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COMPONENT STATISTICS AND FUNCTION
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EMPIRICAL STATISTICAL PATTERNS



COMPONENT ABUNDANCES
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ZIPF’S LAW (1930s)
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MODELS FOR THE EMERGENCE OF ZIPF'S LAW



Evolution by gene duplication
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Sample-space-reducing process
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Models with dependency structures
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and alternative models based on latent variables

Schwab, Nemenman, Metha PRL 2014
Aitchison, Corradi, Latham PLOS CB 2014



What about “innovation”?



vocabulary N

|—power-law fit
| +bin average

vocabulary N

6 x 102

4 x 102
3 x 102

WIKIPEDIA 2 x 102

10° _
size M

104

10

Heaps' law

103
size M

N oc M“

size M



Heaps’' law and
iInnovation dynamics in growth models
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Vocabulary size, N(M)
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FLUCTUATION SCALING
(AKA “DIVERSITY”)
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Taylor’'s Law
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A linear dependence is required
for Taylor’s law




Diversity generates diversity

Pnew ™ N

A general condition on stochastic processes to reproduce
Taylors’ law

(Connection with sampling models based on latent variables!)



Diversity generates diversity

Can we test it with a “true” generative process?
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Large Language Models (LLMs) trained on next word prediction
Generative Models

Next word probability distribution as a function of a
window of previous tokens
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Vocabulary Variance
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Component systems:
An exciting sandbox for statistical physicists
Simple models can support real-word applications

A two-way exchange: applications drive modelling, and
modelling informs applications
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