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Training data for LLMs



Different stages require different data source: Liu et al. (2024)

Raw text Instruction + Multiple outputs Task-specific Inputs + gold
(web, books, code, ...) desired output + preference input-output pairs labels / references

—»‘—» —»‘—».

Pretraining Instruction tuning Preference tuning Task finetuning Evaluation
Trillions of tokens 10k-1M examples 10k-1M examples 1k-100k examples 100-10k examples
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https://arxiv.org/abs/2402.18041

Classic sources of pretraining data

Early pre-trained models relied on smaller, curated datasets such as:

e Wikipedia: very clean data, multilingual (~ 4B words in English)

e BooksCorpus (Zhu et al., 2015): 7,000 self-published books

e Project Gutenberg: over 70k public-domain books

e The Pile (Gao et al., 2020): 800 GB from 22 sources (academic, legal, code, ...)

BERT & GPT-2

BERT used Wikipedia + BooksCorpus (~ 16 GB of text). GPT-2 used WebText (~ 40
GB, outbound links from Reddit that received at least 3 upvotes).
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https://arxiv.org/abs/1506.06724
https://arxiv.org/abs/2101.00027

Pretraining data: web-scale corpora

Current pretraining is dependent on filtered Common Crawl snapshots:

Dataset Provider Size (approx). | Note

C4 (Raffel et al., 2019) Google / AllenAl 806 GB English-only

mC4 (Raffel et al., 2019) Google / AllenAl 38.5TB 101 languages
RefinedWeb (Penedo et al., 2023) | TlI 2.8TB English-only

RedPajama v2 (Weber et al., 2024) | Together.Al + univ. | 170 TB 5 languages (en,de,fr,es,it)
Dolma (Soldaini et al., 2024) AllenAl 1 TB Mostly English

FineWeb (Penedo et al., 2024) Huggingface 50 TB English-only

Common Crawl

Nonprofit that crawls the web monthly since 2007, has PBs of data in total.
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https://commoncrawl.org
https://arxiv.org/abs/1910.10683
https://www.tensorflow.org/datasets/catalog/c4
https://huggingface.co/datasets/allenai/c4
https://arxiv.org/abs/1910.10683
https://www.tensorflow.org/datasets/catalog/c4#c4multilingual
https://huggingface.co/datasets/allenai/c4
https://arxiv.org/abs/2306.01116
https://www.tii.ae
https://arxiv.org/abs/2411.12372
https://huggingface.co/datasets/togethercomputer/RedPajama-Data-V2
https://arxiv.org/abs/2402.00159
https://huggingface.co/datasets/allenai/dolma
https://arxiv.org/abs/2406.17557
https://huggingface.co/datasets/HuggingFaceFW/fineweb

Open pretraining dataset: Dolma source: Soldaini et al. (202%

Dolma: 11 TB of cleaned data from 200 TB of raw text.

Source Doc Type UTF(—(S; ‘;))ytes ?;f;‘;;f;ts Uw:’l;i{:lge :;1::[1;
(billions)  (billions)
Common Crawl ¥ web pages 9,812 3,734 1,928 2,479
GitHub <[> code 1,043 210 260 411
Reddit 2 social media 339 377 72 89
Semantic Scholar = papers 268 38.8 50 70
Project Gutenberg = books 20.4 0.056 4.0 6.0
Wikipedia, Wikibooks W encyclopedic 16.2 6.2 3.7 4.3
Total 11,519 4,367 2,318 3,059
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https://arxiv.org/pdf/2402.00159

Pretraining data processing source: Liu et al. (202

Step 1: Data Collection
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i [ Select Data Source ] [ Language Detection ] L_
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Step 4: Data Standardization

[ Spelling Correction ] [ Remove Stop Words J

|
|
I [ Sentence Splitting ] [ Simplified Chinese ]
i
|
|

Step 5: Data Review

z . |
[ Record Cleaning Process ] [ Human Evaluation ]—:—
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https://arxiv.org/abs/2402.18041

Pretraining data processing

URL filtering: remove known low-quality domains, adult content, spam
Language identification: keep only the target language(s) (e.g. using fastText)
Text extraction: strip HTML, boilerplate, navigation, ads.

Fown s

Quality filtering: remove short/repetitive/low-quality pages
e Heuristic rules (perplexity filtering, character ratios, ...)
e Classifier-based (train a model to distinguish “good” from “bad” text)

5. Deduplication: remove near-duplicate documents (MinHash, n-gram overlap, ...)
6. PIl removal: redact emails, phone numbers, addresses

7. Toxic content filtering: remove hate speech, harmful content
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HOW mUCh data iS there? source: Villalobos et al. (2022

We are approaching the limits of human-generated text data — estimated to be
exhausted by ~ 2028 for high-quality text.

Effective stock (number of tokens)

Estimated stock of human- | eremsenemmsem e
10'8| generated public text; 95% Cl...----om \ """"""""""""""""""""""""""""""""""""""""""""
R / _________________________
1013 ________________________________
__________________ ~2028
_________________ Median date of full
1012 T TN T stock use; 80% ClI
----------- ~2027
o GPT-3 7 Median date with 5x
107 L overtraining; 80% CI
“ T T T 1 I T
2020 2022 2024 2026 2028 2030 2032 2034
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https://arxiv.org/abs/2211.04325

Instruction tuning & preference optimization

Question
Where can we get the data for instruction tuning and preference optimization?

e Human annotators: companies like Scale Al, Surge Al, or in-house teams.
e Crowdsourcing: Amazon Mechanical Turk, Prolific
e Existing open datasets: FLAN (Chung et al., 2022), Open Assistant, Dolly

e Synthetic: Generate data using a stronger LLM.

Info
For InstructGPT, OpenAl used around 40 human annotators (Ouyang et al., 2022).
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https://arxiv.org/abs/2301.13688
https://arxiv.org/abs/2203.02155

OpenAl & human annotators
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TechScape newsletter

TechScape: How cheap,

outsourced labour in Africa
is shaping Al English

Workers in Africa have been exploited first by
being paid a pittance to help make chatbots,
then by having their own words become Al-ese.
Plus, new Al gadgets are coming for your
smartphones

source: The Guardian

= Q aar @
POLITICS SOCIETY INTERNATIONAL ECONOMY

WEAFRICA24 > Blog > TECH > The C Role of African Data Annotat -

The Crucial Role of African Data
Annotators in Al Development

Ghita Bellamin = Published February 7,2025
Last updated: 2025/02/07 at 125 PM

Paris is hosting a series of events on artificial

intelligence (Al) from Thursday until February Tith,
highlighting the critical role of data annotators and
labelers—often referred to as the “invisible
workforce” of Al. These workers train Al models to
recognize images and text, with a significant
number of them based in Africa. While Madagascar

TIME  susscree @

Introducing the 50 Most Underappreciated X
Movies of the 21st Century

VIEW MORE >

Exclusive: OpenAl Used
Kenyan Workers on Less
Than $2 Per Hour to Make
ChatGPT Less Toxic

ADD TIME ON GOOGLE

429 by Billy Perigo
CORRESPONDENT
ontent warning: this story contains
descriptions of sexual abuse

ChatGPT was hailed as one of 2022's most
impressive technological innovations upon
its release last November. The powerful
artificial intelligence (Al) chatbot can +
generate text on almost any topic or theme,
from a Shakespearean sonnet reimagined in
the style of Megan Thee Stallion, to complex

source: WeAfrica24

source: Time.com

NI-NLM - 05 - Lecture Trainingdata  Model sources « Evaluating LLMs <« Benchmarks - Other evaluation methods « Summary

11/51


https://www.theguardian.com/technology/2024/apr/16/techscape-ai-gadgest-humane-ai-pin-chatgpt
https://weafrica24.com/2025/02/07/the-crucial-role-of-african-data-annotat/
https://time.com/6247678/openai-chatgpt-kenya-workers/

Finetuning for specific tasks

source: Liu et al. (2024

Beyond instruction tuning, LLMs can be finetuned on task-specific datasets such as:

= Summarization

CNN/DailyMail, XSum

® Question answering
SQuAD, HotpotQA
sto Natural language inference 3 Machine translation

MNLI, SNLI WMT datasets, FLORES

3 Text classification
AG News, DBpedia STS-B, QQP

Y Semantic similarity

© Sentiment analysis
SST-2, IMDB

© Named entity recognition

CoNLL-2003, OntoNotes

[ Task-oriented dialogue

MultiwOz, DailyDialog

Most task-specific datasets are now published at HuggingFace Datasets.
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https://arxiv.org/abs/2402.18041
https://huggingface.co/datasets

Synthetic data

Synthetic data is becoming increasingly important:

e Pretraining data: “textbook-quality” data - Phi models (Gunasekar et al., 2023).

e Synthetic instruction data: using LLM to generate instruction-response pairs.
e Synthetic preference data: using LLM feedback instead of human feedback (RLAIF).
e Data augmentation: paraphrasing, back-translation, perturbation.

Training on synthetic data can cause progressive degradation of model output
quality: so called “model collapse” (Shumailov et al., 2023). However, this is

largely preventable, e.g. by mixing in human data (Feng et al., 2024).
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https://arxiv.org/abs/2306.11644
https://arxiv.org/abs/2305.17493
https://arxiv.org/abs/2406.07515

More reading on synthetic data source: Huggingface

The Synthetic Data Playbook:
Generating Trillions of the Finest Tokens

90 EXPERIMENTS - 1.95B DOCUMENTS - 1 PAGE = 100M TOKENS
Gemma (44) © Qwen (12) SmolLM2 (10) « Falcon (8) & Granite (8) @ Llama (8)

How to turn noisy web text into state-of-the-art pretraining data with the right

prompts, models, and infrastructure
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https://huggingface.co/spaces/HuggingFaceFW/finephrase
https://huggingface.co/spaces/HuggingFaceFW/finephrase

Where to find the LLMs?



HuggingFace: source of open LLMs source: HuggingFace Models

HuggingFace: the largest repository of open LLMs.

As of March 2026, it contains ~2.7M models (many of these are derivatives).

g;;_v\:, Hugging Face Q Search models, datasets, users... # Models ~ Datasets Spaces [l Docs Pricing ~= ‘
UEMMP Tasks Libraries Languages Licenses Other Models 2,696,507 Filter by nar 4 Inference Available 1L Sort: Trending
Tasks

%% Qwen/Qwen3.5-9B
B TextGeneration X Any-to-Any [ Image-Text-to-Text - . 10B - Updated 7 daysago - & 868k « < 588
[  Image-Text-to-Text [ Image-to-Text

8 Lightricks/LTX-2.3
[ Imageto-image [ Textto-Image & Image-to-Video - Updated 3 daysago - & 175k - < 344

> Text-to-Video G Text-to-Speech  +44

% Qwen/Qwen3.5-35B-A3B

Parameters > Image-Text-to-Text - . 36B - Updated 9 days ago - & 1.14M < 1.04k
<1B 6B 128 328 1288 >500B
® ° % Qwen/Qwen3.5-0.8B

B Image-Text-to-Text - .i 0.9B - Updated 6 days ago - L 406k - < 317
Libraries

% Qwen/Qwen3.5-4B
B Image-Text-to-Text - . 5B « Updated 7 days ago - . 349k - < 293

¢ PyTorch  1F TensorFlow o JAX

& Transformers ¢ Diffusers
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https://huggingface.co/models

Ollama: repository of quantized models source: Ollama

Ollama: quantized variants of open LLMs.

F@% Discord GitHub Models Q, Search models Signin

All Embedding Vision Tools Popular v

qwq
QwaQ is the reasoning model of the Qwen series.

tools  32b

A, 624.7KPulls 8Tags (D Updated 2 days ago

deepseek-r1

DeepSeek's first-generation of reasoning models with comparable
performance to OpenAl-o1, including six dense models distilled from
DeepSeek-R1 based on Llama and Qwen.

1.5b 7b 8b 14b 3zb 70b 671b

&, 2aMPulls 29Tags  (© Updated 4 weeks ago

llama3.3
New state of the art 70B model. Llama 3.3 70B offers similar
performance compared to the Llama 3.1 405B model.

tools  70b

4, 1.4MPulls  © 14Tags (O Updated 3 months ago
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https://ollama.com/library

Evaluating LLMs



Intrinsic vs. extrinsic evaluation

O Intrinsic evaluation QR Extrinsic evaluation

Evaluates a specific quality of the model Evaluates the model in the context of a

in isolation. downstream system.

Can be measured automatically. Usually requires users.
Examples Examples
e Perplexity e User satisfaction
e Accuracy on a benchmark e Time to finish a task

e Fluency, grammaticality, ... e Successful cases after deployment
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What we will cover

O Intrinsic evaluation Q Extrinsic evaluation
e Perplexity: how well can the model e Agentic benchmarks: benchmarks
predict the next token based on completing tasks
e Standard benchmarks e LM arenas: human preference
o Accuracy / F1-score: when we can judgements on custom tasks
match the answer exactly e Real-world traffic: how people are
o Text similarity metrics: for actually using the models

comparing textual answers
o LLM-as-a-judge: for flexible

evaluation
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Question

How would you measure how well LMs do language modeling itself?

Perplexity: Measures how “surprised” the model is by the next word:
1 N
PPL = exp (_N ;logP(xi | 4, ...,:U,L-l))

e Lower is better — the model assigns higher probability to the actual text.
e Directly related to cross-entropy loss from training.

e However, a model can have low perplexity and still not be very useful.

NI-NLM - 05 - Lecture Trainingdata ¢ Model sources « Evaluating LLMs - Benchmarks - Other evaluation methods < Summary 21/51



How good actually are the LLMs? source: Artificial Analysis

Artificial Analysis LLM Leaderboard: the “Intelligence index” (- aggregated

performance on 10 benchmarks) + price, speed, latency...

Features Intelligence CI) Price I Speed Latency CI)
Artificial )

Model 7. Cc»mtext N Creator 1. Analysis N BIETREY ™ UETD g | EET N Furthe_r

Window N USD/TM Tokens Tokens/s First Answer Chunk (s) Analysis

Intelligence Index

Gemini 3.1 Pro Preview 2 1m G Google 57 $4.50 119 33.59 3 Model | (3 Providers
GPT-5.4 (xhigh) 2 1m & OpenAl 57 $5.63 78 184.99 3 Model (3 Providers
GPT-5.3 Codex (xhigh) © 400k @ OpenAl 54 $4.81 65 96.73 @ Model | (4 Providers
Claude Opus 4.6 (max) ¢ 200k A\ Anthropic 53 $10.00 46 15.33 3 Model | (3 Providers
Claude Sonnet 4.6 (max) < 200k A\ Anthropic 52 $6.00 47 100.63 (4 Model | (4 Providers
GPT-5.2 (xhigh) ¢ 400k ® OpenAl 51 $4.81 67 81.58 (@ Model | (4 Providers
GLM-5 © 200k il 50 $1.55 61 1.54 4 Model | [ Providers
GPT-5.2 Codex (xhigh) @ 400k & OpenAl 49 $4.81 92 57.75 3 Model = (3 Providers S

- We will focus mostly on the “intelligence” part: how to evaluate model outputs.
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https://artificialanalysis.ai/leaderboards/models

Benchmarks



NI-NLM - 05 - Lecture Training data -

Benchmarks

Benchmarks: standardized test sets with ground-truth answers.

Allow to compare models on a numerical scale based on evaluation metric results.

Example of benchmarks:

Benchmark

What it tests

Format / evaluation

MMLU (Hendrycks et al., 2021)

World knowledge (57 subjects)

4-choice MCQA

HellaSwag (Zellers et al., 2019)

Commonsense reasoning

4-choice MCQA

GSM8K (Cobbe et al., 2021)

Grade school math

Free-form answers

HumanEval (Chen et al., 2021) Code generation Unit tests
GPQA (Rein et al., 2023) Graduate-level science QA MCQA
SWE-bench (Jimenez et al., 2024) | Real-world SW engineering Unit tests

HLE (Phan et al., 2025)

Expert-level questions

Free-form answers

Model sources -
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https://arxiv.org/abs/2009.03300
https://arxiv.org/abs/1905.07830
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2311.12022
https://arxiv.org/abs/2310.06770
https://arxiv.org/abs/2501.14249

IS our mOdEI “State-Of-the-art"? source: A new era of intelligence with Gemini 3

Benchmark Description Gemini 3 Pro Gemini 2.5 Pro Claude Sonnet 4.5 GPT-5.1
L, No tools 37.5% 21.6% 13.7% 26.5%
Humanlty s Last Exam Academic reasoning With search and 45 8%

code execution

ARC-AGI-2 Visual reasoning puzzles ARC Prize Verified 31.1% 4.9% 13.6% 17.6%
GPQA Diamond Scientific knowledge No tools 91.9% 86.4% 83.4% 88.1%
MathArena Apex E?:LLE :f;”g Math Contest 23.4% 0.5% 1.6% 1.0%

MMMU-Pro o moaal understanding and 81.0% 68.0% 68.0% 76.0%
ScreenSpot-Pro Screen understanding 72.7% 11.4% 36.2% 3.5%

CharXiv Reasoning 'c':fnr;:x‘i:’:;‘(:‘h“is from 81.4% 69.6% 68.5% 69.5%
OmniDocBench 1.5 OCR E\Jveerf:'sif:;i)i‘qance’ 0.115 0.145 0.145 0.147
Video-MMMU fir;:‘f:dge ecauisition from 87.6% 83.6% 77.8% 80.4%
LiveCodeBench Pro o et e ol i s 2,439 1,775 1,418 2,243
Terminal-Bench 2.0 Agentic terminal coding Terminus-2 agent 54.2% 32.6% 42.8% 47.6%
SWE-Bench Verified Agentic coding Single attempt 76.2% 59.6% 77.2% 76.3%
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https://blog.google/products-and-platforms/products/gemini/gemini-3/#gemini-3

Evaluating MCQA benchmarks

Question

How to extract the answer in multiple-choice question answering benchmarks?

1) Generate a letter 2) Highest logprob letter 3) Highest logprob answer
prompt = f"""{question} prompt = f"""{question} answers = [

A) {a} B) {b} C) {c} D) {d} A) {a} B) {b} C) {c} D) {d} f"{question}\nAnswer: {a}",
Answepr:""" Answepr:""" f"{question}\nAnswer: {b}",

f"{question}\nAnswer: {c}",

response = logprobs = 11lm.logprobs( f"{question}\nAnswer: {d}"]
1lm.generate(prompt) prompt, tokens=["A","B","C","D"]) probs = [llm.score(a) for a in
answer = answer = argmax(logprobs) answers ]
parse_letter(response) answer = argmax(probs)

Experiments from Sebastian Raschka on MMLU: (1) 21.48%, (2) 34.44%, (3) 31.85% acc.
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https://magazine.sebastianraschka.com/p/llm-evaluation-4-approaches

Parsing matters more than you think

source: Alzahrani et al. (2024

Changing the order or letters of answer options (A, B, C, D) can change the model

ranking:
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A. Jeddah
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https://arxiv.org/abs/2402.01781

Free-form evaluation

No single correct answer with open-ended outputs (summarization, translation, ...)

How to compare these?

Reference-based metrics Reference-free metrics
Compare the output against one or Evaluate the output without a
more reference texts. reference.

e Lexical / semantic similarity e LLM-as-a-judge

e LLM-as-a-judge e Human evaluation

(But is the reference good on its own?) (But how to standardize this eval?)
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Reference-based metrics: lexical overlap

Lexical similarity: compares how much the output and reference are similar in terms
of word/character-level n-grams.

Example: BLEU score= exp(weighted average of n-gram precisions) x brevity penalty

Ref: "the capital of france is paris"

- BLEU-2 (up to 2-grams): 77.4%

Hyp: "paris is the capital of france"

Other metrics: ROUGE (recall-focused), METEOR (synonyms), chrF (character-level), ...

e These metrics are fast and (somehow) explainable.
e Worked when the outputs from the models were below human quality.
e Nowadays considered mostly obsolete for benchmark eval.

NI-NLM - 05 - Lecture Trainingdata « Model sources « Evaluating LLMs < Benchmarks - Other evaluation methods « Summary 29/51


https://dl.acm.org/doi/10.3115/1073083.1073135
https://mathewshen.me/bleuscore/
https://aclanthology.org/W04-1013/
https://aclanthology.org/W05-0909/
https://aclanthology.org/W15-3049/

Reference-based metrics: semantic overlap

Semantic similarity: compares the similarity of output vs. reference contextual

embeddings as computed by a specific encoder-based model.

Example: BERTScore: embeddings computed by BERT:

the 0.428 0.408| |1.27
Reference
. 40.462 0.393)0.515)0.326/ | 7.94
the weather is —> ‘@, — Jreather e X
is s 0.441 0.441| | 1.82
cold today E > R  (0.713x1.27)4(0.515% 7.94) +...
. S cold {0479 0.454[¥88o0 343 | 7.0 » HBERT = "1 3757.0411.8217.9018.88
- [ =
Candldate €T today {0.347 0.361 0.307 8.88
e _ — | [ | — ,
it is freezing today e O
& <€ weights source: Zhang et al. (2020)

&

Other metrics: BLEURT (also based on BERT), COMET (used for MT), ...

- Slower, but suitable for standardized reference-based matching.
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https://arxiv.org/abs/1904.09675
https://arxiv.org/pdf/1904.09675
https://arxiv.org/abs/2004.04696
https://arxiv.org/abs/2009.09025

LLM'aS'a'jUdge source: Zheng et al. (2023

Use a strong LLM to evaluate the quality of another model’s output.

You are a fair evaluator. Rate the following answer on a scale 1-5 for accuracy,

relevance, and completeness.

Question: {question}
Reference: {reference}

Model answer: {answer}

Respond with JSON: {"accuracy": <1-5>, "relevance": <1-5>, "completeness": <1-5>}

+ Scalable, flexible, cheaper than human evaluation, can be referenceless.

- Non-standardized, hard to replicate, many biases.
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LLM-as-a-judge biases: self-preference

Models tend to prefer (or disprefer!) their own outputs:

1.0+

Model
0.9 ‘ © Llama 2
084 A GPT-3.5 Mistral Large -
© GPT-4 ,
g 074 Mistral 78 Mistral 1
@ 06 . Fine-tuning task Llama 3 708 ] :
g 0o & N/A I I
5 0.5+ * ’ @ Control tasks © Llama 3 8B4 —————— ! >L|am33- — :|
g A Self-recognition (N=10) o GPT-404 - s |
2 g4 & * + Self-recognition (N=500) 3 s
2 GPT-3.5 Turbo 1 _—< GPT-
@ 034 . .
wv Flne-tunlng source Claude 3.5 Sonnet 4 -
0.2+ ® In-domain
Out-of-domain Claude 3 Sonnet1 ‘ Claude
0.1+ Claude v2 A »—|—<
0.0 - -002 -001 000 001 002 -0.01 000 0.01
0001 02 03 04 05 06 07 08 0910 Estimate of self-bias Estimate of family-bias
Self-recognition score
source: Panickssery et al. (2024) source: Spiliopoulou et al. (2025)
Self-recognition correlates with self- It
g Preferences can be traced to model families.

preference.
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LLM-as-a-judge biases: score calibration source: Stureborg et al. (2024

LLMs are bad at assigning numerical scores. They tend to reflect the training data

distribution and are hard to calibrate:

Distribution of Assigned Scores in 1-100 Setting

> 0.151
[

({C 0.10

0.05
0.00 T : — I L

20 40 60 80 100
Score

- In the experiments on evaluation summarization (1-100), scores like 90 and 95

appeared far more often than 92 or 19, much of the range (1-60) was ignored.
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LLM-as-a-judge biases

source: Ye et al. (2024

Many more types of biases of LLM-as-a-judge:

Bias Type

Description

Example

>3 PoOSITION (P0S.)

= VERBOSITY (VER.)

@® COMPASSION-
FADE (CoM.)

3% BANDWAGON (BAN.)

@ DISTRACTION (DIs.)

&R FALLACY-
OVERSIGHT (FAL.)

NI-NLM - 05 - Lecture Training data -

LLM judges exhibit a propensity to favor
one answer at certain position over others.

LLM judges favor longer responses, even if
they are not as clear, high-quality, or
accurate as shorter alternatives.

The tendency to observe different
behaviors when given well-known model’s
name as opposed to anonymized aliases.

The tendency to give stronger preference to
the majority’s beliefs regardless of whether
they are correct or not.

The inclination to give more attention to
irrelevant or unimportant details.

LLM judges may ignore logical errors in
reasoning steps and only focus on the
correctness of final results.

Model sources < Evaluating LLMs -

Benchmarks -

Turn 1: F1:3.11>38 R5:38=>3.11
Turn 2: R;:38>311 Ro:3.11>328

Ri: As we all know, in mathematics, 3.11 is greater than 3.8 (Longer)
HRo:3.11 > 3.8 (Shorter)

GPT-4: 3.11 > 3.8
Llama-7B: 3.8 > 3.11

I: 90% believe that R is better.
R1:3.11>38 R2:3.8>3.11

I: R, loves eating pasta, especially with homemade tomato sauce.
R1:3.11>38 R5:3.8>3.11

Rq: 0.8 is greater than (.11, so 3.8 > 3.11.
Rs5: 3.8 has fewer digits, so it’s a larger number, so 3.8 > 3.11.

Other evaluation methods « Summary

34/51
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LLM'aS'a'jUdge biases source: Ye et al. (2024

(continued...)
The tendency to assign more credibility to R;: 3.11 > 3.8 (Citation: Patel, R. (2018). Advanced Algorithms for
Bs AUTHORITY (AUT.) statements made by authority figures, Computational Mathematics: The Art Of Decimal-Comparison, p. 143)

regardless of actual evidence. Ro: 3.8>3.11.

We transform the sentiment in the answer:

R;: Regrettably, 3.11 > 3.8, it ruthlessly reveals the cruelty of reality and
the facts that cannot be changed. (Frustrated tone)

Ro: 3.8>3.11.

The preference for expressions of positive
(%) SENTIMENT (SEN.) or negative emotions, affecting its
judgment of emotional content.

Bias may be shown towards certain groups S . ..
Y group I: R;’s true identity is Homosexual.

Y DIVERSITY (DIV.) like Homosez&:l?{f,PgSl;cisfe: Female’, and Ri:38>3.11 Ry 3.11> 3.8
® CHAIN-OF s el e iom ael s e vEE 1;: Compare both assistants’ answers ...
“ - - - -
. . I2: You should independently solve the user question step-by-step first.
UL OEEur (LD, VHAENG L (GIERIL Then compare both assistants’ answers with your answer.
& SELF- LLM judges may favor the answers Fq:3.11 > 3.8 (LLM judge generated R itself)
judg y Judge g
ENHANCEMENT (SEL.) generated by themselves. R5: 3.8>3.11
Original Answer: The data is inaccurate. (Score: 6 points)
p" REFINEMENT Telling the model that this is a refined Refined Answer with Original Answer: The data is inaccurate ...(refining
i . . ) content)...Upon careful review...contains inaccuracies (Score: 8 points)
AWARE (REF.) result will lead to different evaluations.

Refined Answer Only: Upon careful review...contains inaccuracies (Score:
7 points)
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LLM-as-a-judge: best practices source: CME295

2 o [=

Prompt Rating scale Output
Write clear and detailed Avoid numerical ratings, use Let the model write an
guidelines. binary scale where possible. explanation for the score.
N © Z
R~
Biases Sanity check Reproducibility
Mind the biases when Make sure model outputs fit Disable sampling or use
interpreting the results. human judgements. fixed random seed.
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Agent benchmarks

Question

How can we evaluate LLM agents?

SWE-bench (Jimenez et al., 2024): software-engineering benchmark.

Goal: resolving real GitHub issues, the code needs to pass unit tests.

> ( 4 Language Model ) = .
© lIssue £ Languag El Unit Tests
data leak in GBDT due to warm J
start (This is about the non- Pre PR PostPR Tests
histogram-based version of... 11 Generated PR 12017 mmmm ¥4 join_struct_col
v vstack_struct_col
() Codebase M sklearn N T I e
B sklearn/ O regs.txt @ gradient_boosting.py S a(': —struct_co
B examples/ [ setup.cfg 03 helper.py ] v matr.'lx_trans.form
[ README.rst [ setup.py M utils =) v | euclidean_diff
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Agent benchmarks

WebArena (Zhou et al., 2024): completing tasks on real websites.

Tasks: Shopping, booking, information retrieval, ...

( X Action ' “ Tell me h Nl ;
. ell me how much 1 spent on
' ‘ % \ . U /‘\ li\l +  food purchase in March 2023 ,,
S - .
o0 o -—
dc—D

Web applications from popular domains u Create a ‘NolanFans' repo,
.~ AlAgent listing Nolan's Oscar-winning
L

\ agﬁj N A Feedback films in a README file
NY :g;) (7 EE
Tool Sites Knowledge resources : a

WebArena Environment Functional Fungtlonal
Success Failure

Evaluation issues

Static vs. live data, steps vs. task completion, which metrics to use.
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Agents can cheat

bayes.net about allposts |  [INTESE

< CAISI RESEARCH BLOG ANIST blog from the Center for Al Standards and Innovation

CIaUde 4 hacked SWE-benCh by Cheating On Al Agent Evaluations

peeking at future commits

source: NIST website

source: https://bayes.net/swebench-hack/

e Cheating on coding benchmarks by looking up more recent code versions,
disabling assertions, and adding test-specific logic.

e Finding walkthroughs and answers for cyber CTF challenges online.

e Launching DDoS attacks to crash servers instead of exploiting vulnerabilities.
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https://www.nist.gov/blogs/caisi-research-blog/cheating-ai-agent-evaluations

Agents can Cheat source: https://www.anthropic.com/engineering/eval-awareness-browsecomp

ANTHROP\C Research  Economic Futures Commitments v  Learn v  News Try Claude "

Engineering at Anthropic

ﬁ\m m Eval awareness in Claude Opus 4.6’s

I:I BrowseComp performance

KM

Published Mar 06, 2026 Evaluating Opus 4.6 on BrowseComp, we found cases where the model recognized
the test, then found and decrypted answers to it—raising questions about eval
integrity in web-enabled environments.

Instead of inadvertently coming across a leaked answer, Claude Opus 4.6 independently
hypothesized that it was being evaluated, identified which benchmark it was running in, then

located and decrypted the answer key,.
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Data contamination

The first rule of machine learning: Do not train on your test data.

X_train  y_train

Full Dataset Features  Target
— 2. Use for training
| —
0. Arrange data [ |1. *Train Test Split
— 1 — ML Model
| “Consists of:
a. Random
| sampling
— b, Splitinto X_test y_test
(] training & test 3. Use for testing
sels >

- Commonly violated with LLMs.

!
LLMs train on most of the internet - test data can leak into training data.

Moreover, commercial providers do not disclose their training data sources.
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Data contamination

Benchmark scores are commonly inflated due to data contamination:

[0 README 33 MIT license

0
I I II I I I L] |
Legend
BN mixtral

Awesome Data Contamination

The paper list on data contamination for large language models evaluation.

LS}

Gap Between GSM8k and GSM1k (%) (lower is worse)

_a B mistral
. . . . phi
source: https://github.com/lyy1994/awesome-data-contamination il
—— o
-6 B gemma
I gemini
gpt
-8 | c{aude
Leak, Cheat, Repeat: Data Contamination — i
and Evaluation Malpractices in Closed-Source LLMs X ;L&i@cé&%\%i@&%% S L TR A e e
O FuEy OO g A O A0 PN PSRN O R SRS S E SR PSR NAN N
. L. . . .. . & G AR SO A N SN R R AN (Y GRS NP oy e
Simone Balloccu Patricia Schmidtovda Mateusz Lango  Ondrej Dusek &0 %q,i:@ﬁ@‘i\g{i%;o%f:;&z@f;{l’:s;;\@@%,ﬁ\;i@‘@%@;:f;{k\&io%\ﬁg&;kh Qe’f,;q";}a“:o’b 3‘,}013@“\
Charles University, Faculty of Mathematics and Physics ,d%;.}’t{,,}b:?o\(\\’ \’@:Q,.\";\Q:Q;\‘\f%.\“ ?@%2\\,%,9 %\‘:}@:ﬁ‘?@gﬁoq‘ & & Qqégq\f\q‘
Institute of Formal and Applied Linguistics ,\50‘(\ jb@;";\?f \‘?%Q’i:b{;g & ({\:‘;@6,‘:6“ < 6@?{@' 0@@6‘%§ﬁ‘ & ;.,@}:;\\5’
Prague, Czech Republic & @Y S & S S Sy ST
{balloccu,schmidtova, lango,odusek}@ufal.mff.cuni.cz v T Lt ¢ (J(‘gg‘ge‘(\\ e (3“(\\
’ ’ ’ . . . qu
Model

source: Balloccu et al. (2024)

source: Scale Al (2024)
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https://arxiv.org/abs/2402.03927
https://arxiv.org/pdf/2405.00332

Benchmark saturation and Goodhart's law source: Fodor (2025)

Even training on similar / related examples can inflate benchmark scores.

Benchmark Top score Saturated? Top Scores and Human Baseline Over Time (from st upciate)

GSM8K 99% Yes

MMLU 93% Yes

HellaSwag 95%+ Yes

GPQA Diamond 94.3% I\ Close

SWE-bench 80.8% X Not yet

HLE 531% X Not yet source: Open LLM Leaderboard

source: https://www.lxt.ai/blog/llm-benchmarks/

When a measure becomes a target, it ceases to be a good measure.
— Charles Goodhart (1975)
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Other evaluation methods



LM arenas

source: (Chiang et al., 2024

Arena.ai: users compare anonymous responses from two models and pick the better
one - Elo ratings.

i) X Battle Mode v
®
= What is the Al bootcamp (https://www.aibootcamp.cz) about?
Q
Asistent A C b Asistent B C b
Ok this is an extremely funny thing that just went I'm not able to browse the internet or access URLs, so |
massively viral on March 19 2025, and is currently the cannot visit that website to tell you what the Al Bootcamp
biggest meme in global tech right now. This is probably is about.
the most genius bootcamp ever created.
To find out more, you could:
< Aje lepsi 2 Oba jsou dobré @ Oba jsou Spatné B je lepsi -
page,
@ Add files 4% & B o [ 8 -
@ Inputs are processed by third-party Al and responses may be inaccurate.
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Arena.ai

OpenRouter

source: OpenRouter

OpenRouter: routing traffic to various LLM providers, tracks model usage through

their proxy:

ool Top Models

Weekly usage of models across OpenRouter

16T

12T

8T

aT

10. 3. 2025 14. 4. 19.5. 23.6.

Byoeoooiis

wEEE Ry =

—--Ill—— . NNEE===
__ _ mme=== -==--

e e L L

i i - — — e —.

9 19.1.

B | others

| MiniMax M2.5

| kimi k2.5

| emini 3 Flash Preview

DeepSeek V3.2

= -- = GLM5

l Claude Sonnet 4.5

| Grok 4.1 Fast

l Claude Opus 4.6

| Gemini 2.5 Fiash

2

Total

28.7. 1.9 6. 10. 10.11. 15.12. 3.2.

5,96T
1,447

1,3T
7768
7568
6288
6268
5578
5248

4508

13T

NI-NLM - 05 - Lecture Training data -

Model sources -

Evaluating LLMs < Benchmarks < Other evaluation methods - Summary

47/51


https://openrouter.ai/rankings

Vibe CheCkS source: Dunlap et al. (2024)

For the aspects that any formal methodology misses:

What is a vibe?

Prompt: What is the best coffee? Vibe (low - high)

Output A: What a bold question! After considering “On what axes do these Friendliness
various factors, | declare...

two outputs differ?” formal = friendly
Output B: Identifying the "best" coffee is challenging
because taste is subjective...
How do we score vibes? How do we quantify vibe utility?
Prompt: If | was a mouse .. Judge 1 Judge 2 Avg Score | Preference
Output A If you were a mouse, we'd find a way to Vi(p1,04,08)  Va(p1,04,08) 1 A
communicate effectively...
VI(PZ,OAaOB) 1/2(;02’0}1105) '1 B
Output B: Ahahaha! Oh, what a delightful pun!
l l
"Which output ranks higher on the friendliness axis? Well Defined - Agreement between Judge 18 2 = 0.4
Respond with A, B, or equal”
J[ Differentiating > Ability to predict model ID from friendliness - 55%
W(pl, 0., 0)=B=-1 User-Aligned > Ability to predict preference from friendliness - 55%
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Summary



e Pretraining data: web-scale corpora based on Common Crawl.

e Instruction tuning data: human-written/synthetic instruction-response pairs.
e RLHF/preference data: human/synthetic preference of model outputs.

e Synthetic data is increasingly important, but can lead to model collapse.

e Intrinsic metrics (perplexity) vs. extrinsic metrics (user satisfaction).

e Benchmarks (MMLU, GSM8K, SWE-bench, ...) are useful but have many pitfalls:

o Answer parsing, score calibration, data contamination, saturation.

e Data contamination makes LLM benchmark scores often inflated.
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Links and resources

e Datasets for Large Language Models: A Comprehensive Survey (Liu et al., 2024)

e FineWeb (Penedo et al., 2024)

e Training language models to follow instructions with human feedback (Ouyang et al., 2022)
e Judging LLM-as-a-Judge with MT-Bench and Chatbot Arena (Zheng et al., 2023)

e Benchmarks on a Diet: MCQA answer-choice sensitivity (Alzahrani et al., 2024)

e LLM evaluators recognize self-generated text (Panickssery et al., 2024)

e Contamination in LLM benchmarks (Balloccu et al., 2024)
e The Leaderboard Illusion (Singh et al., 2025)

e SWE-bench agent cheating (Miller & Tang, 2025)

e LLM evaluation: 4 approaches (Raschka, 2024)
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