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What makes LLMs better than small LMs? 
Data? Parameters? Geometry might play a role!



Motivation



Kaplan, Jared, et al. "Scaling laws for neural language models.” arXiv preprint arXiv:2001.08361 (2020).
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This figure is conceptual. Experimental results will be shown later.
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What if we proactively 
disperse the embeddings?

Will we narrow the performance 
gap between smaller models 
and larger models?
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Embedding Condensation

Different model familiesDifferent input datasets
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Dispersion loss

What if we proactively 
disperse the embeddings?

Will we narrow the performance 
gap between smaller models 
and larger models?

denotes the standard training loss, which defaults 
to the cross-entropy loss for next-token prediction in 
most language models.
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Empirical results



Empirical results
Dispersion loss counteracts the embedding condensation phenomenon
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Empirical results
Dispersion loss is effective in mid-training



Empirical results
Dispersion loss is effective in pre-training



Conclusion



Conclusion

Larger language models are better than smaller language models, 
but might not merely because they have more parameters.

It can be partially attributed to
how they organize the information in the latent representations. 

We hope to see future efforts along this interesting direction.

What makes LLMs better than small LMs? 
Data? Parameters? Geometry might play a role!
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Future Directions



Thank you!


