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309 language families
including 154 language isolates
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How have languages changed in the past?
How are they likely to change in the future?
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To answer these questions,
I develop statistical models that make use of
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Transition probability as a function of continuous time
𝑃𝑃 𝑥𝑥 = 𝑏𝑏 parent 𝑥𝑥 = 𝑎𝑎, 𝑡𝑡 = exp(𝑡𝑡𝑡𝑡)𝑎𝑎,𝑏𝑏
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Continuous-time Markov Chains (CTMCs)
for Statistical Analysis
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A binary feature has
a 2 × 2 transition rate matrix

𝑡𝑡 =
−𝛼𝛼 𝛼𝛼
𝛽𝛽 −𝛽𝛽

[Greenhill+, 2010]
[Maurits+, PNAS, 2014]
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Wait, Features are not Independent
Need to Model Correlated Evolution

NRel RelN
VO ✓ ×

OV ✓ ✓

Order of noun and
relative clause

Order of 
object and verb

Implicational universals [Greenberg, 1963]
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Independent CTMCs 

00 00 00 10 1100

?

?

?

?

?

0
tim

e before present

00 1100

?

?

𝑡𝑡1 =
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Unable to take into account the observation that 
the feature combination 01 is unnatural

✓ ×

✓ ✓

0

1

0 1
Feature 2

Fe
at

ur
e 

1

11



8

Expanding Feature Combinations Does not Scale

Combinatorial explosion prevents us from 
modeling interactions involving multiple features

[Dunn+, Nature, 2011]
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My Goal: Model Correlated Evolution 
Covering All Possible Dependencies 
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• Reorganize 152 discrete surface features into
100 binary latent parameters
– Parameters are independent by assumption
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My Solution: Latent Representations
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Idea originally presented in [Murawaki, NAACL2015]



• Reorganize 152 discrete surface features into
100 binary latent parameters
– Parameters are independent by assumption

• Inference in the latent space implicitly 
captures correlated evolution

10

My Solution: Latent Representations

1 1 0 0… 1 2 … 1
Features x𝑙𝑙,∗Parameters z𝑙𝑙,∗ Infer

1 0 0 1…
Parameters z𝑙𝑙′,∗

1 1 … 0
Features x𝑙𝑙′,∗Gen.

Do some inference
in the latent space

Idea originally presented in [Murawaki, NAACL2015]



• Reorganize 152 discrete surface features into
100 binary latent parameters
– Parameters are independent by assumption

• Inference in the latent space implicitly 
captures correlated evolution

10

My Solution: Latent Representations

1 1 0 0… 1 2 … 1
Features x𝑙𝑙,∗Parameters z𝑙𝑙,∗ Infer

1 0 0 1…
Parameters z𝑙𝑙′,∗

1 1 … 0
Features x𝑙𝑙′,∗Gen.

Do some inference
in the latent space

Idea originally presented in [Murawaki, NAACL2015]

Infer

Gen.



8

Latent Representations Capture
Inter-Feature Dependencies

1 0 1 0…

1 2 … 1

Parameters z𝑙𝑙,∗

Features x𝑙𝑙′,∗

[Murawaki, IJCNLP2017]
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For 𝑧𝑧𝑙𝑙,𝑘𝑘 = 1, 𝑤𝑤𝑘𝑘,𝑓𝑓(𝑖𝑖1,𝑗𝑗1) ≫ 0 and 𝑤𝑤𝑘𝑘,𝑓𝑓(𝑖𝑖2,𝑗𝑗2) ≪ 0
indicate that feature 𝑖𝑖1 is likely to take value 𝑗𝑗1
and that feature 𝑖𝑖2 is unlikely to take value 𝑗𝑗2
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• Proposed a new framework of latent 
representation-based analysis of diachronic 
typology
– Investigate correlated evolution in an 

exploratory manner
• Future work

– Analyze features other than the order of subject, 
object and verb

– Inspect inferred ancestral states
– Modeling contacts
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Conclusions




