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Background1 — LLM Scaling laws are driven by data and model size

q Scaling laws: pre-training loss is driven by model size N
          and data volume D

q Once N is fixed, the model term becomes a constant 
          floor — data is the only lever left

Hoffmann et al. “Training compute-optimal large language models.” NeurIPS 2022.

Diminishing returns: driving loss down by volume alone
         requires exponentially more tokens
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Background2 — The Data Wall Is Approaching: QuanDty Is Running Out 

Villalobos et al. “Will we run out of data? Limits of LLM scaling based on human-generated data.” 2022.
Muennighoff et al. “Scaling data-constrained language models.” NeurIPS 2023.

Pre-training must shift from more tokens to better tokens
            The question is no longer how much data, but which data

q LLMs consume data far faster than humans create it

• Fron4er training sets grow ~2.4×/year 
• High-quality public text projected to be exhausted in 2026–2028

Returns from repetition decay exponentially: ~4 epochs 
are nearly free, beyond ~16 epochs adds almost nothing

q Repe::on cannot fake more data
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Background3 — Today’s Data Selection Relies on Heuristics

q Static filters (e.g., DCLM, FineWeb-Edu) are 
training-agnostic: they assume a sample’s utility never 
changes as the model evolves

We need a principled dynamic data recipe — deciding which 
tokens should shape the model at this specific optimizer step

q Dynamic selectors score in raw-gradient (SGD) 
space, misaligned with the update geometry of modern 
opLmizers (AdamW, Muon)
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What Data SelecDon Needs at Pre-Training Scale

q Principled: define data utility w.r.t. the update the optimizer actually applies — not the raw gradient.

q Reliable: build a validation signal that reflects downstream ability.
q Efficient: make data selection scalable and fast enough at pre-training data scales.
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q Data utility for a single datapoint 𝑧	: 

Principled Data Utility

𝑈!
(#): = 	ℒ 𝒟%&'; , 𝜃# − ℒ 𝒟%&'; 𝜃# 	+ Δ𝜃# 𝑧  

where Δ𝜃# 𝑧 = 	−𝜂#𝐏#	∇(ℒ 𝑧; 𝜃# , 𝐏#	is the optimizer-induced preconditioner.

SGD
the reference point

gₜ=	∇L(Bₜ;	θₜ)
Δθₜ=	−ηₜ gₜ

“just	follow	the	gradient”

Pₜ ≈	I			(identity)
no reshaping — raw-gradient scoring

is exact only here

AdamW
per-coordinate rescaling

mₜ=	β₁mₜ₋₁	+	(1−β₁)gₜ
vₜ=	β₂vₜ₋₁	+	(1−β₂)gₜ²
Δθₜ=	−αₜ ·	m̂ₜ ⁄	(√v̂ₜ+	ε)

Pₜ ≈	αₜ Diag(√v̂ₜ₋₁	+	ε)⁻¹
diagonal — every coordinate gets

its own step size

Muon
whole-matrix orthogonalization

Mₜ=	µMₜ₋₁	+	(1−µ)gₜ
ΔWₜ ∝	−NewtonSchulz(Mₜ)

freeze	NS	at	step	t	⇒	NS(Z)	≈	Sₜ Z

Pₜ =	κₜ Sₜ (dense,	layerwise)
matrix-valued — rotates and mixes

coordinates of the update

Data uLlity must be measured on the effec:ve update uₜ(z)	=	Pₜ ∇L(z;	θₜ),
not on the raw gradient — raw-gradient scores are only correct for SGD
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q Data uLlity for a single datapoint 𝑧	: 

Principled Data Utility

𝑈!
(#): = 	ℒ 𝒟%&'; , 𝜃# − ℒ 𝒟%&'; 𝜃# 	+ Δ𝜃# 𝑧  

q First-order Taylor expansion (𝐇%&' ≈ I) gives the final tractable score:

𝑈!
(#) ≈ 𝜂# 𝐏#∇(ℒ 𝑧; 𝜃# , ∇(ℒ 𝒟%&', 𝜃# −	𝜂#) 𝐏#∇(ℒ 𝑧; 𝜃# ;

!!∈+ℬ"

𝐏#∇(ℒ 𝑧-; 𝜃#

where <ℬ#	is the already-selected subset at step 𝑡.

Importance (Alignment) Diversity (Redundancy)

where Δ𝜃# 𝑧 = 	−𝜂#𝐏#	∇(ℒ 𝑧; 𝜃# , 𝐏#	is the op=mizer-induced precondi=oner.
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q Data uLlity for a single datapoint 𝑧	: 

Principled Data Utility

𝑈!
(#): = 	ℒ 𝒟%&'; , 𝜃# − ℒ 𝒟%&'; 𝜃# 	+ Δ𝜃# 𝑧  

where <ℬ#	is the already-selected subset at step 𝑡.

How to determine a good validation set?

q First-order Taylor expansion (𝐇%&' ≈ I) gives the final tractable score:

where Δ𝜃# 𝑧 = 	−𝜂#𝐏#	∇(ℒ 𝑧; 𝜃# , 𝐏#	is the optimizer-induced preconditioner.

𝑈!
(#) ≈ 𝜂# 𝐏#∇(ℒ 𝑧; 𝜃# , ∇(ℒ 𝒟%&', 𝜃# −	𝜂#) 𝐏#∇(ℒ 𝑧; 𝜃# ;

!!∈+ℬ"

𝐏#∇(ℒ 𝑧-; 𝜃#
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Build a reliable validaDon set

Benchmark val sets
(MMLU, ARC, …)

Pre-training corpus
(FineWeb)

Frozen text encoder (ArcFc-Embed-L v2): shared embedding space

Per-document score = max cosine similarity to any benchmark sample

Top-scoring documents (30M-token budget) → in-distribu9on proxy pool

Each step: sample a mini-batch from the proxy pool → proxy gradient direc9on

q The dilemma: raw benchmark data as validation ⇒ distribution shift + gradient noise; a random held-out set 
is stable but blind to downstream ability
q Bench-Proxy: retrieve benchmark-aligned documents from the pre-training corpus itself — aligned with 
target tasks, yet inside the pre-training manifold
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Make everything efficient and scalable

q Naïve online scoring: per-sample forward/backward + 
materializing full per-sample gradients ⇒ 3.5× slowdown

q Ghost technique: a linear layer’s per-sample gradient is 
rank-1 (a ⊗ b) — reuse acTvaTons & output grads from the 
standard pass; discard layer-by-layer, never materialize full 
gradients

q CountSketch projec:on: all uTlity inner products 
computed in an 𝑚	 ≪ 	𝑑	sketch space; AdamW’s diagonal 
precondiToner applied on the fly at O(𝑑$% 	+ 	𝑑&'()

Only +4.7% overhead vs Random (2,083 vs 1,985 min) 
every-step selection at pre-training scale
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Put everything together

Optimizer-induced Projected Utility Selection
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Results on the Muon Optimizer

GPT2-XL on FineWeb (30B tokens) GPT2-Large on FineWeb (30B tokens)

q Across 10 benchmarks (including knowledge, reasoning, and commonsense), OPUS consistently 
achieves the best avg. performance under the Muon opCmizer.
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Results on the AdamW OpDmizer

GPT2-XL on FineWeb (30B tokens) GPT2-Large on FineWeb (30B tokens)

q Across 10 benchmarks (including knowledge, reasoning, and commonsense), OPUS consistently achieves the 
best avg. performance under the AdamW optimizer.
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Combined with staDc filters

GPT2-XL on Muon (30B tokens) GPT2-Large on Muon (30B tokens)

q Strict regime: OPUS selects only from the mid-quality (score-3), while baselines use the superior score-4+5 subset

q Even from worse data OPUS wins: 44.99 on GPT-2 XL vs best baseline 42.27 trained on higher-quality data
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ValidaDon loss

q OPUS achieves a faster and consistently lower loss trajectory — while selecting only from the score-3 pool

q GPT-2 XL: reaches Random @ 60B's loss with only ~17B tokens — ≈3.5× faster convergence
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Domain PPL on FineWeb and FineWeb-Edu

OPUS 
outperforms all 

dynamic and 
static methods.
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Continued Pre-training on 8B models

q Qwen3-8B-Base + SciencePedia: improves domain knowledge (SciAssess) & scien:fic reasoning (OlympicArena)

q Best performance at 0.5B tokens — beats Random CPT @ 3B ⇒ 6× data efficiency
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Case Study: OPUS as an Online and Post-hoc Data Filter

q No training at all: a single scoring pass with the unmodified checkpoint — a buffer of 32 mixing clean FineWeb-
Edu documents with real toxic text (Jigsaw toxic comments + Enron spam)

q Selected: well-formed educa:onal prose;  Rejected: pharmacy ads, mail-server bounces, etc.

cjadams et al. Toxic Comment Classification Challenge, Kaggle, 2017.  
Metsis et al. Spam Filtering with Naive Bayes — Which Naive Bayes? CEAS, 2006.
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Ablation — why Boltzmann sampling over greedy top-k?

q Greedy fully trusts a noisy signal: utility is a small-batch estimate, and top-K over-concentrates on 
overlapping candidates

q Boltzmann sampling p(z)	∝	exp(Uₜ(z)/τ) favors high utility while retaining complementary samples (τ = 0.9)

Greedy buys almost nothing (+0.20); sampling unlocks +1.46 over Random
Diversity under noise is part of the objective, not a heuristic add-on
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Ablation — hyperparameter sensitivity

q OPUS is stable across senngs and beats Random in most configuraLons, including buffer sizes, temperatures, 
and sketch dimension in CountSketch.
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