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Abstract
Abstract

【Objective】To verify the impact of word segmentation consistency and corpus
type on CRFs segmentation efficiency in medieval Chinese texts, and on this
basis, further improve segmentation efficiency and reduce manual proofreading
workload.

【Method】Taking historical texts, Buddhist scriptures, and novel-type corpora
from the medieval period as examples, this study addresses the automatic word
segmentation problem in medieval Chinese by optimizing segmentation princi-
ples and employing a method that combines CRFs models with dictionaries to
eliminate common inconsistencies in manual segmentation results for medieval
Chinese; simultaneously, two features—character classification and dictionary
information—are introduced into CRFs segmentation, and the most appropriate
segmentation template for each feature is selected through comparative experi-
ments.

【Results】Experimental results show that the overall F-score of segmentation
results reaches over 99% in closed testing and 89%-95% in comprehensive open
testing.

【Limitations】The research on segmentation inconsistency primarily focuses on
two-character words, thus the recognition performance for words of three or
more characters (multi-character words) is somewhat limited.

【Conclusion】Given the effective improvement in segmentation consistency, char-
acter classification and dictionary tagging features can effectively improve the
accuracy of CRFs-based word segmentation for medieval Chinese; meanwhile,
the medieval Chinese word segmentation system proposed in this paper can be
applied to multi-category Chinese corpora from the medieval period.
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Automatic Word Segmentation for Middle Ancient Chinese
Based on CRFs and Dictionary Information
Wang Xiaoyu, Li Bin
(School of Chinese Language and Literature, Nanjing Normal University, Nan-
jing 210097)

Abstract
Objective: This study investigates how segmentation consistency and corpus
type affect the efficiency of Conditional Random Fields (CRFs) for word seg-
mentation in Middle Ancient Chinese (MAC), aiming to improve segmentation
accuracy and reduce manual proofreading workload.

Methods: Using historical records, Buddhist scriptures, and novels from the
MAC period as experimental corpora, we optimized segmentation principles
and employed a hybrid approach combining CRFs with dictionary information
to eliminate segmentation inconsistencies common in manual annotation. We
introduced two features—character classification and dictionary marking—into
the CRFs model and identified optimal segmentation templates through com-
parative experiments.

Results: Experimental results show that the overall F-score exceeded 99% in
closed tests and reached 89%-95% in open tests.

Limitations: The consistency research primarily focused on two-character
words, leaving room for improvement in recognizing words with three or more
characters.

Conclusions: Character classification and dictionary marking features effec-
tively improve CRFs segmentation accuracy for MAC when segmentation con-
sistency is properly addressed. The proposed MAC segmentation system can
serve multiple corpus types from this period.

Keywords: Conditional Random Fields Model; Segmentation Consistency;
Middle Ancient Chinese; Automatic Word Segmentation

Introduction
The boundary between words and phrases in Chinese is often ambiguous, a
phenomenon particularly pronounced in Middle Ancient Chinese. In Chinese
historical linguistics, the MAC period spans from the late Eastern Han Dynasty
to the Sui Dynasty, representing a transformative phase when Chinese vocab-
ulary shifted from predominantly single-character words to double-character
words. This transition produced numerous character combinations occupying
a gray area between words and phrases. Some were undergoing lexicalization,
while others represented temporary multi-character combinations used as words.
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These ambiguous combinations make the word-phrase boundary especially un-
clear in MAC. During corpus construction, individual annotators’linguistic in-
tuitions vary, and the lexicalization timeline and degree of these combinations
cannot be fully quantified, inevitably causing segmentation difficulties. This not
only leads to segmentation inconsistency in manual annotation but also severely
constrains the improvement of machine segmentation accuracy and consistency
when using manually segmented data as training corpora. Word segmentation is
fundamental to Chinese corpus construction and critically impacts subsequent
annotation and semantic analysis tasks.

While MAC corpora are not as extensive as modern Chinese, they still com-
prise hundreds of millions of characters, including numerous historical records,
Buddhist scriptures, folk literature, and miscellaneous writings [?]. Computer
processing of MAC inevitably requires automatic word segmentation. However,
research on ancient Chinese information processing remains limited, with even
fewer studies focusing specifically on MAC segmentation. Wang Jialing [?]
conducted automatic segmentation research on the Book of Han, establishing
segmentation standards and achieving 94.4% F-score using CRFs with charac-
ter classification and archaic phonological features. However, this study used
only one book, which cannot represent the full scope of MAC corpora. More-
over, MAC materials exhibit significant variation across categories—not only
between historical records, Buddhist scriptures, and miscellaneous writings but
also within categories, such as differences between translated scriptures and bi-
ographies of monks. This substantially reduces the scalability of such research.

Wang Xiaoyu et al. [?] sampled 280,000 characters from representative MAC
corpora, quantifying segmentation errors, inconsistencies, and combinatory am-
biguities. They analyzed causes and categories of segmentation inconsistency
and proposed solutions, covering Buddhist scriptures, historical records, and
novels to reveal the general landscape of MAC manual segmentation and iden-
tify specific problems, laying groundwork for further research.

Building on these studies, this paper addresses MAC segmentation issues the-
oretically and practically. First, we formulated and optimized segmentation
principles for strings prone to inconsistency, calibrating manual annotations to
minimize errors and inconsistencies. Then, using the refined corpus as training
data, we introduced character classification and dictionary marking features,
testing multiple feature templates through comparative experiments to select
the most effective ones. Finally, we designed two comparative experiments to
verify how corpus type and segmentation consistency affect CRFs performance.
These results directly serve MAC corpus construction.

2.1 Segmentation Principles
Although the word-phrase boundary in Chinese is often unclear, this does not
hinder human language comprehension. Similarly, segmentation need not obsess
over linguistic demarcation—so long as the system is applicable and granularity

chinarxiv.org/items/chinaxiv-201711.01929 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01929


appropriate, computers can correctly process linguistic units. This concept also
applies to dictionary compilation, where stable phrases and idioms are included
alongside words without forcibly distinguishing them. Consequently, the natural
language processing field introduced the concept of“segmentation units”—basic
units with definite semantic and grammatical functions [?].

MAC vocabulary contains many word-phrase ambiguous strings that cause seg-
mentation inconsistency and severely impact corpus quality. Clarifying these
boundaries is key to improving MAC corpus construction. The“Middle Ancient
Chinese Lexicon”[?] (hereafter “the lexicon”) represents a major achievement
of the MAC corpus project, incorporating entries from The Great Chinese Dic-
tionary [?], Wei-Jin Southern and Northern Dynasties Words and Expressions
[?], Middle Ancient Function Words and Expressions [?], Buddhist Dictionary
[?], and Sutras Words Explanations [?], with over 540,000 entries covering most
MAC vocabulary.

Based on this lexicon and to balance uniformity, referentiality, and semantic
completeness, we follow three principles for ambiguous strings:

1. Inclusiveness Principle: For word-phrase ambiguous strings that do
not affect semantic understanding, prioritize combination over separation.

2. Dictionary Principle: Following Huang Juren’s concept of segmentation
reliability [?], any semantic unit included in the lexicon must be combined.

3. Semantic Opacity Principle: Semantic opacity includes four cases:
new meanings through metaphor/metonymy, referential meaning shift,
meaning loss in components, and part-of-speech change. Any unit meeting
these criteria must be combined.

These optimized principles guide manual segmentation to produce training cor-
pora. However, since training data comes from multiple annotators, inconsisten-
cies persist [?]. Therefore, we further refined the training corpus to eliminate
segmentation inconsistencies and designed comparative experiments using pre-
and post-refinement data to verify consistency’s impact.

2.2 Experimental Corpus
Historical records and Buddhist scriptures constitute the most abundant MAC
literature, supplemented by smaller amounts of folk literature (e.g., novels) and
miscellaneous writings. We selected these two primary categories plus some
novels as experimental corpora, detailed in Table 1 .

All corpora in Table 1 were preliminarily manually segmented and annotated.
Following Section 2.1 principles, we proofread these results to minimize incon-
sistencies, creating pre- and post-consistency refinement versions. The post-
proofreading test corpus served as the gold standard.

Three experimental setups used these materials: 1. For feature template se-
lection, all manually segmented training corpora from Table 1 were used, with
1,000 characters selected from each of four test corpora as the combined test set.

chinarxiv.org/items/chinaxiv-201711.01929 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01929


2. For consistency impact comparison, pre- and post-refinement corpora served
as training data, with test corpora as shown in Table 1. 3. For corpus mixture
impact comparison, historical records, Buddhist scriptures, and the complete
corpus were used separately as training data, with test corpora as shown in
Table 1.

3 Model and Feature Template Selection
Statistical segmentation can be viewed as a text sequence classification prob-
lem, where the core task is identifying word boundaries—start, middle, and
end positions. Segmentation models calculate the joint probability distribu-
tion of annotation sequences given observation sequences [?] to predict the most
likely output. Among mainstream models like HMM, MEMM, and CRFs, CRFs
demonstrate superior performance by overcoming HMM’s strong independence
assumptions and MEMM’s label bias problem [?]. Therefore, we selected CRFs
as our experimental model, adding different features and templates to identify
the most effective combination.

3.1 Feature Selection
Applying CRFs to segmentation involves mining positional knowledge of char-
acters in word formation from training corpora [?]. Features are core to CRFs
segmentation, directly affecting accuracy. However, more features are not al-
ways better, as they increase computational load and risk interference from
redundant data. We selected character classification and dictionary marking as
features:

1. Character Classification: This coarse-grained classification of charac-
ters significantly improves segmentation accuracy for both modern [?]
and ancient Chinese [?]. Our classification set is: T1 = {HZ, Punc,
SenPunc, CNum, CCNum, D, X}, corresponding to Chinese characters,
regular punctuation, sentence-ending punctuation, numerals, Heavenly
Stems/Earthly Branches, the ordinal marker character, and unrecognized
characters.

Since MAC uses Chinese characters for numbers that cannot be exhaus-
tively enumerated, we created special categories for numerals and Heavenly
Stems/Earthly Branches, which follow regular patterns. MAC texts also
use traditional characters with variant and obscure forms, handled by the
“unrecognized character”category. Both character classification and dictionary
marking use automatic annotation.

2. Dictionary Marking: This dynamically marks characters’dictionary
combination status. CRFs models rely on word frequency and contex-
tual information, struggling with low-frequency words and showing strong
corpus dependence. Two remedies exist: combining statistical methods
with rules/dictionaries [?], or using large homogeneous training corpora.

chinarxiv.org/items/chinaxiv-201711.01929 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01929


However, MAC corpora are limited in size and heterogeneous, making the
second approach impractical.

Therefore, we introduced dynamic dictionary marking based on the lexicon,
using annotation set: T2 = {B, M, E, S, W, T, H, F}, representing word-
beginning, word-middle, word-ending, single-character, punctuation, characters
belonging to two words, three words, and four+ words respectively.

Using the opening of the Sutra of One Hundred Parables—“Thus have I heard: At
one time the Buddha was staying in Rajagaha”—the marking process matches all
possible segmentations against the lexicon, identifying the segments:“Thus have
I heard,”“thus,”“at one time,”“Rajagaha,”and“Rajagaha city.”The characters
are then classified based on their positions in these segments: - Characters
appearing only at word beginnings (e.g., the first characters of “Thus have I
heard”and “one”) are marked “B”- Characters appearing in two words (e.g.,
characters that appear in both “Thus have I heard”and “thus”) are marked
“T”- Characters appearing only at word endings (e.g., the final characters of
“time”and“city”) are marked“E”- Characters that function as single-character
words (e.g., “Buddha”and “dwelt”) are marked “S”- Punctuation is marked
“W”

Based on character classification, dictionary marking, and proofread manual
segmentation as gold standard, we obtained the standard CRFs corpus format
shown in Table 2 .

3.2 Feature Template Comparison Experiments
In CRFs, feature templates effectively extract word boundary information, di-
rectly impacting segmentation quality. We added character classification and
dictionary marking features sequentially, testing different templates for each.
Results appear in Table 3 .

Using only literal information, two-character word F-score negatively correlated
with overall F-score. The 1W+2C template ($±$1 character window, two-
character co-occurrence) achieved the highest overall F-score, though with the
lowest two-character word F-score, maintaining stable precision/recall ratios.
Other templates over-segmented two-character words, increasing error rates.

Character classification effectively distinguishes characters, punctuation, and
numerals, particularly improving segmentation of numeral-based units. Adding
this feature improved overall F-score by ~6% and two-character word F-score.
Templates 2C and 1W+2C correctly segmented three+ character numerals. The
optimal character classification template is 2C.

Dictionary marking, as an authoritative resource, substantially boosted F-scores,
reversing the negative correlation between two-character and overall F-scores.
The best dictionary marking template is clearly 1W+2C, improving overall F-
score by 39.91% over literal-only baseline.
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In summary (bolded in Table 3), we selected: - Literal information + dictionary
marking: 1W+2C template - Character classification: 2C template

The combined template is: Template-all = (2C) literal information + (1W+2C)
character classification + (1W+2C) dictionary marking

4.1 Experimental Design
Theoretically, more uniform training corpora yield more regular segmentation
patterns. However, MAC historical records and Buddhist scriptures exhibit
significant linguistic and lexical differences, which may affect CRFs performance.
We designed two comparative experiments:

Experiment 1: Consistency Impact - Using pre- and post-consistency re-
finement corpora as training data to examine how segmentation consistency
affects CRFs results.

Experiment 2: Corpus Mixture Impact - Using separately and combined
historical records and Buddhist scriptures as training data to examine how cor-
pus heterogeneity affects CRFs results.

4.2 Evaluation Metrics
Using proofread manual segmentation as the gold standard, we evaluate using
precision (P), recall (R), and F-score. The formulas are:

𝑃 = 𝑅𝑊
𝐴𝑊 𝑅 = 𝑅𝑊

𝑆𝑊 𝐹 = 𝑃 × 𝑅 × 2
𝑃 + 𝑅

Where RW = correctly segmented words by CRFs, AW = total words segmented
by CRFs, and SW = total words in gold standard. P, R, and F range between 0
and 1, with values closer to 1 indicating better performance. P and R evaluate
different aspects, while F reflects comprehensive performance.

5.1 Closed Test
Using consistency-refined training corpora, we trained CRFs models on pre- and
post-refinement data and conducted closed tests to verify consistency’s impact.
Results appear in Table 4 .

F-score is the primary metric. As shown in Table 4 (bolded), we conclude: 1.
Post-consistency refinement enables more accurate boundary detection through
context, character classification, and dictionary marking, significantly improv-
ing overall F-score: +15.70% for historical records and +12.38% for Buddhist
scriptures. 2. Longer words show more significant improvement from consis-
tency refinement. As word length increases, F-score gains grow more pronounced
because inconsistencies primarily affect multi-character words, and dictionary
marking strengthens these features. 3. Multi-character word F-score improved

chinarxiv.org/items/chinaxiv-201711.01929 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01929


by 58-67%, far exceeding overall and two-character word gains, because longer
words appear less frequently and are more vulnerable to inconsistency inter-
ference. 4. Consistency refinement’s impact is slightly weaker for Buddhist
scriptures due to their specific characteristics as translated texts with more
linguistic variations, making regular pattern extraction more difficult.

Using post-refinement corpora, we tested historical records, Buddhist scriptures,
and combined corpora separately to examine mixture impact. Results appear
in Table 5 .

Table 5 shows that mixing different corpus types generally decreases F-score.
However, the decline is minimal: distinguishing corpus types improved overall
F-score by less than 0.3%. While MAC corpus categories differ, this variation’
s impact on CRFs is much smaller than that of segmentation inconsistency.

5.2 Open Test
Following Table 1, we conducted open tests using pre- and post-consistency
refinement training corpora to further verify consistency’s impact. Results
appear in Table 6 .

Table 6 confirms closed test conclusions with one difference: while consistency
refinement’s improvement is less dramatic than in closed tests, open test overall
F-score still increased significantly: +6.98% for historical records and +4.13%
for Buddhist scriptures.

Using post-refinement corpora, we tested historical and Buddhist scriptures
separately versus combined to examine mixture impact in open tests. Results
appear in Table 7 .

Combined with Table 5, Table 7 reveals: 1. In open tests without distinguishing
corpus types, F-score increased, contrasting with closed tests where it decreased.
2. Compared to closed tests, open test overall F-score changes were larger but
remained under 1%, far smaller and less stable than consistency’s impact.

These findings suggest that corpus differences affect human intuition, exacerbat-
ing inconsistency, so fine-grained classification improves results. However, after
optimizing segmentation standards and reducing inconsistency, inter-category
lexical differences prove smaller than expected. Fine-grained classification re-
duces training data per category, potentially decreasing efficiency.

Overall, fine-grained corpus classification contributes modestly to CRFs segmen-
tation, but with limited MAC data and uneven category distribution, segmen-
tation reduces per-experiment training data and may lower efficiency. Segmen-
tation consistency is a crucial quality metric that substantially impacts overall
results.
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Conclusion
This study addresses MAC segmentation challenges by establishing principles,
optimizing the process, and minimizing inconsistency through manual proof-
reading. By introducing character classification and dictionary marking fea-
tures and selecting optimal templates through CRFs comparative experiments,
we achieved a dictionary-statistics hybrid approach. Experiments demonstrate
these features effectively utilize character combination patterns and existing lex-
icon information, improving overall F-score by 5% and 35% respectively. Con-
sistency refinement significantly impacts automatic segmentation: closed test
overall F-score improved by over 10%, open test by 3-7%. Corpus type dis-
tinction has minimal impact (<1%), but given limited MAC data, fine-grained
classification reduces training data and may decrease efficiency. Therefore, with
proper consistency handling, MAC automatic segmentation need not treat dif-
ferent corpus types separately.

Our consistency standards currently target two-character words. While multi-
character word performance improved significantly, open test results remain
around 60%—not yet ideal. Future work will: 1. Investigate multi-character
word inconsistency and establish corresponding standards 2. Enhance the lexi-
con’s coverage of MAC segmentation units 3. Add longest-match marking to
dictionary features to improve low-frequency multi-character word recognition
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