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● Task-dependent
● Signed
● Comparative

What makes good valuation scores?

Key assumptions

Dataset Marketplace & Dataset Valuation Scores
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● Post-training (SFT/RL)
● Subset selection

○ One-time, upfront dataset license 
● Limited data access

We can pay Dataset 4 for 
$X1, Dataset 2 for $X2, …

target auxiliary



Gradient-based baseline

target
auxiliary 
preview

<-similarity->

● Additive utility model
● Assume auxiliary datasets are 

independent

● Not true in general
○ Math vs. Coding 

💡 How to include relationships 
between auxiliary datasets?

Score:
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Dataset Valuation with Kernel Mean Matching
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💡 Theorem: KMM valuation 
scores are still reliable with 
only finite auxiliary samples. 

target

auxiliary

Penalize redundancy

Encourage alignment

Non-additive utility model ⇒ 

budget

Convex Quadratic Program



KMM achieves the best accuracy-efficiency tradeoff

Setup: 25 auxiliary multilingual datasets
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better



KMM scores transfer across scales and architecture
● KMM scores on smaller model ⇒ larger model
● KMM scores on older model ⇒ newer model
● KMM scores on architecture family A ⇒ family B
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Multilingual Instruction Following

1B scales to 70B!



KMM align with real utility and are interpretable
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Positive/Negative scores 
⇔ Task Performance Gain/Loss

KMM-based utility better 
matches true utility



Takeaway

● Use dataset valuation scores for post-training subset selection
○ Select costly auxiliary datasets under a budget. 

● Propose KMM-based valuation, scores datasets by target 
alignment while accounting for redundancy. 

● KMM produces scalable, faithful, interpretable rankings that 
outperform baselines.

● Finite-sample reliability guarantee under limited data access.
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