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Perplexity

Not bad, right?

How many stochastic parrots does it take to
change a lightbulb?

g9 Answer

This question appears to be a joke or a play on words, as there's no such thing as a
"stochastic parrot” in reality. The term "stochastic parrot” is likely a reference to large
language models like myself, which have been described as "stochastic parrots” by some
Al researchers.

The phrase comes from a 2021 paper titled "On the Dangers of Stochastic Parrots: Can
Language Models Be Too Big?" by Emily M. Bender, Timnit Gebru, and others. They used
this term to describe how large language models can produce fluent-sounding text
without true understanding.

As an Al, | don't actually change lightbulbs or perform physical tasks. The question is likely
meant to be humorous by combining a classic joke format ("How many X does it take to
change a lightbulb?") with a technical Al term.

If you're looking for a witty response, you could say something like: "It depends on how
many training examples of lightbulb-changing the parrots have seen!”
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Caveat
| thought of giving a presentation that consisted exclusively of caveats

* | am not an Al expert
e although | am better educated than most non-experts on the subject
* | am not a computational humor guy
* Despite some skeletons in my closet
* For a history of the field, see Taylor (2017), Amin & Burghardt (2020)
* When | say Al what | really mean is LLMSs.
* | have tried to differentiate between various flavors of LLMs ChatGPT 3, 3.5, 4: Bert, Bard, Llama, etc.,
* but | do not promise | succeeded.
* This is admittedly unfair
* There is plenty of Al in use that are not LLMs
* E.g., Speech recognition, adaptive cruise control

e Given how rapidly the Al field is moving nowadays, what | will say is probably already out of date



Anthropomorphism

Attribution of human characteristics to objects

Al has “hallucinations”
“I!!

Al says

* Al “learns,” “thinks,” “recognizes,”

» Siri/Alexa “listen” [not “detect a sound wave”]

o Aiis “empathetic” (more than doctors!)
* The very term “artificial intelligence”
* efc.

« Salles et al. (2020)

* Placani (2024) “Anthropomorphic language is so prevalent in the discipline that it seems
inescapable” (p. 692)



Understanding humor means being intelligent/human

Lt. Commander Data (left) and TARS (“a giant sarcastic robot”)

“What’s your humor setting?”
“100%”
“Bring it down to 75, please.”




Humor is Al complete

What evidence was there for this claim?

* The idea was floating around in the late 1990s nA.th ,
 And, full disclosure, | made that claim myself in print (2001, p. 208).
o See Winters (2021) for discussion
* |t was a guess, let’s be honest.
* Not a terrible one, as it took almost 30 years to be proven wrong

* One of the things we’ve learned is that systems that are obviously not-AGl
can handle significant aspects of humor processing/recognition/generation



Why would we even want humor in an Al?

“My calculations are complete: the asteroid will impact the earth in ten days;
| guess now is a bad time to ask for a raise?”

* Anthropomorphism
* we like humor
« HCI
* The “having a beer” component (pro-social bias)

* |t may be important to recognize humor (especially irony/sarcasm) for the purpose
of sentiment classification

* There is evidence that it can help in teaching L2 (Zhai & Wibowo, 2022)

e Students like humor



LLMs are black boxes

On several levels, to boot

 “The term "Black Box" in artificial intelligence (Al) and machine learning (ML) refers
to systems where internal operations and decision-making processes remain
opaque or inscrutable, regardless of the clarity or accuracy of their outputs.”

(Wang, 2023)

 We don’t always have access to the algorithms, training data, and resulting
models

* And even if we did, when the training data number in the billions they cannot be
iInspected manually

* There is no way of knowing, unless you built it yourself, to what extent the
LLMs are augmented or part of a more complex system

» External validation (e.g., “the system produces an output that users find funny”) is
not an explanation



A black box is not an explanation

“obscurum per obscurius”

 Marcus & Teuwen (2024) Al models are in need of explanations

 For example, De Grave et al. (2021) and Maguolo & Nanni (2021) show that
black box Al systems used spurious information not part of the lung x-rays to
achieve accurate Covid diagnoses, such as the borders of the images and not

the lungs.

e |t is not impossible to extract explanation-directed information from black box
systems (see a taxonomy in Bodria et al. 2023)

 For example, Nugent & Cunningham (2005) show how case-based
reasoning can be used to provide (some) explanations of black-box systems



So, does Al get humor?
TL;NR: Sort of

Popova & Dadic (2023) “artificial intelligence can perform the more or less simple tasks such as pun detection and location with relative success, but more complicated
tasks such as pun interpretation and translation still require a lot of improvement. So, does artificial intelligence have a sense of humor? So far not much but [it] is
developing it”

Jentzsch & Kersting (2023) “Over 90% of 1008 generated jokes were the same 25 Jokes. The system accurately explains valid jokes but also comes up with fictional
explanations for invalid jokes. Joke-typical characteristics can mislead Chat-GPT [3] in the classification of jokes.

Goes et al. 2023: many-shots with training and instructions produce a “weak correlation” between GPT 4 and human raters

Hessel et al. (2023) “human-authored explanations [of New Yorker cartoons] are preferred head-to-head over the best machine-authored ones (few-shot GPT-4) in more
than 2/3 of cases.” (p. 688)

Gorenz & Schwarz (2024) “ChatGPT 3.5-produced jokes were rated as equally funny or funnier than human-produced jokes”

Suljic & Pervan (2024). “Al-generated texts [Bard/Gemini] in(...) meet the aim stipulated by the prompts —they are humorous, ironic, occasionally sarcastic, but also
repetitive regarding some word combinations. The humour is based on the computational prediction that the addressee will recognise incongruencies in lexical choices
or style based on their previous knowledge of language and culture.” (p. 262)

Mirowski et al. (2024) “Generated outputs [various Als] are generally of poor comedic quality. Many participants noted that they only used LLMs for setup and structure
generation due to their inability to generate humorous outputs from the models: the most bland, boring thing—I stopped reading it. It was so bad’” (p. 1626)

Wu et al. (2024) [humor classification] “Llama 3-8B performed the best, achieving an accuracy of 89.68%.”

Li et al. (2024) “cunning texts that are easy for humans to understand but difficult for models to grasp (...) mainly consist of the tricky, humorous, and misleading texts
collected from the real internet” (p. 1)

* Best performance of LLMs
e detection: GPT4 Turbo w/ CoT = 82.73% vs. Human 93.35%;
 classification in types ERNIE-Bot-4.0 w/ CoT 14.42% vs. human 63.69%



(Boleda, 2020, p. 214)

A different perspective ot [T
Unintended side effect of LLMs embeddings

Dimen

 |LLMs provides us with a massive scale implementation of semantic field theory (Trier, 1931)
a.k.a., lexical field theory

 Meaning equals the relationships between words in a lexical field
* Saussurean differences

* LLM-type semantics is now being called “distributional semantics” (Clark, 2015; Lenci, 2018;
Boleda, 2020)

* The connection between DS and semantic field theory is not always recognized.
* The terminological mess is a traditional feature of this area of research (Peters, 1991)

* More broadly the unlimited n-dimensional semantic network postulated by frame semantics
(Fillmore, Raskin), semiotics (Peirce, Eco) and many others.



Synonyms field for “fear” (Romaniuk, 2020)

Colors indicate first level synonyms (red), second (purple), etc.
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Ontology

More relationships
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furniture

table wardrobe chair bookshelves (etc.)

recliner rocking chair (etc.)

armchair high chair
Semantic Roles Example
Agent + action Mommy go
Action +object Push toy
Agent + object Mommy milk
Action + location/locative Come here
Entity + location/locative Toy box
Possessor and possession Mommy hair
Entity and attributive Cup full
Demonstrative and entity This shoe
Adapted from Brown (1973) A first Language. Cambridge, MA: Harvard University Press.



Semantic Network (Danowski et al. 2021)
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Validation of Humor Theories through Computational humor

 West & Horvitz (2019) validate some claims form the SSHT and GTVH

» Script Opposition, Logical Mechanisms, final position of the punch line, etc.
 Chen et al. (2023) validate Toplyn’s model and incongruity theory using GPT 3
o Skalicky & Attardo (2025) [this conferencel]

e Validate incongruity (SO) in puns using semantic distance, conceptualized
as cosine distance between vectors
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