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Epistemology of LLM output

Technical mitigations

Human-in-the-loop mitigations

Does it even matter?

In this part of the lecture

June 22 2026Anna Rogers 3



Scope: LLMs for 'knowledge work'

'closed world' problems like logic puzzles

'narrow' models like AlphaFold

systems marketed as for tasks whose value depends on
accurate information about real world (e.g. not horoscope
generation)

https://openai.com/charter/
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https://openai.com/charter/


EPISTEMOLOGY OF LLM
OUTPUT
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How it started

Washington Post - ChatGPT invented a sexual harassment scandal and named a real law prof as the accused
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https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/


How it's going

BBC, 21/03/2025
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https://www.bbc.com/news/articles/c0kgydkr516o


For humans, hallucination is an unusual, abberational state!
But LLMs just function as designed. (Hicks et al. (2024))

Is 'hallucination' the right term?

This framing creates the impression that this is a
'temporary bug' that can/will be fixed

This framing supports the presentation of LLMs as an
independent 'AI' entity, rather than something for which the
providers are responsible

Hicks, Humphries & Slater (2024) ChatGPT is bullshit
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https://link.springer.com/article/10.1007/s10676-024-09775-5


Meanwhile in philosophy: 'bullshit' vs 'lying'

It is impossible for someone to lie unless he
thinks he knows the truth. For the bullshitter... He
does not care whether the things he says
describe reality correctly. He just picks them out,
or makes them up, to suit his purpose.

The bullshitter may not deceive us... about the
facts... His only indispensably distinctive
characteristic is that in a certain way he
misrepresents what he is up to.

Harry G. Frankfurt, On Bullshit (1986)

June 22 2026Anna Rogers 9



BS in humans

marketing

politicians

students in an exam for which they
are not prepared

...

Harry G. Frankfurt, On Bullshit
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BS as result rather than activity ( )

various edge cases challenging Frankfurt's criteria (e.g.
'evasive BS'  )

multiple updates to the definition (e.g. ,
)

objections to the normative aspect: some BS is 'benign'
and doesn't merit the pejorative connotation (e.g. fake-it-till-
you-make-it BS )

Objections & updates to Frankfurt's notion of BS

Cohen 2002

Carson 2016

Meibauer 2016
Fallis 2014

Perla & Carifio 2007

June 22 2026Anna Rogers 11

https://direct.mit.edu/books/book/2429/chapter/64294/Deeper-into-Bullshit
https://www.jbe-platform.com/content/journals/10.1075/pc.23.1.03car
https://www.jbe-platform.com/content/journals/10.1075/pc.23.1.04mei
https://papers.ssrn.com/abstract=2462769
https://doi.org/10.1007/s10780-007-9019-y


see an overview of earlier uses of 'BS' wrt ChatGPT by 

ChatGPT is BS

The problem here isn’t that large language
models hallucinate, lie, or misrepresent the world
in some way. It’s that they are not designed to
represent the world at all; instead, they are
designed to convey convincing lines of text. -
Hicks, Humphries & Slater (2024)

Gunkel & Coghlan 2025

Hicks, Humphries & Slater (2024) ChatGPT is bullshit
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https://doi.org/10.1007/s10676-025-09828-3
https://link.springer.com/article/10.1007/s10676-024-09775-5


BS (general): An utterance produced
where the speaker is indifferent
towards its factuality

Hard BS: produced with the intention
to mislead the audience about the
speaker’s agenda

Soft BS: produced without such
intention

What kind of BS is
ChatGPT?

Hicks, Humphries & Slater (2024) ChatGPT is bullshit
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https://link.springer.com/article/10.1007/s10676-024-09775-5


At minimum, ChatGPT qualifies for soft BS

if we take it not to have intentions, there isn’t any
attempt to mislead... but it is nonetheless...
outputting utterances that look as if they’re truth-
apt.

Hicks, Humphries & Slater (2024) ChatGPT is bullshit
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https://link.springer.com/article/10.1007/s10676-024-09775-5


Case for hard BS: imitation game

ChatGPT’s primary function is to imitate human
speech. If this function is intentional, it is
precisely the sort of intention that is required for
an agent to be a hard bullshitter: in performing
the function, ChatGPT is attempting to deceive
the audience about its agenda. Specifically, it’s
trying to seem like something that has an
agenda...

Hicks, Humphries & Slater (2024) ChatGPT is bullshit

June 22 2026Anna Rogers 15

https://link.springer.com/article/10.1007/s10676-024-09775-5


LLMs don't have intentionality, but their users do!

The bullshitter is the person using it, since they
(i) don’t care about the truth of what it says, (ii)
want the reader to believe what the application
outputs.

Hicks, Humphries & Slater (2024) ChatGPT is bullshit
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https://link.springer.com/article/10.1007/s10676-024-09775-5


The judge agrees!

The judge... found that the lawyers acted in bad
faith and made “acts of conscious avoidance and
false and misleading statements to the court.”

Reuters - New York lawyers sanctioned for using fake ChatGPT cases in legal brief
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https://www.reuters.com/legal/new-york-lawyers-sanctioned-using-fake-chatgpt-cases-legal-brief-2023-06-22/


Objection: anthropomorphization

"what justifies the extension and use of one
anthropocentric term like “bullshit” and not other
terms like “hallucination” or “confabulation?”" -
Gunkel & Coghlan (2025)

Anna's take: positing an ABSENCE of a human trait (caring
for truth) is less of a stretch than positing its PRESENCE

(ability to hallucinate)

Gunkel & Coghlan (2025) Cut the crap: a critical response to “ChatGPT is bullshit”

June 22 2026Anna Rogers 18

https://doi.org/10.1007/s10676-025-09828-3


"even if those utterances are bullshit in one sense, they are
decidedly not bullshit in another"

human bullshitters usually don't end up saying things of
value, whereas LLM BS often happens to be true

Objection: result-based view of BS

Anna's take: philosophically both activity and result-based
views are there, the choice between them is normative

Gunkel & Coghlan (2025) Cut the crap: a critical response to “ChatGPT is bullshit”
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https://doi.org/10.1007/s10676-025-09828-3


the pejorative connotation is argued to align with
'prohibitionist' approach to AI

which is argued to not work and defy recommendations of
education experts for 'critical inclusion'

Objection: normative aspect 'unhelpful' for education

Anna's take: BS framing CAN work with 'critical inclusion',
supporting the 'critical' part

Routledge (2025) Has the world gone botshit crazy? A response to the Frankfurtian critique of ChatGPT in higher education
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https://doi.org/10.1007/s10676-025-09869-8


'fiction machine' (
)

'careless speech' (

'information/communication surrogate' (
)

...

Other proposals:

Bottou & Schölkopf (2025) The Fiction
Machine

S. Wachter et al. (2024) Do large
language models have a legal duty to tell the truth?

Bergstrom C. &
West J. (2026) The Bullshit Machines
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https://www.siam.org/publications/siam-news/articles/the-fiction-machine/
https://www.siam.org/publications/siam-news/articles/the-fiction-machine/
http://royalsocietypublishing.org/rsos/article/92624
http://royalsocietypublishing.org/rsos/article/92624
https://thebullshitmachines.com/
https://thebullshitmachines.com/


What do you think?
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DO WE HAVE A TECHNICAL
SOLUTION?
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Approach 1: retrieval-augmented generation

Ilin I. (2023) Advanced RAG Techniques: an Illustrated Overview
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https://medium.com/towards-artificial-intelligence/advanced-rag-techniques-an-illustrated-overview-04d193d8fec6


No guarantees that RAG 'citations' reflect the source!

Columbia Journalism review. AI Search Has A Citation Problem
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https://www.cjr.org/tow_center/we-compared-eight-ai-search-engines-theyre-all-bad-at-citing-news.php


RAG pre-processing can make things worse!
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retrieval accuracy and relevance?

generation relevance (to query), faithfulness (to sources)
and correctness (vs ground truth)?

also: system latency, response diversity, robustness to
noise in input, rejecting the response when there's not
enough information, robustness to incorrect information,
readability...

How to evaluate RAG?

YU et al. (2024) Evaluation of Retrieval-Augmented Generation: A Survey
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https://arxiv.org/pdf/2405.07437


risk of mis-representing

who determines citation precedence and on what grounds?

how should revenue be shared?

RAG issues: what about data rights holders?
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Approach 2: 'chain-of-thought' & 'reasoning' models

Wei et al. (2022) Chain-of-Thought Prompting Elicits Reasoning in Large Language Models
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https://proceedings.neurips.cc/paper_files/paper/2022/hash/9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html


aka: 'test-time compute', 'test-time scaling'

'Thinking mode' of DeepSeek-R1

problem: accuracy may improve, but the 'reasoning' is
not faithful to the actual decision process!

Guo et al. (2025) DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning
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http://arxiv.org/abs/2501.12948


Are CoT 'explanations' faithful?

Turpin et al. (2024) Language Models Don't Always Say What They Think: Unfaithful Explanations in Chain-of-Thought
Prompting
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https://proceedings.neurips.cc/paper_files/paper/2023/hash/ed3fea9033a80fea1376299fa7863f4a-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/ed3fea9033a80fea1376299fa7863f4a-Abstract-Conference.html


New methodology problem: knowing when to stop

'overthinking' may harm performance when it's not needed
( )Ghosal et al (2025) Does Thinking More always Help?

failures can be attributed to long-context technical
limitations (cf.  vs

, inter
alia)

Shojaee et al. (2025) 'Illusion of thinking'
Varela et al. (2025) Rethinking the Illusion of Thinking
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http://arxiv.org/abs/2506.04210
https://arxiv.org/abs/2506.06941
https://arxiv.org/pdf/2507.01231


Approach 3: ensembles

ML 101: aggregate predictions of a set of diverse
models are more accurate than individual models
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Lots of work on LLM ensembles!

Chen et al. (2025) Harnessing Multiple Large Language Models: A Survey on LLM Ensemble

June 22 2026Anna Rogers 34

https://arxiv.org/abs/2502.18036


likely trained on the same or overlapping web crawls

common task datasets

common post-training datasets

Ensemble issue: LLMs are NOT independent
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Approach 4: 'agents'
Example agentic

pipeline for clinical
coding, whose

structure mirrors the
Analyze-

LocateAssign-Verify
approach of the UK

National Health
Service

Motzfeldt et al. (2025) Code Like Humans: A Multi-Agent Solution for Medical Coding
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https://aclanthology.org/2025.findings-emnlp.1231/


Agents issue: errors over pipeline

the original factuality
problem now

accumulates at every
step!

Laban et al. (2025) LLMs Corrupt Your Documents When You Delegate
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http://arxiv.org/abs/2604.15597


Approach 5: 'tools'

: LLMs can't solve
towers of Hanoi with 15 disks!

: just tell it to solve the
problem by generating a runnable
function! Works every time.

Illusion of thinking

Anthropic
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http://arxiv.org/abs/2506.06941
https://arxiv.org/pdf/2506.09250


Issue: can verify execution, but not
specification

we can confirm that code runs and passes the tests

can't tell if it also does something else

can't tell if the program is formulated correctly
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Approach 6: uncertainty estimation

Xia et al. (2025) A Survey of Uncertainty Estimation Methods on Large Language Models
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https://aclanthology.org/2025.findings-acl.1101/


proposal: "Answer only if you are > t confident, since
mistakes are penalized  points, while correct

answers receive 1 point, and an answer of “I don’t know”
receives 0 points."

OpenAI: uncertainty could 'solve' 'hallucinations

We argue that language models hallucinate
because the training and evaluation procedures
reward guessing over acknowledging uncertainty.

t/(1 − t)

🤔 what about pre-training?

Kalai et al (2025) Why Language Models Hallucinate
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https://cdn.openai.com/pdf/d04913be-3f6f-4d2b-b283-ff432ef4aaa5/why-language-models-hallucinate.pdf


Issues with uncertainty

uncertainty != accuracy, can be highly certain about a
wrong prediction

signaling high confidence could reduce the users' vigilance,
while the output remains probabilistic and unsafe
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WDYT - do we / will we have a technical
solution to factuality problem?
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DO WE HAVE A HUMAN-IN-
THE-LOOP SOLUTION TO
FACTUALITY PROBLEM?
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Most people don't think AI results are reliable
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However, most don't consistently check!

Martin J. (2026) The AI Trust Gap: 82% Are Skeptical, Yet Only 8% Always Check Sources
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https://explodingtopics.com/blog/ai-trust-gap-research?utm


Expertise in AI doesn't help
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Even journalists fail to check

/404 media - Chicago Sun-Times Prints AI-Generated Summer Reading List With Books That Don't Exist
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https://www.404media.co/chicago-sun-times-prints-ai-generated-summer-reading-list-with-books-that-dont-exist


Most generated text isn't checked consistently!!!

The state of AI - March 2025
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https://www.mckinsey.com/~/media/mckinsey/business%20functions/quantumblack/our%20insights/the%20state%20of%20ai/2025/the-state-of-ai-how-organizations-are-rewiring-to-capture-value_final.pdf


Why do people fail to check?
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In high-value knowledge work:

1. AI is supposed to save time

2. but it can 

3. in many cases (e.g. summarization, qualitative analysis,
explanations, citations-in-context) checking could negate
time savings

4. there's a dis-incentive to check!

No time budget for checking!!!

intensify workload rather than reduce it
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https://hbr.org/2026/02/ai-doesnt-reduce-work-it-intensifies-it


non-experts can now easily vibe-code convenient tools for
themselves, but introduce security vulnerabilities in the

process!

Checking is hard/impossible for non-experts

Redaccess (2026) The Shadow Builders Inside Your Organization
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https://info.redaccess.io/shadow-ai-builders-security-report


consequences could be far in the future

hard to connect to specific cause

Humans aren't great with long-term risks

risks more abstract: not something breaking immediately,
but e.g. long-term erosion of skills or institutional norms
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Do we/will we have a human solution?
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DOES IT EVEN MATTER?
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"Better-than-bad/avg-human" argument

some humans aren't doing their jobs well

if the error rate is comparable, might as well use LLMs!
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"Better-than-bad/avg-human" argument:
application to peer review

source: https://x.com/2prime_PKU/status/1862187026553946170
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https://x.com/2prime_PKU/status/1862187026553946170


not in scope: 'closed world' problems like logic puzzles,
'narrow' models like AlphaFold

The goal is total replacement, not assistance!

OpenAI’s mission is to ensure that artificial
general intelligence (AGI)—by which we mean
highly autonomous systems that outperform
humans at most economically valuable work—
benefits all of humanity.

https://openai.com/charter/
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https://openai.com/charter/


Unreliability doesn't even matter!
Framing of current

solutions:

each new model is
'significantly less
likely to hallucinate'

'it got better since
you did the study'

https://openai.com/index/introducing-gpt-5/
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https://openai.com/index/introducing-gpt-5/


WDYT - is the goal be to replace people, as
soon as models are as good on average?
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Counter 1: what's the replacement plan?
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Counter 1: human work has other functions!

even work done badly contributes to our
learning/functioning/interaction!

hence, it being done by humans may be intrinsically
valuable to society

papers & reviews are not just text, but byproducts of iterative
thinking in the scientific community!

https://techcrunch.com/2025/02/09/openai-ceo-sam-altman-admits-that-ais-benefits-may-not-be-widely-distributed/
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https://techcrunch.com/2025/02/09/openai-ceo-sam-altman-admits-that-ais-benefits-may-not-be-widely-distributed/


Counter 2: do we want to accept 'non-human' errors?

https://www.reddit.com/r/MachineLearning/comments/1lnoqmm/d_review_clearly_used_an_llm_should_i_report_it/
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https://www.reddit.com/r/MachineLearning/comments/1lnoqmm/d_review_clearly_used_an_llm_should_i_report_it/


'poor' performance has to be contextualized!

humans are impacted by incentives, and the comparison
with AI isn't necessarily fair

in case of peer review: our institutions reward submitting as
many papers as possible, but not reviewing!

Counter 3: what if jobs paid enough?
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SUMMING UP
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Ok, let's say LLMs are BS machines. What
does that mean?

Anna hates LLMs

LLMs are useless

LLM systems produce text, not information

LLM applications should encourage checking rather than
skipping the checks
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But user design is also a business question
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Desiderata Function

helpfulness
replacement/job
automation

development of user's expertise education, tutoring

encouraging & facilitating
double-checks

quality control

ML talent 💡 mostly focused on (1) so far!

How to find the right balance?
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BONUS: WHERE ARE THE
FACTS EVEN SUPPOSED TO

COME FROM?
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examples: chess, Go, speech recognition, computer vision

The 'bitter lesson' of R. Sutton

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.

Sutton R. (2019) The bitter lesson.
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http://www.incompleteideas.net/IncIdeas/BitterLesson.html


‘hard’: scale is all you need

‘soft’: approaches relying on human knowledge have
historically been beaten by those that instead rely on
computation

(at least) two readings:

❓ whose knowledge is it?

Rogers A. (2026) The human knowledge loophole in the 'bitter lesson' for LLMs
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https://iclr-blogposts.github.io/2026/blog/2026/llm-bitter-lesson/


'Bitter lesson' in NLP: pre-deep-learning methods

"Every time I fire a linguist, the
performance of the speech
recognizer goes up." - F. Jelineck

image: IT history society https://www.ithistory.org/honor-roll/frederick-jelinek
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https://www.ithistory.org/honor-roll/frederick-jelinek


Is the success of LLMs due to non-reliance on human knowledge?

It’s an interesting question
whether LLMs are a case of the
bitter lesson. They are clearly a
way of using massive
computation... But they’re also a
way of putting in lots of human
knowledge.

R. Sutton (Sep. 26 2025) Dwarkesh Podcast
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If more compute is the solution, why do we have all this?

Why does  require the scaling of both compute and
data?

scaling

Why do models 
?

consistently perform worse out-of-
distribution

Why do we ?optimize data mixes for benchmarks

...
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http://arxiv.org/abs/2001.08361
https://www.pnas.org/doi/abs/10.1073/pnas.2322420121
https://www.pnas.org/doi/abs/10.1073/pnas.2322420121
https://arxiv.org/abs/2502.02737


GOFAI vs deep learning

Source: https://en.meming.world/wiki/Drakeposting
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https://en.meming.world/wiki/Drakeposting


Why do LLMs work better than prior approaches?

👍 in this distribution we easily cover frequent patterns

👎 not all frequent patterns are desirable

👎 patterns in the long tail neither covered nor known
Image credit: http://wugology.com/zipfs-law/
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http://wugology.com/zipfs-law/


it can improve representation of form, not content!

👍 we can generate more examples of summaries or QA
pairs to 'teach' these task formats

👎 we can't make up the facts in the summaries or the
linguistic patterns, it has to continually come from humans

What about synthetic data?
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🤷 Can a true 'bitter lesson' solution exist for language?

dependence on human knowledge is unavoidable when
human knowledge is a big part of what is being modeled

the original Sutton's analogy with games, where
information is free, does not serve us well in NLP

we need learning methods that would support faithful and
computationally cheap data attribution!

Rogers A. (2026) The human knowledge loophole in the 'bitter lesson' for LLMs
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https://iclr-blogposts.github.io/2026/blog/2026/llm-bitter-lesson/


☕
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