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The Intent
Layer
Machines learned to understand us faster than we learned to reach
them. We think BCI is a few years from its ChatGPT moment. This is why,
what it will take, and what Setu is building.
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The first recording of electrical activity from a human brain, made by Hans Berger in 1924. Upper trace: the

brain. Lower trace: a 10 Hz timing signal. A century later this is still the signal. Image: Hans Berger, public

domain.
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THE SHORT VERSION · 2
MINUTES TL;DR

I The channel

Every computer still waits for a human body to
type, tap or speak. That wait is now the slowest

part of the system.

II The signals

Intent leaves physical traces from brain to muscle.
Laboratories have already decoded handwriting,

speech and images from them. EEG is the one
sensor everyone could wear.

III The distance

Decoding in a laboratory is not a product. The
body is a superb incumbent, so the first wins come

from silence, privacy and free hands, not from

speed.

IV The learning problem

Hardware sets the ceiling, data is the fuel, and the

winner is the system that learns each person
fastest. That is why we bet on EEG, on scale, and

on building the full stack.

Products

Algorithms

Data

Hardware

WHERE ATTENTION GOES

THE REAL LIMIT



V The source: data and alignment

Text, code and images are compressed products

of thought. Neural data is the source. AI labs need
it now, as training data and as a faster way to align

their models. Those are the first two wedges.

VI The road

BCI reaches the world through two things people

will actually wear: silent communication, and brain

wellness and recovery. Its ChatGPT moment is a
few years away.

VII Agency

None of this is worth building unless it can be
switched off. Off by default, on the device, never

for advertising, and the user always has the last
word.



S

PART I The last mechanical
step
Every computer, however capable, still waits for a

human body to do something a sensor can

register. That wait is now the slowest part of the

system.

omewhere tonight, a system that can draft a contract or re-plan a shipping route in

seconds is doing nothing at all. It is waiting for someone to finish typing.

In a hospital ward, a woman who has had a stroke knows exactly what she needs to tell

the nurse. The sentence is complete. It has no way out.

On a crowded train, a man has a message he would rather nobody overheard. He could

say it in two seconds. He thumbs it out in forty.

An idle machine, a silenced patient, a self-conscious commuter. In each case the

intelligence on either side is not the limit. The channel between them is.

Computing has an input problem, and it is older than computing.

FIGURE 01 SCHEMATIC

One instruction, four ways across

The same intent can reach a machine by different physical routes. Each route asks

something different of the body, and each stands on different evidence.

INTENT → “Move Thursday’s review to Friday” → MACHINE ACTION

Keys and touch

Mechanical input

Put it into words



How to read it. Line style encodes maturity: solid = deployed at scale, dashed = demonstrated in research and

early devices, dotted = demonstrated only under clinical or laboratory conditions. The moving pulse is

decorative and encodes no speed data. Sources: Parts II–III. Schematic by the author.

DEPLOYED EVERYWHERE
Hands and eyes occupied. Visible to anyone watching.

Voice

Expressive input

DEPLOYED WIDELY
Hands free. Audible to everyone nearby; needs a voice.

Silent articulation

Biosignal input · peripheral, not brain

RESEARCH, EARLY DEVICES
Private and quiet. Still a deliberate movement; accuracy is vocabulary-dependent.

Neural measurement

Neural input

CLINICAL TRIALS (IMPLANTS) WEARABLE FORM
Needs no working muscle. Best results today require surgery or a shielded room.

Move fingers

Device registers contact

Text arrives

Put it into words

Breath, larynx, mouth

Sound crosses the room

Speech recognised

Put it into words

Mouth the words, no sound

Muscle or motion sensor

Decoder proposes text

Attempt to speak or write

Cortical activity changes

Implant or scanner records

Decoder proposes text



A century of asking the body for less

The history of the interface is a history of who does the translating. With punched cards,

a person turned intent into holes, in advance, in the machine’s format. The command line

let them type that format live. Windows replaced syntax with pointing. Touch removed the

pointer. Voice removed the screen. Language models removed the last of the machine’s

grammar: you can now say what you want in your own words and be understood.

Step by step, translation moved from the human to the machine. Transmission did not

move at all. Every one of those interfaces still needs a hand that travels or a voice that

carries.

FIGURE 02 TIMELINE

What the human had to do

Each interface era cut the translation a person must perform. None, so far, has

removed the need for an observable physical act.

1890s

Punched cards

Encode the request as holes, ahead of time.

The machine’s format, the human’s labour.

VISIBLE ACT

1960s

Command line

Type exact syntax, live.

Dialogue begins, in the machine’s language.

VISIBLE ACT

1968–84

Mouse and windows

Point at a picture of the thing.

Recognition replaces recall.

VISIBLE ACT



Notes. Dates mark when each mode became widely demonstrated or adopted (tabulating cards for census

work, 1890; Engelbart’s mouse demonstration, 1968, and mass-market graphical interfaces, 1984; capacitive

multi-touch phones, 2007; mainstream phone voice assistants, 2011; public chat interfaces to large language

models, 2022). The final column is a proposal, not a product category.

2007

Multi-touch

Touch the thing itself.

The computer goes everywhere the hand goes.

VISIBLE ACT

2011

Voice assistants

Say a short command aloud.

Hands freed; privacy lost.

AUDIBLE ACT

2022

Language models and agents

Describe the goal in your own words.

The machine finally learns our language.

VISIBLE OR AUDIBLE ACT

Proposed

Biosignal and neural input

Intend it deliberately; the body barely moves, or does not.

Not shipped at scale. Evidence in Part II.

UNOBSERVED ACT · PROPOSED



Three objects that changed what a person had to do to be understood by a machine. Photographs via

Wikimedia Commons: Unknown author, public domain; The wub, CC BY-SA 4.0; The wub, CC BY-SA

4.0.

The expression ladder

Sort inputs by what they ask of the body and four rungs appear.

1. Mechanical. You act on an object: a key, a mouse, a pane of glass.

2. Expressive. You act as you would toward a person: speech, gesture, gaze.

3. Biosignal. A sensor picks up the body preparing an act, such as a muscle firing,

without the act being seen or heard.

4. Neural. An instrument measures the brain itself. This is a brain–computer interface, or

BCI.

Each rung asks less of the body and is harder to make reliable. Rung three is not rung

four. A sensor on the jaw reads muscle. It does not read mind.

Why climb? Because for some people the mechanical step is a wall: paralysis and stroke

can leave language intact and its exits closed. Because speech is a broadcast, and much

of what people want to tell a computer is not for the room. Because hands are often full.

And because once software can act for us, the instructions and corrections we give it

become the most valuable input in the system.

The ChatGPT moment for BCI

Not long ago, most researchers avoided the phrase “general intelligence” in print. It was a

taboo. It now appears in corporate mission statements, and the world was wrong.

1890 · PUNCHED CARD
1964 · THE FIRST MOUSE
(REPLICA)

1973 · WINDOWS AND A
POINTER

https://commons.wikimedia.org/wiki/File:Hollerith_Punched_Card.jpg
https://commons.wikimedia.org/wiki/File:Replica_of_prototype_Engelbart_mouse,_circa_1964,_Computer_History_Museum.jpg
https://commons.wikimedia.org/wiki/File:Xerox_Alto_I,_1973,_Computer_History_Museum.jpg
https://commons.wikimedia.org/wiki/File:Xerox_Alto_I,_1973,_Computer_History_Museum.jpg


It was wrong in a particular way. In 2017 a paper introduced the architecture every large

language model now uses, and almost nobody outside the field noticed. For five years the

capability compounded in plain sight. Then a text box put it in front of the public, and the

consensus about what machines could do collapsed in a season.

We think BCI today is where AI was in 2017.

Set the two histories side by side. In 2012 deep networks suddenly worked; in 2021 a

paralysed man typed from his motor cortex. In 2017 an architecture arrived that could

scale; today the first general models for brain data are being trained. In AI, the first large

models and the first interface anyone could use followed within five years.

We expect the same order here, at a similar pace. BCI is a few years from its ChatGPT

moment: the day a device with no surgery does something useful enough that millions of

people put it on. Most people are underestimating that day for the same reasons they

underestimated AI.



PART II What the body
already broadcasts
Intent leaves physical traces all the way from

cortex to air. The question is which trace you can

catch, and where you have to stand to catch it.

The cerebral cortex, drawn cell by cell from a stained section. Every method in this part listens, from a

different distance, to tissue like this. Image: Wellcome Collection, CC BY 4.0.

When you decide to say a word, neurons in the cortex change their firing. Currents flow.

Seconds later, blood supply shifts to feed the active tissue. Commands descend to the

muscles of the tongue, jaw and larynx. Tissue moves. Air vibrates. Each stage is a place

where an instrument can listen.

A BCI measures brain activity and translates it into commands for a device, giving the

brain an output that does not depend on muscle. 4 The term was coined in 1973. 5 This is

an old science with new tools.

Three rules make any result in this field easier to read. Reading is not writing: recording

the brain and putting information into it are different problems, and this essay is about

reading. Movement is easier than meaning: the strongest results decode attempted

https://commons.wikimedia.org/wiki/File:Cerebral_cortex_in_a_child._Wellcome_L0002048.jpg


handwriting and speech. And the verb matters: seeing, hearing, attempting and imagining

are different brain states, so always ask what the participant was doing.

Nine ways to listen

A scalp electrode stands to a neuron roughly as a weather satellite stands to a raindrop. It

cannot see the single event. It sees the organised behaviour of millions, blurred by the

skull. An implanted electrode is a rain gauge: exact, local, and somebody has to go

through bone to install it.

Satellites changed the world and rain gauges did not, for one reason. Satellites cover

everyone. EEG, the recording of electrical activity at the scalp, is the satellite of this field.

It is a century old, safe, light and cheap enough to build anywhere. That is why it is the

instrument this essay keeps returning to.

FIGURE 03 INTERACTIVE

Where each instrument listens

Seven methods record the brain from different depths; two record the periphery and

never touch neural tissue. Select a number to see what each does and does not

measure.

Brain signal, no surgery Brain signal, implanted Peripheral signal, not a brain recording



Schematic, not anatomical scale. Sensor positions are illustrative. The dotted outline around the head stands

for an fMRI scanner bore; the dashed arc for an MEG sensor helmet. Descriptions summarise standard

measurement physics; study citations are in Figure 4.
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1 · Scalp EEG BRAIN · NO SURGERY

MEASURES Voltage at the scalp from large populations of cortical neurons firing in

step. Millisecond timing.

DOES NOT Resolve small or deep sources. Skull and tissue smear the signal;

muscle and eye movement easily swamp it.

PRACTICAL Cheap, portable, decades of clinical use. Dry electrodes trade

convenience for signal quality. Hair, sweat and motion matter.



The instruments themselves. The first four involve no surgery; the last two are implanted. Images via

Wikimedia Commons: Chris Hope, CC BY 2.0; Alexarje, CC BY 4.0; National Institute of Mental Health,

public domain; Jan Ainali, CC BY 3.0; Blausen Medical (BruceBlaus), CC BY 3.0; Richard A. Normann,

patent drawing, public domain.

The evidence, verb by verb

Attempting to write. In 2021 a man paralysed from the neck down imagined writing letters

by hand while implanted arrays recorded his motor cortex. The system produced 90

characters a minute at 94.1% accuracy. 6

Attempting to speak. In 2023, two implant studies decoded attempted speech at 78 and

62 words a minute, with about one word in four wrong. 7 8 A year later a third held 97.5%

accuracy across eight months of daily conversation. 9

Attempting to move. People with paralysis have steered robotic arms, 20 felt touch written

back into the brain, 21 and walked again through a bridge between cortex and spinal

cord. 23 EEG alone has driven a robotic arm in continuous tracking. 22

Perceiving. From inside a scanner, models have recovered the gist of a story a person

was hearing, 11 rebuilt pictures they were looking at, 12 and adapted to a new person with

one hour of data. 13 With EEG and MEG, models can pick out which stretch of speech a

listener was hearing. 17 These pair a recording with a generative model. The signal

supplies the meaning; the model paints the detail.

EEG · SCALP ELECTRODES
FNIRS · LIGHT THROUGH THE
SCALP

MEG · INSIDE A SHIELDED
ROOM

MRI · THE SCANNER FMRI
USES

ECOG · GRID ON THE CORTEX
(ILLUSTRATION)

INTRACORTICAL ARRAY ·
PATENT DRAWING

https://commons.wikimedia.org/wiki/File:EEG_Recording_Cap.jpg
https://commons.wikimedia.org/wiki/File:Alexander_Refsum_Jensenius_with_fNIRS.jpg
https://commons.wikimedia.org/wiki/File:NIMH_MEG.jpg
https://commons.wikimedia.org/wiki/File:NIMH_MEG.jpg
https://commons.wikimedia.org/wiki/File:MRI-Philips.JPG
https://commons.wikimedia.org/wiki/File:Intracranial_electrode_grid_for_electrocorticography.png
https://commons.wikimedia.org/wiki/File:Utah_array_pat5215088.jpg
https://commons.wikimedia.org/wiki/File:Utah_array_pat5215088.jpg


Typing. With no surgery, sentences have been decoded from magnetic recordings of

people typing, at 39% word error. 16 The same task on EEG is harder today: two

characters in three were wrong. 15 We read that as the starting line. Every curve in Part IV

says EEG has the most to gain from data.

Mouthing. Away from the brain, silently mouthed words have been turned into speech

from facial muscle signals, 18 and a wrist sensor trained on thousands of people now

works on strangers with no calibration. 19

Thinking in words. In 2025, imagined sentences were decoded from four implanted

participants. The same study showed how to stop a device decoding inner speech the

user had not offered. 25

FIGURE 04 EVIDENCE

The evidence wall

Sixteen studies, each stated the same way: what was measured, what the person

was doing, what came out, and what the result does not show.

2012 · Nature PEER-REVIEWED

A robotic arm, steered from
motor cortex

Signal: intracortical array · Verb:

attempting to reach

3-D reach and grasp
Two people with long-standing tetraplegia;
one drank from a bottle unaided.

Did not show: speed or accuracy near

able-bodied movement; use outside

supervised sessions.

Details and source

2021 · Nature PEER-REVIEWED

Handwriting without a hand

Signal: intracortical arrays · Verb:

attempting to write

90 characters / min
94.1% raw accuracy online; >99% offline
with autocorrect.

Did not show: 90 words per minute;

more than one participant; multi-year

stability.

Details and source



2021 · Science PEER-REVIEWED

Touch, written back to the brain

Signal: intracortical recording +

stimulation · Verb: attempting to grasp

20.9 s → 10.2 s
Median task time with a robotic arm, without
and with evoked tactile sensation.

Did not show: rich or naturalistic

sensation; writing of language or

concepts.

Details and source

2023 · Nature PEER-REVIEWED

Speech, voice and a face from
the cortical surface

Signal: ECoG grid · Verb: attempting to

speak

Median 78 words / min
Median 25% word error rate; text, synthetic
voice and avatar.

Did not show: error rates low enough

for unassisted daily use; decoding of

unattempted thought.

Details and source

2023 · Nature PEER-REVIEWED

Large-vocabulary speech from
single neurons

Signal: intracortical arrays · Verb:

attempting to speak

62 words / min
23.8% word error on a 125,000-word

vocabulary; 9.1% on 50 words.

Did not show: conversational accuracy

(see 2024); results beyond one
participant.

Details and source

2024 · NEJM PEER-REVIEWED

A speech prosthesis used for
months

Signal: intracortical arrays · Verb:

attempting to speak

97.5% word accuracy
Sustained over 8.4 months; ~32 words /

min; 248+ hours of self-paced use; 30-
minute first calibration.

Did not show: generalisation across

patients; performance without ongoing

recalibration.

Details and source



2025 · Cell PEER-REVIEWED

Inner speech, and a lock for it

Signal: intracortical arrays · Verb:

imagining speech

Imagined sentences,
real time
Inner speech is represented in motor cortex;
some unprompted inner speech was

decodable; safeguards blocked it.

Did not show: decoding of arbitrary

private thought; anything outside
implanted motor cortex.

Details and source

2023 · Nat. Neurosci. PEER-REVIEWED

The gist of a story, from blood
flow

Signal: fMRI · Verb: listening (also

imagining, watching)

Meaning, not words
Generated word sequences that recover the
sense of heard speech.

Did not show: word-for-word

transcripts; decoding without the

person’s cooperation, which was

required to train and to apply the

decoder.

Details and source

2023 · NeurIPS PEER-REVIEWED

Rebuilding a viewed image
(MindEye)

Signal: 7-tesla fMRI · Verb: looking at

pictures

Retrieval and
reconstruction
Identifies the viewed image among similar

candidates; generates a resembling image
with a diffusion model.

Did not show: imagined or remembered

images; exact readout. The generator

supplies detail the recording lacks.

Details and source

2024 · ICML PEER-REVIEWED

A new brain with one hour of
data (MindEye2)

Signal: 7-tesla fMRI · Verb: looking at

pictures

~1 hour to adapt
After pretraining across 7 other people in
the same dataset.

Did not show: zero-calibration transfer;

transfer across scanners, tasks or to

portable sensors.

Details and source



2024 · NeurIPS PEER-REVIEWED

Short video from a scanner
(NeuroClips)

Signal: fMRI · Verb: watching video

Clips up to 6 s at 8 fps
Resembling the watched footage, via a
pretrained text-to-video model.

Did not show: a live feed, imagined

scenes, or frame-accurate recovery.

Details and source

2025 · arXiv PREPRINT

Typed sentences from outside
the skull (Brain2Qwerty)

Signal: MEG and EEG · Verb: typing

memorised sentences

32% vs 67% character
error
Average for MEG vs EEG. Best MEG

participants: 19%.

Did not show: free-form thought to text.

Participants were physically typing; EEG

got two characters in three wrong.

Details and source

2026 · arXiv PREPRINT

More data, fewer errors
(Brain2Qwerty v2)

Signal: MEG, real time · Verb: typing

natural sentences

39% word error rate
Average; improves log-linearly with data.
Best participant: half of sentences with at
most one wrong word.

Did not show: anything wearable (MEG

needs shielding); peer review is

pending; ~10 hours of recording per

person.

Details and source

2025 · arXiv PREPRINT

The same task on four machines

Signal: EEG, MEG, 3T and 7T fMRI · Verb:

looking at pictures

498 hours, 84 people
The most precise devices decode best. No
plateau with more data. Hours per person
matter more than more people.

Did not show: where any device’s

ceiling lies; anything about language or

intent.

Details and source



Reading rules. Numbers are quoted from each paper’s abstract in its own metric; they are not comparable

across cards. Preprints have not completed peer review. No stimulus or reconstruction images are reproduced

here because image rights rest with the original authors and datasets; follow the source links to see them,

including failure cases.

The laboratory has proved that the information exists. It has not
yet proved that it travels.

2020 · EMNLP PEER-REVIEWED

A voice for silently mouthed
words

Signal: facial surface EMG · Verb:

mouthing words silently

64% → 4% word error
Closed-vocabulary condition. Open
vocabulary: 88% → 68%.

Did not show: brain decoding of any

kind; usable open-vocabulary accuracy;

multi-speaker generalisation.

Details and source

2025 · Nature PEER-REVIEWED

A wristband that works on
strangers

Signal: wrist surface EMG · Verb:

gesturing and handwriting

20.9 words / min
Handwriting, with no per-user calibration;
+16% with personalisation.

Did not show: speech or brain

decoding. Requires functioning hand

muscles.

Details and source



PART III Decodable is not
wearable
The incumbent is not the keyboard. It is the

human body, which is fast, reliable, free and

already installed.

A new interface competes with the hand, the voice and the glance. They need no

charging, no calibration and no terms of service. The average person types about 50

words a minute 1 and speaks about 160. 8 Across seventeen languages, fast talkers and

slow ones converge on the same rate of information. 2 No language is the default, and an

interface tuned to one is unfinished.

Four gates

Between a signal and a product stand four tests, passed in order.

1. Information. Is the content physically present in what the sensor measures?

2. Reliability. Does decoding survive movement, sweat, hair, fatigue and a sensor that sits

two millimetres to the left of yesterday?

3. Utility. Do accuracy, delay, setup, comfort and price add up to something better than

the alternative at hand?

4. Agency. Can the person switch it on and off, see what was inferred, and reject it?

Part II was a tour of the first gate. Products are made or lost at the other three.



FIGURE 05 INTERACTIVE

The journey of a signal

Decoding is a chain, and the weakest link is usually the first. Degrade the signal and

watch what an honest decoder should do, then let a language model paper over the

gap.

Synthetic demonstration. All traces are generated in your browser from sine bursts and pseudo-random

noise. They are not recordings and the slider is not calibrated to any device or measured signal-to-noise ratio.

PATTERN THE BODY PRODUCED · ILLUSTRATIVE

WHAT THE SENSOR RECORDED

AFTER ARTIFACT REMOVAL AND FILTERING

DECODER OUTPUT

Move Thursday’s review to Friday

SUPPORTED BY SIGNAL

The cleaned trace still resembles the source. The decoder proposes one reading; the user

confirms.

01 Sensor and synchronisation

02 Artifact removal

03 Learned representation

04 Task decoder

05 Language prior

06 Uncertainty estimate

07 Personal calibration

08 Deliberate intent gate

09 Editable output and feedback



The three output states are scripted to illustrate a principle: when the signal no longer supports a reading, a

fluent sentence produced by the language model is supplied, not measured.

Two clocks

A software agent can read a thousand pages while you read this sentence. Then it stops

and asks a question, and the clock that matters changes. Its clock runs in milliseconds.

Yours runs in the time it takes to understand, decide, find words and get them out.

The pressure this creates is easy to predict. When the human turn is the slowest step,

there is a standing incentive to remove it. People are rarely pushed out of the loop by

decree. They are pushed out by impatience: the approval that becomes a rubber stamp,

the review that is skipped because the queue is long.

Whatever makes a human turn cheaper makes it likelier to survive.

Better prompts, better dashboards and more autonomous agents all work around the

bottleneck. Only an interface that picks up intent closer to its origin attacks it. Most of

what is proposed for keeping AI in check works by constraining the machine. BCI is one

of the very few levers that works the other way, by raising what the human can do.

FIGURE 06 INTERACTIVE

Two clocks, one task

An agent finishes its part quickly and waits. The human turn is four activities, and a

faster input channel shrinks only one of them.

Agent WORK WORK WORK

Human COMPREHEND DECIDE FORMULAT TRANSMIT COMPREHEND DECIDE OK

Agent working Comprehend the question Decide Formulate a reply Transmit it

Waiting



Illustrative proportions, not measurements. Segment widths are chosen to show structure and are not drawn

from data; real ratios vary enormously by task and person. The point is structural: comprehension and decision

remain when transmission shrinks. The one published throughput estimate cited in the text 3 is not plotted

because it does not decompose into these stages.

Different thresholds, different lives

For someone who communicates through an eye-tracker at a few words a minute, thirty

words a minute with errors changes what a day contains. The people in the trials above

accepted brain surgery for that chance. They are who this science exists for, and they are

owed finished technology, not prototypes.

For someone with working hands, thirty words a minute is a downgrade. A consumer

interface will not win on speed first. It will win on silence, privacy, free hands and access.

And the bar is a cliff, not a slope. Speech recognition that is right nineteen times in twenty

is a toy. Right nine hundred and ninety-nine times in a thousand, it is everywhere. A field

can look stalled for years and then tip.

With today’s channel, the agent is idle for most of the task. Transmission is a visible share

of the human turn, but not the largest.



FIGURE 07 INTERACTIVE

The same error rate, four verdicts

Pick a hypothetical decoder. Its value changes completely with who is using it and

what a mistake costs.

Author’s judgment, not data. The three error levels are hypothetical and are not claims about any device or

about “where the field is”. Verdicts are qualitative assessments that assume a workable correction mechanism;

they are offered to show that usefulness is a surface over need, burden and consequence, with no single

threshold.

HYPOTHETICAL: ABOUT 1 WORD IN 4 WRONG

Restoring communication
A person who cannot speak or type

Already meaningful

If the alternative is a few words a minute, an

imperfect fast channel with easy correction
is a large gain.

Silent everyday text
Anyone, in public or with hands busy

Not worth wearing

Fixing every fourth word costs more than

thumb-typing. Novelty fades in days.

Directing an agent or robot
Operator giving short commands

Only with a small command set

Works if the vocabulary is constrained and

each command is confirmed before it runs.

High-stakes control
Payments, vehicles, medical devices

Unacceptable

An error is an action. No amount of

convenience offsets it.



PART IV The interface is a
learning problem
Hardware is the foundation, data is the fuel, and

the system that wins is the one that learns each

person fastest. Only EEG can do all three at the

scale of a population.

Implants give the richest signals and every headline result for speech. Each one is also a

neurosurgical operation. Their reach is bounded by the number of surgeons and by how

much risk a person’s situation justifies. For severe paralysis that is clear. For everyone

else it is not, and it will not be for a long time.

A device without surgery can be redesigned in weeks, tested on thousands of people and

shipped without a hospital. So the real question is narrow, and experiments can answer it:

how much useful information can be captured from outside the skull, and how cheaply

can a model be adapted to a new person on a new day?



FIGURE 08 MAP

The unoccupied corner

Plot every sensing method by how wearable it is and how rich a signal it yields for

deliberate communication. One corner of the map is empty. We think EEG, trained at

scale, is what moves into it.

RICH + WEARABLE
NO SURGERY:

EMPTY

Practical wearability →

LAB-BOUND ALL-DAY
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Brain, no surgery Open surgery Catheter-delivered Peripheral, not brain

1 EEG. Wearable; richness limited by the skull. Robust for a few commands, weak for open

text so far.

2 fNIRS. Wearable; slow blood signal carries little per second.

3 MEG. Best non-invasive language results, inside a shielded room.

4 fMRI. Rich in space, slow in time, immobile.

5 ECoG. Goes everywhere once implanted; getting there is brain surgery.

6 Intracortical. Richest signal recorded; surgical, small coverage, durability open.

7 Endovascular. Less surgery, fewer channels, small command sets to date.

8 sEMG. Rich for deliberate movement only; needs working muscle. Not a brain signal.

9 Radar / motion. Contactless; early evidence; senses movement, not intent.



Ordinal positions, author’s judgment. Neither axis has units. Placement reflects the published demonstrations

in Figure 4 and standard measurement physics, not a measured benchmark; reasonable experts would move

several points. “Wearability” for implants describes daily use after surgery; marker shape carries the surgical

burden. Peripheral sensors are plotted for comparison and are a different kind of signal, not a point further

along the same road.

The ceiling is set at the sensor

Picture the field as four layers. Hardware at the bottom: what the sensor registers. Then

data: what has been recorded. Then algorithms. Then products. Attention and money pool

at the top, where the demonstrations live. The constraint runs the other way.

Information theory states the reason bluntly. No computation on a signal can add

information about its source. A decoder can waste what the sensor captured. It cannot

create what the sensor missed.

Hardware is the actual bottleneck, and product is what people are
focusing on. That mismatch is the state of the field.

FIGURE 09 INTERACTIVE

Four ceilings

Each layer limits the one above it. Information about what a person intended can be

lost on the way up and never gained. Select a layer.

↑ INFORMATION ABOUT INTENT CAN ONLY SHRINK



Conceptual. Layer widths are illustrative, not measured. The ordering rests on a theorem, the data-processing

inequality: no processing of a signal can increase the information it carries about its source. The hatched block

marks what a language prior contributes, which is plausibility rather than measurement.

Why EEG wins

One experiment ran the same task, working out which image a person is looking at, on

four kinds of machine: EEG, MEG and two strengths of fMRI. Eight datasets, 84 people,

498 hours. 34 Two results matter. Deep learning helped most on the noisiest sensor, which

is EEG. And no sensor showed a plateau as data grew.

Products

Algorithms
what gets extracted

Data
what has been observed

Hardware
what the sensor registers at all

+ Fluency from a
language model.
Looks like more.
Not more signal.

Hardware sets what exists

BOUNDS The information present in the recording. Everything above works with

this and nothing else.

CANNOT BE FIXED
BY

More data or a larger model.

EVIDENCE On one task across four devices, the more precise sensor decoded

better at matched data. 34



MEG has a cleaner view and needs a magnetically shielded room. 30 A technology that

cannot leave a special facility cannot learn from a million people. fNIRS is wearable, but it

measures a blood response that arrives seconds late, too slow for anything at the speed

of speech.

EEG is fast enough, cheap enough and safe enough to be worn by anyone, anywhere. Its

weakness is noise, and noise is exactly what modern learning is best at overcoming. At

equal data the precise instruments lead. But the data will never be equal. A sensor that

costs a thousand times less and goes home with the user gathers thousands of times

more, and the history of machine learning is the history of the scalable method beating

the elegant one.

Building EEG for scale changes the design. Portability comes first. Other sensors that do

not interfere are stacked beside it. Sensors and models are designed as a pair, so the

model’s results decide what the next sensor measures. Cameras and microphones sit on

the device, because context is what gives a recording its meaning.

A field without its ImageNet

Modern AI was built on collections nobody had to commission. The image dataset that

launched deep learning gathered millions of photographs already on the web. 59 A speech

recogniser released in 2022 learned from 680,000 hours of audio collected from the

internet. 42

Brain data cannot be scraped. Every hour needs a consenting person under a sensor. So

this field counts in hours where its neighbours count in lifetimes.

FIGURE 10 DATA

Hours, not lifetimes

The largest neural datasets behind published decoders are hundreds to thousands

of hours. A single speech model was trained on 680,000.

fMRI language decoder

Per person, 2023 11 ~16 h



Logarithmic scale: each gridline is ten times the last. Hours of recording used for training, as stated in each

paper’s abstract; the fMRI language figure is per participant and cited from the published record. Black = brain

recording without surgery, grey = implanted, light grey = audio. An hour of audio and an hour of brain

recording do not carry the same information; the comparison is of collection scale only.

Public datasets exist and matter. 29 57 58 They differ in sensor, layout, task and file format.

Pooled, they are a patchwork. The field grew up inside medicine, where the habit is a

small careful study and an algorithm built by hand for one patient.

There is also a trap. Hardware makers will not scale until there is demand for data. Data

collectors cannot gather volume until hardware is cheap. Model builders cannot justify

large training runs until the data exists. Each layer is sensibly waiting for the one beneath

it.

The way out is to build every layer at once, ahead of demand. That is the case for a full-

stack hardware company, and it is the company Setu is building. The one biosignal

system that already works on strangers came from exactly this kind of integrated effort. 19

It does not have to be a solitary one: shared formats and shared benchmarks make every

stack better.

Scale is the strategy

AI learned this the hard way, and one of its founders named it the bitter lesson: general

methods that scale with data and computation end up beating methods built on human

cleverness. 61 BCI does not need seventy years to learn the same thing.

MEG sentence decoder
Nine people × ~10 h, 2026 16

Multi-session spike model
Seven monkeys, 158 sessions, 2023 40

Brain-to-image scaling study
84 people, four devices, 2025 34

EEG foundation-model pretraining

About 20 pooled datasets, 2024 41

Speech recognition model

Audio gathered from the internet, 2022 42

1 h 10 100 1,000 10,000 100,000 1,000,000 h

~90 h

100+ h

498 h

~2,500 h

680,000 h



The measurements agree. Decoding improves steadily as recordings grow, for images 34

and for sentences. 16 Larger EEG models do not yet beat small ones, which tells us the

models are starved, not that they are wrong. 26 27 28 And more hours from one person help

more than more people do, 34 which is an argument for a device worn every day.

None of this requires understanding the brain first. Nobody fully knows how it computes.

The wager is that enough structure can be pulled from its signals without a complete

theory, as it was for language. Nor does it require new mathematics. The methods were

worked out once, for language models, and they carry over.

FIGURE 11 TABLE

The playbook, transplanted

Ten techniques that turned pretrained AI models into useful ones, each with its

counterpart in biosignal decoding, the state of the evidence, and what goes wrong.

IN AI COUNTERPART IN BIOSIGNAL DECODING THE CATCH

Self-

supervised

pretraining

Train on unlabelled recordings pooled

across people and sessions: masked-

signal models for EEG, multi-session

models of spiking. 41 40

In benchmarks, larger models

were not reliably better and

specialists stayed

competitive. 27

Supervised

fine-tuning

Train on a labelled task with known

ground truth: cued speech, typed

sentences, viewed images.

Labels need a ground truth. For

private mental states there is

none to check against.

Transfer

across people

A shared model plus a light alignment per

person; 13 a generic wrist-signal

model. 19

For image decoding, adding

people helped little; adding

hours per person helped. 34

Few-shot

personalisation

Minutes to an hour of a new person’s

data. 9 13
The burden lands on the user,

and returns if drift is

unmanaged.

Continual

learning

The decoder keeps updating during

ordinary use; one ran 403 days without a

retraining session. 35 9

Self-training on corrected

guesses can drift toward the

language model.



Each cited result holds under its own study’s conditions, named in the sources. The pairings and the catches

are our synthesis.

One row deserves a closer look. An implanted handwriting decoder stayed accurate for

403 days without stopping its user to recalibrate. A language model corrected its output,

and the corrections were fed back as training labels. 35 Others stay stable with no labels at

all, by re-aligning each day’s activity to the structure that persists beneath it. 36 37

There is a trap in it. A decoder trained on its own corrected guesses learns from the

language model as much as from the person. It can grow more fluent and less faithful at

once. The cure is to anchor learning to what the person explicitly confirmed.

Deliberate confirmation is not only a safeguard. It is the cleanest
training signal such a system will ever receive.

IN AI COUNTERPART IN BIOSIGNAL DECODING THE CATCH

Test-time

adaptation

Re-align each day’s activity to a stable

underlying structure, with no labels. 36 37
Assumes the structure is

stable. Unproven for signals

recorded through the skull.

Language prior

and search at

inference

A language model rescoring the

decoder’s candidates. 8 9
Adds fluency, not information.

Report results with and without

it.

Learning from

human

feedback

Corrections and confirmations as labels;

error-related brain responses as a reward

signal. 49

Implicit reactions are noisy and

are not consent. See Part V.

Co-adaptation No counterpart in language models: the

person’s brain adapts to the decoder

while it adapts to them. 38 39

Both sides are moving targets.

Stability has to be designed.

Distillation, on-

device

inference

A small personal model that runs locally. Wanted for privacy and delay;

little published evidence yet for

brain decoders.



How long before it knows you

One number says more about a system’s future than its headline accuracy: how much of a

person’s time it needed before it worked.

FIGURE 12 DATA

How long before it knows you

The personal data each published system needed before it worked for a given

person. The spread runs from nothing to dozens of hours.

Personal recording time, logarithmic scale. Figures are from each paper’s abstract except the fMRI language

decoder, cited from the published record. Tasks, sensors and accuracy differ completely between rows, so

this is not a ranking of systems; it shows only how widely the time demanded of a person varies. Outline =

peripheral muscle signal, grey = implanted, black = brain recording without surgery.

This is why continuous adaptation is the way to build, and why training a model once and

launching it is not enough. People differ. One person’s signals change from day to day. So

the architecture has two parts: a large general model that knows what brain signals are

like, and a small personal layer, fitted in minutes and updated continuously, that knows

what yours are like.

If every user is fitted individually, nobody is the default user. Not one language, one head

shape or one way of moving.

Wrist muscle-signal handwriting
Generic model, 2025 19

Implanted speech prosthesis
First day of use, 2024 9

fMRI image decoder, shared pretraining
2024 13

MEG sentence decoder
2026 16

fMRI language decoder
2023 11

fMRI image decoder, no shared pretraining
As described in 2024 13

1 minute log scale 40 hours

None

30 min

~1 h

~10 h

~16 h

Dozens of hours



FIGURE 13 INTERACTIVE

The stranger problem

Train a decoder on one person on one day, then ask it to work on someone else, or

on the same person next week. Choose a training cell and switch three remedies on

and off.

Schematic. Shading follows simple rules written by the author (same session > same person, later day > other

person; pretraining and calibration each lift a cell by one level, never above “usable” for strangers; continual

learning only helps the same person on later days). It is not fitted to any dataset. The cited studies show that

each effect exists somewhere; none has yet shown them combined for EEG.

Two learners

In one respect this is unlike the rest of machine learning. A language model’s training data

never learned anything back. Here the source of the data is a brain, and brains adapt. In

animals, neural activity reorganised around a decoder as it was used. 38 In people, months

of mutual training took two pilots with tetraplegia to an international competition for brain-

controlled devices, with learning measured on both sides. 39

The right picture is a musician and an instrument coming to fit each other. The system

must be stable enough for the person to learn it and adaptive enough to follow the person

as they change.

Works well

Usable with corrections

Unreliable

Near chance

Trained on person C, day 3. It works there, fades across the same person’s other days as

sensors shift and the brain drifts, and fails on everyone else.

Anchors in the literature: a per-person fMRI language decoder did not transfer to other people; 11

shared pretraining cut new-person fMRI data to about an hour; 13 an implant recalibrated in minutes; 9 a

wrist EMG model generalised with no calibration; 19 an implanted handwriting decoder recalibrated

itself for 403 days. 35 Each is a different signal and task.



Two loops

A device that is useful gets worn. Wearing produces data and, more valuable, outcomes:

this decode was accepted, that one was corrected. Those improve the model, which

shortens calibration, which makes the device useful to more people.

A second loop turns around the first. A product people keep wearing earns revenue.

Revenue and results attract capital and talent. Capital and talent buy better sensors and

more research. AI followed exactly this path. No field has scaled on grants alone.

FIGURE 14 MODEL

Two loops, one device

A device people choose to wear turns two wheels at once. The inner one makes the

technology better. The outer one pays for it.

CONSENT · SECURITY · INDEPENDENT EVALUATION

1 2

3

4

5

A

B

C

D

INNER LOOP · THE TECHNOLOGY

1 A useful application
Something narrow that people choose to use every day.

2 Consented data with outcomes
Many people, many days, with every confirmation and correction recorded.



Conceptual model. No quantities are implied. The dashed boundary is drawn around both loops on purpose:

the fuel is recordings of people’s nervous systems, and a loop that runs without consent runs on borrowed

trust.

3 Better models
General representations that tolerate new heads and new days.

4 Less calibration
Minutes instead of hours to learn a new person.

5 Wider use
More people for whom it is worth wearing, and more applications.

OUTER LOOP · THE MEANS

A A product people keep wearing
Retention is the first proof that the value is real.

B Revenue
Sales that do not depend on the next grant or the next round.

C Capital and talent
Results and revenue draw investors, engineers and scientists into the field.

D Better sensors and research
Manufacturing at volume, lower cost per device, and funded science, feeding the next

product.



PART V The source
Text, code, images, audio and video are

compressed products of human cognition. Neural

data is the closest anyone can get to the engine

that produced them. We think it becomes the next

modality of AI.

Several fields are colliding at once. AI has become an engine of creation. Earlier

technologies amplified human thinking and waited for it. This one increasingly does the

iterating itself: it writes the code, designs the experiment and proposes what to try next.

So far this essay has treated BCI as a way of giving machines instructions. That is the

smaller half. Neural data meets AI in three places: how models are trained, how people

talk to them, and how they are kept aligned with what people want.

Two of those are needed today, by customers who already exist. Laboratories need new

data, and they need a faster way to align their models. Neither has to wait for a consumer

product. They are the immediate wedges.

Five products and their source

Look at what AI has learned from. Text is compressed knowledge. Code is reasoning that

can be run and checked. Images are perception. Audio is speech and timing. Video is

motion. Every one is something a mind made, pressed into a format and stripped of nearly

everything that produced it.

An essay keeps the conclusion and throws away the hesitations. A program keeps the

logic and throws away the forty attempts before it worked. A photograph keeps the scene

and loses what the photographer noticed in it.



Neural data is to those five what the Sun is to every other source
of energy on Earth: the thing the rest are derived from.

FIGURE 15 INTERACTIVE

Five products, one source

Everything AI has learned from is a compressed product of human cognition. Neural

data is the one recording taken at the engine itself. Select each to see what it keeps

and what it loses.

The authors’ thesis, drawn. “Preserves” and “loses” are our characterisation. The dashed line marks the one

connection that is still being built.

The cognitive
engine

Text

Code

Images

Neural data

Audio

Video

Text

PRESERVES Conclusions, arguments and knowledge, in a deliberate, revised, error-
corrected code.

LOSES The process: hesitations, discarded alternatives, what was noticed on

the way.

AVAILABLE Effectively the public web.



What lives at the source and never reaches the page is what makes experts expert:

intuition, pattern recognition, the discomfort that says a result is wrong before you can

say why, the hunch that comes before the proof. Philosophers call it tacit knowledge. We

know more than we can tell. It cannot be scraped, because it was never written down.

The size of what is missing can be estimated. Behaviour leaves a person at roughly ten

bits a second. The senses take in something like a billion. 3 Most of that gap is noise. But a

person’s state of mind lives somewhere inside it, and behaviour never carries it out.

Today’s sensors capture a small fraction. We read that as the size of the opportunity. The

source is there. The instrument is what has to improve.

What the source contains

FIGURE 16 TABLE

What the source contains

Seven kinds of information in neural data that no finished text, image or recording of

behaviour carries directly. Five are already measurable.

SIGNAL WHAT HAS BEEN SHOWN SENSOR

Attention and

focus

Which of two simultaneous speakers a listener is

following, from about a minute of unaveraged signal. 50
Scalp EEG

Error detection A response within a fraction of a second of seeing a

mistake, detectable on single trials and already used to

teach a device. 48 49

Scalp EEG

Intent Intended movement decoded well enough to drive

cursors, robotic arms, handwriting and speech. 6 20
Implants; scalp

EEG at lower

dimension

Semantics The gist of heard language and the look of viewed

images; 11 12 semantic maps consistent across

people. 56

fMRI, MEG

Language and

syntax

Typed and attempted sentences decoded word by

word. 16 8
MEG; implants



Cited rows summarise those studies under their own conditions. The last two rows state where we expect the

field to go.

Notice which sensor does the reading. Attention and error detection are read with EEG

today, and so are the rhythms of sleep. 50 48 51 Meaning is laid out across the cortex in

patterns consistent enough between people to draw an atlas. 56

Three properties make this data unusually valuable. It is raw: nobody has decided in

advance what mattered, so the model can. It is synchronised: a recording time-locked to

what the person saw, did and corrected labels every moment of a task for free. And it is

personal: each user gets a small model that maps their brain into the same shared space

that language and vision models already use.

Brains have already taught models

Artificial neural networks began as abstractions of biological ones. AI then scaled far past

its source. The flow is now running back.

Language models trained only to predict the next word turn out to predict human brain

responses to sentences, and the better the model, the closer the match. 44 45 Two different

systems, set the same problem, converged. And when brain data is put into training,

models improve. Image classifiers nudged toward the organisation of a mouse’s visual

cortex became more robust. 46 Speech models tuned on brain recordings of people

listening to stories became better at meaning. 47

SIGNAL WHAT HAS BEEN SHOWN SENSOR

Preference and

judgment

Value and affect signals reported in controlled studies.

Making them robust for one person across days is the

engineering frontier.

Scalp EEG and

others

Reasoning The path to a conclusion: intuition, pattern recognition,

discomfort, the hunch. Not yet recorded in recoverable

form. We expect synchronised data at scale to change

that.

To be built



Those gains came from a few animals and a few listeners. Nobody has run the experiment

at scale. That is the experiment worth running.

The first wedge: data for AI labs

The old fuel is running out. On current trends, models will have consumed essentially all

public human text by around 2028. 43 The frontier laboratories know it, which is why they

now pay for data they once scraped for nothing.

Every new kind of data they added bought a new capability. Code brought reasoning that

can be checked. Images brought perception. Audio and video brought speech and

motion. The next kind has to come from somewhere, and neural data is the one modality

nobody has. It cannot be scraped and it cannot be synthesised. Someone has to build the

sensors and gather it.

Our working estimate: at about $300 per recorded hour, ten million hours of neural

recording costs roughly three billion dollars. That is less than one large GPU cluster, in an

industry planning to spend hundreds of billions on compute. And the data does not need

to be perfect. At the valuations frontier models now command, a corpus that improved

reasoning or alignment by one percent would repay itself many times over.

That is why this wedge is immediate. A hardware company normally has to wait for

millions of consumers before its data is worth anything. Here the buyer exists today, and

has deeper pockets than any consumer market. A laboratory can fund the corpus before

the consumer product is finished. Better interfaces will produce better models, and better

models will fund better interfaces.

That corpus cannot be recorded in hospitals. It can only come from an inexpensive device

worn by very large numbers of consenting people. In practice that means EEG.

We expect a frontier laboratory to name neural data in the training of a flagship model

within a few years.



The lossy postcard

A prompt is a postcard from a rich internal state. It leaves out the tone you wanted, the

constraint you forgot to mention, the thing the last draft got wrong. Models fail on that

compression at least as often as they fail on intelligence.

A BCI widens the channel twice. It lets intent out with less effort. And it lets context in

without being asked for: what you are attending to, whether you are lost, when you have

noticed a mistake. In time, prompting becomes something that happens continuously in

the background.

The same channel speeds the making of AI. Labelling data is a person looking at

examples and clicking. A reader whose recognition and doubt can be sensed directly

could judge a stream of examples many times faster.

The second wedge: alignment

The biggest point may be this one.

AI systems are shaped after training by human judgment: raters comparing answers,

users pressing approve or try again. This is how models are aligned with what people

want, and a human can judge only so many answers in an hour. Feedback is the scarcest

ingredient in making models behave well, and every laboratory needs more of it, for every

model, now.

Consider the error signal: an EEG response that says that was wrong within a few hundred

milliseconds, without the person lifting a finger. It has already been used as a teacher. A

device tries actions, the person only watches, and the error responses steer the device

toward the goal. 49

Extend that from a robot to a model and neural signals become an alignment technique: a

literal, better RLHF. A click carries one bit, yes or no, after the fact. A reaction carries

when the doubt began, which sentence caused it and how strong it was, as it happens.

The human stops being the bottleneck in the loop and becomes its richest signal.

This needs no consumer product either. A laboratory can put the sensor on its own raters

tomorrow. The first users of an alignment interface are the people already paid to judge



models, which is what makes this the second immediate wedge.

It has one requirement. A reaction is not a decision. Systems trained on clicks learned to

capture attention, and nobody should repeat that with a deeper probe. Reactions may

inform a system. Only decisions should authorise it.

From watching the machine to joining it

There are two ways to keep advanced AI in line with human interests. The first works from

outside: rules, evaluation, governance. It is indispensable now, and it weakens as

machines outpace the people watching them. The second works from inside, by coupling

human intent to the system closely enough that steering does not have to be imposed

afterward. BCI belongs to the second, and almost nothing else does.

It contributes in three ways. A field that decodes the brain at scale produces the best

available map of how values are held in a mind, which is guidance for building systems

meant to share them. A richer channel shows what a click cannot: whether the person

understood the plan, or was merely soothed. And over a longer horizon, AI becomes less

a separate agent to be watched and more an extension of a person’s own thinking.

One question hangs over all of it: aligned to whom? A system tuned to the minds of one

company or one state would be a triumph of engineering and a failure of everything else.

The signal has to come from many people, over long periods, and keep changing as

people do.

A graph, and how graphs get solved

The brain is a graph, and the task is to make meaning out of it. The complete brain of a

fruit fly has been mapped: 139,255 neurons and fifty million synapses. 55 A human brain

has about 86 billion neurons. 60 Nobody will trace that by hand.



Every neuron in a fruit fly’s central nervous system, positioned from an electron-microscope

reconstruction. A human brain has hundreds of thousands of times as many. Image: Jason Alan Snyder;

data: the MaleCNS team, CC BY 4.0.

Nobody traced the internet by hand either. The web is the largest graph humans ever

built, and its meaning was extracted by statistics at scale, by models fed enough of it.

That is how a graph too large to read gets solved, and it is the template for the brain.

Why now

Because everything that was missing has arrived inside the same few years.

https://commons.wikimedia.org/wiki/File:MaleCNS_v1.0_Drosophila_male_central_nervous_system,_neuron_positions_in_three_views.png
https://commons.wikimedia.org/wiki/File:MaleCNS_v1.0_Drosophila_male_central_nervous_system,_neuron_positions_in_three_views.png


FIGURE 17 TIMELINE

Four clocks striking together

The milestones this essay relies on, by year. Models, decoding results, wearable

sensing and governance each matured separately. Most of the dots fall after 2020.

A selected record, not a census. Each dot is a milestone cited in this essay, placed at its publication year; the

three earliest machine-learning milestones are common knowledge and uncited. Because the essay

concentrates on recent work, some of the clustering reflects that choice. The figure shows coincidence in time

and makes no claim about what comes next.

The models exist. The proofs exist. EEG hardware has become cheap, and a decoder fits

in a pocket. The demand exists, because capable agents have raised the value of every

instruction a person gives. And the old data is nearly spent.

That is a window, and it has two edges. The groups that build the sensors and gather the

first large, consented datasets will set the direction of the field. And the terms on which

people and machines relate are being set now, on a schedule of months. An interface that

THE WINDOW

2012 2014 2016 2018 2020 2022 2024 2026

Machine learning

2012 deep networks win at image recognition ·

2017 the transformer · 2020 self-supervised

speech models · 2022 a 680,000-hour speech

model 42 and public chat interfaces

Decoding results

2012 robotic arm 20 · 2021 handwriting, speech,

touch 6 10 21 · 2023 fast speech, fMRI language

and images, walking 7 8 11 23 · 2024 sustained

accuracy, one-hour adaptation 9 13 · 2025 inner

speech, typing, scaling 25 15 34 · 2026 MEG

sentences 16

Sensors and periphery

2018 wearable magnetic sensors 30 · 2020 silent

speech from muscle 18 · 2023 catheter-delivered

electrodes 24 · 2025 a wristband that works on

strangers 19

Governance

2017 ethical priorities set out 31 · 2021 first

constitutional protection 33 · 2025 first global

standard 32



arrives after those terms harden arrives too late to shape them. Surgery cannot scale

inside that interval. EEG can.



PART VI The road from here
BCI reaches the world through the first product

millions of people choose to wear. This is the

order we expect, and what Setu is building.

Where it shows up first

Applications will arrive in order of how much signal each one needs. Each rung is a step

up in signal quality, and each unlocks a product that was impossible on the rung below.

FIGURE 18 SEQUENCE

Seven steps up, and two beyond

The order in which we expect non-invasive interfaces to become useful, from the

least signal required to the most, with what already exists at each step.

1 Emotional and psychological

biomarkers
Coarse state is what today’s wearables

already measure. Sleep and stress

come first; controlled evidence for

therapy is still maturing. 54

2 Attention and focus tracking
The attended speaker can already be

read from a minute of scalp EEG. 50

3 Subvocal text
Muscle signals decoded into text

across people with no calibration. 19

4 Silent speech
Mouthed words turned into audible

speech from facial muscle signals. 18

5 Visual reconstruction of images
Shown in scanners, 12 14 with scaling

measured down to EEG. 34

6 Multimodal decoding
Several signals and context fused into

one estimate of intent.



A proposed sequence. The ordering is the authors’ expectation. The note under each step cites published

work under its own conditions, which in several cases means a laboratory, a scanner or an implant and not yet

a wearable.

A second ladder runs beside the first. It measures how much a new person must give

before the device works for them. Today that is hours in a laboratory. Below it: a decoder

that survives from one day to the next, a model pretrained across many people,

adaptation from a few seconds of use, and finally nothing at all. A consumer will not train

a device for an afternoon. They will put it in a drawer.

The wedge

Part V named the customers who need this now: laboratories buying data and

laboratories aligning models. They fund the beginning. Reaching everyone takes a

product people choose to wear.

People do not buy scaling laws. They buy something that solves a problem or feels like

magic. We think two products get the first ten million devices onto ten million heads.

Communication. Silent, private, hands-free exchange with machines and, through them,

with each other. It is the nearest thing to telepathy that engineering can honestly offer. It

does not need to beat a keyboard. It needs to work where a keyboard and a voice cannot:

on a train, in a meeting, with hands full, wearing glasses that have no keyboard at all. An

AI assistant that acts for you all day is of little use if you can only address it aloud in an

empty room.

Brain wellness and recovery. People already wear rings and bands that score how the

body recovered overnight. The brain is the missing reading, and it is an EEG reading. EEG

7 Continuous transcription
Sentences from MEG during typing; 16

inner speech from implants. 25 The

summit of the climb.

8 Replay of remembered scenes
Beyond the seven: an imagined or

remembered scene with its sound and

motion.

9 A two-way channel
Reading and writing together, where

“what I thought” and “what we worked

out” become hard to separate.



has its strongest clinical evidence here. When a stroke survivor’s attempt to move a

paralysed arm is detected in their EEG and answered at once with stimulation of the

muscle, the brain rewires: patients recovered more function than with sham treatment and

kept it six to twelve months later. 52 53 People will wear something that helps them sleep,

focus and recover long before they wear something that types.

What makes someone wear either one every day is everything around the decoder: a

form that disappears into glasses, earbuds or a band, no calibration ritual, a battery that

lasts the day, a price nearer to headphones than to a medical device, and a benefit felt in

the first week.

What Setu is building

Setu exists to redefine how people and machines communicate, without surgery. We build

the full stack, from sensor to model to product.

Our destination is EEG: a brain interface cheap and comfortable enough for anyone to

wear. We start one rung below it on purpose. Silent speech, read from the muscles and

fine movements of the face and throat, is where the signal is already strong enough to

make something people can use today, and assistive communication is the first place it

changes a life.

We are plain about the difference. A muscle sensor is not a brain sensor, and success at

one does not prove the other. What carries across is everything else: wearable

engineering, interaction design, models that keep learning each user, and people who

trust the maker. The first product pays for the climb and teaches us how to build

something a person will keep on.

Beyond reading

This essay has stayed in one corner of a large map: interfaces, without surgery, that read.

That corner is where scale begins. The capital, talent and methods it produces flow into

the rest of neurotechnology.



Writing. Reading exploits a leak: brain activity casts faint shadows through the skull.

There is no such leak in reverse. Placing a precise pattern into chosen neurons from

outside the head is far harder. Coarse forms are already in clinical use, and we expect the

rest to accelerate as reading draws people into the field.

Implants. The highest fidelity will always be inside the skull. It will also arrive at scale last.

What EEG builds, the implant makers inherit.

Cognition. A perfect interface still leaves a biological brain thinking at biological speed.

Augmenting the brain itself, or emulating one in a computer, is the far horizon that

addresses that.

Three things worth building

Brain-aware environments

Software that is no longer blind to the person using it: an assistant that answers briefly

when you are tired and at length when you are confused, a lesson that changes course

the moment attention drifts.

The inner space stack

Tools for a person’s own mind: meditation that measures depth instead of minutes, sleep

that is shaped as well as tracked, mental-health support that responds to what is

happening now.

The creative engine

Holding an image, a melody or a structure in mind and watching a first draft appear. The

machine supplies the range. The person supplies the taste.

And, eventually, communication between minds. A link from one brain to another is two

interfaces back to back: one that reads and one that writes. It will arrive through

machines first, with each person’s interface translating into and out of language.



The decade ahead

Deep changes arrive the way water freezes: a long, invisible fall in temperature, then

slush, then ground you can stand on.

Quiet. In the next few years, the first general models for brain data become usable

outside the laboratories that made them. The first devices a healthy adult would choose

to keep on begin to ship. Engineers who spent a decade on language models start moving

to the interface.

Loud. Around the turn of the decade, BCI has its ChatGPT moment. One device passes

ten million regular users. Silent input starts to displace voice and thumbs. The hardware

disappears into glasses, earbuds and headbands. Mental privacy becomes an ordinary

political argument.

Ordinary. In the 2030s the technology stops needing explanation. Robots take direction

through the same channel as software. Writing to the brain becomes practical for the first

time, and with it come the hardest questions in this essay.

One morning from that third period. Ines coordinates a hospital ward. On her way in she

reviews the night’s handover on her glasses, and each time something looks wrong to her,

the item is flagged before she has decided to flag it. She composes three messages

without speaking, reads each one back, and sends two. At the ward she asks the logistics

agent, silently, to move a delivery. It tells her what that will delay, and waits. She thinks:

no, leave it. It leaves it. None of this feels remarkable to her. It feels like having her hands

back.



PART VII A layer you can
switch off
The measure of this technology is not how much

of a person becomes legible. It is how much a

person can do, and decline to do.

For as long as there have been people, the inside of the skull has been the one room

nobody else could enter. A technology that reads from it has to earn the right to exist.

The near versions do not require reading a mind. They require a system that can tell a

deliberate act from everything else a nervous system does, and that treats the difference

as sacred. That system is the intent layer: sensing, interpretation and learning, behind a

gate only the user can open.

FIGURE 19 STORYBOARD

An interface that asks first

Six frames of a concept interaction. Nothing is sensed until the user opens the gate,

nothing is sent until they have seen it, and everything can be taken back.

Nothing is being recorded.

Hold to begin

1. Off by default

The sensor is idle until a deliberate, physical opt-

in. Its state is always visible to the wearer and to

people nearby.

Listening for a deliberate attempt…

Stop

2. A deliberate signal

The user makes a specific, intended act: mouthing

words, or attempting to speak. Idle activity is

ignored and never stored.

SENSING OFF SENSING
ON 



Concept storyboard. This is a design principle drawn as an interface, not a depiction of a working product or

of any measured performance. The gate in frame 1 has laboratory precedent: implanted speech decoders have

been shown to withhold inner speech unless the user deliberately unlocks decoding. 25

Who holds the interface

BCI began as a clinical technology. It is becoming a productivity technology. It will

become a data technology once neural recordings count as training material, and then the

ordinary channel between people and machine intelligence. Its strategic weight rises at

each step.

States have noticed. One major power names BCI among its strategic future industries.

Another leads in startups and frontier AI. A third is writing the rules for mental privacy that

others will have to meet. Defence agencies have funded the field for decades. The AI

decade was a contest over chips. The next will include the sensors that record the

nervous system, and the question of who may collect, model and act on what they record.

Move Thursday’s review to Friday

review preview Edit

3. Editable text, honest about doubt

The decode appears as a draft. Uncertain words

are marked and alternatives offered. A wrong
guess costs one tap.

Reschedule 1 meeting, notify 4
people?

Confirm Cancel

4. Confirmation scaled to consequence

A note to yourself needs none. An action that

touches other people or money states its effects
and waits.

Review moved to Friday, 10:00.

Undo

5. Action, then silence

The agent acts and sensing switches itself off. The

raw signal is discarded on the device.

Today · 1 command · 0 recordings kept

Undo last Delete all

6. Undo, and a record you own

Every action is reversible where the world allows.

The user can see what was inferred, and erase it.

DRAFT NOT SENT CONFIRM WAITING

DONE SENSING OFF HISTORY OFF



We do not think this should be a technology a few countries own. The people with most to

gain from a cheap interface live everywhere and speak every language. Open standards

and devices priced for ordinary incomes are how it reaches them.

What can go wrong

A recording says more later than it does now. A trace that shows only drowsiness to

this year’s models may show mood or health to the models of five years on. Consent

given today covers inferences nobody can yet list.

Manipulation. A system that can sense a reaction can learn to produce one.

Drift of the self. Did I choose that, or was I completed?

Intrusion. Everything connected can be attacked, and this is the most intimate attack

surface ever shipped.

Surveillance. Monitoring attention at work or school, profiling dissent, interrogation.

Someone will propose each.

Inequality. An interface to machine intelligence owned by a few and priced for a few.

The state of practice is not reassuring. A review of thirty consumer neurotechnology

companies found that nearly all reserved broad rights over the neural data they collect. 62

How this goes right

Good outcomes have to be designed, and the strongest safeguards are technical before

they are legal. A law can be repealed. An architecture has to be rebuilt.

Process on the device. Send intent, not waveforms.

Keep neural data away from advertising. Always.

Make consent expire. Next year’s models will read what this year’s cannot.

Give neural data its own legal category. No resale, no hidden inference, no access for

employers or insurers.

Hold writing to a higher bar than reading.



Agree the red lines early. No neural interrogation, no compulsory monitoring, no covert

stimulation.

The work has started. Neuroscientists set out the case for mental privacy in 2017. 31 One

country has written protection of brain activity into its constitution. 33 In November 2025

the member states of UNESCO adopted the first global standard. 32 For once, rules may

arrive before the scandal.

There is a failure on the other side too. Regulate the field to a standstill and the result is

not safety. It is a frozen technology in the years it matters most.

What Setu holds itself to. Sensing is off unless the user turns it on. Raw signal stays on

the device wherever the engineering allows. We decode what was deliberately offered

and nothing else. Every output can be seen, corrected and undone before it acts. Neural

data will not be used for advertising. Nobody should have to wear our product as a

condition of a job or a classroom.

The case against us

OBJECTION

The keyboard has survived fifty years of predictions. Hands and voices are

superb.

They are, and they did not evolve to direct machines a thousand times faster than

they can type. BCI starts where hands and voice fail and grows from there.

OBJECTION

These results come from single patients in heroic laboratory conditions.

Correct. One participant is an existence proof. It shows the information is there.

Turning it into something a stranger can wear is the rest of this essay.

OBJECTION

The skull is a filter. No dataset repairs physics.

The skull sets a ceiling somewhere. Nobody has found it. Every EEG curve measured

so far is still rising. Speech recognition was not forbidden by physics either. It

needed a hundred thousand hours.



OBJECTION

Effort spent outside the skull is taken from implants, which have the higher ceiling.

For many years only a device without surgery can reach millions. The methods, the

manufacturing skill and the people it produces carry across.

OBJECTION

The brain is not the internet. There is no objective as clean as predicting the next

word.

The objective is prediction across signal and context: given a recording and what the

person saw, heard and did, predict the missing part. AI has scaled on messier

objectives.

OBJECTION

Consumer EEG headsets have been tried. The category is a graveyard.

The earlier wave built products before there was a stack beneath them: no general

models, no buyer for the data, no agents that made a new input valuable. Most

technologies fail until the missing pieces exist.

OBJECTION

It is too private ever to be collected at scale.

That is why the safeguards have to be in the first device. A version that treats neural

data the way advertising treats browsing history deserves to fail.

OBJECTION

The channel could strengthen the machine more than the person.

It could. Nothing about the technology favours the human automatically. That has to

be designed.

What would prove us wrong

Our case rests on three assumptions. EEG carries enough information. Decoding keeps

improving as data grows to a hundred thousand hours and to a million. And models

trained across enough people cut each new person’s calibration from hours to minutes.



Anyone is free to disagree, and the disagreement is testable. If any of the three fails, the

strong version of this thesis is wrong. We do not expect that.

The condition

The cheaper and more widely worn a sensor becomes, the more people it helps and the

more intimate data exists in the world. Wider access and deeper exposure arrive together.

Good design decides that tension in the user’s favour, every time, by default.

Beneath the policy sits a choice no regulator can make for us: what we want to keep

about being human. Agency. Authorship. The privacy of an inner life.

This future will not be good by default. It has to be built on purpose, and not by some later

generation. If you build, fund, regulate or simply care how people will live beside

intelligent machines, find where you can push. We would like to hear from you.

If it is built, it will be judged by two silences. The first is the one it ends: the silence of a

person who has something to say and no way to say it. The second is the one it must

keep: the silence of everything a person chose not to say.

An interface that ends the first and guards the second would be a
new layer of computing. One that ended both would be something
else, and we will not build it.
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