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- More data improves performance, but at increasing cost!

- Scaling Laws predict diminishing returns (Kaplan et al., 2020)

When is more data no longer worth the cost?

Focus: Tiny, compute-constrained models - o > ~90%
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Research Questions: 7 N

- Do diminishing returns persist in tiny models?

- How much data is needed for near-full performance?

L Tiny Models achieve 90% of performance with only ~30% of data!

- What is the cost-performance trade-off of dataset scaling?
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Results and Conclusion

Fixed number of Optimization Steps:

Key Takeaways:
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/-\/ * Performance gains saturate while cost grows nearly linearly

« Additional data alone is insufficient without more compute

 Moderate data regimes offer best trade-off
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- Scaling Laws remain actionable in tiny architectures & low-resource settings

Validation Accuracy
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- Data Efficiency is achievable in tiny models

Steps

Practical Impact:

« Small fraction of data is often sufficient for near-full performance

== 4000 steps
=== 8000 steps
== 12000 steps
16000 steps
20000 steps

« Trade-Offs reduce compute cost for small labs and rapid experimentation

* Enables efficient pretraining under limited budgets

AAcc per 2x data

Data-compute trade-offs enable near-optimal performance

10° 10° 10 10’ at significantly reduced cost!

Subset tokens available (subset size * seq len)

128 256 512 1024 2048 4096 8192 16384 32768 65536 131072
Subset size
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