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A Preliminary Summary from our Point of View
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Ongoing Work in Refining and Extending NorEval
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Decontamination Matters (If Maybe Less So to Us)
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Personally Identifiable Information (PII)

privacy requirements in national and european regulations

credit card numbers
authentication tokens

internet and web addresses
(private) email addresses
(private) phone numbers

(residential) street addresses
personal names

. . .

regular expressions or sequence labeling

challenges: multilinguality and false positives

two strategy choices: annotation and masking
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For Example: A 1.5B MOE (50M Active Parameters)
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Goals for Today: Beyond Pretraining

https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook#mid-training
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Recall: The LLM Development Life Cycle

pre-training

mid-training

post-training

data
preprocessing

evaluation

deployment
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Somewhat More Specifically: Olmo 3, for Example

https://arxiv.org/abs/2512.13961
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Recall: The WSD Learning Rate Schedule
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Purely Metaphorically: Completing High School

consolidate (most) relevant knowledge
prepare for specialization

if need be, “repair”
much smaller token budget: selectivity

back to the most fundamental questions:
which capabilities are important?

where do things stand?

change in data mix is balancing act (again):
set direction, limit confusion

key considerations: replay, front-loading

11



Purely Metaphorically: Completing High School

consolidate (most) relevant knowledge
prepare for specialization

if need be, “repair”
much smaller token budget: selectivity

back to the most fundamental questions:
which capabilities are important?

where do things stand?

change in data mix is balancing act (again):
set direction, limit confusion

key considerations: replay, front-loading

11



Purely Metaphorically: Completing High School

consolidate (most) relevant knowledge
prepare for specialization

if need be, “repair”
much smaller token budget: selectivity

back to the most fundamental questions:
which capabilities are important?

where do things stand?

change in data mix is balancing act (again):
set direction, limit confusion

key considerations: replay, front-loading

11



Somewhat More Specifically: Olmo 3, for Example
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Abstractly Very Similiar: SmolLM3
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The Boundaries are Increasingly Blurry
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Annealing Ablations can be Comparatively Cheap (1 of 2)

openeurollm prelude: 9b dense, 10t tokens;
europe-centric multilingualiuty: 36 languages (including norwegian)

“english-first” pretraining: 80% english, code, math

vary “dominant” and “multilingual” components separately
three variants each: less web text; higher multilingual quality

micro-annealing after 8t tokens (inverse sqrt decay):
four scales: 20b, 50b, 100b, (and 300b) tokens

two sets of benmarks: dclm-core-22, oellm-multilingual-eu:
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Annealing Ablations can be Comparatively Cheap (2 of 2)
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WSM: Checkpoint Merging instead of Annealing (1 of 3)
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WSM: Checkpoint Merging instead of Annealing (2 of 3)
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WSM: Checkpoint Merging instead of Annealing (3 of 3)
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Small languages, big models: NorMistral-11B
What is the problem we are solving?
▶ Problem: not enough training data for lower-resource languages and/or domains
▶ Solution: continual pre-training (a.k.a. warm-starting) of strong models pre-trained on data

in other languages/domains (usually English or multilingual) (Gururangan et al., 2020)
▶ Let’s look at NorMistral-11B model (https://hf.co/ltg/normistral-11b-warm)

▶ released two years ago, but the fundamentals are the same
▶ more modern work in progress: https://hf.co/HPLT/NorOLMo-13B

▶ Three orders of magnitude less data than English for Norwegian languages
▶ In 2024, 24 billion words available for Norwegian (Bokmål and Nynorsk) and just 40 million

words for Sámi
▶ Scaling laws: this is enough only for a 1B size model! (Hoffmann et al., 2022)
▶ (in 2026, it can be 35 billion; does not change the picture)

▶ NorMistral 11B solved this by:
1. continual pre-training: knowledge transfer from an existing models,
2. data augmentation with texts from related languages,
3. targeted upsampling, following (Muennighoff et al., 2023)
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Continual Pre-training
Overview of NorMistral-11B pre-training data:

Northern
Sámi   

Nynorsk

Swedish

English

Code

46.5%

Bokmål

0.5%

5%

15%

0.1%

Faroese
15%

Danish

1%

Icelandic

6.9%

10%

52.0%

languages
of Norway

31.1%

other Scandinavian
languages

Corpus mixture

Bokmål Northern
Sámi

Nynorsk Swedish Faroese Danish Icelandic English Code
0

2

4

6

8

10

12

14

16

4×

16× 16×

1×
2× 2× 2×

1× 1×

Language upsampling factors

The resulting corpus of 250B non-unique tokens allows to train an 11B size model
(Samuel et al., 2025)
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Continual Pre-training

Training data composition
1. Mímir Core corpus (based on the Norwegian Colossal Corpus, NCC) (de la Rosa et al., 2025)

2. CulturaX (Nguyen et al., 2023) (not used much any more)
3. HPLT v1.2 (de Gibert et al., 2024) (deprecated now, do not use!)
4. high-quality English from FineWeb-edu (Lozhkov et al., 2024a)

5. code from Stack v2 (Lozhkov et al., 2024b)

6. Faroese and Northern Sámi from Glot500 (Imani et al., 2023)

7. Northern Sámi from the SIKOR free corpus (Giellatekno and Divvun, 2016)

8. own web crawl by LTG for Northern Sámi (about 13M words)
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Three-stage continual training (warm-starting)

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

initial pretrained LLM  tokenizer change1 embedding update2 full training3

Mistral-Nemo-12B NorMistral-11B

The original Mistral-Nemo-Base-2407 is a somewhat-multilingual Llama-like model by (Jiang
et al., 2023). How does one make it a Norwegian LLM?
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Three-stage continual training (warm-starting)

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

initial pretrained LLM  tokenizer change1 embedding update2 full training3

Mistral-Nemo-12B NorMistral-11B

Stage 1: Tokenizer change
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Three-stage continual training (warm-starting)

Stage 1: Tokenizer change
▶ Non-optimal tokenizer irreversibly hurts training and inference efficiency

▶ Mistral-Nemo-12B tokens: _O la _og _Kari _sp iste _brun ost
_på _h yt ta _i _fj orden

▶ NorMistral-11B tokens: _Ola _og _Kari _spiste _brun ost _på
_hytta _i _fjorden

Tokenizer # subword tokens NOB NNO SME

Mistral-Nemo-12B 131 072 1.79 1.87 2.63
NorMistral-11B 51 200 1.22 1.28 1.82

Tokenizer statistics: The vocabulary size and fertility of tokenizers for Bokmål (NOB),
Nynorsk (NNO), and Northern Sámi (SME).

▶ The first step is thus training a brand new tokenizer for the target language(s)
▶ The whole procedure is inspired by (de Vries and Nissim, 2021)
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Three-stage continual training (warm-starting)

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

initial pretrained LLM  tokenizer change1 embedding update2 full training3

Mistral-Nemo-12B NorMistral-11B
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Three-stage continual training (warm-starting)

Stage 2: Embedding update
▶ Replacing the tokenizer completely ruins the subword embeddings, we need to re-align them

for the new subwords

4063:  ørt

4064:  c

4065:  _innhold

4066:  _alder

4067:  ngre

4068:  _lille

 ?, ?, ?, ? ...

 ?, ?, ?, ? ...

 ?, ?, ?, ? ...

 ?, ?, ?, ? ...

 ?, ?, ?, ? ...

 ?, ?, ?, ? ...

4063:  ackage

4064:  ова

4065:  _npe

4066:  Ń

4067:  _java

4068:  ार

 0.12, -1.34, 0.01, 0.23 ...

-2.01, 1.20, 0.05, 0.90 ...

 0.15, 0.04, -0.11, -0.77 ...

 1.45, 0.24, 0.07, 0.15 ...

-0.02, 0.20, -0.05, 0.12 ...

 3.19, 0.54, 0.01, 0.07 ...
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Three-stage continual training (warm-starting)

Stage 2: Embedding update
▶ Replacing the tokenizer completely ruins the subword embeddings, we need to re-align them

for the new subwords
▶ First, initialization from the original embeddings:

4063:  ørt

4064:  c

4065:  _innhold

4066:  _alder

4067:  ngre

4068:  _lille  (0.02 + (-1.02)) / 2, ...

1295:  _l

3344:  ille

 0.02, 1.01, 0.93, -0.04 ...

 -1.02, 0.83, -0.04, 0.10 ...

 0.12, -1.34, 0.01, 0.23 ...

-2.01, 1.20, 0.05, 0.90 ...

 0.15, 0.04, -0.11, -0.77 ...

 1.45, 0.24, 0.07, 0.15 ...

-0.02, 0.20, -0.05, 0.12 ...
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Three-stage continual training (warm-starting)

Stage 2: Embedding update
▶ Replacing the tokenizer completely ruins the subword embeddings, we need to re-align them

for the new subwords
▶ First, initialization from the original embeddings
▶ Then we continually train the model with all parameters frozen – except for the

input/output embeddings
▶ Now all subwords are in a familiar embedding space, which prevents a sudden drop of

performance during the third stage
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Three-stage continual training (warm-starting)

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

tokenizer

embedding

transformer

initial pretrained LLM  tokenizer change1 embedding update2 full training3

Mistral-Nemo-12B NorMistral-11B
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Three-stage continual training (warm-starting)

Stage 3: Full training
▶ Finally, after updating the tokenizer and embeddings, full continual pre-training starts,

re-using the non-embedding weights of Mistral
▶ Trained on 250 billion tokens (60 000 steps of 1 024 × 4 096 tokens)
▶ WSD learning-rate schedule, 1 000 warm-up steps and 10 000 decay steps
▶ AdamW optimizer, weight decay of 0.1, no dropout
▶ bfloat16 precision
▶ Training cost: 1.7 · 1022 FLOPs, with an average of 38% model FLOP/s utilization (MFU)
▶ Pre-training took place on LUMI HPC cluster: 256 AMD MI250X GPUs

▶ used 55 000 GPU hours in total (8.5 days of runtime)

This is a ready-to-use recipe for continual pre-training (CPT).
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Continual Pre-training
How does it compare to training from scratch in the final performance?

Training method NorQuAD
1-shot

NoReC
16-shot

NRK-Quiz-QA
0-shot

Tatoeba EN-NB
16-shot

transformer architecture
BLOOM 43.6 67.6 44.6 52.2
Llama / Mistral 43.7 80.3 48.2 53.4

continual training
init. from scratch 43.7 80.3 48.2 53.4
three-stage continual 64.8 84.9 57.9 57.2

hybrid training objective
causal-only 67.0 86.0 59.0 58.8
hybrid masked-causal 69.3 87.5 55.4 58.2

training steps
0 steps (base model) 76.5 86.9 47.4 49.6
0 steps (adapted tokenizer) 73.5 89.4 44.2 51.4
10,000 steps 69.3 87.5 55.4 58.2
20,000 steps 70.5 89.2 57.7 58.8
30,000 steps 66.2 82.3 59.0 58.5
40,000 steps 68.5 87.0 61.1 58.9
50,000 steps 70.4 88.7 60.2 58.7
60,000 steps 76.7 90.5 63.7 58.8

(Samuel et al., 2025)
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Continual Pre-training
Replaying some of the previous data during CPT helps to prevent catastrophic forgetting:

(Ibrahim et al., 2024)
33
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Context Extension

Recall from the previous lecture:
▶ An optional 4th stage of LLM pre-training is long context extension
▶ Happens right before supervised fine-tuning (SFT)

▶ A ‘standard’ context length for base-level LLMs nowadays is 4096 tokens
▶ i.e., cannot efficiently process sequences longer than that

▶ But processing long documents, large code bases and lengthy conversations requires more!
▶ Context size of more than 100K or even 1M tokens.

How do we achieve that?
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Context Extension

▶ To be able to process long documents, LLM must be trained on long token sequences
▶ But it is expensive to train on long-context spans from the very beginning

▶ quadratic cost of attention with sequence length!
▶ also, the model must first learn short-length relationships between words

▶ Luckily, it is enough to do a short longer-context run late in the training (Gao et al., 2025)

▶ E.g., you mostly train on 4K contexts, and then do a short ‘boost’ of 64K contexts.
▶ ...or do sequential scaling from 4K to 32K to 64k, as in SmoLM.
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Context Extension

Long Context Data
▶ You’ll need documents which are actually long

▶ most documents in web-crawled datasets are less
than 2K tokens in size

▶ Upsampling of books, long manuals, code repos
▶ Synthetically generated long documents
▶ Mix long documents with short ones! (60/40%)

Model Config for Long Context
▶ It is not only data: you need to increase max sequence length in the model itself
▶ E.g., NorOLMo-13B: increase from 4096 to 16384 tokens in Stage 3.
▶ It entailed decreasing batch size from 2048 to 512 (preserving number of tokens per step)...
▶ ...and increasing RoPe base frequency from 500K to 2M, so that attention weights tokens

far apart do not decay too rapidly (see more on positional encoding in Lecture 4).
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Context Extension

You’ll need benchmarks to determine the best long context extension approach. Measuring
perplexity is not enough.
There are some well-established approaches:

Long Context Evaluations
▶ Needle in a haystack (NIAH)

▶ ‘recall a text span in a large corpus with distractors’
▶ largely saturated

▶ RULER (Hsieh et al., 2024)
▶ synthetic; NIAH with diverse types and quantities of needles;

proxies for real NLP tasks
▶ HELMET (Yen et al., 2025)

▶ a set of natural tasks: RAG, QA, summarization, etc
▶ model-based evaluations (LLM-as-a-judge)

37
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▶ ‘recall a text span in a large corpus with distractors’
▶ largely saturated

▶ RULER (Hsieh et al., 2024)
▶ synthetic; NIAH with diverse types and quantities of needles;

proxies for real NLP tasks
▶ HELMET (Yen et al., 2025)

▶ a set of natural tasks: RAG, QA, summarization, etc
▶ model-based evaluations (LLM-as-a-judge)

37

https://github.com/gkamradt/needle-in-a-haystack
https://github.com/NVIDIA/RULER


Context Extension

Tips and tricks

▶ NB: for some long-context tasks, performance
improvements are visible only after SFT ! (Gao et al.,
2025)

▶ Document masking is important: we don’t want
cross-document attention.
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Summary: Key Concepts from the Lecture Today

▶ Decontamination
▶ Personally identifiable information (PII)
▶ Mid-training
▶ Front-loading
▶ Checkpoint merging
▶ Continual pre-training
▶ Data replay
▶ Long-context extension
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Follow-Up Reading: Ibrahim et al.(2024)

https://openreview.net/forum?id=DimPeeCxKO

40

https://openreview.net/forum?id=DimPeeCxKO


Follow-Up Reading: Samuel et al. (2025)

https://aclanthology.org/2025.nodalida-1.61/
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Follow-Up Reading: Yen et al. (2025)

https://proceedings.iclr.cc/paper_files/paper/2025/hash/f5332c8273d02729730a9c24dec2135e-Abstract-Conference.html
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