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Abstract

The usage and meaning of words may change
over time. In this study, we compared two ex-
isting BERT-based methods of capturing se-
mantic changes in Japanese words. Each
method clusters word tokens obtained from
BERT in different ways. One method uses
example sentences from a dictionary, whereas
the other method uses centroids from k-means
clustering are used. We calculated the us-
age ratio for each period (25 years) accord-
ing to the clustering results. The clustering-
based method outperformed the dictionary-
based method in almost all the cases. We also
found that the dictionary-based method was
sensitive to definitions and the specific choices
of example sentences.

1 Introduction

The usage and meaning of words may change over
time. For example, the word “gay” originally
meant “carefree,” but now it also means “homo-
sexual.”  Such a phenomenon is not unique to
English (Hou et al., 2020). Techniques for quanti-
tatively analyzing the semantic changes of words
over time, also known as diachronic changes, can
positively contribute to diverse research domains
including linguistics, lexicography, and sociology
(Andrey et al., 2018)).

Several distributed word representation-based
methods have been proposed for capturing changes
in the meanings of words(Kim et al., 2014}
[Hamilton et al., 2016;  |Yao et al., 2018|). Al-
though these methods can detect a meaning change,

it can be difficult to interpret the specifics of the
semantic change because these methods only assign
a single representation to each word type.

An alternative to using word representation-based
methods is to use a pre-trained language model such
as BERT (Devlin et al., 2019), through which one
can obtain a word vector according to the context
in which each word token appears. As a result,
one can then assess the meanings of words at the
token level. Recently, two studies were conducted
to capture the changes in meanings of words using
BERT. One method used meanings from a dictionary
(Hu et al., 2019), whereas the other used centroids
from k-means clustering (Giulianelli et al., 2020) to
create clusters. Although these two methods are
similar, the influence of their different approaches
on their performances are yet to be investigated.

Additionally, these studies have only been con-
ducted on English words.  One exception is
|Aida et al. (2021), wherein diachronic changes in
the meanings of Japanese words were captured us-
ing word representation-based methods. However,
no other studies, including those using BERT-based
methods, have been conducted with Japanese words.

In this study, we applied the methods of
and |Giulianelli et al. (2020) to
Japanese words, and then compared the results. The
contributions of this study are as follows.

* We analyzed changes in meanings of Japanese
words over time with BERT.

* We compared dictionary-based
and clustering-based (Giulianelli et al., 2020)
methods.




2 Methodology

In this study, we obtained word vectors from the fi-
nal layer of BERT. We input all sentences that in-
cluded target words into BERT to obtain the contex-
tual word vectors per token. If the target word con-
sisted of multiple subwords, we averaged the vec-
tors of the subwords and assigned them to the target
words.

2.1 Word clustering

In the following sections, we define the set of word
vectors acquired with BERT as S.

2.1.1 Dictionary-based clustering

First, we describe the dictionary-based clustering
method (Hu et al., 2019). For a word with n senses,
sense vectors vy, va, ..., v, were the assigned vec-
tors obtained from BERT as follows. We input the
example sentences corresponding to each sense in
the dictionary into BERT and obtained the vectors
that corresponded to the target token. If multiple
example sentences were listed for one sense, the
average of the acquired word vectors was used as
the sense vectors. Each element of S was assigned
to the sense that had the highest cosine similarity
with v, € {v1,...,v,}. We henceforth refer to this
method as the dictionary-based method.

2.1.2 k-means-based clustering

Next, we describe the k-means-based clustering
method (Giulianelli et al., 2020). We used k-means
clustering with the number of clusters ranging from
2 to 10 for S. Subsequently, we used the cluster-
ing results and the largest average of the silhou-
ette scores to determine the cluster to
which the word vector belonged. The distance used
in k-means clustering was the Euclidean distance.
we henceforth refer to this method as the clustering-
based method.

2.2 Semantic change detection

Figure [Il presents a simplified example of creating
stacked bar graphs from clustering results. We di-
vided a diachronic corpus into periods and created
word vectors for each token by applying BERT to
the sub-corpora, one sentence at a time. Then, we
clustered the word vectors for all periods using the
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Figure 1: Example bar graph that shows the transitions in
word meanings over time.

two methods described above. The clustering re-
sults are presented in scatter plots visualized by
principal component analysis, as shown in Figure
[ (left). Next, we calculated the word usage ratio
per period, and we represent the data as stacked bar
graphs, as shown in Figure [T] (right). The legend for
the dictionary-based method shows the dictionary
senses, whereas the legend for the clustering-based
method shows the most frequent meanings or usages
that were confirmed in each cluster. We analyzed the
results by comparing graphs with the corresponding
examples.

3 Experimental settings

3.1 Corpora

We used the modern magazine corpus pub-
lished as part of the “Corpus of Historical
Japanese,’ and modern magazines “Chuokoron”
and “Bungeishunju,” which are part of the “Showa
/ Heisei Written Language Corpus.’ﬂ They include
magazines published from 1874 to 1997, and we
used those published over a 100-year period, from
1898 to 1997, divided according to 25-year periods.

3.2 Dictionary

We used “Nihon kokugo daijiten,’ﬁ one of the
largest Japanese dictionaries for the dictionary-
based method. From this dictionary, we removed
any example sentences that were written in classical
Chinese, after which we removed any sense that had
no example sentences.

"https://ccd.ninjal.ac.jp/chj/index.htm]
Zhttps://ced.ninjal.ac.jp/cmj/woman-mag/index.html
*https://japanknowledge.com/en/contents/nikkoku/



Clustering-based method

Good Bad
T EE “usually,” FE2E “disability.” Z28 “flexible,”
et “very well,” Z4H “way to deal,” 4 “sloppy,”
< | 77— A “particular situation,” #.8F “license,” ##& “broad knowledge,”
§ é 15 “take first prize,” HAM “detailed statement,” I “privileged person,”
S FEH “very,” &4 “not at all,” §& % “at best,” 4% “professor,”
g P&l “traffic jam,” /R > N “essential matter,” RS “slightly”
2 ] “air traffic control,” #{[& “broken”
‘g HE%E “shortstop,” JEA “brothel,” 77 7 = “cafe,” £ 9 “nature”” 201 “woman.”
3 3E “baby boomer generation,” 3 “normal,” %'.'ll L ’ o ’.1. ,
S =4 “ordi ion)” & A« » 7 )V “maquette,’ @ fi facility,”
2 | o Z7 “ordinary (+ negation),” 2 A\ “lover, i od -
s e L married woman,
'E & | X “button for machines; ,Z —
He e H ”” I e 2 Iﬁ $E lnfOI‘IIlatlon,
575 “advertisement,” 1 fi# “approval, = —
R S S S S = R " F 17 “housewife,
Uit R “device,” f1J& “residence, = 7P 0 “pursuing”
A — N — “supermarket” == P g

Table 1: Contingency table of the two methods. The English translation represents the contemporary most frequent
sense. The dictionary method could not be applied to the underlined words.

3.3 Target words

We focused on 42 Japanese words that are
widely known to have undergone semantic
changes, extracted from a list obtained via
[Mabuchi and Ogiso (2021).

3.4 Pre-trained BERT model

In this study, we used a pre-trained BERT model.
Specifically, we used Tohoku University’s Japanese
version of BERT—baseH, which is trained on Japanese
Wikipedia. The model consists of 12 layers, 768 di-
mensions of hidden states, and 12 attention heads.
The model is trained with the same configuration as
the original BERT(Devlin et al., 2019): 512 tokens
per instance, 256 instances per batch, and 1M train-
ing steps. For training the masked language mod-
eling objective, the model introduced whole word
masking, in which all of the subword tokens corre-
sponding to a single word (as tokenized by MeCab)
are masked at once. The model trained with a v3-
8 instance of Cloud TPUs provided by TensorFlow
Research Cloud progranﬁ. The training took ap-
proximately 5 days for BERT-base. In tokenization,
texts are first tokenized by MeCab with the Unidic
2.1.2 dictionary and then split into subwords by the

*https://github.com/cl-tohoku/bert-japanese
>https://sites.research.google/trc/about/

WordPiece algorithm.

3.5 Evaluation

[Hu et al. (2019) and |Giulianelli et al. (2020) evalu-
ated the method’s performance by comparing the
datasets that were ranked by their degree of change
based on human judgment, with the score calculated
quantitatively.

However, because there is no such data available
in Japanese, our evaluation was based on the au-
thors’ qualitative judgment. This was made by com-
paring the changes in the stacked bar graphs with
the actual data corresponding to the clustering re-
sults. This qualitative analysis was conducted by
focusing on two points: (1) whether the most fre-
quent senses or usages of clusters correctly corre-
sponded to each of the most frequent senses be-
fore and after the change and (2) whether the usage
trends corresponding to clusters correctly decreased
or increased.

4 Experimental results

Table [T summarizes the experimental results for the
two methods. The dictionary-based method was
successful for 21 words, whereas the clustering-
based method was successful for 29 words. The
clustering-based method could be applied to any
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Figure 2: Example results for i# 24 and #(#.

word; however, the dictionary-based method that
used the dictionary mentioned earlier was success-
fully applied to only 33 of the 42 words . This is be-
cause there were nine words that did not satisfy the
application requirement that there must be at least
two senses with example sentences in the dictionary.
For example, there were words that had only a single
sense, or words that had multiple senses but no cor-
responding example sentences. We argue that these
words do not capture the semantic changes in the
dictionary-based method.

In the scatterplots (Figures2lto[7), the round sym-
bols correspond to the years 1898—1922, the square
symbols correspond to the years 1923-1947, the di-
amond symbols correspond to the years 1948—-1972,
and the X symbols correspond to the years 1973—
1997.

In the stacked bar graphs, the labels were as fol-
lows. For the dictionary-based method, we assigned
senses from the dictionary to labels even if the clus-

ters’ components did not correspond to the label.
By contrast, in the clustering-based method, we as-
signed corresponding meanings or explanations of
the cluster to labels. Here, we used roman fonts
when a label is a meaning and ifalics when the la-
bel is an explanation.

4.1 Successful cases of the dictionary-based
method

The successful words were i X4, 203, &, 4%,
and /M55 . These are words with large differences
in usage frequencies for the meanings before and af-
ter the change. In contrast to the clustering-based
method, the dictionary-based method successfully
captured the less frequent meanings. We introduce

Y4 and Z(#% as examples.

% The most frequent sense of this word has
changed from “appropriate” to “sloppy.”

First, we discuss the dictionary-based method. In
Figure sense 2 (orange) and sense 3 (green)



1.0

%
x¢* u
% g‘" 08
-
B ', 0.6
x -t
e
% x x4 0.4
‘oqm‘} <
03
a7 .
‘iﬁ, 1 L o 02
gy, o
‘su* oe® ° 0.0
;Q‘S’ ’5:":.'- 1898 1923 1948 1973
o o2 L Q s Normal
“e
..l* e o :,‘f . Supple
. ‘»""..%. ny e B Pretty good
e s Pure

B Honest
W Primary school

1898 1923 1948 1973
s Primary school
. Normal (+ negation)
s Normal

(a) Scatter of the dictionary- (b) Usage by the dictionary- (c) Scatter of the clustering- (d) Usage by the clustering-

based method for = based method for =

o

xx  x x * 1.0
x “ 3 4
® ynx %
. RS & Bk 08
Sl ]
- .n" ®
R i‘:.o;’ 06
* % *
LA e
Xy L]

l
*
oy

u xe %

*x °
u
o |
"
*
*
- :‘ L]
(3
£ 3
w0,
;; :
i
L
x
1) o
N kS

0.0
1898 1923 1948 1973

B Button for machines
I8 Button for clothes

based method for =7/

based method for =7

1898 1923 1948 1973
B Button for machines
W58 Button for clothes

(e) Scatter of the dictionary- (f) Usage by the dictionary- (g) Scatter of the clustering- (h) Usage by the clustering-

based method for K & >/ based method for K &

based method for R & >/

based method for R & >/

Figure 3: Example results for 27 and R X >.

are the most frequent senses before and after the
change, respectively. Figure indicates that us-
age of sense 3 is gradually decreasing, whereas that
of sense 2 is gradually increasing.

Next, we discuss the results of the clustering-
based method. The clustering-based method did
not capture the semantic change of i# 4. In Figure
there is no clear difference between cluster 1
(blue) and cluster 2 (orange), and both clusters con-
tain a variety of examples. Furthermore, Figure 2(d)]
shows that there is almost no change in usage fre-
quency between time periods.

#&E The most frequent sense of this word has
changed from “teaching or educating” to “broad
knowledge.”

First, let us discuss the dictionary-based method.
In Figure 2(€)] sense 2 (orange) is the most frequent
sense before the change, and sense 1 (blue) is the
most frequent sense after the change. Figure 2(f)]in-
dicates that the example used in sense 2 is no longer

used.

Next, we discuss the clustering-based method.
The clustering-based method successfully captured
the semantic changes in Z{#. Cluster 1 (blue) in
Figure 2(g)]is a cluster of compound nouns, i.e., of
which “Z(# + noun,” L “College of Lib-
eral Arts” and ZXE R FE “academic course” are typ-
ical examples. Cluster 2 (orange) is a mixed cluster
of examples different from those from cluster 1. In
other words, each cluster does not capture the se-
mantic features before and after the change. No se-
mantic change can be identified from Figure

4.2 Successful cases of the clustering-based
method

Next, the words that worked well in the clustering-
based method but not in the dictionary-based
method were 2%, JAR, 77 7 =, HBE, i, &
W, BN RRZ 2 RE, T, bR, A, and

A — N —. These words presented problems for
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the dictionary-based method, as they often lacked
the corresponding senses for the semantic changes
and lacked sufficient example sentences, both quali-
tatively and quantitatively, for each sense. We intro-
duce =% and 7R X > as examples.

£ % The most frequent sense of this word
changed from “normal” to it being used as an id-
iomatic expression, i.e., “& + negation.”

First, we discuss the dictionary-based method.
The dictionary-based method detected semantic
changes but did not capture the differences in mean-
ings before and after the changes because of the lack
of corresponding senses. Sense 1 (blue) in Figure
is the corresponding sense before the change.
The sense corresponding to the idiomatic expression
with negation is not found in the dictionary and is in-
stead merged with sense 1. Figure shows that
the usage frequency of sense 1 increased over time,
but it does not capture the desired semantic change.

Next, we describe the clustering-based method.

Cluster 3 (green) in Figure is a typical exam-
ple of the most frequently used meaning before the
change, and cluster 2 (orange) is a typical exam-
ple of the most frequently used meaning after the
change. Figure[3(d)indicates that cluster 3 gradually
decreases, whereas cluster 2 gradually increases.

R4 > This is a word for which the most frequent
sense has changed from “button for clothes” to “but-
ton for machines.”

We discuss the dictionary-based method. The
dictionary-based method did not capture the seman-
tic changes in 7R X >/, even though the dictionary
sense was appropriate because of the lack of suffi-
cient example sentences. In Figure sense 2
(orange) corresponds to the sense before the change,
and sense 1 (blue) corresponds to the meaning after
the change. No semantic changes can be observed
in Figure

Next, we describe the clustering-based method. In
Figure [B(g)l cluster 1 (blue) is a typical example



of the meaning after the change, and cluster 2 (or-
ange) is a typical example of the meaning before the
change. Cluster 2 gradually decreased, and cluster 1
gradually increased, as seen in Figure

4.3 Cases where both methods were successful

Both methods worked well for 5 B, fed 28R, &%
R, ERH, 7 — A, SuRT, BB, WA, IR, 28R K
%, Pt RA 2 b, Bl and #FE. These words
do not have the problems we mentioned earlier. We
introduce #}5 and FEH as examples.

&R The most frequent sense changed from “ex-
cel and win” to “take first prize.” There were almost
no differences between the two methods for #&/F5.

First, we discuss the dictionary-based method.
Figure shows that sense 2 (orange) corresponds
to the most frequently used sense before the change,
and sense 1 (blue) corresponds to the most fre-
quently used sense after the change. Figure
shows that the usage of sense 2 is decreasing and
that of sense 1 is increasing.

Next, we discuss the clustering-based method. In
Figure cluster 2 (orange) mainly consists of
the most frequently meaning before the change, and
cluster 1 (blue) mainly consists of the most fre-
quently used meaning after the change. Figure [d(d)]
confirms that cluster 2 is decreasing and cluster 1 is
increasing.

JEE  The most frequent sense changed from “dif-
ferent from usual” to meaning “very” as an adverb
indicating degree. The results of the clustering-
based and dictionary-based methods were nearly
identical for some words, such as #&¥%, and the clus-
tering results were clearer. However, for others, such
as FEH, the results were slightly different, and the
clustering was less clear but still captured the seman-
tic change.

First, we discuss the dictionary-based method.
Figure shows that sense 1 (blue) was used the
most after the change, and sense 2 (orange) was used
the most before the change; the other senses do not
correspond to either one of these meanings. Fig-
ure [4(f)| shows that usage of sense 1 increased and
that of other senses, especially sense 3, decreased.

Next, we discuss the clustering-based method.
Figure [(g)| shows that the typical usage of cluster
2 (orange) was the most frequent before the change

and that of cluster 1 (blue) was the most frequent
after the change. Figure reveals a decrease in
cluster 2 and increase in cluster 1.

4.4 Cases where neither method was successful

Finally, neither method could successfully capture
well the semantic changes in HAR, &M, £T IV,
A i, bw N, TS, i and 2720 0. HR has
both of the problems mentioned in Sections 4.1 and
4.2. Other words had problems in the target corpus.
For example, there were no (or few) sentences per-
taining to the target senses. We introduce F %X as an
example.

B %R The most frequently used sense changed
from “unintentional” to “nature.” The difference in
usage frequency of the sense before and after the
change in the corpus was large.

First, we discuss the dictionary-based method. In
Figure sense 1 (blue) is the closest to the most
frequently used senses before the change, whereas
the other senses are the most frequently used sense
after the change. Most of all sentences use senses 2
(orange) and 9 (yellow ocher); thus, they do not cap-
ture the most frequently used sense after the change.
Figure[5(b)|shows a slight upward trend of the usage
of sense 1, but the change is not clearly captured.

Next, we describe the results of the clustering-
based method. Cluster 1 (blue) in Figure
contained sentences with the most frequently used
meaning after the change, but a majority of the sen-
tences used the meanings before the change. Clus-
ter 2 (orange) was represented by sentences with the
most frequently used sense before the change. Fig-
ure clearly indicates that this method does not
capture the semantic change.

5 Discussions

Based on these results, we found that the clustering-
based method was more effective and useful for
dealing with Japanese words.

However, it is not clear whether a particular
choice of experimental settings affects the perfor-
mance. Thus, we further explored dictionaries and
clustering methods. We conclude this section by an-
alyzing the word vectors obtained from BERT.

The choice of dictionary is important for the
dictionary-based method. The dictionary-based
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Figure 6: Results for F#& by Digital Daijisen.

method had limitations when choosing target words
and depended too heavily on the quality of the dic-
tionary. This is not a problem in English words
because in English, the Oxford English Dictionary
(OED) has a sufficient number of senses and ex-
ample sentences for most words. In our experi-
ment, we used “Nihon kokugo daijiten,” one of the
largest Japanese dictionaries; however, the quality
and quantity of the sense inventory and example sen-
tences provided by this dictionary may have nega-
tively affected the results for some words.
Therefore, to confirm the influence of the dictio-
nary, we compared the results using “Digital Dai-
jisen.’ﬁ Table [2| summarizes the experimental re-

®https://japanknowledge.com/
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Good Bad
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Table 2: Contingency table of the two methods. Words
that could only be applied in “Nihon kokugo daijiten” are
marked with a wavy line. Words that could only be ap-
plied in “Digital Daijisen” are underlined. Nihon is “Ni-
hon kokugo daijiten,” and Jisen is “Digital Daijisen.”

sults for the two methods. In Table 2] words that
did not meet the requirements mentioned in Section
3.3 in both dictionaries are removed. Table Dlreveals
that different dictionaries produced different results,
even when using the same method. Furthermore,
“Nihon kokugo daijiten” outperformed “Digital Dai-
jisen.”

We introduce B #8 as an example.  The
dictionary-based method using “Digital Daijisen”
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captured the semantic change. In Figure[6(a)] senses
1 (blue), 2 (orange), and 3 (green) correspond to the
most frequently used sense after the change, and the
others correspond to the most frequently used sense
before the change. Figure shows that the us-
age of senses 1, 2, and 3 gradually increased over
time. As a result, we confirmed that the results dif-
fered significantly, depending on the sense inventory
or the example sentences.

k-means clustering is simple but effective for this
task. We found that the k-means clustering-based
method did not capture the semantic changes when
either of the target senses was rare in the corpus.
However, it captured the semantic changes for most
other words. We adopted the k-means method as the
clustering method in this study; however, it was less
effective when there were significant differences in
the frequency of sentences that included the mean-
ing before or after the change. We suppose that this
is because k-means clustering is not sensitive to the
density of clusters.

To assess the influence of other clustering meth-
ods, we conducted experiments with a density-based
clustering method, DBSCAN (Ester et al., 1996).
We tuned hyperparameters to maximize the silhou-
ette score.

Table Bl summarizes the experimental results for
two methods. DBSCAN was successful for 11
words, whereas the k-means method was success-
ful for 29 words. In many cases, DBSCAN removed
a large amount of data as outliers, which is prob-
lematic for semantic change detection. As a result,
we found that DBSCAN is not suitable for capturing

k-means
Good Bad
A —N— (E)F,
B | B, R, IR,
S| M, S, R,
PIHH, TR, 2
z AN JN Z7Zh0D,
S o7 — A, i, EFN,
2 KA Vb, b, HR, B,
Al g | ®Rav, kb B, B,
@ | ZRER, YR, B, F b, 2,
B, R, B, i, Y,
W, &5 K<, b N, TR,
N PSS

Table 3: Contingency table of the two clustering methods.

.o
.
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Figure 8: Results for 24& and #({% for each period. Blue
symbols correspond to the years 1898—1922, orange sym-
bols correspond to the years 1923—-1947, green symbols
correspond to the years 1948—1972, and red symbols cor-
respond to the years 1973—-1998.

semantic changes, and k-means is simpler and more
effective for the clustering-based method.

We introduce X% as an example. In Figure[7(a)}
the blue data are outliersﬂ, cluster 2 (orange) corre-
sponds to the usage of non-compound nouns, and
cluster 3 (green) corresponds to the usage of com-
pound nouns. Although clusters 2 and 3 consist of
the same syntactic feature, most of the data were as-
signed to special cluster 1 as noise. A large amount
of noise data is problematic when trying to capture
semantic change.

"This is the noise generated by the clustering process of DB-
SCAN. They are the instances that do not form any clusters.



Vectors obtained with BERT. We confirmed that
the clustering-based method forms clusters with
metaphors or compound words, as has been dis-
cussed in a previous study (Giulianelli et al., 2020)),
in Japanese. This may be due to the characteristics
of the vectors obtained with BERT.

For some words, the distributed word represen-
tations obtained with BERT captured the transitions
of the distribution over time. We introduce 2244 and
##% as examples. In Figure[8 the data ranked from
oldest to most recent are in the order of red, yel-
low, green, and blue. The distributions of both words
gradually shifted over time. This shows that BERT
may capture the contexts that change over time.

6 Conclusion

In this study, we compared two BERT-based meth-
ods of capturing semantic changes in Japanese
words. We found that the clustering-based method,
in particular k-means clustering, performed better
than the dictionary-based method. We conducted
experiments with different dictionaries and differ-
ent clustering methods for further analysis. Conse-
quently, we found that the dictionary-based method
was sensitive to the dictionary’s sense inventories
and example sentences, whereas k-means clustering
was more effective than DBSCAN.

We also confirmed that the distributed word rep-
resentations obtained with BERT reflect not only
the semantic features but also the syntactic features.
Furthermore, the distributions of these representa-
tions shift over time. To perform more precise anal-
yses of this time shift, we plan to fine-tune BERT
with the target corpus.

Acknowledgments

The work reported in this article was partly sup-
ported by the NINJAL collaborative research project
‘The Construction of Diachronic Corpora and
New Developments in Research on the History
of Japanese’ and JSPS KAKENHI Grant Number
19H00531.

References

Taichi Aida, Mamoru Komachi, Toshinobu Ogiso, Hiroya
Takamura, and Daichi Mochihashi. 2021. A Compre-
hensive Analysis of PMI-based Models for Measuring

Semantic Differences. In Proceedings of the 35th Pa-
cific Asia Conference on Language, Information and
Computation, Shanghai, China, November. PACLIC
Steering Committee.

Kutuzov Andrey, @vrelid Lilja, Szymanski Terrence, and
Velldal Erik. 2018. Diachronic word embeddings and
semantic shifts: A survey. In Proceedings of the 27th
International Conference on Computational Linguis-
tics, page 1384—-1397, Santa Fe, New Mexico, USA.
International Committee on Computational Linguis-
tics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
Deep Bidirectional Transformers for Language Under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186, Minneapolis, Minnesota, June. Associa-
tion for Computational Linguistics.

M Ester, H P Kriegel, J Sander, and Xu Xiaowei. 1996.
A Density-Based Algorithm for Discovering Clusters
in Large Spatial Databases with Noise. In Proceedings
of the Second International Conference on Knowledge
Discovery and Data Mining, page 226—231, Portland.
AAALI Press.

Mario Giulianelli, Marco Del Tredici, and Raquel
Fernandez.  2020.  Analysing Lexical Semantic
Change with Contextualised Word Representations.
In Proceedings of the 58th Annual Meeting of the As-
sociation for Computational Linguistics, pages 3960—
3973, Online, July. Association for Computational
Linguistics.

William L. Hamilton, Jure Leskovec, and Dan Jurafsky.
2016. Diachronic Word Embeddings Reveal Statisti-
cal Laws of Semantic Change. In Proceedings of the
54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
1489-1501, Berlin, Germany, August. Association for
Computational Linguistics.

Renkui Hou, Chu-Ren Huang, and Kathleen Ahrens.
2020. Language change in Report on the Work of the
Government by Premiers of the People’s Republic of
China. In Proceedings of the 34th Pacific Asia Con-
ference on Language, Information and Computation,
pages 100-106, Hanoi, Vietnam, October. PACLIC
Steering Committee.

Renfen Hu, Shen Li, and Shichen Liang. 2019. Di-
achronic Sense Modeling with Deep Contextualized
Word Embeddings: An Ecological View. In Proceed-
ings of the 57th Annual Meeting of the Association
for Computational Linguistics, pages 3899-3908, Flo-
rence, Italy, July. Association for Computational Lin-
guistics.



Yoon Kim, Yi-I Chiu, Kentaro Hanaki, Darshan Hegde,
and Slav Petrov. 2014. Temporal Analysis of Lan-
guage through Neural Language Models. In Proceed-
ings of the ACL 2014 Workshop on Language Tech-
nologies and Computational Social Science, pages 61—
65, Baltimore, MD, USA, June. Association for Com-
putational Linguistics.

Yoko Mabuchi and Toshinobu Ogiso. 2021. An Attempt
to Construct a Dataset of Words for Semantic Change
Analysis of Modern Japanese. In Proceedings of the
Twenty-seventh Annual Meeting of the Association for
Natural Language Processing, pages 1166-1170, On-
line, March. Association for Natural Language Pro-
cessing.

Rousseeuw Peter. 1987. Silhouettes: A graphical aid to
the interpretation and validation of cluster analysis. In
Journal of Computational and Applied Mathematics,
Volume 20, pages 53-65.

Zijun Yao, Yifan Sun, Weicong Ding, Nikhil Rao, and
Hui Xiong. 2018. Dynamic Word Embeddings
for Evolving Semantic Discovery. In Proceedings of
the Eleventh ACM International Conference on Web
Search and Data Mining, page 673-681, New York,
USA. Association for Computing Machinery.



	Introduction
	Methodology
	Word clustering
	Dictionary-based clustering
	k-means-based clustering

	Semantic change detection

	Experimental settings
	Corpora
	Dictionary
	Target words
	Pre-trained BERT model
	Evaluation

	Experimental results
	Successful cases of the dictionary-based method
	Successful cases of the clustering-based method
	Cases where both methods were successful
	Cases where neither method was successful

	Discussions
	Conclusion

