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| ast Week: Inference

. Prefill: process N input prompt tokens at once

arge GEMM (GEneral Matrix Multiplication; matrix x matrix)
-ills the KV cache in a single forward pass

. Compute-bounad

. Decode: generate tokens one by one auto-regressively
Repeated small GEMV (matrix x vector)

Reads all weights at every step

Memory-bound

erent

. |t's the same model, but the hardware workload is completely di
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| ast Week: Inference

. INnference metrics

Inference service
PREFILL Phase DECODE Phase

Token N (EOS)

Token 1
Token 2

User

TTET Time for Rest
of Tokens
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| ast Week: Inference
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Continuous batching Speculative decoding

Physical KV blocks
(on GPU DRAM)

Request Prompt: “Four score and seven years ago our” Block 0
A Outputs: “fathers” — “brought’ — ... 0) 0) ® o)
Block 1 | years | ago our | fathers
Logical KV blocks Block 2
0) ® 0) ® Block Table ®

Block 0 | Four | score | and | seven : Block 3 | brought
Physical block 4 filled
@ O] @ @ number
Block 1 | years ago our | fathers 7 a Block 4
@ Q] YRR T Draft Generations
Block 2 | brought L o3 o Block 5
Block 3 — — Block 6

Block 7 ®Four G)score and (Dseven

PagedAttention s
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| ast Week: Inference
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| ast Week: Inference

Technigue [TFT TPOT/ITL | Throughput Goodput | $/tokens
Continuous batching + + ++ ++ +
PagedAttention + - ++ ++ ++
Prefix caching ++ O/+ + + +
Chunked prefill + ++ + ot +
p/D disaggregation ++ ++ Ty e+ Ty
Speculative decoding O/+ ++ ++ ++ +/++
Quantization + +/++ +/++ + Tt
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| ast Week: Evaluation

. BEvaluation might appear to be a mechanical process:

. 1. Define some evaluation prompts
. 2.5end prompts to a model and get back responses

. 3. Compute accuracy

. WhiICh shapes the developme

. Core challenge: abstract const

NT O

. But actually, evaluation is a deep and important topic...

A\

FUcC

t - concrete metric
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Recap: SFT

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION Human

A giant rocket ship blasted off from Earth carrying
astronauts to the moon. The astronauts landed their
spaceship on the moon and walked around exploring the

lunar surface. Then they returned safely back to Earth,
bringing home moon rocks to show everyone.

. Collect prompt and completion (response) set
. Now, the promptisan input X and completion is a target Y
. With (X, YY), fine-tune the pre-trained LLM with NTP |oss
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Recap: Post-Tralning

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis A prompt and A new prompt »
sampled from our _— - several model e is sampled from .
xplain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled. |
v o o | v
A |abe|er Explain gravity. Explain war... The pollcy PPO
.0
demonstrates the @ M Qt 1 .Q ) generates N
desired Output Z satellite of the moon... an OUtDUt‘ W
: . g J
behavior. Some people went ¥ +
to the moon.. A labeler ranks
% the OUtpUtS from @ Once upon a time...
This data is used - best to worst. 0-6-0-0 V
to fine-tune GPT-3 e The reward model -
with supervised N7l calculates a o ®
[ N l ./.)?S\\.
|earning. [ This d . q Y reward for W
BIEIE to train our A, {
reward model. \}SX./ The reward is
0-0-0:-0 used to update Il
the policy
using PPO.

Step 2

Collect comparison data,
and train a reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.
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The Importance of Dataset

. Now, the question Is: what data should we train on?

. Data Is the most important thing to get right in training LLM
. But many people underrate the importance of the dataset
One justification: let's see what companies disclose

. Open models (e.g. LLaMA 3) have full transparency into the
architecture and even training procedures

BuUt basically no information on dataset

3.1 Pre-Training Data

We create our dataset for language model pre-training from a variety of data sources containing knowledge
until the end of 2023. We apply several de-duplication methods and data cleaning mechanisms on each data
source to obtain high-quality tokens. We remove domains that contain large amounts of personally identifiable
information (PII), and domains with known adult content.
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The Importance of Dataset

Another recent example: DeepSeek-V4

. |INn the 58-page technical report, they provide details of their
architectural choices, training setups, INfrastructure, ...

. But no detalls on the dataset!

4.1. Data Construction

On top of the pre-training data of DeepSeek-V3, we endeavor to construct a more diverse and
higher-quality training corpus with longer effective contexts. We continually refine our data con-
struction pipelines. For web-sourced data, we implement filtering strategies to remove batched
auto-generated and templated content, thereby mitigating the risk of model collapse (Zhu et al.,
2024). Mathematical and programming corpora still remain core components of our training
data, and we further enhance the coding capabilities of DeepSeek-V4 series by incorporating
agentic data during the mid-training phase. For multilingual data, we build a larger corpus
for DeepSeek-V4, improving its capture of long-tail knowledge across different cultures. For
DeepSeek-V4, we place a particular emphasis on long-document data curation, prioritizing
scientific papers, technical reports, and other materials that reflect unique academic values.
Combining all the above, our pre-training corpus comprises more than 32T tokens, containing
mathematical contents, codes, web pages, long documents, and other high-quality categories.
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Dataset Secrecy

. Reasons for secrecy? (1) competitive dynamics, (2) copyright liability

. Before foundation models, data work meant heavy annotation of
apeled data for supervised learning.

Now there's less annotation
BuUt there's still a lot of curation and cleaning

. Data Is fundamentally a long-tail problem, scales with human effort
Jnlike architectures, systems
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Difficulties of Data Access

. Internet Is huge, but many technical and legal restrictions on
what data one can access

. Cases of crawler misbehavior
. Server load - service degradation / monetary losses for the site

. Shadow Libraries (copyright gray zone)
. Technically part of the web
. LibGen (~4M books, 2019), Z-Library, Anna's Archive
. Scl-Hub (~88M papers, 2022)
-rom a legal perspective, this is piracy and copyright infringement
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Difficulties of Data Access

. Decline of consent [Longpre+ 2024]
. Restrictions grow over time (ropots.txt, ToS, etc)
. So the trainable portion of the open web Is shrinking
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70%
0/ _
60%- T
40% - ® GPTBof
30% 1 GPT-4|
0% ® ChatGPT)|
0
10% - Forecast
O% 1 | | | | | | | | |
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Robots.txt Restrictions
® Full restrictions ® Pattern-based restrictions Disallow private directories Other restrictions Crawl delay specified Sitemap provided
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Conditional Use @ Unrestricted Use No Terms Pages
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Copyright

. What data is legal to train on? Publicly available does not mean free to
Jse and most Internet data is copyrighted

. Three legal ways to use copyrighted works
(1) Get a license (2) use public-domain dataset (3) claim fair use
Model training can be a violation from the very first step...

. Licenses
. Creative commons, ...
Model companies make data-licensing deals (e.g. Google - Reddit)
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Transformation

- H

ML to text

DF o text
OCR Is an important tool

Generative Computing Lab

Inha University

PDF SOURCE CODE (COMPACT & ANNOTATED)

[ 1. Header & File Type |
[iPDF-l. 3 %15ad Jd % Declares PDF version, binary marker

2. Objects & Fonts (Indirect References) |

1 0 obj
<< /FL20R/F23 86R ... >
_endobj

'3 8 obj << /BaseFont /Helvetica-Bold ...
_endob)

3. Page & Content Stream (The 'Paint’ Instructions) }
6 8 ob

<< J /Type /Page /MediaBox [0 0 612 792]

/Contents 10 0 R

/Resources << /Font 1 @ R /XObject << /Iml 4 @ R
. endobj

>> ’4— Defines Font ‘Helvetica-Bold’

Page def: size, links to font map (1
<— R), Image resource (4 0 R as /im1),
& content stream (10 0 R)

|<— Font resource map, e.g., /F1 links to obj 2

o

5. The Content Stream (Decoded & Simplified Operators)

10 0 obj
stream

q 50 7306 m 562 736 1 S Q

BT /F2 24 Tf 50 750 Td (HEADER TEXT (BOLD)) Tj ET ‘——/

BT /F1 12 Tf 50 700 Td (Body paragraph 1 text...) Tj ET
q 100 400 268 150 re W n /Iml Do Q
BT /F3 10 Tf 100 380 Td (Caption for image...) Tj ET

endstream
endobj

6. Image Object (External Resource)

4 @ obj << /Type /XObject /Subtype /Image ..
...binary data... endstream
_endobj

. /Length 9990 >> stream

. Raw data does not come as text (e.g. HTML, PDF, codebase, etc

Remove bollerplate (e.g. navigation, ads) and extract content
SBut what about images, tables, etc.?

RENDERED PDF OUTPUT (VISUAL LAYOUT)

||

WHY PARSING IS HARD: No explicit semantic structure (e.g., <p>, <h1>), only
absolute positioning & “paint" commands. Reading order is not guaranteed.
Text is fragmented. Layout must be heuristically inferred from geometry.

- e e e e s e e s e s e e e e e S S S S SR G S ES G S G S S s G s e e s e s e

| Body paragraph 2 text is here, |
, perhaps painted before column 1in |
| the stream... Hovever, Body

| paragraph 2 text is exacination 1
magnos layoul. Body paragraph at I has superenseir/or-orliinaieg it
the onnecoroctor tair that emaiie ' concainentiorinectssios thal whens |

|
|
/. extran trox dreams of impacla eere | 4 used the conccirttion of expitare
|
|

. Body paragraph 1 text starts here. It '
flows down this column... It s
neconstructed withwesed individuart

| linens in paint. was panat the

I I
|
I

ann interrense anjmal mines and , compotents mont decovem ininal
| its coumnils the repesentation of
body paragraph 1 text here...

, to coonnr-orerenra and datored in
| column... .
! |

Visual "Column 1" § | Visual “Column 2" !

Visual "Image"
(Painted XObject)

. Visual “Caption”
| (Inferred by proximity)

ECE/115 Multimodal VLM (Spring 2026)




Farly Dataset (~2019)

. BERT [Devlin+ 2018]: Wikipedia + BooksCorpus
BooksCorpus: /K self-published Smashwords books, 985M words
_ater removed for Smashwords terms-of-service violation

. GPT-2 [Radford+ 2019] : 8M pages from Reddit links with karma =3
. 8 million pages, 40GB text

. OpenWebTlextCorpus |[Gokaslan+ 2019] Is an open-source replication
attempt by extracting the URLs from the Reddit dataset
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Common Crawil

. Common Crawl Is a non-profit organization founded in 2007

( COMMON The Data v Resources v Community v About v Search v Contact Us
CRAWL

Common Crawl maintains a
free, open repository of web
crawl data that can be used by
anyone.

Common Crawl isa 501(c)(3) non-profit founded in 2007.

We make wholesale extraction, transformation and analysis
of open web data accessible to researchers.

Overview
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Common Crawil

-very ~montn, run a web crawl (add 3-5 billion welb pages)
. Crawls have some overlap but try to diversity

and

300 billion pages so far

The data was crawled between April 10th and April 23rd, and contains 2.19 billion web pages (or

379.2 TiB of uncompressed content). Page captures are from 43.2 million hosts or 35.4 million

. |—| OW Ma ny U :2 LS are t h - re? registered domains and include 660.5 million new URLSs, not visited in any of our prior crawls.
. April 2026 Crawl has 2.19 billion pages (379.2 TB)

. Two formats:
WARC: raw HTTP response (e.g., HTML)
. WET: converted to text (lossy process)
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Some Specilalized Sources

. Wikipedia: 67M articles / 361 language editions
Regular dumps (weekly) » no crawling needeo

Does Not contain original thougnt (No opinions, promaotions,
personal web pages, etc)

. ClItHUb: 420M repos (28M public). 28.8M source files
. Code Is helpful for programming tasks, but also for reasoning

. arXiv: ~3M submissions, metadata is CCO
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Filtered Dataset

. CCNet [Wenzek+ 2019]

. Goal: constructing large, high-guality datasets for pre-training
-specially interested In getting more data for low-resource languages
. Components

. Deduplication: remove duplicate paragrapns based on lignht
normalization

. Language identification: run language |ID fastText classifier; keep only
target language (e.g. English)

. Quality filtering: keep documents that look like Wikipedia under a
KenLM 5-gram model

Results

. Trained B

RT models, CCNet(CommonCrawl) outpertorms Wikipedia
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Filtering

. Glven some target data T and |lots of raw data R, find subset T' of R
similarto T (T Is normally high-quality dataset; e.g. Wikipedia)
. e.g. KenLM: n-gram based LM / FastText: simple classifier

. Applications
Language identification
. Quality filtering
. Toxic filtering

Raw data R Targetdata T

More data T’
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Deduplication

. Two kinds of duplicates: exact duplicates and near duplicates
—xample: ToS/license text appears 60K times in C4

Matching method (exact/substring/fraction) [F"'teﬁ"srl
Action (remove all / keep one)

. [ Looad ]
. Why deduplication? Dotaset
Training efficiency » and memorization ¢ [com,,ute j |
MinHash I
Design decisions [clusteﬁ,\gj
'tem granularity (sentence/paragraph/document) v
|

/
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Filtered Dataset

. Colossal Clean Crawled corpus (C4) |

Raffel+ 2019

. Observation: Common Crawl Is mostly not useful natural language

. Manual heuristics such as

Removed page with '{' (no code),
-llter out non-English text using

Keep lines that end Iin punctuation and have >= 5 words
Remove page with fewer than 3 sentences
Removed page that contains any 'oad words'

lorem ipsum’, 'terms of use/, etc.
langdetect

2019.4 CC dumps 1.4T » 806GB (156B tokens)
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The Pile [cao+ 2020

.+ 3250

3 (~275

B tokens), 22 curated domains

. Major components

. Stack

Dile-CC,

PubMed (5M papers), arXiv (1991+)

-Nnron emails (500K), Project Gutenberg (75K public-domain nooks)
Books3 (196K, shadow library » removed due to copyright issues)
-xchange, GitHub (28M+ repos)
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Composition of the Pile by Category

* Academic * Internet = Prose * Dialogue * Misc

Bibliotik

PG-19

PubMed Central

StackExchange

PMA Github
Phil |NIH |OpenWebText2 Wikipedia DM Math I YT

Cenerative Computing Lab ECE7115 Multimodal VLM (Spring 2026) 24
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Gopher / LLaMA

. Copher [Rae+ 2021]: 10.5TB of text (only 300B tokens used for training)
. Quality filtering using manual rules (not classifier)
. e.g.80% words contain at least one alphalbetic character

. LLaMA [Touvron+ 2023]: 1.2T tokens
. CCNet + C4 + GitHub (permissive licenses) + Wikipedia (20
languages) + Gutenberg + Books3 + arXiv + StackkExchange
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RefinedWeb / FineWeb

. RefinedWeb [Penedo+ 2023]: 600B released from 5T

. "Wepb data alone is enough”

. HTML to text + Gopher rules filtering + deduplication
Dellberately avoids ML-based filtering (to prevent pias)

. FIneWeb: Started as a replication of RefinedWeb, but improved it
. 95 Common Crawl dumps - 15T tokens
. MinHash dedup, Gopher filtering, email, IP anonymization...
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Dolma / DCLM

" o~ UTF-8 bytes = Documents Unicode Llama
DO‘ M a SO ‘ d alN |+ 2024] Source Doc Type (GB) (millions) words tokens
- (billions)  (billions)
. Lan guage | dentification Common Crawl & web pages 9,022 3,370 1,775 2,281
. The Stack <[> code 1,043 210 260 411
(- ?
(fa StT@Xt C | SRR lf c ) C4 i%* web pages 790 364 153 198
' ' Reddit social medi 339 377 72 89
Gopher, C4 rules filtering social medis
. PeS2o0 = STEM papers 268 38.8 50 70
. 3 ‘ OO Tl ‘ter d ed g p Project Gutenberg = books 20.4 0.056 4.0 6.0
: L .. . Wikipedia, Wikibooks | encyclopedic 16.2 6.2 3.7 4.3
Jigsaw toxicity filter
Total 11,519 4,367 2,318 3,059

DataComp-LM (DCLM) [Li+ 2024]
. Processed CommonCrawl to produce DCLM-pool (240T tokens)
DCLM-baseline: filtered down DCLM-pool using quality classifier

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Dolma / DCLM

. DO‘ 'T1a SO ‘ d d | N | + 2024] Source Doc Type UTF(-CB; llg))ytes I()’:;Iclu[ll()n:gts words tokens

(billions)  (billions)

. Lang Jage |Jantifiratinn ~ - o o o .
(fastText clas

. Gopher, C4r

12.3%

. Bloom Tilter « B
Jigsaw toxicr 2o
7.9%

9.0%

. DataComp-LM

. Processed C

. DC| M-basel B Figure 4: Construction of DCLM-BASELINE from DCLM-
POOL. Before this pipeline, we extracted DCLM-Pool from
Common Crawl with resiliparse. Percentages are based on
the total number of original documents.
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Common Pile [kandpal+ 2025

. Can you train a good model using only permissively-licensed data?
. Common Pile collects 8TB dataset of permissively licensed data

Code
(4775 GB) Government & Legal - :
—_— 1172 GB Wikis Web Academic Public Domain
( ) Papers :
O 1TB - Pr— (528 GB) (260 GB) (370 GB) Online Forums Books Educational
N — o — T, (165GB) (244 GB) Other Leationa
b . — —— (59 GB) Resources
N — \ —1— ( (15 GB)
“ —
O 10GB -
7))
(O
+—
(O |
A 100MB - |
TMB , T |
3¢ ©020T3Z3 £L Qegeogx oT L L0 J QR SF @QLL
i FESE 8o $7% S328 ws28% 2% Foogs 50 oo
o 5 - PFe&a 282 0=z3 05 T 5 80 S 52 K -
O S v G5c TE O s, o 8,8 <£ = 2 m =g 3 0@ ¢
N 2 T2 T X 2 & > 2 83T S 2385 = 2 8 O
= ; = = < " 0 - N O - > Q = Q
% C 85 o > S
2 q
—
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Synthetic Dataset

. Another dataset approach is synthetic pre-training dataset
. WRAP [Maini+ 2024 (CMU and Apple)
An instruct LLM rephrases web docs into Wikipedia/QA style

N
o
o

Bl
Noisy | Text
Pre-training 0 100 200 300 86 35 18 170 150 85 75
Tokens seen (in Billions) Data Pool Size (Billion Tokens)

For the following paragraph give me a A 30 — T
paraphrase of the same in high quality English 48 ._.4" Recipe: . WRAP m C4
language as in sentences on Wikipedia o 47 '../’\./ L_LII Model Size: @ 350M @ 1.3B
O ~3x Faster o = 25
Rephrase o Y, A~
S5 46 _________ ¥ ___ - e O
Model % 8 O ¢ . 4mm l'—'lon,’- -i'c—- 20
< 45 N5 S
O =>
<= 44 = 15 7
- z O @ / ,
Synth )
<o T ';‘_) 4o e=.me \WVRAP-85B (ours) Y / /
- S > wmsme C4-85B S / / /
() < 41 w=ome C4-170B ; 5 / / /
(@)
=== RW-300B / / /
% 4 v
C
©
—
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Synthetic Dataset

. Another dataset approach is synthetic pre-training dataset

. Phi-4 [Abdin+ 2024] (Microsoft)
Curated organic seeds » (LLM-driven) synthetic rewrite &
augmentation » LLM-driven guality validation

Data, Fraction Unique Number of
Source of Training Token Count Epochs
Web 15% 1.3T 1.2
Web rewrites 15% 290B 5.2
Synthetic 40% 290B 13.8
Code data 20% 820B 2.4
Acquired sources 10% 580B 1.7
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Synthetic Dataset

. Another dataset approach is synthetic pre-training dataset
. MGA [Hao+ 2025] (ByteDance)
Massive genre-audience reformulation from the original text

f

Generate 5 pairs
per inference pass

Reformulate one target per inference pass

g * N y
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Synthetic D

atasetl

. Another dataset approach is synthetic pre-training dataset
. Demystitying synthetic data [Kang+ 2025] (Meta)

. Scaling laws on synthetic dataset

Scaling with Data Sizes (show

ing 1B-param models)

5X100‘ :‘\ o

FaN
X
[
o
o

Validation Loss

3 x 10°:

CommonCrawl (CC)
HQ-rephrased (HQ)
m— - 67% HQ+33% CC
— - 33% HQ+67% CC
QA-rephrased (QA)
- 67% QA+33% CC
- 33% QA+67% CC
Generated Textbook (TXBK)
- 67% TXBK+33% CC
- 33% TXBK+67% CC

100 10! 1072
Data Budget/billion tokens (extrapol

Generative Computing Lab
INnha University

103 104

ating to 8T training tokens)

Validation Loss

Scaling with Model Sizes (showing 50B training tokens)

6 x 10°

S
X
=
o
o

3 x 109

CommonCrawl (CC)
HQ-rephrased (HQ)
m— - 67% HQ+33% CC
—— - 33% HQ+67% CC
QA-rephrased (QA)
- 67% QA+33% CC
- 33% QA+67% CC
Generated Textbook (TXBK)
- 67% TXBK+33% CC
—— - 33% TXBK+67% CC

H —
l--.l—-_...

—
- .~'-
-

10° 10! 107

Model size/billion parameters (extrapolating to 400B-param models)
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Synthetic SFT Dataset

. Large-scale instruction collection is expensive; Can LMs produce it~

. Self-Instruction [Wang+ 2022
Creating a large-scale instruction dataset is really difficult

. |t Is possible to automatically generate instruction tuning datasets

Step 2: Classification
Task Identification

~

175 seed tasks with Task Pool Step 1: Instruction Generation
1 instruction and

1 instance per task w
, P N w
Vo LM Instruction : Give me a quote from a LM
— famous person on this topic.
0-p N > pe p ) %E

Step 3: Instance Generation

Task ~
‘ . _ _‘ _ ' N Yes
| Instruction : Find out if the given text is in favor of or against abortion.

Step 4: Filteri , , —
P& TS Class Label: Pro-abortion s
@ . Input: Text: I believe that women should have the right to choose whether or not Output-first LM

they want to have an abortion.

m-v‘ o
Instruction : Give me a quote from a famous person on this topic. | o
Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jeffersonj Input-first

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)
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Synthetic SFT Dataset

. Large-scale instruction collection is expensive; Can LMs produce it~
. Alpaca [Taori+ 2023]

. Generating high-gquality instruction dataset with self-instruct using
OpenAl text-davinci-003 (l.e. knowledge distillation)

@ Meta T
LLaMA 7B \ )

"
- - 4
Text-davinci-003 "v":' <&
/ g

Supervised

52K Finetuning Alpaca 7B
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: £O0H:
- Lose weight Output:
- Exercise more ... iIncorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...
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Synthetic SFT Dataset

. Large-scale instruction collection is expensive; Can LMs produce it~
. Vicuna [Chiang+ 2023]
. Fine-tune LLaMA with 70K user-shared ChatGPT conversations

(] shareGPT

Serving ]

Her ) Distributed serving with
v 4 [ Data J { Training FC FastChat
User-shared

sanvarsations Supervised instruction .
(e.g.. ShareGPT) fine-tuning on LLaMa Evaluation ]
Assess the outputs with
Run on any cloud with <7 SkyPilot © GPT4
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Stages of Tralning

. 1. Pre-training: train on raw text (e.g. documents from the web)
. 2. Mid-training: train more on high quality data to enhance capabillities
. 5. Post-training: train on chat transcripts or reinforcement learning

. |N practice, the lines are blurry and there could be more stages

But the basic trend Is throughout training, we go from large
amounts of lower guality data to small amounts of high guality data

. Base model: after pre-training + mid-training
nstruct/chat model: after post-training
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Stages of Tralning

LLaMA 5

GPUs TP CP PP DP Seq.Len. Batchsize/DP Tokens/Batch | TFLOPs/GPU BF16 MFU SMa | | b S | 7

8,192 8 1 16 64 8,192 32 16M 430 43% '

16384 8 1 16 128 8,192 16 16M 400 41% large bsize

16,384 8 16 16 8 131,072 16 16M 380 38% loNng context

Domain Stage 1 Stage 2 Stage 3 Stage 4 DeepSeek-V4-Flash. We employ the Muon optimizer (Jordan et al., 2024; Liu et al., 2025) for
the majority of parameters, but use the AdamW optimizer (Loshchilov and Hutter, 2017) for the

General 79.4% 61.6% 59.1% 17.0% embedding module, the prediction head module, and the weights of all RMSNorm modules. For

Code 12.0% 20.1% 20.0% 25.2% AdamW, we set its hyper-parameters to g1 = 0.9, B2 =0.95, ¢ = 1072, and weight_decay = 0.1.

Math R.6% 18.2% 20.0% 25.3% For Muon, we set the momentum to 0.95 and the weight decay to 0.1, and rescale the RMS of each

Instruction tunin g 0.0% 0.1% 1.0% 32.5% update matrix to 0.18 for reutilization of the AdamW learning rate. We train DeepSeek-V4-Flash

on 32T tokens, and as in DeepSeek-V3, we also employ a batch size scheduling strategy that
increases the batch size (in tokens) from a small size to 75.5M and then keeps it at 75.5M during
I—l CX most of the training. The learning rate is linearly warmed up in the first 2000 steps, maintained
at 2.7 x 10~* for most of the training. Near the end of the training, we finally decay the learning
rate to 2.7 x 10~ following a cosine schedule. The training starts with a sequence length of 4K,
and we gradually extend the training sequence length to 16K, 64K, and 1M. As for the setups of
sparse attention, we first warmup the model with dense attention for the first 1T tokens, and

:) ee p S ee k—\/4 introduce sparse attention at the sequence length of 64K and keep sparse attention during the

rest of the training. When introducing attention sparsity, we first set a short stage to warm up

Seemst h at WIT | onN g -context sy p po rt| N g the lightning indexer in CSA, and then train the model with sparse attention for most of the

training. For auxiliary-loss-free load balancing, we set the bias update speed to 0.001. For the

T h e b oun d ary Qf ore -1rag NN g an d M | d — | balance loss, we set its loss weight to 0.0001 to avoid extreme imbalance within single sequences.
The MTP loss weight is set to 0.3 for most of the training, and to 0.1 upon the start of learning

training goes PIurry? | rate decay.
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Stages of Tralning [Team OLMo 2025]

Pre-training

Source Type Tokens Words Bytes Docs
Pretraining ¢ OLMo 2 1124 Mix
DCLM-Baseline Web pages 3.71T 3.32T 21.32T 2.95B
StarCoder
filtered version Code 83.0B 70.0B 4598 78.7TM
from OLMoE Mix
peSon . Academic papers 58.6B 51.1B 413B  38.8M
arXiv STEM papers 20.8B 19.3B 77.2B  3.95M
OpenWebMath Math web pages 12.2B 11.1B 47.2B  2.89M
Algebraic Stack Math proofs code 11.8B 10.8B 44.0B  2.83M
Wikipedia & Wikibooks  gncyclopedic 3.7B 3.16B  16.2B  6.17TM
Total 3.90T 3.48T7 22.38T 3.08B
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Stages of Tralning [Team OLMo 2025]

Source Type Tokens Words Bytes Docs
Mid-Training + Dolmino High Quality Subset
DCLM-Baseline . .
FastText top 7% High quality web 752B 670B  4.56T 606M
FineWeb = 2
FLAN
from Dolma 1.7 InStI‘UCtlon da,ta 17-OB 14.4B 982B 57.3M
decontaminated
peSiZO St Academic papers 58.6B 51.1B 413B 38.8M
Wilfipedriﬁ 1&. VJVi_kibookS Encyclopedic 3.7B  3.16B 16.2B  6.17TM
Stack Exchange
09/30/2024 dump Q&A 1.26B 1.14B 7.72B 2.48M
curated Q&A data
High quality total 832.6B 739.8B 5.09T 710.8M
Mid-training ¢ Dolmino Math Mix
TuluMath Synthetic math 230M 222M 1.03B 220K
Dolmino SynthMath Synthetic math 28.7TM 35.1M 163M 725K
TinyGSM-MIND Synthetic math 6.48B 5.68B  25.52B 17M
MathCoder2
Synt\l}fletic Synthetic Math 3.87B  3.71B  184B  2.83M
Ajibawa-2023
M-A-P Matrix
Metamath Math 842M  76.6M  741IM 383K
OW M-filtered
CodeSearchNet Code 1.78M  1.41M  29.8M 727K
GSI,\J/_ISK . Math 2.74M  3.00M 25.3M  17.6K
rain spli
Math total 10.7B  9.73B 45.9B 21.37M

# #
Category Prompt Dataset Count Prompts  Prompts poterence
usedin usedin
SFT DPO
General Tilu 3 Hardcoded' 24 240 - -
OpenAssistantl’Q’l 88,838 7,132 7,132 Kopf et al. (2024)
No Robots 9,500 9,500 9,500 Rajani et al. (2023)
WildChat (GPT-4 subset)' 241,307 100,000 100,000 Zhao et al. (2024)
UltraFeedback®"” 41,635 — 41,635 Cui et al. (2023)
Knowledge FLAN v2"%* 89,982 89,982 12,141 Longpre et al. (2023)
Recall SciRIFF" 35,357 10,000 17,590 Wadden et al. (2024)
TableGPT* 13,222 5,000 6,049 Zha et al. (2023)
Math Tulu 3 Persona MATH 149,960 149,960 - -
Reasoning Tulu 3 Persona GSM 49,980 49,980 - -
Tulu 3 Persona Algebra 20,000 20,000 - -
OpenMathlInstruct 2t 21,972,791 50,000 26,356 Toshniwal et al. (2024)
NuminaMath-TIR" 64,312 64,312 8,677 DBeeching et al. (2024)
Coding Tulu 3 Persona Python 34,999 34,999 - -
Evol CodeAlpaca” 107,276 107,276 14,200 Luo et al. (2023)
Safety Tulu 3 CoCoNot 10,983 10,983 10,983 Brahman et al. (2024)
& Non-Compliance Tilu 3 WildJailbreak®** 50,000 50,000 26,356 Jiang et al. (2024)
Tilu 3 WildGuardMix** 50,000 50,000 26,356 Han et al. (2024)
Multilingual Aya’ 202,285 100,000 32,210 Singh et al. (2024b)
Precise IF Tulu 3 Persona IF 29,980 29,980 19,890 -
Tulu 3 IF-augmented 65,530 — 65,530 —
Total 23,327,961 939,344 425,145

Mid-training

Generative Computing Lab
Inha University
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Stages of Tralning  [Hu+ 2024]

. Widely used approach and publicized in recent Chinese LLMs

Note: SFT dataset Is integrated into the pre-training dataset

Data Mixture of Stable Stage Da.tg

Mixture of Decay Stage

Ima

CommonCrawl_Chn Code Pretrain

Code Pretrain

CommonCrawl_Chn
Evollnstruct

Osslnstruct
SimOrca
Logic SFT
ShareGPT4
Law Pretrain
Open Web Math

—— Arxiv
—_peS20
—Math SFT

Stack Exchange QA
Other

Math_Synthetic
UltraChat
Knowledge_SFT
Book Chinese

4 Pile Code SFT
SFT _mixed Baidu Baike

Open Web Math
Arxiv
peS2o0

C4
24.0
Pile
15.0

Dolma Wikipedia
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Summary

. Key lesson: Data does not fall from the sky. You have to work to get |
. and data is the key ingredient that differentiates language mode

. Standard tools

Ciltering: KenllM / fastText / DSIR
Deduplication: Bloom Filter / MinHash / LSH

. Much of this pipeline Is heuristic, many opportunities to Improve

. Recently many models use synthetic dataset
. Beware of legal and ethical issues
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Supervised Fine-Tuning (SFT)
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Some Topics on SFT

. Where does that (X, Y) data come from?
wo flavors (e.g. FLAN vs InstructGPT)

U

. LIMA and the superficial alignment hypothesis
. SFT dataset; which one Is better? guantity vs diversity

. Synthetic data-pased SFT

. Reasoning distillation
. SFT vs RL
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Two Flavors of SFT

. Split by where the data comes from
. Academic tasks

. Convert existing NLP benchmarks into instruction format
-LAN [Wel+ 2021, Chung+ 2021], TO [Sanh+ 2021}

. User prompts
Prompts people actually send to LLM APIs

NnstructGPT [Ouyang+ 2022] » ChatGPT, Claude, etc.

. Both are essentially the dataset tfor NTP,
but their data distributions are completely different
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—LAN-1S [Chung+202]]

Finetuning tasks

. SFT on 1800+
4 TO-SF N[ Muffin N Natural A
a C a d e I ' | | C ta S kS . Natural language inference Closed-book QA Instructions v2
Commonsense reasoning . . .
Question generation , : .
Extractive QA k 69 Datasets, 27 Categories, 80 Tasks J Toxic language detection
' ' Question answering
Title/context generation : .
Topic classification / CoT (Reasoning) \ Question generation
Struct-to-text . . . . . Program execution
Arithmetic reasoning Explanation generation Text categorization
Commonsense Reasoning  Sentence composition
55 Datasets, 14 Categories, Implicit reasoning 372 Datasets, 108 Categories,
\ 193 Tasks / \ 9 Datasets, 1 Category, 9 Tasks ) \ 1554 Tasks /
< A Dataset is an original data source (e.g. SQUAD).
< A Task Category is unique task setup (e.g. the SQUAD dataset is configurable for multiple task categories such as
extractive question answering, query generation, and context generation).
% A Task is a unique <dataset, task category> pair, with any number of templates which preserve the task category (e.g.

query generation on the SQUAD dataset.)

Held-out tasks
4 N\ [ N\ [ N\ [ )
MML BBH TyDIQA MGSM
Abstract algebra Sociology Boolean expressions Navigate ; : hool
College medicine Philosophy Tracking shuffled objects ~ Word sorting In olzfnatlon Grade schoo
Professional law Dyck languages seeking QA math problems
57 tasks 27 tasks 8 languages 10 languages

-\ J J J U J |
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SFT Analysis: # of Tasks [chung+2021

. Scaling # tasks and model size iImproves the performance

540B model
60 60 P -
5 s 1
tq%)o &\O/ 40 ?’;‘08\0_/ 40 62B model
—
S S 4 R
g -S - 8
'8 -5 "8 “5 \
:.t_:’] ? —e— 1,836 tasks g |O 8B model
sz 20 —e— 282 tasks g9 %
o o = O
o < 89 tasks o <
Z 9 tasks z
0 —e— No finetuning 0
8B 62B 540B 0 9 89 282 682 1,836
Model size (# parameters) Number of finetuning tasks
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SFT Analysis: Tasks Diversity [Chung+ 2021

Diversity Is critical; cannot generalize to categorical difference

Held-out CoT benchmarks Held-out non-CoT benchmarks
~ 60 60
32 2
S0 S0
= 40 = 40
QL QL
= =
o o
D D
® 20 20
& &
— —_
o o
- £ iz
0 0
8B 62B 540B 8B 62B 540B
Model size (# parameters) Model size (# parameters)

—— CoIl + non-Col' —e— Non-Coll —4— Col' —e— No finetuning

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



SFT on Academic Tasks

. .= Improve language understanding tasks
. = Cross-lingual transfer

.k
. ok

‘o™ <t

owever,

Not good as a "language A
_ong-form generation

Benefits wide range of model scales and types
Provide a petter starting point for single-task fine-tuning

PI"with generations natural to humans

. Why”? most of academic tasks are long-input short-output

Generative Computing Lab
Inha University
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FLAN Dataset

. INnput lengths are much longer
. Targets are mostly shorter than ~120 tokens

0.0030
0.030
0.0025
0.025
0.0020 ——
0.0015 0.015
0.0010 0010
0.0005 0.005
0.000
0.0000 0 500 1000 1500 2000 0 500 1000 1500 2000
Input sequence length Target sequence length
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SFT on User Prompts

. What are user prompts?
he prompts that people try out on GPT APl or ChatGP

. Examples:
. Explain the moon landing to a 6 year old in a few sentences
. Write a story about a wise frog

. Unlike academic tasks, short-input and long-output

. InstructGPT [Ouyang+ 2022]: SFT on OpenAl labeler demonstration
. And then RLHF
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| IMA: Less Is More [zhou+ 2023

We define the Superficial Alignment Hypothesis: A model’s knowledge and capabilities are learnt
almost entirely during pretraining, while alignment teaches i1t which subdistribution of formats should
be used when interacting with users. If this hypothesis 1s correct, and alignment 1s largely about

learning style, then a corollary of the Superficial Alignment Hypothesis 1s that one could sufficiently
tune a pretrained language model with a rather small set of examples [Kirstain et al., 2021].

. LLMs already know everything, just show them the format!

. We can think that the post-training (e.g. SFT, RLHF) Is just the way that
"'oull out" the LLM's hidden knowledge

Generative Computing Lab
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| IMA: Less Is More [zhou+ 2023

We define the Superficial Alignment Hypothesis: A model’s knowledge and capabilities are learnt
almost entirely during pretraining, while alignment teaches i1t which subdistribution of formats should
be used when interacting with users. If this hypothesis i1s correct, and alignment 1s largely about
learning style, then a corollary of the Superficial Alignment Hypothesis 1s that one could sufficiently
tune a pretrained language model with a rather small set of examples [Kirstain et al., 2021].

—

. They SFT LLaMA with very small but good quality dataset

B LIMA wins Bl Tic LIMA Loses B LIMA wins Bl Tie LIMA Loses

Alpaca 65B 26% Alpaca 65B 17%

23%

DaVinci003 35% DaVinci003

47%

BARD (April) 42% BARD (April)
Claude (April) 54% Claude (April) 63%
GPT-4 (April) 57% GPT-4 (April) 66%
0% 26%  50% 7%  100% 0% %%  50%  75%  100%
Figure 1: Human preference evaluation, compar- Figure 2: Preference evaluation using GPT-4 as
ing LIMA to 5 different baselines across 300 test the annotator, given the same instructions pro-
prompts. vided to humans.
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SFT Dataset: Quality vs. Quantity

Model SFT Dataset Size
INnstructGPT (2022) 15K
Claude (2022) 506K
LLaMA 2 (2023) 28K
Alpaca (2023) 52K
Vicuna (2023) 70K
WizardLM (2023) 624K
LIMA (2023) 1K
LLaMA 3 (2024) 10M

. Still an unsettled area (5,000x spread among contemporaneous models)
. 2025-26 consensus: the answer depends on what you are trying to teach
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Reasoning Distillation with SFT

. What happened in 20257
. 2024.9: ol arrives (OpenAl)
. A new paradigm: the "reasoning LLM"
. Test-time compute: long thinking before answering

. 2025.1: DeepSeek-R]
DeepSeek delivers ol-class performance as open source
RLVR
. The industry's Rl moment and changes everything

. Now, guestion Is: can we train the reasoning model with only S
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Reasoning Distillation with SFT

. Plain SFT could memorize only the answer
. Q:What 1s 23 x 477
. A 108]

. Reasoning SFT can learn the entire thought process with NTP
. Q:What 1s 23 x 477

. A <think>

. 25 x 47 =25x% (50 -3)=1150 - 69 = 108]

. Verity: 20x47=940, 3x47=141, 940+141=1081 ¥

. </think>

. The answer I1s 108].
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Reasoning Distillation with SFT [DeepSeek-Al 2025]

. SFT alone gets you nearly Rl-class reasoning
. But we need RL post-trained teacher...

Teacher .
YOI high-quality ‘ Model AIME2024  MATH D?;i‘:‘ld L‘;’::C":e CodeForces
reasoning and non- -
reasoning samples Deepseek R1 pass@1 cons@64 pass@1 pass@1 pass@l rating

GPT-40-0513 9.3 134 74.6 49.9 32.9 759
Claude-3.5-Sonnet-1022 16.0 26.7 78.3 65.0 38.9 717

DeepSeek-R1-Distill-Qwen-1.5B 28.9 52.7 83.9 33.8 16.9 954
DeepSeek-R1-Distill-Qwen-7B  55.5 83.3 92.8 49.1 37.6 1189
DeepSeek-R1-Distill-Qwen-14B  69.7 80.0 93.9 59.1 53.1 1481
DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 94.3 62.1 57.2 1691
DeepSeek-R1-Distill-Llama-8B  50.4 80.0 89.1 49.0 39.6 1205
DeepSeek-R1-Distill-Llama-70B  70.0 86.7 94.5 65.2 57.5 1633

Reasoning lll

Answer

Student

Qwen-32B ‘mmmmmm 4 DeepSeek-R1-Distill-Qwen-32B

Image credit: https:/newslettermaartengrootendorst.com/p/a-visual-guide-to-reasoning-lims
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Reasoning Distillation with SFT

. Complex reasoning in LLMs can be achieved with few examples
Less-Is-more reasoning hypothesis (LIMO) [Ye+ 2025]

Qeasoning Knowledge Is already acqgulired during pre-training

SET only elicits it (similar observation on sl [Muennighoft+ 2025])

«{ NuminaMath 7 In-Domain
« LIMO (Ours) @8 Out-of-Domain
- 1%
100 l AIME24

100,000 samples 800 samples MATHS500
754 ~ | //\
), . a ffi
/ g //‘1 X AMC23 C% Q‘ AOPS icio/e e e
—_— “1 I“I, a IT / - . . .
55 874% 1 j | Minerva Millions of Questions Seed Data Multi-stage Filtering Dedup LIMO-Pool Rule-based Scoring LIMO
' Candidate Pool Question Selection Reasoning Chain Selection
(R Olympiad d ' ‘
| ymels LIMO dataset curation (~800 examples)
NuminaMath LIMO (Ours) CHMath
completely same backbone superior performance across
1% data — 874% gain on AIME24 (pass@1) 10 benchmarks
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SFT: Why 1t Works?

. SFT works best when we are extracting pre-training lbenhaviors
hat Is, SFT Is the key that unlocks abilities already inside the model

. Knowledge not seen enough during pre-training

New factual injection Is possible but inefficient and can raise
Nnallucination risk

. SFT data design principle
. Work within the distribution the model saw during pre-training
. Teach pbehavior, style, and format, not injecting new facts
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100- :  1rain KnoW— ~

. » 801
SFT: Why it Works?
. SFT works best when we are extracting pre- j‘;; 40- g

. Thatis, SFT is the key that unlocks abilities © 2 ;

: > 44 '
. Knowledge not seen enough during pre-tra g s
L . ... T 42
New factual injection is possible but ineffi < 4 .
nallucination risk 8 39 gl —— % ——5—=5 20 ©p
Epochs
. SFT data design princip\e Figure 1: Train and development accuracies as a func-

tion of the fine-tuning duration, when fine-tuning on

. Work within the distribution the model sc 50% Known and 50% Unknown cxamples, Unknown cx.
Teach behavior gty‘e aNd format. Nnot iﬂje amples are fitted substantially slower than Known. The

best development performance i1s obtained when the
LLM fits the majority of the Known training examples

but only few of the Unknown ones. From this point,
[C' eknhman+ 2 074] fitting Unknown examples reduces the performance.
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SFT Memorizes, RL Generalizes [chu+2025]

. SFT: solves seen patterns well but collapses OOD
RL: generalizes to rules and visual perturpations

SFT Isan imitation, RL I1s an optimization

BUt SFT Is essential for stabilizing RL's output format

80 - /

In-Distribution

40 -

Out-of-Distribution
® SFT ORL
J

Success Rate (%)
o
o

0.0 0.5 1.0 1.5 2.0 2.5
Training Computation (GFLOPs) 1le9
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Summary

. Dataset: underrated but a very very important part of building LLMs
ow to collect raw dataset?

oW to preprocess (filtering, dedup, etc)??

How to deal with license?

. Supervised fine-tuning (SFT)
. Good at pulling out the knowledge from the pre-trained model
'mplication” making a good pre-trained model is critical
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