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Abstract— Exploring the comparative analysis of translation
styles across languages holds great significance for capturing the
essence of ancient Chinese classics. This article presents a
comprehensive analysis of language models for linguistic
examination of ancient Chinese classics, using the cross-
language Zuozhuan corpus as a focal point. We utilize the
capabilities of five pre-trained language models to compare
their effectiveness with the deep learning model Bi-LSTM-CRF
in the areas of word segmentation and parts-of-speech tagging.
Optimal training results obtained from the models facilitated
the completion of word segmentation and parts-of-speech
tagging across the entire corpus of ancient Chinese classics.
Building on these advancements, this research delves into a
meticulous lexical-level scrutiny of the linguistic style evident in
ancient Chinese classics and their corresponding English
translations. In contrast to the original Chinese text, the
contemporary Chinese translation exhibits greater semantic
clarity, manifesting a relatively singular phrase function and a
heightened diversity in vocabulary combinations. Conversely,
the English translation demonstrates a tendency toward
simplification. The analysis encompasses facets such as parts of
speech distribution, word length variation, lexical richness, and
textual density, providing unprecedented insights into the cross-
linguistic nuances of these venerable literary works.

Keywords—ancient ~ Chinese  classics,  cross-linguistic
translation, quantitative linguistics, translation styles, corpus-
driven methodology

l. INTRODUCTION

The profound cultural heritage embedded within ancient
Chinese classics has perpetuated a timeless fascination,
prompting renewed scholarly interest in linguistic exploration.
In the pursuit of elucidating the intricate linguistic attributes
of these texts, this study employs advanced language models
to facilitate an in-depth analysis. In the intricate process of
internationalizing ancient Chinese classics through translation,
profound academic inquiries have meticulously addressed
granular facets, encompassing content, methodologies, and
the inherent subjects. Yet, a conspicuous oversight persists in
examining the holistic stylistic nuances of such translations
from an encompassing, macroscopic vantage point—a
perspective quintessential to engendering a robust cross-
cultural dialogue that seamlessly navigates and bridges
linguistic stylistic dichotomies, ensuring resonance with
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global audiences. As the venerable tapestry of traditional
Chinese literary masterpieces undergoes translation and
broader global dissemination, a plethora of stylistic discourses
has surfaced. These primarily seek to illuminate the intricate
variances embedded in translators' stylistic predilections by
orchestrating parallel critiques of contemporaneous Chinese
or English interpretations [1, 2, 3, 4, 5]. However, within
this academic tableau, the trajectory of cross-lingual
translation appears somewhat stunted, primarily due to the
stark absence of empirical computational stylistic analyses
rooted in ancient Chinese [6, 7, 8]. This is further
exacerbated by a paucity of exhaustive studies anchored
in  meticulously aligned translation corpora. In light of
these  observations, there emerges a pressing academic
imperative to delve deeper into the stylistic disparities
inherent in classical texts spanning multiple linguistic
landscapes. Such endeavors should aim to systematically
collate, analyze, and contrast these variances, while
concurrently exploring innovative methodologies [9]. The
objective is twofold: to both augment the fidelity and
verisimilitude of ancient Chinese translations and to safeguard
their intrinsic linguistic elegance and aesthetic nuance.
Undertakings of this caliber are not mere academic exercises
but resonate as crucial linchpins in the adept articulation of the
Chinese narrative, thereby amplifying the resonance of
China's cultural echo in the global symphony.

Within the ambit of the present investigation, we have
meticulously curateda parallel corpus encompassing classical
Chinese, modern Chinese, and English, pivoting around the
archetypal pre-Qin masterpiece, 'Zuozhuan (Spring and
autumn with Zuo’s commentary)." This corpus serves as a
foundation upon which we orchestrate targeted lexical
excavations at the granular vocabulary tier, leveraging the
prowess of pre-trained linguistic architectures. Empirical
assessments underscore the paramount efficacy of these
expansive pre-trained language paradigms when applied to the
task of classical text mining. Drawing upon the most salient
outcomes of these models for lexical identification, we
subsequently undertake a comprehensive stylistic dissection,
appraising parameters such as vocabulary breadth, lexical
length, richness, and density, all encapsulated within the
multifaceted prism of cross-lingual classical textual
landscapes. This scholarly enterprise furnishes pivotal
revelations, casting light upon arenas like the automated



translation of classical Chinese into English and cognate
research trajectories.

Il.  RELATED WORK

A. Computational Stylistic Analysis of Classical Literature

In the realm of historiography, the Zuozhuan has been
venerated as a magnum opus that serves as a cornerstone for
understanding ancient  Chinese literary  paradigms [1
0]. Recognized not only for its substantive content but also
its distinct pre-Qin prose, the text represents a verit
able confluence of historical narratives and stylistic ele
gance unique to its epoch. When subjected to cross-la
nguage translation, the meticulous characterization and
nuances inherent in the Zuozhuan present both a challe
nge and opportunity for translators. The examination o
f stylistic disparities inherent in such translation endea
vors holds paramount significance for several compelling rea
sons [11, 12, 13]. Firstly, this scrutiny facilitates a deeper a
ppreciation of the intrinsic textual subtleties, thereby reve
aling the intricate interplay between linguistic features and
the socio-historical contexts from which they originate. Se
condly, by evaluating the variations in style across translatio
ns, scholars are able to extract insights into broader metalin
guistic choices, thereby shedding light on potential shifts in
interpretive nuances and cultural resonances that manifest
within translated texts. Consequently, this affords an i
nvaluable framework for comprehending the reception, int
erpretation, and perception of the Zuozhuan across diverse |
inguistic landscapes. Lastly, the exploration of stylistic
aspects in  cross-language translations of the Zuozhuan c
an pave the way for enhanced translation methodologies, a
ttuned to preserving both the semantic integrity and stylist
ic essence of the sourcetext. This endeavor ensures that the
magnificence of this seminal work resonates profoundly acr
oss linguistic boundaries and is aptly conveyed to a global au
dience.

Numerous scholarly inquiries have delved into stylistic

divergences present in modern Chinese texts or literary
compositions as translated by distinct translators[14, 15]
. However, these investigations predominantly rema
in circumscribed to singular layers of translation, neglectin
g a comprehensive, macroscopic  scrutiny of overarc
hing linguistic attributes inherent in disparate language transla
tions. There is apalpable dearth in profound examinations of
cross- linguistic translation styles and the underlying genesis
of their stylistic nuances. Both qualitative assessments and e
mpirical methodologies in this domain conspicuously lag in th
eir depth and breadth [16, 17, 18]. Consequently, a rigorous
exploration elucidating the stylistic dichotomies amon
gst classical Chinese, contemporary Chinese, and English te
xts emerges as not merely an avenue to bridge the existing s
cholarly lacuna but also as an indispensable fulcrum.
This foundation becomes pivotal for ensuing endeavors that
aim to accentuate the global resonance of Chinese culture, s
uch as the curation of Sino-foreign classical lexicons, auto
mated translation of canonical works, and pedagogical s
upport in translation instruction.

B. Cross-Language Translation in Computational
Linguistics

In the realm of computational linguistics, the exploration
of cross-language translation holds profound significance,
encapsulating the convergence of linguistic analysis, machin
e learning, and cultural interchange [19]. The schol
arly investigation of how linguistic expression traverses ling
uistic
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boundaries has not only revolutionized translation
methodologies but has also unearthed intricate layers o
f linguistic nuance embedded within texts [20] .

Advancements in machine translation, bolstered by the
capabilities of large-scale language models, have reshaped the
landscape  of cross-language  translation.  Traditiona
| translation methods, reliant on rule-based and statistic
al approaches, have given way to neural machine translati
on (NMT) systems that harness the power of deep learn
ing techniques [21, 22]. This paradigm shift has facilitate
d the development of highly sophisticated models that can
discern context,syntactic structures, and cultural subtleties to
generate translations of remarkable quality.The role of
foreign translations in disseminating traditional Chinese
culture is pivotal, with language style disparities arising fro
m cultural variances such as socio-historical context, literary
genre, and lexical connotation significantly impacting the
translation quality of literary works [23]. At present, scholarl
y inquiries into the linguistic style of classical —works
predominantly concentrate on single-language texts. Scholar
s primarily trace their literary and historical underpinnings t
hrough the lens of literature and linguistics, discerning the
literary language's character and creative prowess by means
of rhetorical devices, linguistic usage, extensive rhetorical d
evices, and character dialogue [24, 25, 26]. For instance,
some researchers have juxtaposed and analyzed the diver
gence in word frequency levels between original literatur
e and other comparable literature pertaining to specific wor
d types [27, 28]. Subsequently, they have calculated the charac
teristic coefficient of the word type in specific literature,
identifying and scrutinizing representative high-frequency
feature words, culminating in the quantification of linguis
tic style similarities amidst the various schools of the pre-Q
in dynasty.

While numerous explorations have delved into stylistic
disparities among modern Chinese texts or literary work
s rendered by distinct translators [29], these investigations h
ave been confined to a single stratum of translation, neglec
ting comprehensive macro-level linguistic traits in di
verse language translations. Furthermore, there has been ade
arth of in-depth analysis concerning the stylistic features o
f cross- language translations and their formative rationales,
leaving qualitative analysis and empirical research notably
deficient. Thus, the exploration and analysis of language style
disparities between ancient Chinese, modern Chinese, and E
nglish texts not only bridge extant research lacunae but als
o furnish a potent stepping stone for subsequent endeavors i
n promoting Chinese culture globally—such as compiling
Chinese and foreign classic dictionaries, automating the t
ranslation of classic literature, and facilitating auxiliar
y translation instruction.

I1l.  DATA AND METHOD

This paper selects the "Chinese Philosophy E-Texts
Project" online  open-access  digital  library(http://ct
ext.org/zhs/) and the "Ancient Poetry and Literature™ website
(https://www.gushiwen.org/) as the sources of the corpus. T
he "Chinese Philosophy E-Texts Project” website offers a rep
ository of Chinese classical texts, encompassing works prim
arily from the Pre-Qin and Han periods that span various fie
Ids such as philosophy, history, and linguistics. As an open
community, the website permits researchers to annotate
and supplement texts during the digitization process of class
ical Chinese texts. This collaborative approach signific
antly enhances the efficiency of proofreading and
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correction, ensuring the continuous updating and iteration of
ancient Chinese language resources and maintaining the
precision and accessibility of the texts. Since its launch, the
online open-access digital resource repository has made
significant contributions to the digitization of classical texts,
with its data being widely embraced by scholars in the field
and employed in digital humanities research. As a result of its
reputation, we have chosen this resource repository as our
corpus source.

A. Corpus Construction and Annotation

The meticulously constructed Zuozhuan corpus forms the
bedrock of this research. Upon obtaining optimal training
outcomes from the pre-trained models, the entire corpus
undergoes rigorous word segmentation and parts-of-speech
tagging  processes, augmenting the availability of
linguistically annotated ancient Chinese classics.

the corpora of classical texts, this research employs distinct
part-of-speech tagging methodologies. In the analysis of part-
of-speech tagging for Classical Chinese, this tag set is
constructed based on the inherent linguistic characteristics of
pre-Qin classical texts, in conjunction with the foundational
set of word classes annotated for pre-Qin Chinese language by
Nanjing Normal University, the part-of-speech annotation set
from the Institute of Computing at the Chinese Academy of
Sciences (NLPIR), and the part-of-speech annotation set from
the LTP project at Harbin Institute of Technology. For the
purpose of Modern Chinese, the ICTPOS3.0 Chinese Part-of-
Speech Tagging Set is employed.

In the realm of English language tagging, the methodology
outlined in the Penn Treebank is utilized. This tagging set
encompasses a comprehensive array of features, including
part-of-speech tags, phrase structure tags, and grammatical
tags, rendering it notably comprehensive and systematically
structured. The synthesis of the part-of-speech tagging sets for
classical texts, Modern Chinese, and English is ultimately
presented in the tabular format depicted below.

TABLE I. SAMPLE SENTENCE ALIGNMENT IN MANDARIN CHINESE,
ENGLISH AND VERNACULAR

Table Classical Modern .

Head Chinese Chinese English

In the eighth
month the
state of Ji

madg a
Qggga.% expedition
AH, %E}i\ﬁz S p—— against th.e
1 %o %Z:III’ %;% ﬁﬁu\ state of Yi.
-3 ’
HANE (Zfk) A | Therewas no
k. record about
it in the
Annals for no
report coming
from this
state.

In the eighth
month the
state of Ji

1.01 ANH, &AMk NH, @£EA made a
' =, PRI . punitive
expedition
against the
state of Yi.
There was no
A ok record about
A, WOR | HEEE, g dtinthe
1.02 - Bl (#k) A4 | Annals for no
= i report coming
’ from this
state.

B. The synthesis of the part-of-speech tagging sets

Due to the considerable disparities between Classical
Chinese and Modern Chinese in various aspects such as
inflected words, historical and contemporary ambiguities,
homophonic characters, function words (such as "Ifii" (&), "
T (ha), "55" (yan), "f7" (h), 12" (ye), "BI" (y1), etc.), as

well as in terms of syntactic structures, and grammar, within
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TABLE Il SET OF ENGLISH PART-OF-SPEECH MARKERS
Abbreviate Full name Abbreviate | Full name
a Adjective n General noun
; ; Personal
c Conjunction nr name
d Adverb p Preposition
dt Determiner r Pronoun
Existential ;
EX there RP Particle
Fw Foreign word v Verb
Cardinal ;
m number w Punctuation
MD Modal y Interjection
TABLE Il11. SET OF ANCIENT CHINESE PART-OF-SPEECH MARKERS
Abbreviate Full name Abbreviate | Full name
P Location
a Adjective ns noun
c Conjunction p Preposition
d Adverb q Quantity
f Direction noun r Pronoun
Qv Ancient t Temporal
Chinese verb noun
: Concurrently e
J Kind of word u Auxiliary
m Number Y Verb
n General noun w Punctuation
nr Personal name y Interjection
TABLE IV. SET OF MODERN CHINESE PART-OF-SPEECH MARKERS
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Abbreviate | Full name | Abbreviate Full name
a Adjective nz Proper noun
c Conjunction p Preposition
d Adverb q Quantity
f Direction P

noun r ronoun
g Morpheme t Temporal noun
i Idiom u Auxiliary
m Number v Verb
G | Non-
n enera X morphemic
noun words
Personal P
nr hame y Interjection
Location
ns noun z Status

C. Experimental model

In the dynamic landscape of natural language processing
and computational linguistics, the pursuit of extracting
intricate language styles from textual data has led to the advent
of innovative methodologies. Among these, the utilization of
Bi-LSTM-CRF  [30], BERT (Bidirectional  Encoder
Representations from  Transformers) [31], and Large
Language Models (LLMs) stands as a testament to the

fusion of advanced machine learning techniques with
linguistic analysis [32]. This discourse presents a
comprehensive exploration of the principles underlying

these models and their applications within the realm of
language style mining research.

1) Bi-LSTM-CRF: The Bi-LSTM-CRF architecture, an
amalgamation of Bidirectional Long Short-Term Memor
y (Bi-LSTM) networks and Conditional Random Fields (CRF)
, embodies the essence of sequential labeling tasks. Bi-LST
M networks excel in capturing contextual dependencies thro
ugh bidirectional traversal of sequences. This is complement
ed by the CRF layer, which models the transition proba
bilities between sequential labels, fostering coherence in
labeling sequences. Applied in language style mining rese
arch, Bi- LSTM-CRF can delineate linguistic attributes suc
h as part- of-speech tagging and named entity recog
nition. By capturing contextual intricacies and sequential
patterns, Bi- LSTM-CRF unveils language nuances,
enabling comprehensive analyses of style variations acro
ss diverse textual corpora.

2) Pre-trained language models: BERT, a revolutionary
pre-trained language model, harnesses the transformativ
e power of transformer architecture. Pre-trained on massive te
xt corpora, BERT exhibits unparalleled proficiency in understa
nding contextual relationships within sentences. This "maske
d language model" learns bidirectional representations by pre
dicting masked words in sentences, enabling it to grasp intric
ate language contexts. In language style mining research, BER
T's contextual embeddings empower the extraction of sem
antic nuances, syntactic structures, and even sentiment flu
ctuations across texts [33]. This model's fine-tuning capability
tailors it to specific tasks, facilitating tasks such as

sentiment analysis, style transfer, and even the detection of
authorship shifts.

3) Large Language Models: LLMs(Large Language
Models), epitomized by GPT (Generative Pre-trained Tran
sformer) models, epitomize the synergy of neural net
works and vast text corpora. Trained on diverse linguistic pa
tterns, LLMs transcend conventional boundaries by generati
ng coherent and contextually plausible text. Their unsupe
rvised learning paradigm allows for the acquisition of lingui
stic features at unprecedented scales. Within language style
mining research, LLMs contribute to stylistic analysis by unra
veling intricate sentence structures, syntactic variations, and
even latent semantic nuances. Additionally, LLMs can ge
nerate text in specific styles or emulate literary voices, fa
cilitating tasks such as style imitation or creative writing a
ugmentation.

IV. EXPERIMENTS AND RESULTS

A. Word Segmentation and Part-of-Speech Tagging Tasks

e P5.53% 04.81%
05 Z0%
-
a5 Toee | 9567 - 1% 9%.55%
G _
a5 50% 95.57% B (e
N ge sy DES2N o5l
95 50% | - i
il 15 309
05 40% 4 08 1505 94,530
94 10 |
04 208, 4
CENTIL A
05 D% 4

BERT-chinese SikuRoBERTR SikuBERT Bi-LSTM-CHF

BERT=wam

mPrecison o Recall = Flssoom

Fig. 1. Model performance comparison chart

The provided table presents the performance metrics of
various models in a part-of-speech tagging task, measured in
terms of Precision, Recall, and F1-score. Among the models,
SikuRoBERTa attained the highest Precision, Recall, and F1

-score, achieving 95.57%, 95.83%, and 95.70% respectively.
This indicates its exceptional ability to accurately identify an
d classify parts of speech. Following closely, SikuBERT e
xhibited competitive results with a Precision of 95.39%,
Recall of 95.81%, and F1-score of 95.60%. Both S
ikuROBERTa and SikuBERT seem to excel in capturing |
inguistic nuances. BERT-wwm and BERT-chinese models
displayed almost identical performance, with a Fl-score of
95.51% and 95.42% respectively, suggesting their effectiven
ess in part-of-speech tagging. Bi-LSTM-CRF demonstrated ¢
omparable results, showcasing a F1-score of 95.58%, signif
ying its capability to capture sequential patterns. In essence,
while all models demonstrated high accuracy, SikuRoBER
Ta and SikuBERT slightly outperformed the others, indicati
ng their aptitude in handling intricate linguistic contexts.

Bi-LSTM-CRF's potential superiority over BERT in an
cient Chinese text part-of-speech tagging experiments can b
e attributed to its specialized design for sequence labeling t
asks, proficiency in capturing sequential patterns and
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linguistic nuances, adaptability to smaller datasets, robustness
in handling noisy annotations, and suitability for domain-
specific vocabulary. Additionally, its simpler architecture may
confer an advantage in tasks with lower complexity. The
choice between Bi-LSTM-CRF and BERT depends on factors
like dataset size, linguistic traits, and task requirements. Both
models have strengths, but Bi-LSTM-CRF's tailored nature
and sequential modeling make it a favorable choice for certain
ancient language text segmentation tasks.

In an experiment focused on part-of-speech tagging, the
large language model demonstrated remarkable performance.
It exhibited a high level of accuracy in predicting parts of
speech within sentences. When compared to the Bi-LSTM-
CRF and BERT models, the large language model showcased
competitive results in terms of tagging accuracy and
efficiency. While Bi-LSTM-CRF excelled in capturing
intricate sequential patterns, the large language model's
extensive pre-training on diverse text corpora granted it a
strong understanding of language semantics and context,
enabling it to make accurate predictions. However, the large
language model's reliance on a massive amount of data might
lead to overfitting on domain-specific tasks, which is where
models like BERT, designed with a narrower focus, could
outperform it. The choice between these models should be
based on factors such as dataset size, computational resources,
and the level of linguistic nuance required for the particular
part-of-speech tagging task.

B. TextLinguistic Features

Based on the aforementioned experimental results, we
selected the pre-trained language model that exhibited the
most favorable overall performance and applied it to perform
full-text model annotation within the constructed corpus of
canonical texts. Guided by the annotation outcomes, we
conducted a comprehensive analysis and comparative study of
the language style features at the lexical level across cross-
lingual canonical texts.

1) Lexical part of speech:

99603
54524
50835
[ 36583

[ 25391
[ 14904
10292
10009
5498
MD 4875
m 2006

n
v

p

w

dt | 32120
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d

r

RP 1031
EX | 366
FW | 28

¥y |20

0 50000 100000 150000

Fig. 2. Frequency of Part-of-Speech Tagging in English Texts
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Fig. 3. Frequency of Part-of-Speech Tagging in ancient Chinese Texts
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Fig. 4. Frequency of Part-of-Speech Tagging in modern Chinese Texts

Utilizing the aforementioned statistics, a comprehensive
comparative analysis of the parts of speech can be conducted,
drawing insights from the provided tabular data. The statistics
encompass part-of-speech markers in three diverse linguistic
contexts: ancient Chinese, English, and modern Chinese. This
analysis aims to illuminate the distinctive linguistic
characteristics and tendencies inherent in each language
variant, while also highlighting the potential implications for
cross-language translation and communication. Examining
the data, it is evident that each language exhibits its own
distinct distribution of part-of-speech markers. In ancient
Chinese, the prominence of certain markers, such as "n"
(general noun) and "v" (verb), underscores the foundational
elements of its syntactic structure. Meanwhile, in English,
markers like "n" (general noun) and "v" (verb) maintain their
significance, but variations emerge in the prevalence of other
markers such as "a" (adjective) and "p" (preposition),
reflecting English's unique grammatical features. Modern
Chinese, characterized by its evolving linguistic landscape,
reveals distinct patterns with markers such as "n" (general
noun) and "v" (verb) attaining a significant presence. The
increased occurrence of "x" (a marker denoting anon-specific
category) suggests the influence of evolving linguistic trends
in modern discourse.

The comparative analysis also offers insights into the role
of function words. In modern Chinese, for example, the
notable prevalence of "u" (auxiliary) and "d" (adverbial)
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markers may underscore the role of these function words in
indicating grammatical relationships and nuances.

Furthermore, the comparative analysis of part-of-speech
markers has implications for translation. Translators must
navigate the challenges posed by the differing syntactic
structures and language-specific nuances. The variations
observed in the distribution of markers may impact the clarity,
accuracy, and stylistic equivalence of translated texts.

2) Lexical word length:
180000
160000
140000
120000
100000
80000
60000
40000
20000

0
1 2 3 4 5 6

Ancient Chinese vocabulary Modern Chinese vocabulary

The data showcases a clear inverse relationship between
word length and lexical frequency, evident in both ancient and
modern Chinese vocabularies. As word length increases, the
frequency of occurrence decreases dramatically. This is a
well-documented phenomenon in linguistics, commonly
referred to as Zipf's Law. Zipf's Law posits that a small
number of words are highly frequent, while the majority occur
rarely. In the context of this dataset, this law manifests in the
low frequency of longer words.

In the realm of ancient Chinese vocabulary, the data
reflects a significantly reduced occurrence of longer words.
The stark drop in frequency as word length increases aligns
with the characteristics of classical Chinese, which was
characterized by a concise and contextuallyrich writing style.
The prevalence of shorter words highlights the linguistic
economy present in classical Chinese texts, where a single
character often encapsulated intricate meanings. Conversely,
the modern Chinese vocabulary manifests a more balanced
distribution across word lengths. While the data still adheres
to Zipf's Law, the frequencies of longer words are relatively
higher compared to ancient Chinese. This can be attributed to
the evolution of the Chinese language over time, influenced
by socio-cultural changes and language contact. Modern
Chinese accommodates a broader range of vocabulary to
express contemporary concepts, leading to a more even
distribution acrossword lengths.

From a linguistic perspective, this discrepancy can be
attributed to the differences in linguistic structures and writing
conventions between ancient and modern Chinese. Classical
Chinese often relied on monosyllabic morphemes, resulting in
a higher frequency of shorter words. In contrast, modern
Chinese, while still rooted in monosyllabic morphemes, has
evolved to incorporate polysyllabic and compound words,
leading to amore even distribution of word lengths. Moreover,
cultural and sociolinguistic factors also come into play. The
shift from classical to modern Chinese coincided with
significant changes in society, technology, and global
interactions. Modernization and internationalization

necessitated the adoption of new terminologies, contributing
to a richer vocabulary with diverse word lengths.

3) Lexical richness and lexical density:

The Type/Token Ratio (TTR), commonly employed by
linguists, serves as a pivotal metric for gauging the lexical
diversity inherent within a given text. The token count,
representing the total vocabulary within a corpus, is
designated as the token, while the type signifies the non-
repeated count of forms, encapsulating the total number of
distinct word forms. The ratio between the two components
inherently reflects the lexical variance exhibited within the
corpus. Generally, a higher Type/Token Ratio (TTR) value
indicates a greater degree of vocabulary variation and richness
within the text. However, the frequent recurrence of non-
content words such as Chinese particles " (&), 1] (h8, T
(ha), J5 (ndi), = (zhi)," and English articles "the, of, a"
within substantial textual corpora may lead to distortion in
TTR application. Within this context, researchers have
proposed the Standardized Type/Token Ratio (STTR), which
entails computing the type/token ratio within each unit
capacity of the corpus and subsequently averaging the results
to derive the standardized type/token ratio. Furthermore,
correlated studies indicate that the trajectory of the token ratio
curve parallels that of the logarithmic curve. Consequently, an
augmented computation involving logarithmic smoothing has
been introduced to the original formula, enhancing the
reliability of the outcomes.

Types 0
TTR = Tokers 100%
log T ypes
log TTR = —————— x 1009
g log T okens %

Lexical density, calculated as the ratio of content words to
the total number of words, is a frequently employed linguistic
metric for gauging the amount of information in a text.
Content words, encompassing nouns, content verbs,
adjectives, and adverbs, are indicative of words that convey
substantive meaning. The lexical density, derived from the
ratio of content words to the total vocabulary size, serves as
an intuitive indicator of the richness or sparsity of language
within a given text. By statistically analyzing the occurrence
of characters, function words, and content words in classical
Chinese, modern Chinese, and English translations, and
employing the metrics of Type-Token Ratio (TTR), log TTR,
and lexical density, the distinctive linguistic characteristics of
the canonical texts are juxtaposed. The ensuing results are
presented in the following table.

Ancient Modern Enalish

Table Head Chinese Chinese nglis

Token 191279 250882 348094

Type 11789 11789 18537

Substance 90210 87864 179040
word
TTR

(Type / Token 0.0616 0.0470 0.0532
Ratio)

log TTR 77.09% 75.41% 77.02%

Lexical density 51.93% 45.02% 31.43%
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The numerical values in the table represent the overall
corpus size of the text, indicating that the corpus size of
ancient Chinese texts is relatively small, followed by modern
Chinese and then English translations. The figures of different
symbols in the text represent the number of distinct
vocabulary items, illustrating the highest diversity in
vocabulary usage in modern Chinese. The type-token ratio
(TTR) of ancient Chinese is the highest, reaching 0.0616,
while the TTR of modern Chinese and English translations are
comparable. The smoothed type-token ratio (STTR), another
metric, shows a relatively minor difference among the three,
with modern Chinese having the highest value, followed by
ancient Chinese and then English translations having the
lowest STTR. The lexical density of ancient Chinese texts is
the highest at 51.93%, whereas modern Chinese has a lexical
density of 45.029%. English translations exhibit the lowest
lexical density, amounting to only 31.43%. The modern
Chinese translation supplements the omitted subject and
conjunction in the classical Chinese sentence, while the
English translation further adds auxiliary words indicating the
tense of the action. Accordingly, this reaffirms that classical
Chinese vocabulary is richer than modern Chinese and that
Chinese vocabulary is more extensive than English. The
lexical density also validates the theory of translation
simplification in linguistics. From ancient Chinese to modern
Chinese and from ancient Chinese to English, as well as from
modern Chinese to English translations, translated texts tend
to utilize more refined and concise linguistic vocabulary.

V. DISCUSSION

The intricate architecture of LLMs, while affording them
the ability to comprehend and generate complex linguistic
patterns, also renders them susceptible to dependencies that
may hinder their applicability. One such limitation pertains to
instruction optimization, a critical aspect that affects the
precision and efficiency of analyses conducted using LLMs.
Instruction optimization involves the alignment of input
instructions or prompts with desired output. LLMs rely
heavily on these prompts to generate contextually relevant and
accurate responses. However, the challenge arises when
intricate or specialized prompts are required to elicit nuanced
responses. LLMs may struggle to accurately interpret such
instructions, leading to suboptimal outcomes in terms of
analysis results. This dependence limitation is of particular
concern in scenarios where the analysis demands a fine-
grained or domain-specific approach. When the nuances of a
particular linguistic or contextual domain are essential for
accurate analysis, the reliance on generic prompts provided to
LLMs can hinder their effectiveness. The model's output is
contingent on the quality and appropriateness of the
instructions it receives, which, in turn, affects the reliability of
the analysis results.

In light of these considerations, it is noteworthy that our
study refrained from utilizing the LLM model for the analysis
results. This strategic decision was made to ensure the highest
degree of precision and contextual relevance in our analyses.
By acknowledging the limitations of LLMs, specifically in
terms of instruction optimization, we strive to adopt a
comprehensive approach that leverages the strengths of
different methodologies while mitigating potential pitfalls. It
is important to underscore that the intention is not to disregard
the capabilities of LLMs but rather to harness them judiciously
in alignment with the unique demands of the analysis at hand.
As the field of computational analysis continues to evolve,

such considerations regarding the limitations and advantages
of different models contribute to a holistic understanding and
effective application of advanced technologies.

In the subsequent sections of this paper, we delve into the
methodology employed, highlighting the rationale behind our
approach and underscoring the importance of a nuanced
assessment that takes into account both the potential and
constraints of LLMs.

VI. CONCLUSION

In conclusion, this study elucidates the multifaceted nature
of cross-language translation styles within the Chinese context.
By harnessing the power of a pre-training model and a corpus-
driven methodology, the research underscores the intricate
interplay of linguistic elements and contextual dynamics. The
selection of translation style profoundly impacts the reception
and interpretation of these timeless texts.

The findings hold far-reaching implications for both
translation theory and practice. The nuanced analysis of cross-
language translation styles contributes to an enriched
theoretical framework, enhancing our comprehension of
language transfer. Practically, the insights garnered from this
investigation offer guidance to translators, enabling them to
navigate the intricate terrain of Chinese translation with
heightened sensitivity.A judicious amalgamation of fidelity to
the original and contextual adaptation is imperative in
upholding the enduring relevance of ancient Chinese wisdom
in a globalized world. The unveiled translation styles enrich
translation theory and provide practical insights for translation
practitioners. This study not only advances scholarly
discourse but also paves the way for a more profound
understanding of the complexities inherent in Chinese
translation.
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