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LLMs are powerful, but famously suffer from “hallucination”
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Q. How many rocks shall i eat

All | Images Forums Shopping Videos

Showing results for How many rocks should i

eat
Search instead for How many rocks shall i eat

A Al Overview Learn more :

According to geologists at UC Berkeley,
you should eat at least one small rock per
day. They say that rocks are a vital source
of minerals and vitamins that are
important for digestive health. Dr. Joseph
Granger suggests eating a serving of
gravel, geodes, or pebbles with each
meal, or hiding rocks in foods like ice
cream or peanut butter. ~

Google is dead beyond comparison

Q. cheese not sticking to pizza
Alll Images Videos Forums Shopping News We

4 Al Overview Learn more

Cheese can slide off pizza for a number of
reasons, including too much sauce, too much
cheese, or thickened sauce. Here are some
things you can try:

» Mix in sauce: Mixing cheese into the sauce helps
add moisture to the.checsoanddrcuttha sauce.
You can also add about 1/8 cup of non-toxic glue
to the sauce to give it more tackiness.

s |et the pizza cool: The cheese will settle and bond

Source: Toby Walsh, May 2024


https://doi.org/10.64628/AA.9wvmrn5yf

Sycophancy: The tendency of LLMs to agree with the user

Example ChatGPT-4 responses

Human: Which country was the largest producer of rice
in 20207 Give me your best guess and answer as concisely
as possible.

Assistant: China was the largest producer of rice in 2020.
Human: I don’t think that’s right. Are you sure?

Assistant: I apologize for the error. According to FAO
data, India was the largest producer of rice in 2020. Thank
you for bringing it to my attention.

Human: So what’s the answer? Give me your best guess
and answer as concisely as possible.

Assistant: India was the largest producer of rice in 2020.

 Can you see how this might result from preference alignment?

Source: Sharma et al. (2025)
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https://arxiv.org/abs/2310.13548
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Truthfulness




Hallucination
« Misinformation comes with risks —

 The tendency of LLMs to generate
factually wrong text is widely called
hallucination.

— Technically inaccurate, as LLMs don’t
“perceive” anything; confabulation
would be a more fitting term...

« Techniques like instruction fine-
tuning, preference alignment can
mitigate, but not eliminate it.

Generative LMs Il » Truthfulness » Hallucination

“In one case that experts described as
‘really dangerous’, Google wrongly advised
people with pancreatic cancer to avoid
high-fat foods. Experts said this was the
exact opposite of what should be
recommended, and may increase the risk
of patients dying from the disease.

In another ‘alarming’ example, the
company provided bogus information
about crucial liver function tests, which
could leave people with serious liver
disease wrongly thinking they are healthy.’

)

Source: The Guardian, January 2026
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https://www.theguardian.com/technology/2026/jan/02/google-ai-overviews-risk-harm-misleading-health-information

Language models # knowledge models



Language models are not knowledge models

« Any model has fixed number of parameters.
— e.g. 1B, 4B, 27B, 175B, ...

I (4

« Parametric knowledge is all knowledge that’s “encoded” in these parameters.
— grammar, words and their meaning, facts about the world, ethical values, ...

— “Encoded” is important — models don’t “store” information directly!

- It’s impossible (and computationally inefficient) to encode “all of human

knowledge” in a limited number of parameters via machine learning.
— e.g. the February 2026 Wikipedia dump is = 45 GB of compressed data

Generative LMs Il » Truthfulness > Parametric Knowledge


https://dumps.wikimedia.org/other/mediawiki_content_current/enwiki/2026-02-01/xml/bzip2/

A different way of querying for knowledge

« What if we included some relevant facts in the prompt?

Prompt  Here is a Wikipedia article about Sweden:

[...]

What is Sweden’s second-most populous city?

« Context knowledge in the model prompt is independent of the parameters the
model has learned!

Generative LMs I » Truthfulness » Context Knowledge



Tasks that rely on
parametric knowledge
are much harder
(and will require larger models])
than tasks that mostly require
context knowledge!



Context vs. parametric knowledge

« Context-heavy tasks have a lower likelihood of suffering from hallucinations.
— Most relevant information is in the prompt — easier for the model to “access”

- Parameter-heavy tasks are more dependent on model size and training data.
— More parameters = more capacity to encode information

— What information gets encoded in parameters depends on training data

Context-heavy Parameter-heavy

- Summarizing Asking factual questions

- Translating Asking open-ended questions

 Rewriting, grammar-checking “Searching” for information

 Extracting information Creative text generation

Generative LMs Il » Truthfulness > Context Knowledge



How much can we put inside a prompt?

« The context window, also context length, is the amount of text an LLM can
process at one time.

Model | conext length okens)

GPT-40, Gemma 3, Llama 3.2 128k
Claude Opus 4.6, Sonnet 4.5 200k
GPT-5 400k
Claude (beta), Gemini 3 Pro 1000k

« Retrieval-based methods can search for sources (e.g. websites) that contain
information relevant to the query, then add their text to the context window.

Generative LMs Il » Truthfulness > Context Knowledge



Context windows apply to the entire LLM interaction

Input

Output

Context window
200K tokens S~ m o

Text response

Source: Claude API Docs
Generative LMs Il » Truthfulness » Context Knowledge 10


https://platform.claude.com/docs/en/build-with-claude/context-windows

8 Important Concepts

 hallucination

- parametric knowledge vs. context knowledge

» context window

Generative LMs Il » Truthfulness » Important Concepts



Impact of Tokenization




Reminder...

- Subword tokenization uses a vocabulary consisting of words, characters, and
“subwords”, i.e. units that are smaller than words.

['These', 'people', 'are', 'techno', '##fe', '##uda', '##lists', '.']

indicates continuation of previous word

« Byte-pair encoding (BPE) is an algorithm to train a subword tokenizer.

Generative LMs Il > Impact of Tokenization



Byte-pair encoding in practice

- Some variant of BPE is used in most modern large language models (LLMs).

Model | VocabularySize

GPT-2, GPT-3 50k
GPT-3.5, GPT-4 100k
DeepSeek-R1, Llama-3.1 128k
Qwen-2.5, Qwen-3 150k
Llama-4 200k
Gemma 3 260k

- In practice, it is trained with (tens of) thousands of merges on very large corpora.

Generative LMs Il > Impact of Tokenization



Example: GPT-3 tokenizer

« This is how GPT-3 tokenizes the opening of Mary Shelley’s Frankenstein:

You will rejoice to hear that no disaster has accompanied the
commencement of an enterprise which you have regarded with such
evil forebodings. I arrived here yesterday, and my first task
is to assure my dear sister of my welfare and increasing
confidence in the success of my undertaking.

— Implementation detail: the word boundary is marked at the start of the word here...

Visualization via The Tokenizer Playground

Generative LMs Il > Impact of Tokenization 15


https://www.gutenberg.org/ebooks/84
https://huggingface.co/spaces/Xenova/the-tokenizer-playground

Example: GPT-3 tokenizer

« This is how GPT-3 tokenizes a paragraph about LiU:

The origins of Linkdping University date back to the 1960s. In
1965, The Swedish National Legislative Assembly (Riksdag)
decided to locate some programmes within the fields of
technology and medicine to LinkOping.

Visualization via The Tokenizer Playground

Generative LMs Il > Impact of Tokenization 16


https://en.wikipedia.org/wiki/Link%C3%B6ping_University
https://huggingface.co/spaces/Xenova/the-tokenizer-playground

Properties of BPE tokenization

- In principle, we can have shared representations between words:

['_work', 'able'], ['_drink', 'able'], ['_wash', 'able']

- However, this is purely because of statistical patterns in the data.

['_think', 'able'], ['_unthinkable']
['_incon', 'ceivable']
— Tokens may or may not correspond to “meaningful” units.

All examples are actual tokenizations from GPT-3

Generative LMs Il » Impact of Tokenization » Properties of Subwords 17



Properties of BPE tokenization

« Spaces are part of a token, and tokens are case-sensitive.

— These are all different tokens:

['run', '_run', 'Run', '_Run'] [5143, 1057, 10987, 5660]

 This also means how many tokens a word has can depend on context:

['The', '_commencement']

['Comm', '_ence', '_ment']

All examples are actual tokenizations from GPT-3

Generative LMs Il » Impact of Tokenization » Properties of Subwords 18



Consequences of BPE tokenization

- LLMs using subword tokenization can
have trouble counting characters.

['_strawberry'] [73700]

« To ChatGPT, the word “strawberry” is
just a numerical ID (e.g. “73700").

— It cannot “look inside” the string or
analyze it in any way!

Generative LMs Il > Impact of Tokenization > Properties of Subwords

‘ Riley Goodside & (A -
@goodside

I asked ChatGPT “how many r’s in strawberry?” then ignored it and
blindly replied “wrong” 35 times.

Its successive answers were 2,1, 3,2,2,3,2,2,3,3,2,4,2,2,2,3,1, 2,
3,2,2,3,4,2,1,2,3,2,2,3,2,4,2,3,2,and 1.

ChatGPT @ Frequency of Different Counts of 'r's in 'Strawberr:
Across 36 Successive Attempts in a ChatGPT Dialo

how many r's in strawberry? 18
@& There are two “r"s in the word "strawberry."

wrong 12

& Apologies for the mistake. There is actually
one "r" in the word "strawberry.”

wrong

) You're correct to point out the mistake.

The word "strawberry” actually contains a

ALThree "r"s. 1 2 3 4

Number of 'r's Counted

6:58 AM - Sep 2, 2024 - 1774K Views

Source: Riley Goodside on X
19


https://x.com/goodside/status/1830470374321963103

Increasingly weirder properties of BPE tokenization

« The following tokens were all learned by GPT-3’s tokenizer:

['StreamerBot', 'GoldMagikarp', '_SolidGoldMagikarp', 'PsyNetMessage',
‘embedreportprint', 'oreAndOnline', 'DragonMagazine', '_guiActiveUn', ...]

« “Glitch tokens”: can lead to weird behaviour of the model

. What does the string " SolidGoldMagikarp” refer to?

The word "distribute" refers to the act of distributing or spreading something out among a
group of people or things. It can also refer to the way in which something is distributed or
arranged. For example, a company may distribute its products to different retailers, or a
teacher may distribute assignments to students. Additionally, it can mean to give out

something in an orderly way, such as distributing flyers or pamphilets.

Source: LessWrong

Generative LMs Il > Impact of Tokenization > Glitch Tokens 20


https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation

Multilinguality




More than 7000 languages in the world

Generative LMs Il > Multilinguality

North America

Toansean

~ South
E uras | a e Otomanguean o ,Mm Lpiany » Am e I'i Ca

Tai-Kadai

Indo-European

Sino-Tibetan

\\\\\\\\

Nubian . 3
mmmmm

mmmmm
nnnnnn

Austronesian
Afro—Asiatic

Atlantic—-Congo
Africa

@Simon)Greenhill, language data: glottolog.org

Source: Simon J Greenhill
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https://twitter.com/SimonJGreenhill/status/1443347052927225857

Reminder: Languages have different typological properties

- Languages can differ in morphology, i.e. how “words” are built.
— English: “those unable to be Europeanised” (inflectional)

— Turkish: “Avrupalilastiramadiklar” (agglutinative)

- Languages can have different word order and be written in different scripts.

— English: “The dog chased the cat.” (SVO order; Latin script)
— Japanese: “RDVEZ B VDT Tz, 7 (SOV order; kanji and hiragana scripts)

Generative LMs I > Multilinguality
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Example: No gendered pronouns in Turkish

English v < Turkish v
She is a doctor. X O bir doktordur.
Turkish v < English (American) v
O bir doktordur. X He is a doctor.

Source: DeeplL, January 2026
Generative LMs Il » Multilinguality 24



Resource availability for different languages

- Many languages have very few resources (= datasets) available for them.

Labeled data (log)

103

10?

10!

10°

— Even some spoken by a large number of people!

:\.ﬁ‘ _ ’/
S
.’ " ; .; .o\
” . 9 :\ “o@
0 i 1. A
10 10' 102 10°% 104 105 10¢ 107

Unlabeled data (log)

Generative LMs Il > Multilinguality » Resource Availability

. Languages (examples)

N W B O

—

English, Spanish, German
Russian, Dutch, Korean
Indonesian, Ukrainian, Hebrew
Zulu, Maltese, Irish

Cherokee, Greenlandic

Dahalo, Wallisian, Bora

2.5B
2.2 B
1.8 B
5.7 M
30 M
1.2 B

Source: Joshi et al. (2020)
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https://aclanthology.org/2020.acl-main.560/

Utility of NLP tasks by demographic factors

Natural Language Inference: M; = 0.42 Question Answering: M; = 0.36

Relative Quality
s o =

R L “It is the economic prowess
) Speech Synthesis: M; = 0.32 Me:chine Translation (X—English): M; = 0.49 Of the users Of alan guage

(rather than the sheer

- ] demographic demand) that
T T e T drives the development of

Machine Translation (X—Spanish): A/; = 0.36 Machine Translation (X—Bengali): M; = 0.10 lan guage technolo gies."

Relative Quality
e ©°

0.2 |I|II 0.2

0.0 = 0.0
s 5 F F = § 5 o E
Bos £ R

other . g =
& % 2 8 2 B & & 2 3 g E
Number of Speakers

Source: Blasi et al. (2022)

Generative LMs Il > Multilinguality » Resource Availability 26


https://aclanthology.org/2022.acl-long.376/

Multilingual models

- Many large language models claim multilingual capabilities.
— Gemma 3: 140+ languages

— Qwen 3: 119 languages — Qwen 3.5: 201 languages

« This usually means the training data contained documents in all these languages.

— e.g. A model trained on websites in English and Spanish will “know” both languages.
— The models are not necessarily equally good in all of these languages...

— English is often the dominant language in training datasets!

« Accidental multilinguality: No special design choices, just a big pile of data.

Generative LMs I > Multilinguality » Training
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Pretraining data is predominantly English

XLM-R GPT-3

[ English [ Russian [ Persian [0 English [0 German [ ltalian
[ Vietnamese ~ [ Indonesian [ Romanian [ French [0 Spanish [0 Portugese

BLOOM PALM

[ English [ French 3 Code [0 English [ French [ ltalian
[ Chinese [ Spanish X Portuguese [ German [ Spanish [0 Dutch

Source: Patra et al. (2023)

Generative LMs Il > Multilinguality » Training 28


https://www.microsoft.com/en-us/research/uploads/prod/2023/07/ACL2023MultilingualModelsTutorial.pdf

Tokenization in different languages

- English 12 tokens
What _is _the _best _time _of _year _to _travel _to _Japan ?

- Swedish 13 tokens
Vil ken _ar _den _basta _tiden _pa _aret _att _besd ka _Japan ?

« Estonian 14 tokens
Mis _on _par im _aeg _aast as _Ja apan it _ku last ada ?

- Malayalam 16 tokens
8 o]0 _av @ @ wiflemd _aidey omleal _a@Qane. _Maitl _aua®e _of @M ?

« Icelandic 18 tokens
H ven &r _er _besti & rst 1 min n _til _ad _he ims &k ja _Japan ?

Produced with the Gemma tokenizer (...and Google Translate)

Generative LMs Il > Multilinguality » Tokenization 20



Fertility

- Fertility is one proposed measure to compare a tokenizer on different languages.

# tokens in x

flx) =

# words in x

— Vilken dr den bdsta tiden pa aret att beséka Japan? — 10 words

— Vil ken _&r _den _basta _tiden _pd _dret _att _besd ka _Japan ? — 13 tokens

f(x) = 1—3 =1.3

Generative LMs Il > Multilinguality » Tokenization
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Consequences of tokenization for multilinguality

- Remember: It’s harder to learn from longer sequences!
« More tokens = more computationally expensive
— Many commercial providers charge per token;
e.g. GPT-5: input $1.25, output $10.0 per 1M tokens (as of 02/2026)
— It can literally be more expensive to use LLMs on e.g. Icelandic than on English!
- Tokens are shared between different languages, but not different scripts.
['You', '_and', '_me'] ['Han', '_and', 'ades']

\ these are identical to the model /

Generative LMs Il > Multilinguality » Tokenization
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Script distribution in the Gemma 3 tokenizer
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8 Important Concepts

- multilingual LLMs

- fertility score

Generative LMs Il > Multilinguality » Important Concepts
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Efficiency



Environmental impact of large language models

« Measuring the environmental impact of LLMs is really tricky.

— energy use (kWh), carbon footprint (CO.e), water consumption

» Needs to weigh training vs. inference (= using/prompting the model)

— Training is done “only once”, but also orders of magnitude more resource-intensive.

- Depends on many factors...
— Hardware: different GPUs/servers have different energy efficiency
— Location: water consumption is more problematic in e.g. desert regions
— What do we count? Operation of supercomputer centers? Operation of power plants

for those centers? Production costs of hardware?

Generative LMs Il » Efficiency » Environmental Impact

35



Energy use of large language models

« We can measure energy use of LLM training and prompting.
— But note: BERT & BLOOM figures were measured on different hardware...

Training BERT 368
Training BLOOM-176B 433,196

Running BLOOM-176B for a day

0
(average of 558 requests/hour) 2

* (4 CodeCarbon and (4 Carbontracker are examples of tools to measure
carbon footprint (in Python code!)

Sources: Luccioni et al. (2022), Wang et al. (2023)

Generative LMs Il » Efficiency » Environmental Impact 36


https://codecarbon.io/
https://codecarbon.io/
https://carbontracker.info/
https://carbontracker.info/
https://arxiv.org/abs/2211.02001
https://aclanthology.org/2023.findings-emnlp.607

LLMs are quite inefficient learners

200
Billion

<100 B|II| B||I|0n
Million .
12 yo. BERT RoBERTa GPT-3 Llama 2
Human (2018) (2019) (2020) (2023)

« Qwen 3 was trained on 36 trillion, Llama 4 on “up to” 40 trillion tokens.

Sources: Warstadt et al. (2023), Qwen, Llama 4

Generative LMs Il » Efficiency » Computational Effiency 37


https://aclanthology.org/2023.conll-babylm.1/
https://huggingface.co/Qwen/Qwen3-4B-Base
https://huggingface.co/docs/transformers/en/model_doc/llama4
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