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Abstract
To address the problem of automatically identifying existing concepts and dis-
covering new concepts in specific domains, we propose an extraction method
based on conditional random fields and information entropy. By using condi-
tional random fields to predict the boundaries of concept words in text and
comparing them with concepts in a dictionary, we filter candidate new concepts
and identify their approximate locations. Mutual information and left-right
entropy are then used respectively to evaluate the internal cohesion within the
concept window and the freedom of concept boundaries, thereby discovering new
domain-specific concepts. Experiments demonstrate that using this method for
concept discovery achieves better results than using conditional random fields
alone, with the accuracy of concept discovery improving by 20.06% and 46.54%
for character-based and word-based models, respectively.
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Abstract: To address the problem of automatically identifying existing con-
cepts and discovering new concepts in specific domains, this paper proposes an
extraction method based on conditional random fields and information entropy.
The method uses conditional random fields to predict the boundaries of con-
ceptual words in text. By comparing these predictions with existing concepts
in a dictionary, candidate new concepts are selected and their approximate
locations identified. Mutual information and left-right entropy are then em-
ployed to evaluate the internal cohesion within the concept window and the
boundary freedom of concepts, thereby discovering new professional concepts.
Experiments demonstrate that this approach achieves better results than us-
ing conditional random fields alone, improving concept discovery accuracy by
20.06% for character-based models and 46.54% for word-based models.

Key words: concept recognition; new concept discovery; conditional random
field; information entropy; specific field

0 Introduction
The rapid development of scientific research in recent years has led to an endless
emergence of specialized vocabulary across various domains. Typically, domain-
specific terminology appears frequently in knowledge dissemination media for
the corresponding field. These terms exhibit considerable particularity and spe-
cialization, and only domain experts possess adequate familiarity with them.
The pace of new domain concept emergence has even outstripped the cogni-
tive capacity of scholars in some fields. Consequently, efficient, accurate, and
comprehensive identification and discovery of domain-specific new words hold
significant importance.

Existing research on domain-specific new word discovery primarily falls into
two categories: rule-based methods and statistical methods [?]. Rule-based ap-
proaches require constructing a rule library, where domain experts formulate
universal and specific word-formation rules based on professional knowledge de-
velopment and linguistic principles. Li Ming [?] utilized an improved Apriori
algorithm to process corpora and generate association rules for extracting new
domain vocabulary. Sasano et al. [?] addressed Japanese neologisms by em-
ploying derivation rules and onomatopoeia patterns, discovering optimal paths
by adding new nodes to sentence structure frameworks, achieving favorable
recognition results for certain new word categories. Zheng Jiaheng et al. [?]
established a rule library based on Chinese word-formation principles, discover-
ing new words through “mutually exclusive string”filtering and morphological
rules. While rule-based methods achieve high accuracy, they suffer from severe
domain limitations. The rapid update rate of specialized vocabulary necessitates
continuous rule updates, resulting in high construction costs.

Statistical methods identify domain neologisms by calculating statistical fea-
tures such as word frequency and co-occurrence probabilities from large-scale
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corpora. Li et al. [?] proposed a method based on word internal cohesion and
boundary freedom for discovering new words from fragmented strings gener-
ated during word segmentation. Yao Rongpeng et al. [?] employed the N-Gram
algorithm to obtain candidate new words, then applied improved mutual infor-
mation and adjacent entropy for candidate expansion and filtering, combining
dictionary screening to obtain new words. Lei et al. [?] introduced a hierarchi-
cal clustering approach that grouped Weibo corpora into topic-specific clusters
to enhance statistical features and improve new word extraction accuracy. Al-
though statistical methods are not domain-restricted, they typically suffer from
low recognition accuracy due to data sparsity.

To address the limitations of each approach, many researchers have proposed
hybrid statistical and rule-based methods. Du Liping et al. [?] combined an
improved mutual information algorithm with a small set of basic rules to auto-
matically identify internet neologisms from corpora, demonstrating effectiveness
in large-scale new word discovery using Baidu Tieba data. Lei Yiming et al. [?]
employed a mutual information statistical model with right-neighbor iteration
for candidate acquisition and introduced external statistical measures to filter
low-frequency words. Zhou Shuangshuang [?] classified and summarized Weibo
neologisms using heuristic rules, then improved new word boundary recognition
accuracy and low-frequency neologism identification precision by fusing CRF
and SVM models with a modified C/NC-value algorithm. Hybrid approaches
combine the advantages of both paradigms, often yielding superior results in
new word identification.

Currently, various machine learning methods have been applied to new word
discovery with promising results, including CRF (Conditional Random Fields),
HMM (Hidden Markov Models), SVM (Support Vector Machines), and DT
(Decision Trees). Chen Fei et al. [?] summarized numerous statistical features
for distinguishing new word boundaries and utilized CRF for experiments. Ding
Xiangwu et al. [?] employed word2vec to convert words into vectors during
medical domain text structuring, using vector similarity to represent internal
word cohesion, combined with left-right entropy and word frequency statistics
to discover new medical terms. Xu Yuanfang et al. [?] vectorized candidate new
words and word features to construct candidate vectors, building matrices with
trained support vectors for SVM-based new word classification.

This paper proposes a novel domain-specific new word discovery method com-
bining CRF with mutual information and left-right entropy. First, existing pro-
fessional vocabulary is used to annotate corpora for CRF training. The trained
model then identifies candidate strings, which consist of complete professional
terms, incomplete terms, and non-professional terms. After filtering out exist-
ing concepts from the lexicon, mutual information is applied to concatenate
remaining strings, and left-right entropy is used for screening to discover new
concepts.
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1.1 Conditional Random Fields
Conditional Random Fields (CRF) [?] represent a discriminative probabilistic
model and a type of Markov random field. They enable training and infer-
ence using complex, overlapping, and non-independent features, fully leverag-
ing contextual information while accommodating additional external features.
This model captures rich feature information while addressing label bias issues
present in maximum entropy models.

The CRF model structure is illustrated in [Figure 1: see original paper]. Con-
nections between vertices represent dependencies among random variables. In
CRF, random variables satisfy conditional probability distributions, with given
observation sequences as random variables.

Let the observation sequence be 𝑋 = {𝑥1, 𝑥2, ..., 𝑥𝑛}, where input data can
be characters or words from text. The corresponding state sequence is 𝑌 =
{𝑦1, 𝑦2, ..., 𝑦𝑛}. When the observation sequence 𝑋 takes value 𝑥, the conditional
probability of state sequence 𝑌 taking value 𝑦 is calculated as:

𝑃(𝑦|𝑥) = 1
𝑍(𝑥) exp (

𝐾
∑
𝑘=1

𝑛
∑
𝑡=1

𝜃𝑘𝑓𝑘(𝑦𝑡, 𝑦𝑡−1, 𝑥𝑡))

where 𝜃𝑘 represents the weight parameter for feature function 𝑓𝑘; 𝑦𝑡 and 𝑦𝑡−1
denote the current and previous output states respectively; 𝑥𝑡 is the current
input state; and 𝑍(𝑥) is the normalization factor calculated as:

𝑍(𝑥) = ∑
𝑦′

exp (
𝐾

∑
𝑘=1

𝑛
∑
𝑡=1

𝜃𝑘𝑓𝑘(𝑦′
𝑡, 𝑦′

𝑡−1, 𝑥𝑡))

In CRF applications, feature selection directly impacts feature function effective-
ness. There is no fixed format for feature selection; it requires comprehensive
consideration of target domain, text language, and expression characteristics.
Typically, input state sequence features are combined through superposition.

1.2 Mutual Information
Mutual Information (MI) [?] measures the mutual dependence between two
random variables. Larger mutual information indicates greater likelihood that
a bigram constitutes a new word or part thereof, reflecting stronger internal
word cohesion. By comparing with a preset threshold, when internal cohesion
exceeds the threshold, the two components are considered to form a word. The
mutual information between random variables 𝑋 and 𝑌 is defined as:
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𝑀𝐼(𝑥, 𝑦) = log 𝑝(𝑥, 𝑦)
𝑝(𝑥)𝑝(𝑦)

where 𝑝(𝑥, 𝑦) is the joint probability distribution function (co-occurrence prob-
ability in corpus); 𝑝(𝑥) and 𝑝(𝑦) are marginal probability distribution functions
(individual occurrence probabilities). When 𝑀𝐼(𝑥, 𝑦) ≫ 0, 𝑋 and 𝑌 are highly
correlated, frequently co-occurring, indicating higher probability that string 𝑥𝑦
forms a new word. When 𝑀𝐼(𝑥, 𝑦) = 0, 𝑋 and 𝑌 are independent. When
𝑀𝐼(𝑥, 𝑦) < 0, 𝑋 and 𝑌 are negatively correlated.

1.3 Left-Right Entropy
Left-right entropy, or branch entropy (BE) [?], measures the uncertainty of
characters adjacent to a word. Meaningful words in corpora typically appear
with high frequency across different documents, demonstrating high flexibility in
collocating with various external conditions. More diverse collocations indicate
greater word flexibility and higher boundary freedom. This paper employs left-
right entropy of candidate new words to quantify boundary freedom. The left
and right entropy for candidate word 𝑤 are defined as:

𝐻𝑙(𝑤) = − ∑
𝑤𝑙∈𝑆𝑙

𝑝(𝑤𝑙|𝑤) log 𝑝(𝑤𝑙|𝑤)

𝐻𝑟(𝑤) = − ∑
𝑤𝑟∈𝑆𝑟

𝑝(𝑤𝑟|𝑤) log 𝑝(𝑤𝑟|𝑤)

where 𝑆𝑙 is the left-neighbor character set of candidate word 𝑤; 𝑤𝑙 is an element
in 𝑆𝑙; 𝑆𝑟 is the right-neighbor character set; and 𝑤𝑟 is an element in 𝑆𝑟. If both
left and right entropy values are large, the candidate word has many adjacent
word strings with relatively uniform frequency distribution, indicating low prob-
ability of forming new words with neighbors. If either left or right entropy is
small, the frequency distribution of adjacent word strings is non-uniform, sug-
gesting higher probability of forming new words with high-frequency adjacent
strings.

2 Domain-Specific Concept Discovery Based on CRF and
Information Entropy
This paper frames domain-specific concept discovery as a boundary prediction
problem for text sequences. Concept discovery is integrated into the word seg-
mentation process, identifying new concepts by comparing with existing lexicons.
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The method comprises three main components: corpus annotation, CRF model
training and candidate concept identification, and mutual information concate-
nation with left-right entropy filtering, as illustrated in [Figure 2: see original
paper].

2.1 Corpus Annotation

The annotation scheme used in this paper is shown in . We adopt the commonly
used BEMSN tagging set for word segmentation, which identifies word begin-
nings (B), middles (M), ends (E), single-character words (S), and irrelevant
words (N). Additionally, part-of-speech tagging is required for segmentation,
with details referring to the HanLP Part-of-Speech Tagging Set.

2.2 CRF Model Training and Candidate Concept Identification

The data processing pipeline is shown in [Figure 3: see original paper]. Concept
identification is treated as a sequence labeling problem. The raw corpus is seg-
mented using a word segmentation tool, leveraging contextual information and
external features. Segmentation results are annotated with part-of-speech, word
beginning, middle, and end tags according to the concept lexicon. The input
consists of word sequences with part-of-speech markers, as shown in Equation
(6):

𝑊 = {𝑤1/𝑡1, 𝑤2/𝑡2, ..., 𝑤𝑛/𝑡𝑛}

where 𝑛 represents the number of words in the sentence; 𝑤𝑖 denotes a word; and
𝑡𝑖 represents its part-of-speech tag.

Using the annotated corpus, CRF model parameters are trained to obtain a
domain concept recognition model through the learning process. As shown in
[Figure 4: see original paper], the trained model combined with CRF decoding
algorithms identifies concept word boundaries in new corpus texts, performing
word splitting and merging to output an optimal “word form/part-of-speech”
sequence:

𝑆∗ = arg max
𝑆

𝑃(𝑆|𝑊)

where 𝑆 = {𝑆1, 𝑆2, ..., 𝑆𝑛} represents the state sequence.

2.3 Mutual Information Concatenation and Left-Right Entropy Fil-
tering

The CRF model recognition yields candidate concept words, many of which are
incorrect due to incomplete strings. The proposed algorithm edits these incor-
rect concepts based on the following principle: 统计 incorrect concept words’left
and right candidate words, calculate corresponding mutual information, select
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candidates with larger MI values for concatenation to form new words, then
compute the left-right entropy of these new words, taking the smaller entropy
value as the word’s information entropy. Through iterative recursion, the new
word with maximum information entropy under constraints is identified as the
discovered concept.

For example, CRF might identify the incomplete candidate “施工过程仿真”(con-
struction process simulation). By concatenating the right neighbor via mutual
information, we obtain “施工过程仿真分析”(construction process simulation anal-
ysis). After calculating its left-right entropy and taking the minimum value,
comparison with other candidates’entropy values reveals that “施工过程仿真分
析”has the maximum information entropy, thus constituting a discovered new
concept.

The algorithm is described as follows:

Input: Candidate concept word set 𝑆
Output: Concept word with maximum information entropy

1. For each 𝑆𝑖 in 𝑆 where 𝑖 ∈ {1, 2, 3, ..., 𝑛}:
• If |𝑆𝑖| = 1, use mutual information method
• If |𝑆𝑖| > 1, use part-of-speech distribution concatenation method
• Let 𝑙𝑤 and 𝑟𝑤 be left and right adjacent words respectively
• Store the value of 𝑆𝑖 when 𝐻(𝑆𝑖) reaches maximum

2. End for

3 Experimental Setup and Results Analysis
3.1 Experimental Dataset

This paper uses books and journals from the construction engineering domain as
the corpus for new word discovery experiments. A total of 70,962 construction
engineering concept terms were extracted and used to annotate 245 construction
engineering books. [Figure 5: see original paper] shows a sample of the raw data,
where all text from the books serves as experimental material.

To investigate information extraction from different segmentation granularities,
the experimental corpus is divided into two groups: one segmented using the
HanLP tool with part-of-speech information from the HanLP Part-of-Speech
Tagging Set, and the other using characters directly as experimental units.

Experimental data is formatted as shown in [Figure 6: see original paper], where
each annotation line contains: the word to be recognized, its part-of-speech
feature, and the correct tag.
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3.2 Experimental Scheme

Feature templates are used to generate feature functions, as illustrated in [Figure
7: see original paper]. Each line in the template file represents a template spec-
ifying each unit in the input data via %x[Row, Column], where Row indicates
line offset and Column indicates column position.

Experiments employ CRF++ 0.58 as the CRF implementation tool. For con-
venience, the aforementioned feature sets are labeled with letters as shown in
.

Four cross-validation experiments were conducted to verify algorithm effective-
ness:

Experiment 1: Character vs. word-based CRF comparison. Investigates CRF
model performance with different annotation granularities (character or word)
for information extraction.

Experiment 2: Part-of-speech feature effectiveness test. Evaluates the impact
of adding part-of-speech features in word-based experiments.

Experiment 3: Mutual information and left-right entropy addition compar-
ison. Compares performance with and without MI and entropy processing in
character- and word-based experiments.

Experiment 4: Fusion experiment. Uses the recognition model from Experi-
ment 2 to annotate new texts for concept discovery, applying MI and left-right
entropy for concatenation and filtering, comparing with other groups to assess
the impact of part-of-speech features and post-processing.

3.3 Experimental Results

Results are shown in [Figure 8: see original paper], where WP denotes new word
discovery precision, WR denotes recall, and WF denotes F-score; NP, NR, and
NF represent precision, recall, and F-score for construction engineering concept
recognition respectively.

Experiment 1 results ([Figure 8: see original paper]) show that character-
based recognition achieves higher precision and recall than word-based
approaches. Using CRF with characters as basic units yields recall rates
3.56% higher for new word discovery and 5.7% higher for concept recognition
compared to the best word-based performance.

Experiment 2 results ([Figure 9: see original paper]) demonstrate that adding
part-of-speech features to word-based experiments improves information extrac-
tion recall.

Experiment 3 results ([Figure 10: see original paper]) reveal significant im-
provement after adding MI and left-right entropy processing. Character-based
model accuracy improved by 20.06%, while word-based model accuracy im-
proved by 46.54%. The smaller improvement for character-based models is
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attributed to character concatenation producing less complete results than di-
rect word concatenation.

The fusion experiment, implementing the complete proposed method, achieved
excellent results by using part-of-speech-enhanced CRF to identify approximate
concept locations, then applying MI and entropy for concatenation and filtering.
Results are shown in [Figure 11: see original paper].

Summary: Post-processing CRF recognition with mutual information and left-
right entropy effectively improves concept discovery precision and recall. CRF
identifies approximate concept locations, and information-theoretic methods ex-
tract complete, accurate construction engineering concepts from these positions.
Comparison between character- and word-based methods shows that while CRF
identifies similar concept locations, the word-based approach with part-of-speech
features and post-processing yields the best results.

4 Conclusion
This paper proposes a domain-specific concept identification method combining
conditional random fields with left-right entropy. The approach involves corpus
annotation, CRF model training for candidate word recognition, lexicon-based
filtering of existing concepts, and concatenation/screening of remaining candi-
dates using mutual information and left-right entropy to discover new concepts.
Experiments on construction engineering corpora validate the method’s effec-
tiveness from perspectives of segmentation granularity, feature selection, and
MI/entropy processing. Results show that the method improves information
extraction precision and recall without additional manual annotation while en-
hancing recognition efficiency. Note that annotation set quality and machine
performance significantly impact model training and consequently concept iden-
tification effectiveness.
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