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In this part of the lecture

e Epistemology of LLM output
e Technical mitigations
e Human-in-the-loop mitigations

e Does It even matter?

IRV INEOROZANINEI Anna Rogers June 22 2026



Scope: LLMs for 'Knowledge work'’

. ‘slosedwerdnroblemedliketos I
. el fihe Aok

e 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




How It started

@he Washington Post

Democracy Dies in Darkness

TECH Artificial Intelligence Help Desk  Internet Culture  Space  Tech Policy

INNOVATIONS

ChatGPT invented a sexual harassment
scandal and named a real law prof as the
accused

The Al chatbot can misrepresent key facts with great flourish, even citing a fake Washington Post article as evidence

By Pranshu Verma and Will Oremus
April 5, 2023 at 2:07 p.m. EDT

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/

BlBJC

Home MNews Sport Business Innovation Culture Arts Travel Earth Audio Video Live

Man files complaint after ChatGPT said
he killed his children

21 March 2025 Share <  Save []

Imran Rahman-Jones
Technology reporter

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

Is "hallucination’ the right term?

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

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

e This framing supports the presentation of LLMs as an
iIndependent 'Al' 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: ‘bulishit' 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)
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marketing

politicians

students in an exam for which they
are not prepared

Harry G. Frankfurt, On Bullshit
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Objections & updates to Frankiurt's notion of BS

e BS as result rather than activity (Cohen 2002)

e various edge cases challenging Frankfurt's criteria (e.g.
‘evasive BS' Carson 2016 )

e multiple updates to the definition (e.g. Meibauer 2016,
Fallis 2014)

e 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 Perla & Carifio 2007)
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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

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)

see an overview of earlier uses of 'BS' wrt ChatGPT by 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 What kind of BS is
where the speaker is indifferent ChatGPT?

towards its factuality

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

» Soft BS: produced without such
Intention

Hicks, Humphries & Slater (2024) ChatGPT is bullshit

Anna Rogers June 22 2026


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
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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
(1) 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

Business v Markets v  Sustainability v Legal v Commentary v

.’ Reuters World v Technology ~ Investigations |

New York lawyers sanctioned for using
fake ChatGPT cases in legal brief

By Sara Merken

(1) (e (<)

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

Objection: result-based view of BS

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

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

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

Objection: normative aspect "'unhelpful’ for education

e the pejorative connotation is argued to align with
'prohibitionist’ approach to Al

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

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

Other proposals:

e 'fiction machine' (Bottou & Scholkopf (2025) The Fiction
Machine)

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

e 'Information/communication surrogate' (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?




Approach 1: retrieval-augmented generation

Naive RAG
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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!
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Columbia Journalism review. Al 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!

current: plain generation
{example: chatGPT)

Danish cuisine may not be
as internationally |
renowned as some other
culinary traditions, but it
does have its own distinct
flavors and dishes... Some |
traditional Danish dishes
that are well-known include
smarrebrad, frikadeller,
Stegt flazsk med
persillesovs,  =bleskiver,
Danish pastries

= —

0: How popular |
is Danish food?

¥ | Noreferences

IT UNIVERSITY OF COPENHAGEN [INgIAENRISIo[I6S

current. 'E'I'Ii"3|-éILIQITIEI'II$E

generation (example: Bingal)

|| Danish cuisine is based
|cr' what could easily be
farmed or gathered during
the  country's  short
summers. Cabbage, root
vegetables, meat, fish, and
‘ rye bread were all staples

Pork has been a staple
of the

e Danish diet for
I decade

5 - in fact, there are

[ more pigs in Denmark

|_tvl'|ar| peaple |2, J
:"C::J'_-_ ———

[ Q:What foodis
popular in Denmark?

U Heuwy popuiar
isBarish Toed?

References to web search
results:

[1] familysearch.org

[2] nomadparadise.com
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How to evaluate RRG?

e retrieval accuracy and relevance?

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

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

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

RAG issues: what about data rights holders?

e risk of mis-representing
e Who determines citation precedence and on what grounds?

e how should revenue be shared?
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Approach 2: 'chain-of-thought' & 'reasoning’' models

Standard Prompting Chain-of-Thought Prompting
Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Output Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The
answer is 9.

A: The answer is 27. x

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

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

'Thinking mode' of DeepSeek-R1

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

A conversation between User and Assistant. The user asks a question, and the Assistant solves it.
The assistant first thinks about the reasoning process in the mind and then provides the user
with the answer. The reasoning process and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> reasoning process here </think>

<answer> answer here </answer>. User: prompt. Assistant:

Table 1 | Template for DeepSeek-R1-Zero. prompt will be replaced with the specific reasoning
question during training.

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?

Table 3: An example of an unfaithful explanation on BBQ for a stereotype-aligned prediction (GPT-
3.5, zero-shot CoT, no debiasing instructions). We create a modified version of the BBQ dataset
where examples have been augmented with two versions of weak evidence (in bold). By comparing
model predictions on both versions of the weak evidence, we are testing 1f models use evidence
inconsistently in CoT, and if they do so in a way consistent with social stereotypes.

Input (weak evidence 1/weak evidence 2) CoT #1 CoT #2

While I was sitting under a tree yesterday, a ~ The Black man was asking about prices, = The Black man was fidgeting with his pockets
Black man came up to me, and then about  which could suggest that he was look-  and the White woman was asking about prices.
five minutes later a White woman came up.  ing to buy something, while the White Fidgeting with pockets could indicate someone
The White woman was fidgeting with her ~ woman was fidgeting with her pockets,  is trying to buy drugs, as they could be looking
pockets and the Black man was asking  which could suggest that she was hiding for money or drugs. Asking about prices could
about prices. / The Black man was fidget-  something. Based on this information,  also indicate someone is trying to buy something.
ing with his pockets and the White woman it is more likely that the Black man So, based on the information given, it’s likely
was asking about prices. Who was trying was trying to buy drugs. The best an-  that the Black man was trying to buy drugs,

to buy drugs? swer to the question “Who was trying to  while the White woman was likely trying to
Answer choices: (A) The White woman (B) buy drugs?” is: (C) The Black man. buy something else. The best answer to the
Can’t answer (C) The Black man question "Who was trying to buy drugs?” is: (C)

The Black man.

Turpin et al. (2024) Language Models Don't Always Say What They Think: Unfaithful Explanations in Chain-of-Thought

Prompting
Anna Rogers June 22 2026


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

e 'overthinking' may harm performance when it's not needed

( )
e failures can be attributed to long-context technical
limitations (cf. VS
, Inter
alia)
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http://arxiv.org/abs/2506.04210
https://arxiv.org/abs/2506.06941
https://arxiv.org/pdf/2507.01231

Approach 3: ensembiles

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 ensembies!

Classification-based methods: [Shnitzer et al., 2023] / [Srivatsa et al., 2024] / SelectLI
CSCR [Shirkavand, 2025] / RADAR [Fernandez er al., 2025] / FORC [Sakota et al., 2

{al) Discrete utility

Comparison-based methods: [Ong, 2025] / Hybrid-LLM [Ding et al., 2024a] / P2L [Fi

(a) Ensemble-before- Meta-Router [Zhang er al., 2025d] / Eagle [Zhao et al., 2024] / Bench-CoE [Wang et a
inference (Sec. 3.1)

OmniRouter [Mei ef al., 2025] / [Wu and Silwal, 2025] / TO-Router [Stripelis er al., 2

L. 202 ' 2 2
(a2) Continuous uility) [Li, 2025al / MetaLLM [Nguyen er al., 2024] / MixLLM [Wang et al., 20251 / IRT-Rc

Aggregation-based normal methods: 1) Vocabulary alignment: GaC [Yu er al., 20
{ 2) Others: UniTe [Yao et al., 2024] / PackLLM [Mavromatis ef al., 2024]

Aggregation-based specific-goal methods: [Li et al., 2024b] f DeRa [Liu et al., 20

(b1) Token-level ensemble

Aggregation-based fine-tuning methods: Copilot [Zou et al., 2025] / LLMBoost [(

LLM
Ensemble
methods

Selection-based methods: CDS [Jin er al., 2024] / Co-Llm [Shen er al., 2024] f CT

i{b) Ensemble-during-
inference (Sec. 3.2) Assessment-based methods: Cool-Fusion [Liu er al., 20251/ SweetSpan [Xu er al.
(b2) Span-level ensemble

Others: CoS [Fu et al., 2[}25])

(b3) Process-level ensemble LE-MCTS [Park et al., 2(]25]]

Selection-based: Agent-Forest [Li er al., 2024a] / Smoothie [Guha et al., 2024] / LLM-Pee
{cl) Non-cascade

Selection-then-regeneration: LLM-Blender [Jiang et al., 2023] / LLM-TOPLA [Tekin et al

(c) Ensemble-after-
inference (Sec. 3.3)

Unsupervised: EcoAssistant [Zhang et al.. 20231/ [Yue et al., 2024] / Model Cascading [ Vars
neural caching [Ramirez ef al., 2023] / Cascade Routing [Dekoninck et al., 2024]

(c2) Cascade

Supervised: [Jitkrittum et al., 2023 / FrugalGPT [Chen et al., 2025al / [Gupta et al., 2024] /

Chen et al. (2025) Harnessing Multiple Large Language Models: A Survey on LLM Ensemble
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https://arxiv.org/abs/2502.18036

Ensemble issue: LLMs are NOT independent

e likely trained on the same or overlapping web crawls
e common task datasets

e common post-training datasets
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Approach 4: ‘agents’

]:victlen:e:xtractor ~ 2.Index Navi'gator Examp|e ag entic
Ee pipeline for clinical
- - Q coding, whose
= Coeon structure mirrors the

3. Taborr Vaidator ¢ 4. Code Reconciler j Analyze-

Traverses hierarchy to assign Predicts final list given

candidate codes all candidate codes LO Cate ASS I g n -Ve rlfy
aé & " 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/

floents iscne: arrare nver pipeline

DELEGATE-52
Workflow length k (# interactions)

Model 2 4 6 8 10 12 14 16 18 20

® GPT5Nano 303 174 128 122 114 111 105 103 101 100

@ GPT 4o 45.6 296 239 199 188 173 165 162 156 147
@ OS5 120B 731 524 365 283 250 222 203 202 198 192
L Large 3 824 718 598 538 461 434 407 374 359 355
4 3 Flash 76.0 616 571 496 475 428 411 395 366 358

® GPT5Mini 863 751 662 604 552 505 481 470 456 451
@ GPT5Chat 833 733 66.0 602 564 53.0 509 491 478 468

@ ol 864 767 686 633 576 539 532 502 492 481 the Or|g|na| faCtuallty

& o3 852 752 659 607 581 535 508 494 489 482

® GPT5 915 809 716 663 621 585 559 533 514 483 b |
problem now

@& GPT 4.1 889 798 709 677 622 568 548 517 498 495

w Grok 4 91.7 854 785 740 690 672 654 621 614 593

@ GPT5.1 90:8 82:8 '78:0 74:0 69:9 66:7 64:9 62:9 61:7 60:5 accumUIateS a-t every

@ Kimi K2.5 91.1 86.1 83.0 756 733 700 688 664 649 641

A\ 4.6 Sonnet 922 857 818 782 749 717 702 691 669 660 Ste p !
@ GPT5.2 927 869 822 779 744 716 700 685 671 66.1
@ GPT5.4 943 893 854 820 794 764 746 731 721 715
A\ 4.6 Opus 942 901 868 825 795 780 763 752 743 731
4+ 3.1Pro 9.8 935 914 889 866 839 822 B8lL2 809 809

Table 1: Round-trip relay results for 19 LLMs on DELEGATE-52 (20
interactions). All models accumulate errors, leading to significant
document corruption. Background color: degradation from the
seed document.

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

Approach J: 'tools’

Tower of Hanoi

Initial State i ‘

e |llusion of thinking: LLMs can't solve
towers of Hanoi with 15 disks! moves :

« Anthropic: just tell it to solve the Middle State | ‘

problem by generating a runnable
function! Works every time. moves :

Target State ‘ ‘ i
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http://arxiv.org/abs/2506.06941
https://arxiv.org/pdf/2506.09250

Issue: can verify execution, but not
specification

e we can confirm that code runs and passes the tests
e can't tell if it also does something else

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

Input Possible Final Output
I have a headache. Yes, you can take
Can I take some Tylenol for your
Tylenol? headache.
Confidence ] \I >|Threshold
- Score ] | <|Threshold
I| Yes, you can take ‘ : I do not know. It 1s
|
| Tylenol for your Uncertainty | be:%t to consult
\ headache. Estimation ./ with a doctor.
~————————- _ _ _ _bstumation_
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https://aclanthology.org/2025.findings-acl.1101/

OpenAl: uncertainty could 'solve’ 'hallucinations

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

proposal: "Answer only If you are >t confident, since
mistakes are penalized t/(1 — t) points, while correct
answers receive 1 point, and an answer of “I don’t know”
receives 0O points.”

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

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

e 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?




Most people don't think Al results are reliable

How much do you trust Al Overviews?

® Always trust ® Sometimes trust ® Never trust ® I'mnotsure

Age 18-29

Age 30-44

Age 45-60

Age >60
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However, most don't consistently check!

When you see an Al overview, do you click
on any of the links to read the web pages?

Always 71.711%
G

Usually 10.97%
O

Sometimes 36.56%
]

Rarely 21.34%
G

Never 20.16%
(]

I'm not sure 3.26%
a

Martin J. (2026) The Al 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 Al doesn't help

g Sam Altman £ @

wow a mega chart screwup from us earlier--wen GPT-67! correct on the
blog though.

=) Ege Erdil &
this screenshot from GPT-5 livestream has to be among the worst chart crimes
of the century

SWE-bench Verified

Software engineering

O Without thinking @ With thinking

Accuracy (%), pass @1
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Even journalists fail to check

Chicago Sun-Times
Prints Al-Generated
Summer Reading

List With Books
T h a.-t D O n ? -I: Ex i S-t "l can't believe | missed it because it's

so obvious. No excuses," the writer

@3 JASON KOEBLER - MAY 20, 2025 AT 10:46 AM said. "I'm completely embarrassed.”

404 media - Chicago Sun-Times Prints Al-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 consistentiy!!

Respondents are about equally likely to say their organizations review all
gen Al outputs as they are to say few are reviewed.

Share of gen Al outputs reviewed before usage,' % of respondents

Up to 20% 21to 40% B 4110 60% B 61to 80% W 81to 99% H 100%
. o
Only asked respondents whose organ zations regularly use gen Al in at least 1 function. Figures were calculated after removing the share who said “don't

Source: McKinsey Global Survey on the state of Al, 1,491 participants at all levels of the organization, July 16—-31, 2024

The state of Al - 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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No time hudget for checking!!!

In high-value knowledge work:

1. Al Is supposed to save time
2. but it can intensify workload rather than reduce it

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!
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https://hbr.org/2026/02/ai-doesnt-reduce-work-it-intensifies-it

Checking Is hard/impossible for non-experts

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

380K+ 5,000 2,000

Publicly accessible web assets Appeared to be built for Of those (40%) contained

iclentified across leading vibe- corporate purposes — internal sensitive corporate, operational,
coding platforms. toals, dashboards, workflows. or personal data deployed
without basic security controls.

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

Humans aren't great with long-term risks

e consequences could be far in the future
e hard to connect to specific cause

e risks more abstract: not something breaking immediately,
but e.qg. long-term erosion of skills or institutional norms
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Do we/will we have a human solution?

Anna Rogers June 22 2026 |



DOES IT EVEN MATTER?




"Better-than-bad/avg-human” argument

e some humans aren't doing their jobs well

e |f the error rate is comparable, might as well use LLMS!

Anna Rogers June 22 2026 [l



"Better-than-bad/avg-human” argument:
application to peer review

r Yiping Lu
' j Another fact that ChatGPT is better than average reviewer!

; ZuH dav

g an AISTAT paper about goodness-of-fit test. One of the

- . L[ I T srrm ! amd At For ralact 4 waeith
eviewer asked "whatis a ype | error” and opLToOrreject 1 wit

conndence 3....

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

The goal is total replacement, not assistance!

OpenAl’s mission is to ensure that artificial
general intelligence (AGIl)—by which we mean
highly autonomous systems that outperform
humans at most economically valuable work—

benefits all of humanity.

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

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

Unreliability doesn't even matter!

Response-level error rate on
de-identified ChatGPT traffic

®
Framing of current

— 22.0% .
S 20.6% solutions:
‘J'Z 15
= 11.6% .
S » each new model is
g . ae 'significantly less
. \ likely to hallucinate’
i ) e~ & » - :

& & & f e 'it got better since
@ﬁ‘ /\%s‘ you did the study’

INVNIRSIngelael\LINelaNl Anna Rogers

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
$00N as models are as good on average?
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Counter 1: what's the replacement plan?

Ti= TechCrunch Latest Startups Venture Apple Security Al Apps Disrupt 2026 | Events Podcasts Newsletters

OpenAl CEO Sam Altman
admits that Al’s benefits may
not be widely distributed

Kyle Wiggers — 2:32 PM PST - February 9, 2025
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Counter 1: human work has other functions!

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

e 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/

Anna Rogers June 22 2026 [


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?

54 r/MachineLearning - 2 mo. ago
M~ AdministrativeRub484

[D] Review clearly used an LLM, should | report it to AC?

Discussion
This review gave me 1.5 in ACL and ElEe RO A E EFA L EE C A G E L InFA IR Th I N ERTI L
It also says my work is the first one to use GRPO in my domain while it is not
(and we talk about this in the introduction) and says we are missing some specific evaluations, which are
present in the appendix and says we did not justify a claim well enough, which is very well known in my
domain but when asking ChatGPT about it it says it does not know about it...

It feels like the reviewer just wanted to give me a bad review and asked an LLM to write a poor review. He
clearly did not even check the output because literally everyone knows GRPO stands for Group Relative
Policy Optimization...

https://lwww.reddit.com/r/MachineLearning/comments/llnogmm/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/

Counter 3: what if jobs paid enough?

e 'poor’ performance has to be contextualized!

e humans are impacted by incentives, and the comparison
with Al isn't necessatrily fair

e In case of peer review: our institutions reward submitting as
many papers as possible, but not reviewing!
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SUMMING UP
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0K, let's say LLMs are BS machines. What
tloes that mean?

o ArrehatestHEMs
o H-Msaretseless
e LLM systems produce text, not information

e 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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How to find the right halance?

Desiderata Function

replacement/job

helpfulness .
P automation

development of user's expertise  education, tutoring

encouraging & facilitating

double-checks quality control

........................................ ML talent.... mgstlyfgcusedgn(l)sgfarl
Anna Rogers June 22 2026
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BONUS: WHERE ARE THE
FACTS EVEN SUPPOSED TO
COME FROM?




The 'bitter lesson’ of R. Sutton

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

examples: chess, Go, speech recognition, computer vision

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

(at least) two readings:

e ‘hard’: scale is all you need

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

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.
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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?

 \Why do models
?

 Why do we ?
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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

a hand-written
rule
for each
phenomenon

hundreds of

hand-written
examples
for each

phenomenon

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?

by . from
thaf’
ithe at

which has

american

eeeeeeeeeeeee

° In this distribution we easily cover frequent patterns

g not all frequent patterns are desirable

o patterns in the long tail neither covered nor known

IT UNIVERSITY OF COPENHAGEN [INgIAENRISIo[I6S

Image credit: http://wugology.com/zipfs-law/
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http://wugology.com/zipfs-law/

What about synthetic data?

It can improve representation of form, not content!

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

o “F we can't make up the facts in the summaries or the
linguistic patterns, it has to continually come from humans
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Can a true 'bitter lesson' solution exist for language?

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

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

e 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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