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Artificial Intelligence
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1.2 Billion

117
Million

100 Trillion?

175 Billion



Step 1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used to
fine-tune GPT-3.5
with supervised
learning.
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Explain reinforcement
learning to a 6 year old.
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We give treats and
punishments to teach...
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Come over to the dark side...

GPT2: once my body had stopped shaking, she started
whispering. it was the best story i 'd ever heard. the woman
was beautiful.

GPT3: of the building and kill the guards in the center and
open the main entrance to the area. Afterwards, head over
and kill them. Return to the Temple and kill the Guardian in
a single hit.



Step 2

Collect comparison data and
train a reward model.

A prompt and I’}
several model o

Explain reinforcement
outputs are learning to a 6 year old.
sampled.

'n::::'f:;“r’::ﬂ Explain rowards
In gm We g 9}:& ard
learming... p{n‘:;'-:;:;r::s. tc
\ 7 o
A labeler ranks the
outputs from best
to worst. 0-60-0-0

This data is used
to train our
reward model.



Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.
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Write a story
about otters.
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Come over to the dark side...

"We have cookies."

, we have cookies and unmatched friendship.
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=. Microsoft | Official Microsoft Blog OurCompany v News and Stories v Press Tools v

Introducing Microsoft 365 Copilot — your copilot
for work

Mar 16, 2023 | Jared Spataro, Corporate Vice President, Modern Work & Business Applications
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o Create content with Copilot

draft a proposal from yesterday's @ meeting notes|
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Humans are hard-wired to dream, to create, to innovate. Each of us seeks to do work that gives us purpose —
to write a great novel, to make a discovery, to build strong communities, to care for the sick. The urge to
connect to the core of our work lives in all of us. But today, we spend too much time consumed by the
drudgery of work on tasks that zap our time, creativity and energy. To reconnect to the soul of our work, we
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Challenge #1
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Challenge #2

Image eEncrypber/Decrypber
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A firend who has deilysxa descerbid to me how she ercenpxiees rdeiang. She can raed, but it teaks a lot of
ctiteconaornn, and the letetrs semes to “jmup around”.

| rrbeeeemmd raindeg aobut toylgcemipya. Wloudn't it be pobsslie to do it ieatlvcetnriy on a wbitese with
Jarasvpict? Sure it wloud.

Feel Ikie mknaig a bkoolkarmet of this or shinomteg? Frok it on giuhtb.

Dsexylia is caehaezctrird by dculftifiy wtih lenanrig to raed fnleluty and with acrcaute
crnopeeisohmn dtsiepe nroaml itnnigliecee. This includes dlfctiufiy wtih paoighlocnol
awaresnes, poonolcghail dcnoeidg, pnescsriog seped, ohitrproghac cdiong, arotiudy
sohrt-trem meomry, language sillks/vaerbl cehoenirposmn, and/or rapid nnmaig.

Deplveaeomntl rieandg dderiosr (DRD) is the most cmomon lirnnaeg dislitbaiy.
Dlyseixa is the msot roeeizgncd of rndaieg ddrosiers, hvoewer not all redaing
drsioedrs are lkeind to dsyleixa.

Some see dxeilysa as dcnisitt from rnedaig ditufeliifcs rtinlseug form ohetr caseus,
scuh as a non-neoilacurgol dciceienfy wtih viiosn or hnaerig, or poor or iaudteagne
radeing intortcuisn. Trhee are there proepsod cgntivoie sypbteus of diexsyla
(airoutdy, vsaiul and ananteiottl), aglouhth iduanidvil caess of dxeislya are beettr
eialepnxd by siifcpec unnrdlyieg norcseocahgylioupl dfetciis and co-orucicrng
lainnerg debialtiiiss (e.g. ateiotntn-defciit/hicteratypviy driodesr, math dalbiiisty, etc.).
Ahgltuoh it is cnieosdred to be a ricetpeve laaggnue-bsaed Inarneig dslitbiaiy in the
resaecrh Itteuirare, disxylea also afeftcs one’s erpeivssxe Iggunaae skKills.
Rrheecearss at MIT fonud that poplee with dxsieyla eihxebtid iarmiepd voice-

rtecingooin aiibliets. http://geon.github.io/programming/2016/03/03/dsxyliea
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Dr. Per-Arne Andersen
E-Mail: per.andersen@uia.no

Mob: +47 905 31 506
Web: https://per-arne.no
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