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Abstract

Metaphor detection is a fundamental task in natural language processing, yet research on historical languages remains
limited. While progress has been made in modern Japanese metaphor detection, classical Japanese texts present
unique challenges due to their distinct vocabulary, grammar, and metaphorical patterns. This paper addresses this
gap by applying a BERT-based metaphor detection method enhanced with semantic classification information from the
Word List by Semantic Principles (WLSP) to classical Japanese texts. We evaluate our approach on CHJ-Metaphor,
a newly available corpus featuring metaphor annotations for three medieval Japanese works from the Corpus of
Historical Japanese (CHJ). Our method achieves an F1-score of 82.18 through 5-fold cross-validation. Notably,
qualitative analysis by domain experts reveals that our model successfully identifies genuine metaphors overlooked
during manual annotation, demonstrating its potential as a tool for improving annotation quality in large-scale corpus
construction. These results confirm the effectiveness of WLSP-enhanced approaches for metaphor detection in
classical Japanese and suggest promising directions for applying similar techniques to other historical languages.
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1. Introduction ern Japanese in vocabulary and grammar, and
metaphorical usage patterns may have evolved
Metaphorical expressions play a crucial role in lan- ~ over time. The Corpus of Historical Japanese (Na-
guage understanding, and their automatic detection  tional Institute for Japanese Language and Linguis-
remains an important challenge in natural language ~ tics, 2023) provides a rich resource spanning texts
processing (Group Pragglejaz, 2007). In this frame- ~ from the Nara period (710-794) to the Meiji era
work, a word is considered metaphorical when its ~ (1868-1912), but metaphor detection for these his-
meaning in context differs from its most basic, con-  torical texts presents unique challenges.
crete, or historically earliest sense (Group Praggle- To address this research gap, we apply the
jaz,2007). Recent years have witnessed significant ~ WLSP-based BERT approach, previously vali-
advances in metaphor detection research using  dated on modern Japanese, to classical Japanese
Transformer-based models such as BERT (Choi  metaphor detection. We evaluate our method on
etal., 2021; Li et al., 2023a), though most studies  CHJ-Metaphor, which provides metaphor annota-
focus primarily on modern languages. tions for classical Japanese texts from CHJ en-
For Japanese, Kato et al. (2022) constructed  hanced with WLSP semantic classifications (Asa-
BCCWJ-Metaphor based on the Balanced Cor- hara et al., 2022). Specifically, we conduct experi-
pus of Contemporary Written Japanese (Maekawa  ments on three currently annotated works from the
et al., 2014), providing systematic metaphor anno- ~ medieval period (1185-1573, comprising the Ka-
tations following the Metaphor Identification Pro- ~ makura and Muromachi eras): Konjaku Monogatari-
cedure (MIP) (Group Pragglejaz, 2007). Build- shu (Tales of Times Now Past), Hojoki (An Ac-
ing upon this foundation, Zhu et al. (2025) lever-  count of My Hut), and Toraakira-bon Kyogen-shu
aged semantic classification information from the  (Toraakira’s Kyogen Collection).
Word List by Semantic Principles (National Institute Our contributions are threefold: (1) We demon-
for Japanese Language and Linguistics, 1964) to  strate the first application of automatic metaphor
achieve an F1-score of 75.07 for modern Japanese  detection to classical Japanese texts, achieving an
metaphor detection. F1-score of 82.18 through 5-fold cross-validation.
However, automatic metaphor detection in clas-  (2) We provide a comprehensive analysis across
sical Japanese texts remains largely unexplored.  works with varying characteristics, revealing that
Classical Japanese differs substantially from mod-  performance remains stable across metaphor rates
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ranging from 4.41% to 25.82%. (3) Through expert
validation, we demonstrate that our model identi-
fies genuine metaphors overlooked during manual
annotation, suggesting its potential utility for im-
proving annotation quality in large-scale corpus
construction.

2. Related Work

2.1. Metaphor Detection Approaches

Metaphor detection approaches can be broadly
categorized into three types: dictionary and rule-
based methods (Dodge et al., 2015), statistical
approaches (Klebanov et al., 2014), and deep
learning-based methods (Mao et al., 2019). Recent
advances have been dominated by Transformer-
based models (Tong et al., 2021), with various archi-
tectural innovations proposed to capture metaphor-
ical meaning.

MelBERT (Choi et al., 2021) builds upon
RoBERTa (Liu et al.,, 2019) and compares tar-
get word embeddings with contextual embed-
dings to detect metaphors. FrameBERT (Li et al.,
2023b) incorporates semantic frame information
from FrameNet (Baker et al., 2024). BasicBERT (Li
et al., 2023a) learns basic sense representations
from non-metaphorical examples in the training
data. Other approaches include Miss RoBERTa
WiLDe (Babieno et al., 2022), which leverages Wik-
tionary definitions, and MisNet (Zhang and Liu,
2022), which enhances linguistic knowledge for
metaphor detection.

Our approach differs from these methods by
leveraging the systematic semantic classification
structure of WLSP, providing theoretically grounded
basic sense determination.

Recent work has also explored metaphor detec-
tion beyond English, including cross-lingual trans-
fer approaches for low-resource languages (Hils-
ing and Schulte Im Walde, 2024), highlighting the
broader challenge of extending metaphor detection
methods across linguistic boundaries.

2.2. Japanese Historical Corpora and
Metaphor Research

The Corpus of Historical Japanese (National In-
stitute for Japanese Language and Linguistics,
2023) encompasses diverse textual genres span-
ning from the Nara period (710-794) to the Meiji
era (1868-1912). Asahara et al. (2022) developed
CHJ-WLSP by annotating CHJ texts with WLSP
(National Institute for Japanese Language and Lin-
guistics, 1964) semantic classification codes. Build-
ing upon CHJ-WLSP, Kikuchi et al. are constructing
CHJ-Metaphor through manual metaphor annota-
tion. This study uses the currently completed por-
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tions of the corpus under construction.’

3. Dataset

3.1. CHJ-Metaphor

CHJ-Metaphor is a metaphor expression dataset
for classical Japanese, created by adding metaphor
annotations to CHJ-WLSP (Asahara et al., 2022).
The corpus is designed to include medieval period
works across three genres: narratives (Konjaku
Monogatari-shu, Uji Shui Monogatari, Jikkinsho),
essays (Hojoki, Tsurezuregusa), and kyogen plays
(Toraakira-bon Kyogen-shu).

Metaphor identification follows the same
procedure as BCCWJ-Metaphor for modern
Japanese, employing MIP and its extended
version MIPVU (Steen et al., 2010), along with
Nakamura’s (Nakamura, 1977) metaphor type
classification. MIP identifies metaphorical words
by comparing their contextual meaning with
their most basic (prototypical) sense: a word
is metaphorical if these two meanings differ
in a systematic way (Group Pragglejaz, 2007).
MIPVU extends MIP to handle implicit metaphors,
personification, and metaphorically used proper
nouns. Nakamura’s classification further distin-
guishes metaphorical expressions by how they
are comprehended: Type A (simile, where a
linguistic marker signals the comparison), Type B
(combinatorial metaphors, arising from selectional
restriction violations), and Type C (contextual
metaphors, where metaphoricity emerges from
broader discourse context).

The annotation covers six types of metaphorical
expressions: LI “simile” (explicit comparison
using indicators such as X 9 iz “like” or 4l L “as”),
ik “metonymy” (referring to something by men-
tioning an associated concept), 2% “synecdoche”
(using a part to represent the whole or vice versa),
XHRLER “Discourse-level metaphors” (metaphor-
ical meaning emerging from context), & & Lbgk
“Word-level metaphors” (metaphorical meanings
created by unconventional word combinations that
violate selectional restrictions), and Z Dfth “others”
(including L7 “makurakotoba,” a conventional po-
etic technique in classical Japanese).

This study uses three currently completed works.
As shown in Table 1, Konjaku Monogatari-shu con-
tains the largest amount of data with 79,892 to-
kens, while Hojoki (2,668 tokens) and Toraakira-
bon Kyogen-shu (2,542 tokens) are substantially
smaller. The corpus contains 85,102 tokens in total.

Table 2 presents the metaphor rate (propor-
tion of metaphorical tokens) for each work, which

"The CHJ-Metaphor corpus will be made publicly
available after the annotation is completed.



Work Tokens
Konjaku Monogatari-shu 79,892
Hojoki 2,668
Toraakira-bon Kyogen-shu 2,542
Total 85,102
Table 1: Dataset Size
Work Rate (%)
Konjaku Monogatari-shu 4.41
Hojoki 25.82
Toraakira-bon Kyogen-shu 12.79
Overall 5.33

Table 2: Metaphor Rate

varies substantially across the three texts. Kon-
jaku Monogatari-shu, despite having the most data,
exhibits the lowest metaphor rate at 4.41%. In
contrast, Hojoki shows the highest metaphor rate
at 25.82%, nearly six times higher. Toraakira-bon
Kyogen-shu falls in between with a metaphor rate
of 12.79%. The overall metaphor rate across all
works is 5.33%.

The metaphor rate varies across literary works.
The influence of genre and style on metaphor rate
may be analyzed further as annotation of additional
works progresses.

4. Methodology

We apply the WLSP-based BERT approach, pre-
viously validated on modern Japanese (Zhu et al.,
2025), to classical Japanese metaphor detection.
This section describes the core components of our
method.

4.1. Prototypical Sense Determination

Determining the prototypical sense of polysemous
words is a fundamental challenge in applying MIP.
Our approach leverages the prototypical sense in-
formation annotated to WLSP by Yamazaki et al.
(2015); Yamazaki and Kashino (2017).

Notably, the prototypical sense used in this study
is based on modern Japanese rather than classi-
cal Japanese, as WLSP was originally developed
for contemporary language. This methodological
choice reflects the practical consideration that an-
notators, as contemporary speakers, inevitably in-
terpret classical texts through a modern lens when
identifying metaphorical expressions.

Yamazaki et al. assigned confidence scores on a
five-level scale to each sense of polysemous words
in WLSP, indicating the degree to which each sense
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represents the prototypical sense. For atarget word
w (lemma [) appearing in context with classification
code ceontext; We determine the prototypical sense
as follows. We first identify the set Cproto CONtaining
all classification codes with the highest confidence
score for lemma [ in WLSP. If ccontext € Chproto, WE S€-
lect it as the prototypical sense classification code
cproto-  Otherwise, we randomly select one code
from Cproto. If N0 candidates exist in WLSP, we set

Cproto = Ccontext-

4.2. Prototypical Example Retrieval

Using the determined prototypical sense classifi-
cation code cproto, We retrieve prototypical usage
examples from BCCWJ-WLSP-auto (Asada et al.,
2024). We extract all instances where both the
lemma [ and classification code cprote match. If mul-
tiple examples exist, we randomly select one. If no
matching example is found, we use the lemma [
itself as the prototypical example.

4.3. BERT-based Metaphor Detection
Model

For a sentence S = {wy,...,w,} containing the
target word w;, we first augment it with WLSP se-
mantic classification information:

S/ = (wl, .-

-awn7[SEP]af17~-~>fk) (1)

where {f;} represents WLSP semantic features
appended after [SEP]. WLSP organizes Japanese
vocabulary into a four-level hierarchical taxonomy:
division (), section (#B[1), medium category ('
I H), and classification item (77838 H), covering
approximately 96,000 headwords. We use [MASK]
tokens when classification information is unavail-
able.

We employ a multi-layer token type ID system
to distinguish different information types within the
augmented sequence. Each token is assigned a
role: target word, local context (words within punc-
tuation boundaries around the target), semantic
features (WLSP classification information), or back-
ground (other tokens).

We encode the target sentence S’ and the proto-
typical example P = uproto USiNg Japanese BERT:

Vsr1,...,Vg/ n = BERT(S/)
...Vpn = BERT(P)

(2)
Vp1,- 3)

We then compute a vector hyp that captures
the semantic relationship between the contextual
meaning and the prototypical sense:

(4)

hwip = f([Vs/ +; VP i)



where f(-) is a linear transformation and [-; -] de-
notes concatenation. The model is trained using
cross-entropy loss:

N
L=< Y lwlog(ps) + (1 - y:)log(1 ~ pi)] (&)
=1

To address class imbalance (approximately 5%
metaphorical tokens in the dataset), we apply
weighted cross-entropy loss by assigning a higher
weight to metaphorical instances, ensuring that the
model learns to detect rare metaphorical patterns
effectively.

4.4. Experimental Settings

We use bert-base-japanese-v3? as our base model,
with a maximum sequence length of 512, a batch
size of 16, a learning rate of 3e-5, and train it for
5 epochs. We evaluate performance using 5-fold
cross-validation.

Evaluation metrics include F1-score, precision,
and recall, all computed at the token level based
on CHJ-WLSP morphological units (short units).

5. Experiments and Results

5.1.

Table 3 presents the overall results of 5-fold cross-
validation on CHJ-Metaphor.

Overall Performance

Model F1 Prec.
WLSP-enhanced 82.18 82.83 81.58

Rec.

Table 3: Overall Performance

Our WLSP-enhanced BERT approach achieves
an F1-score of 82.18%, precision of 82.83%, and re-
call of 81.58% on classical Japanese texts, demon-
strating the effectiveness of applying methods vali-
dated on modern Japanese to classical texts.

5.2. Performance by Work

Tables 4 and 5 show a performance breakdown
across the three works.

Konjaku Monogatari-shu achieves the highest
accuracy (98.41%) with a precision of 82.55% and
a recall of 81.21%. Hojoki shows a precision of
85.26% and a recall of 84.76% with an accuracy of
92.28%. Toraakira-bon Kyogen-shu demonstrates
a precision of 80.00% and a recall of 78.76% with
an accuracy of 94.77%.

thtps://huggingface.co/tohoku—nlp/
bert-base-japanese-v3
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Work Acc.
Konjaku Monogatari-shu 98.41
Hojoki 92.28
Toraakira-bon Kyogen-shu 94.77

Table 4: Accuracy by Work

Work Prec. Rec.
Konjaku Monogatari-shu 82.55 81.21
Hojoki 85.26 84.76
Toraakira-bon Kyogen-shu 80.00 78.76

Table 5: Precision and Recall by Work

All three works achieve over 78% precision and
recall with well-balanced performance. Konjaku
Monogatari-shu shows the highest accuracy, Hojoki
achieves the most balanced precision-recall per-
formance, and Toraakira-bon Kyogen-shu shows
intermediate performance. Detailed analysis is pro-
vided in Section 6.

6. Discussion
6.1. Performance Differences Across
Works

The performance differences across the three
works can be attributed to their distinct characteris-
tics in data size and metaphor rate.

Konjaku Monogatari-shu achieves strong perfor-
mance with the largest data size (79,892 tokens),
which contributes to learning stability. Despite the
low metaphor rate (4.41%), the model maintains
balanced precision-recall, demonstrating that the
weighted loss function and abundant training data
enable the model to learn metaphorical patterns
effectively while handling class imbalance.

Hojoki achieves the most balanced precision-
recall performance (85.26% precision, 84.76% re-
call). The high metaphor rate (25.82%) allows the
model to learn metaphorical patterns more effec-
tively, as metaphorical instances are well repre-
sented during training. The relatively lower accu-
racy (92.28%) reflects the increased proportion of
metaphorical tokens, which reduces the relative
contribution of non-metaphorical tokens to overall
accuracy calculations.

Toraakira-bon Kyogen-shu shows a precision of
80.00% and a recall of 78.76%, reflecting its in-
termediate characteristics in both data size and
metaphor rate.

Overall, the method demonstrates stable perfor-
mance across metaphor rates ranging from 4.41%
to 25.82%, confirming the effectiveness of the pro-
posed approach for classical Japanese texts with


https://huggingface.co/tohoku-nlp/bert-base-japanese-v3
https://huggingface.co/tohoku-nlp/bert-base-japanese-v3

varying characteristics.

6.2. Comparison with Existing
Approaches

Direct comparison with existing metaphor detection
models such as MelBERT and FrameBERT is not
feasible in this setting, as these models rely on
language resources specific to modern languages
(e.g., FrameNet, English training corpora) that have
no equivalent for classical Japanese.

Regarding the contribution of WLSP seman-
tic features, ablation experiments on modern
Japanese metaphor detection (Zhu et al., 2025)
demonstrate that the WLSP-enhanced model sig-
nificantly outperforms a vanilla BERT baseline, con-
firming the effectiveness of the semantic augmen-
tation. The present study applies this validated
framework to classical Japanese, where construct-
ing a comparable ablation baseline would require
additional annotation effort beyond the scope of
this work.

6.3. Differences from Modern Japanese

The strong performance on classical Japanese
texts may be attributed to several linguistic features.
First, classical Japanese vocabulary is more lim-
ited compared to modern Japanese, potentially re-
sulting in lower polysemy. Second, classical literary
texts are characterized by formulaic expressions,
and metaphorical patterns tend to be more regu-
lar. These factors may collectively contribute to the
model’s strong performance on classical texts.

6.4. Qualitative Evaluation of Detection
Results

Following the experiments, the creators of CHJ-
Metaphor conducted a detailed qualitative analysis
of the detection results, examining instances clas-
sified as false positives by the model to determine
whether they constituted genuine metaphors over-
looked during the original annotation phase. The
analysis reveals both strengths and limitations of
the proposed method.

6.4.1. Successful Detection of Overlooked

Metaphors

Some instances classified as false positives were
revealed to be genuine metaphors that had been
overlooked during manual annotation. The follow-
ing examples illustrate cases where the model suc-
cessfully detected such subtle metaphors.

In Konjaku Monogatari-shu, the expression &
“sound” was identified as a metaphor by the model
despite being missed during annotation:
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(1) EANIZ, BUOZRLT, B2F LML
B%&Hi% %. (Classical Japanese)

(Hijiri wa, chikai wo okoshite, oto wo agete,
hokkekyd wo yomi-tatematsuru)

‘A saint made a vow and, raising his voice,
read the Lotus Sutra in reverence.’

Here, & (oto, “sound”) is used to represent

7 (koe, “voice”), where the superordinate cate-
gory stands for a specific member, constituting
$2I& “synecdoche.” Furthermore, the verb T
(agete, “to raise”) is also metaphorical: its proto-
typical sense involves physically lifting a concrete
object, whereas here it is applied to sound/voice
(a perceptual rather than manipulable entity), con-
stituting a cross-domain mapping annotated as
FIR “metonymy” under the CHJ-Metaphor scheme.
Such synecdoche and metonymy are particularly
difficult to notice during manual annotation due to
their subtle nature, yet they occur frequently in clas-
sical texts.

Similarly, Aj& “entering nirvana” was detected
as a metaphor in the following passage:

(2) o Ao HZ B THoRIZS D HIZ
X, EEZRL THETIAENDELEO
£ L. (Classical Japanese)

(Moppara nydmetsu no hi wo omoite kono-
e ni mairi atawaba, zaigb wo messhite
jodo ni umaren koto wo utagahi araji)

‘If one attends this gathering with the sole
intention of the day of entering nirvana,
one would have no doubt about being re-
born in the Pure Land after extinguishing
one’s karmic sins.’

The expression A (nydmetsu, “entering nir-
vana”) encodes a virtual event script where dying
is expressed as entering nirvana, constituting g
“metonymy” based on event-level contiguity.

These examples demonstrate that the model is
capable of detecting subtle metaphors that are eas-
ily overlooked during manual annotation, partic-
ularly $2i&% “synecdoche,” il “metonymy,” and
conventionalized metaphors. From a language re-
source construction perspective, this suggests that
the system can serve as an effective supplement
to human annotation efforts.

6.4.2. Limitations in Metaphor Detection

However, the analysis also reveals limitations,
particularly in handling ##& ik “word-level
metaphors.” In Hojoki, the following sentence con-
tains the word-level metaphor IZZE D E 0 “thoughts
like floating clouds”:

(B) HHII T TITHNT, FEbIVEIZK
53, DO LHENFEFZEDEVEL
4 b. (Classical Japanese)




(Kokyd wa sudeni arete, shinto wa imada
narazu. Aritoshi aru hito wa mina ukigumo

no omoi wo naseri. )

‘The ancient capital has already fallen to
ruin, and the new capital is not yet com-
plete; all people have minds like floating
clouds.’

Both ##Z& (ukigumo, “floating clouds”) and &
O (omoi, “thoughts”) (underlined in romanization)
should be identified as metaphorical, forming a #&
&g “word-level metaphor.” However, the model
failed to detect these core metaphorical tokens
while incorrectly marking the surrounding tokens
# (mina, “all”) and 72¥ b (naseri, “made/have”) as
metaphorical. This suggests that the model strug-
gles with identifying the precise token boundaries of
extended metaphorical expressions within complex
&4 L& “word-level metaphors.”

Hojoki is particularly rich in SZAREEI “discourse-
level metaphors” and extended F&FZLLIE “similes,”
leading to mismatches between annotators’and the
model’s decisions regarding which tokens within a
metaphorical passage should be marked. Nonethe-
less, the model does not appear to miss entire
metaphorical sentences or clauses.

6.5. Future Work

Several directions remain for future research.

First, dataset expansion is necessary. This
study uses three currently completed works from
CHJ-Metaphor (Konjaku Monogatari-shu, Hojoki,
Toraakira-bon Kyogen-shu), but the corpus includes
additional works under annotation (Uji Shui Mono-
gatari, Jikkinsho, Tsurezuregusa). Once annotation
is completed, a more comprehensive evaluation will
enable detailed verification of the method’s gener-
alizability.

Second, cross-period generalization requires in-
vestigation. This study focuses on works from the
medieval period, but the applicability to other his-
torical periods remains unexplored.
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