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[see profile in y 2026 Sunday
Times Magazine article]

 Near-total paralysis: Iocked in syndrome cerebral palsy,
advanced ALS, stroke, etc.

e Single switch: blink, button press, puff of air, etc.

 We provide: open-source software (“Nomon”) for
writing, gaming, web, drawing, GUIs with a single switch
* Language models for language prediction
* Bayes to infer target from switch input
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QCan iInclude text completions, menu options

®But must be in a grid (vs. gaming, web, drawing, etc.)

QI\/Iore time-efficient, especially it add text completions
®But annoying/slow (have to cycle through many options)

ég)Have to change focus quickly, continuously (taxing)

[https://www.theguardian.com/commentisfree/2014/aug/05/in-praise-of-dawn-faizey-webster]
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Sketch of Nomon for web browsing
5% s ince ) 9B

EPISODE 407

In the heart of the Caribbean, there is a little island called Anguilla. At its widest point, it's only about 16 miles
across. @ [READ MORE]

[https://99percen tinvisible.org/]
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QAutomated

@)Flexible: Can put the clocks anywhere on screen
(gaming, web browsing, social media, operating system,
drawing, etc.); does not need to be in a grid

@)Relaxed: can focus on a single clock per selection
QNon—invasive, inexpensive, usable right now (vs. BCI)

@)Efficient in words per minute: can incorporate language
modeling via (1) text completions and (2) clock priors

QLess “dead time” than row-column scanning
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e ¢: desired clock index; t: rth click time
p(clti:r) o ple)p(tirlc) = p(c) [T, p(t:|c)

ikelinoc o <— Mod
e |ikelilhood | Noon (0s) (0(.)135)
e |earned via a

damped kernel

density estimator
e new offsets after
each click

-1.0 -0.5 0.0 0.5 1.0
Time Relative to Noon (s)

 prior p(c): for writing application, from a language model
(both next-character & word probabilities)

* Also choose which word completions to display via LM

* Challenge isn’t (just) compute or modeling given fixed
data and parameters; it's how to apply Bayes & LM
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Why do we need user studies”?

e Evident that Nomon allows more use cases

than RCS

* But need to check for tradeoffs when both apply (ease
of use, words per minute, clicks per word)

* (Goal: avoid wasting time of
motor-impaired users
1. Study 13 non—motor-
impaired users as check
2. Study 7 motor-impaired

users (thanks to

charities SpecialEffect & Ace(Centre

The Ace Centre)

e Participant diagnoses: “‘complete” spinal cord injury,

advanced muscular dystrophy, cerebral pa
qguadriplegic, Ehlers—Danlos syndrome, spi
1o dystrophy, stroke/quadriplegic, cerebral pa

sy/
nal muscular

SY
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Both user studies: (a) writing, (b) choosing pictures
Most participants preterred Nomon over RCS
 Non—motor-impaired: 12 of 13, motor-impaired: 6 of 7
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Nomon: ab

it faster entry rate, buta b
One motor-impaired participant: “it tel

it more clicking

- faster”

e All but 1L

ser: fewer clicks spent co

recting with Nomon

e Dead time: much better with Nomon

Histogram of observed dead time (s)

5 7.5 ‘|O 12.5
Dead time (s)

emme theoretical mean dead time
- == theoretical worst-case dead time

e=ms Row scan mean dead time

- == Row scan worst-case dead time
s=s=s (Column scan mean dead time

== == Column scan worst-case dead time
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More directions for Bayes + Al

* In "SureClick” (original) Nomon, a user keeps clicking
until the interface is “sure” they wanted a particular clock
* Now we're working on “QuickClick”: one click per
character until the language model has a good guess
of the word. We have a working prototype (with LLMs).
* |n the pipeline: Simulations, real users, target users
* Open question: how to better use Bayes + LLMs
 Word completions vs longer completions
 Can we (efficiently & accurately) allow character
insertions and deletions?
o SureClick is truly single-switch. Right now QuickClick
needs two separate switches. Could it be one?
* Everything needs to work In real time
* Open: Improved user interfaces (w modern coding tools)
* + More (robust) capabilities: gaming, social media,
15 web browsing, using operating system, drawing, etc.
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 We compare 6 tools: 4 from US and Europe governments,
including CAMS (used by Google & Apple) + 1 ensemble
* Aurora: Al foundation model trained for weather forecasting

and fine-tuned for air pollution forecasting

San Francisco—Oakland, CA
NAQFC HRRR-Smoke GEOS-CF

CAMS Aurora HAQES
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o¥  See paper for analysis over

Forecasts - many places and times

» We think Al is a good fit, but still needs work (a role for stats)
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 Sometimes underappreciated: methods & %« 10° approximation
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of quality; they're (good or bad) estimates = o

* The standard holdout (and other methods g Our
like spatial blocking, covariate shift) can £ methoo
substantially misestimate performance in g o)
spatial settings 15,00 ossmezs ¢ —1-
» Our experiments: London flat prices S

(right), air temperature, wind speed, etc i Ho_l_dout
* Qur theory: existing methods can be arbitrarily wrong with

infinitely dense validation data
 We propose an alternative pertformance estimator

(tailored to spatial tasks)
* We show it performs well in experiments + theory (gets
14 the right answer given infinitely dense data)
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15 ¢ Using bootstrap conf intervals doesn’t remove sensitivity
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