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Temporal Understanding and Reasoning

Time-Aware Language Generation 

Temporal Information Extraction

Real-Time Processing 

Time-Based Retrieval and Search
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3. NLP

Di Bonaventura, C., McGillivray, B., He, Y., & Merono Penuela, A.(2025).Hatevolution: What Static 
Benchmarks Don't Tell Us. InProceedings of the 2025 Annual Meeting of the Association for Computational 
Linguistics (ACL), Findings

Time -sensitive offensive language detection

We selected four established hate speech benchmarks, each capturing a 
distinct dimension of hate speech



3. NLP

Di Bonaventura, C., McGillivray, B., He, Y., & Merono Penuela, A.(2025).Hatevolution: What Static 
Benchmarks Don't Tell Us. InProceedings of the 2025 Annual Meeting of the Association for Computational 
Linguistics (ACL), Findings

Time -sensitive offensive language detection

ÅWe zero-shot prompt LLMs for 
binary hate speech detection
ÅTime-LMs for hate speech 

detection as time-sensitive 
baseline (Loureiro et al., 2022; Antypas et al. 2023)

ÅSpearman correlation 
coefficient with confidence 
level 90%



3. NLP

Time -sensitive offensive language detection

Language models exhibit short- and long-term volatility across years 

Time-sensitive macro F1 scores for the hateful label (first block) and non-hateful label (second block)



3. NLP

Time -sensitive offensive language detection

ÅEvolving hate speech challenges model evaluation
ÅLanguage models are sensitive to short- and long-term volatility as well 

as to neologisms 
ÅStatic hate speech benchmarks returns a partial view of how safe models 

are at detecting hate speech
ÅOur findings call for time-sensitive linguistic evaluations in the hate 

speech domain 



Historical NLP



ÅLexicography

ÅHistorical semantics

ÅHistory, and more

ÅHistorical information 

retrieval in cultural 

heritage

Historical WSD



ÅRole of time 

and time 

scales in 

performance

ÅTime is not 

niche!

Historical WSD



Sense evolution in historical dictionaries



Å19th -century (1800 -1920) 
British newspaper corpus 
(4.5B tokens)

ÅVoluntary crowdsourcing

ÅTrolley, train, coach, bike

Sense annotation of historical texts



Number of articles per year, from 1800 to 1920.

Number of annotators.

Sense annotation of historical texts



Agreement

trolley

bike

coach

car



Sense distributions



Sense distributions



ÅManual annotation is very time -consuming

ÅSemantic change detection algorithms still too 
rough and donɅt capture the nuances needed in 
humanities research

BUT

ÅHumans disagree on word senses, let alone 
historical ones!

ÅNew, under -developed research area, still

This Photo by 
Unknown Author is 
licensed under CC BY-
NC

Why Historical WSD?
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Historical English 

Beelen, K., Nanni, F., Coll Ardanuy, M., Hosseini, K., Tolfo, G., McGillivray, B. (2021) 

"When time makes sense: A historically-aware approach to targeted sense 

disambiguation." Findings of the Association for Computational Linguistics: ACL-

IJCNLP 2021. 



The industrial revolution and the English language

2
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ÅThe British Industrial Revolution was a 
time of profound changes and 
mechanization was its primary driver.

ÅNew machines and new technology 
heavily affected the English lexicon: 
new words are coined and existing 
words get new meanings.

ÅImpact of mechanisation  on everyday 
life by exploring large historical 
collections (19th century books, 
newspapers etc.)



Targeted Sense Disambiguation

2
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Given a target sense, 
determine whether a token in 
a given context is relevant to 
the sense ʀ

Example :  disambiguate 
tokens in text as being 
relevant to Ɉmachineɉ as Ɉa 
vehicle or conveyanceɉ
- This can include Ɉmachineɉ 
but also Ɉcarɉ referring to 
vehicle



Step 1

27

Select target sense: Ɉmachine_nn01-
ABCɉ as Ɉcomplex device, consisting of a 
number of interrelated parts [...]ɉ

Include sense synonyms (e.g. 
Ɉplant_nn01-XYZɉ)

Historical Thesaurus of English (HTE)



Step 2: data expansion
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Classify head words in quotations of the dictionary as related to the target 
(seed) sense 

ɈThe calculating machine  now constructing under the 
superintendence of the inventor.ɉ

1

ɈThe  Church  was  excellent  as  a  national refrigerating machine.ɉ 0

ɈExamples of mobile earth moving plant  are bulldozers, graders and 
scrapers.ɉ

1

Ɉϥ could lift the plant  and be far away before daylight.ɉ0



Lemmas and Senses
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Language Models
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Language Models

31

BERT_1850

BERT_1900

base



Token Embeddings from Transformers
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Extract BERT embeddings for each quotation keyword

Å Concatenate last four layers

Å If a word has multiple subtokens *, we averaged their vector 
representations

* in case the BERT tokenizer splits a token into two sub ##tokens

They sell sewing machines . 0.54 0.23 ... 0.98



Sense centroids
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Class 1

Class 0

0.54 0.23 ... 0.98

0.97 0.23 ... 0.45

0.97 0.23 ... 0.45

0.54 0.25 ... 0.98

...

...

0.34 0.32 ... 0.98

0.93 0.19 ... 0.35

...

0.97 0.23 ... 0.45

0.54 0.25 ... 0.98

...

Sense 
Centroid 
Sense 
Centroid ...

Sense 
Centroid 
Sense 
Centroid 

Sense X Sense 
Y



Does time matter?

Impact of time -sensitive disambiguation

- Quotation and time -stamp is input for classifier

- Influences the construction of centroid vector

- Filtering: only use the temporally closest quotations (in 

training data)

- Weighting: a weighted average of quotations with weight 

determined by proximity to input time -stamp



Time matters
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Latin
Iacopo  Ghinassi, Simone Tedeschi, Paola Marongiu, Roberto Navigli , Barbara McGillivray 
(2024). Language Pivoting from Parallel Corpora for Word Sense Disambiguation of Historical 
Languages: a Case Study on Latin. In Proceedings of LREC-COLING 2024.



ÅHistorical language data (e.g. Latin) vs historical data 

(e.g. historical English)

ÅLow-resource setting

ÅChallenge: improve state of the art in Latin WSD with 

automatically generated training data

ThLL, vol. III, s.v. civitas

Latin WSD



ÅDictionary quotations

ÅData sparsity

ÅSkewed distribution of 

quotations over time

ÅBamman  & Burns 

2020

Latin WSD



We pivot on a high -
resource language 
(contemporary English)

Credits: Iacopo Ghinassi

Language pivoting



Credits: Iacopo Ghinassi

1. Generate 
automatically

sense-annotated
Latin datasets

2. Fine tune Latin 
BERT on WSD 

task 

3. Use fine-tuned
Latin BERT on 

unseen Latin data

Language pivoting



ÅPerseus project

ÅAutomatic alignment with Giza++ (Och & Ney 2003) Ą old!

Å123,000 sentence pairs

Å2.33 million Latin words

ÅLatin Word Net aligned with PWN

Curated
linking Lewis & Short 

Latin 
dictionary

PWN
LiLa 
LWN 

dataset

SemEval 
annotated 

dataset

Latin -English alignment



Å 40 lemmas annotated in SemEval 2020

Å LatinISE corpus (McGillivray & Kilgarriff  2013)

Å lemmatization and PoS tagging of Perseus corpus with Cracovia lemmatizer  and PoS 

tagger ( Wróbel  & Nowak 2022)

Å Fine-tuned Latin BERT (Bamman  & Burns 2020)

Annotated dataset



1) w/inter : 

intersection of 

synsets for 

target Latin 

lemma and all 

synsets from 

the aligned 

English 

sentence.

2) w /align : use 

word 

alignment from 

Perseus 

Credits: Iacopo Ghinassi

Propagation



Training set


