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Abstract

Lexical semantic change detection identifies
words whose meanings change over time, but it
often cannot explain which senses and seman-
tic properties are responsible for the change.
We propose LSC-Pattern, a framework for in-
terpretable lexical semantic change analysis
that combines dictionary-grounded diachronic
sense distributions with interpretable seman-
tic dimensions. The framework first assigns
each target-word usage to an explicit dictionary
sense and then analyzes the resulting sense dis-
tributions along dimensions such as valence,
semantic scope, and metaphoricity. We instanti-
ate it for Japanese with LLM-based word sense
disambiguation, which reaches 0.815 accuracy
against majority-vote human annotation and out-
performs five baselines; its sense-distribution
change scores correlate with JaSemChange hu-
man judgments (SHC-BCCW]J; Spearman’s p
of 0.821 on seven overlapping entries and 0.580
on all 20). Case studies illustrate how sense
redistribution and operationalized semantic sig-
nals can jointly support the discovery and inter-
pretation of candidate types of change.

1 Introduction

Word meanings change over time. Lexical seman-
tic change (LSC) studies how such changes can
be identified from diachronic corpora, and compu-
tational work has made substantial progress with
diachronic embeddings, contextualized representa-
tions, and clustering-based usage modeling (Hamil-
ton et al., 2016; Kutuzov et al., 2018; Schlechtweg
et al., 2020; Kutuzov et al., 2022). These methods
make it possible to estimate whether a word has
changed, but they often leave the linguistic source
of the change underspecified.

Detecting that a word has changed is not enough
because we also need to explain which sense is
responsible for the observed change. Semantic
change has long been described through typologies
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of the relation between an old and a new mean-
ing and of the cognitive motivations behind the
shift (Blank, 1999; Blank and Koch, 1999; Koch,
2016; Juvonen and Koptjevskaja-Tamm, 2016). A
word may become more negative because a negative
sense becomes more frequent, or it may broaden
because a previously specific sense becomes dom-
inant. Without linking such property changes to
explicit word senses, semantic change analysis re-
mains difficult to inspect and difficult to use as lin-
guistic evidence.

Existing lexical semantic change detection
(LSCD) methods and semantic-dimension ap-
proaches provide useful signals, but they do not
always connect semantic-property changes to con-
crete dictionary senses. Clustering methods based
on contextualized embeddings can compare us-
age distributions across periods, yet the resulting
clusters are latent and may not correspond to lex-
icographic senses (Kutuzov et al., 2022). Recent
dimension-based work analyzes semantic change
along interpretable properties such as sentiment,
intensity, or breadth (Baes et al., 2024). These di-
rections motivate a framework that keeps the in-
terpretability of explicit senses while retaining the
flexibility of dimension-level analysis.

We propose LSC-Pattern, a two-step framework
that connects diachronic sense distributions with
interpretable semantic dimensions. Figure 1 sum-
marizes the framework. Step 1 assigns each target-
word usage to a dictionary sense and aggregates the
assignments into a sense distribution for each time
period. Step 2 analyzes the resulting sense distri-
butions with semantic dimensions selected for the
target type of semantic change. Our central claim
is that diachronic sense distributions provide the
missing link between corpus-level change detection
and linguistically interpretable semantic change pat-
terns. Rather than optimizing for change-detection
alone, the framework focuses on making seman-
tic change evidence inspectable through dictionary
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Figure 1: Overview of LSC-Pattern. The framework first maps diachronic usages to dictionary senses and then
analyzes the resulting sense distributions with semantic dimensions selected for the target semantic change pattern.

senses, semantic dimensions, and attested usages.

In this study, we instantiate the framework with
LLM-based dictionary-grounded WSD and three
semantic dimensions corresponding to common se-
mantic change patterns (de Sa et al., 2026). Va-
lence corresponds to amelioration and pejoration,
semantic scope corresponds to generalization and
specialization, and metaphoricity corresponds to
metaphorization. The framework itself is not tied
to a particular WSD model or a fixed set of dimen-
sions.

We evaluate the framework on Japanese lexical
semantic change using three diachronic and con-
temporary corpora spanning the 1870s to the 2010s.
We ask two research questions:

* RQ1: Can LLM-induced dictionary sense dis-
tributions capture lexical semantic change in
Japanese?

* RQ2: How can semantic change patterns be
interpreted by combining sense distributions
with semantic dimensions?

This paper makes three contributions:

1. We propose LSC-Pattern, an interpretable
framework that connects explicit dictionary
senses with semantic-dimension analysis.

2. We show that dictionary-grounded WSD can
construct interpretable diachronic sense distri-
butions for Japanese over roughly 150 years.

3. We show how sense distributions combined
with semantic dimensions can be used to ana-
lyze classical semantic change patterns such as

amelioration, pejoration, generalization, spe-
cialization, and metaphorization.

The code and annotation labels are available on
GitHub!.

2 Related Work

2.1 Lexical Semantic Change Detection and
Interpretation

LSCD has been studied with both type-level di-
achronic embeddings and usage-level contextual-
ized representations. Early approaches compare
word embeddings trained for different time periods
(Hamilton et al., 2016). More recent approaches
represent individual usages with contextualized
models and compare usage distributions across time
(Kutuzov et al., 2022; Tang et al., 2023). Evaluation
resources such as DURel and SemEval-2020 Task 1
have further standardized graded semantic change
evaluation through usage relatedness and human
change judgments (Schlechtweg et al., 2020, 2024).

Recent work improves interpretability either
by comparing sense distributions or by analyz-
ing semantic change along interpretable dimen-
sions. Sense-based approaches compare how usage
clusters or induced senses are distributed across
periods (Lau et al., 2014; Schlechtweg et al.,
2021). Dimension-based approaches instead de-
scribe change through properties such as sentiment,
breadth, intensity, or taxonomic relations (Baes
et al., 2024). These two directions motivate the
present paper: sense distributions identify which

"https://github.com/Lexuss-D/LSC-Pattern
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meaning is changing, while dimensions describe
what kind of semantic property is changing. Recent
work has also moved beyond fixed sense inventories
and aggregate change magnitude in complementary
directions. Fedorova et al. (2024) induce usage-
specific senses via generated contextual definitions,
while Cassotti et al. (2024) classify change types
from WordNet relations, with SenseRel (Cassotti
et al., 2026) further annotating denotational and
connotational relations between senses.

LSC-Pattern connects dictionary-grounded sense
distributions with semantic-dimension analysis to
interpret dimension-level changes in valence, se-
mantic scope, and metaphoricity through explicit
sense-level mechanisms.

2.2 Dictionary-Grounded WSD with LLLMs

Dictionary-grounded WSD links a usage to an ex-
plicit sense definition, which makes it useful for
interpretable semantic change analysis. WSD iden-
tifies the intended sense of a word in context (Ra-
ganato et al., 2017). Recent neural methods often
formulate WSD as context—gloss matching, where
the model selects the dictionary definition that
best matches the target usage (Huang et al., 2019;
Blevins and Zettlemoyer, 2020). This setting is
useful for our framework because it directly links
corpus usages to dictionary senses.

LLM:s provide a practical way to perform WSD
by selecting a sense from candidate dictionary def-
initions. Recent studies show that LL.Ms can per-
form dictionary-grounded WSD effectively with
glosses and contextual information (Sumanathilaka
et al., 2024, 2025; Meconi et al., 2025).

Gloss-based WSD has also been used in LSC-
related tasks. Rachinskiy and Arefyev (2022) use a
gloss-based WSD model to obtain sense-informed
contextualized representations for zero-shot cross-
lingual LSCD, while Kokosinskii et al. (2024) com-
bine gloss-based WSD with WSI and novel-sense
detection to assign diachronic usages to existing or
newly induced senses.

Our goal is not to propose a new WSD model.
We use LLM-based WSD as a practical module
for building diachronic sense distributions, while
the main contribution lies in the semantic change
framework and analysis.

2.3 Japanese Lexical Semantic Change

Compared with LSCD research on English and Eu-
ropean languages, Japanese lexical semantic change
remains relatively underexplored. Recent resources

such as CHJ, SHC, BCCW]J, and JaSemChange
provide a basis for diachronic corpus analysis and
evaluation in Japanese (Ling et al., 2023).

Our work uses these resources to analyze
Japanese lexical semantic change through explicit
sense-level evidence identified from dictionary
senses and semantic dimensions.

3 The LSC-Pattern Framework

LSC-Pattern is a two-step framework that first
builds diachronic sense distributions and then ana-
lyzes them with interpretable semantic dimensions.
The two steps are modular and can be instantiated
with different WSD systems, sense inventories, and
semantic dimensions.

3.1 Dictionary-Grounded Diachronic Sense
Distributions

The input of Step 1 is a target entry, its usages
in each time period, and its dictionary sense in-
ventory. Let w be a target entry. Let &, =
{s1,82,...,8s,|} be the set of dictionary senses
of w, augmented with a fallback label sg for usages
that no listed sense fits. Let{/; ,, be the set of usages
of w in time period ¢. Each usage u € U ,, contains
the target word and its surrounding context:

u={(...,c_9,c_1,Ww,C1,Ca,...).

Each usage is mapped to one dictionary sense
by a dictionary-grounded WSD function. We write
this mapping as:

5(u) = fwsp(u, Sw),

The assigned usages are aggregated by period to
obtain a diachronic sense distribution. The usages
assigned to sense s; in period ¢ are:

5(u) € Sy.

ut,si - {U S Z/{tﬂu ’ §(u) = Si}'

We then compute the sense distribution of w in
period ¢:
_ |ut75i|

‘Mt,w| '

The output of Step 1 is p;(s; | w), which shows how
the relative frequency of dictionary senses changes
over time. Because the sense inventory is fixed
across periods, changes in p;(s; | w) can be in-
terpreted as changes in the relative prominence of
dictionary senses rather than changes in latent clus-
ters. When we need a scalar change score between
two periods ¢ and ¢’, we use Jensen—Shannon diver-
gence between their sense distributions.

pi(si | w)
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3.2 Semantic-Dimension Trajectories

Step 2 analyzes the sense distributions from Step 1
with semantic dimensions to produce interpretable
semantic change trajectories. The researcher first
chooses one or more semantic dimensions that
match specific properties of word meaning, such
as valence for positive or negative meaning. These
dimensions are not fixed requirements of the frame-
work; they can be replaced or extended when the
analysis targets other types of semantic change.

For usage-level dimensions, such as valence and
metaphoricity, the word-level trajectory can be com-
puted directly as the average score of all usages in
a period. In these cases, WSD is not required to
create the scalar trajectory itself; its key role is to
decompose that trajectory by dictionary sense. The
decomposition shows which senses are frequent in
each period and what dimension scores their usages
receive.

For sense-level dimensions, such as semantic
scope, the dimension score is attached to dictionary
senses, and the period-specific sense distribution
determines the word-level trajectory.

The output of Step 2 is a diachronic trajectory
for each target word and each selected semantic
dimension. This trajectory gives a compact view
of how a property of meaning changes over time.
The trajectory is interpreted together with the sense
distribution.

For each target word, the framework supports
the interpretation of observed semantic change pat-
terns by jointly inspecting the sense distribution and
the dimension trajectory. The dimension trajectory
identifies the direction of change, while the sense
distribution shows which senses become more or
less frequent. This combination allows the analysis
to move from a scalar change score to an expla-
nation grounded in dictionary senses and corpus
examples.

4 Japanese Case Study

4.1 Data and Sense Distribution Construction

Target Entries. The main analysis uses 150 target
entries processed with the same WSD and semantic-
dimension pipeline. We use the term target entry
to refer to a lemma-reading pair in the dictionary
inventory. We first filter the Iwanami Japanese Dic-
tionary for polysemous entries. To ensure overlap
with JaSemChange, we include polysemous entries
from the benchmark and randomly sample addi-
tional entries from the remaining candidates until

Statistic WSD eval set  Main analysis set
Target entries 50 150
Usages 976 213,650
Dictionary senses 162 501

Table 1: Statistics of the WSD evaluation set and the
main analysis set. The WSD evaluation subset contains
976 manually annotated usages sampled from 50 entries.

Corpus  Period Decades  Words
CHJ 1870s-1920s 6 12.3M
SHC 1930s-2010s 9 31.1M
BCCWIJ  2000s 1 4.3M
Total 1870s-2010s 15 47M

Table 2: Statistics of the three corpora used in diachronic
analysis. The 2000s decade is covered by both SHC and
BCCW], so the Total row counts it once.

obtaining 150 target entries in total.

Diachronic Corpora. We apply LSC-Pattern to
Japanese lexical semantic change from the 1870s to
the 2010s. We use three Japanese corpora: the Cor-
pus of Historical Japanese (CHJ) (National Institute
for Japanese Language and Linguistics, 2026), the
Showa-Heisei Corpus (SHC) (Ogiso et al., 2024),
and the Balanced Corpus of Contemporary Written
Japanese (BCCWJ) (Maekawa et al., 2014)%. All
usages are grouped by decade>.

Table 2 shows the statistics of three corpora. We
restrict the analysis to the magazine register to re-
duce genre variation across corpora and periods.

Dictionary-Grounded WSD. For each usage, the
WSD model receives the target entry, usage con-
text, and candidate dictionary senses, and outputs
one sense index. Table 1 shows statistics of target
entries. For each target entry, candidate senses are
taken from the Corpus of Iwanami Japanese Dictio-
nary Fifth Edition*. Each candidate sense includes
a sense index, a dictionary definition, and exam-
ple expressions when available. The target occur-
rence is marked in the usage context, and candidate
senses are presented with their fixed Iwanami sense
indices. Tables 8 and 9 show prompt templates.
The model outputs the most suitable sense index
and a short explanation. Only the predicted sense

>We use Long Unit Word segmentation to avoid extracting
long phrases that merely contain the target entry. https://
clrd.ninjal.ac.jp/bccwj/en/morphology.html

Due to corpus license restrictions, we cannot redistribute
the original usages, although they are obtainable from the
original corpus providers.

*https://www.gsk.or.jp/en/catalog/gsk2021-d
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index is used for quantitative analysis. The explana-
tion is used only for inspection and error analysis.
Appendix A.2 gives the exact prompt template and
output parsing policy.

We implement the WSD module with QWEN3-
8B in thinking mode (Qwen Team, 2025). Detailed
inference parameters are reported in Appendix Ta-
ble 7. All usages are processed independently with
the same prompt format and decoding setting. The
WSD outputs are then aggregated by entry, decade,
and sense to obtain diachronic sense distributions.

Handling of Sense 0. Neither the model nor the
annotators are forced to choose a listed sense. Both
the WSD prompt and the annotation guideline pro-
vide an explicit fallback, Sense 0, for usages where
none of the listed senses is suitable, where the con-
text is insufficient, or where the usage is ambigu-
ous. Sense O therefore mixes genuine gaps in the
dictionary inventory with ordinary disambiguation
failures, and we do not read it as a novel-sense label.
Its downstream treatment depends on the dimen-
sion: valence and metaphoricity are computed from
the usage itself and retain Sense-0 usages, whereas
semantic scope requires an Iwanami-to-WordNet
alignment and therefore excludes them. Section 5.1
reports how often Sense 0 occurs and what it is
caused by.

Intrinsic and Extrinsic Evaluation. We first
evaluate whether the model assigns correct dictio-
nary senses to individual usages.

For this intrinsic evaluation, we use 50 target
entries that are randomly sampled from the 150
target entries. For each target entry, we sampled
at least one usage from each valid decade and up
to 20 usages for annotation. Three annotators in-
dependently assign Iwanami dictionary senses to
the candidate usages. The annotation guideline is
shown in Appendix Table 10. All annotators are na-
tive speakers of Japanese with expertise in Japanese
linguistics®. We report model accuracy against each
annotator and against majority vote when at least
two annotators agree.

We then evaluate whether the induced sense dis-
tributions align with human judgments in JaSem-
Change, a Japanese LSCD dataset based on di-
achronic usage-pair similarity judgments (Ling
et al., 2023). In addition to the polysemous JaSem-
Change entries included in our 150-entry analysis
set, we apply the same WSD and sense-distribution

Details of annotation cost are in Appendix A.6.

pipeline to all 20 JaSemChange target words, includ-
ing entries that Iwanami treats as monosemous. For
each evaluation set, we compare sense distributions
across corpus pairs and compute Spearman’s rank
correlation with human change scores. We report
results for the CHJ-BCCW]J and SHC-BCCW] set-
tings.

4.2 Semantic-Dimension Instantiation

We instantiate Step 2 with three semantic dimen-
sions selected from common patterns in semantic
change studies. Valence corresponds to ameliora-
tion and pejoration, semantic scope corresponds to
generalization and specialization, and metaphoric-
ity corresponds to metaphorization. Other dimen-
sions, such as intensity, concreteness, register, or
social meaning, can be added when the target anal-
ysis concerns other types of semantic change. All
three dimensions are resource-based operational-
izations, and we state up front what each one ac-
tually measures. Valence is computed from the
words surrounding the target and therefore mea-
sures the evaluative environment in which the entry
occurs, not the affective content of the entry itself.
Metaphoricity is the output of a detector trained
on contemporary Japanese and therefore measures
what a present-day model recognizes as metaphori-
cal, which systematically undercounts metaphors
that have since been conventionalized. Semantic
scope inherits whatever specificity the Japanese
WordNet hierarchy encodes for the aligned synset.
We consequently use the three trajectories as dis-
covery signals: a trajectory identifies a candidate
word and a candidate direction, and the candidate
is accepted, qualified, or rejected only after inspect-
ing the sense distribution and the attested usages
behind it. None of the reported patterns rests on a
dimension score alone.

Valence. Valence measures whether a target word
is used in more positive or negative contexts. We
compute this dimension with a Japanese sentiment
polarity dictionary (Kobayashi et al., 2005), exclud-
ing the target word itself from the context. This
score is therefore interpreted as the evaluative en-
vironment of the target usage, not as a direct an-
notation of the inherent polarity of the entry. Let
val(z) be the sentiment polarity score of a context
word z. For each usage u, let C'(u) be the set of
context words excluding the target word. Context
words without a valid polarity score will not be
included in later computations. The usage-level
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valence score is:

val(u) = \C(lu)| Z val(z).

The word-level valence score is computed directly
by averaging the usage-level valence scores of all
usages of w in period t:

Val, (w) = le S val(u).

Ueut,w

An increase in Val;(w) marks an amelioration can-
didate and a decrease marks a pejoration candidate.

Semantic Scope. Semantic scope measures
whether a target word is used in more general or
more specific senses. We use the term semantic
scope to refer to relative semantic specificity/gen-
erality operationalized through WordNet depth.
We compute this dimension with Japanese Word-
Net (Bond et al., 2009). Because our sense inven-
tory is based on the Iwanami Japanese Dictionary,
we first align Iwanami senses to Japanese WordNet
synsets. We use SARASHINA-EMBEDDING-v2-1B®
to encode dictionary definitions and examples for
this alignment. The semantic scope analysis is re-
stricted to the 454 dictionary senses that can be
aligned to Japanese WordNet. If none of a word’s
senses can be aligned, it is assigned a score of 0. We
calculate the specificity of a sense by the depth of its
aligned Japanese WordNet synset, namely the dis-
tance from the synset to the WordNet root. A larger
depth indicates that the sense is located deeper in
the hierarchy and is therefore more specific, while a
smaller depth indicates a more general sense. This
operationalization is approximate because WordNet
depth is a taxonomic proxy rather than a manually
validated semantic scope annotation. For each dic-
tionary sense s;, we define scope(s;) as its depth
in this lexical semantic hierarchy. The word-level
semantic scope score is:

Scope, (w) = Zpt(si | w) - scope(s;).

2

An increase in Scope, (w) suggests specialization,
while a decrease suggests generalization.

Metaphoricity. Metaphoricity measures whether
a target word is used metaphorically. We compute
this dimension with a Japanese metaphor detection

*https://huggingface.co/sbintuitions/
sarashina-embedding-v2-1b

model (Zhu et al., 2025). The model takes a usage
context with the target word marked and outputs a
binary metaphor label for the target usage:

() 1, if w is metaphorical,
m\u) =
0, otherwise.

The word-level metaphoricity score is computed
directly as the proportion of metaphorical usages
of w in period ¢:

Meta, (w)

1

ueut,w

An increase in Meta;(w) marks a metaphoriza-
tion candidate. Because the detector is trained
on contemporary Japanese, we describe Meta, (w)
as model-detected metaphoricity rather than as
metaphoricity in the linguistic sense: a meaning
that arose metaphorically but has become fully con-
ventionalized is likely to be labeled literal, so the
measure may underestimate historical metaphorical
usage and lexicalized extensions. A flat or falling
trajectory is accordingly weak evidence against
metaphorization, while a rising trajectory that co-
incides with a shift toward an abstract dictionary
sense is the configuration we treat as informative.

5 Results and Discussion

5.1 Reliability of Dictionary-Grounded Sense
Distributions

Intrinsic Evaluation. The LLM-based WSD pro-
duces reliable dictionary-grounded sense labels for
aggregate diachronic analysis. In Appendix Ta-
ble 11, human annotations show high agreement,
with mean pairwise Cohen’s x = 0.798 and mean
word-level Krippendorft’s a = 0.689. As shown in
Table 3, the model reaches 0.793 accuracy against
individual annotators and 0.815 against majority
vote, outperforming the two trivial baselines and
the three retrieval baselines by a clear margin. The
weakest retrieval baseline is the one that predicts
a Japanese WordNet synset and then maps it into
the Iwanami inventory. Its low accuracy is consis-
tent with the coverage and granularity mismatch
between the two inventories that also limits our se-
mantic scope dimension.

Corpus-wise majority-vote accuracy is also sta-
ble: 0.803 on CHIJ, 0.813 on SHC, and 0.844 on
BCCW]J. The lack of a strong accuracy drop on
CHJ suggests that the WSD module is usable for
constructing aggregate sense distributions over his-
torical as well as contemporary usages.
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Method Mean annot. Majority vote
Random 0.281 0.282
MFS 0.695 0.699
WordNet BERT — Iwanami 0.476 0.435
Target token—gloss BERT 0.577 0.591
Usage—gloss embedding 0.663 0.681
Qwen3-8B (ours) 0.793 0.815

Table 3: Intrinsic evaluation of dictionary-grounded
WSD against human annotations. Mean annot. is the
macro average over the three individual annotators; ma-
jority vote accuracy is computed only for the 961 usages
on which at least two annotators agree. Random is the
expected accuracy of sampling uniformly from the can-
didate senses of each entry, and MFS predicts the most
frequent human-labeled sense of each entry. The three
retrieval baselines are described in Appendix A.3.

Coverage of the Sense Inventory. Sense 0 is rare
overall but concentrated in a few entries. The model
assigns Sense 0 to 3,037 of 213,650 usages (1.42%),
and the three annotators use it for 3.18%, 4.82%,
and 6.66% of the 976 annotated usages. Two entries
account for 1,196 of the 3,037 model predictions
and illustrate the two underlying causes. For A

Y in, 232 of 249 usages receive Sense 0: the cor-
pus usages mostly refer to inner clothing or to the
borrowed English preposition, while the Iwanami
entry lists only sports-related senses, so this is a
genuine coverage gap. For Jt kita, 964 of 1,409
usages receive Sense 0 even though the ordinary
‘north’ sense is listed; the model repeatedly mis-
reads a parenthetical gloss that names the opposite
direction and rejects the correct sense, so this is a
disambiguation error rather than a missing sense.
No remaining entry exceeds 11%, and the pooled
rate over the other 148 entries is 0.87%. A full
breakdown is provided in Appendix A.7.

Extrinsic Evaluation with JaSemChange. We
use JaSemChange as an external LSCD benchmark.
For each target entry, we compute the Jensen—
Shannon divergence (JSD) between its period-
specific sense distributions and correlate the result-
ing change scores with the human semantic change
scores using Spearman’s rank correlation.

As shown in Table 4, correlations are stronger on
the seven-entry polysemous subset than on the full
benchmark. The lower full-set correlations high-
light a limitation of fixed sense inventories: when
the dictionary provides insufficient sense distinc-
tions, sense-distribution divergence has limited abil-
ity to represent graded semantic change. Further

Setting Corpus pair Spearman’s p P
Overlap (7 SHC-BCCWI 0.821 0.023
P CHJ-BCCWJ 0.750 0.052
SHC-BCCW]J 0.580 0.007

Full20)  cpy_goews 0367 0.112

Table 4: Correlation between sense-distribution change
scores and JaSemChange human judgments. Overlap
covers the seven JaSemChange entries that are also
among our 150 target entries and that Iwanami treats
as polysemous; Full covers all 20 JaSemChange target
words, including those Iwanami treats as monosemous.

analysis is provided in Appendix A.8.

5.2 Exploratory Trend Discovery

To reduce instability caused by sparse temporal cov-
erage, we restrict the trend analysis to words with
usages observed in at least ten decades. Among
the 150 processed target entries, 130 have usages
in at least ten decades and are used for slope-based
trend discovery. For each word w, dimension d,
and decade t, we fit a simple linear regression
Yw,dt = ﬁO,w,d + Bl,w,dt + €. The slope Bl,w,d
is used as an interpretable trend statistic. A positive
valence slope suggests an amelioration candidate,
while a negative valence slope suggests a pejoration
candidate. For semantic scope, a positive WordNet-
depth slope suggests specialization and a negative
slope suggests generalization. For metaphoricity,
a positive slope suggests metaphorization, while a
negative slope suggests decreasing metaphorical us-
age. The slope ranking is used for candidate discov-
ery, not as final proof of semantic change; final inter-
pretation still requires sense-distribution inspection
and representative corpus usages. Appendix A.9
reports robustness checks using Theil-Sen slopes
and Mann—Kendall tests.

Overall Trend Analysis. Table 5 lists the
strongest positive and negative candidates for each
dimension. Appendix A.9 provides the correspond-
ing slope and R? values. Across the 130 words
with sufficient temporal coverage, the three seman-
tic dimensions reveal complementary types of di-
achronic change. Valence slopes capture changes
in evaluative environments, semantic scope slopes
capture movement toward more general or more
specific WordNet-aligned senses, and metaphoric-
ity slopes capture abstract extensions that may not
change hierarchical depth. These rankings are used
as a discovery mechanism: they identify candidate
words and candidate directions, while sense dis-
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Dimension Pattern candidate ~ Top 3 entries

Valence (+) Amelioration genchi (site/local place; current location); youki (cheerful disposition;
weather); zen’ei (avant-garde pioneers; vanguard/front guard)

Valence (—) Pejoration keesu (case/instance; box/container); karyuu (downstream/lower river; lower
class); kaado (card; credit/cash card)

Semantic scope (+)  Specialization men (aspect/side; face); rokui (skilled at; proud/confident); ashimoto
(immediate surroundings; local situation)

Semantic scope (—)  Generalization purasu (addition/plus sign; advantage/profit); hinshu (variety/breed; item
type); en (relationship/tie; edge/border)

Metaphoricity (+) Metaphorization kaiten (rotation; figurative turnover); purasu (addition/plus sign;

advantage/profit); dohyou (sumo ring; arena for debate)

Metaphoricity (—) Less metaphorical

youki (cheerful disposition; weather); rengoku (paradise; heaven); tema

(effort/time; labor fee)

Table 5: Top slope-ranked semantic change candidates among the 130 target entries with at least ten observed
decades. + and — mean the direction on the dimension. Detailed slope and R? values are reported in Appendix A.9.

- sense 0 None of the above not appllcable cannot demde
m sense 1: Treat with distinction. Separate yourself.
W sense 2: To differentiate. Kejime. Also called " “shabetsu."

(a) sabetsu: sense distribution

- sense 0 None of the above not appllcable cannot declde
mm sense 1: Food made from rice. Meal.
B sense 2: meal. Meal. A word derived from "to call.”

(b) meshi: sense distribution

||I||III|III||| sense o N""e°”"93"°"e ”0‘ 59”593 Thebas's

= applicable; cannot decide. of things.
W sense 1: Motoi. sense 4: From the

sense 2: The foundation for building W= root. O‘f‘lg\na”y-
m DUIIdings. Especially the rungs at originally.

the bottom of wooden buildings. Lay

it on top of the

(c) dodai: sense distribution

.
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(d) sabetsu: valence

&S

(e) meshi: semantic scope

R e R

(f) dodai: metaphoricity

Figure 2: Case-study plots for three representative target words. The first row shows sense distributions, and the
second row shows the corresponding semantic-dimension trajectories: valence for sabetsu, WordNet-depth semantic

scope for meshi, and metaphoricity for dodai.

tributions and representative usages are needed to
assess whether the statistical trend corresponds to
an interpretable semantic shift.

5.3 Interpretable Semantic Change Analyses

We examine three representative lexical items by
directly comparing their decade-level sense distribu-
tions with the corresponding semantic-dimension
trajectories. These analyses illustrate how the same
sense-distribution representation supports different
semantic change interpretations depending on the
selected dimension. Table 16 in Appendix A.10
reports all three dimensions for these three entries;
each analysis below foregrounds the one most di-
rectly related to the illustrated pattern.

Pejoration in sabetsu ‘distinction/discrimina-
tion’. Sabetsu illustrates pejoration. Figure 2a

shows a shift from the relatively neutral sense 2,
‘distinction’, toward sense 1, ‘discriminatory treat-
ment’. In the 1880s and 1890s, sense 2 accounts
for most usages, reaching 84.0% and 69.4%, re-
spectively. The distribution begins to change in the
1920s, when sense 1 becomes dominant at 64.2%;
after the 1950s, sense 1 generally remains above
80%, reaching 100% in the 1990s and 98.0% in
the 2000s. The valence trajectory supports this in-
terpretation: the slope is negative (—0.0124 per
decade), and Figure 2d shows that values after the
1950s are mostly substantially more negative than
those in the nineteenth-century decades. The rep-
resentative usages in Table 6 clarify the contrast.
The 1957 example uses sabetsu in the sense of a
neutral distinction between types of attack, whereas
the 2001 example places the word in a context of
prejudice and freedom, where it denotes social dis-
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Target Time Sense Depth Usage and translation
sabetsu 1957  sense 2: distinction 7 JA: IEW - FHEORXAI <. F /- © ST o [[200]] 72 <,
EN: “With no [[distinction]] between frontal and surprise attacks, nor between
strategic and tactical attacks.”
sabetsu 2001  sense 1: 6 JA: 7 XV ARZBIARAEE [ZAN] 5,5 TEH] ZBHE3 72008\,
discriminatory EN: “A struggle to win freedom from prejudice and [[discrimination]] in
treatment America.”
meshi 1973  sense 1: cooked 7 JA: K HIER L L ICEET [[fR]] 2B U =%,
rice EN: “Rice cooked with equal parts [[rice]] and pressed barley, and scraps of
potatoes.”
meshi 2001  sense 2: meal 6 JA: U D o T[[X Y]] BRZ L, ToZTFTHUWTHL I,
EN: “After watching the movie, when we ate a [[meal]], even though he had just
been crying.”
dodai 1925  sense 2: concrete 8 JA: RKiEDOFREIFH [[£]] THD-HM ZHLD X7z 5 ¥,
foundation EN: “For a wooden house, the timber used in its [[foundation]] must be
replaced.”
dodai 2002  sense 3: abstract 8 JA: RFu=> 2 LTO [[1E]] 2R L RHE - 72,

basis

EN: “It was a period for building his [[foundation]] as a hotel worker.”

Table 6: Representative usages of the main changing senses for each target word in case studies.

crimination. Thus, the negative valence trend is
consistent with the increasing dominance of the
discriminatory-treatment sense.

Generalization in meshi ‘rice/meal’. Meshi il-
lustrates generalization, but its trajectory is not
monotonic. The sense-distribution in Figure 2b
shows a long-term competition between sense 1,
‘cooked rice’, and sense 2, ‘meal’. Sense 2 becomes
dominant in many later decades, although the tra-
jectory is not monotonic. Since sense 1 has depth
7 and sense 2 has depth 6, the increasing promi-
nence of the meal sense corresponds to a decrease
in semantic depth. Figure 2e shows the semantic
scope slope is negative (—0.0193). This case should
therefore be described as a distribution-supported
broadening rather than a smooth linear drift. The
representative usages show the semantic contrast:
the 1973 example refers to cooked rice mixed with
barley, while the 2001 example refers to eating a
meal after watching a movie. The latter usage is
broader because it refers to a meal generally rather
than specifically to cooked rice.

Metaphorization in dodai ‘foundation/basis’.
Dodai illustrates metaphorization. Figure 2¢ shows
a clear transition from sense 2, the concrete founda-
tion of a building, to sense 3, the abstract basis of
a thing or activity. Sense 2 dominates the earliest
observed decades, accounting for all observed us-
ages in the 1870s, 75.0% in the 1880s, and 57.1%
in the 1890s. From the 1900s onward, however,
sense 3 becomes the main sense: it accounts for
86.7% in the 1900s, 90.9% in the 1920s, 97.4% in

the 1940s, and 94.7% in the 2010s. In Figure 2f, the
metaphoricity trajectory rises from near zero in the
earliest decades and has a positive slope of 0.0404.
This change is not captured by semantic depth, be-
cause both senses have depth 8. The later abstract-
basis usage retains the source-domain schema of
support and construction but maps it onto an ab-
stract target domain.

6 Conclusion

We introduced LSC-Pattern, a framework for mak-
ing lexical semantic change analysis more in-
spectable by combining dictionary-grounded sense
distributions with semantic dimensions. It maps di-
achronic usages to explicit dictionary senses and an-
alyzes their distributions with dimensions selected
for the target change pattern.

Applied to Japanese diachronic corpora, LSC-
Pattern shows that LLM-induced sense distributions
can align with human judgments and support in-
terpretable analysis of multiple semantic change
patterns. Case studies further show how diachronic
sense redistribution, semantic-dimension trajecto-
ries, and representative usages can be combined to
interpret candidate semantic changes over roughly
150 years of Japanese data.

These results suggest that linking semantic tra-
jectories to explicit dictionary senses can make di-
achronic semantic change analysis more inspectable
and explanatory. The framework is extensible to
other languages and analysis settings.
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Limitations

The framework depends on the coverage and gran-
ularity of the dictionary sense inventory. The
Iwanami Japanese Dictionary is a general-purpose
dictionary, not an exhaustive historical inventory,
so it may omit historical, obsolete, or emerging
senses, and its sense boundaries need not match
corpus usage. This limitation is especially impor-
tant for diachronic analysis because older texts may
contain senses, spellings, or constructions that are
not fully represented in a contemporary dictionary
inventory.

Errors in LLM-based WSD can affect the result-
ing sense distributions and dimension trajectories.
Historical Japanese poses additional challenges be-
cause orthography, genre, and context length differ
across periods. The intrinsic evaluation shows sub-
stantial agreement with human annotations, but low-
agreement words show that dictionary-grounded
WSD remains sensitive to sense granularity.

The evaluation remains limited in scale and in
comparison coverage. We compare the disam-
biguation module against five baselines, but we
do not compare LSC-Pattern as a whole against
embedding-based or clustering-based change-
detection systems, and the external benchmark is
a single 20-word Japanese dataset. The results
should therefore be read as evidence that a sense-
grounded interpretability framework is workable
for Japanese, not as evidence that it outperforms ex-
isting LSCD systems. Future work should compare
against embedding-based, clustering-based and di-
rect usage-level dimension baselines.

The semantic dimensions are resource-based op-
erationalizations and should not be read as gold
annotations of semantic properties. The valence
score measures the sentiment polarity of the tar-
get’s surrounding context after excluding the tar-
get word; this can reflect discourse topic or social
context rather than the lemma’s inherent evalua-
tive meaning. The metaphor model produces a
binary usage-level label and may generalize im-
perfectly to historical genres and orthographic vari-
ants; moreover, conventionalized metaphorical ex-
tensions may be labeled literal by a contemporary
detector. These limitations affect the interpretation
of dimension trajectories, so we use sense distribu-
tions and representative usages to support, qualify,
or reject dimension-based candidates.

The semantic scope dimension depends on the
quality of alignment between Iwanami senses and

Japanese WordNet. Only a subset of the dictionary
senses can be aligned to WordNet, and WordNet
depth may not always reflect semantic specificity
perfectly. Consequently, semantic scope results
should be interpreted as a useful but approximate
operationalization of generalization and specializa-
tion.

Diachronic trends may be affected by differences
among CHJ, SHC, and BCCW]. The corpora differ
in period coverage, genre composition, annotation
pipeline, and orthographic conventions. The 2000s
also contain usages from both SHC and BCCW/J,
which improves coverage but introduces corpus
overlap that should be handled carefully in future
controlled comparisons.

This study uses three dimensions, but other se-
mantic change patterns may require other dimen-
sions. The framework is designed to be flexible, and
future work can add dimensions such as intensity,
concreteness, register, social meaning, or agency.
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A Additional Experimental Details

A.1 Inference Parameters

Table 7 lists the decoding and hardware settings
used for all WSD inference. Every usage was pro-
cessed independently under the identical prompt
and decoding configuration, in a single run.

Parameter Value

Model Qwen3-8B

Batch size 64

Maximum tokens 16384

Temperature 0.0

Thinking mode Enabled

GPU memory utilization 0.92

GPU number 4

GPU NVIDIA RTX PRO 6000
Blackwell Max-Q Worksta-
tion Edition

VRAM per GPU 96GB

Inference time 10h 22m 65

Table 7: Inference parameters used for dictionary-
grounded WSD generation.

A.2  'WSD Prompt and Output Parsing

The WSD prompt asks the model to place the se-
lected Iwanami sense index in square brackets at the
beginning of the answer and then provide a short ex-
planation. For quantitative analysis, we use only the
parsed sense index stored in the prediction record.
The explanation text is ignored when computing
WSD accuracy, sense distributions, JaSemChange
correlations, semantic-dimension scores, and slope
rankings; it is used only for manual inspection and
qualitative error analysis. Sense index 0 is reserved
for cases where none of the listed dictionary senses
is suitable, the context is insufficient, or the usage
is ambiguous.

After inference, the generated response is
first stripped of leading and trailing whites-
pace. If the response begins with a complete
<think>...</think> block, this reasoning block
is removed before parsing. The system then
searches the remaining text for the first integer en-
closed in square brackets, such as [1] or [2]. This
integer is interpreted as the predicted sense index.

The predicted index is matched against the
sense_index values in the Iwanami dictionary
senses for the target word. When a matching can-
didate is found, its WordNet synset identifier is
recorded as the predicted synset. If the response
does not contain a valid bracketed integer, the pre-
diction is marked as unresolved. For each usage

instance, the system stores the predicted sense in-
dex, the corresponding synset identifier, and the raw
model response for subsequent analysis and error
inspection.

A.3 WSD Baselines

All baselines are evaluated against the same human
annotations, including the individual annotator la-
bels and majority-vote labels. The usage—gloss
embedding baseline encodes each usage and each
Iwanami definition together with its examples using
Sarashina-Embedding-v2 and selects the candi-
date with the highest cosine similarity. The target-
token—gloss baseline uses tohoku-nlp/bert-
base-japanese-v3 and compares the contextu-
alized representation of the target token with the
mean token representation of each gloss. The
WordNet BERT baseline predicts a Japanese Word-
Net synset with a fine-tuned tohoku-nlp/bert-
base-japanese-v3 and maps the prediction into
the Iwanami inventory using the alignment de-
scribed in Section 4.2; its low accuracy reflects the
coverage and granularity mismatch between the two
inventories. MFS predicts, for each entry, the sense
most frequently assigned by the human annotators,
which makes it an optimistic baseline because it
uses the evaluation labels themselves. Random is
the expected accuracy of sampling uniformly from
the candidate senses of each entry.

A.4 Annotation Guideline

Table 10 shows the guideline given to the three
annotators, in the original Japanese and in English
translation.

A.5 Inter-Annotator Agreement of the WSD
Evaluation Dataset

The inter-annotator agreement statistics are com-
puted from the 976 manually annotated WSD us-
ages used in the intrinsic evaluation. Each usage has
three independent human labels, each correspond-
ing to an Iwanami dictionary sense index for the
target word. Because sense inventories are entry-
specific, we compute Krippendorff’s o separately
for each target entry and report the mean across the
50 entries. Pairwise Cohen’s « is computed for each
annotator pair using entry-sense pairs as nominal
labels over the full set of 976 usages, and we report
the mean across the three annotator pairs.
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Table 8: WSD Prompt Template in Japanese

A.6 Annotation Cost

Annotators were paid 4,000 JPY per hour. The
reported working times were 8.5, 10, and 9 hours,
respectively. The total annotation cost was 110,000
JPY, approximately 690.8 USD at the exchange rate
on May 25, 2026.

A.7 Sense 0 Statistics

Table 12 breaks down the Sense-0 predictions sum-
marized in Section 5.1 across the full set of 213,650
usages.

A.8 Additional JaSemChange Analysis

Effect of Sense-Inventory Granularity. We re-
port two JaSemChange evaluation settings in the
main text. The first contains the seven JaSem-

Change entries that are also included in our 150-
entry analysis set and that Iwanami represents as
polysemous. The second contains all 20 JaSem-
Change target words, to which we apply the same
dictionary-grounded WSD and sense-distribution
pipeline.

The full-set correlations are lower than those of
the seven-entry subset. This difference highlights a
structural limitation of dictionary-grounded change
detection. Several JaSemChange targets are rep-
resented by only one sense in the Iwanami inven-
tory. For such entries, the representation cannot
distinguish changes that occur within that single
listed sense, and multiple targets may consequently
receive tied or near-identical sense-distribution
change scores. This reduces the resolution of the
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Task Description

You are given a sentence (usage example) containing a target word, along with a list of dictionary sense definitions

for that word.

Your task is to determine which sense best matches the meaning of the target word in the given context.

Input Example

[Sentence]

After work, she went to the [[bank]] to deposit her paycheck.

[Senses]
[0] None of the above / cannot determine / ambiguous.

[1] POS: n ; Meaning: the land alongside or sloping down to a river or lake. ; Example: “They sat on the river bank.”

[2] POS: n ; Meaning: a financial institution where people deposit and withdraw money. ; Example: “He opened an

account at the bank.”

[3] POS: n ; Meaning: a set or supply of something stored for future use. ; Example: “a blood bank”

[Answer]

Output Example
(2]

«Explanation»

The sentence mentions depositing a paycheck, which is an activity associated with a financial institution. Therefore,

sense [2] is the correct choice.

In your output:
First, provide the sense number inside brackets [ ].
Then, explain your reasoning based on the context.

Input

[Sentence]
{usage}

[Senses]
[0] None of the above / cannot determine / ambiguous.

{senses}

[Answer]

Table 9: WSD Prompt Template in English

ranking even when the human benchmark assigns
different degrees of semantic change. The seven-
entry results therefore characterize performance
when the inventory contains multiple distinctions
that can participate in sense redistribution, whereas
the full-set results more realistically reflect both the
strengths and the coverage limitations of the fixed
inventory.

Agreement with Usage-Pair Relatedness Judg-
ments. JaSemChange provides graded related-
ness judgments over usage pairs rather than gold
usage—sense labels, so these annotations cannot be

used to compute WSD accuracy directly. As an ad-
ditional descriptive analysis, we compare whether
our WSD system assigns the same dictionary sense
to the two usages in each annotated pair.

We consider two binarizations of the original
four-point relatedness scale. Under the strict set-
ting, only the highest relatedness score is treated
as indicating the same sense. Under the relaxed
setting, the two highest scores are treated as indicat-
ing the same sense. Across the 798 annotated pairs,
agreement between the binarized human judgments
and the WSD sense assignments is 30.2% under the
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Japanese

English Translation

H2 Ly Fy— M2, MREFEZ IS, SiRERES
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- target | MRHFE (F—. HHINE)
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Each spreadsheet presents the sense entries for each target
word based on the Iwanami Japanese Dictionary.

The dataset contains a total of 50 target words, with one sheet
for each word. The total number of usage examples is 976
sentences.

Each column contains the following information:

* left_context: the context preceding the target word

* target: the target word, i.e., the key item to be disam-
biguated

* right_context: the context following the target word
Together, these three fields constitute the concrete usage ex-
ample of the word shown in the target column.

Your task is to determine which dictionary sense the target
corresponds to in each usage example, and to enter the corre-
sponding sense number in the “label” column.

Please enter “0” in the following cases:
* The example does not correspond to any listed sense.
+ It is difficult to determine the sense from the context.

Table 10: Annotation guideline for word sense disambiguation in Japanese and English.

Agreement statistic Value
Mean word-level Krippendorff’s o« 0.689
Mean pairwise Cohen’s k 0.798

Table 11: Inter-annotator agreement statistics for the
manual WSD evaluation dataset. Krippendorff’s « is
nominal.

Entry Usages Sense 0 Rate
A in 249 232 93.17%
At kita 1,409 964  68.42%
Other 148 entries 211,992 1,841  0.87%
Total 213,650 3,037 1.42%

Table 12: Sense-0 predictions over the full prediction set.
The two entries with the highest rates illustrate the two
causes: a genuine gap in the dictionary inventory (in)
and a disambiguation error (kita). Human annotators
assigned Sense 0 to 3.18%, 4.82%, and 6.66% of the
976 annotated usages.

strict criterion and 68.6% under the relaxed crite-
rion. The substantial difference between the two
settings illustrates that categorical dictionary-sense
assignments are considerably coarser than graded
usage-relatedness judgments. We therefore report
these results only as descriptive agreement rather
than as WSD accuracy. Per-pair results are reported
in Table 13.

A.9 Linear Regression Slope Calculation

Linear regression slopes are computed from the
decade-level metric table. For each target entry and
each metric, the script first groups rows by lemma

Corpus pair Strict Relaxed

CHJ-BCCWJ 127/399 (31.8%) 265/399 (66.4%)
SHC-BCCWIJ 114/399 (28.6%) 282/399 (70.7%)
Combined 241/798 (30.2%) 547/798 (68.6%)

Table 13: Descriptive agreement between predicted
sense identity and binarized JaSemChange relatedness
judgments. Strict treats only the highest relatedness
score as the same sense; relaxed treats the top two scores
as the same sense. These numbers are not WSD accu-
racy: JaSemChange annotates graded relatedness over
usage pairs, not gold usage—sense labels.

and lemma reading. It parses decade labels such as
1870s into numeric decade values and divides the
decade start year by 10, so one unit on the regression
input corresponds to one decade. For each of the
three metrics, val_t, depth_t, and meta_t, blank
or invalid values are skipped.

For every target entry with at least two valid
decade-level points, the script fits a one-variable
least-squares linear regression from decade to met-
ric value. It stores the number of valid points, the
slope per decade, the absolute slope, the intercept,
and R2. For constant trajectories, the slope is zero
and R? is not informative.

Only entries observed in at least ten decades enter
the rankings, which leaves 130 of the 150 processed
entries. The excluded entries are those confined
to a short span, typically because they are absent
from CHJ and therefore cannot appear in more than
nine decades; ranking a slope estimated from three
decades next to one estimated from fifteen would
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not be meaningful. Within the retained entries, the
script ranks separately for each metric by absolute
slope magnitude. Tables 14 and 15 report the ten
largest positive and negative slopes, respectively.

Robustness of the trend statistic. To assess
whether the slope-based ranking depended on the
linear least-squares estimator, we recomputed each
eligible trajectory using the Theil-Sen estimator
and tested monotonicity with the tie-corrected
Mann—Kendall test. We retained 365 word—
dimension series with at least ten valid decadal
observations. The rankings induced by OLS and
Theil-Sen slopes were strongly correlated for va-
lence (p = 0.787), semantic scope (p = 0.839),
and metaphoricity (p = 0.908; all p < 10727). Af-
ter Benjamini—Hochberg correction across all 365
tests, however, only 20 trajectories showed a signif-
icant monotonic trend (¢ < 0.05): two for valence,
six for semantic scope, and twelve for metaphoricity.
All 20 retained the same slope direction under OLS
and Theil-Sen and had R? > 0.30. These results
indicate that slope magnitude provides a reasonably
robust candidate ranking, while strong evidence
for smooth monotonic drift is restricted to a small
subset; the remaining entries are therefore treated
as candidates for qualitative inspection rather than
confirmed linear changes.

A.10 All Dimensions for the Case-Study
Entries

We compute every applicable dimension for every
target entry and do not collapse them into a compos-
ite score, because they answer different questions
and are not commensurable. Each case study in Sec-
tion 5.3 foregrounds the dimension most directly
related to the illustrated pattern; Table 16 reports
all three.
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Valence Semantic scope Metaphoricity

FiHb (0.0538, 0.531) i (0.3104, 0.677) [E#5 (0.0763, 0.694)
&0 (0.0402, 0.320) 57 (0.1024, 0.501) 75 Z (0.0732, 0.555)
HifE (0.0370, 0.653) JETT (0.0806, 0.129) +1% (0.0505, 0.481)
7Y — A (0.0311,0.255) EFI (0.0683,0.230)  F.» (0.0471, 0.271)
KE (0.0295, 0.329) ¥k (0.0621, 0.637) £ (0.0404, 0.576)
#E (0.0272, 0.544) I (0.0509, 0.431) AW (0.0374, 0.302)
5#% (0.0197, 0.400) 4 (0.0426, 0.632) #— F (0.0354, 0.232)
i (0.0194, 0.066) R (0.0426, 0.580) J51] (0.0331, 0.841)
#H (0.0190, 0.257) HIZ (0.0364, 0.400) I (0.0319, 0.673)
FEHK (0.0188, 0.162) # v b (0.0330,0.156) #£% (0.0317, 0.665)

Table 14: Ten largest positive slopes for each semantic dimension, over the 130 target entries with at least ten
observed decades. Values in parentheses give the slope per decade and R?.

Valence Semantic scope Metaphoricity
—2 (-0.0328,0.233) 75 & (-0.2347, 0.468) %45 (-0.0674, 0.801)
T (-0.0218, 0.409) SR (-0.1403, 0.234) KIE (-0.0439, 0.592)
#— F (-0.0182,0.306) %% (-0.1062, 0.168) F/ (-0.0383, 0.393)
SR (-0.0140, 0.145) RS 4 7 (-0.0934,0.274) &H (-0.0333, 0.199)
7245 (-0.0138, 0.174) 5 (-0.0860, 0.303) 2—Z (-0.0317, 0.206)
JRA (-0.0138, 0.149) 51 (-0.0533, 0.734) fLFE (-0.0298, 0.155)
D4R (-0.0129, 0.360) A — 2 (-0.0448, 0.113) T (-0.0246, 0.142)
751 (-0.0124, 0.564) K (-0.0401, 0.415) SR (-0.0210, 0.145)
4 >7(-0.0122,0.063)  KE (-0.0387, 0.095) JFHE (-0.0192, 0.108)
HH (-0.0112, 0.454) P55 (-0.0371, 0.245) HEE (-0.0168, 0.257)

Table 15: Ten largest negative slopes for each semantic dimension, over the 130 target entries with at least ten
observed decades. Values in parentheses give the slope per decade and R2. ¥ In is the entry for which 93.2% of
usages receive Sense 0 (Section 5.1); its valence slope is computable because valence is a usage-level measure, but
the candidate cannot be interpreted because the sense distribution carries no information, which is exactly why the
framework requires the verification step.

Entry Valence Semantic scope Metaphoricity

sabetsu -0.0124 (0.564) -0.0533 (0.734) 0.0121 (0.478)
meshi 0.0123 (0.215) -0.0193 (0.132) 0.0038 (0.018)
dodai 0.0079 (0.021) constant  0.0404 (0.576)

Table 16: All three dimension slopes per decade, with
R2, for the three case-study entries; the dimension dis-
cussed in Section 5.3 is in bold. Sabetsu is a candidate
on two axes and both are driven by the same sense shift.
For dodai, every aligned sense sits at WordNet depth
8, so the semantic scope score is constant across all pe-
riods and the dimension is silent about a change that
metaphoricity captures.

6020



