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Introduction to computational modeling of semantic change

Extra-short summary of the talk

» Words change their meaning other time while preserving their form
» We call these changes diachronic semantic shifts

> It is possible to estimate these changes (semi-)automatically using diachronic corpora
Y
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studies of semantic change

» Diachronic semantics, as defined in general linguistics

» Foundational research in, e.g., classification of semantic change [Bréal, 1899, Stern, 1931]

» inherently limited in the number of analyzed texts and target words

studies of semantic change

> A field in Natural Language Processing / Computational Linguistics

» emerged over the past two decades, starting from [Sagi et al., 2009]

1. meaning defined computationally
2. comparison over time is quantified

» opened vast new arenas of research
» one can now verify manually devised classifications and laws of diachronic semantics

» quantitative studies can complement and better inform theory-based qualitative approaches.
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Aspects of change one can model

» Nature of change
» ...using various taxonomies

[Bloomfield, 1933, Blank, 1997] » Important: level of analysis
» Source of change Level Description
> external factors (e.g, technological or 1. Detection Word changed its meaning?
q . ’ 2. Descriptive categorization Type of change?

soao—cultural, to broadcaSt ) 3. Mechanistic explanation How the change came to be?

» 4. Causal (internal) Linguistic variables predicting change
Internal faCtOrS (e'g" the degree Of 5. Causal (external) Non-linguistic variables predicting change
prOtOtyplcallty, [DUbossarSky et al., 2015]) (active research, early attempts, future work)

» Timescale (temporal granularity)

> short-term (weeks, months), long-term
(decades, centuries)
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Example applications
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Semantics of ‘monumental’:
from sculptures in the 1960s to
‘awesome’ in the 2000s

[Rodina et al., 2019]

1. Detecting large-scale semantic change for lexicography and
historical linguistics:

>

>

comparing change intensity of verbs, nouns, and adjectives
[Dubossarsky et al., 2016]

testing whether evaluative adjectives in multiple languages are
more prone to diachronic semantic change [Rodina et al., 2019]
semantic change discovery [Zamora-Reina et al., 2022]
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Detecting large-scale semantic change for lexicography and
historical linguistics:

» comparing change intensity of verbs, nouns, and adjectives

[Dubossarsky et al., 2016]

testing whether evaluative adjectives in multiple languages are
more prone to diachronic semantic change [Rodina et al., 2019]
semantic change discovery [Zamora-Reina et al., 2022]

Conceptual (onomasiological) change for broader humanities
and social sciences:

>

>

>

testing whether the concepts related to harm in psychology
have broadened over the last four decades [Vylomova et al., 2019]
studying cultural evolution of racism via similarities between
core and related concept terms [Sommerauer and Fokkens, 2019]

the concept of ‘market’ becoming increasingly abstract over
time [Ohlsson et al., 2022]

>
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Distributional hypothesis is at the core of modern computational models of semantic change.

» ‘similarity of meaning is similarity of usage’
[Harris, 1954, Firth, 1957]

» meaning representations from co-occurrence statistics

» efficient distributional semantic models became possible with
the current availability of vast digitized corpora

» the meaning of a linguistic unit is represented with a vector of
real numbers
» makes it possible to quantify similarity between units!
> intrinsic evaluation tasks (word similarity, word analogies):
empirical evidence in favor of distributional hypothesis

of my — sy hop
“THE MANAGER

» dominant approach in modern NLP, machine learning and Al.

More details on the history of distributional hypothesis in [Brunila and LaViolette, 2022].
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Why data-driven?

» For most languages and time periods, we lack manually engineered historical ontologies or
historical dictionaries.

» Hence, the need for unsupervised and statistical methods to infer meaning from corpora.
» The corpora are assumed to be representative samples of the languages.

» But how to analyze the data? That is, how to represent semantic entities in a
machine-readable way?

Meaning representations

» In principle, a word can be represented by its corpus frequency only: useful in detecting the
emergence of neologisms [Ryskina et al., 2020]

> just calculate the difference between target word frequencies in two time-specific corpora.
» But raw frequency is not enough to trace the semantic change of an existing word form.

» We need word co-occurrence counts in a corpus, to build time-dependent ‘distributional
profiles’ of target words.



Data defines everything

Diachronic semantics tensor

A sequence of distributional representations changing over time is
a Word x SemanticVector x Time tensor. The more different the
time-specific vectors, the higher the degree of semantic change
between the corresponding time bins. [Jurgens and Stevens, 2009]
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Data defines everything

Diachronic semantics tensor

A sequence of distributional representations changing over time is
a Word x SemanticVector x Time tensor. The more different the
time-specific vectors, the higher the degree of semantic change
between the corresponding time bins. [Jurgens and Stevens, 2009]

words

semantics

semantics of a woii)
from time i to j

» Nowadays, we mostly use dense vectors, also known as ‘word embeddings’, trained in an
iterative unsupervised fashion with the objective of minimizing loss on the language

modeling (LM) objective [Baroni et al., 2014].

» But also ‘grammatical profiling’: comparing diachronic distributions of morphological and

syntactic features [Kutuzov et al., 2021]

» ensembling grammatical profiles with LM-based embeddings improves the performance of

semantic change detection [Giulianelli et al., 2022]
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Type-based models for semantic change detection

» Distributional semantic models with one representation per word type
» Word2Vec [Mikolov et al., 2013] and FastText [Bojanowski et al., 2017]

» Algorithm: -
1. produce 2 vector representations for ‘X' in 2 different time periods
2. compute the cosine similarity between these 2 vectors: change score

3. the representations are very similar — the meaning of X' did not change

4. the representations are very dissimilar — we observe a semantic shift
[Kim et al., 2014] first used Word2Vec for semantic change; then [Shoemark et al., 2019] and others.
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Type-based models for semantic change detection

» Distributional semantic models with one representation per word type
» Word2Vec [Mikolov et al., 2013] and FastText [Bojanowski et al., 2017]
> Algorithm:
1. produce 2 vector representations for ‘X' in 2 different time periods
2. compute the cosine similarity between these 2 vectors: change score
3. the representations are very similar — the meaning of X' did not change

4. the representations are very dissimilar — we observe a semantic shift [Rolievnt] 6 ell; AV
[Kim et al., 2014] first used Word2Vec for semantic change; then [Shoemark et al., 2019] and others.
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Limitations of type-based models

» all the senses of ambiguous words are merged into one vector
» difficult to model less dominant senses
» The problem of alignment

»> making embedding spaces from different time periods comparable
» orthogonal linear transformations, etc, but still a problem.
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Token-based models for semantic change detection (‘contextualized models’)

» Large language models (LLMs) with one representation per word token
> ELMo [Peters et al., 2018], BERT [Devlin et al., 2019], XLM-R [Conneau et al., 2020]...

» After training, the model produces token embeddings: one and the same target word will
have different representations in different contexts... and in different senses!

» diachronic corpora are now used to infer word representations, not to train them.
» No need for alignment:

» embeddings for tokens from time-specific corpora come from one LLM: comparable by design.
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cell in 2000's

Token embeddings for the
word ‘cell’ in three different
senses in a corpus from
2000s. One dot = one
usage in context.

Typical methods

» Pretrained contextualized models are now the de facto standard [Montanelli and Periti, 2023]

» Change score is produced from usage matrices in various ways:
1. clustering into ‘senses’ and comparing their time-specific distributions [Martinc et al., 2020]
2. average pairwise cosine distances (APD) between token embeddings [Kutuzov and Giulianelli, 2020]
3. LLM fine-tuned on Word-in-Context (WiC) task: XL-LEXEME [Cassotti et al., 2023]



Inter-relation between methods and data

» Different combinations of methods and datasets yield different answers

» We observe corpora-specific properties, not language-specific properties. And corpora are
different!
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v

Different combinations of methods and datasets yield different answers

v

We observe corpora-specific properties, not language-specific properties. And corpora are
different!
» Time span:
> Twitter corpora covering one or a few years or Latin corpora covering millennia?
» Gaps between time periods:
» Monthly data bins or century-long gaps and century-long bins?
» The number of time bins:
> Two time periods or hundreds of (daily, monthly, or yearly) time periods?
» The size of the corpora:
» Millions of words? Billions of words? Thousands of words?
» Genre of the texts:
> Information-dense like newspapers or sparse like fiction books?

The suitability of certain methods to different datasets is still an open question.



Research infrastructure

Diachronic corpora

The most fundamental resource for semantic change modeling.

Corpus Size, words Reference

Helsinki Corpus 10°  [Rissanen, 1994]

New York Times Annotated Corpus ~ 2 x 10% [Sandhaus, 2008]

Google Books Ngrams ~ 100 x 10°  [Michel et al., 2011]
English Gigaword A~ 4 x 10°  [Parker et al., 2011]

Corpus of Historical American English (COHA) 400 x 10°  [Davies, 2012]

Amazon Movie Reviews ~ 9 x 108 [McAuley and Leskovec, 2013]
Twitter (multilingual) ~ 14 x 10°  [Banda et al., 2020]

HPLT web corpora (multilingual) ~ 7 x 1012 [de Gibert et al., 2024]

Many other diachronic corpora exist for specific languages, see
https://www.clarin.eu/resource-families/historical-corpora.
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Benchmarks for computational semantic change detection

» ‘Traditional’ diachronic linguistics
[Traugott and Dasher, 2001, Dobrushina and Daniel, 2016]: too few target
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» DatSemShift database [zalizniak, 2018]:
» not clear how to use it for evaluation of data-driven systems
» DWUGs: ‘diachronic word usage graphs’[Schlechtweg et al., 2021]
» graded contextual word meaning annotation
» human annotators estimate semantic similarity of pairs of target
word usages on a graded scale
» per-word graphs: word usages as nodes, annotators' judgments as
weights on the edges
» graph clustered into communities, representing (diachronic) senses.
> change score < changes in cluster distributions between time periods




Research infrastructure

Excerpts from the test sets for SemEval 2020 (target words and change scores)

English (1810:1860 — 1960:2010) Swedish (1790:1830 — 1895:1903)
» plane_nn 0.88 » medium 0.60

» tip_vb 0.68 > krita 0.44

» prop_nn 0.62 » motiv 0.35

> . > .

» fiction_nn 0.02 » utratta 0.00

» chairman_nn 0.00 » vaktmastare 0.00

» risk_nn 0.00 » vegetation 0.00

[Schlechtweg et al., 2020]

» Performance is evaluated with Spearman rank correlation between gold and predicted scores
» Test sets for Russian [Kutuzov and Pivovarova, 2021b], Spanish [Zamora-Reina et al., 2022], Norwegian
[Kutuzov et al., 2022], Chinese [Chen et al., 2023], German [Schlechtweg et al., 2024]...
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» Organizers publish the task and a test dataset without the correct answers
» Participants prepare their systems and submit the predictions for the test set
» Systems are ranked by their performance: state-of-the-art is established.

» Best models and the datasets are published openly, to the benefit of the wide community.



Research infrastructure

Shared tasks in NLP

» Organizers publish the task and a test dataset without the correct answers

» Participants prepare their systems and submit the predictions for the test set
» Systems are ranked by their performance: state-of-the-art is established.

» Best models and the datasets are published openly, to the benefit of the wide community.

Semantic change modeling shared tasks

AXOLOTL-24 Shared Task on Explainable Semantic

» English, German, Latin, Swedish [Schlechtweg et al., 2020]
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Research infrastructure

Shared tasks in NLP

» Organizers publish the task and a test dataset without the correct answers
» Participants prepare their systems and submit the predictions for the test set
» Systems are ranked by their performance: state-of-the-art is established.

» Best models and the datasets are published openly, to the benefit of the wide community.

Semantic change modeling shared tasks

AXOLOTL-24 Shared Task on Explainable Semantic

» English, German, Latin, Swedish [Schlechtweg et al., 2020]
» Italian [Basile et al., 2020], Russian [Kutuzov and Pivovarova, 2021a]
» Spanish [Zamora-Reina et al., 2022]

» AXOLOTL: explainable semantic change for Finnish, Russian,
German [Fedorova et al., 2024]

Starting from 2021, the leaderboards are dominated by token-based appvrggz:hes.‘ XL-LEXEME
[Cassotti et al., 2023] is current state-of-the-art for most languages.
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Detailed semantic change modeling

Future work

1. Sub-classification of types of semantic shifts (e.g., broadening, narrowing, metaphorization)
[Mitra et al., 2014, Tahmasebi and Risse, 2017, Giulianelli et al., 2023].
2. ldentifying the source of a change (e.g., linguistic or extralinguistic causes).
» closely linked to the division between linguistic drifts and cultural shifts [Hamilton et al., 2016]
> lack of manually annotated datasets of linguistically motivated and culturally motivated
semantic shifts
3. ldentifying groups of words that change their meaning together
[Dubossarsky et al., 2016, Rodina et al., 2019]

> linked to ‘laws of semantic change' and co-lexification processes



Onomasiological semantic change modeling

More future work

> Most recent studies are semasiological (anchored on form):

> ‘How the meaning of the term controller has changed from the 15t century to today?’
» This is natural for distributional representations.
» More work on onomasiological change is needed (anchored on meaning)

» ‘What you call a handheld peripheral device designed to provide input to a computer or a
gaming console, and what this object was called in the 60s?’

» Analogous to looking up words associated with a certain target concept, rather than looking
up the meaning of a certain target word.

» More difficult! But see [Tahmasebi et al., 2012, Yao et al., 2018, Szymanski, 2017].
» This is where DatSemShift can be of great use.



That's it!

Thanks you!
Questions are welcome
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