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Rethinking context in 
light of the LLM 
revolution



AI in 2023 ≅ LLMs ≅ 
Transformers ≅ ChatGPT 
et al.



Two 
perspectives 
on AI Tool Subject of 

study



Linguistics 
and AI

Tool
Language tutor
Reflection of 
language data 
beyond corpus

Subject

New language speaker 
with certain properties
Challenge to the very 
foundations of 
linguistics



Opportunity and 
challenge in one



What do you think AI might be best at?

Looking up facts

Performing complex calculations

Writing computer code based on text

Making complex decisions from data

Writing poetry

Making beautiful art



Comparison with a recent talk



Nobody expected AI to be any good at this



Or this



We thought AI could do this



But it is also unexpectedly good at this



Hofstadter, 1979: Questions

Question: 
Will a thinking computer be able 
to add fast? 



Hofstadter, 1979, Speculations

Speculation: 
Perhaps not. We ourselves are 
composed of hardware which 
does fancy calculations but that 
doesn't mean that our symbol 
level, where "we" are, knows 
how to carry out the same fancy 
calculations.



Talmy (2014)

Different aspects of language 
have different degrees of 
accessibility to 
consciousness and, when in 
consciousness, have different 
degrees of salience, from 
backgrounded to 
foregrounded.



The challenge of 
LLMs has a long 
history



1966



A. V. Isačenko, Foném a jeho signálový korelát, SaS, 1966

Pro dnešní stav jazykovědy je 
nanejvýš důležitá odpověď na 
tuto otázku: Proč se dosud 
nepodařilo zkonstruovat 
automatický přístroj, který by 
mohl převádět akustický signál 
přirozeného jazyka do sledu 
diskrétních symbolů



Isačenko, ibid.

Aby inženýři mohli zkonstruovat 
automatický „fonémový 
detektor“, musí mít především 
spolehlivou teorii fonémů. 
Tato teorie bude pravděpodobně 
vycházet z poznatků získaných 
při analýze percepce řečového 
signálu.



1985?



Fred Jelinek, 1980s

With every linguist I fire, the 
performance of my speech 
recognition system goes up.



2013



Pullum, 2013, Why Are We Still Waiting for Natural Language Processing?

"To do [NLP], computers would have 
to master three things. First, enough 
syntax to uniquely identify the 
sentence; second, enough semantics 
to extract its literal meaning; and third, 
enough pragmatics to infer the intent 
behind the utterance, and thus 
discerning what should be done or 
assumed given that it was uttered."



2019



Rich Sutton, The Bitter Lesson, 2019

The biggest lesson that can be 
read from 70 years of AI 
research is that general 
methods that leverage 
computation are ultimately the 
most effective, and by a large 
margin.



Implication? Jediná 
spolehlivá teorie 
fonému, je žádná 
teorie fonému?



Main proposition



LLMs run on weird 
semantics…



…and this gives us a new 
way of looking at 
language.



ChatGPT can do this



Cognition = Computation

Logic
Compare
Organise
Transform

Memory
Store

Retrieve



ChatGPT does not have cognition or computation

Logic
Compare
Organise
Transform

Memory
Store

Retrieve



S NP VP

There is no grammar



No rules and words



Useful background: 
5 no’s and 3 yes’s



5 nos

1. No look up of data

2. No access to training data 
or internal processes

3. No logic or text comparison

4. No backtracking

5. No forward planning



Often heard

ChatGPT is just a fancy 
autocomplete. It just predicts 
the next word.



Literally true, but 
practically wrong.



3 big questions

1. What does it predict?

2. What does it base the 
predictions on?

3. What does it do with those 
predictions?



3 components of LLM performance

1. Predicts tokens one by one

2. Decides from context with 
attention to relationships

3. Adding randomness makes it 
useful



This is what it looks like



Tokens not words 



This picture is actually misleading



Comparison with German reveals this



How we see text?

Humans
Letters
Words

Sentences
Paragraphs

Texts

ChatGPT
Tokens



OpenAI Tokenizer: ChatGPT only sees tokens



Actually, this is what ChatGPT sees

Unicode



Numbers are not digits, just tokens



Fun facts about OpenAI tokens

About 50,000 in total

Only 3,000 English words

Most parts of words incl. letters, spaces

About 140 tokens per 100 English words

Much more for other languages



Word and tokens are only accidentally identical



Unexpected consequence: More tokens more money

English

French

Czech

Chinese
Arabic



Consequences of tokens

Unreliable at letter tasks
Unreliable numbers
More grammar mistakes in 
some languages



Claude.ai vs ChatGPT



Note: Different models 
have different tokens (both 
numbers and actual 
tokens)



Embeddings: Give 
tokens meaning



What are embeddings?

Embeddings show how tokens 
relate to each other in 
multidimensional-dimensional 
space.



Language embeddings



You do maths on matrices and you get

king man woman queen



Stephen Wolfram: How ChatGPT works



This insight has been available to linguistics through corpora



So let’s explore



But this is deceptive



BUT when we 
see “father” 



[-0.08041892945766449, -0.023566607385873795, 0.04585130512714386, 0.037420596927404404, -0.09120217710733414, 0.022545181214809418, -0.0019880179315805435, 0.0587424635887146, 
0.07126272469758987, -0.02159898355603218, -0.07145281136035919, 0.09984641522169113, -0.05501342564821243, 0.02485564909875393, 0.01755008101463318, 0.014556304551661015, 
-0.15110555291175842, -0.000567720562685281, 0.10030079632997513, -0.045505933463573456, -0.06274029612541199, -0.0683555155992508, 0.0008911662152968347, 0.01842709816992283, 
0.06299598515033722, 0.02255615033209324, -0.09917508065700531, -0.07070962339639664, 0.08635025471448898, 0.06686452776193619, -0.0407336950302124, -0.04072333127260208, 
-0.01974628120660782, 0.07472220063209534, -0.024722471833229065, -0.13420116901397705, -0.01812688820064068, -0.07096941769123077, -0.05353084206581116, -0.10960721969604492, 
-0.017906684428453445, -0.04733094945549965, -0.02091103047132492, 0.1269848346710205, -0.05413510650396347, -0.046787846833467484, 0.0024005023296922445, -0.07217800617218018, 
-0.029329143464565277, 0.007498500403016806, -0.034666456282138824, -0.03568940982222557, 0.03427724167704582, 0.02315753698348999, -0.008645392023026943, 0.05333952233195305, 
0.07456360012292862, 0.147796630859375, -0.006483903620392084, -0.08905889838933945, 0.03265034034848213, -0.0732979029417038, 0.04066538065671921, 0.023211032152175903, 
-0.012049349024891853, -0.02828565053641796, 0.019329581409692764, 0.09989447146654129, 0.1430598795413971, -0.061100199818611145, -0.030345138162374496, -0.02984507940709591, 
-0.028366880491375923, 0.052052564918994904, 0.036766957491636276, 0.003982939291745424, -0.077084481716156, 0.05044832453131676, -0.11687757074832916, 0.06646141409873962, 
0.016255078837275505, -0.06982151418924332, -0.000822143629193306, -0.0026820336934179068, -0.004263593349605799, 0.09659365564584732, 0.06130471080541611, -0.06840908527374268, 
0.06686245650053024, -0.04831290245056152, 0.08598440140485764, 0.08331689983606339, 0.08026000112295151, 0.05451888591051102, -0.03798443824052811, 0.04084145650267601, 
-0.12311697751283646, 0.023645302280783653, 0.005237551871687174, 0.03906212002038956, 0.037468183785676956, -0.05121520534157753, -0.10456130653619766, 0.009842721745371819, 
0.04819759353995323, -0.13286681473255157, 0.02991127222776413, -0.06024811416864395, 0.04108288511633873, -0.008447377011179924, -0.07916080206632614, 0.06436653435230255, 
0.017831943929195404, -0.054629500955343246, 0.027066148817539215, -0.030593710020184517, -0.10156133025884628, -0.0013401528121903539, 0.0011191506637260318, 0.009616676717996597, 
-0.02962290495634079, 0.0042936066165566444, 0.013841508887708187, -0.047656722366809845, -0.003912750165909529, 0.06500802934169769, 0.001283025718294084, -0.0816996768116951, 
0.06566621363162994, -0.010957532562315464, -0.028156422078609467, 0.08978854864835739, -0.0003194105520378798, -0.02697799727320671, -0.006005867850035429, 0.07932088524103165, 
0.021490609273314476, 0.013727870769798756, -0.019940776750445366, 0.031798265874385834, -0.0457642637193203, 0.03235720098018646, -0.022082772105932236, -0.04902353510260582, 
-0.11819718778133392, -0.04506421089172363, -0.046244461089372635, 0.029877550899982452, -0.07711911201477051, 0.05314543470740318, -0.09000932425260544, -0.023750705644488335, 
-0.05107633396983147, 0.001467616413719952, -0.02442317083477974, 0.01248782780021429, 0.06548482179641724, 0.043813593685626984, 0.06102786585688591, 0.021692050620913506, 
-0.052160654217004776, -0.009674523957073689, -0.072069451212883, -0.08633119612932205, -0.05121589079499245, -0.08108754456043243, 0.03608304262161255, 0.06553766876459122, 
-0.0727415531873703, -0.09346839785575867, -0.07251054048538208, 0.04504929482936859, -0.01773262582719326, -0.0005254627903923392, -0.0035706141497939825, 0.09068302065134048, 
0.0152428038418293, 0.009525319561362267, 0.02502918615937233, 0.02807294949889183, -0.08951258659362793, 0.018022941425442696, 0.04113161191344261, -0.09941867738962173, 
0.03642140328884125, 0.07755865901708603, 0.014834643341600895, -0.05757498741149902, -0.0052739898674190044, -0.03217893838882446, 0.029460914433002472, -0.03587955981492996, 
0.016881171613931656, -0.015574142336845398, -0.10131996870040894, -0.01736866682767868, 0.014807181432843208, -0.03830776736140251, -0.0307577196508646, -0.04063287377357483, 
0.0017508701421320438, 0.06622152030467987, 0.06959225982427597, 0.03921446576714516, -0.029292205348610878, -0.07731080055236816, -0.0757351890206337, 0.008267058990895748, 
0.10628201067447662, -0.006961626932024956, -0.060704007744789124, -0.024280674755573273, -0.011232278309762478, 0.02305467799305916, -0.040246833115816116, 0.03551888465881348, 
-0.12048669904470444, -0.0057440041564404964, -0.008801680989563465, -0.038733456283807755, -0.0384967215359211, -0.0059003811329603195, 0.07543318718671799, 0.0029998512472957373, 
0.11148137599229813, 0.0560586079955101, -0.01694066822528839, -0.020253779366612434, -0.11995487660169601, 0.10403268039226532, -0.022030610591173172, 0.019188301637768745, 
-0.03581297770142555, -0.04047590494155884, -0.03492145985364914, 0.027967417612671852, -0.07497915625572205, 0.032431814819574356, -0.025854842737317085, -0.10595495998859406, 
-0.09982465207576752, -0.05515384301543236, 0.02156943641602993, 0.05118619278073311, -0.03904290497303009, -0.022826874628663063, -0.053247928619384766, -0.10935184359550476, 
0.0006719367229379714, -0.016026955097913742, 0.13483813405036926, 0.1173691526055336, -0.01902260072529316, -0.09690848737955093, -0.07585378736257553, 0.007626112550497055, 
0.019889818504452705, -0.008633404038846493, 0.010355712845921516, 0.035737670958042145, 0.011519350111484528, -0.005264237057417631, -0.06305427849292755, -0.026263760402798653, 
0.008310412988066673, -0.0068666874431073666, -0.13443514704704285, -0.025350390002131462, -0.0079041114076972, 0.014966381713747978, 0.01571144163608551, 0.06266333907842636, 
0.05788900703191757, -0.022854981943964958, 0.09513315558433533, 0.1284472942352295, -0.061813995242118835, -0.049407169222831726, -0.10701776295900345, 0.06945358961820602, 
-0.07409369200468063, -0.028664348646998405, -0.0144350565969944, 0.029182329773902893, 0.007034373469650745, -0.026693496853113174, 0.0590004064142704, -0.002902168082073331, 
0.12047384679317474, 0.023063501343131065, -0.05780957639217377, 0.058589596301317215, 0.02074800431728363, -0.030389118939638138, -0.002812192542478442, 0.06409497559070587, 
-0.0015993582783266902, 0.007702010218054056, 0.013223372399806976, 0.012501182034611702]The model actually sees (for tokens)



Final step: Add in 
randomness



The top item is not always selected



With heat 



What it looks like with temperature 0



What it looks like with temperature 0



What is the role of 
linguistics in all of this?



What are tokens and embeddings?

Tokens = form of compression
Embeddings = dimensionality 
reduction
Randomness = Human 
knowledge?



Everything about this 
process screams, structure 
should matter!



But we know what matters 
and what does not.



Specify semantically rich 
context and don’t worry 
about form



Things that don’t matter (much)

Spelling
Punctuation
Word order



Mostly include , ? “ for 
your own readability.



Things that matter

Examples
Perspectives
Styles



The paper that introduced GPT-3 from 2020



How does it work?

Engineered prompt to 
force conversation



Just giving command to use concept is not enough



Ask to give its own examples and then follow them



Chain of thought (“step by 
step”) improves 
performance on number 
tasks.



Zhao 2023: Automatic Prompt Engineer (APE)

“Let’s work this out in a step by 
step way to be sure we have the 
right answer.”



What matters is semantics 
but it is weird semantics.



Poetry = rich in semantic 
relationships and relies on 
reader resonance



Things that are like poetry

Computer code
Logic and math
Lists and definitions
Essays
Foreign languages



Part of this weirdness is 
hidden because…



Three layers of LLM performance

Raw embeddings (pre-training)
Instruction tuning
RLHF



What kind of 
“representations” are we 
seeing in an LLM output?



Compliance in Framenet



Compliance in iWeb



Compliance in ChatGPT



Meta ”awareness from LLMs”



Strange blind spots

Morphology
Cross-language pre-training
World-knowledge / language 
blending



Czech (im)perfection



More Czech dialogue



Social issues



How will we know what an 
LLM will be good at?



Let’s keep this in mind



The only way to evaluate 
ChatGPT and similar tools 
is systematically and over 
time.



Linguistics is uniquely 
suited to this role and can 
help offer a long tradition 
of language analysis.



Motto by Novak



Děkuji



This presentation is licensed 
under Creative Commons By 
Attribution license except where 
otherwise noted.

Icons and stock photos licensed 
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