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Writing entries is so much work… and time…

• Writing dictionary entries is ‘harmless drudgery’ (Samuel Johnson 1755)

• Very time-consuming and laborious

• Some prominent lexicographic projects:
• 71 years: The Oxford English Dictionary, 1857-1928 (Mugglestone 2008)

• 123 years: Das Deutsche Wörterbuch, 1838-1961 (Haß-Zumkehr 2011)

• 144 years: Woordenboek der Nederlandsche Taal (WNT), 1864-1998 (De 
Schryver 2005, Van Sterkenburg 1984)
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A definition of lexicographer (?)

lexicographer  /lɛksɪˈkɒɡrəfə/  Noun ▸A rare species with unique 

personal qualities and special skills from years of training.

• Or is it…?

3

Image generated by Aria

Po
br

an
o 

z 
ht

tp
s:

//r
es

ea
rc

hp
or

ta
l.a

m
u.

ed
u.

pl
 / 

D
ow

nl
oa

de
d 

fr
om

 R
ep

os
ito

ry
 o

f A
da

m
 M

ic
ki

ew
ic

z 
U

ni
ve

rs
ity

 2
02

4-
07

-1
5



Can computers do the work?

• De Schryver & Joffe (2023): “The end of lexicography, welcome to the 
machine: On how ChatGPT can already take over all of the dictionary 
maker's tasks”
• AI-generated illustrations in the Phrase-based Active Dictionary (PAD, Linda 

Prossliner’s yesterday’s talk

• Earlier: Grefenstette (1998) : “Will there be lexicographers in the year 
3000?”

• Rundell (2011): “Will there still be dictionaries in 2020?”

• Two separate questions: (how much) do we need lexicographers vs. 
(how much) do we need dictionaries

• In other words: can computers do the work vs. does this work need 
to be done at all
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Large Language Models

• LLM and GPT technologies are not new (Deep Learning around ~ 
2010)

• GPT = Generative Pre-Trained Transformer

• ‘You shall know a word by the company it keeps’ (Firth 1957: 11)

• ‘You shall predict a word from the company it keeps’ (GPT)

• GPT predicts the most natural continuation from conditional 
probability matrices

• It doesn’t always go with the most probable choice (temperature: 
norms and exploitations?)

• GPT explosion: critical mass in data volumes (scale), advances in 
training technology, releasing a publicly available interface

• + attention mechanisms, reinforcement learning, ? chatbot layer
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Language Models gain fine insights into 
‘grammar’ by merely digesting input

• Mastery of novel utterances and judgments of grammaticality taken 
as evidence of ‘innate linguistic knowledge’ (Chomsky 1957, 1965, 
1986)

• Recent evidence from Machine Learning: Language Models can learn 
complex grammar, even from data volumes corresponding to what a 
human child might normally be exposed to (BabyLM)

• They exhibit emergent learning of ‘grammatical abstractions’ (Baroni 
2022, Piantadosi 2023)

• Language Models are ‘stochastic parrots’? In a sense, yes, but so are 
humans

• c.f. the human Tolerance Principle (Yang 2016)
• ‘Children form productive rules when it is more computationally efficient’ 

(Schuler, Yang, Newport 2021)
• number of exceptions e < n / log(n)
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Hu (2024): Language models align with human 
judgments on key grammatical constructions
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Zhu & Griffiths (2024). Eliciting the Priors of Large 
Language Models using Iterated In-Context 
Learning
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Marjieh et al. (2023). Large language models 
predict human sensory judgments across six 
modalities
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Marjieh et al. (2023). Large language models 
predict human sensory judgments across six 
modalities
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AI-augmented lexicography

• Grefenstette (1998) : “Will there be lexicographers in the year 3000?”

• Rundell (2011): “Will there still be dictionaries in 2020?”

• De Schryver & Joffe (2023): “The end of lexicography, welcome to the 
machine: On how ChatGPT can already take over all of the dictionary 
maker's tasks”

• Two separate questions: (how much) do we need lexicographers vs. 
(how much) do we need dictionaries

• In other words: can computers do the work vs. 
does this work need to be done at all
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Study 1 (in honour of Patrick)
ChatGPT writes COBUILD 
Definitions
How well will ChatGPT emulate the performance of a human 
lexicographer in compiling COBUILD-like entries?
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Why was COBUILD (1987) special?

• Widely seen as innovative

• Based on a corpus of digital texts as evidence of use and meaning

• Reliance on authentic examples

• A view of language that unifies structure and meaning

• Senses as associations between patterns of usage and meaning

• As a consequence, contextual definition (aka FSD, Full-Sentence 
Definition)
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COBUILD-style definition

• Compare two definitions of one sense of the verb APPROVE, 
classical/analytical and COBUILD-style:

APPROVE: to think that someone or something is good, right, 
or suitable

If you approve of someone or something, 
you like and admire them. 

• Two clauses:
1. illustrates the usage pattern in the sense defined

2. provides a paraphrase of meaning

• COBUILD breaks with the substitutability orthodoxy, introduces a 
more conversational defining style
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Design

• 15 verbs of communication, B1+ (English Vocabulary Profile, Capel 
2015)

• for each verb, one entry from Cobuild online, one generated with 
ChatGPT Plus (omitted syntactic codes, phonemic transcriptions, 
inflected forms, all easy for ChatGPT)

• Prompting:
• An introductory prompt setting out the purpose

• Two model entries presented from COBUILD Online: APPROVE and 
ASSASSINATE, with some comments

• Then just the 15 headwords, one by one

• few-shot learning (Brown et al. 2020), via interactive text interface
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Evaluation

• Four experts on English definition and lexicography (big thanks to 
them!)
• Two original COBUILDers: Liz Potter and Michael Rundell

• Two experts on defining models for learners of English: Reinhard Heuberger 
and Sylwia Wojciechowska 

• Entries randomized, no indication whether human or AI-generated

• Experts asked to rate the quality of:
• sense definition

• sense exemplification

• entry as a whole

• A five-point scale: Bad, Wanting, Passable, Good, Great (= 1…5)

• Open-ended comments (optional)

16

Po
br

an
o 

z 
ht

tp
s:

//r
es

ea
rc

hp
or

ta
l.a

m
u.

ed
u.

pl
 / 

D
ow

nl
oa

de
d 

fr
om

 R
ep

os
ito

ry
 o

f A
da

m
 M

ic
ki

ew
ic

z 
U

ni
ve

rs
ity

 2
02

4-
07

-1
5



Human advantage 
by Headword, Element and Rater
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Human advantage 
by Entry and Element (mean + range)
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Open-ended comments: ChatGPT entries
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Example prompt 1: APPROVE

approve [VERB] 

1 If you approve of someone or something, you have a favourable opinion of 
them or it. 

I approve of his plans for the future. 
She approves of her children's friends. 
They approve of the new law. 

2 If you approve a plan, proposal, or idea, you give your official permission or 
endorsement to it. 

The board of directors approved the proposal. 
The government approved the construction of a new highway. 
The school approved the students' request for a field trip. 

3 If you approve a payment, loan, or expense, you authorize it to be made. 
The bank approved the loan for the new business. 
The manager approved the expense for the company trip. 
The committee approved the payment for the consultant.
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Examples: fine-tuning

• Open-ended comments were fed back to ChatGPT to see if it could 
improve on the quality of examples (for the entry with the lowest 
ratings for examples of all: ENCOURAGE)

• This was done using a newer model GPT 4, version of May 12th, 2023
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Original ChatGPT entry

encourage [VERB] 

1. If you encourage someone to do 
something, you give them support, 
confidence, or motivation to do it. 

• The coach encouraged the team to do their 
best. 

• The teacher encouraged the student to 
study harder. 

• The parent encouraged the child to try 
again. 

2. If something encourages you, it gives you 
support, confidence, or motivation to 
continue or to do something. 

• The good grade encouraged the student. 

• The sunny weather encouraged the hikers. 

• The success encouraged the entrepreneur.

Fine-tuned ChatGPT entry

encourage [VERB]

1. If you encourage someone to do something, 
you give them support, confidence, or motivation 
to do it.

• In a gentle voice, Mary encouraged her shy 
little brother to speak up in class.

• Despite the initial failure, Rob's friends 
encouraged him to try starting his own 
business again.

• "Never stop believing in yourself," the coach 
said, encouraging the team before the big 
match.

2. If something encourages you, it gives you 
support, confidence, or motivation to continue or 
to do something.

• Finding her first novel on the bestseller list 
greatly encouraged the young author to 
continue writing.

• With the sun shining brightly, the hikers felt 
encouraged and decided to take the more 
challenging trail.

• His early success as an entrepreneur 
encouraged him, instilling the belief that he 
could turn any idea into a successful business.
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Fine-tuned entry

• The fine-tuned entry sent back to Experts asking for informal 
feedback

• All Experts agreed that the new examples were a big improvement 
and in fact very good
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Post-lexicography

• Grefenstette (1998) : “Will there be lexicographers in the year 3000?”

• Rundell (2011): “Will there still be dictionaries in 2020?”

• De Schryver & Joffe (2023): “The end of lexicography, welcome to the 
machine: On how ChatGPT can already take over all of the dictionary 
maker's tasks”

• Two separate questions: (how much) do we need lexicographers vs. 
(how much) do we need dictionaries

• In other words: can computers do the work vs. 
does this work need to be done at all
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Study 2: Ptasznik, Wolfer & Lew

LDOCE (mobile) versus ChatGPT 3.5

Reception (comprehension) and Production

25
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The challenge of English phrasal verbs

26
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The challenge of English phrasal verbs

27
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The challenge of English phrasal verbs

28

Po
br

an
o 

z 
ht

tp
s:

//r
es

ea
rc

hp
or

ta
l.a

m
u.

ed
u.

pl
 / 

D
ow

nl
oa

de
d 

fr
om

 R
ep

os
ito

ry
 o

f A
da

m
 M

ic
ki

ew
ic

z 
U

ni
ve

rs
ity

 2
02

4-
07

-1
5



Producing phrasal verbs
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Predicted success: production
LDOCE versus ChatGPT
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Predicted time (production) 
LDOCE versus ChatGPT
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Study 3: Lew, Wolfer & Ptasznik (under review)
LDOCE vs Diki.pl vs ChatGPT 3.5
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Study 3: Ptasznik, Wolfer & Lew (under review)
LDOCE vs Diki.pl vs ChatGPT 3.5
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Study 3: Ptasznik, Wolfer & Lew (under review)
LDOCE vs Diki.pl vs ChatGPT 3.5
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Study 4: Lew, Wolfer & Ptasznik (in progress)
Control vs bab.la vs Collins vs ChatGPT 3.5
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ChatGPT 3.5 on the future of dictionaries
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Michaelis, Müller-Spitzer & Wolfer 2019
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