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Pre-training
• Previously: Compute is a binding resource; data is nearly infinite
• Now: Compute is getting cheaper, but data is running out!

“We have but one Internet.”

Ilya Sutskever @ NeurIPS 2024

Forecast: Human text may be 
exhausted in 2028.



Why is Data becoming a Binding Resource?
1. The absolute quantity is limited physically.

Finite Internet users, finite token generation rate per user



Valuable data is often restricted or proprietary
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Longpre et al. 2024. "Consent in Crisis: The Rapid Decline of the AI Data Commons"
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Prior Repeated-Data Training

“Up to 4 epochs yields similar performance 
to fresh data”


Training recipe remains unchanged

“Tuning weight decay improves          
repeated-data frontier”


Also parameter scaling & ensembling, which 
increase inference cost
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Finding 1: Infinite-compute optimal batch size is 
much smaller than what’s normally used

• Much smaller than what’s used for public artifacts — 
GPT-2, Cerebras-GPT, Pythia, and Olmo all used global 
batches that are 8x to 32x larger.

• Much smaller than 
critical batch size 
identified by prior 
work



Finding 1: Infinite-compute optimal batch size is 
much smaller than what’s normally used

Noisy gradients from small-batch training provide useful regularization!

(Optimal)
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w. SHUFFLE dataloader
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Finding 2: Recipe itself can be tuned

Doc 1 (82 tokens)

Doc 2 (342 tokens)

Doc 3 (107 tokens)

Doc 4

Doc 5

Doc 6

Training data

Doc 1 Doc 3 Doc 4

Doc 5 Doc 6

Packing

Sequence 0:

Sequence 1:

Sequence 2: Doc 2 PAD

PAD

1. Data loader — REPACK
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Finding 2: Recipe itself can be tuned

Epoch 1 Epoch 2 
w. REPACK dataloader

Every sequence is literally 
fresh

1. Data loader — REPACK

Epoch 2 
w. SHUFFLE dataloader

Order is shuffled, but the 
same sequences are seen
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Finding 2: Recipe itself can be tuned

Norm

MHA

Norm

FFN

xL

2. Embeddings (tying, decay)

Embed

LM Head

Do we tie weights or not? 
(Most default: no)

Do we apply weight decay or not? 
(Most default: no)

Turns out: weight tying & weight decay to Embed helps



Finding 2: Recipe itself can be tuned
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w/ Weijia Shi, Akshita Bhagia, Kevin 
Farhat + Other collaborators



Data is Fragmented

Valuable data is often restricted or proprietary (especially for 
highly specialized domains)
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Proposal: Modular, Distributed Training

Collaborative training 
without data sharing

Can add/remove data    
at any time

Public data

x

x

x

Combined 
model
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Prior work: Model merging

Merging models trained on disjoint datasets is harder
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Our proposal: Router decomposition
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Specialized experts Prior model merging methods

(Ours)

FlexOLMo achieves 41% relative gain over prev public model



Specialized experts Prior model merging methods

(Ours)

FlexOLMo retains 90% of the benefits of fully unrestricted training
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    sewonmin.com .    sewonm@berkeley.edu

Please leave feedback at tinyurl.com/sewonm-talk

Thank you for listening!

Repeated-data training: arxiv.org/abs/2610.15965

FlexOlmo: allenai.org/papers/FlexOlmo

http://sewonmin.com
mailto:sewonm@berkeley.edu
https://tinyurl.com/sewonm-talk
https://arxiv.org/abs/2610.15965
http://allenai.org/papers/FlexOlmo

