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Assignment
LLM adaptation for tasks in Czech.

Analyze SoTA approaches for training and adaptation of LLMs.
Explore the chosen methods, w.r.t. compute-constraints.
Assemble and publish appropriate datasets.

Benchmark the models.

Release trained models and procedure.
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Context & Motivation

e researchin NLP is driven by non-proprietary models

e open-source models (Llama 3.1 8B) underperforming in e.g. Czech

e Projects aiming to bridge the gap by full training are: still in
development (OpenEuroLLM, EuroLingua-GPT) or underperforming
multilingual models (e.g. Teuken, EuroLLM)

e Related works show that adaptation of multilingual LLMs works in
other languages - still no published Czech experiment (proprietary
Seznam SelLLMa)

mlynatom.github.io/master-thesis/ 3/14
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Adaptation Methods

e primarily: vocabulary adaptation,
continued pretraining, instruction
tuning, human preference
alignment

e many approaches and
combinations in related research

mlynatom.github.io/master-thesis/

Monolingual or Multilingual Instruction Tuning: Which Makes a Better Alpaca - s, b, B, ™ 4= 1§, ma

Baichuan-2,

Method: Instruction Tuning (FFT/LoRA)

BLOOM, LLaMA,
Pythia, OpenLLaMA

Datasets: Alpaca (transl.)

\Various Models

Vikhr: The Family of Open-Source Instruction-Tuned

Large Language Models for Russian - ms

Mistral 78 [—>| Vocabulary Adaptation —

Continued Pretraining Method: Instruction Tuning (FFT)
(Full) Datasets: Saiga, FLAN, Veles, Nectar

Vikhr-78-
instruct_0.2

Efficient and Effective Text Encoding for Chinese LLaMA and Alpaca - Bl

Llama,

> —
Tinma’s Vocabulary Extension

Method: Instruction Tuning (LoRA)
—> Datasets: translation, pCLUE, Alpaca —>|
(en+transl.), crawled SFT, OASSTL

Continued Pretraining
(LoRA)

Chinese-Alpaca
Chinese-Alpaca-2

Continual Pre-Training for Cross-Lingual LLM Adaptation: Enhancing Japanese Language Capabiliies - ¢

Vocabulary Expansion
(no consistent
improvement, more
efficient)

Llama 2 —>

Continued Pretraining (Ful)
o

+ Parallel Corpus (n
consistent improvement,
better MT abilities)

Swallow

SealLMs 3: Open Foundation and Chat Multilingual Large Language Models for Southeast Asian Languages - ™=, K3, =, 2, 8=, i, K...

Continued Pretraining [,

Llama —»| Vocabulary Extension

: Datasets: Sentiment 1

Quen2 (oEA) ‘ Method: Supervised Fine-tuning SealLMs
LlamaTurk: Adapting Open-Source Generative Large Language Models for Low-Resource Language - [l
J > Method: Instruction Fine-tuning (LORA)
1 Datasets: Alpaca (transl.) UamaTok

Method: Task-Specific Fine-tuning =
(LoRA)

Advancing Generative Al for Portuguese with Open Decoder Gervasio PT* - Rl

Dataset: Alpaca (transl.)

Llama 2 Method: Instruction Tuning (Ful)  —>  Gervasio PT*
Komodo: A Linguistic Expedition into Indonesia's Regional Languages - ™=

Llama 2 Vocabulary Extension C“"“"”(i‘;::"“‘“'"g L5 Method: Instruction Tuning (LoRA) —>  Komodo
Camoscio: an Italian Instruction-tuned LLaMA - B I

tiama Method: instruction Turing (LoRA) || oo

Overview of various approaches - complete version
available in the thesis
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Vocabulary Adaptation - Initalization

Adapted .
Tokenizer K = “Inform® —»| cmoeddingfrom | | ;4057 _0.0120,-0.0176, ..., -0.0017, -0.0010, -0.0032]
£ 1 . . Ong|na| the MOde|
l t' = "Informace” —>1okenizer
New Added || t2 2= Yace® — Em?ﬁg‘;;lg%gm  >[0.0093, -0.0115, -0.0007, .., -0.0010, -0.0034, -0.0070]
Tokens [ L J
T

t1emb
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Comparison of training loss curves
between average-subword initialization
and average initialization
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Instruction Tuning

Also called supervised fine-tuning

“teaching model to follow instructions”

English datasets: Alpaca, Dolly

Multilingual datasets: MURI-IT, Bactrian-X, OASST2

Czech datasets: Ask Your Library, Questions UJC CAS
Collections standardizing available data were published
FLAN-like NLI task-specifying tuning collection was published

mlynatom.github.io/master-thesis/ 8/14
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Example - Ask Your Library

Prosim vysvetli slovo tropar ]

Tropar je soubor skladeb na liturgicke texty, s notovym zapisem.
_ Tropar je cirkevni hymnus, ¢asty ve vychodni liturgii - u
Metadata: title, okres, pravoslavné cirkve. Existuje napfr. Velikono¢ni tropar (soubor
library, category, date, velikonoc¢nich liturgickych skladeb), u nas patri k nejstarsim
url, id, language Svatovitsky tropar z konce 12. stoleti. Vibec k nejstarsim patri
o ’ Winchestersky tropar asi z roku 980, ktery obsahuje pres 150
diacritics_korektor, dvouhlasych skladeb na liturgické texty, s nedokonalou notaci.

spelling_korektor

mlynatom.github.io/master-thesis/ 9/14
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Instruction | /
L Tuning ’—> B->VA+CPs+ITesren
NLlEE |

Continued

Training Plan =

Instruction ‘
> Tuning ‘—> B->VA+CPcsientlTcs
|

e + 2 experiments onlLlama 3.1 8B Instruct S
e + 2 experiments on Dolly & Alpaca

L Tuning [——%/B->VA+CPcsientlTes+en
R 101 5

Continued

9
e

B->CPes

* Instruction |
> Tuning ‘—3 B->CP+ITs
s

Instruction ‘
“>  Tuning >  B->CPcsTesien
[SIEE -

Continued

g B->CPcsten
B 3:1 58

Instruction |
> Tuning ‘4> B->CPcsientTes
e

Instruction |
L Tuning > B->CPcsientITesien
Ml1EE |

~ Instruction ‘
Tuning > B->ITg
~ |

Plan of experiments for

mlynatom.github.io/master-thesis/ model adaptation s — e 10/14
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Czech WildBench

e Adaptation of WildBench
Benchmark to Czech

e LMSYS, WildChat, ShareGPT
datasets

e LLM-as-a-judge

e WB-Score, WB-Reward

mmm Czech WildBench
31% WildBench

Percentage (%)

Categories

Overview of change in category distribution between Czech and original WildBench
mlynatom.github.io/master-thesis/ 11/14
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Tokenizer Evaluation

e prepared the evaluator
utilizing two metrics:

# of tokens
# of words

# of cs tokens
# of en tokens

fertility

parity

mlynatom.github.io/master-thesis/

Fertility of models

GPT-2

IBM Granite 3.0, 3.1, 3.2
Mistral Large

Mistral + Mixtral

GPT-3.5, 4

Mistral Ministral

GPT-40

Aya 101

Google Gemma 3

Google Gemma 2

Meta Llama 3, 3.1, 3.2, 3.3
EuroLLM

Aya Expanse, 23 + Command-R, A
Salamandra & ALIA
Teuken

BUT-FIT

2.93
2.872
2.871

2.84

2.274

2.177
2.167
2.164
I RE

2.103

2.079

1.933
1.752
1.665
1.486

3.504]
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GPT-2

IBM Granite 3.0, 3.1, 3.2
Mistral Large

Mistral + Mixtral

GPT-3.5, 4

Mistral Ministral

GPT-40

Aya 101

Google Gemma 3

Google Gemma 2

Meta Llama 3, 3.1, 3.2, 3.3
EuroLLM

Aya Expanse, 23 + Command-R, A
Salamandra & ALIA
Teuken

BUT-FIT

1.653
1.655
1.656

1.496
1.496
1.231
1.398
1.357
1.421
1.276
1.333
1.083
1.077
0.717

1.819

2.153)
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Evaluation & Training Results

e Training with QLoRA (LoftQ) on one NVIDA A100 80GB GPU

e Tokenizer evaluation, perplexity, preselection prompts,
BenCzechMark, Czech WildBench

e Catastrophic forgetting avoided - mixtures of Czech and English data

Model Czech Perplexity English Perplexity ¢
Llama 3.1 8B - Baseline 12.05 13.26
Baseline » b Continued pretraining 8.57 22.71
Baseline » mw+Ef& Continued pretraining 8.87 i 16.50 g

Perplexity evaluation results computed using Czech and English hold-out sets

mlynatom.github.io/master-thesis/ 13/14
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Evaluation & Training Results

e Tokenizer evaluation lead higher fertility
e Llama 3.1 8B Instruct baseline ranked as the best model

e No specific best-performing model from the trained ones - promising

results in some categories of BenCzechMark:
o on half of datasets better than Llama 3.1 8B baseline (e.g. all NLI, Sentiment, Math)
o on specific tasks better than or comparable to Llama 3.1 8B Instruct baseline
m Subjectivity, Czech Sentiment CSFD, Umimeto.cz Math, Cermat Math and Czech

mlynatom.github.io/master-thesis/ 14/14
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The main thesis accomplishments are:

e overview of adaptation techniques and PEFT methods
used in related works, and of Czech-related LLMs,
examination of available datasets,

creation and publishing of 2 original instruction-tuning
datasets,

assembling instruction-tuning data collections (b, E)
assembling NLI instruction-tuning collection

creation of Czech version of WildBench benchmark
training, and evaluation of various adaptation
approaches

mlynatom.github.io/master-thesis/
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It seems that you have found and identified well the issue
behind the fertility increase (page 43). : prioritization of tokens
added by the add_tokens method. What other possibilities
would there be to add new tokens without causing this issue?
1. Do not add new tokens

2. Retrain the BPE tokenizer from scratch and copy related embeddings

3. Add new tokens directly and add rules which formed them - problem:
a. origina:posledni»posledni»posledni»posledni-posledni
b. rules added to end (e.g. s+I=»sl, e+d~ed, sl+ed-sled..): sled rule not applied
c. rules added to front -> breaking the original tokenizer:sleddings->*"sledddings
(however in original there could be rule sle + dding - sledding leading to sledding s)
d. merged with frequencies -> frequencies not comparable and not available
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You noted repeating tokens and unwanted artifacts in the
outputs. Could these be related to tokenizer adaptation?

e Probably not. The artefacts also occured for models without

tokenizer adaptation.
e They seem to be related to dataset quality and training

hyperparameters.

mlynatom.github.io/master-thesis/
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Please explain your choice of the 3:1 ratio of Czech to English
data for continued pretraining and the 1:1 ratio for instruction
tuning.

Way to avoid catastrophic forgetting

These ratios occur most times in related research

3:1- based performed experiments in related research

1:1 - often based on data unavailability or motivated by cross-lingual
transfer

mlynatom.github.io/master-thesis/
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Continued Pretraining

e Next token prediction task (Causal Language Modelling)
e decoder-only LLMs
e Datasets available (text): BUT-LCC, CTU collection, FineWeb

mlynatom.github.io/master-thesis/ 20/9
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Vocabulary Adaptation

-

Corpora

LLM V\(lth Orlglrjal i Tokgn'lzer New Tokenizer
Tokenizer Tokenizer Training

Vocabulary
size

Merge

» Vocabularies ——> Adap’{ed

. Tokenizer
(Union)

.| Resize Token LLM with Adapted
Embeddings Tokenizer

mlynatom.github.io/master-thesis/ 21/14



