ous methods,

• deep networks cutting error rates in speech-recognition benchmarks,

• end-to-end models that mapped raw signals (pixels, waveforms) directly to labels or tran-
scriptions.

These successes were not purely algorithmic; they depended on the availability of labelled
datasets, improved regularisation techniques, and the growing practice of training on GPUs.

From Lab to Life: The First Time a Tiny CNN Beat Your Features

Imagine having a carefully engineered pipeline for recognising digits or simple objects.

• You have spent days tuning filters, edge detectors, and heuristic features, then
feeding them into a classifier.

• A colleague trains a small CNN on the same data with minimal feature engineering
and quietly outperforms your system.

For many researchers, this kind of moment marked a turning point: an intuition that let-
ting models learn more structure directly from data was not just elegant, but empirically
powerful.

23.2 The Importance of Data and Labels
Deep networks are hungry. To generalise well, they typically require large, diverse datasets.

Key aspects of data in the deep-learning boom include:

• publicly available benchmarks (such as large image or speech corpora) that focused com-
munity effort,
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• industrial-scale datasets collected by companies through their products and services,

• improved labelling workflows, including crowdsourcing, semi-supervised methods, and
data-augmentation techniques.

The relationship between model capacity and data availability became more explicit: bigger
models could, in principle, capture richer patterns, but only if they were fed enough varied
examples.

Common Pitfall: Treating Data as an Afterthought

It is easy to focus on architectures and hyperparameters while neglecting data quality.

• Biased or unrepresentative datasets can encode and amplify unfairness, regardless
of how sophisticated the model is.

• No amount of clever regularisation can fully compensate for missing key regimes or
edge cases.

In practice, the “data work”—curation, cleaning, and critical reflection on what is in-
cluded and excluded—often dominates model tinkering in importance.

23.3 Tooling: Frameworks and Ecosystems
Deep learning would likely have remained a niche research activity without accessible software
frameworks. Libraries such as TensorFlow, PyTorch, and Keras abstracted away much of the
boilerplate involved in defining, training, and deploying neural networks.

They provided:

• automatic differentiation, so gradients for complex models could be computed without
manual derivations,

• modular layers and loss functions, encouraging experimentation with architectures,

• integration with GPU backends, making it relatively easy to scale from small to large
models on compatible hardware.

These tools also fostered communities: tutorials, example notebooks, and open-source repos-
itories where models, training scripts, and pre-trained weights were shared.

From Lab to Life: A Notebook That Actually Trains Something Interesting

Consider the experience of opening a shared notebook, pressing “Run All,” and watching
a model learn.

• You see loss curves descend, sample outputs improve, and performance metrics
stabilise.

• With only modest edits, you can adapt the example to your own data.

This low-friction path from “I wonder if this works” to tangible results brought deep
learning into labs, classrooms, and hobby projects far beyond the original research groups.

23.4 Infrastructure and the Hardware Feedback Loop
As deep learning grew, it fed back into hardware and infrastructure.

Patterns included:
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• demand for GPUs and later specialised accelerators in data centres,

• cloud services offering GPU-backed instances and managed training platforms,

• research that explicitly treated data, model size, and compute as interacting levers.

This created a loop:

• successful models justified investment in more powerful hardware and larger datasets,

• improved hardware and data enabled larger, more ambitious models,

• new results renewed interest and funding.

23.5 Where We’re Heading Next
This chapter has traced how deep learning moved from promising idea to widely used technique:
breakthroughs in image and speech tasks, the central role of data, the importance of accessible
frameworks, and the feedback loop between research and hardware.

In the next chapter we turn to transformers and large language models: architectures that
reshaped sequence modelling, scaled to billions of parameters, and underlie many of the AI tools
readers now encounter in browsers and terminals.

Try in 60 Seconds

Think of a deep-learning success story you have heard about recently—perhaps in vision,
speech, or language.

• Ask yourself what role data quantity and quality likely played.

• Then ask what kind of hardware (CPUs, GPUs, accelerators) probably supported
training and deployment.

Even rough guesses can help anchor abstract narratives about “AI progress” in concrete
resources and design choices.

For readers who want to practise the tensor perspective behind these stories, the Tensor Work-
book: The Hidden Champions of the AI Revolution in the workbook collection offers a lab-style
tour of tensors, NumPy and PyTorch code, and a from-scratch self-attention block that mirrors
the architectures in Chapters 23 and 24.



Chapter 24
Transformers, LLMs, and Frontier
Models
Sequence models once marched step by step through data: recurrent networks processed words
or sounds in order, carrying information forward in hidden states. Transformers changed that
picture. By letting models look at all positions in a sequence at once through attention mecha-
nisms, they made it easier to capture long-range dependencies and to scale to very large models.
This chapter introduces that shift and explores how large language models (LLMs) built on
transformers became prominent frontier systems.

24.1 The Transformer Idea: Attention and Parallelism
At the heart of transformer architectures lies the attention mechanism. Instead of processing
tokens strictly in order, attention lets each token weigh and combine information from all other
tokens in a context.

Informally:

• each token is mapped to a query, a key, and a value vector,

• queries and keys determine which other positions are most relevant,

• values are aggregated according to these relevance scores.

This design has two important consequences:

• Context handling: the model can relate distant parts of a sequence without relying on
slowly propagating signals through many recurrent steps.

• Parallelism: many operations can be computed in parallel over entire sequences, match-
ing GPU strengths.

From Lab to Life: Reading a Paragraph with Many Glances

When you read a paragraph, you do not process each word in strict isolation.

• Your understanding of a pronoun depends on a noun several words back.

• A later sentence can change how you interpret an earlier one.

• Modern tools that summarise emails or documents, or that autocomplete sentences
in your editor, lean on this same ability to weave together clues from many parts
of the text at once.

Attention mechanisms give models a crude analogue of this behaviour: they can “glance”
back and forth across a sequence to decide what matters for the next prediction.
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24.2 Scaling Laws and Frontier Models
As transformers were applied to larger and larger datasets and models, researchers observed
regularities: performance on many benchmarks improved in a predictable way as parameters,
data, and compute increased. These empirical scaling laws suggested that, up to a point, simply
making models larger and training them longer would yield better results.

This led to:
• models with billions or even trillions of parameters,

• training runs that consumed vast amounts of GPU or accelerator time,

• a focus on pre-training large models on broad data and then fine-tuning or prompting
them for specific tasks.

Such “frontier models” pushed the limits of current hardware and data pipelines. They also
raised questions about who could afford to train them and how to evaluate capabilities and
risks.

Common Pitfall: Equating Size with Intelligence

Larger models have, so far, tended to perform better on many benchmarks, but size is
not everything.

• Data quality, objective choice, and evaluation methods all shape behaviour.

• Smaller models, carefully designed and trained, can outperform larger ones on spe-
cific tasks, especially when resources are constrained.

Scaling laws describe trends, not destinies. They are one tool among many for thinking
about model design.

24.3 LLMs in Practice: Code Assistants, Chatbots, Agents
Large language models trained on text and code can generate continuations, answer questions,
and follow instructions. In practice, they are used in several patterns:

• Chat-style interfaces where users ask questions or give instructions in natural language.

• Code assistants that suggest completions, refactorings, or whole functions inside editors.

• Agents that use models as planning or decision cores while also calling tools, querying
APIs, or interacting with files.

Under the hood, these systems often rely on prompt engineering, system messages, retrieval
of relevant context, and safety filters layered around a core model.

From Lab to Life: Writing with an LLM Co-Pilot

Imagine writing code or prose with an assistant that:

• suggests the next few lines as you type,

• offers alternative formulations or refactorings,

• sometimes proposes brilliant shortcuts and sometimes makes subtle mistakes.

Working with such a system requires new habits: verifying suggestions, steering with
prompts, and treating the model as a fallible collaborator rather than an oracle.
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24.4 The CLI as a Modern REPL for AI
Many LLM-based tools expose command-line interfaces. This connects them, conceptually, to
earlier eras in which interactive shells and REPLs (Read–Eval–Print Loops) served as primary
workspaces.

Through the CLI, users can:

• script interactions with models, embedding them into data-processing pipelines,

• combine traditional tools (grep, sort, version control) with model calls,

• automate repetitive prompting patterns for testing, summarisation, or code generation.

This framing treats LLMs as powerful new commands in an existing toolkit rather than as
separate, opaque applications.

24.5 Where We’re Heading Next
This chapter has outlined the core ideas behind transformers and large language models: at-
tention for flexible context handling, parallelism for efficient training, empirical scaling laws for
frontier models, and practical deployments in chat interfaces, code assistants, and agent-like
systems.

In the next chapter we move from models to systems: how LLMs and other components
are combined into agents that can plan, call tools, and act in the world; how human oversight
and alignment considerations enter; and how these systems fit into broader social and economic
contexts.

Try in 60 Seconds

Think of a simple task you might ask an LLM to help with, such as drafting an email or
sketching a function.

• Consider what context the model would need (previous messages, codebase snippets,
examples).

• Reflect on how you would check and refine its output before trusting it.

This short thought experiment highlights that effective use of LLMs is as much about
managing context and validation as about raw model capability.



Chapter 25
AI Systems: From Models to
Agents and Tools
Large models are only part of modern AI systems. Around them sit tools, databases, user
interfaces, safety layers, and human workflows. This chapter looks at how individual models
become components in larger agents and applications, how tool use and code generation extend
what they can do, and how human oversight and societal considerations shape responsible
deployment.

25.1 From Single-Shot Predictions to Multi-Step Agents
Many early machine-learning deployments involved single-shot predictions: given an input, pro-
duce an output, and stop. Modern AI systems often behave more like agents: they plan, act,
observe results, and adjust.

Agentic patterns include:

• decomposing complex tasks into sub-tasks, possibly across multiple model calls,

• iteratively refining plans or outputs based on feedback,

• maintaining internal state or memory across steps.

LLMs are often used as flexible planners or decision-makers in such loops, deciding what to
do next given goals and observations.

From Lab to Life: Debugging with an AI Partner

Imagine asking an AI system not just “What is wrong with this function?” but:

• to run tests, inspect error messages, propose fixes, and re-run,

• to stop if certain safety checks fail or if changes diverge too far from a specification.

Here, the model is part of a broader agent: one that can read and write files, execute
code, and follow multi-step protocols rather than just answer a single question.

25.2 Tool Use and Code Generation
One way to extend model capabilities is to let them call external tools: APIs, databases, search
engines, calculators, compilers, or other programs. Instead of expecting the model to internalise
every fact or skill, the system teaches it how to decide when and how to use external resources.

Common patterns include:

• using models to generate and execute code snippets that perform computations,

• letting models query structured data sources when answering questions,

• integrating model calls into automation scripts that orchestrate cloud resources.

128



CHAPTER 25. AI SYSTEMS: FROM MODELS TO AGENTS AND TOOLS 129

Common Pitfall: Confusing Model Recall with Tool Use

It is tempting to view a model’s ability to emit code or API calls as evidence that it
“knows” how to perform tasks by itself.

• In reality, robust systems separate deciding what to do (models) from executing
how to do it (tools and infrastructure).

• Clear boundaries and logging make it easier to audit and correct behaviour when
things go wrong.

Treating models as planners that enlist reliable tools, rather than as self-sufficient agents,
can improve both performance and safety.

25.3 Human-in-the-Loop and Alignment
As AI systems take on more open-ended tasks, questions of alignment—whether systems be-
have in ways that match human intentions and values—become more pressing. Technical and
procedural tools for alignment often involve humans in the loop.

Examples include:

• humans reviewing and rating model outputs to guide training and fine-tuning,

• workflows where high-stakes decisions (for example in medicine or finance) require human
sign-off even when models provide recommendations,

• feedback channels that allow users to flag harmful or low-quality behaviour.

Alignment is not a one-time setting; it is an ongoing process of monitoring, adjustment, and
dialogue between designers, users, and affected communities.

From Lab to Life: The AI That Fixed Your Bug—and Then Hallucinated One

Many developers can recall two contrasting experiences:

• a moment when an AI assistant spotted a subtle bug or suggested a clean refactor
they had overlooked,

• a moment when the same assistant confidently proposed a change that introduced
a bug or misinterpreted requirements.

These paired experiences highlight why human judgement and review remain essential,
especially when systems operate in domains where errors carry significant consequences.

25.4 Societal Impacts: Work, Risk, and Governance
AI systems do not operate in a vacuum. They shape and are shaped by institutions, regulations,
and economic incentives.

Key themes include:

• Productivity and work: some tasks become faster or easier, new roles emerge, and
others may diminish or transform.

• Risk and misuse: systems can amplify misinformation, embed bias, or be repurposed
for harmful ends.
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• Governance: standards, regulations, and organisational practices attempt to steer de-
velopment and deployment.

For practitioners, this means thinking beyond metrics like accuracy or latency. Questions
about transparency, accountability, and long-term impact belong alongside technical ones.

25.5 Where We’re Heading Next
This chapter has shifted the focus from models in isolation to AI systems in context: agents
that plan and act over multiple steps, tools that extend model capabilities, human oversight
and alignment practices, and the broader social environment in which AI is deployed.

In the final part of the book we will zoom out even further to look back over the full arc of
computer science sketched here and forward towards open questions and possible futures. The
hope is that, having seen how ideas from bits and logic to agents and tools connect, readers can
carry forward a stable toolkit of concepts for thinking about technologies that do not yet exist.

Try in 60 Seconds

Think of an AI-powered product you use or might build.

• List which parts involve models, which involve tools or databases, and where humans
review or override behaviour.

• Ask yourself which failure modes worry you most and how the system design could
address them.

This quick exercise brings the notion of “AI systems” down from abstractions to design
decisions.



Part VIII

Looking Back, Looking Forward
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Part VIII Overview

This final part steps back from individual technologies and case studies to look at com-
puter science as a whole. It traces how one lifetime can span home computers, networks,
cloud platforms, and AI systems, and it sketches a few open questions and enduring ideas
to carry into the future.
Chapter 26 follows an imagined practitioner from early home machines through desk-
tops, networks, mobile devices, and cloud services to today’s AI-augmented workflows,
using that arc to reassemble themes from previous parts in narrative form. Chapter 27
then surveys limits of current hardware-scaling trends, candidate new paradigms such
as neuromorphic and quantum computing, the evolving role of programmers in an AI-
rich environment, and a short checklist of durable concepts—about data, abstraction,
complexity, systems, and learning—that remain useful even as specific tools change.



Chapter 26
The Arc of Computer Science in
One Lifetime
For someone who first met computers through home machines like the Commodore 64 and
now works with cloud services and AI systems, computer science does not feel like an abstract
discipline. It feels like a lived trajectory: from typing BASIC listings to prompting language
models, from saving to floppies to relying on redundant storage you never see. This chapter
steps back to trace that arc through a single lifetime, using one imagined practitioner as a guide.

26.1 From C64 to Cloud GPUs
Our protagonist’s story might start in a living room in the 1980s or 1990s, with a home computer
connected to a television. Programs arrive on cassettes or floppies; games share space with
experiments in BASIC and, later, small forays into assembly.

Key ingredients in this phase include:
• learning to think in terms of simple algorithms and loops on constrained hardware,

• experiencing slow feedback cycles—waiting for programs to load, for screens to redraw,
for prints to appear,

• treating the machine as something to tinker with: a device you can break and fix, not a
sealed appliance.

Decades later, the same person might launch GPU-backed jobs in the cloud, renting far
more compute for an afternoon than an entire lab once owned. They might:

• write code on a laptop that offloads matrix multiplications to local or remote GPUs,

• monitor training curves in browser-based dashboards,

• treat clusters and accelerators as configurable resources rather than rare, shared main-
frames.

The contrast can be startling: from counting bytes of RAM carefully to throwing millions
of parameters at a problem; from treating every cycle as precious to accepting that some exper-
iments will fail quickly on borrowed hardware.

From Lab to Life: The Same Curiosity, New Scales

Despite the changes in tools and scale, certain feelings persist.

• The satisfaction of seeing a program run correctly after many attempts is as real
on a C64 as in a cloud notebook.

• The mixture of annoyance and curiosity when something fails—a crash, a timeout,
a mysterious error—still pushes people to dig into logs, manuals, or forums.

The technologies evolve; the pattern of curiosity, experiment, and refinement remains
recognisable.
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Seen through a physics lens, this lifetime arc is also an energy story. Early home computers
drew tens or hundreds of watts from wall sockets; laptops and phones in Chapter 16 squeezed
useful work into battery budgets; cloud GPUs and custom silicon in Chapters 19 and 21 pushed
operations-per-joule up dramatically while overall data-centre power use became a design con-
straint in its own right. Much of computer science can be read as a long negotiation about
where energy is spent and how to turn it into the most useful computation.

26.2 From BASIC Listings to Notebooks and CLIs
In early home-computing days, programs often arrived as printed listings in magazines or books.
Typing them in by hand was both a way to get software and a way to learn: mistakes turned
into debugging exercises.

Over time, workflows shifted:

• text editors and compilers on desktop systems replaced line-numbered BASIC,

• integrated development environments (IDEs) added project views, debuggers, and refac-
toring tools,

• interactive notebooks and command-line interfaces (CLIs) emerged as everyday front-ends
for data analysis and AI.

In a modern session, the same practitioner might:

• inspect data and prototype models in a notebook,

• automate experiments and deployments via scripts and CLIs,

• call AI assistants from within editors or terminals to suggest code, explain errors, or draft
documentation.

From Lab to Life: The Evolving REPL

The REPL—Read, Eval, Print, Loop—has taken many forms.

• On a home computer, the BASIC prompt READY. invited experiments line by line.

• In Unix shells, $ or % prompted you to compose pipelines from small tools.

• Today, notebooks and AI-augmented CLIs extend the idea: short feedback loops
where code, data, and model outputs appear side by side.

Across these incarnations, the core remains: a conversational way of working with com-
putation, where small changes and quick responses invite exploration.

26.3 From Local Experiments to Global-Scale Systems
Early projects might have run entirely on a single machine: a game, a simulator, a personal
finance tracker. Over time, many practitioners found themselves building or relying on systems
that:

• served users across time zones via web and mobile applications,

• stored data in distributed databases with replication and failover,

• integrated components written by many teams, often across organisations.
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The tools and abstractions discussed throughout this book—protocols, operating systems,
containers, cloud platforms—make such systems manageable, but they also add layers between
code and metal. Understanding where those layers come from helps when they behave in
surprising ways.

Common Pitfall: Forgetting the Human Scale

Working with large systems can make it tempting to think only in terms of dashboards,
metrics, and infrastructure diagrams.

• It is easy to lose sight of individual users, developers, and operators.

• Yet every system is ultimately built and maintained by people with limited time,
attention, and energy.

Remembering that computer science is also about organising human work—through ab-
stractions, tooling, and culture—keeps the story grounded.

26.4 Where We’re Heading Next
This chapter has traced one possible lifetime arc through computer science: from early home
machines to cloud GPUs, from BASIC listings to notebooks and CLIs, from local experiments
to global services. The specific technologies will differ from reader to reader, but the themes—
curiosity, abstraction, debugging, and negotiation with constraints—tend to recur.

In the final chapter we turn from retrospection to questions about what might come next:
limits of current scaling trends, candidate new paradigms, the evolving role of programmers in
an AI-rich world, and durable ideas worth carrying forward regardless of how the details change.

Try in 60 Seconds

Sketch your own timeline with three or four milestones.

• Note the first computer or programming environment you used, a later tool that
changed how you worked, and one current technology you rely on.

• For each, jot down one constraint that shaped your experience (for example memory
limits, connectivity, or compute cost).

This quick exercise can turn the book’s broad arc into a more personal one.



Chapter 27
Open Questions and Future
Directions
Computer science has always balanced two kinds of questions: how to build concrete systems
that work today, and how to understand the limits and possibilities of computation in general.
As hardware scaling slows and AI systems become more prominent, that balance shifts but does
not disappear. This chapter sketches a few open directions and offers a short checklist of ideas
worth carrying forward into uncertain futures.

27.1 Limits of Hardware Scaling: Beyond Moore’s Law
For decades, Moore’s law—the observation that transistor counts on affordable chips roughly
doubled every couple of years—served as a rough guide to progress. Shrinking features made
chips faster and more energy-efficient without major conceptual changes.

That era is changing. Challenges include:

• physical limits on how small features can get before quantum and thermal effects dominate,

• rising costs of advanced fabrication processes and design,

• diminishing returns from further shrinking for many everyday workloads.

In response, progress increasingly comes from:

• better architectures and co-design (as in earlier chapters on GPUs and specialised hard-
ware),

• improved software, compilers, and algorithms that squeeze more from existing hardware,

• system-level changes such as chiplets, 3D integration, and disaggregated data-centre de-
signs.

Common Pitfall: Treating Moore’s Law as Destiny

It is tempting to assume that hardware will always get faster and cheaper in the same
way.

• That assumption can encourage wasteful designs that rely on future speed-ups to
bail them out.

• It can also obscure opportunities to improve efficiency, usability, and robustness
with current resources.

Thinking explicitly about constraints—compute budgets, energy, memory, and human
attention—is likely to be even more important in the coming decades.
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27.2 New Paradigms: Neuromorphic, Quantum, Analog
Several research directions explore computing that departs more radically from the standard
digital, Von Neumann model.

Examples include:

• Neuromorphic hardware that tries to mimic aspects of biological neural systems, po-
tentially offering energy-efficient processing for certain patterns of activity.

• Quantum computing as discussed earlier: devices that use quantum states to tackle
specific classes of problems.

• Analog and mixed-signal approaches that revisit continuous representations and
computation in specialised contexts.

It is too early to tell which, if any, of these paradigms will become widespread in everyday
systems. Even if they remain niche, they can sharpen our understanding of what is essential to
computation and what is contingent on current technology.

27.3 AI and the Evolving Role of the Programmer
As AI systems increasingly assist with or automate aspects of programming, the role of human
developers is changing. Tools can:

• suggest code, tests, and documentation,

• analyse repositories for patterns and potential issues,

• help navigate unfamiliar APIs and frameworks.

Yet several things remain stubbornly human:

• deciding which problems are worth solving and how to frame them,

• understanding stakeholders, constraints, and trade-offs beyond code,

• exercising judgement about correctness, safety, and ethics.

Rather than disappearing, the programmer’s role is likely to shift towards:

• higher-level design and decomposition,

• curating and evaluating AI-assisted proposals,

• building and maintaining socio-technical systems that include both humans and AI com-
ponents.

From Lab to Life: A Future Workday with AI Tools

Imagine a typical workday a decade from now.

• You might spend less time writing boilerplate and more time specifying behaviour,
constraints, and tests.

• You might debug by interrogating both running systems and the AI assistants that
proposed changes.

Even if many details are uncertain, it is reasonable to expect that collaboration with AI
tools will feel as normal as collaboration with version control and continuous integration
feels today.
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27.4 What to Learn Next: Durable Ideas
Faced with rapid change, it is natural to ask what is worth learning that will still matter years
from now. Many of the ideas in this book are deliberately chosen for their durability.

A non-exhaustive checklist includes:

• Data and representation: how information is encoded and what is gained or lost in
that process.

• Abstraction and modularity: how to break systems into parts that can be understood,
reused, and evolved.

• Complexity and limits: how cost grows with problem size and where fundamental
hardness arises.

• Systems thinking: how components interact in operating systems, networks, and dis-
tributed environments.

• Learning and uncertainty: how models fit data, generalise, and sometimes fail in
surprising ways.

These themes reappear across hardware, software, and AI. New tools may change how they
are instantiated, but not why they matter.

27.5 Where We’re Heading After This Book
This book cannot predict the details of future platforms or paradigms, but it can offer a way of
thinking about them. When you encounter a new technology, you can ask:

• What are its representations, abstractions, and limits?

• Where does computation happen—locally, remotely, or both?

• How do humans fit into the loop: as designers, operators, and affected parties?

If you keep those questions, and the core ideas from earlier chapters, close at hand, you will
be better equipped to navigate and shape the worlds of computing still to come.

Try in 60 Seconds

Pick one emerging technology or trend that interests you—in AI, hardware, or software.

• Briefly describe what problem it claims to solve.

• Note which concepts from this book (for example complexity, representation, or
systems) seem most relevant for understanding it.

This habit of mapping new developments onto familiar ideas is one way to stay grounded
amid rapid change.



Part IX

Appendix
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Appendix Overview

The appendices provide compact mathematical and formal illustrations of ideas that
appeared in the main text. They are not meant as full courses in their topics, but as
bridges between everyday explanations in the chapters and the underlying structures that
support them.
Chapter A revisits sets, functions, relations, logic, discrete structures, probability, and
linear algebra with examples that echo earlier discussions of bits and logic in Chapter 2,
algorithms and complexity in Chapter 3, and learning and uncertainty in Chapters 23
and 24. Chapter B sketches formal models of computation—Turing machines, automata,
grammars, and complexity classes—that give a more precise footing to the informal treat-
ments of computation and limits in Chapters 3 and 20. Chapter C gathers data-structure
and algorithm summaries that complement the narrative treatments in Chapters 3, 9
and 19. Chapter D provides a compact hardware cheat sheet that links back to the ar-
chitecture and hardware chapters in Chapters 6, 7, 18 and 19. Chapter E collects concise
notes on loss functions, optimisation, overfitting, and probabilistic modelling that under-
pin the AI discussions in Chapters 23 to 25, while Chapter F offers timelines and further
reading that connect the historical threads running throughout the book.



Appendix A
Mathematical Foundations for
Computer Science
The main chapters of this book used mathematical ideas informally: sets and functions when
talking about representations, graphs when talking about networks, probabilities when talking
about learning, and matrices when talking about GPUs. This appendix gathers those ideas
in one place, not as a full course in mathematics, but as a set of illustrations that make the
underlying structures a little more explicit.

A.1 Sets, Functions, and Relations
At the simplest level, a set is a collection of distinct elements. In Chapter 2, bits and bytes were
sets of possible patterns: for 8 bits, the set of all byte patterns has 28 elements. In Chapter 12,
IP addresses can be thought of as elements of a set of possible endpoints.

A function is a rule that assigns to each element of one set (the domain) exactly one element
of another set (the codomain). Examples include:

• the function that maps each URL to the IP address returned by DNS at a given time
(Chapter 12),

• the function that maps a string of code to the machine instructions produced by a compiler
(Chapter 10),

• the function that maps a matrix of pixel values to a label such as “cat” or “dog” in a
vision model (Chapter 23).

A relation generalises functions by allowing multiple outputs or partial definitions. For
example:

• the “is connected to” relation in a network graph associates each machine with all others
it has links to,

• the “depends on” relation between software packages in Chapter 9 associates each package
with all the libraries it requires.

From Lab to Life: Graphs Behind Package Managers

When a package manager resolves dependencies, it effectively walks a graph.

• Nodes are packages; edges indicate “depends on” relationships.

• Installing one package means following edges to collect all prerequisites, taking care
to avoid cycles and conflicts.

Thinking explicitly in terms of sets, functions, and relations helps explain why certain
dependency graphs are easy to handle and others lead to “dependency hell” (Chapter 9).
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A.2 Logic and Simple Proof Patterns
Chapter 2 and Chapter 22 leaned on basic logic: propositions that can be true or false, and
connectives such as AND, OR, and NOT. At a slightly more formal level:

• an implication P ⇒ Q reads “if P is true, then Q is true”,

• a contrapositive ¬Q ⇒ ¬P is logically equivalent to P ⇒ Q,

• a proof by contradiction assumes P and ¬Q and derives a contradiction, thereby showing
P ⇒ Q.

Proofs by induction, implicitly used in Chapter 3 when reasoning about loops, follow a
pattern:

• show a base case holds (for example, that an invariant is true before a loop starts),

• show that if it holds for one step, it holds for the next (for example, one more iteration),

• conclude that it holds for all steps reached by repeating the process.

These patterns underpin correctness arguments for algorithms even when not written out
formally.

A.3 Discrete Structures: Graphs and Trees
Graphs and trees appeared throughout the book:

• network topologies in Chapter 12,

• dependency graphs in Chapter 9,

• search trees for game-playing and planning in AI (Chapters 22 and 25).

Formally, a graph consists of:

• a set of vertices (nodes),

• a set of edges connecting pairs of vertices.

Algorithms such as depth-first search (DFS) and breadth-first search (BFS), discussed in-
formally in Chapter 3, explore these structures efficiently. Trees are graphs without cycles and
with a distinguished root; they provide natural models for hierarchies in file systems, syntax
trees in compilers, and many data structures in Chapter C.

A.4 Probability Snapshots
Probability crept into several discussions:

• in Chapters 23 and 24, when talking about models assigning likelihoods to outputs,

• in Chapter 9, when considering failure rates and update risks,

• in Chapter 27, when thinking about uncertainty in future technologies.

At a basic level:

• a random variable assigns a numerical value to each outcome in a probability space,
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• the expected value E[X] is a weighted average of possible values, with weights given by
their probabilities,

• variance and standard deviation describe how spread out those values are.

In classification, one common view is that a model approximates a conditional probability
distribution P (label | input). Loss functions such as cross-entropy measure how far the model’s
predicted distribution is from one where all probability mass is on the correct label (Chapter 23).

From Lab to Life: Reasoning About Rare Failures

When you decide how much redundancy to build into a system (Chapters 14 and 17), you
implicitly juggle probabilities.

• How likely is a single component to fail in a given period?

• How much does adding another independent component reduce the chance that all
of them fail at once?

Even rough probabilistic reasoning can inform design choices, especially when combined
with an understanding of costs and consequences.

A.5 Linear Algebra Snapshots
In Chapters 19, 23 and 24, vectors and matrices appeared as the natural language of numerical
computing and machine learning.

Key objects include:

• vectors as ordered lists of numbers, representing points, features, or embeddings,

• matrices as grids of numbers that can represent linear transformations or collections of
vectors,

• matrix multiplication as a way of composing linear maps and aggregating information.

Neural networks can be seen as stacks of affine transformations (matrix multiplies plus
biases) followed by non-linearities. GPUs are built to carry out these operations quickly on
large batches, as illustrated in Chapter 19.

From Lab to Life: Embeddings as Coordinates for Meaning

When an LLM represents words or code tokens as vectors (Chapter 24), it effectively
places them in a high-dimensional space where distances and directions capture aspects
of meaning or usage.

• Similar tokens cluster near each other.

• Directions can encode relationships (for example, singular to plural, or present to
past tense).

Linear algebra provides the geometry behind these intuitive pictures, even if you rarely
compute the coordinates by hand.
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A.6 Where to Look Next
This appendix has only gestured at the mathematics underlying the book. If you want to
go deeper, textbooks on discrete mathematics, probability, and linear algebra provide fuller
treatments. The goal here is more modest: to make it easier to recognise familiar structures
when they appear in new contexts and to connect the intuitive explanations in the main chapters
to the formal tools that support them.

Try in 60 Seconds

Pick one concept from this appendix—sets, graphs, probability, or matrices.

• Identify a place in the main text where it played a role.

• Sketch how a slightly more formal view (for example, writing down a small graph
or matrix) might clarify that discussion.

Treat this as a way of tuning your “math radar” for future encounters with new systems
and papers.



Appendix B

Formal Models of Computation
In Chapter 3, we treated computation informally as what an idealised machine can do step by
step, and in Chapter 20 we briefly mentioned complexity classes. This appendix makes some
of those ideas a bit more concrete by sketching classical models of computation and how they
relate to notions of tractability and hardness.

B.1 Turing Machines (Informal Sketch)
A (deterministic) Turing machine is a simple idealised model of a computer. It consists of:

• an infinite tape divided into cells, each holding a symbol from a finite alphabet,

• a head that can read and write symbols on the tape and move left or right,

• a finite set of internal states, including a start state and (optionally) halting states,

• a transition function that, given the current state and tape symbol, decides what symbol
to write, which way to move, and which state to enter next.

Despite its simplicity, this model can simulate any algorithm that we are accustomed to
writing in high-level languages. That is why results like the undecidability of the halting problem,
mentioned in Chapter 3, are so striking: they apply not just to one machine, but to all reasonable
models of computation.

B.2 Finite Automata and Regular Languages
Finite automata are simpler than Turing machines. They have:

• a finite set of states, one of which is a start state,

• a set of accepting states,

• transitions between states labelled by input symbols.

As they read an input string symbol by symbol, they move between states according to the
transitions. At the end, if they are in an accepting state, the string is accepted; otherwise, it is
rejected.

Languages recognised by some finite automaton are called regular. Many patterns used in
text processing and simple protocol parsing fall into this class, which is why tools like regular
expressions can be implemented efficiently with automata under the hood.
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From Lab to Life: Simple Protocols as Automata

Consider a very simple text-based protocol: a client sends a command, the server replies
with either OK or ERROR, and the connection closes.

• You can model the server’s side as a finite automaton with states such as “waiting
for command”, “sending OK”, and “sending ERROR”.

• Testing implementations often involves checking that they follow this small state
machine correctly.

Thinking of such interactions as walks through an automaton connects everyday network
programming (Chapters 12 and 13) with formal language theory.

B.3 Context-Free Grammars and Parsing
Finite automata cannot capture all structured patterns we care about. Programming languages,
for example, have nested constructs (loops inside loops, expressions inside expressions) that
require more expressive power.

Context-free grammars (CFGs) address this. A CFG consists of:

• a set of nonterminal symbols,

• a set of terminal symbols (the actual tokens, such as keywords and operators),

• a set of production rules that describe how nonterminals can expand into sequences of
terminals and nonterminals,

• a start symbol.

Parsers use grammars to decide whether a given string of tokens belongs to the language
and, if so, to build a parse tree. Compilers and interpreters, discussed in Chapter 10, rely on
these structures even when the details are hidden behind tools.

B.4 Complexity Classes: P, NP, and Beyond
In Chapter 3, we grouped algorithms by how their running time grows with input size n. Com-
plexity classes make this more systematic. Two widely discussed classes are:

• P: problems that can be solved in polynomial time (for example O(n), O(n2)) by a
deterministic Turing machine.

• NP: problems for which proposed solutions can be verified in polynomial time.

Problems that are in NP and as hard as any other NP problem (under suitable reductions)
are called NP-complete. Many familiar puzzles and optimisation tasks fall into this category:
satisfiability of Boolean formulas, travelling-salesperson variants, and more.

The famous open question “P vs. NP” asks whether every problem whose solutions can be
verified quickly can also be solved quickly. Most experts suspect not, but no proof exists either
way.
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From Lab to Life: Recognising Hard Structure

When designing systems (Chapters 17 and 25), you sometimes face choices that smell
like NP-hard problems: intricate schedules, complex route planning, or combinatorial
configuration spaces.

• Recognising these patterns can save time: instead of seeking perfect solutions, you
may choose heuristics or approximations.

• Formal complexity theory provides language for describing why such trade-offs are
often necessary.

You need not manipulate Turing machines daily to benefit from this perspective; you only
need to spot when a task resembles known hard problems.

B.5 Classical and Quantum Complexity
Chapter 20 introduced quantum computation and mentioned that it defines its own complexity
class, often called BQP (bounded-error quantum polynomial time). Informally:

• P describes classical polynomial-time solvable problems,

• NP describes problems with polynomial-time verifiable solutions,

• BQP describes problems efficiently solvable on quantum computers with bounded error.

Current evidence suggests that BQP includes some problems believed to be hard for classical
machines (such as certain factoring tasks), but not all NP problems. The exact relationships
among these classes remain an active area of research.

B.6 Why These Models Matter
Formal models of computation give precise meaning to claims like “this problem is undecidable”
or “no efficient algorithm is known”. They underpin statements about limits in Chapters 3, 20
and 27. Even if you rarely write down automata or grammars explicitly, knowing that such
models exist and roughly what they say can make research papers, documentation, and system
designs easier to interpret.

Try in 60 Seconds

Think of one task from your own work or interests.

• Ask whether it looks more like pattern recognition (often suited to learning) or like
satisfying many exact constraints (often linked to NP-hard problems).

• Based on that, consider whether you would first reach for data-driven methods,
formal solvers, or a mix of both.

This quick classification is one way formal models quietly inform everyday decisions.



Appendix C
Data Structures and Algorithm
Summaries
Chapter 3 introduced algorithms and complexity with everyday examples. Throughout the book,
specific data structures appeared implicitly in discussions of arrays, lists, trees, and graphs. This
appendix gathers those ideas into a concise reference, emphasising how different choices shape
performance and behaviour in practice.

C.1 Basic Containers: Arrays, Lists, Stacks, Queues
Many programs start with simple containers.

• Arrays store elements contiguously in memory. Indexing by position is fast, but inserting
or deleting in the middle can be expensive.

• Linked lists store elements in nodes that point to the next (and sometimes previous)
node. Inserting and deleting can be cheap if you already have a pointer, but random
access is slower.

• Stacks follow last-in, first-out (LIFO) discipline. They are useful for function calls, undo
operations, and certain parsing tasks.

• Queues follow first-in, first-out (FIFO) discipline. They model waiting lines, task buffers,
and breadth-first search frontiers.

In asymptotic terms, with n elements:

Structure Access Insert/Delete (middle) Insert/Delete (ends)
Array O(1) O(n) O(1) at end (amortised)
Linked list O(n) O(1) given node O(1) at head/tail
Stack/Queue O(1) top/front N/A O(1) push/pop

Choosing between these depends on typical operations. For example, log processing (Chap-
ter 9) often uses append-only arrays or queues, while undo stacks in editors (Chapter 10) natu-
rally use LIFO structures.

C.2 Trees, Heaps, and Hash Tables
More structured containers offer different trade-offs.

• Binary search trees (BSTs) maintain elements in sorted order, supporting fast search,
insertion, and deletion when balanced.

• Heaps (priority queues) efficiently return the smallest or largest element, useful in schedul-
ing and graph algorithms.
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• Hash tables map keys to values using hash functions, offering average-case constant-time
operations with careful design.

Rough complexity summaries:

Structure Search Insert Delete
Balanced BST O(logn) O(logn) O(logn)
Heap (min/max) O(n) worst for arbitrary element O(logn) O(logn) top
Hash table (average) O(1) O(1) O(1)

Balanced trees and heaps show up implicitly in sorting and scheduling; hash tables underpin
many “dictionary” or “map” abstractions in modern languages (Chapter 10).

C.3 Graphs and Common Algorithms
Graphs, introduced informally in Chapters 9 and 12, model networks of many kinds: computers,
dependencies, roads, and more.

Two standard representations are:

• Adjacency lists, which store for each vertex a list of neighbours, efficient for sparse
graphs.

• Adjacency matrices, which store a matrix of edge indicators, convenient for dense
graphs and certain linear-algebra-based methods.

Common algorithms include:

• depth-first and breadth-first search for exploration and connectivity checks,

• Dijkstra’s algorithm for single-source shortest paths on graphs with non-negative weights,

• topological sorting for ordering tasks with dependency constraints.

These appear behind the scenes in route planning, build systems, and many network tools.

C.4 Sorting and Searching
Chapter 3 introduced searching (linear vs. binary) and sorting. Here is a compact view:

• Linear search scans elements one by one: O(n).

• Binary search on sorted data halves the search space each step: O(logn).

• Selection sort and insertion sort are simple but O(n2) in general.

• Merge sort and heapsort achieve O(n logn) in the worst case.

• Many practical libraries use tuned variants of quicksort, timsort, or hybrids, focusing on
constant factors and cache behaviour.

The choice of algorithm affects not only time but also memory use, stability (whether equal
elements keep their relative order), and cache friendliness. In GPU contexts (Chapter 19),
specialised parallel sorting and searching algorithms further adjust these trade-offs.
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C.5 Connecting Back to Systems and AI
Data structures and algorithms are not isolated topics.

• Operating systems (Chapter 8) rely on queues, trees, and hash tables for scheduling, file
systems, and caches.

• Networks and web services (Chapters 12 and 13) depend on graph algorithms and efficient
lookup structures.

• AI systems (Chapters 23 and 25) combine numerical kernels (matrix operations) with
classic structures for datasets, logs, and model registries.

Remembering the basic shapes and costs of common structures can make it easier to read
code, interpret performance profiles, and design new components.

Try in 60 Seconds

Think of a system you use or might build: a web app, a data pipeline, or a small AI tool.

• Identify at least two data structures it probably uses (for example, queues, hash
tables, trees, or graphs).

• Ask how changing one of those choices might affect performance or simplicity.

This quick exercise turns abstract summaries into concrete design levers.



Appendix D

Hardware Cheat Sheet
Several chapters (Chapters 6, 7, 18 and 19) opened the lid on hardware. This appendix gathers
some of those ideas into compact sketches: basic digital building blocks, a simple CPU pipeline,
the memory hierarchy, a high-level GPU view, and a rough comparison from C64-era machines
to modern systems.

D.1 Basic Digital Electronics
Digital circuits use a small set of logic gates as primitives:

• AND, OR, NOT (introduced in Chapter 2),

• NAND and NOR, which on their own are functionally complete (any Boolean function
can be built from enough of them).

From these, designers build:

• flip-flops that store single bits and act as basic memory elements,

• registers that hold multi-bit values close to the CPU’s arithmetic units,

• adders, comparators, and other combinational circuits for arithmetic and control.

While most programmers never touch these directly, knowing that all higher-level behaviour
ultimately rests on a sea of simple, fast switches reinforces the connections drawn in Chapters 2
and 6.

D.2 A CPU Pipeline Sketch
Chapter 6 described how modern CPUs process instructions in stages. A basic in-order pipeline
might have steps such as:

• Fetch: read the next instruction from memory,

• Decode: interpret the opcode and operands,

• Execute: perform arithmetic or logical operations,

• Memory: read or write data memory if needed,

• Write-back: store results in registers.

Pipelining overlaps these steps for different instructions, so while one instruction is executed,
the next is being decoded and a third is being fetched. Out-of-order and superscalar designs
add further complexity, but the core idea remains: cut the work of executing an instruction into
stages and keep those stages busy.
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From Lab to Life: Why “Tiny” Branches Matter

In Chapter 6, we noted that branch prediction and speculation complicate the simple
one-instruction-at-a-time picture.

• When a branch is mispredicted, work done along the wrong path must be discarded,
and the pipeline refilled.

• Even a small change in code or data layout can alter prediction behaviour, leading
to surprising performance differences.

Remembering that a modern CPU is a carefully balanced assembly line helps explain why
performance tuning sometimes feels like choreography rather than simple counting.

D.3 Memory Hierarchy
Accessing data is not all-or-nothing; different storage layers have different speeds and sizes. A
simplified hierarchy looks like:

• Registers: tiny, fastest storage inside the CPU core,

• Caches: small, fast memories (L1, L2, sometimes L3) close to cores,

• Main memory (RAM): larger but slower than caches,

• Persistent storage: SSDs or disks, much slower but non-volatile,

• Remote storage: networked drives or cloud storage, slower still with added latency.
The gap between these layers shapes algorithms (Chapter 3) and systems: cache-friendly

data structures and access patterns can make a large difference in practice.

D.4 A GPU Architecture Glimpse
GPUs, discussed in Chapter 19, organise computation differently:

• many simple arithmetic units grouped into streaming multiprocessors or compute units,

• wide SIMD/SIMT execution: the same instruction applied to many data elements in
parallel,

• distinct memory regions (registers, shared memory, global memory) with different speeds
and scopes.

The key design goal is to keep many threads busy on data-parallel tasks such as matrix
operations, hiding memory latencies by scheduling other work while some threads wait.

D.5 From C64 to Modern Laptops and Servers
Hardware capabilities have changed dramatically over the decades. A rough, illustrative com-
parison:

System Era RAM Approx. CPU speed
Commodore 64 early 1980s 64 KB ∼1 MHz
Desktop PC late 1990s 64–256 MB ∼300–500 MHz
Laptop with M1-class SoC early 2020s 8–16 GB multi-GHz, multi-core
Cloud GPU node 2020s 64+ GB RAM, multi-GB
GPU memory many TFLOPS
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These numbers are indicative, not exhaustive, but they echo the stories in Chapters 4, 5,
7, 14 and 19: constraints eased at one level (memory, clock speed) are replaced by new ones
higher up (energy budgets, parallel-programming complexity, data movement).

Try in 60 Seconds

Pick one example from the table and one from your current hardware.

• Ask what tasks would have been impractical on the earlier system but feel routine
now.

• Then ask what new constraints you face today (for example, energy, privacy, scale)
that were not salient then.

This contrast can sharpen intuition about both progress and the persistence of trade-offs.



Appendix E

AI and ML Essentials
Chapters 23 to 25 described machine learning and AI systems mostly through examples and
narratives. This appendix collects a few mathematical essentials behind those stories: loss func-
tions and optimisation, gradient descent and backpropagation, overfitting and regularisation, a
brief probabilistic view, and a short glossary of common terms.

E.1 Loss Functions and Optimisation
Most supervised learning problems can be framed as:

• choose a model fθ with parameters θ,

• define a loss function L(θ) that measures how poorly fθ fits the data,

• search for parameters that (approximately) minimise L(θ).

Typical losses include:

• Mean squared error (MSE): averages squared differences between predictions and
targets, common in regression,

• Cross-entropy: measures the distance between predicted probabilities and one-hot tar-
gets, common in classification,

• Margin-based losses: such as hinge loss in support-vector machines, emphasising correct
separation.

In Chapter 23, these appeared as curves that models try to descend; in Chapter 25, they
surfaced implicitly in discussions of training and fine-tuning.

E.2 Gradient Descent and Backpropagation
To minimise a loss, many models use gradient-based methods. The gradient of the loss with
respect to parameters points in the direction of steepest increase; moving a small step in the
opposite direction can reduce the loss.

Conceptually:

• choose an initial parameter setting θ0,

• repeatedly update θt+1 = θt − η∇L(θt), where η is a learning rate,

• stop when changes become small or after a fixed number of steps.

For neural networks, computing gradients efficiently is crucial. Backpropagation is a system-
atic application of the chain rule from calculus: it propagates error signals backwards through
the network, layer by layer, reusing intermediate computations.
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From Lab to Life: Why Learning Rates Feel Like Volume Knobs

When tuning models in practice (Chapter 23), learning rate often feels like a volume
knob.

• Set too low, progress is slow; loss decreases gently, and training may stall.

• Set too high, updates overshoot; loss may bounce around or diverge.

This behaviour flows directly from gradient-descent dynamics. Many modern optimisers
adapt learning rates automatically, but the underlying trade-off remains the same.

E.3 Overfitting, Generalisation, and Regularisation
In Chapter 23 and Chapter 15, we saw that models can overfit: perform well on training data
but poorly on new data. Formally:

• training error measures performance on seen examples,

• generalisation error measures performance on unseen examples from the same distribution.

Regularisation techniques aim to improve generalisation by constraining models:

• Weight penalties (such as L2 regularisation) discourage excessively large parameter
values,

• Dropout randomly deactivates units during training to reduce co-adaptation,

• Early stopping halts training when validation performance stops improving, even if
training loss could be reduced further.

The bias–variance trade-off, discussed informally in several chapters, captures the tension
between underfitting (too simple) and overfitting (too complex).

E.4 Probabilistic Modelling Snapshots
Many ML models can be viewed probabilistically:

• classifiers approximate P (label | input),

• generative models approximate P (data) or P (data | latent variables),

• sequence models approximate P (next token | context), as in Chapter 24.

Bayesian perspectives treat parameters themselves as random variables with prior distribu-
tions, updated to posterior distributions in light of data. Even when full Bayesian methods are
not used, the framing—separating prior beliefs, data, and likelihoods—can clarify assumptions.
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From Lab to Life: Confidence Is Not Certainty

When an LLM or classifier reports a high probability for an answer, it is easy to read
that as certainty.

• In practice, those probabilities often reflect patterns in training data and model
structure, not calibrated degrees of belief.

• Evaluating and, where necessary, recalibrating model outputs is part of responsible
deployment (Chapter 25).

Remembering that probabilities live on models, not on the world itself, can prevent over-
interpretation.

E.5 Glossary of Common ML/AI Terms
This short glossary complements the main text:

• Activation function: non-linear function (such as ReLU or sigmoid) applied to neuron
outputs.

• Batch: a subset of training examples processed together in one optimisation step.

• Epoch: one pass through the full training dataset.

• Embedding: vector representation of discrete items (words, tokens, items) in a continu-
ous space.

• Fine-tuning: further training of a pre-trained model on a narrower task or dataset.

• Inference: using a trained model to make predictions on new data.

• Label: target output associated with an input in supervised learning.

• Regularisation: techniques that constrain models to improve generalisation.

• Supervised learning: learning from input–output pairs.

• Unsupervised learning: discovering structure in data without explicit labels.

E.6 Connecting Back to the Chapters
The notions in this appendix underpin many of the narratives in Chapters 23 to 25 and 27.
When you read about models “learning from data”, “overfitting”, or “following gradients”,
these sketches provide a mathematical backdrop. The goal is not to turn every reader into
an ML researcher, but to make technical discussions in papers, documentation, and tools easier
to parse.
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Try in 60 Seconds

Pick one ML-related term that you have seen frequently (for example “loss”, “gradient”,
or “regularisation”).

• Write a one-sentence explanation in your own words.

• Note which chapters of this book it connects to most directly.

Being able to state such definitions informally but clearly is often enough to participate
confidently in technical conversations.



Appendix F
Historical Timelines and Further
Reading
Throughout this book we met computers, languages, networks, and AI systems in roughly
chronological order, but always tied to concepts. This appendix pulls the historical strands into
a few compact timelines and offers a short, opinionated reading list for readers who want to go
deeper into history, memoir, and technical exposition.

F.1 Hardware Timeline (Very Compressed)
This sketch highlights a few landmarks connected to chapters in the book:

• 1940s–1950s: early electronic computers (vacuum tubes, punch cards) → Chapter 4.

• 1960s–1970s: transistors, integrated circuits, mainframes, and minicomputers → Chap-
ter 4.

• Late 1970s–1980s: home computers (Apple II, Commodore 64, others) → Chapter 5.

• 1990s–2000s: mainstream desktops and laptops, early mobile devices → Chapters 7
and 16.

• 2010s–2020s: highly integrated SoCs, GPUs for general compute, custom accelerators
→ Chapters 7, 18 and 19.

Many intermediate steps and alternative lines are omitted here; the goal is to keep visible
the rough shape of the story from rooms full of tubes to chips in pockets and data centres.

F.2 Languages and Paradigms Timeline
Languages and paradigms evolved together.

• 1950s–1960s: FORTRAN and COBOL (early high-level, domain-focused languages),
LISP (symbolic and functional ideas) → Chapter 10.

• 1970s–1980s: C and Pascal (systems and structured programming), Smalltalk (object-
oriented ideas) → Chapters 10 and 11.

• 1990s: Java and C# (managed, object-oriented), widespread scripting (Perl, early Python,
JavaScript) → Chapter 10.

• 2000s–2010s: dynamic languages and rich ecosystems (Python, Ruby, JavaScript), func-
tional influences in mainstream languages, DSLs and configuration languages → Chap-
ter 11.

• 2010s–2020s: growing emphasis on concurrency, reactive patterns, and languages tied
to data/ML workflows → Chapters 11 and 23.

Behind these dates lie many experiments and niche languages. The timeline is meant as a
map, not a complete itinerary.
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F.3 AI Milestones in Context
The AI-related chapters touched on several eras; this timeline clusters a few reference points:

• 1950s–1960s: early symbolic AI and logic-based systems → Chapter 22.

• 1970s–1980s: expert systems boom and later winter → Chapter 22.

• 1980s–1990s: development of backpropagation and classic ML methods → Chapter 22.

• 2010s: deep-learning breakthroughs in vision and speech → Chapter 23.

• Late 2010s–2020s: transformers, large language models, and agentic AI systems →
Chapters 24 and 25.

Seeing these in one place can help situate current tools inside a longer arc, rather than as
isolated novelties.

F.4 Further Reading: History and Memoir
For readers interested in historical and personal perspectives, a few accessible starting points:

• Books that trace the history of computing hardware and software, focusing on how specific
machines and systems came to be.

• Memoirs and essays by practitioners who worked on early mainframes, home computers,
operating systems, or the web, echoing themes from Chapters 4, 5, 8 and 13.

• Overviews of AI history that expand on Chapters 22 to 24, including both symbolic and
connectionist strands.

The precise titles you choose can vary by language and region; librarians, curated reading
lists from courses, and bibliographies in introductory texts are good guides.

F.5 Further Reading: Technical and Conceptual
For more formal or technical depth:

• Discrete mathematics and algorithms texts that flesh out Chapters A, 3 and C.

• Operating-system, networking, and distributed-systems books that expand on Chapters 8
and 12 to 14.

• Machine-learning and AI textbooks that develop the ideas in Chapters E, 23 and 24 with
full mathematical detail.

Reading broadly in these areas can solidify the conceptual toolkit introduced here and
provide theorems, proofs, and case studies that were only sketched in the main chapters.

F.6 Workbook Companions
In addition to the appendices, a set of separate PDF workbooks extends some chapters into
hands-on labs. They are designed as modular companions: you can work through any of them
independently of the others, dipping in wherever a topic in the main book feels especially
inviting.

At the time of writing, the workbook family includes:
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• C64 Workbook: From Hardware to Pong — a practical companion to Chapters 5 and 6,
guiding you through setting up a Commodore 64 emulator, writing small BASIC and
assembly programs, and building a simple Pong-style game (PDF: https://hilpisch.
com/commodore.pdf).

• AI Chats Workbook: Pong in 2025 — a browser- and large-language-model-based “Chat-
Bot Pong” lab that mirrors the C64 workbook’s structure while documenting an AI-
assisted HTML/CSS/JavaScript build (PDF: https://hilpisch.com/chats.pdf).

• CA Workbook: Cellular Automata and the Game of Life — a cellular-automata lab that
complements the discussions of models and complexity in Chapters B, 3 and 20, taking you
from simple rules to emergent patterns and small experiments (PDF: https://hilpisch.
com/automata.pdf).

• Tensor Workbook: The Hidden Champions of the AI Revolution — an in-depth, currently
evolving companion to Chapters 23 and 24, focused on tensors, NumPy and PyTorch code,
and a from-scratch self-attention block (PDF: https://hilpisch.com/tensors.pdf).

New workbooks may join this list over time. When they do, they will follow the same spirit:
tight links back to specific chapters, runnable code or experiments, and a narrative that keeps
the technical work grounded in history and practice.

F.7 Film, Documentaries, and Culture
Fiction and documentary portrayals of computing are often stylised, but they can still sharpen
intuition or raise questions.

• Films and series about early personal computing, networking, and startups connect loosely
to Chapters 5 and 13.

• Documentaries on internet infrastructure, free software, or AI research often echo technical
themes while adding human and institutional detail.

• Stories that explore the social impact of automation and AI resonate with Chapters 25
and 27.

Used critically—as prompts for questions rather than as technical sources—such works can
make abstract topics more vivid and memorable.

Try in 60 Seconds

Choose one chapter from the main book that you found especially engaging.

• Decide whether you would rather deepen your understanding of its history, its
technical details, or its societal implications.

• Based on that choice, pick one of the reading directions above as a next stop.

• Note down one concrete resource or genre (for example “OS textbooks”, “AI history
essays”, or “documentaries on networks”) to look for.

Treat the timelines and suggestions here as a launchpad rather than a checklist.

https://hilpisch.com/commodore.pdf
https://hilpisch.com/commodore.pdf
https://hilpisch.com/chats.pdf
https://hilpisch.com/automata.pdf
https://hilpisch.com/automata.pdf
https://hilpisch.com/tensors.pdf


Glossary
This glossary collects key terms and abbreviations that recur throughout the book. Definitions
are brief and informal; for richer context and examples, see the referenced chapters.

A
Abstraction The practice of hiding lower-level details behind simpler interfaces so that
systems can be understood and modified in parts (Chapters 1, 6 and 10).
AI (Artificial Intelligence) Broadly, systems and methods that aim to perform tasks that,
when done by humans, are associated with intelligence, such as reasoning, perception, and
learning (Chapters 22 to 25).
Algorithm A precise, step-by-step procedure for solving a problem or transforming inputs
into outputs, such as search, sorting, or optimisation routines (Chapters 1 and 3).
API (Application Programming Interface) A defined interface through which one pro-
gram or service can request work or data from another, often exposed over the web using HTTP
and structured data formats (Chapters 13 and 25).

B
Backpropagation An efficient method for computing gradients of a loss function with respect
to neural-network parameters by applying the chain rule backwards through layers (Chapters E
and 23).
Batch A subset of training examples processed together in one optimisation step, trading off
noisy single-example updates against the cost of very large batches (Chapters E and 23).
Big-O notation A way of describing how the running time or space usage of an algorithm
grows with input size, up to constant factors, such as O(n), O(n logn), or O(2n) (Chapter 3).

C
Cache A small, fast memory that keeps copies of recently used data or instructions close to
the CPU to reduce access latency (Chapters D and 6).
CLI (Command-Line Interface) A text-based interface where users type commands and
see textual output, often used to chain tools together and, more recently, to script interactions
with AI models (Chapters 8, 24 and 26).
Cloud computing A model in which compute, storage, and higher-level services are provided
on demand over networks, rather than running solely on local machines (Chapters 14 and 15).
Compiler A program that translates source code in a high-level language into lower-level
code (such as machine instructions) that can run on specific hardware (Chapter 10).
CPU (Central Processing Unit) The core processing component of a computer that exe-
cutes instructions, performs arithmetic and logic, and coordinates data movement (Chapter 6).

D
Data centre A facility that houses large numbers of servers, storage systems, and networking
equipment, forming the physical backbone of many cloud services (Chapter 14).
Data structure A way of organising data in memory (such as arrays, lists, trees, or hash
tables) that affects how efficiently common operations can be performed (Chapters 3 and C).
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Dataset A collection of examples (inputs, and sometimes labels) used for training, evaluating,
or testing models (Chapters E and 23).
DNS (Domain Name System) A distributed system that translates human-readable
names like example.com into IP addresses that routers can use (Chapter 12).
DSL (Domain-Specific Language) A small language tailored to a particular class of prob-
lems (such as SQL for databases or configuration languages for infrastructure) rather than
general-purpose programming (Chapter 11).

E
Edge computing Performing computation near the data source (for example on devices,
gateways, or local servers) instead of sending all data to distant cloud data centres, often to
improve latency, privacy, or resilience (Chapter 17).
Epoch One full pass through a training dataset during optimisation of a machine-learning
model (Chapters E and 23).

F
FPGA (Field-Programmable Gate Array) A reconfigurable integrated circuit whose
logic can be programmed after manufacturing, used for prototyping and specialised acceleration
(Chapter 18).

G
GPU (Graphics Processing Unit) A processor originally designed to accelerate graphics
that is now widely used for data-parallel numerical workloads, such as matrix-heavy computa-
tions in machine learning (Chapters 7, 15, 19 and 23).

H
HTTP (Hypertext Transfer Protocol) An application-layer protocol used by browsers
and web APIs to request and send resources over TCP connections (Chapters 12 and 13).

I
IaaS (Infrastructure as a Service) A cloud-computing model in which providers rent out
virtual machines, storage, and networking as building blocks, leaving operating systems and
applications to users (Chapter 14).
IP (Internet Protocol) The protocol that routes packets across networks from source to
destination addresses (Chapter 12).

J
JSON (JavaScript Object Notation) A lightweight text format for representing struc-
tured data as nested objects and arrays, widely used in web APIs (Chapters 13 and 25).

L
LAN (Local Area Network) A network that connects computers within a limited area
such as an office, lab, or home, often using Ethernet or Wi‑Fi (Chapter 12).
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LLM (Large Language Model) A transformer-based model with many parameters, trained
on large text and code corpora to predict and generate sequences, used in chatbots, code
assistants, and agents (Chapters 24 and 25).
Loss function A numerical measure of how poorly a model’s predictions match desired
outputs; optimisation seeks to minimise this quantity (Chapters E and 23).

M
Memory hierarchy The arrangement of storage layers from fastest and smallest (regis-
ters, caches) to slowest and largest (RAM, disks, remote storage), which shapes performance
characteristics (Chapters D and 6).
Model (in ML) A parameterised function that maps inputs to outputs, trained from data
to minimise a loss function, such as a neural network used for classification or generation
(Chapters E and 23).
Moore’s law An empirical observation that, for many years, the number of transistors on
affordable chips roughly doubled every couple of years, often used as shorthand for expected
hardware progress (Chapter 27).

N
Network (computer) A collection of machines connected via communication links, from
small local-area networks to the global internet (Chapters 12 and 13).
Neural network A model composed of layers of simple, interconnected units that transform
inputs through learned weights and non-linearities, widely used in deep learning (Chapters E
and 23).

O
Operating system (OS) The software layer that manages hardware resources, processes,
memory, files, and devices, providing a hospitable environment for programs and users (Chap-
ter 8).
Overfitting A situation where a model fits training data very closely but performs poorly on
new data, often because it has effectively memorised noise rather than learning general patterns
(Chapters E and 23).

P
PaaS (Platform as a Service) A cloud-computing model in which providers manage run-
times and infrastructure so users can deploy code without maintaining operating systems and
low-level services (Chapter 14).
Protocol An agreed set of rules for communication between machines or processes, such as
TCP/IP for the internet or higher-level protocols like HTTP (Chapters 12 and 13).
Proxy (AI agent) An AI-driven component that acts on a user’s behalf within a system,
making calls to models and tools according to high-level goals (Chapter 25).

Q
Quantum computer A computing device that uses qubits and quantum operations such as
superposition and entanglement to tackle particular classes of problems (Chapter 20).
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R
REPL (Read–Eval–Print Loop) An interactive environment where expressions or com-
mands are read, evaluated, and their results printed in a loop, encouraging exploratory work
with code and data (Chapter 26).
Regularisation Techniques that constrain models (for example through penalties or archi-
tectural choices) to improve generalisation and reduce overfitting (Chapters E and 23).

S
SaaS (Software as a Service) A model in which complete applications are delivered over the
network, typically via browsers or mobile apps, while providers run and maintain the underlying
infrastructure (Chapter 14).
Scaling law An empirical relationship describing how model performance tends to improve
as parameters, data, and compute increase, up to certain limits (Chapter 24).
SoC (System-on-a-Chip) An integrated circuit that combines CPU cores, GPUs, memory
controllers, and other components on a single piece of silicon (Chapters 7 and 21).
Stack (data structure) A last-in, first-out container used for function calls, undo operations,
and other contexts where the most recent item is processed first (Chapter C).

T
TCP (Transmission Control Protocol) A transport-layer protocol that provides reliable,
ordered delivery of a stream of bytes over IP networks, with acknowledgements and retransmis-
sions (Chapter 12).
Transformer A neural-network architecture built around attention mechanisms that relate
positions in a sequence to each other, enabling efficient training and long-range dependencies
in language and other sequence tasks (Chapter 24).
Turing machine An idealised mathematical model of a computer that manipulates symbols
on an infinite tape according to a finite set of rules, used to define computability and complexity
classes (Chapters B and 3).

U
UDP (User Datagram Protocol) A lightweight transport-layer protocol that sends indi-
vidual datagrams without guarantees of delivery or order, useful for time-sensitive or multicast
applications (Chapter 12).
URL (Uniform Resource Locator) A text identifier that specifies where a resource is
located on the web and which protocol to use to access it, such as https://example.com
(Chapter 13).

V
Virtual machine (VM) A software-emulated computer that runs its own operating sys-
tem and applications on top of shared physical hardware, often provided by cloud platforms
(Chapter 14).

W
Web API An API exposed over web protocols (typically HTTP), allowing programs to
request services or data from remote systems, often using formats such as JSON (Chapters 13
and 25).
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Workload The mix of tasks and resource demands that a system or component must handle,
such as interactive requests, batch jobs, or training runs (Chapters 14, 15 and 17).
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