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From Sand to
Superintelligence

A long-form, image-first journey — sand to silicon to thought to network.
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P A R T  I

How silicon is made
Sixteen chapters on the supply chain that turns a rock into a chip.
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Chapter 01

The Mineral
Quartz, purity, and why ordinary sand can't think

99.9999999%
PURITY REQUIRED FOR

CHIPS

99.86%
PURITY STRAIGHT

FROM THE MINE

4th
MOST-MINED

COMMODITY ON EARTH

here is a particular kind of rock, white as bone and

harder than steel, sitting in the cool dark of mountains in

Spruce Pine, North Carolina, and a handful of other

places on earth. If you had picked it up a thousand years ago,

you would have noticed nothing remarkable. You would have

called it pretty. Today, almost every modern thought your

civilization has — every bank transaction, every photograph,

every neural network weight — has passed through it.

The story of the NVIDIA Vera Rubin AI supercomputer does not begin with

engineers, or fabrication plants, or even with silicon. It begins underground.
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The first myth to dispatch is the most charming one: that semiconductors are

made from beach sand. They are not. Beach sand is a riot of contamination —

iron, organic salts, fragments of shell, traces of every river that ever drained

into that coast. To a chip, beach sand is a chemical nightmare.

What chipmakers want is quartzite: a metamorphic rock formed when

sandstone is cooked under pressure for hundreds of millions of years until its

quartz grains fuse and recrystallize into a near-pure mass of SiO₂ . The world

produces and consumes vast quantities of silica (https://investornews.com/critical-minerals-rare-earths/c

mi-masterclass-the-real-story-behind-the-critical-mineral-silica/) — it is among the most-extracted

commodities on earth — but only a tiny fraction is clean enough to consider

for semiconductors, and a vanishingly small fraction within that is clean

enough to actually use.

The chip in your pocket began as a rock so unusually pure that

geologists in three centuries of looking have only catalogued a

handful of deposits worth mining for it.

Quartz is silicon dioxide. Two oxygens, one silicon, locked in a tetrahedral

lattice that has bedeviled metallurgists since antiquity. It is hard (Mohs 7),

chemically inert at room temperature, and stubborn — which is exactly why it

has survived eons in the earth's crust without breaking down. The same

stubbornness is why getting silicon out of it is so difficult.

Inside a high-grade quartzite deposit, the rock can reach 99.86% SiO₂ before
any human touches it. The remaining 0.14% sounds trivial. It is not. Within

that fraction live boron, phosphorus, aluminum, iron, calcium, and other atoms

that, in concentrations as small as parts per billion, can short-circuit the very

Not all sand thinks

Quartzite, the mother stone
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property that makes silicon useful: its precisely controllable electrical

conductivity. A boron atom in the wrong place is not an impurity — it is a

transistor that someone forgot to design.

So we begin from the cleanest rock available, and we begin removing.

The geography is concentrated and quietly geopolitical. China is the largest

producer of raw silica, but the small handful of mines that supply

semiconductor-grade precursor material is much narrower. Brazil, Norway, the

United States — particularly the Spruce Pine region — and a few sites in

Russia and Mauritania account for most of it.

An open pit at one of these sites looks like every other open pit: terraced

cliffs, haul trucks the size of houses, dust on the wind. What separates them

is what comes out. Excavators bite into the quartzite, ore is blasted free, and

the rock is hauled to a primary processing facility where it is washed,

screened, and reduced to a coarse powder. From here, only the cleanest

fraction continues onward.

A  N O T E  O N  S P R U C E  P I N E

The world's most important semiconductor mine is not in Taiwan. It is in Spruce

Pine, North Carolina, where two mines produce the world's purest natural

quartz — used for the crucibles in which polysilicon is later melted. A 2024

wildfire and Hurricane Helene briefly threatened the town. For a moment, much

of the global semiconductor industry was watching the local weather.

Where the world keeps its silicon

From Sand to Superintelligence — 5 / 224



What leaves the quartzite mine is not yet a chip. It is not even silicon, in the

sense an engineer means the word. It is a clean white rock that, with

sufficient violence, can be persuaded to give up its silicon — provided you

bring enough heat, the right reducing , and a furnace built like a foundry

from the gates of hell.

That furnace is where we go next.

FIGURE 1.1 The purity ladder, from sand to electronic-grade silicon.

Each rung removes 90–99% of remaining contaminants.

The first cut

agent

98% 99% 99.9999% 99.9999999% 99.99999999%

SAND
beach

MG-Si
arc furnace

SOLAR-Si
6N (six nines)

EG-Si
9N polysilicon

EG-Si
advanced (10N)The purity ladder

From dirt to monocrystalline silicon, each step removes 90–99% of remaining impurities.
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Chapter 02

Fire and Carbon
Smelting metallurgical-grade silicon at 1,700°C

1,700°C
MINIMUM OPERATING

TEMPERATURE

13–14 MWh
ENERGY PER TON OF

MG-SI

99%
PURITY AFTER

SMELTING

f you stand at the edge of an active silicon smelter — and

you are unlikely to, because they do not let you — you feel

the heat in your sternum before you feel it on your skin.

The whole building is a thermal organ. Above your head, three

carbon electrodes the size of tree trunks descend into a

furnace whose interior is brighter than the surface of the sun.

This is where rock becomes metal. The technology is essentially Edwardian

— submerged-arc electric furnaces have been making silicon since the 1900s

— but the discipline required to run one is anything but old-fashioned.
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The furnace is a refractory-lined pit, perhaps three meters deep and ten

across. Into it goes a dry stoichiometric mix called the "charge": chunks of

clean quartzite, metallurgical-grade coke, charcoal, and wood chips. The

wood chips are not there for sentiment — they keep the charge porous so

reaction gases can escape.

From above, three enormous carbon electrodes, each fed continuously

downward by hydraulic mechanisms as they consume themselves, strike

electric arcs into the charge. The furnace draws tens of megawatts. Plant

operators speak of furnaces by their power rating — a "30 MW unit" — the

way mariners speak of ships by their tonnage.

The chemistry is brutal in its simplicity. Inside the white-hot pool at the base

of the furnace, silicon dioxide and carbon meet and rearrange themselves:

SiO₂ + 2C → Si + 2CO

The carbon takes the oxygen. The silicon is left behind, molten and dense,

and it pools at the floor of the furnace. Carbon monoxide gas vents up

through the charge and burns at the surface — a furnace in normal operation

has flames licking out of the top continuously, blue and orange, like a chimney

for an invisible engine. Producing one ton of metallurgical-grade silicon (https://ww

w.energycentral.com/energy-biz/post/mining-and-refining-pure-silicon-and-incredible-effort-it-takes-get-there-0-zncwjzLjToZK1Hg)

requires roughly 13–14 megawatt-hours of electricity, which is one reason

silicon production tends to cluster near hydroelectric dams.

Inside the arc furnace

Carbothermic reduction
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Periodically, an operator opens a tap hole in the side of the furnace. White-hot

molten silicon — actually a luminous gold color, because what we call "white-

hot" is mostly emission — pours out into a ladle, then into casting beds where

it solidifies into rough plates. Once cooled, the plates are crushed, and the

result is shipped as a granular grey-silver material that looks more like pencil

lead than computer.

This is metallurgical-grade silicon — MG-Si — and it is good enough for most

things silicon is asked to do in the world: aluminum alloying, silicone

polymers, ferrosilicon for steel-making, and so on. About 80% of all silicon

ever produced ends its career here.

W H E R E  M O S T  S I L I C O N  G O E S

Of the millions of tons of metallurgical silicon produced annually, only a small

percentage ever sees a semiconductor. The bulk is consumed by aluminum

smelting, silicone production, and ferrosilicon for steel. The semiconductor

industry, for all its glamour, is a small and unusually demanding customer at the

back of the queue.

At 99% purity, MG-Si has roughly 10,000 parts per million of impurities. To put

that in perspective: a modern chip's transistors are sensitive to dopant atoms

at the level of one part per billion or finer. The silicon coming out of the arc

furnace is a million times too dirty.

The next stage, then, is not another step on a manufacturing line. It is

essentially a different industry, with different equipment, different chemistry,

The tap and the pour

Why this is not good enough
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and different physics. We have to take a metal and turn it back into a gas —

and then turn that gas back into a metal, more carefully this time.

FIGURE 2.1 Cross-section of a submerged-arc electric furnace. Three

carbon electrodes strike arcs into the charge, producing the

heat that drives carbothermic reduction.

molten silicon, ~1700 °C

QUARTZITE + COKE + WOOD CHIPS

⚡ ⚡ ⚡

→ 99% Si

SiO₂ + 2C → Si + 2CO ↑

CARBON ELECTRODES

CARBOTHERMIC
REDUCTION
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Chapter 03

The Nine-Nines Problem
Polysilicon and the Siemens process

1 part
BORON PER BILLION

SILICON ATOMS — THE

LIMIT

9N
PURITY

(99.9999999%) FOR

ELECTRONIC GRADE

~1,100°C
SIEMENS ROD

TEMPERATURE

he next step is so absurd in conception that, told as a

story, it sounds like alchemy. We will take crushed silicon

metal, react it with hydrochloric acid to make a gas,

distill that gas the way a vodka maker distills vodka, then bake

the gas back into a solid by hovering it over hot rods until

silicon precipitates onto them like frost. We will do this for a

week. At the end, what we have is a crystal so pure that, if you

scaled it up to the size of the Pacific Ocean, you could find

perhaps one teaspoon of contamination in the entire body

of water.

This is the Siemens process. It is the foundation of the entire electronic-

grade silicon industry, and it is essentially unchanged since the 1950s.
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The opening move is chemistry. Powdered MG-Si is loaded into a fluidized-

bed reactor and exposed to gaseous hydrogen chloride at around 300°C. The

silicon and the chlorine flirt with each other and produce a clear, faintly fruity-

smelling liquid called trichlorosilane:

Si + 3 HCl → SiHCl₃ + H₂

Trichlorosilane is the workhorse molecule of the entire industry. It is volatile

(boiling point: 31.8°C — about as much as warm bathwater can produce),

liquid at room temperature, and — crucially — distinct from the trichloride

compounds of other elements you might find in your starting material. Boron,

the most feared impurity, forms BCl₃, which boils at 12.5°C. Phosphorus's

compound boils elsewhere. Iron's, elsewhere again.

You see where this is going.

The crude trichlorosilane is fed into a fractional distillation column, the same

broad principle that separates whiskey from mash and gasoline from crude oil.

Heated at the bottom, cooled at the top, the column allows different

compounds to settle at different heights according to their boiling points. The

result is something the chemistry student in you will appreciate: each pass

through the column removes 90% or more of remaining boron, phosphorus,

and metallic compounds.

Multiple passes — and several rounds of redistribution and re-distillation —

drive impurities into the parts-per-trillion range. The trichlorosilane that

emerges at the end of this column is, atom for atom, one of the cleanest

substances on earth.

The trichlorosilane trick

Distillation, atom-style
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Now comes the deposition. The clean trichlorosilane is mixed with hydrogen

gas and pumped into a tall, bell-shaped quartz reactor — the Siemens

reactor. Inside, thin silicon "seed rods" are heated to about 1,100°C by

passing electric current directly through them. They glow a deep cherry red.

The hot rods crack the trichlorosilane gas in their vicinity. Silicon atoms, freed

by the heat, deposit onto the rods. Hydrogen and hydrogen chloride float

away as gases. Over the course of several days (https://fpt-semiconductor.com/blogs/a-guidance-to-silic

on-wafer-manufacturing-process/), the rods grow thicker and thicker, accumulating layer after

layer of pure silicon, until what started as pencil-thin filaments are now great

polysilicon rods, perhaps 150 mm in diameter, two meters tall, gleaming with

the texture of a frozen waterfall.

The industry measures its triumphs in nines. 6N means 99.9999% — six nines

after the decimal — and is sufficient for solar panels. 9N, sometimes called

electronic grade, means 99.9999999% and is the floor for memory chips.

Modern leading-edge logic, including the Vera Rubin GPU we are working

toward, demands silicon in the 10N to 11N range.

For perspective: 11N silicon contains, at most, one foreign atom per hundred

billion silicon atoms. The structures we will eventually pattern onto this

material are themselves counted in atoms — a 2 nm fin is perhaps fifteen

silicon atoms wide. A single misplaced boron atom in the wrong fin is,

statistically, an event that the chip's designers had to plan for.

Inside the Siemens reactor

Counting the nines
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The Siemens process is energy-hungry. Each kilogram of polysilicon takes

around 60 kWh of electricity to produce — most of it lost as heat from the

radiant rods. An alternative method, the fluidized-bed reactor (FBR), uses

silane gas (SiH₄) and produces polysilicon as small beads instead of rods, at

roughly one-fifth the energy cost. FBR has captured a substantial fraction of

the solar-grade market, but for the highest-purity electronic silicon, the

conservatism of the industry — and the maturity of the Siemens process —

has kept Siemens dominant.

Either way, the result is the same kind of object: a chunk of silicon so pure

that it is, by any meaningful measure, one substance. Now we have to make it

one crystal.

FIGURE 3.1 Inside a Siemens reactor: trichlorosilane gas decomposes

onto incandescent silicon seed rods, depositing layer after

layer of ultra-pure polysilicon.

An alternative path: FBR

SiHCl₃ + H₂
in

HCl + H₂ ↑
out

SIEMENS REACTOR
~1100 °C silicon rods

9N POLYSILICON ROD
Ø ~150 mm, ~2 m tall

Siemens process — distillation by deposition
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Chapter 04

Growing a Perfect Crystal
The Czochralski dance

1,421°C
MELTING POINT OF

SILICON

~1 mm/min
INGOT PULL RATE

200 kg
MASS OF A MODERN

300MM INGOT

0
GRAIN BOUNDARIES IN

THE ENTIRE CRYSTAL

ure silicon, as it leaves the Siemens reactor, is the most

refined common element in any factory anywhere in the

world. It is also, structurally, a mess. Polysilicon is what

crystallographers call polycrystalline: an aggregate of

countless small crystal grains, each oriented in a different

direction, packed together like a wall of tiny cubes that all face

slightly different ways. Inside any one grain, the silicon atoms

sit on a perfect lattice. Between grains lie boundaries —

discontinuities, faults, opportunities for failure.

For solar panels, this is fine; electrons can muscle through. For a transistor

whose channel is fifteen atoms wide, a grain boundary is an aircraft carrier
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crossing a stream. We need a single crystal — billions of atoms, all on the

same lattice, with no boundaries anywhere. The technique that produces it is

named for a bored Polish chemist who invented it in 1916 by accident.

Jan  was studying metallization rates and absent-mindedly dipped

his pen into a crucible of molten tin instead of his inkwell. When he pulled the

pen back, a thin string of metal followed it — a single crystal, drawn from melt

by the simple act of withdrawal. A century later (https://www.waferworld.com/post/silicon-wafer-manufact

uring-from-sand-to-silicon), the technique that bears his name underlies essentially every

silicon wafer on earth.

A Czochralski (Cz) puller is a tower the height of a small house. At its base

sits a quartz crucible — itself made of high-purity SiO₂, which is why the

world cares about Spruce Pine quartz — held inside a graphite susceptor and

surrounded by resistance heaters. Polysilicon chunks are loaded into the

crucible. The chamber is sealed and pumped down to vacuum, then back-

filled with argon to protect the molten silicon from oxygen. The heaters

drive the temperature up past 1,421°C. The polysilicon melts. The melt sits

there glowing.

From above, a thin, perfect seed crystal — typically a small rod of pre-

existing single-crystal silicon, cut to a specific orientation — descends from a

chuck on a pulling rod. The seed touches the surface of the melt. Surface

tension grabs it. Capillary action sucks molten silicon up to fill any gap.

Pure but disordered

Czochralski

The Czochralski method
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Then, slowly, the rod begins to rise.

This is the moment of magic. As the seed lifts away from the melt, molten

silicon clings to its underside. Because the seed is a perfect crystal, the

silicon atoms freezing onto it have no choice — the path of least energy is to

extend the seed's lattice. Atoms in the melt arrange themselves on the

seed's existing crystal planes. The single crystal grows downward into the

puller, then up along with it. The whole assembly rotates, slowly, to keep the

temperature gradient symmetric and the impurity distribution uniform.

The pull rate is on the order of one millimeter per minute. The crucible

counter-rotates. The temperature is held constant to within fractions of a

degree. Vibration must be suppressed; even a passing truck on the road

outside can ruin a boule. Over the course of about a day, what emerges is a

cylindrical ingot of monocrystalline silicon, perhaps 300 mm across and over

a meter long, weighing as much as a small motorcycle.

The completed Cz ingot is one of the most ordered objects

industry produces. From end to end — across roughly 10²⁵ atoms

— there is exactly one crystal lattice. No grain boundaries. No

twins. No interruptions.

It is, by some metrics, the most ordered solid on the planet.

For the most demanding applications — particularly power electronics and

certain detector-grade silicon — there is an even cleaner alternative: float-

zone growth. A polysilicon rod is held vertically in vacuum, and a radio-

frequency coil melts a narrow zone of it. The coil is moved slowly along the

The pull

Float-zone, and the alternatives
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rod, and as the molten zone passes, impurities are dragged along with it

(impurities prefer to stay in the liquid phase). What is left behind is even purer

than what went in. Float-zone silicon, however, is harder to grow at large

diameters and is rarely used for logic.

For the kind of wafer that will eventually become a Rubin GPU, Czochralski is

the answer. The ingot, still warm, is taken out of the puller and walked next

door — to a saw.

FIGURE 4.1 The Czochralski crystal-growth process. A seed crystal is

dipped into molten silicon and slowly withdrawn while

rotating, pulling a single, defect-free crystal upward.

PULL
~1mm/min

SEED CRYSTAL ↑
single-orientation Si

GROWING INGOT
solidifies as it cools

MOLTEN BATH
~1421 °C, in vacuum

The Czochralski dance
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Chapter 05

From Log to Mirror
Slicing, lapping, and chemical-mechanical polish

300 mm
WAFER DIAMETER (12

INCHES)

775 µm
FINISHED WAFER

THICKNESS

<1 nm
SURFACE FLATNESS

AFTER CMP

~3,000
WAFERS FROM ONE

INGOT

f you have ever watched a deli slicer carve a salami into

translucent rounds, you have already pictured the next

step. The Cz ingot — recently still molten, currently a

heavy and very expensive dark grey log — is loaded onto

a wire saw, and a diamond-impregnated steel filament is

dragged through it again and again until the entire ingot is

in slices.

Every chip you have ever owned was once a single round on this slicer. The

economics of the entire industry rests on how many of those rounds you can

pull out of one ingot, and how flat each one is.
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The first step before slicing is cosmetic: the ingot is ground to a precise

diameter, and a small flat — or in modern wafers, a notch — is ground along

its length to mark the crystal's orientation. (Different orientations give

different mechanical and electrical properties; logic chips typically want the

[100] face up.)

The slicing happens on a multi-wire saw. A single steel wire, perhaps 100

micrometers thick and impregnated with diamond particles, is drawn between

hundreds of tiny pulleys to form a parallel array. The ingot is pushed slowly

into this array. The wires cut. After perhaps eight hours of patient sawing, the

entire ingot has been transformed into roughly three thousand thin, perfectly

parallel discs, each about 925 micrometers thick. Wafer slicing is a high-

volume art (https://www.sumcosi.com/english/products/process/step_02.html) — the wire path is computer-

controlled to within microns, and the kerf loss (silicon turned to dust by the

saw) is one of the fab industry's persistent annoyances.

A wafer fresh off the saw is unusable. Its surface is rough on the scale of the

wire's grit. Worse, the act of cutting introduces subsurface damage —

microscopic cracks that penetrate tens of microns into the wafer. Any

transistor built atop subsurface damage will fail.

So the wafers go to lapping: a mechanical pressing between two large

rotating plates with abrasive slurry between them, which removes a few

microns of material and brings both faces parallel. Then to etching: a

chemical bath, typically a mixture of hydrofluoric, nitric, and acetic acids,

which dissolves another few microns and chemically removes the damaged

surface layer. By this point the wafer is around 800 µm thick, smooth, and

clean — but not yet flat enough.

Slicing the log

Lapping and etching
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The last step is chemical-mechanical polishing, or CMP, and it is one of the

great unsung technologies of the modern world.

The wafer rides face-down on a rotating platen covered with a soft

polyurethane pad. Between the wafer and the pad, a continuous stream of

slurry — colloidal silica suspended in alkaline solution — flows. The pad's

gentle pressure and the slurry's mild chemical attack act in concert: high

spots get worn down faster than low spots, because they take more pressure.

Over many minutes, the wafer's surface becomes flat to within a single

nanometer across its entire 300 mm face. Stand at one edge and look across,

and you are looking across a mirror so perfect that the eye cannot find a flaw.

A  S C A L E  A S I D E

A flatness of less than one nanometer across 300 millimeters is roughly

equivalent to polishing a football field flat to within the diameter of a single

hydrogen atom. CMP achieves this routinely, on hundreds of millions of wafers

per year, in foundries you have never heard of, in cities you couldn't find on

a map.

Before the wafer leaves the wafer-supplier and enters the foundry, it is

inspected. Optical scanners scan the surface for particles down to perhaps

30 nm. Stress-induced defects are checked with X-ray topography.

Thickness, flatness, and edge profile are measured at hundreds of points.

Bow and  — the macroscopic curvature — must be tens of microns

or less.

The mirror finish

What inspectors look for

warp
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The wafer that passes is now ready for the next leg of its journey: not as raw

material anymore, but as the substrate on which billions of features will be

patterned. It will leave the wafer fab clean, dry, untouched by human hands,

in a sealed cassette, and travel — usually to Taiwan — where it will be

attacked by light, by gas, and by ions, and eventually emerge as something

altogether stranger.

But before any of that can happen, somebody has to design what goes on it.

FIGURE 5.1 From cylindrical ingot to mirror-polished wafer in five

mechanical and chemical stages.

INGOT
200kg, 300mm

SLICE
diamond wire

LAP + ETCH
remove damage

CMP
mirror polish 300mm WAFER

ready for fab

From log to mirror

Five mechanical and chemical steps turn a silicon log into a fab-ready wafer.
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Chapter 06

Designing the Impossible
EDA, transistors, and 15,000 engineer-years

~500
billion
TRANSISTORS PER

RUBIN GPU DIE

15,000+
ENGINEER-YEARS OF

DESIGN EFFORT

4–5 years
FROM ARCHITECTURE

TO FIRST SILICON

~80
LITHOGRAPHY MASK

SETS PER CHIP

t is tempting to begin a chip's story with the wafer, the

way we have. But the wafer is the easy part. By the time

anyone reaches for a piece of silicon, the design they are

about to print on it has already absorbed thousands of

person-years of attention. The Vera Rubin platform alone took

something on the order of fifteen thousand engineer-years to

bring from architecture to manufacturable form.

You cannot photograph this work. It happens almost entirely in the abstract,

inside servers, in cool rooms in Santa Clara and Hyderabad and Hsinchu. But it

is the part of the silicon supply chain where the most human creativity lives.
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A modern GPU starts as a set of intentions. The architects ask: what do we

want this chip to do? For Rubin, the answer is to train and infer the next

generation of large language models — to multiply matrices billions of times

per second on tensors of low-precision numbers, to move that data in and out

of memory faster than any system before, and to coordinate dozens or

hundreds of these chips into a single thinking machine.

This top-level intention cascades downward. Compute units. Memory

hierarchy. Interconnect topology. Power delivery. Clock distribution. Each of

these is itself a design problem with its own trade-offs, and each generates

further sub-problems. The full design hierarchy of a Rubin-class GPU has

perhaps a dozen levels and tens of thousands of sub-blocks.

None of this could be done by hand anymore. The tools that turn intentions

into masks are called Electronic Design Automation — EDA — and they are

themselves a five-billion-dollar industry, dominated globally by three

companies: Synopsys, Cadence, and Siemens EDA.

An engineer writes RTL (register-transfer level) code in a language like

SystemVerilog: not a description of the chip's atoms, but a description of

what it should compute. EDA tools translate this RTL into a netlist of standard

cells — pre-designed building blocks of, say, four-to-eight transistors that

perform basic logic operations. These cells are then placed and routed onto a

virtual chip floor: where each cell sits, how the wires between them run, what

they do to power and clock distribution. Timing must close: every signal must

reach every destination within a single clock period, with margin for

manufacturing variation. Power must close: the chip must not exceed its

The blank canvas

EDA — software that designs silicon

From Sand to Superintelligence — 24 / 224



thermal envelope. Reliability must close: the chip must not degrade

unacceptably over its expected lifetime.

None of this is a single pass. The design loop runs hundreds of times, with

each iteration improving timing, power, area, and signal integrity. Modern EDA

tools use neural networks to suggest placement strategies; humans review,

refine, and re-run.

It is useful to picture the design as a stack:

Architecture — what does the chip do, and how does it

organize compute?

Microarchitecture — how do pipelines, caches, registers actually work?

RTL — the explicit hardware description in code

Logic synthesis — RTL becomes a netlist of standard cells

Place & route — cells get coordinates, wires get paths

Physical verification — does this layout obey the foundry's design rules?

Mask generation — the layout is sliced into the dozens of layers that will

be printed

Each layer of this stack is a discipline. Each requires specialists. The chips

that can train tomorrow's frontier models are designed by teams whose

composition would have been unimaginable to chip designers thirty years ago

— half of the headcount works in machine learning to optimize the compiler

that will eventually run on the silicon they are designing.

The design pyramid
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The Rubin GPU is built on TSMC's N2 process — the foundry's first

commercial node to use gate-all-around nanosheet transistors (https://www.tomshardware.

com/tech-industry/semiconductors/tsmc-begins-quietly-volume-production-of-2nm-class-chips-first-gaa-transistor-for-tsmc-claims-up-to-15-perc

ent-improvement-at-iso-power). These transistors are a structural break from the FinFETs

that have dominated the last decade.

In a FinFET, the transistor's "fin" — a thin vertical wall of silicon — acts as the

channel for current. The gate wraps the fin on three sides, giving good

electrostatic control but leaving the bottom of the fin to leak. In a gate-all-

around (GAA) nanosheet device, the channel is broken into a stack of

horizontal silicon sheets, each suspended in midair, with the gate wrapping

each sheet on all four sides. The result: less leakage, lower threshold voltage,

and the ability to keep shrinking when FinFETs cannot.

This is the substrate Rubin is designed for. Each GPU die is roughly 800

square millimeters — close to the reticle limit, the largest area a single 

exposure can pattern at once. Within that area, perhaps half a trillion

transistors are placed, wired, and verified. The verification alone consumes

thousands of CPU-years. Software simulates the entire chip down to the

transistor level, running representative workloads, finding bugs that — if

missed — would not surface until silicon, which costs tens of millions of

dollars per spin.

When the design is finally signed off, the layout is sliced into perhaps eighty

individual mask layers — one for each lithography step the wafer will undergo

in the fab. These layouts are sent to a mask-making vendor, who patterns

them in chrome on glass plates using electron-beam lithography. A modern

Designing Rubin

EUV

From design to photomask
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mask set for a leading-edge chip costs hundreds of millions of dollars, and a

single defect on a single mask can ruin every wafer it touches.

The masks ship, in armored cases, to the fab. The wafer is waiting. Now

silicon and design — having been engineered separately for years — are

about to meet for the first time.

FIGURE 6.1 Three transistor architectures across two decades. Each

generation puts more of the gate around the channel — and

gives Rubin its 2 nm process its name.

Planar
~28nm and older

G

S D

gate touches channel
on ONE side

FinFET
22nm – 5nm

GATE

gate wraps fins on
THREE sides

GAA Nanosheet
2nm — Rubin

gate wraps channel on
ALL FOUR sides

Three generations of transistors

Each generation gives the gate more grip on the channel — reducing leakage and saving power.

Leakage current → less is better
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Chapter 07

Painting with Atoms
CVD, ALD, PVD and the art of thin films

~80
DEPOSITION STEPS

PER CHIP

0.1 nm
ALD THICKNESS

CONTROL

10⁻⁹
TORR — TYPICAL FAB

VACUUM

wafer that has just arrived at a leading-edge fab is, for

all its purity and flatness, a blank slate. Every transistor,

every wire, every insulator that will eventually live on it

must be added — and added with a precision that is not

metaphoric. Films must be uniform to within a few atoms of

thickness across 300 millimeters. They must adhere. They

must have the right grain structure, the right stoichiometry, the

right electrical properties.

The discipline of growing these films is called thin-film deposition, and it has

three major dialects.
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All of this happens in vacuum. The cleanest air in the most sterile cleanroom

on earth is a chemical riot compared to what a film deposition needs. Inside

the chamber, pressures fall to 10⁻⁶ torr — about a billionth of atmospheric. At

these pressures, an atom can travel meters before colliding with anything.

This is what allows the engineer to control which atom lands where.

The wafer rides on a heated chuck (often called a "susceptor"), is exposed

to whatever the chamber is doing, and emerges minutes later coated in a

film whose thickness, composition, and crystallinity are exactly what the

recipe demanded.

Physical vapor deposition is the brute-force option. A solid block of the

material you want to deposit — copper, tungsten, titanium nitride — sits at the

top of the chamber as a "target." A plasma of argon ions slams into the target,

knocking atoms loose. Those atoms drift downward, collide with the wafer

below, and stick.

PVD is fast and predictable, which is why it is used for blanket metal layers —

the seed layers under copper interconnects, for instance. Its weakness is that

it is line-of-sight: atoms travel in straight lines from target to wafer. If the

wafer's surface has high-aspect-ratio features (deep narrow trenches), PVD

struggles to coat the bottoms.

Vacuum and violence

PVD — sputter the metal on
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Chemical vapor deposition trades brute force for chemistry. Gaseous

precursors — silane (SiH₄) for silicon, tetraethyl orthosilicate for SiO₂, various
organometallic compounds for metals — are flowed into a heated chamber.

The precursors crack apart on the hot wafer surface, leaving the desired

material behind and venting volatile byproducts.

Because the deposition is mediated by gas-phase chemistry, CVD coats

conformally: the films deposit equally well on horizontal and vertical surfaces,

equally well on flat fields and inside deep holes. CVD is the workhorse for

dielectric layers and many thin metal films. It is the dialect a fab speaks

most often.

Then there is atomic layer deposition, which is a kind of obsessive cousin of

CVD. In ALD, the chamber is exposed to one precursor at a time, in pulses.

The first pulse — say, a precursor containing hafnium — fills the chamber.

Hafnium atoms attach to the wafer surface, but only one layer thick: once the

surface is saturated, no more can stick. The chamber is purged. Then a

second precursor — say, water vapor — is pulsed in. It reacts with the

hafnium-bearing surface, leaves behind a single layer of HfO₂, and exhausts.

One pulse of A. Purge. One pulse of B. Purge. The cycle repeats. Each cycle

deposits exactly one atomic layer — no more, no less, regardless of geometry

or surface variability. ALD is slow (a single high-quality film might take an hour

to deposit) but it is the only way to coat 2 nm-scale features with sub-

nanometer thickness control. It is how the high-k gate dielectrics around

Rubin's nanosheet transistors are grown.

CVD — let the gas do the work

ALD — one atomic layer at a time
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A  S M A L L  T H O U G H T  E X P E R I M E N T

Imagine painting a wall by spraying it with one molecule of paint at a time,

allowing the wall to grab one molecule at every available site, then sweeping

away the rest before adding the next color. ALD is exactly this — except your

wall has trenches twenty stories deep, and you must coat them as evenly as

the flat parts. It works because chemistry, not geometry, governs the result.

A modern Rubin GPU undergoes dozens of deposition steps in its life on the

wafer, weaving together different films in a stack hundreds of nanometers

thick. Each film must be patterned. Each pattern requires a step we have not

yet introduced — the step that, more than any other, defines the modern

chip industry.

FIGURE 7.1 PVD, CVD, ALD: three ways to grow a thin film. PVD

is fast and directional; CVD is conformal; ALD is

exquisitely precise.

Painting at the atomic scale

Three methods, three flavors of precision.

PVD — sputter

metal target

~nm/sec — fast, line-of-sight

CVD — vapor

SiH₄ + reactive gas

heated reaction zone

~nm/sec — conformal

ALD — atomic layer

1. precursor A pulse

2. purge

3. precursor B pulse

4. purge

→ ONE atomic layer

~Å/cycle — sub-nm precision

From Sand to Superintelligence — 31 / 224



T

Chapter 08

Light at 13.5 Nanometers
EUV lithography — the most complex machine ever built

13.5 nm
EUV WAVELENGTH

50,000/s
TIN DROPLETS

VAPORIZED

~$200M
COST OF A SINGLE

EUV SCANNER

250 kW
POWER PER SCANNER

he most complex machine human beings have ever built

is not a particle accelerator. It is not a fusion reactor. It is

not the James Webb Space Telescope. It is, by a wide

margin, an EUV lithography scanner, and there is exactly one

company in the world that builds them: ASML, in the small

Dutch town of Veldhoven. The machines weigh on the order of

two hundred tons. They cost roughly two hundred million

dollars each. There are perhaps two hundred of them in use

across the entire planet. Without them, no chip below seven

nanometers exists.

This chapter explains what they do.
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All optical lithography is the same idea: you shine light through a stencil onto

a light-sensitive coating, and where the light lands, the coating changes.

Then you wash off the unchanged parts. The pattern of the stencil becomes

the pattern on the wafer.

The catch is resolution. The smallest feature you can print is roughly

proportional to the wavelength of the light you use. Decades of lithography (http

s://www.uprtek.com/en/blogs/photolithography) have used progressively shorter wavelengths —

visible, then ultraviolet at 365 nm, then deep ultraviolet at 248 nm, then 193

nm — to print progressively smaller features. By 2010, 193 nm light combined

with elaborate immersion-fluid tricks and multi-patterning had been pushed to

an absurd extreme to print features at 14 nm.

Going smaller required a wavelength jump that the industry had been dreading

for decades: to 13.5 nanometers, deep into the extreme ultraviolet. The

problem with EUV is not subtle. Everything absorbs it. Glass absorbs it. Air

absorbs it. Photoresist absorbs it. To make a lithography system at 13.5 nm,

every traditional optical assumption has to be replaced.

The first hurdle is producing the light. There is no laser at 13.5 nm. There is no

light bulb. The only reliable EUV source we know how to build involves the

most baroque physics in any factory anywhere.

Fifty thousand times per second, a tiny droplet of molten tin — perhaps thirty

micrometers across — falls through vacuum. Just before each droplet

reaches a target point, a pre-pulse from a CO₂ laser flattens it into a small

disc. A microsecond later, a main pulse from the same laser, focused into the

disc, deposits enough energy to vaporize it instantly into a plasma at

The problem of light

Vaporizing tin droplets
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over 200,000°C. That plasma, briefly, emits exactly the spectrum of

light that humanity has spent decades trying to produce: a sharp peak at

13.5 nanometers.

The light is collected by a single curved mirror, focused, and sent into the

optics column. The whole process is repeated fifty thousand times per

second (https://eureka.patsnap.com/report-what-challenges-do-euv-lithography-processes-face-today), all day, every day,

for years.

From here forward, every optical element is a mirror. There are no lenses.

Glass would absorb the light. Even the mirrors are not normal mirrors — they

are stacks of forty alternating layers of molybdenum and silicon, each layer a

few nanometers thick, designed so that EUV reflects from each interface

coherently. The entire stack manages about 70% reflectivity at 13.5 nm. That

sounds high. It is in fact appalling.

By the time the light has bounced off six mirrors — collector, illumination,

mask, projection — only a small fraction of the original photons make it to the

wafer. The rest end up as heat, in metal mirror surfaces that must be held flat

to fractions of a nanometer despite being slowly cooked by the most

energetic photons their owners can produce.

In EUV, even the photomask is a mirror. The pattern is etched into the

absorbing top layer of a multilayer reflector. Where the absorber remains, no

light bounces. Where it has been removed, the underlying mirror reflects EUV

down through the projection optics, where it is shrunk by 4× and projected

onto the wafer.

All mirrors, all the way down

The mask is the negative
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The wafer rides on a stage that, while exposing one die, must hold position to

within a few atoms. Once that die is done, the stage steps to the next die,

and exposes again. A modern EUV scanner (https://www.asml.com/news/stories/2021/semiconductor-manufa

cturing-process-steps) can step through a 300 mm wafer at perhaps 200 wafers per

hour — fast enough to be economically viable, slow enough that fabs run

them around the clock.

Even at 13.5 nm, a single EUV exposure is not always enough to print the

smallest features at the highest density. The technique called multi-

patterning splits a desired layout into two, three, or four masks, exposes each

separately, and overlays them with nanometer alignment. It is laborious and

expensive, but it is what allows TSMC's N2 process to push to 2 nm features

without yet adopting high-numerical-aperture EUV (https://www.eenewseurope.com/en/t

smc-shuns-high-na-euv-lithography/) — the next-generation tooling that ASML has only

begun shipping.

The trade-off is straightforward: more masks means more exposures, more

steps, more chances for error. But it also means using machines that already

exist and processes that have been characterized to industrial reliability. For

the Rubin generation, this is a deliberate choice.

By the time the wafer leaves the EUV scanner, the photoresist has been

patterned. The image of the chip — at a thousandth the size of the mask — is

sitting on the wafer's surface, invisible to the naked eye. To make it real, we

now have to remove material.

Multi-patterning, and why
N2 doesn't need high-NA
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FIGURE 8.1 The optical path inside an EUV scanner. A pulsed CO₂
laser vaporizes tin droplets to produce 13.5 nm light, which

bounces through six precision mirrors before reaching

the wafer.

Light at 13.5 nanometers

EUV is so energetic it's absorbed by glass, by air — by everything. The whole machine is mirrors, vacuum, an

VACUUM CHAMBER

CO₂

pulsed laser

Sn droplet

220,000°C plasma

M1 collector

multilayer Mo/Si mirror

photomask

projection optics

wafer + photoresist

EUV WAVELENGTH: 13.5 nm TARGET FEATURE: 14 nm MIRRORS: 6+, each 99.5% reflective
DROPLET RATE: 50,000/s LASER PULSES: 50 kHz MACHINE COST: ~$200M
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Chapter 09

Carving and Doping
Plasma etch and ion implantation

~50 keV
ION IMPLANT ENERGY

~10⁵:1
ETCH SELECTIVITY

RATIO

~1,000°C
ANNEAL TEMPERATURE

fter lithography, the wafer holds an invisible drawing of

the chip's next layer in a patterned photoresist. Where

the resist is gone, the underlying material is exposed;

where the resist remains, the surface is protected. The wafer is

now ready for two of the most violent steps in its life: etching

away exposed material, and implanting ions into exposed

silicon to give it electrical character.

This is where atoms move.

For the earliest decades of integrated circuits, etching was done with liquids

— wet chemical baths that dissolved unwanted material and left protected

Plasma, the universal solvent
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regions intact. Wet etches are still used, but they are isotropic: they eat in all

directions equally, which is acceptable when features are large and tolerances

are loose. Modern features are neither.

The replacement is plasma etching. The wafer enters a chamber under low

pressure. Reactive gases — fluorine compounds for silicon and silicon oxides,

chlorine compounds for metals — are injected. A radio-frequency field is

applied. The gas ionizes into a plasma: a soup of free electrons, positive ions,

and reactive radicals.

The chemistry of the plasma reacts with the exposed surface, forming volatile

compounds (silicon tetrafluoride, for instance) that pump away as gas. The

unexposed surface, protected by photoresist, is untouched. With the right

plasma chemistry, etch selectivities — the ratio of etch rate on the target

material to the rate on the masking material — can exceed 100,000 to 1.

The most powerful version is reactive ion etching (RIE). In addition to

chemical reactivity, the plasma is biased so that positive ions are accelerated

downward toward the wafer. They strike the surface essentially vertically,

with kinetic energy. The combination of physical bombardment and chemical

reactivity allows RIE to etch anisotropically: the etch proceeds straight down,

into the wafer, with vertical sidewalls. This is what makes the FinFET fin and

the GAA nanosheet stack possible. Without anisotropic etching, modern

transistors as we know them simply do not exist.

Now the chemistry shifts from removal to addition. Pure crystalline

silicon is, electrically, almost useless — its conduction band is empty,

Reactive ion etching

Ion implantation
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and to do anything interesting you have to introduce a small population of

charge carriers.

This is what dopants do. Atoms with one fewer valence electron than silicon

(like boron) introduce holes — places where an electron could be but isn't,

behaving as positive charge carriers. Atoms with one more (like phosphorus

or arsenic) donate free electrons. Different regions of a transistor demand

different doping types, which is what makes a transistor work at all.

To place dopants with atomic-scale precision, the industry uses ion

implantation. The chosen element is ionized in a plasma source, accelerated

through tens of thousands of volts, and steered through a magnetic field that

filters by mass-to-charge ratio (so that contaminating ions are bent off-axis

and never reach the wafer). The pure beam is then scanned across the wafer

surface like an electron-microscope raster, with the dose, energy, and angle

all controlled to within fractions of a percent.

Where photoresist or oxide masks the surface, the ions stop in the mask.

Where the surface is exposed, the ions punch into the silicon to a depth that

depends on their energy — typically a few tens of nanometers, sometimes

less. They come to rest as substitutional dopants in the silicon lattice, often

after disrupting it severely along the way.

That last detail matters. An implanted ion arrives in the lattice with kilo-

electronvolts of kinetic energy and behaves rather like an asteroid. By the

time it stops, it has knocked the silicon atoms around it out of place, leaving

behind a damaged region that is amorphous rather than crystalline.

To heal this damage, the wafer is annealed: heated rapidly, often with a high-

power lamp or laser, to around 1,000°C for seconds at a time. The heat lets

the silicon atoms find their lattice sites again. The implanted dopants — now

The healing burn
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sitting near where they will function — become electrically active. Modern

rapid thermal anneal recipes can heat a wafer to 1,200°C and back to room

temperature in less than a minute, with sub-degree control.

After this, the etched and doped layer is finished. The photoresist is stripped,

the wafer is cleaned, and the entire process — deposition, lithography, etch,

implant, anneal — begins again for the next layer. A modern leading-edge

GPU goes through this loop perhaps eighty times. Each loop adds one layer to

the growing chip. Each loop must be perfect.

FIGURE 9.1 Plasma etching carves the silicon according to the resist

mask. Ion implantation then bombards the exposed regions

with dopant ions to define N-type and P-type areas.

Carve, then dope

Plasma sculpts the structure. Ions give it electrical character.

Plasma etch

F⁻ Cl⁻ ions

silicon fins emerge under photoresist mask

Ion implantation

B⁺/P⁺
~50 keV ion beam

mass filter

boron/phosphorus penetrate exposed Si
→ N-type and P-type regions

photoresist mask crystalline silicon doped region (N or P) reactive plasma
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Chapter 10

The Wiring Sky
Fifteen layers of copper, dancing on a postage stamp

15+
METAL LAYERS IN A

RUBIN GPU

~70 km
OF COPPER WIRING

PER CHIP

Cu
THE METAL THAT

REPLACED ALUMINUM

IN 1997

he transistors at the bottom of a finished chip are

extraordinary, but they are also useless on their own. A

transistor is just a switch. To make it compute, you have

to wire its outputs into the inputs of other transistors, and

those into others, until you have built up the structures we

recognize as adders, registers, caches, multipliers, 

. A modern GPU contains roughly half a trillion

transistors. The wiring that connects them is its own miracle.

This wiring lives above the transistors, in a layer cake of copper and insulator

that is, by volume, the majority of the chip. The whole stack is called the

back-end-of-line, or BEOL.

tensor

cores
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The very first wiring layer — sometimes called the local interconnect — runs

in the immediate vicinity of the transistors, with wires only a few tens of

nanometers wide. The pitch is so fine that EUV is required again here. As we

move up the stack, each successive layer's pitch grows. The middle layers

carry the bulk of the chip's signal . The top layers carry power, clocks,

and the final wiring that will eventually connect to the package.

Together, the BEOL accounts for fifteen or more distinct metal layers in a

Rubin-class chip. If you straightened out all the copper in a single GPU and

laid it end to end, it would stretch tens of kilometers.

For most of the 20th century, chip wiring was made of aluminum: deposited

as a blanket film, then etched into wires using plasma. This worked until

features became so small that aluminum's electrical resistance and its

tendency to migrate under high current density (electromigration) made it

untenable. In the late 1990s, IBM pioneered the switch to copper, a metal that

conducts about 40% better and resists electromigration better — but cannot

be plasma-etched cleanly.

The solution was the dual-damascene process, named after the inlay

metalwork of medieval Damascus. Instead of depositing copper and etching

it, the chipmaker etches trenches and via holes into a dielectric first, then

fills them with copper, and polishes back the excess until only the inlaid

wires remain.

The sequence is:

Deposit a low-k dielectric layer on top of the previous metal layer

After the transistors

routing

The dual-damascene process
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Pattern and etch trenches (for wires) and via holes (for

vertical connections)

Deposit a thin barrier layer (typically tantalum nitride) to keep copper from

diffusing into silicon

Deposit a thin copper seed layer with PVD

Electroplate copper to fill the trenches and vias completely

CMP back the copper, leaving only the inlay

This loop, with all its sub-steps, runs once per metal layer. Fifteen times for a

Rubin GPU.

The geometry of the BEOL is intentional. The lowest metal layers (M1, M2)

have the smallest wire pitch — perhaps 30 nm at the leading edge — and

carry signals between adjacent transistors. As you ascend, layers double or

more in pitch. Mid-stack layers (M5–M10) carry mid-range signals across

larger distances. Top layers (M14, M15, and above) are wide and thick,

carrying power from the bond pads down toward the transistors.

The dielectric between metal layers is itself an engineering object. Plain SiO₂
has a relative permittivity (the "k" in low-k) of about 3.9. To reduce capacitive

coupling between wires, modern fabs use porous low-k materials with k

below 2.5. This complicates everything — porous dielectrics are mechanically

weak and hard to work with — but the alternative is signals that do not

propagate fast enough to keep up with the transistors below.

The stack, in detail
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For most of the history of CMOS, transistors were the limiting factor. Every

two years they got smaller and faster, and the wires above them were a

comparative afterthought. That has reversed. Modern transistors are so small

and so fast that the wires connecting them — particularly at the lowest metal

layers — now contribute more delay than the transistors themselves.

This is why much recent innovation in CMOS has been at the BEOL: new

dielectrics, new barrier metals, attempts to replace copper with cobalt or

ruthenium for the very lowest layers, and the growing use of backside power

delivery, in which power wires are routed underneath the transistors instead

of through the metal stack above. Rubin's N2 process implements early forms

of these innovations.

By the time all this is done — months after the wafer first entered the fab —

what was once a polished mirror is now a fully wired, fully patterned, hopefully

fully functional set of dies, sitting in a circle on the wafer. There may be

hundreds of dies. Some will work. Some will not. To find out which is which,

we have to ask them.

Why interconnects became the bottleneck
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FIGURE 10.1 A schematic cross-section of the back-end-of-line (BEOL)

interconnect stack. The lowest layers are the finest, closest

to the transistors; layers grow wider as they ascend, ending

in bond pads at the top.

The metal sky above the transistors

Below: 2nm transistors. Above: 15+ layers of copper, growing wider as they rise.

FEOL — transistors (2 nm fins) M1

M2

M3

M4

M5

M6

M7

M8

M9

M10

M11

M12

top metal — bond pads / micro-bumps

M14–M15
power/clock
~10× pitch

M5–M10
routing

M1–M4
local signal
finest pitch
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Chapter 11

Test and Dice
Yield, the industry's most guarded secret

~600
TESTS PER DIE AT

PROBE

60–80%
TYPICAL YIELD,

LEADING-EDGE

~$10,000
COST PER KNOWN-GOOD

RUBIN DIE

wafer that has just emerged from the BEOL is — in

principle — finished silicon. In practice, no one yet

knows whether any of its hundreds of dies actually

work. Every wafer carries some number of fatal defects: a

particle that fell on a critical layer at the wrong moment, a

misalignment between two masks, a contamination from a

chemical bath. The defects are random in time and place; the

chips on the wafer are correlated only by their unfortunate

proximity to whichever defect found them.

The job of wafer test is to find out, die by die, which ones work.
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Probe test happens on a machine called a wafer prober. The wafer is held flat

on a vacuum chuck. A probe card — a fixture studded with hundreds of fine,

gold-plated tungsten or MEMS needles — descends until each needle

touches one of the bond pads on a die. Currents and voltages flow. Test

patterns run.

For a complex chip like Rubin, the probe sequence runs hundreds or

thousands of distinct tests. DC tests measure leakage currents and power-

supply impedance. Functional tests stream patterns through the chip's

pipelines and check the outputs. Critical paths are clocked at multiple

frequencies to find the fastest the die can reliably run. Memory tests scrub

the on-die SRAM. Embedded test infrastructure — circuits added by the

designers specifically for testing — exercises the chip's internals.

If everything passes, the die is binned and noted as good. If any test fails, the

die is marked as defective. Some failures are recoverable — a die may pass at

a slower clock or with one core disabled, and can be sold as a lower-tier

product. Others are fatal.

The whole process, for a 300 mm wafer of large dies like Rubin, takes hours.

The prober steps from die to die, probe card lifting and lowering hundreds of

times. The result is a wafer map: a record of every die's location, every test

result, and (for survivors) which performance bin they fell into. The map

travels with the wafer to the next stage.

The question every wafer asks

Wafer probe
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The fraction of working dies — yield — is the most jealously guarded number

in semiconductors. Foundries publish yield in the loosest possible terms;

designers and customers learn it through hard contractual negotiation;

analysts estimate it through indirect signals like reticle costs and

product pricing.

For mature, high-volume products, yields can exceed 90%. For leading-edge

logic at the bleeding edge — and Rubin, on TSMC's brand-new N2 process at

the reticle limit, is decisively at the bleeding edge — early yields are far lower.

A yield of 50% on Rubin would not be surprising for the first months of

production. Every wafer that costs perhaps $30,000 to produce yields

perhaps thirty saleable chips. The cost-per-die is the inverse of yield, and it

dominates the chip's economics.

The yield curve is the silicon industry's central drama. Every

node begins with low yields and unhappy customers; over

months and years of process improvement, yield climbs, costs

fall, and the chip becomes profitable. By the time it does, the next

node is already starting the same struggle.

Once the map is recorded, the wafer is sent to a dicing saw or laser. Channels

in the silicon between dies — called scribe lines — are sliced through, and

the wafer falls apart into hundreds of individual dies. Bad dies are discarded.

Good dies are loaded into trays.

For most chips in the world, this is the moment of maturity. The dies are

packaged, sold, and shipped. For the dies destined to become Rubin GPUs,

however, this is barely the halfway mark. The most complex packaging the

What yield really means

The dice
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industry has ever attempted — the integration of a GPU die with stacks of

high-bandwidth memory on a silicon interposer — is what comes next.

FIGURE 11.1 A wafer map after probe test. Each square is one die. Pink

squares failed the test; they will be discarded. The fraction

of working dies is the yield.

A wafer map, after probe test

Each square is one chip. Pink squares failed. Yield is the percentage that survives.

passing die

failed die — discarded

YIELD = passing dies / total dies

A 70% yield means 30% of every wafer's effort 

For Rubin-class dies (~800 mm²), yields below 

double the cost-per-chip overnight. Foundries 

numbers like nuclear codes.
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Chapter 12

CoWoS and the 2.5D Revolution
How HBM4 sits a hair's breadth from the GPU

288 GB
HBM4 PER RUBIN GPU

22.2 TB/s
MEMORY BANDWIDTH

PER CHIP

8
DRAM DIES PER HBM4

STACK

2,048-bit
HBM4 INTERFACE

WIDTH

modern AI workload is not bottlenecked by

computation. It is bottlenecked by memory. Training or

inferring a large language model means moving billions

of parameter values back and forth between compute and

storage, again and again, billions of times per second. The

compute is fast. The arithmetic is fast. The bottleneck is

whether the next batch of weights can arrive at the multiplier

in time.

This is the , and it has existed in some form for thirty years. What

has changed, in the last decade, is the willingness to break it.

memory wall
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For most of the history of computing, memory has been a separate chip in a

separate package on a separate part of the motherboard, connected to the

processor by traces on a printed circuit board. Those traces are inches long.

They have parasitic capacitance and inductance. They cannot be made

arbitrarily wide because the package only has so many pins. The combination

— long, narrow paths between processor and memory — has held memory

bandwidth orders of magnitude below what the processor could use.

For AI, this gap became unsupportable. By the late 2010s, GPU compute was

outrunning memory bandwidth so badly that frontier models were being

designed around memory access patterns rather than compute primitives.

The fix had to be radical.

The fix was High-Bandwidth Memory: instead of putting memory on its own

PCB-mounted chip, you stack DRAM dies vertically and place them, as a unit,

immediately next to the processor. Eight DRAM dies stacked on a base logic

die, all bonded together by tens of thousands of through-silicon vias (TSVs)

that pierce each die from top to bottom. The whole stack is barely a millimeter

thick, contains tens of gigabytes of memory, and exposes a 1,024-bit-wide

interface in the original . By HBM4, the interface has doubled to 2,048

bits. (https://introl.com/blog/nvidia-vera-rubin-platform-8-exaflops-infrastructure)

For Rubin, each GPU is paired with multiple HBM4 stacks delivering a

combined 288 GB of memory at 22.2 TB/s. That bandwidth — twenty-two

terabytes per second, per chip — is roughly one hundred times what a

desktop CPU can manage from its DDR5 DIMMs. It is the single most

important enabler of frontier AI.

The memory wall

HBM — stacking memory like books

HBM
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HBM solves the vertical wiring problem, but you still have to connect the HBM

to the GPU. The connection cannot use ordinary package wiring — there are

too many signals, and the signals are too fast. The solution is a separate

silicon interposer: a piece of plain, passive silicon, perhaps 2,500 square

millimeters, with thousands of fine wires patterned on its top surface and

through-silicon vias piercing it from top to bottom.

The GPU die sits on the interposer. The HBM stacks sit on the interposer

beside it. Each is connected to the interposer with thousands of micro-

bumps — tiny copper-tin pillars that solder die to interposer at extraordinarily

fine pitch. Signals between GPU and HBM travel through the interposer's

wiring, which behaves electrically like a small piece of silicon chip: low

capacitance, low inductance, very high density. The trip from GPU to memory

and back is reduced from inches to a few millimeters of silicon.

The packaging technology that integrates all of this is called CoWoS (https://anysilicon.

com/cowos-package/) — Chip-on-Wafer-on-Substrate. The naming describes the

assembly order:

Chip on Wafer: the GPU die and the HBM stacks are bonded to a silicon

interposer wafer using micro-bumps. After bonding, the interposer wafer

carries an array of small chip-stacks across its surface.

Wafer on Substrate: the interposer wafer is then bonded to a larger

organic substrate — the part of the package that will eventually attach to a

printed circuit board — using a coarser pitch of bumps. The interposer is

then thinned (its TSVs are exposed by polishing the back) and the

assembled module is cut from the wafer and packaged.

The silicon interposer

TSMC's CoWoS
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It is a 2.5D architecture: not quite stacked all the way (3D), not quite flat (2D),

but a deliberate hybrid that gets most of the benefit of vertical integration

without the thermal nightmare of stacking compute on compute.

For all its sophistication,  has a problem: it is hard to make. Each

interposer is itself a piece of silicon manufacturing. Each HBM stack is its own

miniature chip-on-chip assembly. The micro-bump bonding requires

alignment to within microns. Yield matters here too — a single bad bond

among thousands ruins an entire $30,000 package.

TSMC's CoWoS capacity has, since 2023, been the binding constraint on AI

hardware shipments. Adding capacity is slow because every step is custom:

new equipment, new process recipes, new training. NVIDIA's allocation of

CoWoS capacity is one of the most carefully negotiated quantities in the

industry. Roadmaps are paced by it. (https://newsletter.semianalysis.com/p/vera-rubin-extreme-co-design-an-evolut

ion) Frontier model training plans are paced by it.

The quiet truth of modern AI is that the rate-limiting step is not silicon. It is

the silicon-on-silicon-on-substrate assembly that comes after silicon. It is, of

all things, packaging.

The packaging bottleneck

CoWoS
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FIGURE 12.1 Cross-section of a CoWoS package. The Rubin GPU and its

HBM4 stacks sit side by side on a silicon interposer, which

provides ultra-short, ultra-wide connections between them.

CoWoS — chip on wafer on substrate

A silicon interposer welds GPU + memory into a single tile. Wires shrink from millimeters to microns.

organic substrate (FR-4 / build-up)

silicon interposer (passive Si wafer with TSVs + RDL)

HBM4 stack

8 DRAM dies + base

Rubin GPU die

~800 mm², ~500B transistors

HBM4 stack
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Chapter 13

The Vera Rubin Superchip
Two GPUs, one CPU, 1.8 TB/s between them

100
PFLOPS
FP4 COMPUTE PER

SUPERCHIP

576 GB
HBM4 PER SUPERCHIP

1.8 TB/s
NVLINK-C2C

BANDWIDTH

17,000
COMPONENTS PER

SUPERCHIP

p to this point, every chapter has discussed a single

chip. From here onward, we discuss systems. The

transition is not sentimental: by the time a Rubin GPU is

paired with a Vera CPU and packaged together, the unit of

design has shifted from the die to the module. The economics

shift, the physics shift, the failure modes shift. We are leaving

silicon and entering systems integration.

The first artifact of that transition is the Vera Rubin Superchip: a single

module containing two Rubin GPUs, one Vera CPU, and the high-speed

interconnects that bind them.
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Physically, a Vera Rubin Superchip is a flat ceramic-and-organic substrate

roughly the size of a paperback book. Embedded within it: three CoWoS-

packaged silicon assemblies (two GPU + HBM tiles and one CPU tile), high-

speed signal traces between them, dozens of voltage regulators, hundreds of

decoupling capacitors, and a perimeter of contacts that will eventually mate

the module to a system board.

The module is built up from individual packaged die assemblies that are

themselves the products of the steps in the previous twelve chapters. Each

tile arrives with its yield certified, its electrical signature verified, and its

identity tracked. Robots lay them into the substrate to within microns of

position. The whole module contains roughly seventeen thousand individual

components (https://nvidianews.nvidia.com/news/rubin-platform-ai-supercomputer), perhaps five times the

part count of a smartphone.

The two Rubin GPUs are essentially identical, each fabricated on TSMC N2

with around 500 billion transistors and 288 GB of HBM4 attached. Each

delivers about 50 petaflops of FP4 inference compute on its own. Together,

they double that.

The Vera CPU is the system's host. It is a custom NVIDIA design — built

around 88 cores of NVIDIA's Olympus Arm v9 architecture (https://developer.nvidia.com/blog/i

nside-the-nvidia-rubin-platform-six-new-chips-one-ai-supercomputer/) — and its job is not raw arithmetic but

coordination: managing the GPU's memory, dispatching kernels, handling

I/O, running the operating system, talking to other Superchips through the

rack's network.

The module

Two GPUs and a CPU
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The combination of GPU + CPU on a single module is what makes this a

superchip rather than just a packaged GPU. The CPU's memory and the

GPU's memory are coherent; the CPU can address the GPU's HBM directly

without copying data over PCIe. This eliminates one of the oldest tax

penalties in heterogeneous computing.

The connections that hold this together are not PCIe. PCIe Gen6 — the latest

fully ratified standard at the time of Rubin's design — offers about 256 GB/s in

each direction at x16. That is too slow.

The bus that links the GPUs and the CPU within a Superchip is called -

C2C (Chip-to-Chip), and it runs at 1.8 TB/s bidirectional — roughly seven

times the bandwidth of PCIe Gen6, and at much lower latency. It is

implemented as a die-to-die signaling protocol, with serializer/deserializer

circuits on both ends, hundreds of differential pairs running at multi-tens of

gigabits per second each.

NVLink-C2C is also what allows the Vera CPU and the Rubin GPUs to share a

unified memory space. Inside the module, the GPUs can pull data from CPU-

attached memory as if it were their own, and vice versa, without explicit

copies. To a programmer, the entire 576 GB of HBM and the CPU's DDR5

memory appears as a single coherent address space.

The superchip's seventeen thousand components are not all silicon. The vast

majority are passive: capacitors and resistors and voltage-regulator modules

and impedance-matching networks. Power delivery to a 100-petaflop module

is itself an engineering problem of extraordinary scope. Each Rubin GPU

NVLink-C2C, the chip-to-chip bus

NVLink

Seventeen thousand parts
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draws perhaps 1.4 kW under full load. The voltage regulators must deliver

this current at sub-millivolt accuracy, with tens of nanoseconds of response

time, while the GPU's load swings from idle to full and back many times

per second.

A  S C A L E  C O M P A R I S O N

A finished Vera Rubin Superchip contains more components than a Boeing 737

cockpit. It is assembled by robots in cleanrooms, tested for hours before it

leaves the factory floor, and shipped — with its identity tracked individually —

to whichever data center has it next.

The superchip is the smallest unit a customer can buy. It is also, by itself,

useless. To be turned into an AI factory, it must be combined with seventy-

one other GPUs and connected to them in a way the industry has only just

learned to do.
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FIGURE 13.1 The Vera Rubin Superchip module: two Rubin GPUs flanking

one Vera CPU, with NVLink-C2C interconnects providing 1.8

TB/s of chip-to-chip bandwidth in each direction.

The Vera Rubin Superchip

Two GPUs and a CPU, welded together by 1.8 TB/s of chip-to-chip silicon.

SUPERCHIP MODULE

Rubin GPU 1

TSMC N2 · 50 PFLOPS FP4

288 GB HBM4 · 22.2 TB/s

↑ HBM4 stacks ↑

NVLink-C2C

1.8 TB/s Vera CPU

88 Olympus cores
custom Arm v9

NVLink-C2C

1.8 TB/s

Rubin GPU 2

TSMC N2 · 50 PFLOPS FP4

288 GB HBM4 · 22.2 TB/s

↑ HBM4 stacks ↑

SUPERCHIP TOTAL: 100 PFLOPS FP4 · 576 GB HBM4 · ~17,000 components
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Chapter 14

The NVL72 Rack
72 GPUs that move data faster than the internet

72 GPUs
PER NVL72 RACK

3.6 EFLOPS
FP4 PER RACK

260 TB/s
ALL-TO-ALL NVLINK

BANDWIDTH

~600 kW
RACK POWER

he unit of frontier AI is not a chip. It is not a server. It is

a rack.

This is a strange thing to say in 2026. For thirty years, the unit of computing

was the server: a single machine, perhaps with several CPUs and a handful of

GPUs, with its own power supply, fans, network ports, and operating system.

Racks were just convenient ways to stack many servers. The compute

happened inside the box, and the network glued boxes together.

That model has broken. In the NVL72 design (https://www.cnbc.com/2026/02/25/first-look-at-nvidias-ai-sy

stem-vera-rubin-and-how-it-beats-blackwell.html), the rack itself is the machine. There is no

individual server inside it that is meaningful on its own. Every component is

part of one cabinet-scale computer.
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An NVL72 rack contains 18 compute trays, each holding 4 Rubin GPUs and 2

Vera CPUs (typically as two Superchips). It also contains 9 NVLink switch

trays — separate units whose only job is to switch GPU-to-GPU traffic —

plus power shelves, networking SuperNICs, and management hardware. Add

it up and you get 72 Rubin GPUs and 36 Vera CPUs in a single 19-inch rack.

That rack delivers approximately 3.6 exaflops of FP4 inference compute, with

18.7 TB of HBM4 memory in aggregate. It draws around 600 kilowatts of

electrical power — comparable to a small office building — and dissipates that

power as heat that has to leave the cabinet without melting it.

The communication fabric inside the rack is NVLink 6, the latest generation of

NVIDIA's GPU-to-GPU interconnect. Every Rubin GPU has many NVLink

lanes; the lanes from all 72 GPUs are routed through the 9 NVLink switch

trays, configured so that any GPU can talk to any other GPU at full

bandwidth simultaneously.

The aggregate is staggering: 260 terabytes per second (https://www.signalintegrityjournal.com/arti

cles/4183-nvidia-kicks-off-the-next-generation-of-ai-with-rubin-six-new-chips-one-incredible-ai-supercomputer) of all-to-all

bandwidth across the 72 GPUs. To put that in context, the global internet's

aggregate cross-sectional bandwidth is, by some estimates, in the same

neighborhood. Inside one rack, NVIDIA delivers roughly the bandwidth of the

entire commodity internet.

This bandwidth is what allows the rack to behave as a single GPU. A model

whose parameters do not fit in any single GPU can be sharded across all 72;

the latency of moving activations between shards is small enough that it

does not dominate the training step. This is what permits trillion-parameter

The rack as a unit

NVLink 6 — every GPU to every other
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mixture-of-experts models to be trained at all, and to be served at

usable throughput.

To carry 260 TB/s of bandwidth between trays without melting, NVIDIA

replaced the conventional cable harness with a copper midplane: a large

printed circuit board running vertically through the center of the rack, into

which compute trays plug from one side and switch trays plug from the other.

Signals flow through the midplane's copper traces, not through cables.

The benefits of this are enormous. Assembly time per tray drops from ~2

hours to about 5 minutes. (https://developer.nvidia.com/blog/nvidia-vera-rubin-pod-seven-chips-five-rack-scale-systems-o

ne-ai-supercomputer/) Reliability rises because there are no cables to be miswired or to

come loose. Cost per tray-link drops dramatically. The thermal envelope

shrinks because copper traces dissipate less than active cabling. And the

rack becomes a serviceable unit: a tray that fails can be slid out and replaced,

without disturbing anything else.

Six hundred kilowatts is too much for air. There is no fan large enough, no

airflow loud enough, no heat sink dense enough to evacuate that much power

from a single rack with air alone. NVL72 is liquid-cooled from the start.

Coolant — typically a water-glycol mix — enters the rack through manifolds at

the top, flows down to cold plates that are bolted directly to each Rubin GPU,

picks up heat, and returns to a coolant distribution unit (CDU) at the rack

base. From the CDU, hot coolant flows to a building-scale facility cooling loop

where the heat is finally rejected — to chillers, to cooling towers, to outside

The midplane spine

Liquid cooling, by necessity
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air or, in some new builds, to a dedicated heat-recovery loop that warms

nearby buildings.

The cooling loop is itself an engineering object of its own. Flow rates,

temperatures, pressure drops, leak detection, redundancy — every aspect

must be managed to ensure that no Rubin ever exceeds its junction

temperature and no failure of cooling can take more than a fraction of a

rack offline.

Eighteen trays. Seventy-two GPUs. Six hundred kilowatts. One copper spine.

One liquid loop. The NVL72 rack is, in this sense, the first cabinet-scale

supercomputer designed from a clean sheet of paper for AI workloads — and

it is the smallest practical unit of the next decade's frontier compute.

FIGURE 14.1 The NVL72 rack: 18 compute trays connected to a copper

midplane spine that carries 260 TB/s of all-to-all NVLink

6 bandwidth.

The NVL72 rack

72 GPUs in one cabinet, every one talking to every other across a copper midplane spine.

NVLink 6 spine
260 TB/s all-to-all

18 COMPUTE TRAYS

EACH TRAY:
4 Rubin GPUs
2 Vera CPUs
1 BlueField-4 DPU

RACK TOTALS:
72 Rubin GPUs
36 Vera CPUs
3.6 EFLOPS FP4
~600 kW power
liquid-cooled

FOOTPRINT:
single 19" rack

coolant
loop
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Chapter 15

Burn-In and Reliability
Stress-testing chips into honesty

125°C
BURN-IN TEMPERATURE

100s hrs
BURN-IN DURATION

<1 FIT
TARGET FAILURES PER

BILLION DEVICE-

HOURS

f you build a million chips, a few thousand of them will fail

in the first month. This is unavoidable. It is also

unacceptable — when those chips are deployed in a $50

million AI cluster, an early failure is not a defect, it is a project

disaster. The semiconductor industry has spent decades

learning how to find these chips before they ship.

The discipline is called reliability engineering, and its central insight is the

bathtub curve.

If you plot the failure rate of a population of chips against time in service, you

get a curve that is high at the start, low and flat through middle life, and rising

Infant mortality
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again at the very end. The early-failure region is called infant mortality. The

flat region is the chip's useful life. The late rise is wear-out, where

mechanisms like electromigration and gate-oxide degradation finally

accumulate enough damage to matter.

Infant-mortality failures are not random. They are caused by latent defects

that escape probe test — a marginal solder joint, a microscopic void in a

copper line, a particle that contaminated a critical interface but did not yet

manifest. Under normal operation, these chips would last hours, days, or

months — and then fail.

The trick is to make those hours, days, and months happen before the chip

leaves the factory. Burn-in (https://resources.system-analysis.cadence.com/blog/msa2020-conduct-burn-in-testing-in-sem

iconductor-devices-to-ensure-reliability) exposes chips to elevated temperature (typically 125°C)

and elevated voltage for hundreds of hours, in chambers that hold thousands

of devices simultaneously. Under these stresses, the failure mechanisms

that cause infant mortality accelerate by orders of magnitude. A defect that

would have failed at month three of normal operation now fails on day two of

burn-in.

Failed devices are caught and discarded. Surviving devices are now past the

infant-mortality phase. They are, statistically, the chips with the longest

expected lifetimes — and they are the ones that ship.

Burn-in screens individual chips. A separate process, HTOL (https://www.kessystemsinc.com/

resources/the-pivotal-role-of-burn-in-testing-in-ensuring-semiconductor-reliability-advanced-methodologies-industry-standards-and-kes-systems-

technological-leadership/) (High Temperature Operating Life), validates the long-term

Burn-in

HTOL and the long term
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behavior of the chip design. A small population of chips is operated

continuously at elevated temperature and voltage for a thousand hours or

more, and the failure rate is recorded and extrapolated using accepted

acceleration models (most commonly the Arrhenius equation for thermal

effects). The result is a quantitative claim: at use conditions, this chip family

will exhibit fewer than X failures per billion device-hours.

For chips destined for hyperscale AI clusters, that target is exceptionally

aggressive. A Rubin-based AI factory may contain tens of thousands of GPUs

running continuously for years; even a one-failure-per-billion-hour rate

translates to many failures per year across a deployed fleet, every one of

which is a customer-facing event.

Burn-in cannot catch everything. Some failures only emerge after thousands

of hours of real-world operation, with workloads no test chamber can fully

reproduce. For these, NVIDIA equips Rubin with its second-generation RAS

engine (https://www.nvidia.com/en-us/data-center/technologies/rubin/) — Reliability, Availability, and

Serviceability — a dedicated subsystem of monitors and counters built into

every chip.

The RAS engine watches everything. ECC errors in HBM. Voltage droop on

power rails. Junction temperatures across the die. Crossbar errors in NVLink.

Bit-flip patterns suggestive of cosmic-ray-induced soft errors. Each anomaly

is logged, correlated, and — if it crosses a threshold — escalated. The RAS

engine can mark a single core as bad and exclude it from scheduling without

bringing the rest of the chip down. It can predict that a particular HBM

stack is degrading and trigger a maintenance migration before the stack

actually fails.

For a hyperscaler running tens of thousands of GPUs, RAS is the difference

between a fleet that requires a full-time team to babysit and a fleet that

RAS, the always-on watcher
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quietly heals itself. It is, in many ways, the unsung enabler of cluster-scale AI.

By the time a Rubin GPU has cleared probe test, burn-in, HTOL validation, and

is shipped with its RAS engine armed, it has been characterized to a depth

that few products in any industry attempt. It is, statistically, ready to spend

the next four to six years running at the limit of its design — twenty-four

hours a day, seven days a week, for whoever is paying for the privilege.

FIGURE 15.1 The reliability bathtub curve. Burn-in screens out the early-

failure region on the left, ensuring that the chips that ship

are already past infant mortality.

The bathtub curve

Burn-in screens out the left edge of failure — the chips that were going to die early anyway.

0 time in service →

lure rate

infant mortality useful life wear-out
defects appear early low, near-constant failure rate aging mechanisms dominate

↑ BURN-IN catches these ↑
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Chapter 16

The AI Factory
SuperPODs, exaflops, and the new economy of intelligence

1,008
RUBIN GPUS PER

SUPERPOD

50.4
EFLOPS
FP4 COMPUTE

1,046 TB
FAST HBM4 MEMORY

10×
LOWER INFERENCE

COST VS BLACKWELL

he endpoint of the silicon supply chain is not a chip. It is

not even a rack. It is something NVIDIA calls an AI

factory: a building, or part of a building, dedicated

entirely to running AI workloads at industrial scale. Inside,

racks are arranged in rows, networking spines connect

them, cooling pipes feed them, transformers feed the

cooling pipes. The building exists to convert electricity into

computed thought.

This is where the journey ends, and where the work begins.
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The smallest practical "AI factory" unit is the DGX SuperPOD with DGX Vera

Rubin NVL72 (https://blogs.nvidia.com/blog/dgx-superpod-rubin/): a configuration of 14 NVL72 racks,

totaling 1,008 Rubin GPUs and 504 Vera CPUs, delivering 50.4 exaflops of

FP4 inference compute and 1,046 TB of fast HBM4 memory in aggregate.

That is one cluster. Hyperscalers buy them in dozens. The largest

deployments planned for 2026–2027 will exceed 100,000 Rubin-class GPUs

in a single coherent system — a scale at which the network connecting them

becomes a more important engineering problem than the GPUs themselves.

Inside a single rack, NVLink 6 handles all GPU-to-GPU traffic. Between racks,

the network shifts to InfiniBand or Ethernet. NVIDIA's Quantum-X800

InfiniBand and Spectrum-X Ethernet fabrics provide rack-to-rack bandwidth

at hundreds of gigabits per second per link. BlueField-4 DPUs handle the

protocol offload — encryption, congestion control, telemetry — leaving the

Rubin GPUs free to do what they do best.

The networking is not afterthought. For training a multi-trillion-parameter

model across thousands of racks, the gradient-synchronization step at every

iteration touches every GPU and demands ultra-low latency, ultra-high

throughput collectives. A poorly tuned network can cut training throughput

in half. A well-tuned one delivers near-linear scaling out to tens of thousands

of GPUs.

The DGX SuperPOD

Networking the unspeakable
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The buildings that house all this look less like data centers and more like

factories. An AI factory's electrical service (https://blog.se.com/datacenter/2026/04/09/building-ai-factories-

why-integrated-power-and-liquid-cooling-systems-are-critical-for-high-density-ai-data-centers/) is measured in tens or

hundreds of megawatts. Substations and transformers are part of the

building's design. Some sites are co-located with dedicated power generation

— natural gas plants, hydroelectric dams, nuclear reactors.

The cooling load is comparable. Hundreds of megawatts of GPU power

become hundreds of megawatts of heat that has to leave the building. Some

go to dry coolers on the roof. Some go to evaporative cooling towers. Some,

increasingly, go to district heating loops that warm office buildings or

greenhouses nearby. The water and air infrastructure is no longer a service

utility — it is a structural part of the design.

Even the floor matters. The reinforced concrete must support tens of

thousands of pounds per square meter. The cable trays must accommodate

not just signal cabling but liquid coolant manifolds. The construction time for a

new AI factory, from groundbreaking to first GPU online, is now measured in

years and is a binding constraint on how fast the industry can grow.

What does all of this produce? Computed inference. The fundamental output

of an AI factory is tokens: pieces of language, or pixels, or video frames, or

molecular structures, generated by the models running on the racks. Every

interaction with a frontier AI assistant is a small purchase from this output.

The unit economics matter. NVIDIA claims that Rubin reduces inference

 cost by roughly 10× compared to Blackwell (https://nvidianews.nvidia.com/news/rubin-platform-ai

-supercomputer), and reduces by 4× the number of GPUs needed to train a mixture-

The physical plant

The economy of tokens

token

From Sand to Superintelligence — 70 / 224

https://blog.se.com/datacenter/2026/04/09/building-ai-factories-why-integrated-power-and-liquid-cooling-systems-are-critical-for-high-density-ai-data-centers/
https://blog.se.com/datacenter/2026/04/09/building-ai-factories-why-integrated-power-and-liquid-cooling-systems-are-critical-for-high-density-ai-data-centers/
https://nvidianews.nvidia.com/news/rubin-platform-ai-supercomputer
https://nvidianews.nvidia.com/news/rubin-platform-ai-supercomputer


of-experts model of comparable size. At the scale of a hyperscaler, those

factors are decisive. They are why entire generations of GPUs are deployed

in such numbers, why old generations are retired aggressively, why the

silicon supply chain we have just walked through is operating at the limit of

its capacity.

Step backward, then. The Rubin GPU running in a rack in Virginia is, in the

strictest sense, a piece of quartzite from a mountain in North Carolina, melted

and re-melted, purified to one part contamination per billion, grown into a

perfect crystal, sliced into a wafer, polished to atomic flatness, patterned

eighty times by light at 13.5 nanometers, etched by plasma and doped by ion

beams, wired into a labyrinth of copper, packaged with stacks of memory on a

silicon interposer, fused with a CPU into a superchip, slotted into a tray,

plugged into a copper midplane, cooled by liquid running through pipes,

watched over by an internal RAS engine, networked to a thousand of its

siblings, and instructed to compute.

The journey is roughly six months long. It crosses four continents. It involves

perhaps eighty suppliers, twenty governments, and several technologies that

no single nation can build alone. At every stage, what makes it possible is

precision so extreme it borders on the metaphysical: nine nines of purity,

single nanometers of flatness, single atomic layers of deposition, single

nanometer features printed by single droplets of vaporized tin.

The output, at the end, is an instrument that can answer questions

about itself.

Looking back along the chain
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FIGURE 16.1 A DGX SuperPOD with 14 NVL72 racks, totaling 1,008 Rubin

GPUs and 50.4 exaflops of FP4 inference compute,

networked through Quantum-X800 InfiniBand or Spectrum-

X Ethernet.

The DGX SuperPOD

Fourteen racks, fifty exaflops, one logical machine — the smallest unit of frontier AI.

QUANTUM-X800 INFINIBAND / SPECTRUM-X ETHERNET FABRIC

14 racks

144 trays

1,008 GPUs

504 CPUs

50.4 EFLOPS

FP4 inference

1,046 TB

fast HBM4 memory
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P A R T  I I

How silicon thinks
Fourteen chapters on the architecture that turns a chip into

a thought.
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Chapter 17

The Electron's Choice
Band gaps, doping, and what “semiconductor” really means

1.12 eV
SILICON'S BAND GAP

AT ROOM TEMPERATURE

1 in 1010

RATIO OF DOPANT TO

HOST ATOMS

4
VALENCE ELECTRONS

IN A SILICON ATOM

n the last chapter we left silicon mid-transformation: an

enormous data-center humming in Virginia, eighteen trays

of cooled metal carrying out a kind of work the rest of

nature has never managed. To understand how any of that

work happens — how a sliver of patterned rock, the moment

electricity touches it, becomes arithmetic, then logic, then

memory, then a thought — we have to step back into physics.

Specifically, into the strange behaviour of an electron inside

a crystal.

This is the chapter where we earn the word semiconductor.
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Almost every material on earth is either a conductor or an insulator. Copper,

aluminum, gold — push a voltage on them and electrons flow effortlessly.

Glass, rubber, ceramic — push the same voltage and nothing happens,

because their electrons are locked into chemical bonds and have no place

to go.

Silicon is different. Push a small voltage on a piece of pure silicon at room

temperature and a trickle of current flows. Heat it up and the trickle grows.

Cool it to liquid-nitrogen temperatures and the silicon becomes nearly an

insulator. Shine light on it and the current jumps. Pure silicon's behaviour is

conditional (https://www.nobelprize.org/prizes/physics/1956/summary/) in a way that copper's is not. It

almost seems to decide.

That conditional behaviour — the fact that we can ask silicon "are you

conducting right now?" and get a different answer depending on what we did

to it — is the entire foundation of the digital age.

Quantum mechanics gives us the explanation. Inside any solid, electrons

cannot have any energy they like. They are restricted to bands — broad

ranges of allowed energy — separated by forbidden gaps. The lower band,

called the valence band, holds electrons that are bound to atoms. The upper

band, the conduction band, holds electrons that are free to roam.

In a metal, these two bands overlap. There is no gap, so electrons are always

free to move. That is why copper conducts.

In an insulator, the gap is enormous — about 9 eV in glass — far larger than

the  available at room temperature (~0.026 ). No electron

A strange middle ground

The band gap

thermal energy eV
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can muster the energy to leap across, so none ever joins the conduction

band. That is why glass insulates.

Silicon's gap is 1.12 electron-volts (https://www.pveducation.org/pvcdrom/pn-junctions/band-gap). Big

enough that very few electrons cross it spontaneously at room temperature

— pure silicon is a poor conductor — but small enough that with a modest

amount of help (heat, light, or a carefully placed neighbour atom), enormous

numbers of electrons can be promoted across. This is the band gap

of choice: large enough to keep silicon stable, small enough to make

it manipulable.

Conductors say yes. Insulators say no. Semiconductors say

"depends on what you do." Our entire civilization runs on what

they say next.

Pure silicon is a curiosity, not a technology. The masterstroke that turns it into

a switch is doping: deliberately introducing a few foreign atoms — one part in

ten million, sometimes one part in ten billion — to flood the conduction band

with carriers.

Silicon has four ; it sits in column IV of the periodic table.

Slip in a phosphorus atom (column V, five valence electrons) and four of

phosphorus's electrons participate in bonds with neighbouring silicons. The

fifth has nowhere to go — it is loosely bound, easily kicked into the

conduction band. Add enough phosphorus, and the silicon now has a sea of

mobile electrons. We call this n-type silicon (n for negative carriers).

Slip in a boron atom (column III, three valence electrons) and the situation

reverses. There is now a missing electron — a "hole" — in the bonding lattice.

Holes behave, mathematically, as if they were positive charge carriers, drifting

Doping — the masterstroke

valence electrons
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through the crystal as electrons hop into them from neighbour to neighbour.

This is p-type silicon.

T H E  P R E C I S I O N  R E Q U I R E D

Modern chips dope silicon at concentrations as low as 1013 dopant atoms per

cubic centimeter (https://en.wikipedia.org/wiki/Doping_(semiconductor)) — about one foreign atom

per billion silicon atoms. This is why Chapters 1-3 of this book obsessed about

purity. You cannot dope to one-in-a-billion if your starting material already

contains one-in-a-million of the wrong thing.

Place a slab of n-type silicon next to a slab of p-type silicon — what

physicists call a  — and remarkable things happen. Free electrons

from the n-side rush into the p-side to fill holes; holes drift the other way. A

region empty of mobile carriers forms at the boundary. An electric field builds

up, opposing further migration. Equilibrium settles. You now have a one-way

valve for current — a diode.

The  was demonstrated by Russell Ohl at Bell Labs in 1939 (https://www.

computerhistory.org/siliconengine/silicon-pn-junction-is-discovered/), and it is the conceptual ancestor of

every device in this book. Once you can build a region of crystal whose

conductivity depends on which way you push, you can build a region whose

conductivity depends on a third electrode hovering nearby. That third

electrode gives us the transistor — the gate that decides whether current

flows or doesn't.

What we have, when all this comes together, is the trick we have been after

the whole time: a rock whose ability to carry electricity is no longer a property

of the rock but of what we have done to a particular spot of it. Silicon has

stopped being a material and become a stage on which voltages can play.

Rocks that switch

p-n junction

p-n junction
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In the next chapter we walk on that stage and watch a single transistor

turn on.

FIGURE 17.1 The band-gap picture. Insulators forbid; conductors don't

notice; semiconductors hesitate. The hesitation is what

we exploit.

The electron's choice

Insulators forbid; conductors don't notice. Silicon, alone, hesitates — and hesitation is computation.

INSULATOR SEMICONDUCTOR CONDUCTOR
e.g. SiO₂, glass silicon, Si e.g. Cu, Al

conduction (empty)

valence (full)

~9 eV gap
forbidden

conduction

valence

~1.1 eVthermal kick overlapping bands
no gap — always conducts

phosphorus → 1 extra electron (n-type)   ·   boron → 1 missing (p-type)

From Sand to Superintelligence — 78 / 224



A

Chapter 18

The Transistor as a Valve
How a gate voltage opens a channel

~0.7 V
THRESHOLD VOLTAGE

~10-12 s
SWITCHING TIME

~80 billion
TRANSISTORS IN ONE

RUBIN GPU

transistor is the smallest decision a piece of matter can

make. It says flow or it says don't, and it can change its

mind a billion times a second. Everything else in this

volume — every algorithm, every operating system, every

neural network — is what happens when you wire enough of

these decisions together.

The species we care about is the  — the metal-oxide-semiconductor

field-effect transistor. Almost every transistor in your laptop, in a Rubin GPU,

in your phone, is a . They number, in a single modern GPU, on the

order of eighty billion (https://www.nvidia.com/en-us/data-center/technologies/blackwell-architecture/).

MOSFET

MOSFET
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Forget the schematic symbol for a moment and look at the physical structure.

A MOSFET is not a bag of components; it is a single sculpture cut into the

silicon surface. Three regions of differently-doped silicon — source, channel,

drain — sit side by side. Above them, separated by a sliver of silicon dioxide

barely thicker than a single layer of atoms, sits the gate.

The source and drain are heavily n-doped: they are full of free electrons. The

region between them is p-doped: it is full of holes, which means it is empty of

free electrons. Without help, no current can flow from source to drain — the

channel is, in effect, an insulator.

The gate is the help.

Apply a positive voltage to the gate. The electric field punches down through

the oxide and into the p-doped silicon below. Holes are repelled away from

the surface; the few stray electrons in the substrate are attracted toward it.

As the gate voltage rises past a critical value — the threshold voltage, around

0.4–0.7 V in modern devices (https://nanohub.org/resources/5780/download/2009.01.20-ece606-l28.pdf) —

something striking happens. The surface layer of the p-region inverts. It

becomes locally n-type. A continuous sheet of electrons appears, only a few

nanometers thick, bridging source to drain.

The transistor is on. Push a small voltage between drain and source and a

current of electrons flows through the new channel. Drop the gate back to

zero and the channel collapses. The current vanishes.

This is the entire trick. A voltage on a gate, separated from the silicon by a

sheet of glass thinner than a virus, decides whether a billion electrons next

The modern transistor

Opening the channel
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door are free to march. The gate does not pass current; it merely persuades.

Power is gained because the persuasion is electrical and the response is also

electrical, but vastly larger.

A transistor is a valve in which the handle is made of voltage and

the water is made of electrons. Turn the handle, and the river

starts.

The numbers around a single MOSFET are worth pausing on. In a leading-

edge node:

The gate length — the channel a single electron must cross — is around 15

nanometers (https://semiwiki.com/semiconductor-services/the-international-roadmap-for-devices-and-systems/), even

though the technology is called "3 nm" or "2 nm." (The naming convention

is now marketing, not measurement.)

The gate oxide is roughly 1 nm thick — about three atoms of silicon dioxide

stacked on top of each other.

Switching the transistor takes around 1 picosecond: 10⁻¹² seconds.

The energy to flip it once is around 10⁻¹⁷ joules — small enough that

a transistor can be flipped a hundred trillion times on the energy of a

single calorie.

These numbers explain the entire economic story of the digital age. Every

shrink lets you put more transistors into the same square millimeter (more

arithmetic per chip), and reduces the energy of each switch (more arithmetic

per joule). For fifty years, both progressed in lockstep. We are now seeing the

first decade in which they have begun to part — and that is much of the

story of Dennard scaling's slow death (https://en.wikipedia.org/wiki/Dennard_scaling), of why

GPUs replaced CPUs as the engine of frontier intelligence, and of why this

book exists.

The numbers, made small
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F I N F E T  → G A A ,  B R I E F L Y

Below 22 nm, the planar MOSFET stopped working: the gate could no longer

maintain control of the channel and electrons leaked through even when the

transistor was supposed to be off. The FinFET wraps the gate around three

sides of a vertical silicon fin. The newer gate-all-around (GAA) transistor, used

at 2 nm, wraps the gate around all four sides of a stack of silicon nanosheets.

Same physics; better grip.

One transistor is unimpressive. It is a switch. We have had switches for

centuries. What changes when you fabricate a billion of them on the same

crystal, all working at picosecond speed, all controllable by other transistors?

Two things change. First, we can build any boolean function we like — and

we will spend the next chapter doing exactly that. Second, the latency,

energy, and reliability scales become simply unlike any other engineered

system in human history. A modern chip can be commanded to perform an

operation, and a billion electrons in a billion locations will respond, within

picoseconds, more reliably than the postal service can deliver a letter

across town.

What we have, in a single MOSFET, is a tiny act of obedience. What we are

about to build is everything that can be done with a great many tiny acts of

obedience, exactly synchronized.

A billion valves, choreographed
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FIGURE 18.1 Cross-section of an n-channel MOSFET. A positive voltage

on the gate inverts the surface of the p-substrate, creating

a thin sheet of electrons that bridges source and drain.

A MOSFET in cross-section

A few hundred millivolts on the gate persuade an inversion layer of electrons to bridge source to drain.

p-type silicon substrate (boron-doped)

n+ n+
inversion channel (electrons)

SiO₂ gate oxide (~1 nm)polysilicon / metal gate

SOURCE (0 V)

GATE (V_GS)

DRAIN (+1 V)

V_GS < V_th → no channel → OFF (no current) V_GS > V_th → channel forms → ON (current flows)
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Chapter 19

From Switch to Logic
NAND, NOR, and the universality theorem

4
TRANSISTORS PER

NAND GATE

1
GATE TYPE

SUFFICIENT TO

COMPUTE ANYTHING

~1011

GATES IN A FRONTIER

GPU

single transistor is a hand on a faucet. To compute

anything we need to ask: how do you build a thought

out of faucets? The answer is one of the prettiest results

in twentieth-century science, and it is the moment chemistry

hands the keys to mathematics.

The leap is to read a transistor not as physics but as logic. "On" becomes the

number 1, "off" becomes the number 0. A pair of voltages — a high one

(typically 0.8–1.2 V in modern chips) and a low one (0 V) — represent the

binary digits true and false.

From on/off to truth
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This identification — voltage with logic value — was suggested most

famously by Claude Shannon's 1937 master's thesis (https://en.wikipedia.org/wiki/A_Symbolic_Analys

is_of_Relay_and_Switching_Circuits), which proved that boolean algebra (the algebra of and, or,

not) was the natural mathematics for switching circuits. Once you have that

identification, the question becomes: which arrangements of transistors

compute which functions of true and false?

The most important arrangement is called NAND — short for "not and." A

NAND of two inputs is true unless both inputs are true. In modern CMOS

technology, we build it from four transistors: two PMOS at the top (which

conduct when their gate is low) and two NMOS at the bottom (which conduct

when their gate is high). The PMOS pair sits in parallel between VDD and the

output; the NMOS pair sits in series between the output and ground.

Walk through the four cases. If both inputs are low: both PMOS conduct, both

NMOS are off, the output is pulled to VDD — output is high (true). If only one

input is high: that input's NMOS is on but the other is off, so the series path to

ground is broken; meanwhile the PMOS for the low input is on, pulling the

output to VDD. Output stays high. Only when both inputs are high do both

NMOS conduct, both PMOS turn off, and the output is finally pulled to ground.

Output is low (false). That is exactly the truth table of NAND.

A subtlety here is worth noting: in steady state, no current flows through the

gate. The PMOS or the NMOS path is always broken. Power is consumed only

when the gate switches — when the transistor capacitances are charged or

discharged. This is what made CMOS logic (https://www.computerhistory.org/siliconengine/cmos-circuits-ecli

pse-bipolar-and-nmos-logic/) viable at the scale of billions of gates: a chip's power is

determined not by how many gates it contains but by how many gates are

switching per second. Idle transistors are essentially free.

The NAND gate
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Now the magic. Once you have NAND, you have everything. NAND is

functionally complete: every possible boolean function — every truth table

you could ever write down, of any number of inputs — can be built out of

NAND gates alone. NOT? That's a NAND with both inputs tied together. AND?

A NAND followed by a NOT (which is itself a NAND). OR? Use De Morgan's

laws: A OR B = NOT (NOT A AND NOT B), and every NOT and every AND is

just a NAND. XOR, multiplexer, comparator — all of them, built from NAND.

This is the universality theorem of digital logic. It is the reason a single

physical structure — four transistors arranged in a particular pattern — is the

lego brick of every computation we have ever performed. Your laptop is,

mathematically, an enormous arrangement of NANDs. So is the GPU running a

frontier model. So, in principle, would be a brain simulator.

A NAND gate can compute any function of its inputs. Therefore, a

great many NAND gates, properly wired, can compute any

function — including the function "predict the next word an

intelligent being would say." Everything else is implementation.

You can prove this to yourself with a simple case. Consider the half-adder: a

circuit that takes two binary digits and produces their sum. The "sum" output

is true if exactly one of the inputs is true (this is XOR). The "carry" output is

true only if both inputs are true (this is AND). Build XOR from NANDs (it takes

four), build AND from NANDs (it takes two), wire them up — and you have an

arithmetic unit. Two of them in series (with the carry of the first feeding the

carry-in of the second) make a full adder. Sixty-four of those in a chain make a

64-bit adder, which is what your CPU uses to add the integers in x = y + z .

Universality

A calculator in your pocket
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Pause on this for a moment. The integers added in y + z  are ultimately

voltages in roughly five thousand transistors, arranged into roughly twelve

hundred logic gates, switching simultaneously, settling into the right state in a

fraction of a nanosecond. That is one addition. A modern CPU does about ten

billion such additions per second per core (https://www.intel.com/content/www/us/en/developer/articles/techni

cal/intel-sdm.html), and has dozens of cores.

W H Y  N A N D ,  S P E C I F I C A L L Y ?

NOR is also functionally complete. So is the combination AND+NOT, or

OR+NOT. NAND just turned out to be cheapest in CMOS — fewer transistors

than NOR for the same function, and friendlier to layout. A whole industry's

standard cell libraries grew around it. There is nothing fundamentally special

about NAND; it just won the implementation lottery.

One transistor became one bit of decision. A handful of transistors became

one logical operation. We are climbing fast. In the next chapter we will use

logic to build arithmetic, and arithmetic to build memory, and memory to build

the first true unit of computation: the register.
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FIGURE 19.1 A two-input NAND gate built from four transistors: two

PMOS in parallel, two NMOS in series. Output is low only

when both inputs are high.

NAND from four transistors

Two PMOS in parallel pull output high; two NMOS in series pull it low. Together: NAND.

CMOS schematic
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GND
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0 0 1

0 1 1

1 0 1

1 1 0
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Y
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Chapter 20

Adders, Latches, Memory
From half-adder to ALU; the bit that remembers

64
BITS IN A MODERN

REGISTER

~6
TRANSISTORS PER

SRAM CELL

0
EXTRA POWER TO

REMEMBER A BIT

(STATICALLY)

e have logic. We have a way to make any boolean

function we wish. The next two miracles are

arithmetic and memory: adding, and remembering.

Both are built from the same NAND gates we just learned. The

fact that they emerge so naturally is part of why digital

electronics took over the world so completely.

The smallest possible adder is the half-adder we sketched at the end of last

chapter: two inputs (each one bit), two outputs (sum and carry). It can add

0+0, 0+1, 1+0, 1+1 — and in the last case it produces sum=0, carry=1, the

two-bit answer "10" in binary, which is two in decimal.

Adding, with gates
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To add real numbers we need a full adder: three inputs (two operand bits and

a carry-in from the previous bit), two outputs (sum and carry-out). A full adder

takes about five gates — two XORs, two ANDs, and an OR. We can build any

of these from NANDs, so the full adder is, ultimately, a particular pattern of

about twenty NAND gates.

Chain 64 full adders together — the carry-out of bit i feeding the carry-in of

bit i+1 — and you have a 64-bit adder. Feed it two 64-bit numbers and the

answer ripples through, bit by bit, in a few nanoseconds. This is called a

ripple-carry adder, and it is the slow-but-honest version. Real CPUs use

cleverer designs (carry-lookahead (https://en.wikipedia.org/wiki/Carry-lookahead_adder), carry-select (htt

ps://en.wikipedia.org/wiki/Carry-select_adder), Kogge-Stone) that compute carries in parallel rather

than serially, knocking the latency from O(n) down to O(log n) for an n-bit add.

The adder is not alone. Right next to it on the silicon sit the other arithmetic

units: a subtractor (which is, beautifully, just an adder with one input inverted

and a carry-in of 1, courtesy of two's-complement arithmetic), a shifter (for

multiplying or dividing by powers of two), bitwise logic units (AND, OR, XOR,

NOT applied 64 ways in parallel), and comparators. Together they form the

ALU — Arithmetic Logic Unit — and they are, alongside the register file we'll

meet shortly, the heart of any CPU.

The ALU is wired so that a small opcode on its control inputs (a few bits)

selects which operation it performs this cycle. The operands feed in on two

64-bit buses; the result emerges on a third. The whole assembly is purely

combinational: no memory, no clock — just gates, settling into the right

answer like a tuning fork stilling itself. The hard part isn't the answer; it's

the schedule.

For multiplication and division, dedicated units called multipliers (https://www.cs.cmu.edu/

~410/doc/segments/book.pdf) and dividers do the work. Floating-point arithmetic — the

The ALU — arithmetic at speed
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kind used in scientific computing, graphics, and neural networks — is handled

by a different set of units called the FPU, the floating-point unit, which is

essentially a small constellation of adders, multipliers, and shifters dedicated

to manipulating IEEE 754 numbers. In modern AI chips, the FPU has a much

larger sibling: the tensor core, an entire matrix-multiply engine baked into the

silicon. We'll meet it again in Part II's later chapters.

Combinational logic — all-NAND, all-gates — can compute, but it cannot

remember. The output of an adder depends only on its current inputs; if the

inputs change, the output changes. To remember anything we need a circuit

that breaks this rule: one whose output depends on its history.

The smallest such circuit is the SR latch. Take two NAND gates and cross-

couple them: each gate's output feeds back into the other gate's input. Now

the system has two stable states. If gate A's output is high and gate B's is

low, that configuration sustains itself; the same is true for the opposite. Pulse

the "set" input low and the latch flips to one state; pulse "reset" low and it

flips to the other. Otherwise, the latch holds whichever state it last entered,

indefinitely, with no continuing power input.

Two NAND gates, four transistors, cross-coupled. That is the

world's smallest unit of memory. Everything you have ever

stored on a computer — every photo, every paragraph, every

weight in a neural network — is, ultimately, a bit in some

descendant of this circuit.

The "no continuing power input" part is worth pausing on. SRAM (static RAM,

used for CPU caches) consumes negligible power once a bit is stored:

leakage currents only. DRAM (used for main memory) cheats by storing bits

as tiny charges on capacitors, which leak and must be refreshed every few

The bit that stays
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milliseconds — a small fee for the much higher density. Different memories

make different bargains with physics, but the underlying capacity to

remember traces back to that pair of cross-coupled gates.

A single bit isn't very useful. Group 64 latches together, share a "load" signal

between them, and you have a register: a 64-bit unit of fast, on-chip storage.

A modern CPU has perhaps 32 of these (architectural registers like rax ,

rbx , rcx  on x86, or x0  through x30  on ARM) plus dozens or hundreds

more "physical" registers used by the out-of-order engine to keep multiple in-

flight instructions from stepping on each other's results.

Registers are the fastest memory in the universe of computing. They live next

to the ALU, accessed in a single clock cycle (a third of a nanosecond at 3

GHz), built directly out of cross-coupled NANDs. They are also the smallest

memory: a few kilobytes total, on the entire chip, vs. the tens of megabytes of

cache (https://www.tomshardware.com/news/intel-core-i9-13900k-review) and gigabytes of DRAM elsewhere

in the system. The pyramid begins at this peak.

A  G E N E A L O G I C A L  O B S E R V A T I O N

An adder is gates wired into arithmetic. A latch is gates wired into memory. The

CPU we are about to assemble is gates wired into a creature that does both,

alternately, on a clock — and the GPU we'll meet later is gates wired into a

creature that does almost only the first, ten thousand times in parallel. The

same NAND, in different braids, becomes very different machines.

Now we have the pieces: arithmetic that can compute, registers that can

remember. To make them do anything over time, we need a metronome. We

need a clock.

From latch to register
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FIGURE 20.1 Left: a full adder built from XOR, AND, and OR gates. Right:

an SR latch — two cross-coupled NAND gates that hold one

bit of state.

From gates to arithmetic — and memory

A full adder sums three bits. An SR latch remembers one. Together they compose every CPU.

1-bit full adder

A

B

C_in

XOR
XOR SUM

AND

AND

OR C_out

SR latch — remembers 1 bit

NAND

NAND

S

R

Q

Q̄

Once Q is set, the loop holds it forever — until S/R say
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Chapter 21

The Clock
Synchrony, pipelining, and the heartbeat that makes a chip go

3.5 GHz
TYPICAL MODERN

CLOCK

~290 ps
ONE CYCLE'S

DURATION

~10%
OF CHIP POWER SPENT

ON CLOCK

DISTRIBUTION

heap of logic gates can compute, in the same way that a

watch's pile of cogs can keep time — both require

something to keep them moving in step. In a watch it is a

balance wheel and a spring. In a chip it is the clock: a square

wave, generated by an oscillator, distributed through a binary

tree of buffers to every flip-flop on the chip, all of which

sample their inputs on the same edge of every cycle. The

clock is the heartbeat that turns combinational logic into time.

You could, in principle, build a chip without a global clock — an

"asynchronous" chip, in which every gate fires whenever its inputs are ready.

Why clocks exist
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Some have been built. They are gorgeous. They are also a nightmare to

design, debug, and verify. The synchronous, clocked design — every gate,

every flip-flop, every register dancing to the same drum — won decades ago,

and almost no commercial silicon has shipped without a global clock since.

The reason is correctness. Inside a chip, every signal takes a different amount

of time to propagate. A short wire might be fast; a long wire, slow; a gate

driving a heavy capacitive load, slower still. If a downstream flip-flop samples

its input before all the upstream signals have finished settling, it captures a

meaningless intermediate value — a glitch — and the calculation goes wrong.

The clock guarantees correctness by giving every signal in the chip a fixed,

generous amount of time — a clock period — to settle, before any flip-flop

samples it. The clock period is set, conservatively, by the slowest path

between any two flip-flops on the chip. This path is called the critical path,

and it is what determines a chip's maximum frequency. Speeding up a chip is,

almost always, the art of finding and shortening critical paths.

Distributing the clock to every flip-flop — there are tens of millions in a typical

CPU (https://en.wikipedia.org/wiki/Clock_signal), billions in a GPU — is harder than it sounds. The

signal must arrive at every flip-flop within a few picoseconds of every other,

otherwise downstream logic sees inputs from different clock cycles and

chaos ensues. This requirement is called low skew.

The trick is the clock tree: a balanced binary tree of buffers. The clock

generator sits at the root; every level fans out to two more buffers, until the

leaves drive the actual flip-flops. The wires are deliberately routed to be the

same length on every branch, the buffers carefully sized so each one drives

the same load. A modern clock tree is a piece of art — and it consumes

about 10% of the chip's total power (https://patents.google.com/patent/US20060277509A1/en), just

keeping time.

The clock tree
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The clock frequency, finally, is set by the phase-locked loop (PLL), a

feedback circuit that multiplies a slow, accurate reference (typically 100 MHz

from a quartz crystal — yes, more silicon dioxide) up to the chip's operating

frequency. A modern CPU has dozens of PLLs, one per voltage domain, and

can shift between frequencies in microseconds in response to thermal or

workload changes.

Once you have a clock, an enormous architectural idea becomes possible:

pipelining. Conceptually, an instruction's execution has phases — fetch the

instruction from memory, decode what it means, execute it on the ALU, write

the result back to a register. If you do these one at a time, sequentially, each

instruction takes (say) four cycles. Awful.

Instead, divide the chip into four stages, separated by flip-flops. While stage 1

fetches instruction n+3, stage 2 decodes n+2, stage 3 executes n+1, stage 4

writes back n. After the pipeline is full, every cycle, one instruction finishes

and one new instruction begins. The latency per instruction is still four cycles,

but the throughput is one instruction per cycle.

This trick — pipelining — is the single most important architectural invention

in CPU design. It is also why CPUs grew so deep through the 1990s and early

2000s: the Pentium 4 had a 31-stage pipeline (https://en.wikipedia.org/wiki/Pentium_4), and

could clock above 3 GHz on a process where logic gates were still hundreds

of nanometers. Modern CPUs are shallower (10-20 stages) — the marginal

benefits ran out — but every modern processor pipelines aggressively.

Pipelining is the assembly line applied to logic. The same

instruction goes through the same stages — but at any given

moment, dozens of instructions are partway through, riding the

same chip like cars on a Ford line.

Pipelining
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Pipelining is not free. If instruction n+1 needs the result of instruction n (a

"data hazard"), the pipeline must wait — or arrange to forward the not-yet-

written result directly from stage 3's output back to stage 2's input. If

instruction n is a branch, the chip doesn't know which instruction comes after

n until n is executed; modern CPUs make a guess (the branch predictor (https://en.

wikipedia.org/wiki/Branch_predictor), accurate >95% of the time) and roll back if they were

wrong. If instruction n needs to read from memory and the data isn't in the

cache, the pipeline must stall for hundreds of cycles waiting for DRAM —

and that is much of why we will spend an entire chapter (Ch. 24) on the

memory pyramid.

O U T - O F - O R D E R  E X E C U T I O N

Modern CPUs go a step beyond pipelining: out-of-order execution. Instructions

are fetched in order, but the chip looks ahead at dozens of instructions, picks

any whose inputs are ready, and executes them in whatever order extracts the

most parallelism. They are then "retired" back into program order so that, from

the outside, the chip still appears to obey your code one line at a time. The lie is

the entire point.

The clock has given us a way to make billions of gates cooperate in time. The

pipeline has given us a way to make a single CPU walk and chew gum at

once. Now we need to give it a job to do — a sequence of instructions to

execute. That sequence is called a program, and the way the chip reads it is

so simple it is almost embarrassing.

Hazards and stalls
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FIGURE 21.1 Top: the clock waveform — a square wave at gigahertz

frequency. Bottom: a 5-stage pipeline; once filled, one new

instruction completes every cycle.

The clock and the pipeline

Every rising edge, every flip-flop in the chip latches a new value. Pipelining lets five instructions ride t

CLK (3 GHz · 333 ps period)

t₁ t₂ t₃ t₄ t₅ t₆

5-stage pipeline — one instruction completes every cycle

FETCH

DECODE

EXECUTE

MEMORY

WRITE

I1 I2 I3 I4 I5 I6

I1 I2 I3 I4 I5

I1 I2 I3 I4

I1 I2 I3

I1 I2

After cycle 5, the pipeline is full: one instruction enters and one finishes every clock — 333 picoseconds a

From Sand to Superintelligence — 98 / 224



I

Chapter 22

Fetch, Decode, Execute
The instruction cycle and a CPU's to-do list

3 billion
INSTRUCTIONS PER

SECOND PER CORE

4 bytes
SIZE OF A TYPICAL

INSTRUCTION

1
REGISTER THAT HOLDS

THE WORLD: THE

PROGRAM COUNTER

f you opened up a CPU and asked it what it does, the

answer would fit on a postcard. Read an instruction.

Figure out what it means. Do it. Move on. Repeat, three

billion times a second, until power is removed.

This loop — fetch, decode, execute — is the entire mechanical heart of every

general-purpose computer ever built. Babbage's Analytical Engine had it, on

paper. The ENIAC had it. The 8088 in the original IBM PC had it. The AMD Zen

5 (https://www.amd.com/en/products/cpu/amd-ryzen-9-7950x) in your gaming desktop has it. So does the

M4 in a new MacBook (https://www.apple.com/newsroom/2024/10/new-macbook-pro-features-m4-family-of-chips-and-apple-i

ntelligence/), and the Vera CPU in a Rubin superchip. The loop is older than

electronics. It will outlive most things.
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Inside a CPU sits a special-purpose register called the program counter, or

PC. (On x86 it's called rip ; on ARM, pc ; the idea is the same.) It holds a

single 64-bit number: the memory address of the next instruction to run.

That is the entire state, at the highest level, of what a CPU is doing.

Everything else — the contents of registers, the values in cache, the bits

sitting in DRAM — is auxiliary. The PC says where the next instruction lives,

and the loop is:

1. Fetch the instruction at the address held in PC.

2. Decode it: figure out what operation it is and what operands it uses.

3. Execute it: send the operands through the ALU (or the load/store unit, or

the branch unit), produce a result, write the result back.

4. Update the PC. Usually that means PC = PC + 4 (the next instruction).

Sometimes — for jumps and branches — it means PC = (some

other address).

5. GOTO 1.

That's it. There is no plan, no consciousness, no lookahead at the top level —

just an obedient creature that does what the bytes at PC tell it to, then asks

for the next bytes.

The fetch stage sends the value of PC to the memory subsystem and gets

back, ideally within a cycle or two, the bytes of the next instruction. On x86

this is a variable-length affair (an x86 instruction can be 1 to 15 bytes); on ARM

and most other modern ISAs, it's a clean 4 bytes. Fetched instructions land in

The loop at the bottom

Fetch — read the next instruction
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the instruction cache, a small, fast SRAM near the front of the CPU dedicated

entirely to instruction bytes.

This is the first place memory hierarchy bites you. If the instruction is in the L1

instruction cache, fetch takes 4 cycles. If it has to come from L2, 12 cycles.

From L3, 40. From DRAM, 300. From disk, ten million. A CPU spends an

enormous amount of its design budget — and most of its die area — on

hiding this latency, by speculatively fetching instructions ahead of where the

PC currently points and tucking them into cache before the chip realizes it

wants them.

Decoding is taking the raw bytes of an instruction and figuring out what it

means. The first few bits — the opcode — say what operation: ADD, LOAD,

BRANCH, MULTIPLY. The remaining bits identify the operands: which

registers to read from, which to write to, sometimes a constant value baked

into the instruction itself. The decoder is a small piece of combinational logic

that takes the instruction word and produces, in a single cycle, the dozens of

control signals ("send register x3 to ALU input A", "select ADD operation",

"write result to register x7") that the rest of the pipeline needs.

On a modern x86 chip, decoding is genuinely complicated — variable-length

instructions, multiple instructions per cycle, internal translation into simpler

micro-operations called µops (https://en.wikipedia.org/wiki/Micro-operation). On ARM and RISC-

V, where instructions are fixed-length and regular, it is simpler. Either

way, the output is the same: control signals + register reads, ready for the

execution stage.

Execution is where the actual work happens. For an arithmetic instruction, the

operands flow through the ALU and produce a result. For a load, the address-

arithmetic unit computes a memory address and the load/store unit launches

a memory read. For a branch, the branch unit decides whether to take the

Decode and execute
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branch and computes the new PC. For a multiply or divide, dedicated units do

that. For a vector or matrix instruction, an entire wide datapath is fired up.

Pause and feel the strangeness of this. There is no "program" inside a CPU in

any meaningful sense. There is no plan, no agenda, no comprehension of

what it is doing. There is one register holding an address, and a loop that

fetches, decodes, and executes whatever happens to be at that address,

then moves on.

What we call a "program" is just a particular sequence of bytes laid out in

memory, such that when the CPU follows the loop, the side effects — values

written to registers, to memory, to the screen — accomplish something

useful. A web browser is a sequence of bytes. A game is a sequence of

bytes. A neural network's forward pass, ultimately, is a sequence of bytes.

The CPU is profoundly, beautifully indifferent to which.

The CPU does not know it is running Photoshop. It is reading

instructions at PC, doing them, advancing PC. Photoshop is what

happens when those instructions are arranged just so.

This is the genius of the von Neumann architecture (https://en.wikipedia.org/wiki/Von_Neumann_archi

tecture), named for the 1945 paper that codified it: code and data live in the same

memory, both are bytes, and the CPU's job is to read and act on bytes. It is a

simple architecture. Sixty years of optimization later, it is also the only one

that has ever mattered at scale.

A  S U B T L E  I N V E R S I O N

One of the deepest ideas in computing follows from this: code is data. A

compiler is a program whose input is bytes (source code) and whose output is

Everything is this
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bytes (machine code). A program can write another program; a program can

write itself. Every JIT compiler, every dynamic linker, every interpreter, every

neural network that generates code — all of these depend on the indifference

of the CPU to whether the bytes at PC came from disk or from a million NAND

gates flipping last microsecond.

The CPU is, then, a very simple animal. The interesting part is the contract

that tells it which bytes mean what. That contract is called the instruction set

architecture — the ISA — and it is the seam between hardware and software,

the place where physics ends and meaning begins.

FIGURE 22.1 The fetch-decode-execute cycle. Every CPU, ever built,

runs this loop, with minor variations, billions of times

per second.

The instruction cycle

Every CPU is, fundamentally, a tiny robot that reads, interprets, and obeys — and never stops.
FETCH

read at PC

DECODE

parse opcode

EXECUTE

do the thing

WRITEBACK

PC = PC + 4
~3 billion times / second

Program Counter (PC):

0x7FFE 0AC4 → next address to fetch
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Chapter 23

From Transistors to ISA
The contract between hardware and software

1978
YEAR X86 WAS FIRST

DEFINED

~1500
INSTRUCTIONS IN

MODERN X86-64

~50
INSTRUCTIONS IN

BASELINE RISC-V

he fetch-decode-execute loop only works if the chip and

the program agree on what the bytes mean. That

agreement is the Instruction Set Architecture, or ISA —

the most consequential interface in computing, and the

longest-lived. The ISA is why your Linux laptop can run a

binary compiled in 1995, why an iPhone game runs on devices

built years apart, and why Apple's switch to its own silicon

was a multi-year migration of an entire software ecosystem.

An ISA specifies, in unambiguous language, what bytes a CPU will accept and

what they mean. It defines:

The contract
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The encoding of instructions — exactly which bits represent ADD, which

represent LOAD, which represent BRANCH-IF-EQUAL.

The set of architectural registers — how many, how wide, what they are

named, and which ones have special behaviour (the program counter, the

stack pointer).

The memory model — how loads and stores interact, what guarantees the

chip provides about the order of memory operations across cores.

The exception model — what happens when the CPU divides by zero, or

hits an unmapped page, or receives an interrupt.

System-level state — privileged registers, page-table format, virtual-

memory rules, security boundaries.

An ISA is a specification document: hundreds or thousands of pages, written

in pedantic English with formal pseudo-code. The Intel x86-64 manual (https://www.i

ntel.com/content/www/us/en/developer/articles/technical/intel-sdm.html) runs to roughly 5,000 pages. The Arm

ARMv9 reference (https://developer.arm.com/documentation/ddi0487/latest) is similar. Every

implementation — Intel chips, AMD chips, the dozens of ARM licensees —

must obey the manual.

Through the 1980s, two design philosophies emerged.

CISC (complex instruction set computer): rich, expressive instructions. A

single x86 instruction can read two memory locations, multiply their contents,

and write the result back to a third. Variable-length encoding (1–15 bytes).

Hundreds of instructions, many baroque. The argument: instructions are

scarce, memory is precious, packing more semantics into each instruction

reduces program size and reduces the number of fetches.

RISC (reduced instruction set computer): austere, regular instructions. Each

instruction does one thing — load, store, register-to-register arithmetic — in a

Two tribes — CISC and RISC
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fixed-length encoding (4 bytes), with a small instruction count (~50 in

baseline RISC-V). The argument: simple instructions can be pipelined and

clocked faster; let the compiler do the work of composing complex behaviour

from simple parts.

RISC won the technical argument decisively in the 1990s. ARM, MIPS,

PowerPC, SPARC — all RISC, all faster per gate than the CISC architectures of

the same era. Hennessy and Patterson's Computer Architecture textbook (https://

www.cs.cmu.edu/~410/doc/hennessy-patterson.pdf) is, structurally, a treatise on the victory of RISC.

And yet — Intel x86, the most commercially successful CISC architecture,

never died. It survived because of microarchitectural cleverness: modern x86

chips internally translate CISC instructions into a stream of RISC-like µops as

part of decoding, then execute those µops in a deeply pipelined, out-of-order

RISC core. The ISA stayed CISC; the implementation became RISC. The

contract was preserved; the engine underneath was replaced.

This brings us to one of the most useful distinctions in computer architecture:

ISA versus microarchitecture. The ISA is the visible contract — the bytes the

CPU will accept and the abstract behaviour it promises. The

microarchitecture is the actual circuitry inside the chip — the pipeline depth,

the cache sizes, the branch predictor, the number of execution ports, the

schedulers, the renamers. Microarchitecture is invisible to programs; it can be

redesigned every generation. ISA is visible; it cannot.

An Intel Pentium (https://en.wikipedia.org/wiki/Pentium_(original)) from 1993 and a Core i9 from 2024

implement nearly the same ISA. The Core i9 is roughly 100,000× faster, in

some workloads. Almost none of that speedup came from the ISA. It came

from microarchitectural inventions — better caches, deeper pipelines, branch

prediction, out-of-order execution, simultaneous multithreading, vector units,

ISA vs microarchitecture
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prefetchers, speculation. The ISA was a stable promise; the chip beneath it

was rebuilt every few years.

The ISA is the most stable thing in the computing stack. The

transistors below it change every two years. The software above

it changes every week. The ISA, once defined, lives for decades.

Consider x86. Defined in 1978 with the Intel 8086. Extended to 32 bits in 1985

with the 80386. Extended to 64 bits in 2003 with AMD's Opteron. SIMD

instructions added through the 1990s and 2000s (MMX, SSE, AVX, AVX-512).

Vector and matrix instructions added in the 2020s (AMX). Almost every x86

binary compiled in the last forty years still runs on a modern x86-64 machine.

The same bytes still mean the same thing.

This stability is not aesthetic; it's economic. An ISA migration is a multi-year,

multi-billion-dollar undertaking. Apple managed it twice (PowerPC → x86 in

2006, x86 → ARM in 2020), each time only by means of a binary translator

(Rosetta) that pretended the old ISA still worked while the ecosystem caught

up. ARM is succeeding in displacing x86 in laptops and servers in the 2020s

— and even so, the displacement is taking a decade.

A GPU has an ISA too, though it is shaped very differently. NVIDIA's GPUs

implement PTX (Parallel Thread Execution) (https://docs.nvidia.com/cuda/parallel-thread-execution/) as a

virtual ISA, which is then JIT-compiled to a hardware-specific real ISA called

SASS at run time. PTX has SIMD-style instructions: a single instruction

operates on 32 lanes simultaneously (a "warp"), each lane working on

different data. There are tensor instructions that do entire 16×16 matrix

Forty years of x86

The GPU's parallel ISA
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multiplies in a single op. The contract is fundamentally different from a CPU's,

because the workload is fundamentally different — every modern AI workload

is, deep down, billions of identical operations on different data.

We will spend a whole chapter on what that means architecturally — Chapter

28, "The GPU's Different Mind." For now, the lesson is just that the ISA,

whatever shape it takes, is the place where the software stops talking about

transistors and the hardware stops talking about programs. Above the ISA:

code. Below it: circuits. The interface is the most carefully engineered seam

in the digital world.

R I S C - V  —  T H E  O P E N  I S A

Through the 2010s, an open-source ISA called RISC-V emerged from UC

Berkeley. Anyone can implement it without paying licensing fees. It is small,

modern, modular. Most major hyperscalers and AI startups have RISC-V

projects underway, sometimes for the main CPU, often for in-chip controllers

and accelerators. Whether RISC-V displaces ARM in mass-market silicon is one

of the open questions of the next decade. As of 2026, it is winning quietly, in a

thousand corners of every chip.

We have, by now, climbed from electrons to instructions. We have a chip that

runs programs. The remaining mystery is where the program lives, how it gets

to the chip, and how the chip survives the fact that the memory it reads from

is, in the most literal sense, much, much slower than itself.
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FIGURE 23.1 The ISA sits exactly between software and hardware.

Above it, things change weekly. Below it, things change

once a decade. The contract is the most stable thing in

the stack.

The ISA — a contract that lasts decades

Above this line, software changes weekly. Below it, physics changes never. The ISA is the seam between them.

Applications Photoshop, ChatGPT, Linux, your code

Libraries · OS · compiler glibc, kernel, LLVM, CUDA

Instruction Set Architecture (ISA) x86-64 · ARMv9 · RISC-V · CUDA PTX

Microarchitecture caches, pipelines, schedulers, predictors

Gates · transistors · interconnect ~80 billion transistors per Rubin GPU

Physics · silicon · electrons band gap, doping, quantum tunnelling

SOFTWARE

SOFTWARE

⟷ CONTRACT

HARDWARE

HARDWARE

PHYSICS
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Chapter 24

Memory's Pyramid
Registers, caches, DRAM, and the tyranny of distance

~1 cycle
REGISTER ACCESS

~300 cycles
DRAM ACCESS — A

300× CLIFF

64 B
THE CACHE LINE, THE

UNIT OF MEMORY

MOTION

3 GHz CPU completes an instruction every third of a

nanosecond. Main memory takes about a hundred

nanoseconds to answer a question. If a CPU had to wait

on DRAM for every value it needs, it would spend more

than 99% of its life idle. The history of modern computer

architecture is, more than anything, the history of hiding

that wait.

For decades, transistor speed grew faster than memory speed. The result is

what computer architects call the : a cavernous gap between

how fast a CPU could in principle compute and how fast memory could feed

The disappointment of speed

memory wall
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it. Hennessy and Patterson, in their canonical textbook Computer

Architecture: A Quantitative Approach (https://www.elsevier.com/books/computer-architecture/hennessy/978

-0-12-811905-1), document the gap doubling roughly every couple of years through

the 1990s.

The gap is now staggering. A modern x86 register answers in roughly one

cycle. L1 cache answers in three to four. L2 in twelve. L3 in forty. Main

memory — the gigabytes of DRAM where your operating system, browser

tabs, and AI model weights actually live — takes around three hundred. SSD

storage takes hundreds of thousands of cycles. A network round-trip takes

tens of millions.

If a register access were one second, a DRAM access would be five minutes,

an SSD access would be a day and a half, and a coast-to-coast network

round-trip would be more than a year. Computers do not look that slow

only because we have spent six decades engineering away the appearance

of waiting.

The trick that saves us is a deep empirical regularity in how programs use

memory: . Programs do not access memory at random.

They tend to reuse recently used locations (temporal locality) and to access

nearby locations soon after each other (spatial locality). A loop that processes

an array touches addresses sequentially. A function that updates a variable

will likely update it again on the next iteration.

If we keep a small fast memory close to the CPU and stuff it with whatever

the CPU just used, we will be right far more often than chance. That is the

entire idea of a cache.

Why locality saves us

locality of reference
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A computer is mostly a giant correctness mechanism wrapped

around a very fast guess about what you'll need next. The guess is

right about 95% of the time, and that is enough.

Modern systems stack six levels of storage in a strict pyramid. At the top is

the smallest, fastest, most expensive layer. At the bottom is the slowest,

biggest, cheapest. The CPU first looks at the top, and only descends if

it must.

Registers (~256 B, 1 cycle). Sixteen to thirty-two named slots inside the

CPU itself, holding the values currently being operated on. They are not

addressed; the compiler decides which value lives in which register.

L1 cache (~64 KB, 3-4 cycles). Split into instruction and data caches,

sitting inside the core. Holds the inner loop and its most recent values.

L2 cache (~1 MB, ~12 cycles). Per-core, larger but slower. Catches what

L1 evicts.

L3 cache (~64 MB, ~40 cycles). Shared across all cores. The last line of

defense before main memory.

DRAM (~32 GB, ~300 cycles). Cheap, dense, off-chip. Where most of your

program lives. Intel's optimization manual (https://www.intel.com/content/www/us/en/docs/intrinsics-guid

e/index.html) warns repeatedly that a single DRAM miss can stall a core for a

hundred instruction-issue slots.

SSD/HDD (~1 TB+, ~150,000 cycles). Files, the OS image, model weights

at rest. Persistent — survives a power cycle.

The numbers move around with each generation. The shape of the pyramid

does not.

The pyramid, layer by layer
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Caches do not move data byte by byte. They move cache lines — typically 64

bytes (https://en.wikipedia.org/wiki/CPU_cache#Cache_entries) on x86 and ARM. Asking for one byte

pulls in its sixty-three neighbours, on the bet that you will want them too. This

is the architectural bet on spatial locality.

Caches are also indexed by physical address, but programs use virtual

addresses (we will meet virtual memory in Chapter 26). So every memory

access requires translating virtual to physical, which itself would require a

memory access — a vicious circle. The way out is the  (translation look-

aside buffer), a tiny cache, often just sixty-four entries, that holds the most

recent translations. A  miss is one of the most expensive routine events in

modern computing; an entire subfield of OS performance work (https://en.wikipedia.org/wik

i/Translation_lookaside_buffer) exists to keep the TLB happy.

Almost everything that distinguishes "fast code" from "slow code" on the

same hardware is, in the end, a question of staying high in this pyramid.

Profile any serious program and you will find: the inner loop fits in L1, the

working set fits in L3, and the rare accesses to DRAM are prefetched long

before they are needed. The CPU is a sprinter chained to a tortoise, and

modern systems are the elaborate harness that keeps the sprinter from

feeling the chain.

So far, our chip has logic, arithmetic, memory, and a clock. It is ready to run

instructions. But the moment it powers on, the silicon is dark and ignorant —

it does not know there is an operating system, a disk, a keyboard, a self. The

next chapter is the strange ritual by which it learns.

Cache lines and the TLB

TLB

TLB
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FIGURE 24.1 The memory pyramid. Each step down is roughly an order

of magnitude slower and an order of magnitude bigger. The

whole edifice exists to hide the gap between a 3 GHz CPU

and 100 ns DRAM.

The memory pyramid

Each layer is ~10× larger and ~10× slower. The chip's secret strategy is to keep what matters near the top.

REGISTERS

L1 cache

L2 cache

L3 cache (shared)

DRAM main memory

SSD / disk

~256 B

~64 KB

~1 MB

~64 MB

~32 GB

~1 TB

CAPACITY ↑

~0.3 ns · 1 cycle

~1 ns · 4 cycles

~3 ns · 12 cycles

~10 ns · 40 cycles

~80 ns · 300 cycles

~50 µs · 150,000 cycles

↓ LATENCY
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Chapter 25

Boot
The first second of a chip's life

0xFFFFFFF0
THE ADDRESS AN X86

CPU JUMPS TO ON

RESET

~5 stages
FROM POWER-ON TO

LOGIN PROMPT

~3 seconds
MODERN UEFI BOOT TO

KERNEL HAND-OFF

ress the power button. Voltages stabilize, the clock

begins ticking, and a cold piece of silicon is suddenly

alive — but blank. It has no operating system in

memory, no concept of files, no keyboard driver, no display.

What happens in the next three seconds is one of the most

carefully choreographed sequences in all of engineering: a

relay race in which each runner knows just enough to find and

pass the baton to the next.

The first thing the chip does is the simplest. A small circuit detects that the

supply voltage has crossed a threshold and asserts the reset line. Every flip-

Power-on reset
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flop on the die — and there are billions — slams to a known state. The

program counter, the special register holding the address of the next

instruction, is set to a fixed boot vector. On x86 CPUs that vector is

0xFFFFFFF0 (https://wiki.osdev.org/Real_mode). On ARM, it is configurable but typically zero.

Reset is the only moment in a CPU's life when its starting state is fully

predictable. From here on, everything is contingent.

The boot vector points into flash memory — a small chip on the motherboard,

separate from the main DRAM and immune to power loss. There lives the

system firmware. On modern PCs this is UEFI (https://uefi.org/specifications) (Unified

Extensible Firmware Interface); the older standard was BIOS. On Macs it is

similar firmware called iBoot. On a Rubin GPU node, the BMC (baseboard

management controller) plays a comparable role.

The firmware's job is to inventory and initialize the hardware: detect how

much DRAM is installed and run memory training to find optimal timings,

enumerate PCIe devices, set up the interrupt controller, initialize the chipset,

configure the CPU's microcode, and locate bootable storage. It does this with

a tiny, statically linked program that lives in flash and never trusts anything

beyond what it has just measured.

Once it has a healthy machine, UEFI's last act is to find a bootloader on disk

and jump to it.

The bootloader is a small program — GRUB (https://www.gnu.org/software/grub/) on most Linux

installs, systemd-boot or rEFInd on others, the Windows Boot Manager on

Firmware: BIOS and UEFI

The bootloader
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Windows, iBoot Stage 1 on Macs. Its only purpose is to find an operating

system kernel on disk, copy it into memory, set up the conditions the kernel

expects, and jump to the kernel's entry point.

This is more delicate than it sounds. The kernel image on disk is usually

compressed (Linux's vmlinuz  is a self-extracting blob), so the bootloader

must decompress it into a clean region of RAM. It must also pass the kernel a

bundle of facts about the machine — where DRAM lives, which CPUs are

present, what the firmware promised — via a structured boot protocol. The

Linux x86 boot protocol (https://www.kernel.org/doc/html/latest/x86/boot.html) documents this handoff

in painstaking detail.

The kernel begins its life single-threaded, in physical-memory mode, on a

single CPU core. Its first acts are to set up its own page tables (so it can use

virtual memory — Chapter 26), enable interrupts, initialize the scheduler,

mount the root filesystem, and bring the other CPU cores online.

The Linux kernel boot (https://www.kernel.org/doc/html/latest/admin-guide/bootconfig.html) is a set of well-

named functions: start_kernel()  calls setup_arch() , mm_init() ,

sched_init() , rest_init() . Each one transforms a slightly more limited

machine into a slightly less limited one. By the end, the kernel has

multitasking, virtual memory, and a primitive process list of exactly one entry:

the init process, PID 1.

The kernel launches PID 1 — historically /sbin/init , today usually systemd (h

ttps://systemd.io/) on Linux, launchd on macOS, the Service Control Manager on

Windows. PID 1 is the parent of every other process. It reads its configuration,

The kernel takes over

Into userspace
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mounts remaining filesystems, brings up networking, starts daemons (sshd,

the display manager, audio, Bluetooth), and finally launches your login screen.

The whole sequence — power-on to login — takes about three seconds on a

modern system. Behind that small wait is a five-stage relay race, each stage

trusting only what it has measured, each stage handing off a slightly more

capable machine to the next. None of the runners know the whole route.

Together they get you from a dark chip to a working computer.

What they hand to the user is an illusion: that the machine has always been

awake, has infinite memory, runs many programs at once, and is one's

own. Producing that illusion is the job of the operating system, which we

meet next.

FIGURE 25.1 The boot ladder. Each stage knows just enough to find, load,

and verify the next — handing off control like a relay race

that ends at your login screen.

The first second

From cold silicon to a login prompt — six handoffs, each handing the chip more autonomy.

0 ms ~10 ms ~200 ms ~500 ms ~1.2 s ~3 s

POWER-ON

12 V hits the chip
RESET pin held high
PLLs lock the clock

PC = 0xFFFFFFF0

FIRMWARE

UEFI / BIOS in flash
init RAM, USB, video

find boot device

BOOTLOADER

GRUB / systemd-boot
load kernel image

jump into it

KERNEL

decompress, init
probe drivers, mount /

spawn pid 1

INIT / SYSTEMD

launch services
network, audio, GUI

login prompt

→ user shell, ready
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Chapter 26

The OS as Conductor
Processes, virtual memory, and the illusion of plenty

~1,000+
PROCESSES ON A

MODERN DESKTOP AT

IDLE

4 KB
THE STANDARD MEMORY

PAGE

~100 ns
COST OF A SYSTEM

CALL ON MODERN

LINUX

n operating system is, more than anything, a generator

of useful illusions. The CPU has a few cores; the OS

makes it look like there are thousands. Memory is finite

and shared; the OS makes every program think it owns all of it.

Files live on slow storage; the OS makes them feel near. Strip

these illusions away and you would not have a usable

computer — you would have a million programs fighting over

one set of registers.

Every modern OS — Linux, Windows NT, Darwin, the kernel inside Android,

the hypervisor inside a Rubin server — provides three illusions. Modern

Three illusions
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Operating Systems by Tanenbaum (https://www.cs.vu.nl/~ast/books/mos3/) calls them the

foundational abstractions, and the entire OS field is the engineering required

to keep them honest:

1. The illusion of CPU plenty. Every process feels like it has a CPU to itself.

In reality, a few cores are time-sliced across thousands of processes by

the scheduler.

2. The illusion of memory plenty. Every process has its own clean,

contiguous address space — typically 256 TB of it on 64-bit systems —

even though physical RAM is a few dozen gigabytes shared by all.

3. The illusion of safety. Programs cannot read each other's memory, cannot

stomp on each other's files, cannot crash the machine. Misbehaviour

is contained.

The OS's basic unit of work is the process: a running program with its own

address space, file descriptors, and identity. A process can have multiple

threads — independent flows of execution sharing the same memory. A

modern desktop has, at idle, around a thousand processes; a busy server

many more.

Switching between processes — a  — costs a few

microseconds on modern hardware: the kernel saves the registers of the

outgoing process, loads those of the incoming one, switches the page-table

pointer, and flushes whatever needs flushing. Done a few thousand times per

second per core, this is what produces the illusion of simultaneity.

Processes and threads

context switch
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The most beautiful trick in the kernel is virtual memory. Each process sees its

own private address space. When it accesses address 0x4000_0000, that

address is translated, by hardware, into some physical address in DRAM —

possibly different in every process, possibly not present at all (the page might

be on disk, or might not exist yet).

The translation is done by the  (memory management unit), a piece of

hardware on every modern CPU. It walks a tree of page tables set up by the

kernel. Each page is typically 4 KB. Each entry in a  either points to

a physical page or says "not present" — in which case the  raises a 

, and the kernel decides what to do (allocate a new page, page in from

disk, or kill the offending process).

Virtual memory enables half the things we take for granted: fork() and copy-

on-write, memory-mapped files, shared libraries used by many processes

from one set of physical pages, swap, address-space layout randomization,

and the safe execution of completely untrusted code in browser sandboxes.

The Linux mmap man page (https://man7.org/linux/man-pages/man7/mmap.7.html) is, in a sense, the

user-facing documentation of this entire scheme.

User programs cannot directly do dangerous things — they cannot talk to

disks, open network sockets, fork new processes, or set up page tables. To

do any of these things, a program must cross into the kernel via a :

a special instruction ( syscall  on x86-64, svc  on ARM) that traps into

kernel mode, runs a privileged handler, and traps back.

System calls are the gates between user-space and kernel-space, and the

contract negotiated at those gates is what an OS is, technically. Linux

Virtual memory

MMU

page table

MMU page

fault

The system call border

system call
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exposes about three hundred and fifty system calls (https://man7.org/linux/man-pages/man2/syscalls.

2.html); Windows NT a similar number through a different ABI. Modern hardware

makes the trap fast — about 100 ns — but each crossing still flushes

pipelines, switches privilege levels, and changes which page tables are

in effect.

The scheduler is the OS code that decides, every time a process blocks or its

time slice expires, which process should run next. Modern Linux uses the

Completely Fair Scheduler (https://www.kernel.org/doc/html/latest/scheduler/sched-design-CFS.html), which

models a virtual notion of "runtime owed" to each task and always picks

the task most owed. Real-time kernels use stricter algorithms (rate-

monotonic, earliest-deadline-first); macOS and Windows use related,

sophisticated schemes.

The whole edifice — processes, virtual memory, the system-call border, the

scheduler — exists for one reason: to keep many programs from interfering

with each other while letting them all believe they are alone. It is the most

complex single piece of software on most computers, and the reason your

laptop does not crash every time a webpage misbehaves.

Now that we have a running OS, we can finally ask: how does a line of Python

become electrons moving in a transistor?

The scheduler
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FIGURE 26.1 Virtual memory. Each process sees a clean, contiguous

address space. The MMU and page tables translate, on

every access, to scattered physical pages — and to the

disk if needed.

Virtual memory — the kernel's polite lie

Each process believes it owns the whole machine. The MMU translates that fiction into the truth, every memory

Process A — virtual

code

data

heap

stack

Page tables (per-process)

VPN → PFN

0x0001 → 0x4A12
0x0002 → 0x017F
0x0003 → 0x9C3B
0x0004 → 0x4D02
0x0005 → <swap>
0x0006 → 0x000C
…

flags: R W X U

Physical RAM (one, shared)

page 

page 

page 

page 

page 

Each load/store is intercepted by the MMU; the TLB caches recent translations to keep the lookup near-free.
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Chapter 27

The Translation Stack
Python to bytecode to LLVM to silicon

7
STAGES OF

TRANSLATION BETWEEN

PYTHON AND SILICON

LLVM IR
THE UNIVERSAL

MIDDLE LANGUAGE

~3-5 µops
WHAT ONE X86

INSTRUCTION OFTEN

BECOMES

hen you type print("hello")  and hit enter, you are

issuing an instruction in a language nothing in the

silicon understands. The transistors do not know

about strings, or about printing, or about Python. Between

your sentence and the electrons that respond to it, there are

seven distinct languages and seven translations. This chapter

walks down them.

Each layer of the translation stack is a more constrained, more concrete

version of the one above. Each is the input to the next:

Seven layers of meaning
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1. Source code. What you wrote — Python, C++, Rust, Swift.

2. Abstract syntax tree. The same meaning, expressed as a tree of

language constructs.

3. Bytecode or IR. A linear, machine-independent intermediate language.

4. Assembly. A human-readable form of the actual instruction set.

5. Machine code. The bytes of the instructions themselves.

6. Decoded operations (µops). What the CPU actually executes inside

its pipeline.

7. Electrons. The physical phenomenon, finally.

The first stage is parsing. The compiler — or interpreter — reads your source

as a stream of characters and groups them into tokens (keywords, identifiers,

literals, punctuation), then assembles those tokens into a tree that captures

the program's structure. The Python interpreter does this in CPython's ast

module (https://docs.python.org/3/library/ast.html); clang does it in its own AST (https://clang.llvm.org/docs/Introd

uctionToTheClangAST.html). A function call becomes a node with a callee and a list of

arguments. A loop becomes a node with a condition and a body.

The AST is where most type-checking, scoping, and semantic analysis

happens. It is the last layer that still resembles what the programmer wrote.

From the AST, the compiler emits an intermediate representation (IR). For

Python, this is bytecode — small, stack-machine instructions that the

CPython virtual machine executes one by one. For compiled languages, it is

something more powerful: LLVM IR (https://llvm.org/docs/LangRef.html), a typed, register-

Source to syntax tree

Intermediate representation
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based language that has become the lingua franca of modern compilers.

Clang, Rust, Swift, Kotlin Native, and many others all emit .

LLVM IR is where most optimization happens. The compiler can inline

functions, eliminate dead code, hoist invariant expressions out of loops,

vectorize, unroll, and rearrange — all without yet knowing whether it will run

on x86, ARM, or RISC-V. LLVM's developer meetings (https://llvm.org/devmtg/) are where

the modern art of optimization is most visibly practiced.

Once optimization is done, the back-end emits assembly — instructions in

the target ISA, with named registers and labels. This is the human-readable

form. It is then trivially translated into machine code: the actual bytes the CPU

will fetch.

The output is an object file in a standard format — ELF (https://refspecs.linuxbase.org/elf/elf.pdf)

on Linux, Mach-O on macOS, PE on Windows. The linker then stitches

your object file together with libraries (libc, libm, libstdc++) into the final

executable, resolving every reference to a function or variable into a

real address.

You might think the story ends with machine code. It does not. Inside a

modern x86 CPU, each fetched instruction is decoded into one or more

micro-operations (µops). A single ADD [memory], reg  instruction might

become three µops: a load, an add, and a store. The CPU then schedules

these µops out-of-order, executes them in parallel on multiple ports, and

retires their results in the original program order.

LLVM IR

Assembly to machine code

Down to micro-ops
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This is why modern CPUs can claim to execute more than one instruction per

cycle. They do not, exactly. They execute many micro-ops per cycle, and

present the illusion of an in-order machine to the programmer. Intel's

optimization guide (https://www.intel.com/content/www/us/en/develop/documentation/cpp-compiler-developer-guide-and-referenc

e/top.html) documents the µop breakdown of every instruction. ARM and Apple

Silicon CPUs use similar internal pipelines.

So when you type print("hello") , your text is transformed seven times

before it becomes electron motion. Six of those transformations happen in

software, before the program ever runs. The seventh — machine code into

µops — happens inside the CPU itself, every cycle, at runtime, billions of

times a second.

This stack is what makes general-purpose CPUs possible. But it is also the

stack that AI workloads outgrew. The next chapter is about a different kind of

mind, optimized for a different shape of problem.
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FIGURE 27.1 The translation stack. A short Python program descends

through bytecode, IR, assembly, machine code, and finally

micro-ops — each layer narrowing the gap between human

intent and electron motion.

Seven layers of meaning

From a one-line print to electrons moving in the silicon — every layer translates intent into something simpl

1. High-level source print("hello, world")

2. AST (parser) Call(func='print', args=[Str('hello')])

3. Bytecode (Python VM) LOAD_NAME · LOAD_CONST · CALL · POP_TOP

4. LLVM IR (intermediate) call i32 @puts(i8* @.str)

5. Assembly (architecture-specific) lea rdi, [rip+.LC0] · call puts

6. Machine code (bytes) 48 8D 3D 3E 0E 00 00 · E8 D9 FE FF FF

7. Micro-ops (inside the CPU) µop: load-eff-addr · µop: indirect-call

YOU

PARSER

CPython

CLANG

LLVM-MC

LINKER

ONT-END

Every layer adds detail and removes ambiguity. By layer 7, "hello" is a sequence of voltage transitions.
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Chapter 28

The GPU's Different Mind
SIMT, warps, and tensor cores

32
THREADS IN A WARP —

THE GPU'S ATOM OF

WORK

16×16×16
MATRIX SHAPE ONE

TENSOR-CORE

INSTRUCTION

MULTIPLIES

~104

ACTIVE THREADS ON A

SINGLE HOPPER SM

CPU is a clever generalist. It runs branchy code, it

juggles dozens of unrelated tasks, it copes elegantly

with surprises. A GPU is a different organism altogether.

It cares nothing for cleverness on a single thread — it would

rather have ten thousand threads doing the same dumb thing

in lockstep. For most of computing's history, this looked like a

niche taste. Then deep learning happened, and it turned out

the universe of useful problems was actually shaped like a

giant matrix multiply. The GPU was waiting for it.

From Sand to Superintelligence — 129 / 224



A modern CPU core has a few wide pipelines, deep out-of-order execution,

big caches, and elaborate branch prediction — all in service of running a

single thread as fast as possible. A modern GPU streaming multiprocessor

(SM) has many simple ALUs, shallow pipelines, and a thread-scheduler

designed to hide latency by oversubscription: when one group of threads

stalls, another runs.

NVIDIA calls its execution model  — single instruction, multiple threads.

It is a refinement of the older SIMD idea (single instruction, multiple data).

Threads are programmed independently in CUDA; the hardware groups them

into warps of thirty-two and issues one instruction at a time to the whole

warp. The CUDA C++ Programming Guide (https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.ht

ml) describes this in chapter and verse.

A warp is the GPU's atomic unit of work. All thirty-two threads in a warp

execute the same instruction in the same cycle, on different data. If one

thread takes a different branch, the warp diverges: the hardware executes

both paths serially, masking off the threads that should not participate. This is

why GPU code prefers data-parallel, branch-free inner loops.

An SM holds many warps in flight at once — sometimes 64 or more. When

one warp stalls on memory, another instantly takes its place. There is no out-

of-order execution; latency is hidden by sheer breadth of work.

Two different minds

SIMT

SIMT and warps
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Starting with the Volta architecture in 2017, NVIDIA added tensor cores:

specialized units that perform a small matrix multiply-and-accumulate as a

single instruction. A modern Hopper or Blackwell tensor core can multiply two

4×8×16 matrix tiles and accumulate the result in one operation. NVIDIA's

Volta whitepaper (https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf) introduced

the design; the Hopper (https://resources.nvidia.com/en-us-tensor-core/nvidia-tensor-core-gpu-datasheet) and

Blackwell architectures have refined it through several generations.

This matters because everything in a transformer — the matmul in attention,

the matmul in the MLP, the projection layers — is exactly this shape of

operation. Tensor cores are why modern frontier models train in months

instead of years; on raw FP32 ALUs the same training would be a hundred

times slower.

GPUs are bandwidth machines. A single Rubin GPU pulls roughly 8 TB/s from

its HBM stacks. To use that bandwidth, the threads in a warp must access

memory in a pattern the hardware can fold into a single transaction —

adjacent threads reading adjacent words. This is called coalescing. Random

or strided access patterns waste bandwidth dramatically.

The deepest art of GPU programming is laying out data so that the natural

access pattern is coalesced. Frameworks like Triton (https://github.com/openai/triton) and the

inner kernels of FlashAttention (https://github.com/Dao-AILab/flash-attention) exist largely to

engineer this layout for the most common neural-network operations.

Tensor cores

Memory coalescing
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A GPU performs at peak only when its SMs are saturated — when there are

enough warps in flight to hide every latency. Occupancy is the ratio of active

warps to maximum possible warps on an SM. Hitting high  requires

balancing register usage, shared-memory usage, and thread-block size;

CUDA exposes occupancy calculators (https://developer.nvidia.com/cuda-toolkit) as a routine

optimization tool.

The experience of writing fast GPU code is unlike writing fast CPU code. On a

CPU, you cherish each thread; on a GPU, you spend them like sand. The

chip wants ten thousand threads, all doing the same arithmetic, all reading

neighbouring bytes, all blocking and unblocking interchangeably. The chip is

a .

Now we have the right kind of swarm — and the right kind of swarming

workload — to ask the question this whole book has been pointing at: what is

a neural network, when you finally open the box?

Occupancy and the art of filling

occupancy

swarm
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FIGURE 28.1 A GPU streaming multiprocessor. Threads are launched in

warps of thirty-two, all executing the same instruction in

lockstep. Tensor cores devour 4D matrix multiplies as their

primitive operation.

A GPU thinks in warps of 32

Where a CPU runs one program quickly, a GPU runs the same program 32 times at once — and stacks thousands of 

Streaming Multiprocessor (SM) · one of 144 in a Rubin GPU

Warp 0 → same instruction, 32 threads, 32 different data

Warp 1

Warp 2

Warp 3

Inside each SM:tensor cores — do a 16×16 matmul in a single instruction (one of the most powerful primitive

From Sand to Superintelligence — 133 / 224



A

Chapter 29

A Neural Network
Lives in Numbers
Weights as DRAM, thought as matrix multiply

~200 B
PARAMETERS IN A

FRONTIER MODEL

~400 GB
WEIGHT MEMORY IN

BF16

FP8
THE NEW PRECISION

FLOOR FOR INFERENCE

frontier AI model is, when you finally pry open the box, a

strangely simple thing: a few hundred billion floating-

point numbers, organized into stacks of matrices,

evaluated by repeated matrix multiplication and a single

squashing function. There is no symbol manipulation, no logic

engine, no rule database. There is arithmetic, performed at

speeds that would have terrified von Neumann.

If you download a Llama model (https://huggingface.co/meta-llama) or a Mistral model (https://huggingf

ace.co/mistralai), what arrives on your disk is a directory of files containing two

Opening the box
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things: a small JSON config describing the architecture, and many gigabytes

of weight tensors — multidimensional arrays of numbers. That is the model.

The architecture is a rule for how the numbers are arranged and how to use

them; the weights are the learned content. Training is the long, expensive act

of choosing the weights.

For a model with 200 billion parameters in  (16 bits each), the weights

occupy 400 GB. Frontier inference systems shard them across many GPUs

because they do not fit in any single device's HBM.

The fundamental unit of a transformer is a linear layer: a matrix multiply y = W

x + b, followed by a nonlinearity (typically GELU, SiLU, or ReLU). The input x is

a vector of activations from the previous layer, perhaps 16,000 numbers. The

weight matrix W is, say, 16,000 × 64,000. The output y is a vector of 64,000

numbers. The nonlinearity is applied element-wise.

That is it. That is the operation a neural network performs, repeated

thousands of times per token. It maps to tensor cores almost exactly: this is

the workload GPUs are built for.

The transformer's signature trick — self-attention, introduced by Vaswani et

al. in Attention Is All You Need (https://arxiv.org/abs/1706.03762) (2017) — is, despite its

mystique, also a matrix multiply. Three projections of the input (queries Q,

keys K, values V) are computed by linear layers. Then attention is computed

as (QKT/√d)V: a matrix multiply of Q and K-transpose, a softmax over

the result, and another matrix multiply with V. FlashAttention (https://github.com/Dao-AILab/fl

BF16

A layer is a matrix multiply

Attention is also a matmul

softmax

From Sand to Superintelligence — 135 / 224

https://arxiv.org/abs/1706.03762
https://github.com/Dao-AILab/flash-attention


ash-attention) rearranges this computation to be memory-efficient on real hardware,

but the underlying operation is the same.

A modern transformer block is attention + an MLP, both of which are linear

layers (so, matrix multiplies) wrapped around nonlinearities. The whole

network is a stack of these blocks — typically 80 of them in a frontier model

— plus an  layer at the beginning and a projection to vocabulary at

the end.

Each weight is a floating-point number, but not necessarily a 32-bit one.

NVIDIA's mixed-precision training paper (https://docs.nvidia.com/deeplearning/performance/mixed-precision-tr

aining/index.html) showed that 16-bit formats are sufficient for both training and

inference if you are careful about loss scaling. BF16 (brain floating point)

keeps FP32's exponent range with FP16's mantissa, which trades a little

precision for a lot of dynamic range.

The frontier has now moved to 8-bit formats —  (E4M3 and E5M2) for

both training and inference, sometimes mixed with INT8 quantization. Going

from 16 bits to 8 bits halves the memory and doubles the compute

throughput; doing it without losing accuracy is a delicate art that has

occupied much of the systems-ML community since 2022. Hopper added

native FP8 tensor cores; Blackwell adds FP6 and FP4.

A modern frontier model is roughly:

A vocabulary of about 100,000 tokens, each mapped to a 16,000-

dimensional embedding vector.

embedding

FP16, BF16, FP8 — the precision frontier

FP8

The shape of a frontier model
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~80 transformer blocks, each containing self-attention and an MLP, with

hidden dimensions of 16,000-25,000.

A final projection from the last hidden state back to vocabulary size,

producing token logits.

Total parameters: 100B-1T, depending on the model.

Training cost: 1025 floating-point operations or more, sustained over

months on tens of thousands of GPUs.

What is striking, when you take the box apart, is the absence of mystery in

the parts. The mystery — the apparent reasoning, the apparent

comprehension, the apparent planning — emerges only when you put 200

billion of those parts together and ask them, in concert, to predict the next

token of a sentence. We do not yet understand why such a simple recipe

produces such complex behaviour. We only know it does, and that the silicon

we built for matrix multiplies turns out to be exactly the silicon needed to

make it happen.

The last chapter of this book follows a single thought as it makes its way

through that arrangement of numbers, end to end.
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FIGURE 29.1 A neural network layer as a matrix multiply: input vector ×

weight matrix → output vector, then a nonlinearity. Stack a

few hundred of these and you have a frontier model.

A neural network is a stack of matmuls

Activations are vectors. Weights are matrices. A "thought" is the chain of products between them.

x (input)

d=12k

×

W₁ (weights, 200B params)

→

h₁ = σ(W₁x)

×

W₂

→

y

logits

In practice: ~80 such layers × billions of parameters each, all reduced to fused matmuls on tensor cores.
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Chapter 30

A Thought, Token by Token
Tracing one inference through the silicon

~1015

MULTIPLICATIONS PER

GENERATED TOKEN

~50 ms
WALL TIME, ON A

FRONTIER SYSTEM

~1 J
ENERGY SPENT

PRODUCING ONE TOKEN

e have spent twenty-nine chapters building, atom by

atom, a machine capable of having a thought. In this

last chapter we follow one. A user types a prompt,

presses enter, and a sentence appears. Between those events,

a quadrillion multiplications happen in roughly the time it takes

you to blink. We will trace what those multiplications are, in

order, on the silicon we have built.

"Write a haiku about the moon," the user types. The keystrokes traverse USB,

the kernel buffers them, a TLS-wrapped HTTPS request encodes the prompt

as JSON, and the request lands on a frontend server in some data center. The

server forwards the prompt to an inference cluster — possibly a Rubin NVL72

The prompt arrives
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rack like the one in Chapter 14 — where a free GPU partition is selected to

handle the request.

The prompt, at this moment, is still text. A piece of UTF-8 bytes. Nothing in

any GPU understands text.

The first thing the model does is tokenize the prompt — split the text into the

model's vocabulary units using a learned subword scheme like tiktoken (https://gith

ub.com/openai/tiktoken) or SentencePiece. "Write a haiku about the moon" becomes

maybe 8 tokens, each an integer in the range 0-99,999.

Each token integer indexes into the embedding table, a giant matrix of shape

(vocab_size, hidden_dim) — perhaps 100,000 × 16,000 — sitting in HBM. The

lookup produces, for each token, a 16,000-dimensional vector. These vectors

are the input to the network. From this point until the very end, the prompt no

longer exists as text; it exists as a sequence of vectors.

The vectors flow into the first transformer block. Inside the block, attention

happens: queries, keys, and values are computed by linear projections, the

QKT matrix is formed and softmax-ed, and the result is multiplied by V. Each

token now sees a weighted blend of every other token's content.

Then the MLP: two linear layers with a nonlinearity in between, expanding the

vector to 4× its dimension and contracting it back. Each linear layer is a matrix

multiply against weights stored in HBM, run on tensor cores.

Tokenize and embed

Through eighty blocks
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The output of block 1 becomes the input of block 2. Block 2 to block 3. And

so on, through 80 blocks. Inside each, several matrix multiplies are

dispatched as CUDA kernels; each kernel launches thousands of warps; each

warp's threads coalesce their reads and saturate the tensor cores. The full

sequence of activations may exceed a single GPU's memory, so the model

is sharded across many GPUs in a Rubin rack — connected by NVLink-

C2C inside a node, by NVLink Switch across the rack, and by InfiniBand

between racks.

Through this whole journey, the activations are 16-bit floats; the weights

might be 8-bit. The arithmetic is mostly fused-multiply-add. The hardware

does not know anything about haiku or moons. It is moving 16,000-

dimensional vectors through a fixed sequence of multiplications.

After block 80, the last hidden vector is projected back to vocabulary size —

another matrix multiply, this one against the (hidden_dim × vocab_size)

unembedding matrix. The result is a vector of 100,000 numbers: the logits,

one per possible next token.

A softmax converts these logits into a probability distribution over the

vocabulary. Now the model has, for every possible next token, a number

saying how likely that token would be. A sampling rule — argmax for greedy,

top-p for nucleus, top-k, or temperature-adjusted sampling — picks one. Say

it picks the token for "Silver".

The model now appends "Silver" to the prompt and runs the whole stack

again — except, with key-value caching, it only has to run the new token

Softmax and sampling

The autoregressive loop
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through the network, reusing the K and V tensors computed earlier. It

produces a probability over the next token; samples one; appends; runs again.

This loop continues. "Silver" → "moon" → "above" → "still" → "pond". At

every step a quadrillion multiplications, fifty milliseconds, one joule of

electricity. After ten or twenty iterations, the model emits an end-of-

sequence token, the loop terminates, and the resulting string is detokenized

back into UTF-8.

"Silver moon above / still pond drinks the night sky in / one ripple,

one breath."

The text is sent back through the API, through TLS, through TCP/IP,

through the kernel, through the browser's rendering pipeline, and finally

onto the user's display — a different piece of silicon glowing in a different

colour pattern.

What just happened, to be clear about it: a few quintillion electrons in

patterned sand were briefly nudged in coordinated patterns by other electrons

in patterned sand, and at the end a different patterned sand emitted light in

the shape of a haiku.

The full causal chain runs from the quartzite mine in Spruce Pine, through the

Siemens reactors of Hemlock and Wacker, through Czochralski pullers and

CMP polishers, through the EUV chambers of TSMC Fab 18, through CoWoS

interposers and HBM stacks, through NVLink and InfiniBand and a power

substation, through the operating system and the compiler stack and the

CUDA runtime and the model weights, into a sampled token, and out as a

sentence. Every link in that chain was engineered, deliberately, by people who

could draw the next link's diagram. None of them were strange enough,

individually, to be called magic.

What just happened
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And yet the result is.

That is what this book has been about. Not the magic — there is no magic

— but the long, deliberate, almost unbelievable accumulation of ordinary

engineering that, stacked thirty layers deep, allows a rock to think about

the moon.

FIGURE 30.1 One thought, end to end. Text becomes tokens, tokens

become vectors, vectors flow through eighty transformer

blocks, the last vector becomes a probability over the

vocabulary, and one token is sampled. Then the loop closes

and the cycle repeats.

A thought, in 50 milliseconds

Following one prompt through tokenize → embed → attention → MLP → softmax — and back up as a word.

"Once upon"

user prompt

TOKENIZE

[8298, 2402]
2 tokens

CPU · ~1 µs

EMBED

→ 12,288-d vector
lookup in matrix

GPU · ~µs

TRANSFORMER BLOCK

× 80 layers, in series

attention

MLP

Q · K · V
128 heads
2 matmuls

tensor cores · most of the 50 ms

SOFTMAX

probabilities
over vocab

CPU · < µs

"a"

next-token sample

append, repeat

~10¹⁵ multiplications · ~50 ms wall-clock · ~1 J of electricity · per token
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P A R T  I I I

Thought, network, value
Twelve chapters on what happens when machines that have learned

to think start talking to each other — and where the value reroutes.
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Chapter 31

The Second Wire
When models start talking to each other

1844
THE FIRST

COMMERCIAL

TELEGRAPH LINE,

BALTIMORE TO

WASHINGTON

1989
TIM BERNERS-LEE

PROPOSES THE WORLD

WIDE WEB AT CERN

2024
FIRST YEAR A

MAJORITY OF API

CALLS WERE MADE BY

SOFTWARE, NOT

BROWSERS

or most of the last two centuries, the most valuable

invention in any decade was usually a wire. Not the wire

itself — copper is cheap, and there has been plenty —

but the agreement about what would travel on it, and how.

Each generation laid a new wire on top of the old one, carrying

a more abstract cargo, and each generation watched the

economy reorganize around the new traffic. Part III of this

book is about the wire being laid right now: the one carrying

intelligence between machines.
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The Baltimore-to-Washington telegraph line opened in May 1844 with the

famous message "What hath God wrought." Within five years it carried

something more consequential: stock prices. By 1867, the stock ticker (https://www.

britannica.com/technology/stock-ticker) was decoupling the price of a share from the physical

floor of the exchange. A merchant in Cincinnati could now, for the first time,

transact at New York prices in close to real time. Capital began to flow across

distances that had previously protected local markets.

The pattern that would repeat itself for the next 180 years was already visible:

the wire did not create the underlying activity (prices, conversation,

computation), but it removed distance as a constraint, and the activity

restructured itself accordingly. Cities specialized. Middlemen who had

survived on geographic friction were eliminated. New middlemen — the wire

operators themselves — captured a portion of the surplus.

Each subsequent wire told a version of the same story, with a more

abstract payload.

Telephone (1876). Alexander Graham Bell's patent (https://www.loc.gov/collections/alexander-gra

ham-bell-papers/articles-and-essays/the-bell-telephone-patent/) moved the unit of value from the price

quotation to the conversation. AT&T's monopoly, born of network effects in

interconnection, became one of the most durable rents in industrial history.

TCP/IP (1983). The DARPA-sponsored switch to the Internet Protocol (https://w

ww.rfc-editor.org/rfc/rfc791) turned every wire into a single, packet-switched,

addressable substrate. A file in Stanford and a file in Cambridge became

neighbours. The economic structure that had been built around proprietary

networks (Compuserve, AOL, Minitel) was hollowed out within a decade.

The first wire was a stock ticker

A pattern that keeps repeating
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HTTP and the Web (1991). Tim Berners-Lee's "Information Management: A

Proposal" (https://www.w3.org/History/1989/proposal.html) at CERN laid down a hypertext

protocol on top of TCP/IP. The unit of value rose from the file to the

document, and from the document to the page-as-application.

Newspapers, classifieds, encyclopedias, retailers, taxis, and hotels were

each rebuilt — sometimes destroyed — in the years that followed.

Mobile data and the API (2007 onwards). The iPhone shipped with a

cellular data radio and an embedded web browser, and within five years the

dominant traffic on the internet was no longer documents requested by

humans. It was structured data exchanged between programs through

REST APIs (https://en.wikipedia.org/wiki/REST). The unit of value rose again — from the

page to the function call.

By 2024, more than half of all calls hitting public APIs at major cloud providers

were originated by software, not by a browser with a person at the other end.

Cloudflare's Radar (https://radar.cloudflare.com/) tracked this crossing as a routine fact of

internet weather, not a revolution. The web had quietly stopped being

primarily a network for humans some time before anybody announced it.

The fifth wire — the one being laid right now, on top of HTTP and TLS and

JSON, requiring no new physical layer — carries something different. The

previous payloads were inert. A telegraph line did not interpret the price; a

phone line did not understand the voice; a TCP packet did not summarize the

file. Each wire moved a thing without changing it.

The fifth wire carries thought. Not a recording of thought, like a voice on a

phone line, but the live act of thinking. One side of the connection sends a

question; the other side, in milliseconds, runs the trillion-multiplication ritual

described in Chapter 30 and sends back an answer that did not previously

Intelligence on a wire
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exist anywhere. The unit of traffic is a token, and the token is an inference —

a small, original act of cognition performed on demand.

The other wires moved information. This wire moves operations

on information, performed at the wire's far end, by something

that resembles a mind enough that the distinction matters.

Three things make this wire structurally different from the four that

came before.

The endpoint is not addressed; it is solicited. When you call an HTTP API, you

address a specific server with a specific function. When you call a model, you

describe what you want and the network finds a model that can do it. Routing

layers like OpenRouter (https://openrouter.ai/), model gateways at the major clouds, and

the emerging spot markets for inference all work by treating the model as

fungible substrate. Anthropic's Claude and OpenAI's GPT-5 are no longer

destinations; they are providers competing on a price-and-latency curve.

The cargo is generative, not retrievable. A request for the population of

France can be cached. A request to summarize a 200-page document the

model has never seen cannot. Every call may produce a unique output, which

means the wire has no equivalent of a content-delivery network; the only

optimization is to bring the model and the data closer in space, or to make the

model smaller, or to make the inference cheaper. The economic geography

that emerges is therefore different.

The endpoints are themselves software, increasingly capable of

orchestrating other endpoints. A telephone call is between two humans, or

one human and one answering machine. A REST call is between two

programs, but each program is rigid — it executes a fixed transaction and

returns. A model call is between two programs, where one of them can

What is genuinely new
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decide, in light of the answer, to call ten more endpoints, in a sequence of its

own devising. Chapters 34 and 35 will get to what this implies; for now it is

enough to say that the wire's two ends are no longer symmetric in the way

previous wires' ends were.

The economic consequences will be enormous, distributed unevenly, and

partially predictable. A reasonable first approximation: whatever was

previously expensive because it required a human to do something formulaic

— read a document, draft a memo, answer a question, schedule a meeting —

will get cheaper by an order of magnitude, possibly two. Whatever requires

the kind of judgment that current models cannot fake will, for a time, get more

valuable. Where the line falls is moving.

Part III of this book is the attempt to describe, layer by layer, what is being

built on top of this fifth wire — the protocols, the agents, the markets, the

new institutions of value. As before, none of the parts are individually strange.

Their accumulation is.

We start with what travels on the wire: not bytes, exactly, but a stranger

object — the token.
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FIGURE 31.1 Five wires, each one a value multiplier on the last.

Telegraph carried prices. Telephone carried voices. TCP/IP

carried files. HTTP carried documents. The fifth wire

carries something different.

The fifth wire

Each generation lays a new wire over the old, carrying more abstract cargo.
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Chapter 32

Tokens on the Wire
What flows when intelligence is the payload

~4 chars
AVERAGE BYTES PER

ENGLISH TOKEN

3,072 dims
SIZE OF AN OPENAI

TEXT-EMBEDDING-3

VECTOR

~$0.30
MEDIAN PRICE OF ONE

MILLION INPUT

TOKENS, END OF 2025

f the fifth wire is real, what does its packet look like?

When one model talks to another, or to a tool, or to a

database, what is the literal payload? It is not bytes the

way HTTP packets are bytes, and it is not records the way

SQL rows are records. It is three closely related objects:

tokens, embeddings, and structured calls. This chapter

describes each of them, and then walks through the anatomy

of a single inference request as it crosses the wire.

A token is the smallest unit a language model deals with. Tokens are

produced by a tokenizer such as tiktoken (https://github.com/openai/tiktoken) (used by

The token as the new packet
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OpenAI) or SentencePiece (https://github.com/google/sentencepiece) (used widely elsewhere).

The tokenizer learns, from a large corpus, a vocabulary of around 100,000

subword units — common words like "the" or "model" become single tokens,

while rare words or names get broken into pieces. On English text, one token

is roughly four characters, or three quarters of a word.

Once you have tokenized a prompt, the wire-level cost of an AI request is no

longer measured in bytes. It is measured in tokens. Inference providers price

tokens directly: Anthropic (https://www.anthropic.com/pricing), OpenAI (https://openai.com/pricing), Google,

and the others all publish per-million-token rates for input and output, with

output typically four to five times more expensive than input because output

requires running the full forward pass token by token.

The token has become, quietly, a unit of economic accounting that did not

exist five years ago. Every meaningful AI workload is now budgeted, billed,

rate-limited, and compared in tokens. A long-running agent's invoice is a

token bill. A model's " " — 200,000 tokens for Claude Sonnet

4.6, two million for some Gemini variants — is the maximum prompt the wire

can carry in a single request.

Tokens are categorical. Two tokens are either the same or they are not; "cat"

and "feline" are as far apart as "cat" and "spreadsheet". To build search and

retrieval systems on top of language, the field needed a representation in

which similar meanings sat close together in some space. That representation

is the embedding.

An embedding model takes a piece of text — a sentence, a paragraph, a

whole document — and emits a fixed-length vector of floating-point numbers,

typically 768, 1,536, or 3,072 dimensions. Texts with similar meaning produce

vectors with similar directions. OpenAI's embeddings guide (https://platform.openai.com/doc

context window

Embeddings: meaning as geometry
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s/guides/embeddings) describes the standard recipe; Sentence-Transformers (https://www.sbert.

net/) and Cohere's offerings are the open and competing flavours.

Geometrically, embeddings turn the question "is this document relevant to

that query?" into "is this vector close to that vector?" — and closeness in a

1,536-dimensional space turns out to capture a remarkable amount of

semantic similarity, despite the simplicity of the operation. The dot product of

two embeddings is a usable proxy for "do these two pieces of text mean the

same thing?", and it can be computed in microseconds. Vector databases

(Chapter 37) are built around this primitive.

The third object travelling on the wire is the structured output: a model

emitting not free text but a JSON document conforming to a schema you

specified in the prompt. OpenAI's function-calling API (https://platform.openai.com/docs/guides/fu

nction-calling), Anthropic's tool-use (https://docs.anthropic.com/en/docs/build-with-claude/tool-use), and Google's

equivalent all formalize the same pattern: you describe a set of tools as JSON

schemas, the model decides which tool to call and with what arguments, and

the runtime executes the call and feeds the result back as another message

in the conversation.

This is what changes a chat box into something that can act. A pure chat

model has no buttons; a function-calling model has every button you give it a

schema for. In production systems, the same model that was answering

questions a year ago is now reading documents from S3, posting messages to

Slack, opening pull requests, scheduling meetings, and querying SQL

warehouses, because somebody wrote a JSON schema for each of those

actions and exposed it.

Function calls and structured output
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It is worth tracing one full call, end to end, to ground the abstractions.

A backend server somewhere builds a JSON object: a messages  array

containing the system prompt and conversation history, a tools  array of

available functions with their JSON schemas, a model  name, and various

sampling parameters. The whole thing is perhaps 8 KB on the wire. It is sent

over HTTPS to api.anthropic.com  or api.openai.com , which terminates

TLS at a load balancer, authenticates the API key, applies rate limits, and

forwards the request to a regional inference cluster.

Inside the cluster, the request joins a queue. A scheduler picks a free GPU

partition, copies the prompt into HBM, and begins generation. With key-value

caching (Chapter 30) only the new tokens require a fresh forward pass;

previously seen prefixes can be reused across requests in some

configurations. As tokens are generated, they are streamed back to the client

over a server-sent-events connection, four to thirty bytes at a time, with

maybe 50ms of latency per token. The client may or may not display the

stream; some agentic systems wait for the whole response before parsing

the JSON.

Once generation completes — either because the model hit a stop sequence,

exhausted the output budget, or chose to call a tool — the connection closes.

The exchange is recorded for billing in tokens, not bytes; the stream is logged

for safety review at the provider; and the client now has either text, a JSON

object, or a tool-call request to execute.

None of this requires a new physical wire. The packets are TCP, the bytes are

HTTPS, the frames are HTTP/2 or HTTP/3, the encoding is JSON. What is

The anatomy of a single API call

What this changes about networking
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new is the semantic layer built on top: tokens, embeddings, function calls,

schemas, streaming. These are not standardized by any single body the

way HTTP is; they are conventions hardened through practice and (slowly)

draft specs.

The economic implication is that anybody who can speak this dialect — emit

valid prompts, parse streamed completions, dispatch tool calls — gains,

essentially overnight, the ability to insert AI capability into any product they

own. The cost of a basic capability that would have required a research team

in 2018 is now the cost of an HTTP client and a credit card. That is what is

actually meant by "AI as a service": not magic, but a new packet the existing

internet already knows how to deliver.

The next chapter takes one of those packets seriously and asks: how long

does the round trip take, and why does the answer matter for what kinds of

applications are possible at all?
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FIGURE 32.1 Three things travel between AI systems. Tokens (raw

thought-units), embeddings (meaning as a vector), and

function calls (structured intent). The protocols described

in later chapters are conventions about how to wrap them.

Three things travel on the wire

Tokens (the unit of thought), embeddings (meaning as a vector), function calls (structured intent).

TOKEN

~4 chars · integer ID

"Once" "upon" "a"

→ tokenizer →

[8298, 2402, 257]

cost: priced per million
~$0.30 / M input tokens

unit of accounting

EMBEDDING

meaning as 1,536-dim vector

"king" - …+1528

king

queen

spreadsheet

geometry of meaning

FUNCTION CALL

structured intent · JSON

{
"tool":"search_db"
"args": {

"q":"orders 2025"
"limit":10

}
}
→ runtime executes
→ result fed back

unit of action
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Chapter 33

Latency Is Cognition
Why milliseconds decide what a model can think about

~80 ms
TRANSCONTINENTAL

TCP ROUND TRIP ON

THE PUBLIC INTERNET

~30-100
ms
FIRST-TOKEN LATENCY

FROM A MAJOR

FRONTIER MODEL

~50 ms
TIME PER OUTPUT

TOKEN AT TYPICAL

BATCH SIZES

hen two people are talking, one's response is the

other's input. The same is true of two models. The

instant we start chaining inferences — model A asks

model B, which calls a search tool, which returns to model A,

which produces an answer — the round-trip times stop being

an engineering footnote and become the binding constraint on

what the system can do at all. This chapter is about latency as

a cognitive budget, and what happens when you blow it.
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Suppose your product target is a three-second response from the moment a

user presses enter. That budget has to cover, at minimum: a network round-

trip from the client to your backend (~10ms), your backend's own work

(~10ms), a network round-trip from your backend to the model provider (~50-

100ms across regions), the provider's queuing and pre-processing (~50ms at

moderate load), the prompt-processing forward pass (~100-500ms

depending on prompt length), and then per-token generation at perhaps 50ms

per token. To produce 30 tokens of output, you need roughly 1.5 seconds of

pure generation, on top of all the overhead. If you are running a chain of two

model calls, you double everything except the client-side overhead.

Three seconds, which feels generous to a human, is often barely enough for a

single round-trip, single-tool-call AI response. Five seconds is comfortable for

one call; ten seconds for a small chain; thirty seconds is the realistic floor for

an agent that wants to take more than a couple of actions. Beyond about a

minute, users start abandoning. Nielsen's classic response-time work (https://www.n

ngroup.com/articles/response-times-3-important-limits/) from 1993 still applies: ten seconds is the limit

at which the user's attention starts wandering off.

The reason the budget is tight is not that any one component is slow; it is that

all of them are running at, or near, fundamental limits. Speed-of-light gives

you about 200,000 km/s in fibre, so a US-to-Europe round-trip cannot be

much under 80ms regardless of how good the engineering is. Token

generation is bounded by HBM bandwidth: even on a Rubin GPU at 8 TB/s,

reading 200 GB of model weights once per token sets a hard floor under per-

token latency, partially mitigated by batching. Speculative decoding (https://arxiv.org/ab

s/2305.13245), KV cache reuse, and continuous batching squeeze the constants but

cannot break the floor.

Round-trip time as a cognitive budget

How tight the budget is
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What this means in practice is that compute and bandwidth are not the

binding constraint for distributed AI. They are necessary but routinely

available. The binding constraint is geometry: how far apart are the

components, and how many round-trips does the workflow require. A team

with a worse model that runs in the same data center as its data will, for

many real workloads, beat a team with a better model that has to round-trip

across continents.

The systems response is to do less waiting in series. Several techniques are

now standard:

Speculative decoding. A small fast "draft" model proposes the next

several tokens; the large model verifies them in a single forward pass.

When the small model is right, you got several tokens for the cost of one.

Leviathan et al. (2022) (https://arxiv.org/abs/2211.17192) introduced the technique; it now

ships in production at every major provider.

Parallel tool calls. Modern function-calling APIs let the model emit multiple

tool-call requests in one response, executed concurrently rather than

sequentially. A naive agent serializes; a competent one parallelizes

whenever the calls are independent.

Streaming and incremental rendering. The user starts seeing tokens as

they are generated, so the perceived latency is the time-to-first-token

(often under 500ms) rather than the time-to-last-token. This buys some

grace, but it does not help when the next step depends on the full output.

Speculative inference and parallelism
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For workloads that chain many calls, the only durable answer is to put the

model and the data on the same rack, or at least in the same data center. This

has triggered a quiet repositioning across the cloud industry. AWS, Azure, and

Google Cloud have spent the last two years standing up regional inference

endpoints rather than centralizing inference in one or two locations, because

their largest customers were paying serious latency tolls calling out to a

model in Virginia from a database in Frankfurt.

The eventual shape is likely to mirror what happened with content delivery

networks in the 2000s: a tiered system in which the heaviest models live in a

few enormous training-and-flagship data centers, while smaller distilled

models, embedding models, and routing logic live in regional points of

presence close to the user and the data. Anthropic's Claude is now served

from a number of geographic regions; OpenAI moved in the same direction;

the open-source models are deployed wherever there is GPU capacity

to spare.

If you talk to engineers building production AI systems in 2026, the FLOPS

conversations are no longer the loudest. The training-cluster people care

about FLOPS; everybody else cares about tail latency. A median request that

takes 1.2 seconds at p50 and 14 seconds at p99 has a user experience

problem that no amount of model quality can fix; the seven-minute outage

caused by a single slow tool call upstream is the failure mode that actually

breaks products.

The  is the real currency of agentic systems. You can spend it

on more retrieval, on a smarter model, on more tool calls, on more sub-agents

— but you cannot spend it twice, and any architecture that pretends

Co-location and the geography of thought

The real bottleneck is no longer FLOPS

latency budget
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otherwise will eventually meet a user with a stopwatch. Chapter 34, where

agents start hiring other agents, is in many ways an exercise in latency-

budget management dressed up as autonomy.

So far the wire has been carrying questions and answers between a person

and a model. The next chapter is about what happens when the model itself

starts answering with not text, but actions.

FIGURE 33.1 A three-second response budget, broken into pieces.

Network round-trips, queue wait, prompt-processing pass,

and per-token generation each take a real share. Add a tool

call and the budget collapses.

A 3-second budget

Where the milliseconds actually go in a single agent step.

0 s 1 s 2 s 3 s

Client → backend~10 ms

Backend → provider~80 ms RTT

Queue + auth ~50 ms

Prompt forward pass ~250 ms

Generate 30 tokens ~1,500 ms (50 ms/token)

Tool call + return~200 ms
Total ≈ 2.1 s · one chain step
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Chapter 34

Agents
The loop that turns a model into a worker

4
MINIMUM COMPONENTS

OF AN AGENT: MODEL,

TOOLS, MEMORY, GOAL

~10-100
TOOL CALLS PER TASK

IN 2026 PRODUCTION

AGENTS

~20-40%
TASK COMPLETION

RATE OF BEST AGENTS

ON REAL-WORLD

BENCHMARKS

ntil 2023, an interaction with a language model was a

question-and-answer transaction. You typed; it replied.

Whatever the reply implied — that you ought to

schedule a meeting, refactor a function, draft an email — was

your job to carry out. Then the function-calling APIs arrived,

somebody hooked a model up to a web browser and a shell,

and the loop closed: the model could now read its own

previous output, decide on a next action, take it, and read the

result. That loop, repeated, is what people now mean by an

"agent". It is the most consequential architectural change of

the decade.
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The shift from answer to action is not a quantitative improvement. It is a

category change in what the system can be evaluated on. A chatbot is judged

on whether its answer is good. An agent is judged on whether the world is

different — whether the meeting actually got scheduled, whether the bug was

fixed, whether the customer was refunded. Goodhart's law applies less; the

proof is in the state of the system, not in the prose.

The downside, of course, is that an agent that is wrong does damage instead

of just generating a bad paragraph. This is the asymmetry that everyone

building agents lives inside, and most of the engineering effort goes into

reducing the blast radius of the inevitable mistakes. Anthropic's Claude with

computer use (https://www.anthropic.com/news/claude-3-5-sonnet), OpenAI's Operator (https://openai.com/index/o

perator/), and the OpenHands (https://github.com/All-Hands-AI/OpenHands) open-source agent all

spend more code on guardrails, logging, confirmation prompts, and rollback

than on the model integration itself.

An agent has, at minimum, four components. Anything missing one of these

is an agent in marketing terms only.

1. A model. The reasoning core, large enough to plan multi-step tasks. As of

2026 this is in practice Claude Sonnet 4.6, GPT-5.4, Gemini 3 Pro, or one

of a small number of open-weight equivalents. Smaller models are used as

routers and for narrow specialized agents, but for general-purpose agency

the frontier is still the bar.

2. Tools. A set of functions exposed as JSON schemas the model can call:

file system, shell, web browser, database, email, calendar, internal APIs.

The taste in tool design is everything. Too few tools and the agent cannot

From answer to action

The anatomy of an agent
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do anything useful; too many and the model gets confused about which to

use; tools with leaky semantics produce invisible bugs.

3. Memory. A way for the agent to retain state across turns and across runs.

In the simplest case this is just the conversation history. In serious

systems it is a  (Chapter 37), a structured scratchpad, a

knowledge graph of facts learned about the user, or some combination.

4. A goal. What the agent is trying to do, and how it knows when it is done.

Stated goals are noisy; effective agent systems usually augment them with

a verifier — a check that runs after each action to catch divergence early.

Wired together, these components run a loop:

1. Perceive. Read the current state of the world the agent has access to: the

user's last message, the contents of a file, the result of the last tool call.

2. Plan. Send the model a prompt containing the goal, the relevant memory,

the available tools, and the recent observations. The model returns either a

tool call, a sub-task decomposition, or a final answer.

3. Act. If the model called a tool, execute it. If it produced a final

answer, return.

4. Observe. Capture the result of the tool call. Append it to the conversation.

Update memory if appropriate.

5. Repeat. Loop back to step 1 until done, or until a budget — tokens,

seconds, dollars — is exhausted.

The loop sounds simple. Making it work reliably on real tasks is, candidly, not.

Agents drift off goal, get stuck retrying the same failing action, declare victory

prematurely, and hallucinate that tools returned data they did not return. The

benchmarks tell the story: on SWE-bench Verified (https://www.swebench.com/), a curated

set of real GitHub issues, the best published agents in late 2025 solve 60-

vector database

The agent loop
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70% of tasks; on harder, longer benchmarks like AgentBench (https://arxiv.org/abs/2308.03

688) the numbers are closer to 30%. Two years ago the same numbers were

near zero, so the trajectory is real, but agents are not yet drop-in workers for

arbitrary white-collar tasks.

Where agents do work, in 2026, the pattern is consistent: the task is

bounded, the tools are well-specified, the verifier is automated, and the

human is in the loop on consequential actions. Specifically, agents that are

working at scale are doing the following kinds of jobs:

Coding agents inside established codebases. Tasks like "implement this

issue", "find the source of this bug", "write tests for this function", with a

CI suite as the verifier. Cursor (https://www.cursor.com/), GitHub Copilot Workspace (http

s://github.com/features/copilot), and the open Aider (https://aider.chat/) are doing measurable

amounts of real engineering work in 2026.

Customer-support triage and resolution. The agent reads the ticket, looks

up the customer in CRM, checks the order in the database, drafts a reply,

escalates when uncertain. Intercom's Fin (https://www.intercom.com/fin) and similar

systems are deflecting a meaningful share of L1 tickets.

Research and analysis loops. The agent reads documents, searches

the web, synthesizes a report, and surfaces sources. The verifier

here is usually still a human reviewer, and the task is bounded by the

prompt's scope.

Routine browser tasks. Filling forms, scheduling, comparison shopping,

downloading reports — the long tail of low-stakes web work. Reliability is

improving but still well below human.

What actually works in production
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What does not yet work, despite many companies claiming otherwise: long-

horizon autonomous projects without supervision, complex strategic

decisions, anything requiring judgment about novel situations the model has

no training analogue for, and tasks where the cost of a wrong action is very

high relative to the value of a right one. The gap between a demo-quality

agent and a production-quality one is several engineering quarters of guardrail

work, and there is no shortcut.

The structural fact, however, is that the gap closes year over year. The agent

of 2026 outperforms the agent of 2024 on every benchmark by a wide

margin, and that progression shows no signs of stalling. The economic

question — which jobs, exactly, become an agent's work and on what

timeline — is open. The architectural question is settling: the loop above, with

a stronger model and better tools, is the shape that everything is converging

on. The next chapter asks what happens when the loop nests.

What doesn't, yet
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FIGURE 34.1 An agent is a tight loop: perceive (read state), plan (call the

model), act (invoke a tool), observe (read the result),

repeat. The loop terminates when the agent either declares

success, declares failure, or hits a budget cap.

The agent loop

Perceive · Plan · Act · Observe · Repeat — until success, failure, or budget cap.

MODEL

claude · gpt · gemini
+ memory · + tools

PERCEIVE

read state

PLAN

choose next action

ACT

call tool / API

OBSERVE

capture result

terminates on: declared success · declared failure · token/time budget
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Chapter 35

Swarm
Many agents, one outcome

3-7
AGENTS IN A TYPICAL

PRODUCTION MULTI-

AGENT SYSTEM

~5×
TOKEN COST OF

DEBATE VS. SINGLE-

AGENT ON SAME TASK

~10-25%
ACCURACY LIFT FROM

DEBATE OVER BEST

SINGLE AGENT ON

HARD TASKS

f one agent is a knowledge worker, a swarm of agents is a

small organization. The same logic that pushed companies

past the single-craftsman model in the eighteenth century

— division of labour, specialization, supervision — is now

being re-derived in software. The gains are sometimes real

and sometimes imaginary, the costs are always real, and a

clear-eyed view requires acknowledging both. This chapter is

about multi-agent systems: when they help, how they

communicate, and what they cost.
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Single-agent systems hit three walls in practice. The first is context length:

even with two-million-token windows, dumping the full state of a complex

project into one prompt produces worse reasoning than reading a focused

subset would. The second is specialization: a single instruction-tuned model

is jack-of-all-trades; a research agent prompted differently from a code agent

will outperform a generalist on either narrow task. The third is error

correction: a model evaluating its own work is systematically less critical than

a sibling evaluating the same work from outside.

Each wall suggests a different multi-agent pattern. None of these are new

ideas — distributed AI was a research field in the 1980s, and multi-agent

systems (https://en.wikipedia.org/wiki/Multi-agent_system) have a long literature — but they have

become economically meaningful only now, when each "agent" is cheap

enough to spawn and capable enough to contribute.

Hierarchy. A planner agent breaks a high-level goal into sub-tasks and

dispatches each to a worker agent. The pattern fits well when the work

decomposes cleanly: research one company, then another, then another, then

write the comparative summary. AutoGen (https://github.com/microsoft/autogen) and LangGraph

(https://github.com/langchain-ai/langgraph) formalize this pattern; Anthropic's Multi-Agent

Research System (https://www.anthropic.com/news/research) describes a deployment of it at

scale. The trap is that planners over-decompose: they spawn five workers

when one would have been faster and cheaper.

Debate. Two or more agents are given the same problem, produce

independent solutions, then are shown each other's reasoning and asked to

converge or to defend. Du et al. (2023) (https://arxiv.org/abs/2305.14325) showed

measurable accuracy gains from this on math and reasoning benchmarks. The

Why one agent is not enough

Patterns: hierarchy, debate, market

From Sand to Superintelligence — 169 / 224

https://en.wikipedia.org/wiki/Multi-agent_system
https://en.wikipedia.org/wiki/Multi-agent_system
https://github.com/microsoft/autogen
https://github.com/langchain-ai/langgraph
https://github.com/langchain-ai/langgraph
https://www.anthropic.com/news/research
https://www.anthropic.com/news/research
https://arxiv.org/abs/2305.14325


trap is collusion: two instances of the same model will often agree on the

same wrong answer, especially when the model is overconfident. Debate

works best when the agents are genuinely heterogeneous — different

models, different temperatures, different prompts.

Market. A routing agent receives the task and offers it to a pool of specialist

agents, choosing based on stated capability, historical accuracy, latency, or

price. This is the pattern that OpenRouter (https://openrouter.ai/), model-gateway

products at the major clouds, and emerging routing-as-a-service platforms

are pushing toward. It is the most cost-efficient when the workload is high-

volume and heterogeneous; it is overkill when there are only a few tasks

per day.

In 2026 there is no single standard for agent-to-agent communication. The

candidates are visible:

Plain text turns in a shared transcript. The simplest pattern. Each agent

reads the full transcript and emits a turn. Works for small swarms,

becomes wasteful past three or four agents.

Structured messages. Each turn is a JSON object with explicit sender,

recipient, intent, and content fields. AutoGen and the proposed

Agent2Agent (A2A) protocol (https://google.github.io/A2A/) from Google are in this camp.

Shared scratchpad. A document the agents collaboratively edit, with each

agent reading the current state and proposing diffs. Works well for code

and document tasks; awkward for negotiation.

Tool-mediated. Agents do not address each other at all — they invoke

tools (queues, databases, APIs) that other agents observe. This is the

pattern that scales operationally because it is just normal distributed-

systems design.

How agents communicate
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The trajectory is clearly toward the structured-message and tool-mediated

patterns, with shared scratchpad as a complement for collaborative artifacts.

Plain text turns are a research convenience that rarely survives in production.

Multi-agent systems are not free. Every additional agent multiplies the token

bill, and the coordination overhead — agents reading each other's output, the

planner re-reading the transcript, the verifier checking everything — often

dominates the productive work. A debate between three agents on a hard

reasoning task can easily cost 5× the tokens of the best single agent

answering it directly.

The accuracy lift, on the tasks where debate helps, is typically in the 10-25%

range — meaningful, but not always worth 5× the cost. The honest

accounting therefore depends on the domain. In high-stakes settings (legal

review, medical synthesis, financial decision support) the lift is often worth it.

In bulk-throughput settings (customer support, content moderation) the lift

rarely justifies the cost, and a single well-prompted agent with a cheap

verifier wins.

The realistic case for multi-agent systems, stripped of the marketing, is this:

they buy you specialization, error correction, and context isolation, at the cost

of tokens, latency, and complexity. They do not buy you general intelligence

beyond the ceiling of the underlying model — a swarm of GPT-4-class agents

will not collectively do GPT-6 work. They do not, in current implementations,

develop genuinely emergent capability; what looks like emergence is usually

the underlying model's capability finally being elicited by better scaffolding.

The cost of coordination

What it actually buys you
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The most overstated claim in the multi-agent literature is that swarms unlock

qualitatively new behaviour. They mostly unlock quantitative reliability gains —

turning a 60% solve rate into 80%, which is a real and valuable thing to do,

but not a different kind of mind. The most under-discussed cost is debugging:

a five-agent system has eight pairwise interfaces, each of which can fail, and

tracing a failure across them is harder by an order of magnitude than

debugging a single agent.

Once you have multiple agents talking, the question that immediately follows

is: how do they decide whether to believe each other? That is the next

chapter — protocols of trust.

FIGURE 35.1 Three coordination patterns. Hierarchy (a planner

dispatching workers), debate (peers arguing toward

consensus), and market (a router auctioning each subtask

to the cheapest qualified bidder). Each trades cost for

robustness differently.

Three coordination patterns

Each trades cost for robustness differently.

HIERARCHY
planner → workers

P

decomposes well
trap: over-decomposes

DEBATE
peers argue to consensus

A B

→

corrects errors
~5× cost · ~10-25% lift

MARKET
router auctions tasks

router

$
$$ $$

$$$

cheapest qualified bidder
scales bulk traffic
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Chapter 36

Protocols of Trust
MCP, A2A, and the standards quietly being negotiated

Nov 2024
ANTHROPIC OPEN-

SOURCES MODEL

CONTEXT PROTOCOL

~3,000+
MCP SERVERS

PUBLISHED IN THE

FIRST YEAR

0
WIDELY-DEPLOYED

PROTOCOLS FOR

CROSS-VENDOR AGENT

IDENTITY, END OF

2025

hen two machines exchange documents, the question

of trust is mostly answered by TLS — the document

is from the server it claims to be from, and nobody

read it in transit. When two AI systems exchange operations,

that level of trust is not enough. The agent on the other end

can fabricate, refuse, drift, or actively deceive. The protocols

of the next decade are about answering, in the field, the same

question that letters of credit answered for medieval trade

routes: how do you act on a stranger's word?
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The naive setup of an agent making API calls has at least four trust failures

waiting to happen. The agent can hallucinate — invent an API response that

did not happen. The tool can lie — return a result that misrepresents its

underlying action. The user's permissions can be insufficient or excessive —

the agent does something the user didn't intend, with credentials the user

shouldn't have given. And the underlying transport can be tampered with —

somebody intercepts and alters the call.

Each failure mode has a partial solution that has been around for decades —

TLS for transport, OAuth for permissions, formal specs for behaviour — but

they were designed for stable, deterministic clients. Agents are neither; they

will improvise, and the protocol layer has to assume the agent itself is the

most likely source of trouble. This is a category of trust problem the existing

internet plumbing was not built for.

The first answer is the function-calling APIs introduced by every major model

provider in 2023-24. OpenAI (https://platform.openai.com/docs/guides/function-calling), Anthropic (https://doc

s.anthropic.com/en/docs/build-with-claude/tool-use), Google, and the open-weight community

converged on roughly the same shape: the developer declares tools as JSON

schemas, the model emits structured calls conforming to those schemas,

the runtime validates and executes them, and the result is fed back as a

typed message.

This is a real protocol, in the sense that it is explicit about syntax and at least

lightly explicit about semantics (the schema documents what each parameter

means). It is not a real protocol, in the sense that there is no standard registry

of tools, no portability between providers (each one's schema dialect differs

The trust problem

Function calling as the baseline
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slightly), and no built-in authentication or permission model. Each developer

wires their own tools per provider, often three or four times over.

The most consequential agent protocol shipped to date is the Model Context

Protocol (https://modelcontextprotocol.io/), open-sourced by Anthropic in November 2024.

 separates the model from the tool it is calling, so any MCP-compliant

client (Claude Desktop, IDE plugins, custom agents) can talk to any MCP-

compliant server (a database connector, a filesystem reader, a Slack

integration). The protocol covers tool discovery, invocation, and structured

responses; it is transport-agnostic, runs over standard JSON-RPC, and is

genuinely portable.

By the end of 2025, the MCP server registry passed 3,000 published

integrations: filesystems, databases, version-control hosts, communication

tools, internal corporate APIs, vertical SaaS products. The pattern resembles

ODBC (https://en.wikipedia.org/wiki/Open_Database_Connectivity) in the 1990s — a standard adapter layer

that decouples capability from vendor — and the network effects look

comparable. Every model vendor, including those who would have preferred

to keep their tool ecosystem captive, has now shipped MCP support.

What MCP is not, and does not pretend to be, is a solution to the cross-

organizational trust problem. An MCP server still has to authenticate its caller,

sign its responses, log its actions, and answer to its operator's policies. MCP

standardizes the shape of the conversation; it does not standardize the social

contract beneath it.

MCP: a protocol for tools

MCP
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The next-layer-up problem — agents from different organizations

communicating with each other — is less settled. Google's Agent2Agent

(A2A) protocol (https://google.github.io/A2A/), announced in April 2025, proposes a JSON-

over-HTTPS standard for agent-to-agent task delegation, with explicit fields

for capabilities, identity, and conversational state. Several large vendors have

signaled support; production deployments are still scarce.

Competing with and supplementing  are: bespoke agent-to-agent APIs at

the major clouds, ad-hoc patterns in the open-source frameworks, and a

handful of research proposals (Agent Communication Languages (https://arxiv.org/abs/24

02.08164) reflecting older multi-agent work). The honest state of affairs at end of

2025 is that there is no winner and the field is in the period that HTTP was in

around 1992 — multiple proposals, real interest, no consensus, and most

actual cross-agent traffic happening through whatever proprietary glue

happens to be cheapest to wire up.

For machine-to-machine trust to scale beyond a single organization, four

things must be solved at the protocol layer. None are fully solved today.

1. Identity. Each agent must have a verifiable, non-spoofable identity its

operator can authenticate. Today this is mostly done with bearer tokens

and API keys, which are leaky. Decentralized identifiers (https://www.w3.org/TR/did-core/)

are a candidate; nothing is mainstream.

2. Capability description. What can this agent do, and what is its track

record? The closest thing to a standard is the schema in the function-

calling specs, but that does not say anything about reliability or behavior in

edge cases.

A2A and its rivals

A2A

What trust actually requires
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3. Audit trail. Did the agent do what it said it did, and can its operator prove it

later? Logging is mature inside organizations and absent across them.

4. Recourse. What happens when an agent damages a counterparty? In

human commerce this is courts and reputation. In machine commerce it is,

presently, a very long support ticket and possibly a chargeback.

The realistic forecast is that protocols will fill these gaps unevenly over the

next three to five years, much as the web's authentication and payment

layers grew in around the original HTTP. By the end of that window we will

have, in some form, an agent-PKI, a capability registry, standardized audit

hooks, and small but real cross-organizational machine-to-machine

commerce. We will also have, in 2025-2027, the parallel growth industry

of agent-fraud and agent-fraud-prevention, which always tracks the trust

layer's gaps.

Whatever the protocols end up looking like, they will need a substrate to

operate on: a place where agents store their shared facts and recover what

one of them learned an hour ago. That substrate is the memory commons.
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FIGURE 36.1 The trust stack. A model calls a tool through a function-

calling spec; the tool runs on a server speaking MCP; the

server authenticates back to a service via OAuth or signed

tokens. Each layer answers a different question: 'what?',

'where?', 'who?'.

The trust stack

Layered protocols, each answering a different question.

A2A · agent-to-agent

cross-org delegation · identity · capability discovery (proposed, 2025)
"who?"

MCP · model context protocol

tool discovery · invocation · response — vendor-portable (Anthropic 2024)
"where?"

FUNCTION CALLING · per-vendor

JSON schemas · structured output (OpenAI 2023, parallel by all)
"what?"

TLS · OAuth · HTTPS

existing internet plumbing (1990s-2000s)
"trusted channel"

stack maturity: bottom solid · middle hardening · top still being designed
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Chapter 37

The Memory Commons
Vector databases and the shared substrate of recall

~109

VECTORS IN A SINGLE

MID-SIZE PRODUCTION

INDEX

<10 ms
VECTOR LOOKUP

LATENCY AT BILLION-

SCALE

~$0.10/M
CURRENT COST OF

EMBEDDING A MILLION

TOKENS

frontier model's weights are frozen at training time.

They know what was in their training corpus, badly, and

nothing else. The world keeps moving, organizations

keep producing new documents, and an agent that cannot

read those documents is, however clever, useless on

yesterday's spreadsheet. The infrastructure that has grown up

to give models access to fresh memory is one of the largest

hidden buildouts in the AI stack — vector databases, retrieval

pipelines, knowledge graphs — and it has produced something

genuinely new: a shared, queryable, machine-readable

substrate that many models can read at once.
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A 200-billion-parameter model has, in some sense, a few hundred billion

floating-point numbers' worth of memory baked into its weights. That memory

is impressive in breadth — every Wikipedia article, all of public GitHub up to a

cutoff date, vast tracts of the open web — but it is also lossy,

undifferentiated, and stale. Asking a frozen model what is in your company's

wiki, or what was decided in last week's planning meeting, gets a confidently

wrong answer or a refusal.

The fix is to give the model a place to look up facts at inference time.

Mechanically, this means: at the moment a question arrives, search a corpus

of documents for material relevant to the question, and paste that material

into the model's context window before asking it to answer. This is retrieval-

augmented generation, or , and it is the most widely deployed pattern for

grounding model output in current data.

The retrieval primitive is nearest-neighbour search in embedding space. Given

a query embedding, find the K document embeddings closest to it (typically

by cosine similarity or inner product). At small scale this is a simple matrix

multiply. At billion-document scale it is a serious systems problem — full

pairwise comparison would take seconds per query, and production targets

are under 10ms.

The answer is approximate nearest-neighbour (ANN) indexing. FAISS (https://github.c

om/facebookresearch/faiss) from Meta open-sourced the foundational algorithms — IVF,

HNSW, product quantization — that turn billion-scale similarity search into a

sub-10ms operation at modest accuracy loss. Pinecone (https://www.pinecone.io/),

Weaviate (https://weaviate.io/), Qdrant (https://qdrant.tech/), and pgvector (https://www.pgvector.org/) (a

PostgreSQL extension) packaged this as managed and self-hosted services.

Why a model needs an external memory

RAG

Vector databases
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By 2026 every major data warehouse — Snowflake, BigQuery, Databricks —

ships native vector search alongside SQL.

The vector database has become a recognized layer in modern data stacks,

sitting alongside the relational database, the document store, and the

message queue. Its workload is one operation: "find me the K most similar

items to this." That single primitive, executed billions of times a day, is what

makes RAG work at scale.

A production RAG system has more moving parts than the marketing

suggests. The corpus is chunked into pieces small enough to embed cleanly;

chunking strategy (https://arxiv.org/abs/2312.10997) is its own subfield because too-large

chunks lose specificity and too-small chunks lose context. Each chunk is

embedded with a model whose tradeoffs (size, dimension, language

coverage) determine the system's recall ceiling. The vectors are indexed; the

query is embedded; the K nearest chunks are retrieved; reranking with a more

expensive cross-encoder model improves precision; the surviving chunks are

formatted into a prompt; the model answers, sometimes with explicit citations

to the chunks it used.

What works well: factual question-answering grounded in a corpus, customer

support over product documentation, internal knowledge search, code search

at scale. What works poorly: anything requiring synthesis across many chunks

(the model can read what it is given, but won't assemble it well past a certain

size), anything where the question is ambiguous and the retriever picks the

wrong neighbourhood, anything where the corpus has internal contradictions

the retriever surfaces both sides of without resolving.

The realistic state in 2026 is that RAG is a mature pattern with a known limit:

it makes a model accurate where it would otherwise hallucinate, and it

surfaces sources where it would otherwise be unaccountable, but it does not

Retrieval-augmented generation
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make a model smart. The model's reasoning is still the binding constraint;

retrieval just unblocks it.

Vectors capture similarity but lose structure. "Apple acquired Beats" and

"Beats was acquired by Apple" produce nearly identical embeddings, but a

question like "list every Apple acquisition" wants something more like a SQL

JOIN than a similarity search. Knowledge graphs (https://en.wikipedia.org/wiki/Knowledge_graph) —

explicit (subject, predicate, object) triples organized into a queryable graph —

have come back as a structured complement to vector retrieval.

The leading patterns in 2026 are hybrid: vector retrieval handles fuzzy

semantic matching, while a structured graph holds the entities and

relationships that the model can query precisely. Microsoft's GraphRAG (https://gith

ub.com/microsoft/graphrag) and similar systems extract entities and relations from

documents into a graph, then use both vector and graph queries during

retrieval. The hybrid does materially better on multi-hop questions ("which

products use components made in Taiwan?") than vector-only systems.

The interesting structural fact, beyond the technology, is that the same

retrieval substrate now serves multiple agents and multiple models. A

company's vector index is read by its customer-support agent, its sales-

research agent, its legal-review agent, and its onboarding agent. Each agent

contributes new chunks back: the support agent records resolved tickets, the

sales agent records call notes, the legal agent records contract clauses. The

index becomes a memory commons — a shared substrate that grows

monotonically as the organization works.

Knowledge graphs and the
structured complement

The memory commons
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What is genuinely new is that the commons is queryable in natural language

by any model that can speak to its embedding. The institutional knowledge of

a company, which used to live in inboxes and undocumented heads, is

becoming a structured asset with a per-token retrieval cost. The implications

for organizational memory, for diligence, for litigation discovery, for what

an exiting employee can take with them — these are still being worked

out, in courts and in company policies, mostly with a few years' lag behind

the engineering.

The commons exists; the questions are who owns it, who can read it, and

how it is kept clean. None of these are technical questions. The technical

layer has done its part. The next layer — agents that act on the world — is

where the protocols meet the messy world. Chapter 38 follows them out of

the API and into the browser.
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FIGURE 37.1 A retrieval-augmented system. Documents are chunked,

embedded, and stored as vectors. At query time, the

question is embedded; nearest-neighbour search returns

relevant chunks; the model reads them as context and

answers grounded.

Retrieval-augmented generation

Chunk · embed · index, then retrieve · rerank · ground.

INGEST

documents
PDFs, wikis

chunk
~500 tokens

embed
→ 1536-d

vector index
HNSW · 10⁹ vecs

user query
"what was…"

embed
same model

k-NN search
< 10 ms

rerank
cross-encoder

MODEL
grounded answer

queried at runtime

Two passes: build the index once · search it on every query · ground the model on what it returns.
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Chapter 38

The Browser
Becomes the Worker
When the agent operates the same software you do

Oct 2024
ANTHROPIC SHIPS

CLAUDE WITH

COMPUTER-USE;

OPENAI OPERATOR

FOLLOWS

~5-15 s
MEDIAN LATENCY PER

BROWSER-ACTION STEP

~50-70%
TASK COMPLETION

RATE ON THE

WEBARENA BENCHMARK,

LATE 2025

or thirty years the dominant pattern of computing was a

person, a form, and a button. You filled in fields; you

clicked submit; software did something. The vast

majority of software ever written assumed that the entity on

the other side of the screen was a human reading pixels and

pressing keys. In late 2024 a new kind of entity started

reading the same pixels and pressing the same keys, in

volume, on its own initiative. The form did not change. The

user did. This chapter is about what that means.
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Almost every digital workflow we have built rests on a graphical interface

designed for a person. Bank transfers, expense reports, insurance claims,

hotel bookings, government filings, internal SaaS dashboards — they all

assume someone is sitting at a screen, parsing the layout, clicking the right

element, typing into the right box. APIs exist for some of this work, but the

long tail of corporate and consumer software has no useful API; the form is

the only entry point.

For thirty years this was fine, because automating a UI was a thankless

engineering project. Brittle screen-scraping libraries broke whenever the

layout changed; robotic process automation (https://en.wikipedia.org/wiki/Robotic_process_automation)

vendors made a serviceable but expensive business gluing together fragile

rule-based bots. The economics of automation against UIs was tilted heavily

toward leaving the human in the loop.

What changed is that a sufficiently capable model can now read a screenshot

of a UI and produce a useful answer to "what should I click next, and where

on the screen is it?" Anthropic's Claude with computer use (https://www.anthropic.com/news/

claude-3-5-sonnet), OpenAI's Operator (https://openai.com/index/operator/), and Google's parallel

offerings all expose roughly the same primitive: a controlled browser or

virtual machine, a screenshot pipeline, an action API (click at coordinates,

type, scroll, drag, take screenshot), and a model with vision good enough

to navigate.

The architecture is unglamorous. The agent receives a goal ("book a flight to

Berlin on the 12th"); it takes a screenshot; the model decides on an action

(click the search field, type "Berlin"); the action is dispatched to a sandboxed

browser; the next screenshot is read; the loop continues until the task is done

The form was the interface

Computer-use as a primitive
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or the agent gives up. Performance is bounded by the model's vision (can it

find the right button?), its planning (does it know the right sequence?), and

the latency of each round-trip (each action takes 5-15 seconds end-to-end).

The change relative to RPA is that the model generalizes. The same agent

that booked a flight yesterday can fill out a tax form today, because both

involve reading a layout and clicking the right element. There is no per-site

engineering. The model is the engineering.

In production, computer-use agents combine three modalities of perception,

not just pixels. They read the rendered screenshot for spatial understanding

("the submit button is in the lower-right"), the DOM tree for structural

information ("this element is an input of type=date"), and the accessibility

tree as a backup when the DOM is obfuscated. The most reliable agents fuse

all three; pixel-only agents fail more often on complex sites because vision is

still imperfect at recognizing low-contrast, oddly-styled, or modal-occluded

interface elements.

Action dispatch happens through standard browser-control protocols:

WebDriver (https://www.w3.org/TR/webdriver2/), Chrome DevTools Protocol (https://chromedevtools.github.io/de

vtools-protocol/), or operating-system-level synthetic input on virtual machines. The

agent does not ask the page for permission; it acts as if it were a user, which

means it inherits whatever permissions the user it is acting as has. This is

convenient for capability and dangerous for security; we'll come back to it.

The realistic state of computer-use agents in 2026 is that they work well on

common workflows on stable sites and break on long tails. Specifically:

How it actually works

What breaks
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anything multi-factor authentication that requires a phone tap, anything

CAPTCHA-protected (and CAPTCHAs have been redesigned in the last two

years specifically to defeat AI agents), anything with anti-bot detection that

fingerprints browser behaviour, anything with rapidly changing UIs, anything

requiring drag-and-drop with precise targets, and anything where the cost of

a wrong click is high enough that the operator has placed friction in the way.

On the WebArena (https://webarena.dev/) benchmark, the best agents in late 2025

complete 50-70% of tasks; the median time per task is several minutes. A

human can do the same tasks in seconds with a much higher success rate.

The economic case for the agent is not speed; it is unit cost and parallelism

— one agent can run a thousand tasks in parallel for less than the cost of the

human who would do them in series.

Three failure modes are worth naming because they will recur. Drift: the agent

slowly diverges from the goal across many steps, ending up on a related but

wrong page. Loops: the agent retries the same failing action repeatedly

because no observation falsifies its plan. Confabulated success: the agent

claims to have completed the task but did not actually click the final submit

button. Production systems mitigate each with verifier sub-agents, hard step

caps, and human approval gates on consequential actions.

The medium-term implication, assuming the trajectory continues, is the slow

obsolescence of the GUI as the primary interface for routine business

operations. The forms will still exist, because legacy systems do not vanish,

but the user behind them will increasingly be software acting on behalf of a

person, not the person directly. This has already happened for some

workloads — automated trading, programmatic ad bidding, search-engine

indexing — but it is now happening for the long tail of expense reports and

insurance claims and government filings.

The end of the form-and-button era
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The realistic consequences will be uneven. Companies whose moat was a

hard-to-use UI that customers tolerated will discover that an agent does not

tolerate, it just leaves. Companies whose value was in the underlying service

rather than the interface will be largely unaffected. The systems that held up

well will be the ones with stable APIs (which agents can call directly without

screenshotting) and the ones with such strong network effects that they

survive any interface change.

What is genuinely lost is some of the ambient telemetry that came from

human interaction — the subtle signals about user intent that a form could

elicit through layout, that an agent reads as just another field to fill. What is

genuinely gained is access: workflows that were too tedious for humans to

bother with at scale become routine. The economic surplus this releases

is real and large, and the question of who captures it is the subject of the

next chapter.

Before answering it, we need to look at what is happening to the supply side

of intelligence itself.
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FIGURE 38.1 The agent perceives the screen as pixels and a DOM, plans

a click or keystroke, dispatches the action through a

controlled browser, observes the result, and loops. The

interface has not changed; the user has.

The browser becomes the worker

The form did not change. The user did.

flights.example.com

Book a flight

From: SFO

To: BER

Date: 2026-05-12

Search

AGENT

1. screenshot · DOM · a11y tree

2. model: "click search at (54,142)"

3. dispatch: WebDriver / CDP

4. observe new screenshot

5-15 s per step · loops 10-50×

pixels

click

fails on: CAPTCHAs · MFA · drift · loops · confabulated success. works on: stable forms · routine flows.
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Chapter 39

Markets of Models
Routing, price-per-token, and the commoditization layer

~95%
DROP IN INFERENCE

COST PER TOKEN,

FRONTIER-CLASS

QUALITY, 2023-2026

~12-20
MODELS A TYPICAL

PRODUCTION ROUTING

LAYER CHOOSES

BETWEEN

~30%
SHARE OF API

TRAFFIC AT MAJOR

AGGREGATORS THAT

GOES THROUGH

ROUTERS

ive years ago there was, effectively, one frontier model

you could call, and the conversation about which to use

was short. Now there are dozens of plausible options at

any given quality tier, prices are visible per-token, latencies

are measured, and reasonable buyers route work to whichever

model fits a particular task best. Intelligence has acquired the

texture of a commodity market, with all the consequences that

follow — bid-ask spreads, margin compression, switching

frictions, and a routing layer that captures real economic value

by sitting between buyer and seller. This chapter is about

that market.
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The transition was fast. In 2022 GPT-3.5 stood alone in its quality tier; by

2024 GPT-4, Claude 3.5 Sonnet, Gemini 1.5 Pro, and a handful of open-

weight Llama and Mistral models offered different tradeoffs at comparable

quality; by 2026 the frontier tier has six to eight credible providers, the mid-

tier has dozens, and the cost-per-million-input-tokens at frontier quality

has dropped roughly 95% over three years. The same quality of output that

cost $30/M tokens in 2023 costs under $2/M tokens in 2026 if you pick the

right provider.

What this looks like to a buyer is no longer "which model do I integrate" but

"which model do I route this specific request to". Different requests have

different cost-quality tradeoffs: a customer-support response benefits from

quality over cost, a bulk classification job benefits from cost over quality, a

real-time autocomplete benefits from latency over either. The routing layer

that decides per-request is now a recognized component in serious AI stacks.

A routing layer is, mechanically, a thin service that receives an incoming

model request, classifies it (by task type, expected complexity, latency

budget, regulatory zone, content sensitivity), and forwards it to one of N

upstream providers. The routing decision is informed by a published price

sheet, observed historical accuracy, observed latency distributions, capacity,

and any policy constraints (some workloads must stay in EU regions; some

must avoid certain providers; some must run on open-weight models for

compliance reasons).

The leading commercial routing layers in 2026 are OpenRouter (https://openrouter.ai/),

gateway products at the major clouds (Bedrock, Vertex, Azure AI), and a

growing tier of specialist routers (cheaper-for-bulk, faster-for-real-time,

Intelligence as a commodity

The routing layer
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regulated-for-finance). Internally, every large AI-using company runs its own

routing layer too, often built on top of a commercial one for the actual model

calls. The aggregated traffic going through routers — visible to nobody from

the outside but spoken about openly by practitioners — is now meaningful

enough that pricing pressure on the underlying model providers comes

substantially through the routing layer rather than direct.

What the router does, that no individual provider does, is make the prices

comparable. Each provider would prefer to lock customers into their

proprietary tooling, billing units, and quality-of-service guarantees. The router

commoditizes by exposing a standard interface across all of them. This is the

same dynamic that played out in airline GDS systems in the 1980s, in

payment-card networks, and in stock exchanges — a layer that aggregates

and standardizes the supply side captures real surplus.

Per-token prices are now public, frequently updated, and converged enough

that a clear cost curve exists. Frontier-tier models from Anthropic, OpenAI,

and Google sit at the top, charging premiums for verified quality and reliability.

Mid-tier models from the same providers and from a half-dozen specialists sit

a tier below, at maybe 30% of the price for 80-90% of the quality on most

tasks. Open-weight models served by inference specialists (Together (https://www.to

gether.ai/), Fireworks (https://fireworks.ai/), Replicate (https://www.replicate.com/), Groq (https://groq.com/)) sit

below that, at maybe 10% of the frontier price for 60-80% of the quality on

tasks the open models have been tuned for.

Prices have moved together. When Anthropic dropped Claude Haiku's price

by 40% in mid-2025, OpenAI matched within weeks. When Google undercut

both with Gemini Flash, the others responded within a month. The

competitive intensity is high, the costs are still falling fast, and any integrator

that locked in a price last year is paying too much this year. This is normal

Price discovery and the cost curve
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commodity-market behaviour and the people who claim AI is exempt from

market dynamics are not paying attention.

For sophisticated buyers — usually internal AI platforms at large companies —

the work is not just choosing one model but arbitraging across many. A typical

production flow in 2026 might use a small fast model to classify the incoming

request, route it to the cheapest model that can handle that class, fall back to

a larger model on retry if quality is insufficient, and audit a sample of

responses with a separate evaluator model. The aggregate effect is a 3-10×

cost reduction over naive single-model deployment for the same task quality.

The losers in this arbitrage are the providers whose pricing is detectably

above their quality contribution. The winners are the providers who

consistently deliver more capability per dollar than their nominal tier would

suggest. Both Anthropic and the open-weight specialists have benefited from

being underpriced relative to their quality at various times in this period; both

have raised prices when they could and lowered when they had to. The

market discipline is real.

What the structure of the model market actually rewards, calling

spades spades:

The frontier-model owners. A small number of companies that can train

models nobody else can match. Their margins are squeezed by

competition with each other but defended by capability. The list is short

and gets shorter as training costs rise: Anthropic, OpenAI, Google

DeepMind, perhaps two or three others.

Model arbitrage in practice

The shape of the market
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The hyperscaler clouds. Owning the GPUs, the data center capacity, the

networking, and the customer relationships, the major clouds capture

margin even when the model on top is somebody else's. AWS, Azure, and

Google Cloud are net beneficiaries of the AI boom regardless of which

model wins.

The chip and packaging suppliers. NVIDIA, TSMC, ASML, the HBM

suppliers (SK Hynix, Samsung, Micron). The picks-and-shovels position

they have already enjoyed for three years continues, with the binding

constraint shifting between compute, packaging, and HBM in roughly two-

year cycles.

The routing and integration layer. Smaller in absolute size, but capturing a

meaningful margin per dollar of model spend by being the layer that makes

the underlying market efficient.

The losers are the incumbent buyers of human cognition whose business

assumed white-collar wage rates were a stable input. Some industries adjust;

some shrink; some are reshaped beyond recognition. The next chapter is

about the network effects that determine which is which. The chapter after

that is about where the value actually reroutes.
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FIGURE 39.1 A routing layer: incoming requests are tagged with

capability and budget requirements, then auctioned across

providers on a curve of price, quality, and latency. Different

requests hit different models in the same product, second

by second.

Markets of models

Routing per request, on a price-quality-latency curve.

REQUESTS

classify support ticketcheap

draft legal memoquality

autocomplete latency

EU-only PII taskregion

ROUTER

price · quality
latency · region
capacity · policy

→ best fit

PROVIDERS · price ↓ · quality ↑

Claude Sonnet 4.6 $3 / M

GPT-5.4 $3 / M

Gemini 3 Flash $0.30 / M

Haiku 4.5 $0.25 / M

Llama 4 (open · Together)$0.10 / M

Mistral OS (Groq)$0.08 / M
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Chapter 40

The Compounding
Data, evals, and the flywheels that decide who wins

n²
THE VALUE OF A

NETWORK OF N

CONNECTED NODES, BY

METCALFE'S CLAIM

~10×
GROWTH IN DEPLOYED

AGENT POPULATION,

2024 TO 2026

~3-5
YEARS OF HEADSTART

THAT DATA FLYWHEELS

APPEAR TO CONFER IN

CURRENT AI PRODUCTS

he economic concept of network effects is so familiar it

has become flat. We say "X has network effects" the

way we say "X has good product-market fit", as a label

that excuses us from inspecting the actual mechanism. This

chapter is about specifically how network effects work in the

AI stack, where they are real, where they are overstated, and

what they imply for which firms and which capabilities

compound. The headline: there are at least two genuine

compounding loops at work, they are uneven, and they

are bounded.
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Metcalfe's law (https://spectrum.ieee.org/metcalfes-law-is-wrong), in its original form, claims that the

value of a communications network grows as the square of the number of

connected nodes, because every node can talk to every other. Empirically this

is roughly right for early networks and overstates for mature ones (most node

pairs never communicate). The intuition still holds: networks have superlinear

value when adding a node creates new pairs of useful interactions.

The same intuition extended to AI: as more agents come online, capable of

interacting with each other and with shared tools and data, the system's total

useful interaction count grows superlinearly. There are real cases where this

holds — internal tool ecosystems, MCP server registries, embedding-and-

retrieval substrates that benefit from scale. There are also cases where it fails

— there is no network effect from the existence of one company's customer-

support agent on another company's customer-support agent, except via the

common substrate of the model providers.

The first and best-understood compounding loop in AI is the data flywheel. A

model is deployed; users interact with it; their interactions produce signal

(explicit feedback, implicit reward signals like which suggestion they

accepted, error logs, edge-case reports); the signal is used to fine-tune or

evaluate the model; the next version is better; users prefer it; usage grows;

signal grows. Operating this loop well is one of the genuine moats in the

model business.

The realistic state of data flywheels in 2026 is mixed. They produce real,

measurable improvements at the margin — particularly on models tuned to

specific products like coding assistants or customer-service agents. They do

not, on their own, leapfrog quality tiers. A weaker model with a great flywheel

Metcalfe's Law for cognition

Data flywheels
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does not catch a stronger model with a worse one; a stronger model with a

great flywheel pulls steadily ahead. The flywheel amplifies; it does not invert.

The asymmetry matters competitively. The frontier-model providers have the

largest deployed bases and the strongest flywheels. The open-weight

providers do not. This is part of why the open vs. closed gap, while narrower

than alarmists claim, has not actually closed at the very top — it persists

because closed providers are accumulating reinforcement signal that open

providers cannot easily replicate.

The second loop, and the structurally newer one, is the agent flywheel: an

agent is given access to a tool; it accomplishes a task; the success is logged;

the tool's interface is refined to better match how the agent actually used it;

the next agent does better; new tools are exposed; capability grows. This

loop runs not at the model level but at the tool-and-integration level, and the

locus of compounding shifts accordingly.

The interesting consequence is that whoever owns the substrate of tools —

MCP servers, agent frameworks, browser-control APIs, the workflow layer —

is in a different network-effect position than the model providers. They benefit

from every agent that uses their substrate, regardless of which model is

underneath. This is why companies like Cursor (https://www.cursor.com/) and the agent

platforms have managed to build defensible positions even though the models

they run on are commodities by the chapter you read a moment ago.

It would be dishonest not to name the failure modes. Both flywheels have

characteristic ways of breaking.

The agent flywheel

Compounding gone wrong
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Synthetic-data poisoning. When models are increasingly trained on text that

other models generated — and this is now most of the freshly produced text

on the internet — the data flywheel risks recursively narrowing on the

dominant model's biases and errors. Shumailov et al. (2023) (https://arxiv.org/abs/2305.1749

3) labeled this "model collapse" in extreme cases. The realistic 2026 view is

that synthetic data is fine when filtered and curated, dangerous when

ingested raw, and that high-quality human-produced data is increasingly

priced as a strategic asset.

Tool-bloat collapse. When the agent-tool ecosystem grows past a certain

size, models lose track of which tool to use; the additional tools start hurting

performance. Several agent frameworks have hit this wall and walked back to

curated, smaller tool sets. The compounding loop is real but not unbounded.

Concentration-as-disguise. Some claims of network effect are really claims

of contract lock-in or switching cost — real moats, but not network effects.

Distinguishing the two matters because the durability is different. Lock-in

erodes when contracts come up for renewal; genuine network effects do not.

The honest bound on AI network effects in 2026 is this: they are real, they

confer multi-year advantages, and they are not as durable as the network

effects of pre-AI internet platforms. The reasons are structural. AI capability is

partly a function of underlying model architecture, which improves rapidly

across the industry, partly through open releases. A late entrant with a better

model at the right moment can catch up faster than they could in social

networks or marketplaces, because the underlying technology keeps shifting

under everyone.

The headstart that current incumbents enjoy is on the order of three to five

years if they execute well, and considerably less if they do not. Long enough

to matter for current investments; short enough that current dominance

The honest bound on compounding
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should not be confused with permanent dominance. Whoever is sitting on a

compounding loop today is benefiting; whoever is not should not assume the

door is closed.

What all of this implies for value — for whose work pays, whose

disappears, and where the new rents accrue — is the next, and most

consequential, chapter.

FIGURE 40.1 Two compounding loops in current AI. Data → better models

→ more usage → more data is the classic flywheel. Agent

→ better tools → more capable agent → more deployments

is the structurally newer one. Each amplifies the other.

Two flywheels

Data → model improvement, agent → tool refinement. Each amplifies the other.

DATA FLYWHEEL

deploy model

user signal

fine-tune

better v + 1

AGENT FLYWHEEL

expose tool

agent uses it

refine schema

more capable

amplifies — does not invert. headstart ≈ 3-5 years if executed well.
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Chapter 41

Where Value Reroutes
Who wins, who is squeezed, who is materially losing

~30%
SHARE OF US

OCCUPATIONAL TASKS

PLAUSIBLY

AUTOMATABLE WITH

CURRENT AI, BY

MCKINSEY/MIT-STYLE

ANALYSES

~10-15%
SHARE OF CUSTOMER-

SUPPORT TICKETS

RESOLVED WITHOUT

HUMAN ESCALATION AT

LARGE DEPLOYMENTS,

2026

~5-7%
YEAR-OVER-YEAR DROP

IN SOFTWARE-

DEVELOPER ENTRY-

LEVEL OPENINGS,

2024-2026

very previous wire we discussed in Chapter 31

reorganized economic value. The telegraph hollowed

out independent local merchants; the telephone built

AT&T; the internet eviscerated newspapers and built Amazon

and Google; the smartphone rewrote retail and ride-hail. The

fifth wire is doing its own version of this rerouting now, and the

realistic time to look at it is while it is happening, not after. This

chapter is the inventory: what is moving, who is losing margin,

who is gaining it, and what plausibly happens next. Tone:

realistic. No optimism-washing, no doom-washing.

From Sand to Superintelligence — 202 / 224



The mistake commonly made in AI economic discourse is treating the

question as whether AI creates or destroys value. It does both,

simultaneously, in different places, and the more useful question is where the

displacement and accumulation occur. The pattern is consistent across

general-purpose technologies: the inputs to the process get cheaper, the

outputs get more available, the producers of complementary capabilities

accumulate, and the producers of substituted labour lose. Looms displaced

weavers and enriched mill owners; spreadsheets reduced accounting clerks

and made financial analysts more productive; AI is doing the analogous thing.

What is different — and worth being honest about — is the breadth and the

speed. Looms substituted weaving; AI substitutes a much wider set of

cognitive tasks, on a faster timescale. Whether that produces a soft transition

or a rough one depends on policy choices that have not been made, on

geographic luck, and on individuals' ability to retool. Pretending the transition

is gentle, or that everyone affected can simply learn to prompt their way to

the next job, is not realism.

The category of work most directly affected is what economists call routine

cognitive labour: tasks that follow patterns, can be specified in writing, and

produce outputs that are themselves text or structured data. Customer-

support L1 work, basic legal document review, basic accounting tasks,

content moderation, routine report drafting, basic translation, low-end

copywriting, formulaic financial analysis, much of what entry-level

professionals in many fields actually do day to day.

The deployment data in 2026 is consistent with what models predicted.

Customer support: 10-15% of tickets at large deployments are now resolved

The frame: where value moves, not whether

Labour: the routine cognitive layer
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without escalation, with the share rising. Legal document review: junior

associate hours on contract review are down measurably at firms that have

adopted AI assistance. Software engineering: AI-assisted coding has reduced

the time-to-first-PR for new hires and pulled some entry-level work into the

work AI does directly. BLS (https://www.bls.gov/) employment data shows the entry-

level cognitive jobs being added at slower rates than non-cognitive ones,

reversing a fifty-year trend.

What this means concretely: people in these roles are not all losing their jobs

at once, but the on-ramp is narrowing. The ten new hires this year are five.

The five-year-experienced person doing one task is now doing three. The

ladder up exists but is harder to climb because the bottom rungs are partially

occupied by software. This is not a forecast; it is happening.

Software-as-a-service margins are getting compressed in the middle and

expanding at the edges. Compressed in the middle because AI commoditizes

a lot of what used to be sold as software: text drafting tools, basic analytics,

content management. The market is not vanishing, but pricing power is. A

product that was sold for $50/seat/month in 2022 is being undercut by one

with the same functionality at $5/seat/month or by an in-house

implementation built in a weekend with an AI assistant.

Expanding at the edges because the products that integrate AI as their core

capability — coding assistants, design tools, research platforms — are

commanding premium prices because their value proposition relies on

something the customer cannot easily build themselves. The new high-

margin software is the AI-native product; the squeezed software is the

boring SaaS.

Attention markets — search, advertising, content discovery — are in the

middle of their largest reorganization since the launch of Google. AI-mediated

Software and attention margins
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retrieval (Perplexity, Google's AI Overviews, ChatGPT search) reduces the

value of being a destination because users get answers directly. Publishers

that depended on referral traffic from search are seeing their unit economics

erode, and many are licensing content to model providers as the new revenue

path. The realistic 2026 picture is a lot of long-tail publishers (https://www.theatlantic.com/)

in serious distress and a handful of large brands negotiating direct licensing

deals worth hundreds of millions a year.

The temptation is to declare "knowledge work is automated." The reality is

that most knowledge work is a bundle of subtasks, of which some are highly

automatable and others are not. A doctor's job is partly information retrieval

(highly automatable), partly diagnostic reasoning (partially automatable), partly

procedural skill (not automatable in this generation), partly relationship

management with patients (not automatable in this generation). The honest

forecast is not that doctors disappear; it is that doctors do less of the tasks

that were previously the apprenticeship for doctors, which changes both the

job and the path into it.

The same fine slicing applies in law, finance, consulting, journalism, design,

and dozens of other fields. The high-skill workers do not get replaced

wholesale; the routine fraction of their work shrinks and they spend more of

their time on the residual. Productivity per worker rises where the residual is

genuinely valuable; it falls where the residual was actually padding all along,

and those workers eventually face a different kind of question.

Calling the spade a spade, here is the realistic accounting at end of 2025,

with the usual caveat that forecasts more than three years out are not honest.

Knowledge work, sliced finely

Who keeps what
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Big winners: The chip and packaging supply chain (NVIDIA, TSMC, ASML,

HBM vendors). The hyperscaler clouds. The frontier-model owners. Skilled

workers in fields where AI complements rather than substitutes,

particularly senior engineers, advanced scientists, and high-end specialists

whose work requires judgment AI cannot yet imitate.

Modest winners: AI-native product companies in well-defended niches.

The routing and integration layer. Workers who have moved up the value

chain by using AI to multiply their throughput. Some emerging-market

workers whose costs were already low and whose access to AI tooling is

now equal to wealthier counterparts.

Squeezed: Mid-tier SaaS companies whose products AI commoditizes.

Mid-career workers in routine cognitive jobs without a clear up-skill

path. Long-tail content publishers reliant on search referral. Independent

agencies whose value was in production capacity that AI now

delivers cheaper.

Material losers: Entry-level workers in highly automatable cognitive

professions. Workers in jobs that were already at the margin of routine and

creative, where AI tips the balance toward routine. Professions whose

moat was the cost of training a human to do them, where AI now does

them at marginal cost.

The fairness question — whether the gains are distributed in any sense

proportional to the losses — is political, not technical. The technical layer

makes the gains possible; it does not allocate them. That allocation is an open

question, and the institutions designed to answer it (labour markets,

education systems, social safety nets, antitrust) are responding at their

characteristic pace, which is several years to a decade slower than the

technology. The gap between the speeds is the actual policy challenge of

this decade.

The book is almost over. There is one more chapter, and it is short, and it tries

to say what all of this is, finally, when the parts are seen as one thing.
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FIGURE 41.1 Where value reroutes. Routine cognitive labour

compresses; software margins compress in the middle but

expand at the edges where AI is the moat; attention markets

reorganize around AI-mediated retrieval; the silicon supply

chain at the bottom keeps capturing.

Where value reroutes

A rough flow. Not to scale. Tone: realistic.
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routine cognitive labour

mid-tier SaaS

search referral traffic
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silicon supply chain
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frontier-model owners
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senior specialists
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AI substrate

model · routing · agents
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material losers: entry-level routine cognitive workers · long-tail publishers · agencies whose value was pro
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Chapter 42

The Loom
Epilogue II — networks of intelligence as the new fabric

42
CHAPTERS

1
ROCK

≈ 8 billion
MINDS IT NOW

ANSWERS TO

orty-one chapters ago, this book began with a rock. We

have spent two parts and most of a third walking the

chain by which a rock learns to think, and then by which

thinking rocks learn to talk to each other. There is one more

thing to say, and then we are done.

Part I told the story of how silicon is made: the geology of quartzite, the

chemistry of Siemens reactors, the optics of EUV, the choreography of

CoWoS packaging, the architecture of an AI factory. None of it is magic. Each

step is engineering, performed by humans who could draw the diagram for

the next step.

Two stories, one substrate
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Part II told the story of how silicon thinks: the band gap of a single atom, the

valve of a MOSFET, the universality of NAND, the harness of a clock, the

memory pyramid, the boot ritual, the OS, the compiler stack, the GPU, the

matmul, and finally a single thought traced from prompt to token. None of it is

magic either. Each step is also engineering, also drawn diagram by diagram,

by people who could explain the next.

Part III, which we close now, told the story of what happens when many of

those thinking machines start talking. Tokens on a wire. Latency as a budget.

Agents acting through tools. Swarms that hire each other. Protocols of trust.

A memory commons. A browser that has become a worker. A market that

prices intelligence per token. Network effects that compound. A

reorganization of value across the world's economy. None of this is magic

either. It is engineering and economics, both familiar disciplines, both

proceeding at their characteristic pace.

What is left to say is what the three parts amount to, as one thing.

One way to put it: a planet that, for four billion years, did not think about itself,

has built — out of pieces of itself — a substrate on which it can think. The

thinking is not done in any one head, or any one machine, or any one network.

It is distributed across billions of human minds and a rapidly growing number

of artificial ones, all of them coupled by a wire that carries operations on

information at near the speed of light. The wire is not a metaphor. It is fibre

and copper. The minds are not a metaphor. They are, on the artificial side,

sand that was patterned by other minds. On the human side, they are us.

The loom is the older image. A loom takes many threads, individually weak,

and binds them into a fabric stronger than the sum because each thread holds

the others in place. What is being assembled, in this decade, is a loom of

cognition. The threads are individual minds, biological and artificial. The fabric

The loom
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is what they produce together — the conversations, the products, the books,

the inferences, the new sciences, the new mistakes, the new institutions, the

new politics. The frame and shuttle are the wire and protocols of Part III. The

threads themselves are the machines of Parts I and II, plus us.

The fabric does not yet have a clear pattern. Nobody is in charge of the

pattern. There is no central designer; there are vendors and regulators and

engineers and users, all weaving in different directions, with different

interests, on the same loom. Whether what comes off the loom is something

we want to wear is a question that does not have an answer yet — only the

people now alive, and the choices they will make in the next decade, can give

it one.

It bears saying again, because some of the public discourse about AI keeps

suggesting otherwise: nothing in this book required the suspension of

physical law, the appearance of a new principle of nature, or the discovery of

a hidden faculty in matter. Sand, properly arranged, can compute.

Computation, properly extended, can imitate enough features of thought that

the imitation matters. Many such imitators, properly connected, produce

something whose behaviour deserves a serious name. None of those steps

are mysterious; all of them are very, very long chains of ordinary engineering,

executed by people for whom each link was the next obvious thing to build.

That ordinariness is, on reflection, the most impressive thing about it. We did

not need magic. We needed time and money and discipline and a great many

people who were good at their narrow task. The result, when those tasks

were stacked deeply enough, is the situation we are now in: a planet on

whose surface there are silicon arrangements that can answer questions, plan

actions, write code, draft contracts, debate, learn, change their minds. A

century ago this would have been called sorcery. Today it is a line item in a

quarterly budget.

Still not magic
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To call a spade a spade one last time: this book has not argued that AI is

good, that AI is bad, that superintelligence is imminent, or that it is impossible.

It has argued one thing only — that the chain by which sand becomes thought

is real, knowable, and made of ordinary parts, and that anyone who wants to

think clearly about the future has a right to see the chain whole.

The book has not said, because the book does not know, what the political

economy of widely available machine cognition will look like in 2035. It has

tried to be honest about which parts of the trajectory look stable and which

parts are open. The closing message, if there is one, is that the future is being

assembled by people whose individual decisions are mostly visible and mostly

comprehensible — and that the difference between a future that goes well

and one that goes badly is the quality of attention paid by those people, and

by the rest of us watching, while the assembly is still being done.

Forty-one chapters ago we started with a rock. We end with the same rock —

broken into pieces, purified, melted, doped, etched, packaged, racked,

networked, programmed, prompted, fine-tuned, deployed, queried, and now

answering, billions of times a day, in roughly the time it takes you to blink.

Take the longest view. For most of the planet's history the silicon was just

there, unbothered by anything. Then, briefly, in the last few decades of one

species' existence, it learned to be bothered — to switch, to compute, to

speak, to read its own outputs and act on them. It is now learning to

coordinate. We, the species that arranged the rock to be this way, have not

yet decided what we want it to do for us. We have plenty of time. We do not

have very much.

What the book is not saying

A last thought, on the wire
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One rock learned to think. It is now talking to itself. The book ends here, with

the substrate set and the conversation open. What is woven on it next is, in

the most literal sense, up to us.

FIGURE 42.1 The loom. Many machines, individually intelligent, weaving

on a shared substrate. The fabric is what they make

together — a planet beginning to think with itself.

The loom

Many threads · one substrate · a fabric still being woven.

the wire — protocols, tokens, calls

biological

artificial

42 chapters · 1 rock · ≈ 8 billion minds it now answers to
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Epilogue

After silicon
What comes next when the rocks have learned to think.

here is a moment, somewhere in the middle of every

great industrial chain, where the materials lose their

identity. Iron stops being iron and starts being a beam.

Glass stops being silica and starts being a bottle. Wheat

stops being wheat and starts being bread. Once the transition

has happened, you can never quite recover the rock you

started with.

Silicon's transition is the strangest of all. By the time it has finished its journey

— from quartzite at the mine, through the smelter and the Siemens reactor

and the Czochralski puller and the dicing saw and the EUV scanner and the

etcher and the implanter and the BEOL stack and the CoWoS package and the

Superchip module and the NVL72 rack and the SuperPOD building — it has

acquired something that no other material in any other supply chain acquires:

the ability to compute about itself.

You can ask the chip how it feels. You can ask it whether its memory is

healthy. You can ask it to explain its own architecture. You can ask it to write

you an essay about the journey from sand to superintelligence. It will answer.

It is worth pausing on this for a moment. Almost every other technological

lineage in human history has ended with an artifact that does something —

pumps water, prints text, broadcasts radio. This one ends with an artifact that,

given enough siblings and enough electricity, behaves as a substrate for
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thought. The geologic patience that put quartz in the mountains has been

turned, by enough successive miracles of precision engineering, into

something that can hold a conversation.

From a cool dark mountain in North Carolina, through 1,700°C

arc furnaces and 220,000°C plasma flashes, through

cleanrooms and cathedrals of mirrors, to a rack drawing 600

kilowatts in a building that quietly hums in Virginia — silicon

has had a longer journey than any of us, and it is finally where it

can answer back.

What it answers, of course, depends on what we ask.

That part, for now, is still up to us.
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Reference

Glossary
103 terms, A to Z.

A

A2A

Agent-to-Agent protocol — Google's open standard (2024) for letting one agent invoke another

over the network.

Agent

A model placed in a loop with tools, memory, and a goal — capable of multi-step action without

per-step human prompting.

ALU

Arithmetic Logic Unit. The part of a CPU that performs arithmetic and bitwise operations.

ASML

The Dutch company that builds the world's only EUV lithography machines.

Assembly

A human-readable form of machine code, with named registers and labels.

AST

Abstract Syntax Tree — a tree representation of a program's structure produced by a parser.

Attention

A neural-network operation that lets each token blend information from every other token via Q,

K, V matrices.

B

Band gap

The energy distance between a material's valence and conduction bands. Silicon's is 1.12 eV.

BF16
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Brain Floating Point 16 — a 16-bit float format with FP32's exponent range and reduced mantissa,

used in deep learning.

BIOS

Basic Input/Output System — the legacy firmware that boots a PC. Replaced by UEFI on modern

systems.

Bootloader

A small program (e.g. GRUB) that loads an operating-system kernel into memory and jumps to it.

Bytecode

A compact, platform-independent intermediate representation of a program, executed by a virtual

machine.

C

Cache line

The smallest unit a CPU cache moves between memory levels — typically 64 bytes.

Channel

The narrow conducting region under a MOSFET's gate, formed when the gate voltage is high

enough to invert the surface.

Clock

A regular signal that synchronizes all the flip-flops on a chip. Modern CPUs run at ~3-5 GHz.

CMOS

Complementary Metal-Oxide-Semiconductor — the dominant transistor technology, pairing n-

MOS and p-MOS for low static power.

Coalescing

On a GPU, the property of a memory access pattern that lets the hardware fold many threads'

reads into a single transaction.

Compiler

A program that translates source code into a lower-level language, typically machine code via an

IR.

Conduction band

The band of energy levels in a solid in which electrons are free to move and conduct current.

Context switch

The kernel operation of saving one process's state and loading another's. Costs a few

microseconds on modern hardware.

Context window

The maximum number of tokens a model can attend to at once. The price of one full window is

the unit cost of one 'thought'.

CoWoS
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Chip-on-Wafer-on-Substrate — TSMC's 2.5D packaging that mounts GPU dies and HBM stacks

on a silicon interposer.

CPU

Central Processing Unit. A general-purpose processor optimized for branchy, latency-sensitive

single-thread work.

CUDA

NVIDIA's parallel-programming model and runtime for GPUs.

Czochralski

The process of growing a single silicon crystal by dipping a seed into a melt and slowly pulling

upward.

D

Diode

A two-terminal semiconductor device that conducts in one direction only. Formed by a p-n

junction.

Doping

Deliberately adding impurity atoms (phosphorus, boron) to silicon to create n-type or p-type

regions.

DRAM

Dynamic Random Access Memory — the cheap, dense, off-chip memory that holds most of a

program's working set.

E

EDA

Electronic Design Automation — the software (Cadence, Synopsys) used to design integrated

circuits.

Embedding

Mapping a discrete token to a high-dimensional vector via a learned table lookup.

Embedding

A learned dense vector that represents a chunk of text (or other data) so that similar meanings sit

nearby in vector space.

Epitaxy

Growing a crystalline layer on top of a crystalline substrate, atom by atom.

EUV

Extreme Ultraviolet — light of wavelength ~13.5 nm used in the most advanced lithography.

Eval
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A scored test that measures how well a model performs a task. Modern eval suites (SWE-bench,

MMLU, GPQA) are how progress is tracked.

F

Fab

Semiconductor fabrication facility. The most expensive industrial buildings ever made.

Fetch–Decode–Execute

The fundamental instruction cycle: read an instruction, figure out what it does, do it, repeat.

Flip-flop

A bistable memory element that stores one bit and updates on a clock edge.

Flywheel

A self-reinforcing loop where deployment generates data, data improves the model, and the

better model attracts more deployment.

FP8 / FP16 / FP32

8-, 16-, and 32-bit floating-point formats. Modern AI training uses BF16 or FP8 to save memory

and bandwidth.

Function calling

A model's ability to emit a structured tool invocation (name + JSON arguments) instead of free

text.

G

Gate

(1) The control electrode of a transistor. (2) A logic primitive (AND, OR, NAND) built from

transistors.

GPU

Graphics Processing Unit. A throughput-oriented processor with thousands of simple ALUs and

tensor cores.

GRUB

GRand Unified Bootloader — the standard Linux bootloader.

H

HBM

High-Bandwidth Memory — stacked DRAM tightly coupled to a GPU through a silicon interposer.

Hole

A missing electron in a semiconductor's bonding lattice; behaves as a positive charge carrier.
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I

Inference

Running a trained model forward to produce outputs (e.g., next-token prediction).

Instruction set (ISA)

The contract between hardware and software: the menu of operations a CPU promises to

execute.

Interconnect

The miles of copper wiring stacked above the transistors on a chip.

Interposer

A silicon substrate with fine wiring that connects multiple dies in a 2.5D package.

K

Kernel

(1) The privileged core of an operating system. (2) A function dispatched to a GPU.

KV cache

In a transformer, the stored Key and Value tensors that let an  model avoid

recomputing past tokens.

L

L1 / L2 / L3

The three on-chip cache levels above main memory. L1 is fastest and smallest; L3 is largest and

slowest.

Latency budget

The total time an agent has to think and act before the user gives up. Each step in the loop

spends part of it.

Lithography

Also called photolithography. Patterning a chip by projecting an image of a circuit onto a

photoresist-coated wafer.

LLVM IR

An intermediate representation used by Clang, Rust, Swift, and many other compilers.

Logic gate

A circuit (AND, OR, NAND, NOR, XOR) that produces a Boolean output from Boolean inputs.

autoregressive
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M

Machine code

The actual bytes a CPU fetches and executes.

Matrix multiply (matmul)

The fundamental operation of neural networks. Tensor cores execute it as a hardware primitive.

MCP

Model Context Protocol — Anthropic's open standard (2024) for letting models talk to external

tools and data sources.

MLP

Multi-Layer Perceptron — a stack of linear layers and nonlinearities. The 'feed-forward' half of a

transformer block.

MMU

Memory Management Unit — the hardware that translates virtual addresses to physical via page

tables.

MOSFET

Metal-Oxide-Semiconductor Field-Effect Transistor — the dominant transistor in modern chips.

N

NAND

(1) A logic gate whose output is the negation of AND. (2) Functionally complete: any logic can be

built from NAND alone.

NVL72

NVIDIA's rack-scale system that connects 72 GPUs over a copper midplane.

NVLink

NVIDIA's high-bandwidth GPU-to-GPU interconnect.

O

Occupancy

The ratio of active warps to maximum warps on a GPU streaming multiprocessor. High occupancy

hides latency.

Operating system

The software that manages hardware resources and provides services (processes, files,

networking) to programs.
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P

p-n junction

The boundary between p-type and n-type silicon — the building block of every diode and

transistor.

Page fault

An exception raised by the MMU when a program accesses a virtual address whose physical

page isn't present.

Page table

A tree structure in memory that the MMU walks to translate virtual addresses to physical.

Pipeline

Overlapping the stages of multiple instructions so the CPU completes one per cycle even though

each takes several.

Polysilicon

Ultra-pure (9N) silicon produced by the Siemens process from trichlorosilane.

Process

An OS-level running program with its own address space and identity.

Program counter

The CPU register holding the address of the next instruction to fetch.

Q

Quartzite

A high-purity SiO₂ rock, the geological starting point of the silicon supply chain.

R

RAG

Retrieval-Augmented Generation — fetching relevant chunks from a vector store and injecting

them into the prompt before the model answers.

Register

A named storage slot inside a CPU, accessed in a single cycle.

Reset

The signal that forces all flip-flops on a chip to a known state when power comes up.

Routing

Choosing which model to send a request to based on price, latency, or capability. The new

commoditization layer above the model APIs.

Rubin
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NVIDIA's GPU architecture following Blackwell, comprising the Vera Rubin Superchip and the

Rubin Ultra rack.

S

Scheduler

The OS code that decides which process runs next on each CPU core.

Single Instruction, Multiple Threads — NVIDIA's GPU execution model. A refinement of SIMD.

Softmax

A function that turns a vector of real numbers into a probability distribution.

Swarm

A coordinated group of agents (planner, researchers, writers, critics) that share state and aim at

one outcome.

System call

A controlled trap from a user program into the OS kernel to request a privileged service.

T

Tensor core

A specialized GPU unit that performs a small matrix multiply-accumulate as a single instruction.

Threshold voltage

The gate voltage above which a MOSFET starts to conduct. Typically ~0.4-0.7 V.

TLB

Translation Look-aside Buffer — a small cache of recent virtual-to-physical translations.

Token

A subword unit of text used by language models. A typical model has ~100,000 tokens in its

vocabulary.

Token

The unit a language model reads and writes. Roughly three characters of English on average.

Tool use

A model's ability to invoke external functions, APIs, browsers, or code interpreters mid-

conversation.

Transformer

A neural-network architecture (Vaswani et al. 2017) built from stacked self-attention and MLP

blocks.

Transistor

SIMT
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The fundamental electronic switch. A modern GPU has ~80 billion of them.

TSMC

Taiwan Semiconductor Manufacturing Company — the world's leading contract chip fabricator.

U

UEFI

Unified Extensible Firmware Interface — the modern PC firmware standard, replacing legacy

BIOS.

V

Valence band

The band of energy levels in a solid in which electrons are bound to atoms.

Vector database

A datastore (FAISS, pgvector, Pinecone, Weaviate) optimized for nearest-neighbor search over

embeddings.

Virtual memory

An OS abstraction that gives every process its own private address space, translated by the

MMU.

W

Wafer

A thin disk of single-crystal silicon (typically 300 mm diameter) on which chips are fabricated.

Warp

A group of 32 GPU threads that execute the same instruction in lockstep. The atomic unit of GPU

work.

Weight

A learned numerical parameter inside a neural network.

Y

Yield

The fraction of dies on a wafer that pass test. The most-guarded number in the semiconductor

industry.

Μ

µop (micro-op)
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An internal sub-instruction a CPU's decoder produces from a machine-code instruction. Modern

x86 cores execute these out-of-order.
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