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To facilitate research and
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LMs, we need language
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Abstract

Language models (LM) are known to suffer
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‘when fine-tuned, breaking stability of deployed
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ABSTRACT

There is growing evidence of the hampoo, a high
over Adam in deep learing optimization ooy Howem. Shampoo's drawpacks nclude addmonal
byperparameters and computational ovcrhead when compared to Adam, which only updates running
averages of first- an antities. This work establishes a formal connection between
Shampoo (implemented with the 1/2 pcwer) and Adafactor — a memory-efficient approximation of
Adam — showing that Shampoo is equivalent to running Adafactor in the eigenbasis of Shampoo’s
preconditioner. This insight leads to the design of a simpler and computationally efficient algorithm:
ShampoO with Adam in the Preconditioner’s cigenbasis (SOAP).
With regards to improving Shampoo’s efficiency, the most approach
would be to simply compute Shampoo’s cigendecomposition less frequently. Unfortunately, as our
empirical results show, this leads to performance degradation that worsens with this frequency.
SOAP mitigates this degradation by continually updating the running average of the second mo-
ment, just as Adam does, but in the current (slowly changing) coordinate basis. Furthermore, since
SOAP is equivalent to running Adam in a rotated space, it introduces only one additional hyper-
parameter (the preconditioning frequency) compared to Adam. We empirically evaluate SOAP on
language model pre-training with 360m and 660m sized models. In the large batch regime, SOAP
reduces the number of iterations by over 40% and wall clock time by over 35% compared to AdamW,
with approximately 20% improvements in both metrics compared to Shampoo. An implementation
of SOAP is available at https: //github.com/nikhilvyas/SOAP,
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Signal and Noise: A Framework for Reducing
Uncertainty in Language Model Evaluation
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Abstract A2

We introduce OLMO 3, a family of state-of-the-art, fully-open language models at the 75 and 328
parameter scales. OLMO 3 model construction fargets long-context reasoning, function calling, coding,
instruction following, general chat, and knowledge recall. "This release includes the entire model
flow, i.c., the full lifecycle of the Tamily of models, including every stage, checkpoint, data. point,
and dependency used o build it. Our flagship model, OLMO 3.1 THINK 32B, s the strongest
fully-open thinking model released to-date.
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Signal and Noise: A Framework for Reducing
Uncertainty in Language Model Evaluation
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Abstract

Developing large language models is expensive and involves making decisions with
small experiments, typically by evaluating on large, multi-task evaluation suites. In
i ies which make a benchmark more reliable
for such decisions, and interventions to design higher-quality evaluation bench-
that show differences in current benchmarl
signal, a benchmark’s ability to separate better models from worse models, and
noise, a benchmark’s sensitivity to random variability between training steps. We
demonstrate that benchmarks with a better signal-to-noise ratio are more reliable
when making decisions at small scale, and those with less noise have lower scaling
law prediction error. These results suggest that improving signal or noise will
lead to more useful benchmarks, so we introduce three interventions designed
to directly affect signal or noise. For example, we propose that switching to
a metric that has better signal and noise (e.g., perplexity rather than accuracy)
leads to better reliability and improved scaling law error. We also find that filtering
noisy subtasks, to improve an aggregate signal-to-noise ratio, leads to more
reliable multi-task evaluations. We also find that averaging the output of a model’s
intermediate checkpoints to reduce noise leads to con: i v We
conclude by recommending that those creating new bencl i
existing benchmarks to use, aim for high signal and low noise. We use 30 bench-
marks for these experiments, and 375 open-weight language models from 60M to
32B parameters, resulting in a new, publicly available dataset of 900K evaluation
benchmark results, totaling 200M instances.

() allenai/signal-and-noise [ datasets/allenai/signal-and-noise
1 Introduction

Language model development is expensive. During the development process, researchers need to
make decisions such as what architecture to use, what training methods to employ, and what data to




Fully-open Models Open-weight Models
Olmo3 Marin Apertus Gageron LLM360 OLMo2 Qwen Gemma  Mistral Seed Gemma Llama
328 328 70B 4B K2Vv270B 328 2.532B 3278 3.124B 36B 2278 3.1708

OlmoBaseEval Math 61.9 49.3 39.7 20.7 46.2 53.9 64.7 63.2 59.5 15.3 57.5 62.0
GSM8k 80.6 69.1 63.0 33.3 66.7 77.6 81.1 81.3 79.3 26.9 76.3 81.2
GSM Symbolic 61.2 42.0 38.6 14.5 44.4 53.1 56.2 61.2 59.1 10.3 57.3 64.6
MATH 43.8 36.8 17.4 14.2 274 31.0 56.7 47.0 40.1 8.7 38.8 40.2
OlmoBaseEval Code 39.7 30.8 23.3 19.4 35.2 20.5 48.3 41.6 42.4 54.9 41.0 36.3
BigCodeBench 43.7 34.5 24.0 17.0 39.8 22.2 48.1 44.0 46.4 50.7 43.4 434
HumanEval 65.8 52.3 32.5 31.2 51.2 29.4 65.6 62.1 65.5 71.3 57.5 57.4
DeepSeek LeetCode 2.0 1.3 1.2 0.0 2.3 0.8 5.8 0.1 13.0 4.7 0.2
DS 1000 294 26.3 17.8 11.0 25.4 20.4 34.3 36.3 44.0 29.7 29.5
MBPP 59.6 52.1 37.6 36.7 53.5 37.1 § 60.0 61.9 72.0 61.7 55.5
MultiPL HumanEval 36.0 18.5 18.4 13.0 31.3 10.5 37.7 39.0 69.2 40.3 322
MultiPL MBPPP 41.5 30.5 31.3 26.5 42.8 23.2 47.2 47.7 63.8 49.7 35.9
OlmoBaseEval MC srem 74.5 75.9 70.0 56.2 75.6 75.3 80.2 81.5 83.4 75.6 80.1
ARC MC 94.7 93.4 90.7 72.7 93.0 94.4 95.8 96.2 97.3 94.1 95.2
MMLU STEM 70.8 68.4 57.8 45.3 64.7 64.7 B 74.9 76.1 82.8 65.8 70.0
MedMCQA MC 57.6 61.8 55.9 42.6 63.7 60.2 X 64.7 68.8 69.6 61.8 67.8
MedQA MC 53.8 60.8 52.4 35.4 61.4 62.2 X 68.7 70.4 70.1 61.0 723
SciQ MC 95.5 95.1 93.3 84.9 95.3 95.1 ¢ 96.8 96.3 97.1 95.1 95.4
OlmoBaseEval MC yon-stem 85.6 84.5 78.5 64.1 83.5 84.2 B 86.7 87.9 89.0 83.2 86.1
MMLU Humanities 78.3 78.9 74.1 56.7 79.3 79.7 E 80.5 82.7 85.7 79.3 83.4
MMLU Social Sci. 84.0 83.7 79.2 58.9 84.9 84.5 . 86.2 88.6 90.1 85.8 874
MMLU Other 75.1 75.4 70.1 55.4 76.3 75.6 < 80.2 81.9 82.4 76.9 79.4
CSQA MC 82.3 80.1 76.9 60.6 78.6 81.2 X 79.0 80.5 81.1 78.1 79.0
PiQA MC 85.6 90.5 79.0 72.0 87.3 87.7 8 90.3 91.0 92.5 89.0 91.5
SociallQA MC 83.9 82.4 79.3 71.3 81.2 82.3 H 81.2 81.0 84.9 81.0 83.5
CoQA Gen2MC MC 96.4 93.9 87.5 67.3 92.0 94.4 . 95.8 94.9 96.9 94.3 95.1
DROP Gen2MC MC 87.2 71.0 56.5 48.0 64.8 68.6 X 84.6 86.5 90.1 66.6 70.3
Jeopardy Gen2MC MC 92.3 95.3 93.2 77.0 95.3 96.6 4 95.9 97.2 96.2 92.0 97.1
NaturalQs Gen2MC MC 78.0 81.0 71.9 475 82.4 78.6 82.0 84.6 81.4 74.5 824
SQuAD Gen2MC MC 98.2 97.6 95.7 90.0 96.7 97.4 s 97.7 97.9 98.1 97.5 97.7
OlmoBaseEval GenQA 79.8 80.3 75.0 65.3 771 79.1 H 73.5 78.0 76.0 72.9 81.6
HellaSwag RC 84.8 87.2 84.5 75.2 87.6 87.5 £ 86.0 86.2 84.8 86.7 88.4
Winogrande RC 90.3 90.5 87.7 80.3 88.9 89.4 e 91.3 90.8 89.3 90.8 91.7
Lambada 75.7 76.7 74.8 58.3 76.8 77.0 3 7.5 79.3 76.1 76.9 79.6
Basic Skills 93.5 91.1 87.5 83.2 90.6 88.7 i 94.9 91.9 96.0 93.2 92.4
DROP 80.9 76.5 56.3 59.4 69.7 76.3 g 75.9 74.9 76.1 73.2 78.3
Jeopardy 75.3 80.5 77.2 58.9 79.8 79.1 74.0 82.1 80.3 7.4 80.7 84.0
NaturalQs 49.0 55.1 43.1 33.5 47.6 51.4 39.3 49.2 45.1 30.7 47.1 53.1
SQuAD 94.5 94.4 90.7 89.3 91.2 94.0 64.9 92.4 92.6 89.1 93.0 92.9
CoQA 74.1 70.7 72.8 49.8 61.5 68.7 40.4 12.4 61.1 64.4 14.9 73.9
OlmoBaseEval HeldOut

LBPP 21.8 173 8.1 4.3 134 8.2 40.3 171 30.3 42.6 19.7 11.8
BBH 77.6 70.1 58.8 36.6 73.2 64.6 81.1 7.4 81.4 85.0 74.8 80.8
MMLU Pro MC 49.7 48.1 39.6 21.3 45.3 46.9 61.1 53.1 58.9 62.2 47.6 50.4
Deepmind Math 29.6 26.7 20.1 28.3 32.5 22.0 40.7 30.4 35.3 31.3 27.6 40.2

Table 2 Results comparing Olmo 3 Base 32B to other base models using the OlmoBaseEval Main suite (details in
Section §3.3). OLMO 3 was not evaluated on held-out benchmarks prior to release.




We evaluate many families of abilities (QA, Math, Coding, ...)
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... but how to get signal for small-scale decisions?
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A2 Establishing Task Scaling Laws via Compute-Efficient Model Ladders (COLM, 2025)


https://arxiv.org/abs/2412.04403

Making decisions in pretraining == extrapolating eval
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A2 DataDecide: How to Predict Best Pretraining Data with Small Experiments (ICML, 2025)


https://arxiv.org/abs/2504.11393
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Why do so many predictions fail -
but some don't?

A2 Signal and Noise: A Framework for Reducing Uncertainty in Language Model Evaluation (NeurlPS, 2025)


https://arxiv.org/abs/2508.13144
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A2 Signal and Noise: A Framework for Reducing Uncertainty in Language Model Evaluation (NeurlPS, 2025)
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Inter-checkpoint variance is not the whole story! We need
to measure both signal and noise
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A2 Signal and Noise: A Framework for Reducing Uncertainty in Language Model Evaluation (NeurlPS, 2025)
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Signal (max difference between model scores):
Rel. Dispersion(M) = max; |m; — mg|/m

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

Rel. Std.(m) = /75 S0y (m; — m)?/m

Signal-to-Noise Ratio =

Rel. Dispersion(final train checkpoint)
Rel. Std.(final n train checkpoints)

Signal and Noise: A Framework for Reducing Uncertainty in Language Model Evaluation (NeurlPS, 2025)
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The signal-to-noise ratio is specifically useful as signal of benchmarks
changes for large train compute budgets

A2 Signal and Noise: A Framework for Reducing Uncertainty in Language Model Evaluation (NeurlPS, 2025)
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Abstract

Data mixing—determi r ent. domains—is a first-order conc
training language models (LMs) sti g methods show promise, they fall short when
applied during real-world LM development, We present; OLMIX, a frameyork that addresses two such
challenges. First, the configuration space for developing a mixing method is not well understood—
clioices across existing methods lack justification or consensus and overlook practical issues

conduct a comprehensive empirical study of this sp

mixing method. Second, in practice, the domain
Y et e T R et A ) et e s e e
isting works, which assume fixed domains. We study how to efficiently recomput
ixture after the domain set is updated, leveraging information from past mixtures. We introduce
existing ratios and recomputes ratios only for domains affected
by the update. Over a sequence of five domain-set updates mirroring real-world LM development

cuse matches the performance of fully recomputing the mix after each update with 74%
training without mixing by 11.6% on downstream tasks.

Figure 1 Two problems with data mixing encountered during LM development: (1) How to
method? (2) How to efficiently mix under evolving domain sets?

, finding a good mix is non-trivial: practitioner sort to manual weight tuning or

arch, which can require many training runs—possibly thousands of GPU hours—to as
performance. This b in ¢ ug literature on data mixing methods that aim to find strong
Many mixing

tematically with loss compute (Xie : Fan et al., 2024; Chen et al., 2025
methods that achieve prowising results ollow a comon offine mizing scherma (Liu et al

2025) that c f three steps: L. train a set of small Is on dif
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Why data mixing?

Token scale Proportion / Ratios

Consent in Crisis (Neurips 2024) Gopher (2021)
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Problem: Search over data mixtures is combinatorial
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A2 Organize the Web: Constructing Domains Enhances Pre-Training Data Curation (ICML, 2025)
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How data mixing?

Regression Optimize Train LM

Prediction

A2 RegMix: Data Mixture as Regression for Language Model Pre-training (ICLR, 2025)
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How data mixing?

1. Swarm: Train K small models 2.Regression: Fit functionto 3. Optimize: Use fit function to
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How data mixing?
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Problem 1: No “standard” config
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Problem 1:

4.5 Dataset mixing

Often, Common Crawl (CC) is combined with other data sources that are considered high-quality
[63, 70, 168, 170] (e.g., Wikipedia, StackExchange, and peS2o0 [156]). Since DCLM participants
can include additional data sources in our mixing track, we examined the potential benefits of
adding high-quality sources to training sets derived from Common Crawl only. We compare a
model trained on 100% filtered CC data to models trained with the mixing ratios from Llama 1 and
RedPajama: 67% CC, and 33% from Wikipedia, Books, Stack exchange, arXiv, and Github. For the
CC component, we consider different variants: a subset of our DCLM-BASELINE, RedPajama’s CC
portion, RefinedWeb, and C4. The results in Table 6 show that mixing improves performance
for the lower-performing CC subsets (C4, RedPajama-CC, and RefinedWeb). In the case of
DCLM-BASELINE however, mixing actually hurts performance on average, which suggests it
can be counterproductive given performant filtering. For additional mixing results, see Appendix M.

A2 DataComp-LM: In search of the next generation of training sets for language models (NeurlPS, 2024)


https://arxiv.org/abs/2406.11794

Problem 2: Data changes during LM development

Olmo 3(2025)

Add + Remove
e DCLM — Olmo 3 Common Crawl
e Stackv2 — StackEdu
e OpenWebMath - FineMath

Transform
e DCLM quality filter - FineWebEdu quality filter

Partition
e S20RC PDFs — Classify by field of study
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Problem 2: Data changes during LM development
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OlImix: Data mixing
over the language
model development
cycle



Finding 1: Find smallest model size where performance
ranking correlates well with larger models
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Finding 2: Swarm size scales linearly with number of
domains
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Finding 3: Given sufficient compute, regression
functional forms all similar

o
®

—¥— LightGBM

—¥— Autoscale

—%¥— (Gaussian Process
—¥— BiMix

—¥— Log-Linear

o
o

Regression Fit -

o o
o N

40 60 80 100 120
| Swarm Size |
. /

A2 Olmix: A Framework for Data Mixing Throughout LM Development (preprint, 2026)


https://arxiv.org/abs/2602.12237

Finding 4: Data mixing dramatically sensitive if
forced to repeat data
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Now we can mix datal
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task ICL  format metric _temp top-p _max toks p@k (n)  # sub
Base Main Suite

GSMSK* (2021) 82 CoT EM pass@k 0.6 0.6 512 1,4 (8) =
O LM o 2 - OI mo 3 base eva I S . §  GSM Symbolic* (2024) 8  CoT EM pass@k 0.6 0.6 512 1,4 (8) a
= S Minerva MATH* (2022) 4 CoT EM pass@k 0.6 0.6 1024 1, 4 (4) 7
e MATH 500* (2022; 2023) 43 CoT EM pass@k 0.6 0.6 1024 1,16 (32) -
+ Ca pa b i I It i es ( m at h COd e) HumanEval* (2021) 3 Code Exec  pass@k 0.6 0.6 512 1,16 (32) -
L] MBPP* (2021) 3 Code Exec  pass@k 0.6 0.6 512 1,16 (32) -
. . . o  BigCodeBench* (2024) 3 Code Exec  pass@k 0.6 0.6 1280 1(5)
+ Cove rag e Of SCl ence QA, Bas | C Skl I |S E DS 1000* (2022) 3 Code Exec  pass@k 0.6 0.6 1024 1(5) -
Deepseek LeetCode™* (2024) 0 Code Exec  pass@k 0.6 0.6 512 1,16 (32) -
+ Cove ra g e a C I'OSS fo rm ats (Gen 2 MC) MultiPL-E HumanEval* (2022) 0 Code Exec  pass@k 0.6 0.6 1024 1,16 (32) 6
MultiPL-E MBPP* (2022) 0 Code Exec  pass@k 0.6 0.6 1024 1,16 (32) 6
HumEval FIM Single* (2022) 0 FIM pass@l 0.8 0.95 512 1 (10) =
§ HumEval FIM Random* (2022) 0 FIM pass@l 0.8 0.95 512 1(5) 2
HumEval FIM Multi* (2022) 0 FIM pass@l 0.8 0.95 512 1(1) =
3 new methods for Olmo 3 Base eval: 3 e e -
S MMLU STEM (2021b) 5 MC Acc = & = - 19
a = o S MedMCQA* (2022) 5 MC Acc - - - - -
(1) clustering tasks, (2) scaling analysis, S -
. . . SciQ* (2017) 5 MC Acc = o = = =
(3) S|gna|_to_no|se ana|ys|s MMLU Humanities (20215) 5 Mo Pz o ; } ] 13
MMLU Social Sci. (2021b) 5 MC Acc & & 5 = 12
MMLU Other (2021b) 5 MC Acc = = = = 14
< CSQA (2019) 5 MC Acc = - = = =
- - - ' PiQA (2020) 5 MC fem . - B 3 3
task split # inst (total) # shots metric reference E SociallQA (2019) 5 MC Acc _ ~ _ _ _
Multiple-choice tasks & DROP Gen2MC* (§A.3.2; 2019) 5 MC Acc = . = = =
ARC-Challenge (ARC_C)  Test 1172 5 pmi (Clark et al., 2018) £ Jeopardy Gen2MC* (§A.3.2; 2024) 5 MC Acc = & ~ = =
BoolQ Val 1000 (3270) 5 none (Clark et al., 2019) 2 NaturalQs Gen2MC* (§A.3.2; 2019) 5 MC Acc = e - = =
HellaSwag (HSwag) Val 1000 (10042) 5 char (Zellers et al., 2019) SQuAD Gen2MC* (§A.3.2; 2016) 5 MC Acc = = o = -
MMLUt Test 14042 5 char (Hendrycks et al., 2021a) CoQA Gen2MC™ (§A.3.2; 2019) of MC Acc - - - - -
‘WinoGrande (WinoG) Val 1267 5 none (Sakaguchi et al., 2020) Basic Skills™ (§A.3.2) 5 MC Acc = = = = 6
CEEeEES HellaSwag (2019) 5 RCper-char ~ Acc a = 5 . .
DROP Val 1000 (9536) 5 FL (Dua et al., 2019) WinoGrande(2020) 5 RCuone Ace 2 - - - -
Natural Questions (NatQs) Val 1000 (3610) 5 F1 (Kwiatkowski et al., 2019) Lambadal(2016) 9 RCper-char  Acc - - - - -
Held-out tasks _> g Basic Skills* (34.3.2) 5 RCper.token  Acc - - = : 6
" S DROP (2019) 5 GenQA F1 0 1 100 - =
AGIEval English Test 2646 1 MCF Zhong et al., 2024 S Jeopardy (2024) 5 GenQA F1 " 1 50 R R
GSM8K Test 1319 8 (CoT) EM (Cobbe et al., 2021) NaturalQs (2019) e GenQA Fi d 1 . ; }
MMLU-Pro Test 12032 5 MCF Wang et al., 2024 SQuAD (2016) 5 GenQA F1 0 1 50 _ _
TriviaQA Val 7993 5 F1 (Joshi et al., 2017) CoQA (2019) of GenQA F1 0 1 50 - -
Table 20 Details of OLMES benchmarks used in OLMo 2 evaluation, with standardized choices of dataset split, Base Held-out Suite
number of instances to use, along with total number if sampling was used. For multiple-choice tasks, when using the MMLU Pro (2024a) 5 MC Acc - - - - 13
Cloze/Completion Formulation (CF), the “metric” column specifies which normalization scheme to use. Following the LBPP* (2024) 0 Code Exec  pass@k 0.6 0.6 4096 1 (32) -
OLMES standard, we evaluate each model using both the MCF (Multiple-Choice Formulation) and CF formulations, Deepmind Math* (2019) 5 CoT EM pass@k 0.6 0.6 2048 1(1) -
and the best performing one is used. For efficiency reasons, we limit MMLU and held-out multiple-choice evaluations BigBench Hard (2022) 3 CoT EM Ace 0.6 0.6 512 1(1) 55

to MCF only as all the relevant models strongly prefer that format for these tasks.

Table 43 Details of the OLMO 3 base evaluation suite. Tasks were formatted as multiple-choice (MC), rank choice
(RC, following the setup in Gu et al. (2024b)), short-form generative (GenQA), chain-of-thought with exact-match
-.':_‘A12 scoring (CoT EM), code exeuction (Code Exec) or fill-in-the-middle coding (FIM). * = new additions to the base
OLMo 2 suite (OLMo et al., 2024); = few-shot examples are built-in the task; ® = human-written few-shot examples.



How to handle large # of benchmarks? Group tasks into
“‘clusters” (Math, Code, GenQA) and track multi-task averages
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Task averages simplify
decision making
(e.g. in midtraining)

OLMoBASEEvVAL
Mix Avg MC gtem MC non-STEM GenQA
Round 1 | 49.7 64.3 75.2 68.3
Round 3 | 50.7 64.9 75.7 68.1
Round 5 | 53.1 65.3 76.1 70.8

A2
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Two additional problems:
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@ Small-scale metrics:

Math Main Suite Math Easy Suite Math Easy — Main
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Small-scale metrics:

MC Accuracy

Separate
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suite using BPB
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@ Small-scale metrics:

A2

MC Accuracy
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(3) SNRinOImo 3Eval
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(3) SNRinOImo 3Eval
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Data mixing under data constraints
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Data constraints influence upsampling

6

I = Flat: Top 50% (1.1x) l

Upsampling Factor
W
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A2 Data Quality (percentile) Olmo 3 (technical report, 2025)
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Data constraints influence upsampling

6 /

[ = Flat: 7¥10% (5.6x) ] —

Upsampling Factor
W
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A2 Data Quality (percentile) Olmo 3 (technical report, 2025)
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Quality-aware upsampling

6
Flat: Top 50% (1.1x)
Flat: Top 10% (5.6x)
= Quality-aware upsampling
5
4

Upsampling Factor
w

0 10 20 30 40 50 60 70 80 90 100
A2 Data Quality (percentile) Olmo 3 (technical report, 2025)
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Quality aware upsampl

A2

Loss (lower is better)
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Math Easy

Top 50% (1.1x repeat)
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OLMo 3 Upsampling
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0.939

Code Easy
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Pretraining: Dolma 3

Source Type 9T Pool 6T Mix
Tokens Docs Tokens Docs

Common Crawl Web pages 8.14T 9.67B  4.51T|(76.1%) 3.15B
oLMOCR science PDFs = Academic documents 972B 101IM  805B [13.6%) 83.8M
Stack-Edu (Rebalanced) GitHub code 137B 67M  409B (6.89%) 526 M
arXiv Papers with LaTeX 21.4B 95M  50.8B (0.86%) 9.10M
FineMath 3+ Math web pages 34.1B 1.4M  152B (2.56%) 95.5M
Wikipedia & Wikibooks Encyclopedic 3.69B 67M  2.51B (0.04%) 4.24M
Total 9.31T 9.97B 5.93T (100%) 3.87B

A2

Extraction, filtering, deduplication, quality classification

Olmo 3 (technical report, 2025)
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A2

.

HTML text
extraction

Global
deduplication

Heuristic
filtering

Common
Crawl

OCR text
extraction

Global
deduplication

Heuristic
filtering

Academic
PDFs

Quality
upsampling

Combined
sampling

Topic & quality
classification

Topic & quality
classification

Dolma3 mix

Github Language
repos classification

FineMath,
ArXiv, Wiki

A
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Filtering, Deduplication, Fine-Grained Organization

Common Crawl

255B Docs

Heuristic Filtering

e Pllfiltering
e Language filtering
e URLremoval

A2

»

39B Docs

Deduplication

e Exact, global
deduplication
(new tooling!)

e  Min-hash (fuzzy)

e Suffixarray for
boilerplate

Organize the Web: Constructing Domains Enhances Pre-Training Data Curation (ICML, 2025)

» 10 BDocs

Web Organizer
) History
Science i
& Tech. Fashion Entertainment  Politics Slc_)i<f:|ea|
& Beauty
Software
Dev.

Food & -
Hardware gpogg  Dining Adult  Religion

Fitness
Home &
Travel Hobbies Games
Finance &
Business . Art &
Literature Health Design

Crime Education &

| &law Jobs Transp. Software

Industria


https://arxiv.org/abs/2502.10341

A2

Github Language
repos classification

\ 4

FineMath,
ArXiv, Wiki

v

Quality
upsampling




Pretraining: Dolma 3

Source Type 9T Pool 6T Mix
Tokens Docs Tokens Docs

Common Crawl Web pages 8.14T 9.67TB 4.51T (76.1%) 3.15B
oLMOCR science PDFs  Academic documents 972B 101IM  805B (13.6%) 83.8M
Stack-Edu (Rebalanced) GitHub code 137B 167TM  409B (6.89%) 526 M
arXiv Papers with LaTeX 21.4B  3.95M 50.8B (0.86%) 9.10M
FineMath 3+ Math web pages 34.1B 21.4M 152B (2.56%) 95.5M
Wikipedia & Wikibooks Encyclopedic 3.69B 6.67TM 2.51B (0.04%) 4.24M
Total 9.31T 9.97B 5.93T (100%) 3.87B

Upsampled; higher quality increases probability of sampling a document
A2 Olmo 3 (technical report, 2025)
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Tension between Scale and Quality

A

Pretraining : Midtraining

> 99% training I > 1% training budget only

budget, trillions of

tokens I > upsample high quality,
| in-domain, even (synth)

> unstructured, I SFT data

diverse text |
I > pest use of good data

> use best data I that isn’t enough for

close to your pretraining

compute budget |

— I P tokens
<10B Trillions of

A2 tokens tokens Olmo 3 (technical report, 2025)
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Dolma 3 Dolmino: Midtraining Mix

Math
problem-solving
through code
and/or discussion

Instruction
datasets

STEM PDFs and
high-quality web

#AI2 pages

Type Source 2T Pool 100B Mix
Tokens Docs Tokens Docs
Math (synth) TinyMATH Mind** 899M  1.42M  898M (0.9%) 1.52M
Math (synth) TinyMATH PoT** 241M 729K  241M (0.24%) 758K
Math (synth) CraneMath* 5.62B  6.55M 5.62B (5.63%) 7.24M
Math (synth) MegaMatt* 3.88B  6.79M 1.73B (L73%)  3.23M
Math (synth) Dolmino Math"" 10.7B 21M  10.7B (10.7%) 22.3M
Code StackEdu (FIM)" 21.4B 32M  10.0B (10.0%) 16.2M
Python (synth) CraneCode* 18.8B  19.7M 10.0B (10.0%) 11.7M
QA (synth) Reddit To Flashcards** 21.6B  370M  5.90B (5.9%) 101M
QA (synth) Wiki To RCQA** 429B  223M  3.0B (3.0%) 16.3M
QA (synth) Nemotron Synth QA" 487B  972M  5.0B (5.0%) 10.6M
Thinking (synth) Math Meta-Reasoning** 1.05B 984K 381M (0.38%) 401K
Thinking (synth) Code Meta-Reasoning** 1.27B 910K  459M (0.46%) 398K
Thinking (synth) Program-Verifiable** 438M 384K  159M (0.16%) 158K
Thinking (synth) OMR Rewrite FullThoughts® 850M 291K 850M (0.85%) 394K
Thinking (synth) QWQ Reasoning Traces” 4.77B 438K 1.87B (1.87%) 401K
Thinking (synth) General Reasoning Mix" 248B 668K 1.87B (1.87%) 732K
Thinking (synth) Gemini Reasoning Traces” 246M  55.2K  246M (0.25%)) 85.1K
Thinking (synth) Llama Nemotron Reasoning Traces” 20.9B  3.91M 1.25B (1.25%) 368K
Thinking (synth) OpenThoughts2 Reasoning Traces” 5.6B 1.11M 1.25B (1.25%) 402K
Instruction (synth) Tulu 3 SFT*" 1.61B  1.95M 1.1B (1.1%) 1.45M
Instruction (synth) Dolmino 1 Flan™" 16.8B  56.9M 5.0B (5.0%) 14.8M
PDFs OLMOCR Science PDFs (High Q.)" 240B  28.7M  4.99B (5.0%) 1.20M
Web pages STEM-Heavy Crawl” 521B  5.16M 4.99B (5.0%) 5.53M
Web pages Common Crawl (High Q.)" 1.32T  965M  22.4B (22.5%) 18.3M
Total 2.19T 2.52B 99.95B (100%) 236M

Demonstration of
diverse question
structures, rewritten
from natural
knowledge-rich data

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

Olmo 3 (technical report, 2025)
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Inspect Data Often, Favor Fast, Scalable Improvements

> Non-language Time to switch from
> Spam intuition to
> No human would read | experimentation
Rate of A
obvious
problems

> “|s this useful data for task ?”
> “Legible, but could be better if...”

> Adult
> ToxicC

» Amount of
A2 effort



Review: Map and Reduce Data Development

Distributed
exploration
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Decontamination in Dolmino
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% Olmo3Base: 0ln 78
% Olmo 3 Think: 0

% Olmo 3 Instruct:

% Olmo 3RL Zero: 0lmo-3.1-7B-RL-Zero-{Nath| Code}
S BaseData: Pretrain: Dolna 3 Mi

& ThinkData: Dolci-Think-{SFT

& Instruct Data: Dolci-Instruct-{SFTID
& RL-ZeroData: Dolci-RL-Zero-{

Long-ctx: Dolma ino M

©Training Code: 0L¥o-core (pretrain) Open
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Demo: 328 Think 328 Instruct 78 Think truct
# Contact: olmodallenai.org

Abstract

We introduce OLMO 3, a family of state-of-the-art, fully-open language models at the 7 B
parameter scales. OLMO 3 model construction targets long-context reasoning, function calling, coding,
instruction following, general chat, and knowledge recall. This release includes the entire model
ow, i.c., the full life the family of models, including every stage, che

and dependency used to build it. Our flagship model, OLMO 3.1 THINK 32B, is the stronge
fully-open thinking model released to-ds
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Signal and Noise: A Framework for Reducing
Uncertainty in Language Model Evaluation
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Abstract
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training language models (LMs). ¥
applied during real-world LM devel
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design choi

like data constraint:

design choices lead to a strong mixi
LM as datasets are ad
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Abstract A2

We introduce OLMO 3, a family of state-of-the-art, fully-open language models at the 75 and 328
parameter scales. OLMO 3 model construction fargets long-context reasoning, function calling, coding,
instruction following, general chat, and knowledge recall. "This release includes the entire model
flow, i.c., the full lifecycle of the Tamily of models, including every stage, checkpoint, data. point,
and dependency used o build it. Our flagship model, OLMO 3.1 THINK 32B, s the strongest
fully-open thinking model released to-date.
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Olmo 3 Model Flow

Base-training Post-training

=4 Midtraining g LongCtx g =4 Pref. Tuning =g RLVR

Eval N Eval

‘ Data ( Data
Model , Model ,
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Posttrain for Olmo 3 Think

e Dolci SFT
’ - EESE Data mixing —»—» Dolci DPO

{ ="
( Chat & ; - . ‘ :
: ; Dolci RL

SFT Data Preference data ScaledupRL
Modular data Learn from contrast Enable thinking &
curation & mixing between data points adaptive RL
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common crawl, books,
stack overflow,
Wikipedia,
s2orc

A2

Pretrain

Model

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”

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
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ARC Challenge
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Checkpoint-to-Checkpoint Noise

Checkpoint-to-Checkpoint Noise
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Only signal or noise alone do not explain rank
agreement from small to large scale... .. butthe signal-to-noise ratio does!
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Problem 1: No “standard” config

Swarm construction:
RQ®1 What is the smallest proxy model size (the number of parameters, Sg,a11) such that decision-making
generalizes to larger target models?

RQ@Q2 How many proxy runs K do we need to learn a good mix on m domains?

R@Q3 How should we specify the distribution P to sample the mixes for the proxy runs?
Regression model:
RQ@4 Is there an optimal family of regression models (F) for predicting mix performance?

RQ5 At what granularity should we fit the regression models in order to construct f (p)?
Mix optimization:
R@6 How do we mix under finite data constraints?

RQ7 How do we solve the optimization problem?

A2 Olmix: A Framework for Data Mixing Throughout LM Development (preprint, 2026)
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Finding 3a: Regression fit is decently indicative of
downstream performance
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Data mixing: Operations
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From Pools to a Mix

1. Swarm runs: train K 30M models
with randomly sampled mixtures p

y
OLMo _
oM BPB=1.20
OLMo _
‘—» Z0M — BPB=113
OLMo _
oM BPB=1.48

A2

2. Fit aregression model for each 3. Solve optimization problem to get
benchmark task f. (») optimal mix p*

~ Yi
minimize + 377, f;(p)
peA™
) . %,/’ ” ? Avg predicted BPB = 1.44 x
3¢ .

&7
o ""‘..

jﬁ"‘ ‘ ? Avg predicted BPB = 1.04 /

Y basic_skills_coding:rc::olmes correlation
10 g e Train: 96.01
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Midtraining Olmo 3

OLMo 3 32B
Reasoning STEM Papers 100
8.34% 4.99%

_Code
20.02%

Score

STEM -STEM

Boost data that closely match post-train capability targets

A2
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Finding 5: Historical data can be optimally reused to
minimize experimental cost over time

Swarm
p1=[0.3,0.7]
p2 =[0.4,0.6]
p3=[0.8,0.2]
oN = [0, 0.9]

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

Swarm Add a
domain
p1=[0.3,0.7]
p2 =[0.4,0.6]
p3=[0.8,0.2]
pN =[01,0.9]

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

5512]
Add a Full recomputation e

domain
p1=[0.3,0.5,0.2]
p2=[0.4,0.4,0.2]
p3=1[0.8,01,01]

oN = [01,0.5, 0.4]

-y

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

Swarm Add a “Swarm” reuse
domain
p1=[0.3,0.7, 0.0] p1=[0.3,0.5,0.2]
p2 = [0.4,0.6, 0.0] p2=[0.4,0.4,0.2]
p3=[0.8,0.2,0.0] p3=1[0.8,01,01]
pN =[01,0.9,0.0] pN=[01,0.5, 0.4]

> 03] — ¥
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Finding 5: Historical data can be optimally reused to
minimize experimental cost over time

Swarm Add a “Mix” reuse

domain
p1=[0.3,0.7]
p2=1[0.4,0.6]
p3=1[0.8,0.2]

oN = [01, 0.9]

m) p*=[066,0.34] )
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Finding 5: Historical data can be optimally reused to
minimize experimental cost over time

Swarm Add a T G 066,034
p1 = [0.507)— (066.0.34]

p2 = [0.4,_%]]/ [0.66,0.34]
p3=[0.8702 [0.66, 0.34]
ON = [0.1,'(79]/

mp p*-[066 034] mp
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Finding 5: Mixture reuse
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Finding 5: Mixture reuse

Full recomputation

S CY DY EY A A

Partial mixture reuse

e - [2: 2

Full mixture reuse

|Dfix —

ERyee)
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- —

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

Theorem 4.1 (Performance gap bound). The performance
gap is bounded by

F(q"(ppa)) — F(¢") < Cllpps — 9D,
C= g(”ﬁ’Dﬁx - Q%ﬁx“)('{'(aﬁxa acomp) + ”aﬁx“)

Theorem 4.2. Assume that p is the solution to (2) on D.
When new domains are added, the reuse gap is bounded by

1Py — 4, || < EQL = p*)K(0tfx; tcomp) (1 = p7)
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Problem 1: No “standard” config

ADMIRE-

" . RegMix (Liu DML (Ye  AutoScale (Kang BiMix (Ge CLIMB (Diao
Design Choice %" 20§5a) etal, 2(()25) etal, 202(5) Al 20(251)) BayesOpt (Chen " 2(()25)
et al., 2025b)
Swarm Construction
Proxy model size M e 1ol Target 280M 1M, 60M 350M
305, 410M ’
Swarmsize (v8 545 (. _ 17) B0 G=T) 2m + 1 4 101 (m = 17) 112 (m = 21)

m domains)
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Making decisions in pretraining == extrapolating eval
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026 Data decisions: Train a pair
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@® Real 13BModel
== Scaling Law Fit

0 10K 20K 30K 40K

50K

Training Step

A2

60K 70K 10 0 102 107 02 10%
Compute (FLOPs)

Scaling laws: Train
many small models
and extrapolate the
performance

DataDecide: How to Predict Best Pretraining Data with Small Experiments (ICML, 2025)
Establishing Task Scaling Laws via Compute-Efficient Model Ladders (COLM, 2025)
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Predicting task performance using
scaling laws is sensitive to noise!
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Accuracy
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Predicting task performance using
scaling laws is sensitive to noise!
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@ Small-scale metrics:

MBPP BPB
C4 Loss Math 500 BPB (Python Coding)

Olmo 3 data

Olmo 2data .

At 7B 500B tokens, Olmo 3 data has a worse fit than
Olmo 2 data on C4 loss, but better on math, code text
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@ Small-scale metrics:

A2

C4 Loss

C4 Validation Loss

= run_name: OLMo3-integrationtest-6

OIlmo 3 data

Olmo 2data .
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