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Abstract

Word sense disambiguation (WSD) is typi-
cally studied in synchronic settings, where the
mapping from contextualized occurrences to
sense labels is assumed to be temporally sta-
ble. This assumption may not hold for histori-
cal texts, in which meanings may emerge, shift,
or disappear over time. We study diachronic
WSD for Ancient Chinese, a challenging sce-
nario involving long-term semantic evolution
and substantial historical variation. We intro-
duce Ancient Chinese Diachronic Word Sense
Disambiguation Benchmark (AC-DIAWSD), a
large-scale WSD dataset constructed from the
Twenty-Four Histories, containing about 24K
manually annotated instances across 12 dynas-
ties from the Western Han to the Qing. We
further propose DynaSense, a model-agnostic
framework that enhances pre-trained language
models with contrastive sense learning and
dynasty-conditioned representation adaptation.
Experiments with multiple PLMs and LLMs
show that existing models struggle with di-
achronic WSD, while DynaSense consistently
improves accuracy and F1 across backbones.

1 Introduction

Word sense disambiguation is a fundamental NLP
task and an important component for applications
such as knowledge graph construction, machine
translation, and information extraction (Navigli,
2026; Simos and Makris, 2026; Cao et al., 2024).
Recent PLM-based WSD systems achieve strong
performance on standard benchmarks (Zhang and
Li, 2025). Most of the WSD systems, however, are
trained and evaluated on corpora treated as syn-
chronic: the temporal origin of an occurrence is
either unavailable or not explicitly modeled. This
limitation becomes important for historical texts,
where word meanings may emerge, shift, or disap-
pear over time (Beelen et al., 2021).

∗Corresponding author.

In this paper, we study diachronic WSD for
Ancient Chinese. Unlike synchronic WSD, di-
achronic WSD requires identifying the historically
appropriate sense of a word in a specific temporal
context. For example, the character “走” zou usu-
ally means “to walk” or “to move” in Modern Chi-
nese, but often means “to run” or “to flee” in An-
cient Chinese. In “弃甲曳兵而走”, “走” should
be interpreted as “to flee”, showing that disam-
biguation must be grounded in both local context
and historical time.

Ancient Chinese presents a particularly chal-
lenging setting. Its textual tradition extends across
a long historical period, during which lexical us-
age and syntax evolved alongside institutions, cul-
tural contexts, and writing styles. Yet existing
supervised WSD research offers limited support
for this setting for two main reasons. First, there
is no large-scale Ancient Chinese WSD bench-
mark that combines fine-grained, occurrence-level
sense annotations with explicit dynasty metadata.
Second, existing PLM-based WSD methods rarely
model diachronic semantic change explicitly, mak-
ing them vulnerable to low-frequency historical
senses, genre-induced variation, and differences in
sense distributions across dynasties.

To address these challenges, we introduce AC-
DIAWSD1, a large-scale diachronic WSD dataset
for Ancient Chinese constructed from the Twenty-
Four Histories (Wang et al., 2025a). It covers 12
dynasties from the Western Han to the Qing dy-
nasty, spanning more than 2,000 years, and con-
tains approximately 24K manually annotated in-
stances, with around 2,000 instances per dynasty.
Since single characters often function as lexical
units in Ancient Chinese, we use target characters
as the main disambiguation units and select repre-
sentative polysemous characters from diverse se-

1The data and code are available at
https://github.com/PapersCode/DynaSense.
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mantic categories.
We further propose DynaSense, a model-

agnostic framework for enhancing PLM-based di-
achronic WSD. DynaSense combines contrastive
sense learning, which sharpens sense boundaries,
with dynasty-conditioned representation adapta-
tion, which injects period-specific semantic bias
into the representation space. This design enables
PLMs to model dynasty-specific sense variation
while sharing information across periods with con-
trolled parameter overhead.

Our contributions are summarized as follows:
• We introduce AC-DIAWSD, a large-scale

Ancient Chinese diachronic WSD dataset
with approximately 24K annotated instances
across 12 dynasties and more than 2,000
years. To the best of our knowledge, it is the
first Ancient Chinese WSD benchmark with
explicit dynasty-level temporal information.

• We propose DynaSense, a model-agnostic
framework that improves supervised PLM-
based WSD by modeling diachronic semantic
variation through contrastive sense learning
and dynasty-conditioned representation adap-
tation.

• We conduct extensive experiments with
PLMs and LLMs, establishing strong base-
lines for Ancient Chinese diachronic WSD.
Results show that DynaSense consistently
improves accuracy and F1 across different
backbone models.

2 Related Work

2.1 Lexical Semantic Change Detection
Lexical Semantic Change Detection (LSCD) is
closely related to diachronic WSD, as both con-
cern the interaction between word meaning and
historical context. Whereas diachronic WSD as-
signs predefined senses to individual occurrences
using temporal information, LSCD typically de-
termines whether, and to what extent, a lexeme’s
semantics has changed across periods by compar-
ing its usages in diachronic corpora (Schlechtweg
et al., 2020). Existing methods can be grouped
into three broad families. Representation-based
approaches encode usages with static or contex-
tual embeddings and measure distances between
period-level representations (Cassotti et al., 2023;
Periti and Tahmasebi, 2024). Sense-distribution
approaches induce or annotate senses and quan-

tify changes in their prevalence across periods; di-
achronic sense annotations further show that im-
proving word-sense induction also benefits LSCD
(Tang et al., 2023; Schlechtweg et al., 2025). Inter-
pretable approaches generate definitions or lexical
substitutes for individual usages and compare the
resulting semantic descriptions (Giulianelli et al.,
2023; Periti et al., 2024).

2.2 WSD benchmarks
Early WSD research was largely shaped by the Sen-
seval and SemEval campaigns, which standardized
sense annotation and established lexical-sample
and all-words task settings (Raganato et al., 2017).
Most modern WSD benchmarks are built on Word-
Net and use SemCor as the primary training cor-
pus (Agirre et al., 2004; Edmonds and Cotton,
2001). Although these benchmarks serve as de
facto standards for English and have been extended
to multilingual settings, e.g., XL-WSD (Pasini
et al., 2021), they are generally formulated in syn-
chronic settings, where sense inventories and sense
distributions are treated as relatively stable and di-
achronic semantic change is not explicitly mod-
eled.

Chinese WSD resources remain limited and
mainly target modern texts. Ancient Chinese
presents additional challenges due to its concise ex-
pressions, flexible syntax, and substantial histori-
cal variation (Wei et al., 2025). Shu et al. (2021) de-
veloped a valuable sense-annotated corpus for An-
cient Chinese and demonstrated its application to
BERT-based WSD. However, this resource was not
designed for systematic cross-dynasty evaluation
with explicit temporal metadata. ChiWUG pro-
vides a graph-based evaluation dataset for Chinese
LSCD (Chen et al., 2023), but focuses on lexeme-
level change in modern Chinese rather than token-
level sense assignment in historical texts. Existing
resources therefore leave a clear need for an An-
cient Chinese WSD benchmark with explicit and
systematic dynasty-level coverage.

2.3 WSD Methods
WSD research has evolved from traditional su-
pervised methods to PLM- and LLM-based ap-
proaches. Early statistical methods rely heavily
on large annotated corpora and struggle with di-
achronic semantic shifts (Iacobacci et al., 2016;
Masethe et al., 2024). PLMs are now the dominant
paradigm: models such as GlossBERT (Huang
et al., 2019) and ancient Chinese encoders, includ-
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ing GuwenBERT and SikuRoBERTa, improve se-
mantic representation but generally assume static
word meanings and transfer poorly across his-
torical periods (Arrington et al., 2025; Ghinassi
et al., 2024). Recent LLM-based methods show
few-shot potential through prompting and multi-
agent collaboration (Sumanathilaka et al., 2025;
Zhang et al., 2025), but their reliability in historical
contexts remains underexplored (Mosolova et al.,
2025).

Overall, existing WSD research mainly targets
modern languages under static semantic assump-
tions. Ancient Chinese WSD still lacks system-
atic diachronic frameworks, making it important to
compare PLM fine-tuning and LLM few-shot gen-
eralization under low-resource and diachronic set-
tings.

3 The AC-DIAWSD Benchmark
3.1 Dataset Construction
Constructing a diachronic WSD dataset for An-
cient Chinese is challenging due to compressed
syntax, archaic usages, and subtle semantic shifts
across long time spans. We build AC-DIAWSD
through corpus preparation, target character selec-
tion, instance sampling, and human-AI collabora-
tive annotation.

Corpus Preparation and Sampling. We derive
the raw corpus from the Twenty-Four Histories,
covering 12 dynasties from Western Han to Qing.
To fit PLM input limits, we split the lengthy, un-
punctuated Ancient Chinese texts into segments of
at most 256 tokens.

Each instance consists of a text segment, a target
character occurrence, and its dynasty label. Since
one segment may contain multiple target charac-
ters, it can yield multiple WSD instances. We sam-
ple 2,000 target character instances per dynasty to
ensure comparable temporal coverage.

To capture diverse semantic changes, we se-
lect 63 polysemous target characters from six lin-
guistic categories: high-frequency content words,
abstract function words, institutional governance
terms, social and kinship terms, modal and eval-
uative words, and counter-intuitive archaic words.
The same target character set is used across all 12
dynasties, and each target character has samples
in every dynasty. Sense inventories are obtained
from the Ancient Chinese Word Sense Annotated
Corpus (Shu et al., 2021). Details are provided in
Table 8 in Appendix A.

Human-AI Collaborative Annotation. We
adopt a three-stage human-AI annotation pipeline.
First, TongGu translates Ancient Chinese seg-
ments into modern Chinese, and Qwen3-8B
prepares candidate sense information for each
target character instance based on the predefined
sense inventory. Second, a prompted LLM
performs initial WSD using the original segment,
the generated translation, and the candidate senses.
Third, two domain experts independently verify
the LLM outputs and correct translation or sense-
labeling errors. The annotators were members
of our research team and received no additional
compensation for annotation. Disagreements are
resolved by a senior expert, and the adjudicated
labels are used as the final annotations in AC-
DIAWSD. Annotation prompts are provided in
Appendix H.

3.2 Dataset Statistics

Table 1 presents the statistics of AC-DIAWSD
across 12 dynasties. Each dynasty contains 2,000
target character instances. The same 63 target char-
acters are used in every dynasty, and each target
character has samples in each dynasty. Candidate
sense inventories contain 3 to 35 senses per target
character, with the average number of candidate
senses ranging from 14.01 to 15.00 across dynas-
ties.

3.3 Quality Evaluation

We evaluate annotation reliability using Cohen’s
Kappa. Because WSD labels are target-specific
and each target character has its own sense inven-
tory (Artstein and Poesio, 2008; Navigli, 2009),
we report Global Pooling Kappa (κpool) and Word-
level Weighted Average Kappa (κweighted), with
definitions in Appendix B.

As shown in Table 2, human experts achieve
high agreement, with κpool = 0.8766 and
κweighted = 0.7976, confirming the reliability of
the final annotations. LLM predictions show lower
agreement with gold labels, especially under the
word-level metric, highlighting the need for expert
verification in diachronic WSD annotation.

3.4 Diachronic Characteristics

We quantify diachronic semantic shift using
Jensen-Shannon Divergence (JSD) between a tar-
get character’s sense distributions in the earliest dy-
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Dynasty Segments Instances Target Chars Avg. Len Min Len Avg. Senses
Western Han 300 2000 63 200.88 156 14.01
Eastern Han 300 2000 63 197.83 95 14.20
Western Jin 297 2000 63 197.86 135 14.44
Liu Song 296 2000 63 200.13 159 14.50
Southern Liang 270 2000 63 198.44 151 14.56
Northern Qi 293 2000 63 200.74 69 15.00
Tang 295 2000 63 199.19 22 14.26
Later Jin 294 2000 63 199.55 49 14.45
Song 293 2000 63 198.59 21 14.42
Yuan 298 2000 63 197.75 25 14.64
Ming 291 2000 63 196.01 63 14.99
Qing 297 2000 63 201.91 22 14.76

Table 1: Dataset statistics across different dynasties. Each dynasty contains 2,000 target character instances and the
same set of 63 target characters. Candidate sense inventories contain 3 to 35 senses per target character.

Comparison N κpool κweighted

Human vs. Human 23,995 0.8766 0.7976
LLM vs. Gold 23,995 0.7716 0.6360

Table 2: Cohen’s Kappa scores for annotation agree-
ment.

nasty P and the latest dynasty Q:

JSD(P ∥ Q) =
1

2
DKL(P ∥ M)+

1

2
DKL(Q ∥ M),

(1)
where M = 1

2(P + Q). JSD ranges from 0 to 1,
with larger values indicating stronger distributional
divergence.

Category Average JSD
High-Frequency Content Words 0.1881
Abstract Function Words 0.0974
Institutional Governance Words 0.1529
Societal Kinship Terms 0.2236
Modal Evaluative Words 0.2203
Counter-Intuitive Archaic Words 0.1774

Table 3: Average JSD across different target character
categories.

Table 3 shows that different target character cat-
egories exhibit different degrees of diachronic se-
mantic shift. Societal kinship terms and modal
evaluative words have the highest average JSD
scores, suggesting stronger distributional changes
over time, whereas abstract function words show
the lowest average JSD and thus relatively stable
sense distributions. Representative semantic-shift
examples for the six target character categories and
the overall JSD distribution are provided in Ap-
pendix C.

4 Dynasty-aware Contrastive Adaptation
Framework

Although Transformer-based models have
achieved strong performance in synchronic
WSD (Saidi and Jarray, 2026; Yae et al., 2025),
their application to diachronic WSD remains chal-
lenging. In historical texts, long-term semantic
drift may cause the contextual embeddings of
different senses of the same polysemous character
to lie close together in the representation space.
Such overlap makes it difficult for models to
learn clear and stable decision boundaries across
dynasties (Kober et al., 2017). Moreover, under
low-resource settings, standard supervised learn-
ing often struggles to capture fine-grained sense
distinctions.

To address these challenges, we propose Dy-
naSense, a model-agnostic framework readily in-
tegrated into Transformer-based WSD models.
It consists of two complementary components.
Hypernetwork-based Dynasty Adaptation (HDA)
injects dynasty-conditioned adaptation vectors to
capture macro-level temporal and domain shifts.
Diachronic Contrastive Alignment (DCA) uses a
contrastive objective to improve fine-grained sense
separation. The overall process of DynaSense is
demonstrated in Figure 1.

Given an input instance (xi, wi, ci), where xi de-
notes the context, wi is the target character, and
ci ∈ C is the dynasty label, a backbone PLM first
encodes the context and produces a contextual rep-
resentation hi ∈ Rm for the target character. When
the target character corresponds to multiple tokens,
we obtain hi by pooling over the target span. Dur-
ing training and inference, the dynasty label ci is
used by HDA to obtain the dynasty-adapted repre-
sentation. DCA is applied only during training as
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Total Loss 

ℒ = ℒcls + 𝜆ℒctr

Figure 1: Overview of DynaSense. A backbone PLM produces a target character representation, which is aug-
mented with a hypernetwork-generated dynasty adaptation vector. The model is trained with both sense classifica-
tion and diachronic contrastive alignment.

an auxiliary objective.

4.1 Hypernetwork-based Dynasty Adaptation

Standard PLM-based WSD models usually lack ex-
plicit temporal conditioning, and therefore tend to
map the same character from different historical
periods into a shared static representation space.
This makes it difficult to model dynasty-specific
sense distributions. To mitigate this issue, Dy-
naSense treats different dynasties as distinct se-
mantic domains and uses a hypernetwork to gener-
ate dynasty-conditioned adaptation vectors. These
vectors are then injected into the PLM representa-
tion space to compensate for dynasty-specific se-
mantic bias.

Specifically, each dynasty label ci is mapped
to a learnable condition embedding eci . We con-
catenate this condition embedding with the contex-
tual representation hi, and feed the result into a
shared hypernetwork gϕ(·) to obtain an instance-

level adaptation vector:

ai = gϕ([eci ;hi]), (2)

where [ ; ] denotes vector concatenation.
To obtain a stable dynasty-level adaptation sig-

nal, we aggregate instance-level adaptation vectors
within each dynasty:

āc =
1

Nc

∑

i:ci=c

ai, (3)

where Nc is the number of training instances from
dynasty c. After training the hypernetwork, we
compute the instance-level adaptation vectors for
all training instances and aggregate them by dy-
nasty to obtain a fixed dynasty-level vector āc. The
resulting dynasty-level adapters are pre-computed
and stored for downstream WSD training and infer-
ence.

We then inject the corresponding dynasty adap-
tation vector into the original PLM representation
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through a residual connection:

h′i = hi + γWaāci , (4)

where Wa is a linear projection matrix and γ
is a learnable gating coefficient that controls the
strength of dynasty-specific adaptation. The result-
ing representation h′i preserves the general seman-
tic knowledge encoded by the PLM while incorpo-
rating dynasty-aware semantic information.

4.2 Diachronic Contrastive Alignment
Diachronic WSD often suffers from data spar-
sity and ambiguous decision boundaries between
senses. To better structure the representation space,
we introduce Diachronic Contrastive Alignment,
which applies contrastive learning to the adapted
representations. The intuition is to pull together
instances that share the same target character and
sense, while pushing apart instances of the same
character of different senses. This encourages
the model to learn clearer sense boundaries and
reduces representation overlap between different
senses.

We first apply ℓ2-normalization to the adapted
representation:

zi =
h′i

∥h′i∥2
. (5)

Let yi denote the sense label of instance i. Ide-
ally, for an anchor instance i, we define the positive
set P(i) and the negative set N (i) as:

P(i) = {j | wj = wi, yj = yi, j ̸= i},
N (i) = {k | wk = wi, yk ̸= yi, k ̸= i}. (6)

Since DCA operates on the dynasty-adapted rep-
resentations produced by HDA, the contrastive ob-
jective is applied in a representation space that al-
ready incorporates dynasty-specific information.

For computational efficiency and training stabil-
ity, we randomly sample at most Mp positive in-
stances and Mn negative instances for each anchor.
Anchors without valid positive instances are ex-
cluded from the contrastive objective. We further
analyze the alternative positive and negative sam-
pling strategies in Appendix G.

We then use an InfoNCE-style objective on the
normalized representations. For compactness, we
define the temperature-scaled similarity as

si,j = exp(⟨zi, zj⟩/τ), (7)

where τ is the temperature hyperparameter. For
each positive pair (i, j), the pairwise contrastive
loss is

ℓi,j = − log
si,j

si,j +
∑

k∈N (i) si,k
. (8)

Let Ivalid denote the set of anchors with valid
positive instances. The overall diachronic con-
trastive alignment loss is then computed by averag-
ing over valid anchors and their positive instances:

Lctr =
1

|Ivalid|
∑

i∈Ivalid

1

|P(i)|
∑

j∈P(i)

ℓi,j . (9)

This objective provides an additional structural
constraint for distinguishing dynasty-specific sense
usage.

4.3 Joint Optimization
Given the adapted representation h′i, we use a clas-
sifier to predict the sense label and denote the
classification loss as Lcls. The final objective
combines sense classification with diachronic con-
trastive alignment:

L = Lcls + λLctr, (10)

where λ controls the contribution of the contrastive
loss.

5 Experiments
We evaluate DynaSense on AC-DIAWSD using
both PLM-based and LLM-based baselines. Our
experiments examine overall performance, gener-
ality across PLM backbones, the contribution of
each module, hyperparameter sensitivity, and qual-
itative model behavior. We use an 80%/20% train–
test split and report results averaged over three in-
dependent runs. The evaluation metrics include ac-
curacy and macro-averaged precision, recall, and
F1. Further implementation details are provided
in Appendix D.

5.1 Baselines
To comprehensively evaluate our proposed method,
we compare it against a diverse set of baselines,
encompassing both PLMs and various families of
LLMs.

PLM Baselines. The selected PLMs are cat-
egorized into three groups: (1) General Chinese
PLMs, represented by BERT-base-Chinese (De-
vlin et al., 2019); (2) Ancient Chinese-specific
PLMs, including GuwenBERT2, SikuBERT3, and

2https://huggingface.co/ethanyt/guwenbert-base
3https://huggingface.co/SIKU-BERT/sikubert
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SikuRoBERTa 4; and (3) Task-specific WSD Mod-
els, comprising PLM-WSD (Ghinassi et al., 2024),
a supervised classifier originally evaluated on his-
torical Latin that predicts candidate senses from
contextualized target representations5; PolyBERT
(Xia et al., 2025) which integrates local and global
semantic representations, LTRS (Wang et al.,
2025b) based on learning-to-rank for senses, and
RS-BERT (Zhou et al., 2024) which incorporates
Chinese radical features.

LLM Baselines. We select a broad spectrum
of LLMs with varying architectures and parame-
ter scales, including Qwen3-1.7B (Team, 2025),
Qwen3-4B (Team, 2025), Qwen2.5-7B (Yang
et al., 2024), DeepSeek-Qwen-1.5B and DeepSeek-
Llama-8B (DeepSeek-AI, 2025), Llama-3B and
Llama-8B (Team, 2024b), Gemma-7B (Team,
2024a), and Qwen3.6-35B6. Except for Qwen3.6-
35B, all LLM baselines are fine-tuned on the train-
ing set using LoRA; Qwen3.6-35B is evaluated
without parameter updates. The prompt templates
include a persona instruction and a task query,
with details provided in Appendix H.4 and Ap-
pendix H.2.

5.2 Main Results
As shown in Table 4, we evaluate PLMs with
full-parameter fine-tuning and fine-tune LLMs for
comparison. When integrated with DynaSense,
SikuRoBERTa achieves the best overall accuracy
of 70.41% and F1-score of 62.47%, outperform-
ing the standard SikuRoBERTa baseline by 4.44
and 5.17 points, respectively. Domain-specific An-
cient Chinese PLMs, however, do not consistently
outperform BERT-base-Chinese, possibly because
their pretraining corpora do not align uniformly
with the dynasty distribution of our dataset. For
example, SikuBERT is pretrained on Siku Quan-
shu, whose coverage is uneven across historical pe-
riods and may favor later transmitted texts. Con-
sistent with this explanation, our per-dynasty re-
sults show that SikuBERT yields clearer gains over
BERT-base-Chinese on the Yuan, Ming, and Qing
dynasties. Fine-tuned LLMs, such as Qwen2.5-
7B, also achieve competitive performance with
an F1-score of 58.77%, but require substantially
larger parameter scales and higher training cost.
These results suggest that dynasty-aware structural

4https://huggingface.co/SIKU-BERT/sikuroberta
5We replace the Perseus parallel corpus used in the origi-

nal study with translations of Ancient Chinese texts.
6https://huggingface.co/Qwen/Qwen3.6-35B-A3B-FP8

adaptation enables compact PLM-based models to
perform strongly on Ancient Chinese diachronic
WSD. We provide parameter-size comparisons in
Appendix F, and sensitivity analyses on λ and con-
trastive sampling strategies in Appendix G.

5.3 Generality of DynaSense
To validate the generality and model-agnostic na-
ture of DynaSense, we integrate our framework
across diverse PLM architectures. As shown in
Table 5, our method consistently yields positive
F1-score gains (∆F1) across all evaluated base-
lines. Most notably, ancient Chinese-specific mod-
els such as GuwenBERT (+9.82) and SikuBERT
(+8.91) exhibit the most substantial improvements.
Furthermore, the consistent gains observed on task-
specific WSD models (e.g., PolyBERT and RS-
BERT) demonstrate that our diachronic adaptation
mechanism successfully captures temporal seman-
tic shifts that existing task-specific features fail to
address, serving as a highly effective, plug-and-
play enhancement.

5.4 Ablation Study
Table 6 presents the ablation results using Siku-
BERT and SikuRoBERTa as backbones. Remov-
ing either HDA or DCA consistently degrades
performance, demonstrating their complementary
contributions. Without HDA, the model loses ex-
plicit adaptation to dynasty-specific temporal vari-
ation; without DCA, fine-grained senses of the
same target are less effectively separated in the rep-
resentation space. The larger F1 drop observed af-
ter removing DCA suggests that contrastive repre-
sentation structuring plays a particularly important
role in fine-grained sense discrimination.

5.5 Case Study
Beyond quantitative metrics, we perform a qualita-
tive case study (Table 7) to analyze common fail-
ure patterns and model behaviors in our WSD task.
The following categories highlight the observed
challenges and the specific improvements brought
by our approach:

Fine-grained Confusion. Models frequently
struggle when the semantic boundaries between
candidate senses are highly similar or ambiguous.
We observe this in two typical scenarios. First, in
”累朝...” (Successive courts relied on...), the base-
line model misclassifies the target ” 朝” as ”dy-
nasty” (朝代) rather than the contextually accurate
”imperial court” (朝廷). Second, in ”而谓公羊...”
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Setting Model Acc Precision Recall F1-score

PLM FFT

BERT-base-Chinese 60.40 50.62 56.32 51.81
GuwenBERT 56.34 45.93 52.56 47.40
PLM-WSD 63.25 54.01 61.47 55.46
PolyBERT 54.91 42.58 49.75 44.40
LTRS 53.72 43.91 50.07 45.17
RS-BERT 60.42 50.00 56.74 51.55
SikuBERT 61.37 50.02 56.92 51.62
SikuRoBERTa 65.97 55.99 62.17 57.30

LLM Fine-tuned

Qwen3-4B 54.98 45.91 50.35 47.48
Qwen3-1.7B 43.97 33.48 40.24 35.13
Qwen2.5-7B 66.62 57.03 63.88 58.77
DeepSeek-Qwen-1.5B 42.04 31.76 38.05 33.19
DeepSeek-Llama-8B 61.60 51.64 58.59 53.25
Llama-3B 42.20 31.72 38.02 33.22
Llama-8B 59.63 48.45 55.19 50.05
Gemma-7B 57.67 45.94 53.15 47.76

Non-fine-tuned Qwen3.6-35B 61.80 43.20 44.95 40.46

SikuRoBERTa (Best PLM) + DynaSense 70.41 61.23 66.75 62.47

Table 4: Main experimental results on AC-DIAWSD. All metrics are in percentages (%).

Model F1-score ∆ F1 (↑)
BERT-base-Chinese 54.84 3.03
GuwenBERT 57.22 9.82
PolyBERT 49.59 5.19
LTRS 49.42 4.25
RS-BERT 55.13 3.58
SikuBERT 60.53 8.91
SikuRoBERTa 62.47 5.17

Table 5: Performance of different PLM-based models
with DynaSense. ∆F1 denotes the F1-score improve-
ment brought by integrating both HDA and DCA mod-
ules over the original backbone model.

(And to call Gongyang a pancake maker), the base-
line incorrectly predicts ”family/household” (家
庭、人家) for the character ”家”, missing the nu-
ance of a ”tradesman” or artisan (经营某种行业
的人). By integrating DynaSense, the contrastive
learning module effectively sharpens the semantic
boundaries between these closely related senses,
enabling the model to correctly disambiguate both
cases.

High-frequency Bias. Faced with rare or
context-specific historical usages, uncertain mod-
els tend to default to the most common modern
senses. For instance, in ” 长兴三年” (The third
year of the Changxing era), the baseline incor-
rectly predicts the highly frequent sense ”length”
(长度) for the character ” 长”. By incorporating
DynaSense, the explicit injection of dynasty meta-
data allows the model to successfully recognize

Model Variant Acc P R F1
SikuBERT (Full) 67.92 59.11 65.41 60.53

−HDA 64.95 54.30 60.69 55.63
−DCA 62.73 51.87 58.05 53.14

SikuRoBERTa (Full) 70.41 61.23 66.75 62.47
−HDA 68.16 57.61 63.90 59.08
−DCA 67.19 55.64 62.45 57.29

Table 6: Ablation study of the proposed DCA and HDA
modules on DynaSense.

”Changxing” as a specific era name from the Tang
dynasty, thus correctly predicting the label ”era
name” (年号).

Diachronic Correction: Traditional PLMs are
highly susceptible to interference from dominant
basic senses when processing terminology related
to social identities and political institutions. In ”
太宗...” (Taizong personally campaigned...), the
baseline misclassifies ” 宗” as its most common
basic sense, ”clan” (宗族). Conversely, the inte-
grated Hypernetwork module in DynaSense lever-
ages dynasty-conditioned information to correctly
identify the specific historical institutional sense
”temple name” (帝王庙号). This demonstrates
the model’s enhanced capability to capture histori-
cal contexts, effectively mitigating disambiguation
challenges posed by diachronic semantic shifts.

6 Conclusion
We presented AC-DIAWSD, a large-scale di-
achronic WSD benchmark for Ancient Chinese
with dynasty-level temporal information and fine-
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Case Type Context Snippet Label Baseline +DynaSense
Fine-grained Confusion 累朝赖多士之用

(Successive courts relied on the service of
numerous scholars)

Imperial court Dynasty Imperial court

Fine-grained Confusion 而谓公羊为卖饼家
(And to call Gongyang a pancake maker)

Tradesman Family Tradesman

High-frequency Bias 长兴三年
(The third year of the Changxing era)

Era name Length Era name

Diachronic Correction 太宗亲征辽东
(Taizong personally campaigned against
Liaodong)

Temple name Clan Temple name

Table 7: Qualitative and error analysis cases. The target characters in the context snippets are highlighted in red.

grained sense annotations. Based on this bench-
mark, we proposed DynaSense, a model-agnostic
framework that combines contrastive sense learn-
ing with hypernetwork-based dynasty adaptation to
model semantic variation across historical periods.
Experiments with PLM and LLM baselines show
that diachronic WSD in Ancient Chinese remains
challenging, and that DynaSense consistently im-
proves PLM-based models by capturing dynasty-
specific semantic shifts. We hope AC-DIAWSD
and DynaSense will support future research on his-
torical language understanding and diachronic se-
mantics.

Limitations

Several aspects of this work warrant further in-
vestigation. First, AC-DIAWSD is derived from
the Twenty-Four Histories, which primarily con-
sist of official historiography and emphasize po-
litical, military, and biographical narratives. The
dataset may therefore not capture the full diversity
of Ancient Chinese usage. Second, the current im-
plementation of DynaSense assumes access to dy-
nasty metadata: HDA uses dynasty labels during
both training and inference, while DCA operates
on the resulting dynasty-adapted representation
during training. Extending the framework to texts
with unavailable or uncertain temporal information
would broaden its applicability. Finally, perfor-
mance remains lower for highly polysemous tar-
gets with numerous and subtly overlapping senses.
Although DCA improves sense separation, such
fine-grained semantic distinctions remain challeng-
ing. Future work will explore retrieval-augmented
methods that incorporate richer external historical
context to further improve disambiguation in these
cases.
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A Target Characters and Semantic
Categorization

This appendix presents the complete set of 63 tar-
get characters used in our diachronic WSD task.
We selected these characters to cover phenomena
central to the interpretation of Ancient Chinese
texts: high-frequency content characters convey
core meanings, function characters mark syntac-
tic relations, governance and social characters en-
code historical institutions and social structures,
and modal and evaluative characters express atti-
tudes and judgments. We also include characters
with counterintuitive archaic senses to capture sub-
stantial differences between ancient and modern
usage. As shown in Table 8, the characters are or-
ganized into six categories.

B Cohen’s Kappa
We provide detailed definitions of the two Kappa-
based agreement measures used to evaluate anno-
tation reliability.
• Global Pooling Kappa (κpool): treats all sense

IDs as a unified label space and computes agree-
ment over all evaluated instances.

• Word-level Weighted Average Kappa
(κweighted): computes Cohen’s Kappa sepa-
rately for each target character and aggregates
the scores using a frequency-weighted aver-
age, thereby preserving target-specific sense
boundaries.

C Diachronic Semantic-Shift Analysis

Figure 2: Distribution of Jensen-Shannon Divergence
(JSD) scores across target characters.

Figure 2 shows the distribution of Jensen-
Shannon Divergence (JSD) scores across target
characters. Most characters fall within a low-to-
moderate JSD range, while a long tail indicates

that some characters undergo stronger diachronic
semantic shifts.

Figure 3 presents representative semantic-shift
examples from the six target character categories.
These examples show that semantic change in An-
cient Chinese is not uniform across lexical types:
some characters exhibit gradual changes in dom-
inant senses, while others undergo sharper shifts
associated with institutional, social, or evaluative
usage.

D Experimental Setup
Implementation Details. For PLM backbones,
we set the batch size to 64 and the learning rate
to 5× 10−4. For LLMs, we use LoRA fine-tuning
with rank r = 8, α = 16, and a dropout rate of
0.1. The LLM learning rate is 1× 10−4, the max-
imum sequence length is 2048, and the inference
temperature is 0.5.

For DynaSense, the dynasty embedding dimen-
sion is set to 64 and the hidden dimension of the hy-
pernetwork to 256. For hypernetwork pretraining,
we sample up to 200 instances per dynasty. The
adaptation scaling factor γ is initialized to 0.5. In
the contrastive alignment module, we cap the num-
ber of positive and negative samples per anchor at
|P(i)| = 10 and |N (i)| = 40, respectively. The
loss balancing coefficient is set to λ = 0.5.

Evaluation Metrics. We report Accuracy, Preci-
sion, Recall, and F1-score. Precision, Recall, and
F1 are computed using macro averaging to provide
a balanced evaluation across sense categories.

E Dynasty-Level Results
As shown in Table 9, performance varies across
dynasties, with later periods generally achieving
higher F1 scores. Although the trend is not strictly
monotonic, it suggests that the Modern Chinese
knowledge encoded in the backbone may transfer
more effectively to later historical texts, whose lex-
ical usage is generally closer to Modern Chinese.
Differences in pretraining coverage and dynasty-
specific sense distributions may also contribute to
the observed variation.

F Model Size Comparison
Figure 4 compares model parameter sizes and
WSD accuracy. PLM-based models achieve com-
petitive or better performance than several LLM-
based baselines with substantially smaller param-
eter sizes, suggesting that task-specific diachronic
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Category Target Characters (with Pinyin)
High-Frequency Content Words 上 (shàng),下 (xià),中 (zhōng),为 (wéi),事 (shì),任 (rèn),出 (chū),前 (qián),去 (qù),

发 (fā),名 (míng),后 (hòu),少 (shǎo),当 (dāng),得 (dé),来 (lái),治 (zhì),理 (lǐ ),生
(shēng),立 (lì),行 (xíng),长 (zhǎng)

Abstract Function Words 与 (yǔ),乃 (nǎi),即 (jí),及 (jí),既 (jì),而 (ér),自 (zì),至 (zhì),若 (ruò)

Institutional Governance Words 令 (lìng),兵 (bīng),制 (zhì),君 (jūn),国 (guó),朝 (cháo),王 (wáng)

Societal Kinship Terms 姓 (xìng),宗 (zōng),家 (jiā),族 (zú),老 (lǎo)

Modal Evaluative Words 义 (yì),信 (xìn),善 (shàn),宜 (yí),察 (chá),忠 (zhōng),恶 (è),明 (míng),欲 (yù),正
(zhèng),知 (zhī ),能 (néng),诚 (chéng),非 (fēi)

Counter-Intuitive Archaic Words 乘 (chéng),亡 (wáng),居 (jū),见 (jiàn),走 (zǒu),闻 (wén)

Table 8: Taxonomy of the target characters selected for diachronic WSD. Characters are grouped into six linguistic
dimensions with their corresponding Pinyin provided in parentheses.

(a) High-Frequency Content Words (b) Abstract Function Words (c) Institutional Governance Words

(d) Societal Kinship Terms (e) Modal Evaluative Words (f) Counter-Intuitive Archaic Words

Figure 3: Representative semantic-shift examples across the six target character categories.

adaptation can be more resource-efficient than sim-
ply scaling model size.

Figure 4: Accuracy comparison of models with varying
parameter sizes.

G Hyperparameter Sensitivity and
Sampling Analysis

Figure 5: The sensitivity of λ

Sensitivity Analysis of λ. We evaluate the bal-
ancing coefficient λ, which controls the trade-off

33440



Dynasty Macro-F1
Western Han 65.00
Eastern Han 58.70
Western Jin 61.67
Liu Song 59.16
Southern Liang 64.20
Northern Qi 62.19
Tang 62.20
Later Jin 60.41
Song 65.24
Yuan 63.49
Ming 62.46
Qing 65.88

Average 62.55

Table 9: Dynasty-level macro-F1 scores (%) of
SikuRoBERTa + DynaSense on AC-DIAWSD.

between the classification and contrastive losses.
As shown in Figure 5, the model achieves its op-
timal accuracy (61.34%) at λ = 0.5. A lower
value (e.g., λ = 0.1) provides insufficient con-
trastive signals to structurally constrain the repre-
sentation space, whereas an excessively high value
(e.g., λ = 1.0) interferes with the primary classi-
fication objective, resulting in slight performance
degradation.

Analysis of Contrastive Sampling Strategies.
We investigate the impact of different positive and
negative sampling pools on the contrastive learn-
ing module. Our default strategy constructs posi-
tive and negative pairs based on character identity
and sense labels: positive samples share the same
target character and sense as the anchor, whereas
negative samples share the same target character
but have different senses. We compare this default
setting against four alternative pools (Figure 6).

For positive sampling, modifying the pool—ei-
ther by selecting different senses within the same
dynasty (Pos-SDyn) or sampling indiscriminately
across all dynasties and senses of the target charac-
ter (Pos-DSense)—causes a distinct performance
drop on both SikuBERT and BERT backbones.
This highlights that relaxing temporal or semantic
consistency in positive pairs introduces detrimen-
tal noise that blurs fine-grained sense boundaries.

Conversely, expanding the negative sampling
pool yields marginal gains. Drawing nega-
tives from different dynasties (Neg-DDyn) or
selecting different senses across all eras (Neg-
DSense) slightly improves SikuBERT accuracy
(from 66.07% to 66.33% and 66.59%, respec-
tively). This indicates that cross-era hard negatives
can further regularize the representation space.

However, we retain the default strategy because
it provides a simple and efficient balance between
sense discrimination and sampling complexity.

Original Pos-SameD-DiffS Pos-AllD-AllS
Neg-DiffD-AllS Neg-AllD-DiffS

Figure 6: Comparison of WSD accuracy under different
contrastive sample construction strategies.

H Prompts
H.1 Prompt for Ancient-to-Modern Chinese

Translation
H.2 Task Query
H.3 Semantic Mapping Prompt
H.4 Persona Instruction
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Ancient-to-Modern Chinese

System Instruction:
You are TongGu, a large language model specialized
in ancient Chinese, trained by the DLVCLab at South
China University of Technology. You possess exten-
sive knowledge of ancient Chinese texts and provide
users with helpful and accurate responses.

Interaction Format:
<User> Translate into modern Chinese: {text}
<Tonggu>

Table 10: The system and user prompt utilized for trans-
lating Ancient Chinese text into Modern Chinese.

Task Query

Ancient Text: ”{text}”
Target Character: {word}
All Senses for this Character: (Format: Sense ID:
Sense Explanation)

Output Format:
{”sense_id”: ”Sense ID or null”, ”confidence”:
<value between 0.0 and 1.0>}

Table 11: The user query format and expected output
for the sense matching task.
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Semantic Mapping Prompt

You are an expert in Ancient Chinese. Your task is to accurately extract the terms from the modern translation that
correspond to the specified characters in the ancient text. Please strictly follow the steps below:
1. Identification and Analysis
- Carefully read both the ancient text and its modern translation.
- Locate all occurrences of the specified character within the ancient text.
- Analyze the context for each occurrence.
- Distinguish between content words and function words, adopting the corresponding extraction method:

- Content words (nouns, verbs, adjectives): Extract meanings from the translation.
- Function words (prepositions, conjunctions): State their grammatical roles.
- Proper nouns: Directly output the proper nouns.

2. Extraction and Mapping
- Content word extraction:

- Extract the corresponding modern meaning from the translation for each occurrence.
- Ensure definitions are complete, accurate, and based solely on the translation.

- Function word processing: State grammatical function (e.g., “indicates...”).
- Proper nouns: Extract directly if applicable.
- Special cases: Infer based on context if there is no direct equivalent.

3. Core Principles
- Supplement based on translation when a direct definition cannot be extracted.
- Meaning must be concise and accurate (1-4 characters).
- Do not extract words from the original ancient text.
- Content must appear in or be a direct expansion of the translation.
- Output “unknown” if the translation provides no corresponding meaning.

Output Specifications:
- [’sense1’, ’sense2’, ...]
- Output must be a list of meanings arranged in the text’s occurrence order.
- Strictly format the output as JSON.

Output style:
- Ancient Text: {text}
- Modern Translation: {translation}
- Target Character: {word}

Table 12: The detailed system prompts and output style for the Semantic Mapping task.

Persona Instruction

System Prompt
You are an expert in Ancient Chinese linguistics, specializing in analyzing character meanings and sense mapping. Based
on the provided ancient text and the target character, along with all its possible senses, determine whether the model’s
given choice matches a specific sense.
Task Requirements:
- Carefully analyze the context of the original ancient text.
- Accurately determine the specific meaning of the target character within the context.
- Precisely match the model’s choice against the provided list of senses.
- If the choice directly matches a sense, return that sense’s ID.
- If the choice is a synonym of a sense, return that sense’s ID.
- If neither applies but the choice is contextually reasonable, assess whether a new sense needs to be added.
- If the choice does not match any sense and is unreasonable, return null.

Output Format (Strictly JSON, no additional text):
{”sense_id”: ”Sense ID or null”, ”confidence”: <value between 0.0 and 1.0>}

Table 13: The persona instruction prompt for the sense matching evaluation.
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