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Introduction: Compositionality

climate change melting pot
High compositionality Low compositionality
» Literal » Nonliteral
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Motivation: Diachronic perspective

Hypothesis:

Differing patterns for
(present-day) low- vs.
high-compositionality compounds
over time for

P high vs. low frequency

[Lee (1990), Hamilton et al. (2016)]

» high vs. low productivity

[Jurafsky et al. (2001), Hilpert (2015)]
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Approach

P Assessing informativeness of patterns via binary classification

» Using empirical properties over time as features

[F1830s, F1840s; - - - » F2000s)
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Experimental Setup
Data

» 185 human-annotated noun-noun compounds [Cordeiro et al (2019)]

» Diachronic corpus: Clean Corpus of historical American
Enghsh (CCOHA) [Alatrash et al. (2020)]

» Data from 1830s-2000s from different text genres
» Synchronic corpus: ENCOW [schster (2015)]

Empirical Properties
» Compound frequency
» Constituent frequency
» Productivity/Morphological family size

collected for decades and 30-year timeslices,
normalized per M tokens
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Experimental Setup

Targets

» 62 most and 62 least compositional noun compounds
(Leaving out 63 mid-scale compounds)

» For Compound, Modifier and Head compositionality
— Three experiments

Classifier

> SVM

» Properties and combinations of properties as features
Evaluation

» Accuracy

» Repeated k-fold cross-validation (4 folds, 8 repetitions)
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Static synchronic experiment

For ENCOW/last CCOHA timeslice

» Order target by property
P> Assume top N compounds to be the highly compositional class

» Evaluate against gold standard compositionality classes

A

N

Frequency
Gold Standard
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Results

— Diachronic setup outperformed by static synchronic baselines

However: Our focus is on the question of distinct development

Accuracy
Compound Modifier Head
Features coarse fine | coarse fine | coarse fine
Random 0.500 0.500 | 0.500 0.500 | 0.500 0.500
Best last 0.694 0.702 | 0.710 0.702 | 0.669 0.637
Best ENCOW 0.782 0.831 0.669
Best diachronic =~ 0.663 0.702 | 0.651 0.635 | 0.631 0.633

— Only roughly comparable, very different setup
— Synchronic compositionality information

— More data

patterns for the classes.
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Results

Accuracy
Compound Modifier Head
Features coarse fine | coarse fine | coarse fine
Random 0.500 0.500 | 0.500 0.500 | 0.500 0.500
Fc 0.663 0.665 | 0595 0.600 | 0.631 0.633
Fum 0.585 0.597 | 0.649 0.629 | 0.457 0.455
Fy 0.649 0.647 | 0.519 0.523 | 0.627 0.617
Fuvn 0.637 0.643 | 0.605 0.624 | 0.592 0.595
Femu 0.654 0.644 | 0.594 0.620 | 0.570 0.576
Py 0.629 0.626 | 0.632 0.606 | 0.457 0.448
Py 0.571 0.564 | 0.502 0.472 | 0.554 0.550
Prn 0.612 0.597 | 0.610 0.607 | 0.538 0.518
FemuPuvy | 0619 0.634 | 0.590 0.608 | 0.568 0.574

— Performance significantly above random baseline for most
settings
— Exceptions match intuition
(Head properties not informative for Modifier and vice versa)
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Conclusion

» Novel diachronic approach to compositionality

» Using linguistic information not obtainable through synchronic
resources

» Informative, distinct development patterns in properties of
high- vs. low-compositionality compounds

» Potential in under-researched area
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Examples & Compositionality Ranges

Compositionality rating

Compound Modifier Head Compound
guinea pig 0.47 £ 072 | 0.47 £ 0.72 | 0.24 £ 0.56
flea market 0.38 +081 | 471 £0.84 | 1.52 +£1.13
pain killer 471 £064 | 1.33 £1.11 | 2.05 +1.36
health insurance | 4.53 +0.88 | 4.83 +0.58 | 4.40 + 1.17

Table: Sample gold standard compounds with compositionality ratings
(mean and standard deviation).

Compositionality
Compound Modifier Head
Class low high low high low high
Range | [0.18, 1.61] [4.20, 5.00] | [0.14, 1.76] [4.56, 5.00] | [0.00, 2.79] [4.50, 5.00]

Table: Compositionality ranges for the targets per class and experiment.




Timeslice Sizes

Timeslice | 1830s | 1840s | 1850s | 1860s | 1870s | 1880s
Totalfipe 16.7 19.4 20.0 20.6 22.6 24 .4
Total coarse 56.1 67.6

Timeslice 1890s | 1900s | 1910s | 1920s | 1930s | 1940s
Totalsipe 24.6 26.7 27.7 31.2 30.1 29.9

Total coarse 79.0 91.2
Timeslice | 1950s | 1960s | 1970s | 1980s | 1990s | 2000s
Totalgne 30.3 29.6 290.4 31.3 34.6 36.5
Totalcoarse 89.3 100.4

Table: Timeslice sizes for the fine- and coarse-grained timeslices in million
tokens.



Developent of Properties over Time per Class
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Examples Developments Frequency and Productivity

1e-6 Frequency Compound

0.000125 Frequency Modifier

1e-6 Productivity Modifier
0.000100
0.000075
0.000050

0.000025

0.000000

Frequency Head
0.00015
0.00010

0.00005

0.00000

1830s-1850s

1950s-1970s

1980s-2000s
1830s-1850s
1860s-1880s
920s-1940s
19505-1970s
1980s-2000s

@
S
>

&
S
>
o

Timeslices

—— Mean High —— gold mine (low)
——————— Mean Low —— disability insurance (high)

—— speed trap (high) —— fall guy (low) —— speed trap (high) —— fall guy (low)

1920s-1940s

1860s-1880s
1890s-1910s

1

Timeslices

Mean High —— gold mine (low)
Mean Low —— disabilty insurance (high)




	Introduction and Motivation
	References

