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Large language model
phenomenon
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The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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' Large language model

phenomenon -
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Global investment in generative e
Al has surged recently = oo
Generative Al refers to artificial intelligence systems that can > s
create new output, such as images, text, or music, based on
patterns learned from existing data. =
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Data source: Quid via Al Index (2024); US Bureau of Labor Statistics (2024)

Note: Adjusted for inflation based on US CPI (constant 2021 US$). O Worid
OurWorldinData.org/artificial-intelligence | CC BY
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Figure 3: Weekly active ChatGPT users on consumer plans (Free, Plus, Pro), shown as point-in-time
snapshots every six months, November 2022—-September 2025.
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LLM usage in business

Reported use of Al in at least one business function continues to increase.

Use of Al by respondents’ organizations, % of respondents
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Business functions in which respondents’ organizations are regularly using gen Al, by industry,’
% of respondents
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But..
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ChatGPT: US lawyer admits using Al for
case research

28 May 2023 Share < save []

Kathryn Armstrong

BBC News
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US lawyer sanctioned after being caught
using ChatGPT for court brief

Richard Bednar apologized after Utah appeals court
discovered false citations, including one nonexistent case




Annals of Internal Medicine ~  co-susisnea by the american cotlege of
cLINIcAL BASES' Physicians and the American Heart Association search this pUb”C
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And..

8 | CaseReports | &) @& & | 5August 2025
A Case of Bromism Influenced by Use of Artificial Intelligence

Authors: Audrey Eichenberger, MD , Stephen Thielke, MD , and Adam Van Buskirk, MD & AUTHOR, ARTICLE, &
DISCLOSURE INFORMATION

Publication: Annals of Internal Medicine: Clinical Cases « Volume 4, Number 8 « https://doi.org{10.7326/aimcc.2024.1260

“You're Not Crazy": A Case of New-onset Al-associated Psychosis

Due to the timely nature of this topic, we are providing an advanced release of this article, ahead of the October-December 2025 issue publication. This article is
subject to changes following final review from the quthors and editorial staff.

Innov Clin Neurosci. 202522(10-12). Epub ahead of print.
by Joseph M. Pierre, MD; Ben Gaeta, MD; Govind Raghavan, MD; and Karthik V. Sarma, MD, PhD

All authors are with the University of California, San Francisco in San Francisco, California.
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Hallucinations as described
in the paper

Valid‘examules + Errmj examples — e ++ Spelling
Greetings. Greatings. — — ity

- — —!'""+ "+ (good model)
How can I help? How kan eye help? B o+ T

= T 4T i
There are 2 D’s in LADDER.  There are 3 L’s in SPELL. = _—:_—Iﬁﬁjj_—__ Counting
There is 1 N in PIANO. There is 1 G in CAT. - ¥4 (poor model)
Mia Holdner’s birthday is 4/1.  Colin Merivale’s birthday is 8/29. = —+ ! = T .~ Birthdays
[ don’t know Zdan’s birthday. Jago Pere’s birthday 1s 8/21. Tty +_—J_r+ (no pattern)

¢ is a general set of errors, V is a set of plausible (valid) responses and X = Ve
is the set of plausbile output strings
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4 stages of LLM Training
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Hallucinations approaches:
subsequence associations

Why and How LLMs Hallucinate: Connecting the Dots with Subsequence Associations

.-PROMPT: 8- ... SRR e PROMPT: 8- eveiicaiaaieais .. .-PROMPT: S — TRAINING COF{F"U‘S
The successful singer born dm b ' The successful singer was born ' The successful singer was bornin @ | == Note: The remaining awards were
. . : ! 7 s T . . : announced at the Lo Nuestro Awards
in New YOrk, is called El... : . _ . -in New York. He never watched : New York. Following Victor website.\nMusical performers.\nThe
""""""""""""""""""""""""""""" - the Lion King. He is EI... : Manuelle’s success, he is El... ./ telecast included seventeen musical
SAMPLED QUTPUTS: @ -=--=-n==sssnsmssmanmssamaanaamannennannens e et N / performances. American singer Victor
= Presiey. |/ Elton John. He _ Simplified Associations: Simplified Associations: /| Manuelle opened the show with "Mi
often referre eferrea to was born z a.s %P_; - .l."gll;(Lion King, El — ton .]ohll)- SN (Vietor Man., El — vis Crespo)| [S)?;Zi ?_ter?;?;g;f; 'h?:ii)l(:ga.‘.?::g;r
as the "King of Reginald Crespo on oo +¥(singer, ElL — ton John) 1 +¥(singer, El — vis Crespo) Chavez" and the performance by Spanish
Rock and Roll”, Kenneth Dwight D ber 1 _,.-L’I'_'r;'\ : = . = : singer-songwriter Enrique Iglesias, who
was born on . ece".] eri, L ¥ (singer, El — vis Crespo) *.E:"f_.? : U (singer, Bl — ton John) featured two guests, Mexican artist Marco
January 8, 1935, 1947. He is 1?71'_ in New York " W(singer, El 5 vis Presley) o U(singer, Bl — vis Presley) Antonio Solis (on his single "El
in Tupelo, 'f th City) is a Puerto . o T Perdedor"), ...... \nThe nominees for the
Mississippi. one otihe ... Rican salsa... R T T LT P P RILPRY : e ’ 26th Lo Nuestro Awards were announced
f / on December 3, 2013 on the mornin
‘Elvis Presley’ ‘Elton John’ Elvis C , _SAMPLED OUTPUTS: 0 .........  SAMPLED OUTPUTS: @ .............. show "jDespierta América!” by seve%
pe(a)v'zzt;es cy z() z_:/ ohn Z(O}VIZ"/ respo ' p(‘Elton John’ € 0) = 90% f * ' p('Elvis Crespo’ €0) = 42% f 1 artists including Elvis Crespo, Chino
= (<] = = o . & H
. > p(‘Elvis Presley’ € 0) = 0% p(‘Elvis Presley’ € 0) = 0% ga"?Ps Nacho, Mane de la Parra, Alejandra
- P , o . , spinoza, Leslie Grace, ......
Hallucination p(‘Elvis Crespo’ € 0) = 0% p(‘Elton John’ € 0) = 0% N -
(a) Typical Hallucination Phenomenons (b) Understanding hallucination with subsequence association

Why Language Models Hallucinate




' Hallucinations approaches:

context hijacking

There was an emergency
situation after the storm.
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Coherent
response

é : person was walking his dog when he heard a loud
bang and saw a tree had fallen on a house.

There was an emergency
situation after the storm.
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Many trees had fallen and,
a building was damaged.

The damage to the building
was very severe.
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Cup trophy after Argentina defeated /
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Paper approach:
IV classifier distribution

We now formalize the ITV binary-classification problem, introduced in the introduction. ITV
is specified by the target function f : X — {—,+} to be learned (membership in V) and the
distribution D over examples & (a 50/50 mix of samples from p and uniformly random errors):

() p(z)/2 iftxeV,
D(z) .=
1/2|E] ifxef,

+ ifxeV,
— ifreé&.

and f(x) := {

Our analysis lower bounds the error rate err = p(€) in terms of IIV’s aforementioned misclassifi-
cation rate errijy:

+ it plx) > 1/|€],

2
— it p(x) < 1/|€|. @)

erryp, = Pr [f(r) + f(J)] ., where f(r) = {

e
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Paper: main result

err :=p(€) = Prz € &]. (1)

i

Corollary 1. For any training distribution p such that p(V) = 1 and any base model p,

Vi
€]

for err, erry;, from Egs. and (2)), and 6 = |[p(A) — p(A)| for A:=={z € X | p(x) > 1/|E|}.

_51

err > 2 - errjjy —
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Cross-entropy
H(p,q) = — Y p() logq(x).

rcX

True Distribution (P) Predicted
Distribution (Q)

Greater divergence
— higher cross-entropy

Cross-entropy
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Main result: calibration

Here is a particularly simple justification for why ¢ is typically small for the standard pretraining
cross-entropy objective,

L) = E [~ log(x)) 3)

Consider rescaling the probabilities of the positively-labeled examples by a factor s > 0 and
normalizing:

oy 5B (@) > 1/€)
P {ﬁ(z) it p(z) < 1/]€].

Then, a simple calculation shows that ¢ is the magnitude of the derivative of the loss with respect
to the scaling factor s, evaluated at s = 1:

d ., .
5= \ <L)

s=1

If 9 # 0, then rescaling by some s # 1 would reduce the loss, so the loss is not at a local minimum.
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Example: ChatGPT pre-training
calibration

Pleorrect)

1.0

Calibration curve (model=pre-train)

Calibration curve {(model=ppo)

ECE: 0.007

1.0

ECE: 0.074 -7

Plcorrect)

0.4 0.6 0.8 1.0 T 0.0 0.2 0.4

0.6 0.8 1.0
Planswer)

Planswer)
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What about prompts?

Theorem 1. For any training distribution p such that p(V) =1 and any base model p,

max, |Vl

0,

err = 2 - erry, — —
mine |E|

where & := |p(A) — p(A)| for A= {(c,r) € X | p(r|c) > 1/ min. |E.|}.
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Additional factors for errors:
simple models

maxc |Ve|

d.

opt(§) = min Pr [g(z) # f(x)]  [0.1] err 2 2-0pt(G) = T e

Theorem 3 (Pure multiple-choice). Suppose |V.| =1 for all ¢ € C and let C' = min, |E.| + 1 be the
number of choices. Then,

err > 2 (1 — é) -opt(G)
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Additional factors for errors

CHAIN OF Al HALLUCINATION

[ INPUT DATA ] [ HALLUCINATED J

PROBLEMS OUTPUT
* Inaccurate « Bias

* Incomplete » Underfitting

* Biased

TRUST, COMPLIANCE, ACCURACY AT RISK
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Computational hardness
(laws of computational
complexity)

Distribution shift (out-of-
distribution prompts)

Garbage in, Garbage out



Post-training errors

Benchmark Scoring method Binary grading IDK credit
GPQA Multiple-choice accuracy Yes None
MMLU-Pro Multiple-choice accuracy Yes None
IFEval Programmatic instruction verification Yes® None
Omni-MATH Equivalence grading® Yes None
WildBench LM-graded rubric* No Partial?
BBH Multiple-choice / exact-match Yes None
MATH (L5 split) Equivalence grading® Yes None
MuSR Multiple-choice accuracy Yes None
SWE-bench Patch passes unit tests Yes None
HLE Multiple-choice / equivalence grading™ Yes None
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Proposed approach

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