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At Ai2, we build
fully open LM recipes



To facilitate research and 
accelerate the science of 
LMs, we need language 
models that are fully open.

Transparent Reproducible Accessible



Inform policy by studying LM 
development ecosystem

Aribute model behavior to 
pretraining data
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Understand the eects of 
fine-tuning a pretrained model

is being used to…



Data

Infrastructure

Hardware

Open 
weight 
models

Closed 
API 

models

Fully open LLM

● Model weights
● Intermediate checkpoints
● Detailed recipes
● All the data
● Code to reproduce
● Documentation and analysis

What does fully open mean?



Develop new architectures Study how models acquire/forget 
knowledge during training
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is being used to…



Olmo 3 Model Flow

Pretraining Midtraining Long Ctx SFT RLVRPref. Tuning

Base-training Post-training

Model
Data

Eval

Model
Data

Eval



Olmo 3 Model Flow

this talk details in Olmo 3 report



Olmo 3 Model Flow

Model
Data

Eval

this talk



Outline
> Background
> Evaluation Methods
> Eval in Olmo 3
> Data Methods
> Data in Olmo 3
> Overview of Olmo 3



SFT Data
Modular data 
curation & mixing

Posrain for Olmo 3 Think

Preference data
Learn from contrast 
between data points

Scaled up RL 
Enable thinking & 
adaptive RL



Ingest 
data

common crawl, books, 
stack overflow, 

Wikipedia,
s2orc

Clean 
and filter 

data

Pretrain 
Model

In-loop
Evaluate

Finetune
Model

Goal: follow instructions

Measurement: downstream 
tasks, e.g. answering 
multiple choice questions on 
various topics, but there are 
lots of different formats for 
downstream tasks

Goal: predict next token 
given N previous tokens

Measurement: mostly 
perplexity or cross entropy 
loss, which get lower when the 
model assigns higher 
probability to the correct token

Also some downstream task 
evals at checkpoints.

“adapt”
“align”
“instruction tune”



Background



magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison

Background: Architecture Changes

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison


Scaling Laws for Neural Language Models (Kaplan et al., 2020)

Background: Scaling Pretrained Models

https://arxiv.org/abs/2001.08361


Rough estimate:  
text in ~30M books in the US Library of 
Congress ≈ between 1/400 and 1/24 PB 

Common Crawl
~1 PB

~100K evaluation 
instances

~3T tokens

Background: 
Data

informs data selection



Model
Data

EvalWe are 
here!



How to make 
sense of the 
wall of results?



MMLUARC-E
ARC-C

Minerva MATH

HumanEval
HellaSwag CSQA

PiQA

SocialIQA

MBPP
BoolQ

OBQA
Jeopardy

TriviaQA
MedMCQA

SQuAD

DROP
CoQA

DS-1000

CruxEval

BigCodeBench

GSM8K

Lambada

WinoGrande

We evaluate many families of abilities (QA, Math, Coding, …)



… but how to get signal for small-scale decisions?

OLMo 2 7B
13B

32B

OLMo 2 7B

13B

32B

1B
760M

370M 1B
760M370M

Establishing Task Scaling Laws via Compute-Efficient Model Ladders (COLM 2024)

https://arxiv.org/abs/2412.04403


Making decisions in pretraining == extrapolating eval

DataDecide: How to Predict Best Pretraining Data with Small Experiments (ICML, 2025)
Establishing Task Scaling Laws via Compute-Efficient Model Ladders (COLM, 2025)

Data decisions: Train a pair 
models and compare the 
scores

Scaling laws: Train 
many small models 
and extrapolate the 
performance

E.g. a 13B trained 
to 5T tokens

https://arxiv.org/abs/2504.11393
https://arxiv.org/abs/2412.04403


Why do so many predictions fail - 
but some don’t?



Final 20% of 
checkpoints

1B-5xC + eval
every 10 steps



Many sources of noise ….

10 1B-5xC 
models varying: 
data order and 
random seed

… seed noise 
correlates with 

step-to-step noise!

 + Total variationcorrelates w/ 
step-to-step noise



Inter-checkpoint variance is not the whole story! We need 
to measure both signal and noise



Signal (max dierence between model scores):

Noise (ckpt-to-ckpt noise using last n steps):



<- SNR at the 1B scale



Only signal or noise alone do not explain rank 
agreement from small to large scale… … but the signal-to-noise ratio does!



Predicting task performance using 
scaling laws is sensitive to noise!



Predicting task performance using 
scaling laws is sensitive to noise!



The signal-to-noise ratio is specifically useful as signal of benchmarks 
changes for large train compute budgets



Model
Data

EvalWe are 
here!



OLMo 2 -> Olmo 3 base evals: 
    + capabilities (math, code)
    + coverage of science QA, Basic Skills
    + coverage across formats (Gen2MC)

3 new methods for Olmo 3 Base eval: 
(1) clustering tasks, (2) scaling analysis, 
(3) signal-to-noise analysis



Grouping procedure is format-driven: 
When converting generative tasks to MC 

tasks (Gen2MC), they move groups

How to handle large # of benchmarks? Group tasks into 
“clusters” (Math, Code, GenQA) and track multi-task averages

1



Task averages simplify 
decision making

(e.g. in midtraining)



Two additional problems:

Noise at large scales
(e.g.midtraining)

Signal at small scales 
(e.g. 30M to 1B)

2 3+



2 Small-scale metrics:



2

Separate 
decision-making 
suite using BPB 

over continuations

Small-scale metrics:



2

At 7B 500B tokens, Olmo 3 data has a worse fit than 
Olmo 2 data on C4 loss, but beer on math, code text

C4 Loss Math 500 BPB
MBPP BPB 

(Python Coding) 

Olmo 3 data

Olmo 2 data

Small-scale metrics:



2

C4 Loss

Olmo 3 data

Olmo 2 data

Small-scale metrics:



2 Small-scale metrics:



3 SNR in Olmo 3 Eval



3 SNR in Olmo 3 Eval
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Data

EvalWe are 
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We are 
here!



What data mixing?
Olmo 3 (2025)



Why data mixing?

Consent in Crisis (Neurips 2024)

Token scale



Why data mixing?

Gopher (2021)

Proportion / Ratios

Consent in Crisis (Neurips 2024)

Token scale



Problem: Search over data mixtures is 
combinatorial WebOrganizer (ICML 2024)



How data mixing?



How data mixing?

Train LMSwarm OptimizeRegression



1. Swarm: Train K  small models 
with randomly sampled 
mixtures p

Proxy 
LM

…

Proxy 
LM

Proxy 
LM

Score=1.20

Score=1.13

Score=1.48

p y

How data mixing?



How data mixing?
1. Swarm: Train K  small models 
with randomly sampled 
mixtures p

2. Regression: Fit function to 
predict LM performance 
given mixture p

Proxy 
LM

…

Proxy 
LM

Proxy 
LM

Score=1.20

Score=1.13

Score=1.48

p y



How data mixing?
1. Swarm: Train K  small models 
with randomly sampled 
mixtures p

2. Regression: Fit function to 
predict LM performance 
given mixture p

3. Optimize: Use fit function to 
solve for optimal mix p*

Proxy 
LM

…

Proxy 
LM

Proxy 
LM

Score=1.20

Score=1.13

Score=1.48

p y

?    Avg predicted score = 1.44

?    Avg predicted score = 1.04

…



How data mixing?



Problem 1: No “standard” config



Problem 1: No “standard” config



Problem 1: No “standard” config



Problem 2: Data changes during LM 
development



Problem 2: Data changes during LM 
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development



Problem 2: Data changes during LM 
development DCLM (Neurips 2025)



Problem 2: Data changes during LM 
development

Olmo 3(2025)

Add + Remove
● DCLM → Olmo 3 Common Crawl
● Stack v2 → StackEdu
● OpenWebMath → FineMath

Transform
● DCLM quality filter → FineWebEdu quality filter

Partition
● S2ORC PDFs → Classify by field of study



Problem 2: Data changes during LM 
development

Olmo 3(2025)

Add + Remove
● DCLM → Olmo 3 Common Crawl
● Stack v2 → StackEdu
● OpenWebMath → FineMath

Transform
● DCLM quality filter → FineWebEdu quality filter

Partition
● S2ORC PDFs → Classify by field of study



Olmix: Data mixing 
over the LM 
development cycle



Finding 1: Find smallest model size where 
performance ranking correlates well with 
larger models

Regmix paper



Finding 2: Swarm size scales linearly with 
number of domains 



Finding 3: Regression fit is decently 
indicative of downstream performance 



Finding 3: Regression fit is decently 
indicative of downstream performance 



Finding 3b: Given suicient compute, 
regression functional forms all similar



Finding 4: Data mixing dramatically 
sensitive if forced to repeat data



Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over time

p1 = [0.3, 0.7]
p2 = [0.4, 0.6]
p3 = [0.8, 0.2]
…
pN = [0.1, 0.9]

Swarm

p* = [0.66, 0.34]
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Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over time

p1 = [0.3, 0.7]
p2 = [0.4, 0.6]
p3 = [0.8, 0.2]
…
pN = [0.1, 0.9]

Swarm

p* = [0.66, 0.34]

Add a 
domain

Full recomputation

p1 = [0.3, 0.5, 0.2]
p2 = [0.4, 0.4, 0.2]
p3 = [0.8, 0.1, 0.1]
…
pN = [0.1, 0.5, 0.4]

p*



Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over time

p1 = [0.3, 0.7, 0.0]
p2 = [0.4, 0.6, 0.0]
p3 = [0.8, 0.2, 0.0]
…
pN = [0.1, 0.9, 0.0]

Swarm

p* = [0.66, 0.34]

Add a 
domain

p*

“Swarm” reuse

p1 = [0.3, 0.5, 0.2]
p2 = [0.4, 0.4, 0.2]
p3 = [0.8, 0.1, 0.1]
…
pN = [0.1, 0.5, 0.4]
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Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over timeSwarm

p* = [0.66, 0.34]

Add a 
domain

p1 = [0.3, 0.7]
p2 = [0.4, 0.6]
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…
pN = [0.1, 0.9]

p*
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…
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[0.66, 0.34]

[0.66, 0.34]
[0.66, 0.34]

[0.66, 0.34]



Finding 5: Mixture reuse



Finding 5: Mixture reuse



Finding 5: Mixture reuse



Finding 5: Mixture reuse



Finding 5: Mixture reuse



Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over time



Finding 5: Historical data can be optimally 
reused to minimize experimental cost 
over time



Data mixing



Model
Data

Eval

We are 
here!



Data mixing: Infrastructure
Correlation 
between proxy 
and large model 
performances



Data mixing: Infrastructure
Performance
(BPB, lower is beer)



Data mixing: Operations



Data mixing: Operations



Data mixing under data constraints



Data constraints influence upsampling



Data constraints influence upsampling



Quality-aware upsampling



Quality aware upsampling



Pretraining:  Dolma 3

Extraction, filtering, deduplication, quality classification





Filtering, Deduplication, Fine-Grained Organization

   Common Crawl 

Deduplication

● Exact, global 
deduplication 
(new tooling!)

● Min-hash (fuzzy)
● Suix array  for 

boilerplate 

39B Docs255B Docs

Heuristic Filtering
● PII filtering
● Language filtering
● URL removal

Web Organizer
10 B Docs

Weig et al., “Organize the Web: Constructing Domains Enhances Pre-Training Data Curation”, ICML 2025



From Pools to a Mix
1. Swarm runs: train K  30M models 
with randomly sampled mixtures p

2. Fit a regression model for each 
benchmark task

3. Solve optimization problem to get 
optimal mix p*

OLMo 
30M

…

OLMo 
30M

OLMo 
30M

BPB=1.20

BPB=1.13

BPB=1.48

p y

?    Avg predicted BPB = 1.44

?    Avg predicted BPB = 1.04

…

Chen et al., “Olmix: Eicient Mixture Recomputation for Evolving LM Datasets”, 2025



Model
Data

Eval



Pretraining:  Dolma 3

Upsampled; higher quality increases probability of sampling a document



Tension between Scale and Quality

tokens

<10B 
tokens

Trillions of 
tokens

~100B 
tokens

Pretraining Midtraining
➤ 99% training 
budget, trillions of 
tokens

➤ unstructured, 
diverse text

➤ use best data 
close to your 
compute budget

➤ 1% training budget only

➤ upsample high quality, 
in-domain, even (synth) 
SFT data

➤ best use of good data 
that isn’t enough for 
pretraining



Dolma 3 Dolmino:  Midtraining Mix

Math and code 
problem-solving using 
human-inspired 
meta-reasoning 
strategies/traces

Math 
problem-solving 

through code 
and/or discussion

Demonstration of 
diverse question 
structures, rewrien 
from natural 
knowledge-rich data

Instruction 
datasets

STEM PDFs and 
high-quality web 

pages



Distributed Exploration & Centralized Evaluation



Inspect Data Often, Favor Fast, Scalable Improvements

Amount of 
eort

Rate of 
obvious 
problems

➤ Non-language
➤ Spam
➤ No human would read

➤ Adult
➤ Toxic

➤ “Is this useful data for ___task___?”
➤ “Legible, but could be beer if…”

Time to switch from 
intuition to 

experimentation



Distributed Exploration & Centralized Evaluation



Decontamination in Dolmino



Model
Data

Eval

We are 
here!

We are 
here!



Midtraining Olmo 3

Boost data that closely match post-train capability targets



Pretraining Midtraining Long context Thinking SFT RLVRThinking DPO

Olmo 3 Model Flow



Pretraining Midtraining Long Ctx SFT RLVRPref. Tuning

Twier        @heinemandavidj

Bluesky @davidheineman.com

Email davidh@allenai.org

Thank you!

… and many more (ordered arbitrarily)



Model
Data

EvalWe are 
here!

> Evaluation Methods
> Evaluation in Olmo 3



Model
Data

EvalWe are 
here!

> Evaluation Methods
> Evaluation in Olmo 3



> The Olmo 3 Models
> Evaluation for LMs
> Methods & Decision Making
> Model Selection in Olmo 3
> Data mixing with Olmix



> The Olmo 3 Models
> Evaluation for LMs
> Methods & Decision Making
> Model Selection in Olmo 3
> Data mixing with Olmix



> The Olmo 3 Models
> Evaluation for LMs
> Methods & Decision Making
> Model Selection in Olmo 3
> Data mixing with Olmix



Model
Data

EvalWe are 
here!

> Data Mixing with Olmix
> Data for Olmo 3

We are 
here!



1. Swarm: Train K  small models 
with randomly sampled 
mixtures p
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LM

…

Proxy 
LM

Proxy 
LM

Loss=1.20

Loss=1.13

Loss=1.48

p y

Data mixing
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> Data Mixing with Olmix
> Data for Olmo 3

We are 
here!
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We are 
here!

> Puing it together: Olmo 3

We are 
here!



Olmo 3 Model Flow



Olmo 3 Model Flow


