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Abstract
[Purpose/Significance] Functional identification of keywords, which serve as lex-
ical items or terms capable of revealing the themes and core content of academic
texts, can provide underlying indexing support for the rapid and precise retrieval
of knowledge and literature. [Method/Process] To address the limitation of ex-
isting research in keyword context modeling that mostly focuses on symbolic
semantic representation at the textual level, and through in-depth exploration
of literature composition patterns, this paper proposes a lexical function identifi-
cation model based on multi-feature fusion. The model, while adopting BERT to
capture keyword context dependency features, fuses the positional information
of keywords in the keyword list and the full text, as well as prior knowledge of
lexical functions, and then employs an attention mechanism and feed-forward
neural network to perform problem-method semantic function discrimination
for keywords. [Results/Conclusion] Experimental results demonstrate that both
keyword positional information and prior knowledge can effectively enhance the
performance of keyword semantic function identification, with prior knowledge
contributing substantially to the improvement in identification effectiveness.
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Abstract: [Purpose/Significance] Keywords, as vocabulary or terms that re-
veal the subject and core content of academic texts, can provide underlying
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index support for rapid and precise knowledge and document retrieval when
their functions are identified. [Method/Process] Existing studies on keyword
context modeling are mostly limited to symbolic semantic representation at the
textual level. Based on an in-depth analysis of academic writing conventions,
this paper proposes a lexical function recognition model based on multi-feature
fusion. The model captures keyword context-dependent features using BERT
while integrating position information of keywords in both the keyword list and
full text, along with prior knowledge of lexical functions. Attention mecha-
nism and feed-forward neural networks are then employed to discriminate the
semantic functions of keywords as either research problems or methods. [Re-
sult/Conclusion] Experimental results demonstrate that both keyword position
information and prior knowledge can effectively improve keyword semantic func-
tion recognition performance, with prior knowledge contributing significantly to
the improvement.
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Keywords serve as functional vocabulary that maps the thematic content of aca-
demic literature, providing multi-level semantic tags for information retrieval,
knowledge organization, and large-scale text computation. However, the em-
phasis on conciseness sacrifices substantial contextual information, resulting in
ambiguous semantic functions and unclear usage intentions that make inter-
pretation difficult when detached from the original text. Compared to other
retrieval methods, queries based on keywords typically require more secondary
processing for information filtering and screening [1]. For instance, readers seek-
ing technical details and algorithmic improvements for “BM25” may retrieve
numerous documents about applying BM25 to specific problems instead. There-
fore, identifying the semantic functions of keywords in academic literature can
provide foundational support for targeted rapid knowledge indexing, holding
significant theoretical and practical value for precise knowledge retrieval and
structured knowledge representation.

Keyword semantic function recognition requires understanding contextual se-
mantics while fully exploiting underlying writing conventions. Existing research
on lexical context modeling is largely confined to symbolic semantics at the
textual level, neglecting important information such as keyword position and
text structure—features that can reveal functional roles to some extent. Ac-
cording to academic writing norms, keywords with different functions should
exhibit distinct probability distributions throughout a paper. For example, a
research problem like “image classification” would likely be emphasized in the
introduction or related work sections, while a research method like “support
vector machine” would tend to appear more frequently in methods or experi-
mental sections. W. Lu et al. [3] found through statistical analysis that the
ordering of keywords in keyword lists also follows certain patterns: keywords

chinarxiv.org/items/chinaxiv-202304.00608 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00608


describing problems or methods are typically positioned at the front of the list,
a phenomenon particularly prominent in Chinese journal articles. Furthermore,
identical keywords often have established functional tendencies across differ-
ent disciplines or fields. For instance, “support vector machine” appears as a
research problem in machine learning (e.g., improving classifier accuracy and re-
call) but more frequently serves as a research method in image recognition. To
effectively represent and utilize these characteristics, this paper designs represen-
tation methods for different features and constructs a multi-feature fusion model
for keyword semantic function recognition, integrating keyword position infor-
mation and prior knowledge to achieve semantic function identification based
on comprehensive context feature capture.

2 Related Work Overview
Keyword semantic function recognition falls within the domain of academic
text lexical function research, which remains in its preliminary exploration
stage. Early lexical function studies focused on Lexical Functional Grammar
(LFG) [4], employing statistical natural language processing methods to ana-
lyze subject-predicate-object roles at the syntactic level. Widely applied mod-
els included Conditional Random Fields (CRF) and Hidden Markov Models
(HMM). T. Moon et al. [5] designed an HMM model utilizing boundary condi-
tions by analyzing differences between text content and function words. Sun et
al. [6] first performed lexical annotation using a dictionary, then applied CRF
for iterative optimization. However, grammatical functions only reflect syn-
tactic relationships between words, failing to capture true semantic meaning.
T. Kondo et al. [7] semantically categorized lexical functions into four classes—
“domain,” “problem,” “method,” and “other”—for dynamic analysis of technical
paths and hotspot evolution in specific fields. Subsequently, H. Nanba et al. [8]
expanded the scope to patent and scientific literature abstracts for lexical se-
mantic function recognition. S. Gupta et al. [9] employed syntactic templates
and resampling on ACL datasets, achieving significant improvement in domain,
problem, and technique categories, though still not reaching practical levels. C.
T. Tsai et al. [10] divided lexical functions into technical and application cat-
egories, achieving better performance through multi-feature combination and
resampling. Cheng et al. [11] further defined concepts of academic literature
lexical functions, designing 27 features including lexical, syntactic, and chunk
features, and built a CRF-based recognition model for research problems and
methods, validated on the GUPTA dataset. K. Heffernan et al. [12] employed
multiple machine learning methods including SVM to classify vocabulary as
problem or method in academic texts. Lu et al. [13] used BERT and LSTM
methods to construct classification models for keyword semantic functions.

Overall, researchers have explored semantic function recognition for titles, ab-
stracts, and keywords in academic texts, achieving some results while revealing
limitations. Since lexical semantic function refers to the semantic role vocab-
ulary plays in text [11], existing methods model only contextual information.
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However, relying solely on context-dependent features cannot fully represent lex-
ical semantic information; position information in documents and usage conven-
tions in knowledge inheritance also reveal corresponding semantic functions. For
example, problem-related vocabulary typically appears in introductions or lit-
erature review sections, while method-related vocabulary tends to appear more
frequently in methods and experimental sections. Therefore, this paper pro-
poses a keyword semantic function recognition model that combines keyword
position information and prior knowledge.

3 Keyword Multi-Feature Representation and Fusion
3.1 Keyword Multi-Feature Representation

3.1.1 Context-Dependent Features
Academic paper titles reveal research topics and innovations, while abstracts
concisely state research purposes, methods, results, and conclusions. Recent
trends require structured abstracts describing main content. Therefore, title and
abstract information can capture keyword context-dependent features. When
mentioning problems and methods, authors employ habitual expressions such as
“基于/XX 的/…” (“based on XX…”), “…采用/XX 方法…” (“…using XX method…”),
and “…是/XX 问题/…” (“…is a XX problem…”), which constitute keyword context
features. This paper employs the BERT model, currently the most effective for
text processing, to represent keyword context-dependent features.

3.1.2 Position Features
Keywords of different semantic functions should exhibit distinct expression de-
tails. Unlike complex open-domain texts, academic texts feature rigorous logical
structure and standardized hierarchy, following the general scientific research
process from problem introduction to method description to results discussion
[11]. A complete research paper typically comprises five sections: introduc-
tion, related work, methods, experiments, and conclusion, each serving different
structural functions. For instance, the introduction presents background and
problems, while related work systematically surveys relevant literature. Con-
sequently, keywords describing research problems frequently appear in intro-
duction and related work sections, while method-describing keywords tend to
appear in methods and experimental sections. This paper vectorizes keyword
position and frequency information by counting occurrences across sections.
Additionally, for keyword list position features, one-hot encoding represents or-
dering information, setting the position index to 1 and others to 0.

3.1.3 Prior Knowledge Features
Identical keywords often have established functional tendencies across disci-
plines. For example, “support vector machine” appears as a research problem
in machine learning (improving classifier metrics) but more likely as a method
in image recognition. This paper represents prior knowledge probabilistically
by counting how often a keyword is labeled as problem, method, or other in the
domain dataset, generating a 3-dimensional feature vector.
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3.2 Keyword Multi-Feature Fusion

Multi-feature fusion combines multiple features into a new vector for lexical
function recognition. While simple concatenation fails to consider differences
between features, attention mechanisms can distinguish feature importance by
assigning weights. The attention function maps a query to key-value pairs
through three steps: 1) computing similarity between query and each key for
weights; 2) normalizing weights with Softmax; 3) weighted summation of values.
The process is shown in formulas (1)-(3):

𝐿(𝐻) = 𝑡𝑎𝑛ℎ(𝑤𝐻 + 𝑏)

𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝐿(𝐻)) = 𝑒𝑥𝑝(𝐿(𝐻))
∑𝑖 𝑒𝑥𝑝(𝐿(𝐻))𝑖

𝐹 = 𝐻 ⋅ 𝛼

where 𝐿(𝐻) represents feature weights, 𝑤 denotes weight coefficients, 𝑏 is bias,
𝑡𝑎𝑛ℎ is the activation function, 𝛼 represents normalized feature weights, and 𝑖
indexes vector 𝐻 dimensions.

The attention mechanism applies weighted transformation to four keyword fea-
tures, highlighting important features’ contributions to improve classification ac-
curacy. As shown in Figure 1 [Figure 1: see original paper], input data 𝑋 yields
four features: 𝑓1 (context-dependent), 𝑓2 (full-text position), 𝑓3 (keyword list
position), and 𝑓4 (prior knowledge). The concatenated vector 𝐻 = [𝑓1, 𝑓2, 𝑓3, 𝑓4]
undergoes 𝑡𝑎𝑛ℎ weighting and Softmax normalization to obtain attention prob-
abilities 𝛼, which are then dot-multiplied with 𝐻 to produce fused features 𝐹 .

4 Keyword Semantic Function Recognition Model Con-
struction
As an information extraction task, keyword semantic function recognition can
be transformed into text classification. Leveraging deep learning’s superior per-
formance, this paper builds a semantic function recognition model using deep
learning-based labeling strategies. After fusing context-dependent, position, and
prior knowledge features, the model employs deep neural networks for keyword
semantic function discrimination, using BERT as the context representation
module to optimize nonlinear fitting capability.

4.1 Lexical Function Recognition Model Prototype Selection

Deep learning models typically use pre-trained word embeddings like Word2Vec
[14] for vectorization. However, static embeddings lack sentence-level represen-
tation and cannot handle polysemy dynamically (e.g., “apple” as fruit vs. com-
pany). To address these limitations, Google AI proposed BERT [16] in 2018,
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a Transformer [15]-based pre-training method. BERT enhances generalization
through character-level, word-level, and sentence-level feature mining. As shown
in Figure 2 [Figure 2: see original paper], BERT’s representation comprises
token embedding, segment embedding, and position embedding. Unlike tradi-
tional models, BERT uses deep bidirectional encoding, enabling context-aware
dynamic word sense disambiguation by considering both left and right context.

4.2 Multi-Feature Fusion Keyword Semantic Function Recognition
Model

To accurately understand keyword semantic functions, this paper fuses context-
dependent, position, and prior knowledge features based on BERT. After vector-
izing multiple features, concatenation and attention mechanism allocate weights,
followed by a Softmax classifier for final classification. The model architecture
comprises input, feature representation, feature fusion, and detection layers, as
shown in Figure 3 [Figure 3: see original paper].

The input layer extracts and preprocesses raw data. For context features,
titles, abstracts, and keywords are concatenated and tokenized. For full-text
position information, sections are classified into five functional blocks (intro-
duction, related work, methods, experiments, conclusion) using methods from
[17][18], with keyword occurrence frequencies counted. Keyword list positions
are obtained through matching. Prior knowledge is derived from frequency
statistics of function labels in the training dataset.

The feature representation layer vectorizes preprocessed data. Context-
dependent features use Google pre-trained Chinese BERT, outputting
768-dimensional vectors. Full-text position frequencies are normalized to
[0,1] as 5-dimensional vectors. Keyword list positions are represented as
5-dimensional one-hot vectors (based on average keyword count of 5). Prior
knowledge frequencies are normalized to 3-dimensional vectors.

The feature fusion layer employs the attention mechanism from Section 3.2
for weighted fusion. The output layer uses two fully connected layers with
Softmax classification.

5 Keyword Semantic Function Recognition Experiments
5.1 Data Annotation

No standard corpus exists for academic keyword semantic function recognition.
This study uses a self-built dataset from 100,025 research papers (2009-2018) in
Chinese computer science journals (Computer Engineering, Computer Science,
Journal of Computer, Pattern Recognition and Artificial Intelligence). Keywords
were labeled using title/abstract patterns and manual annotation. A simple clas-
sification scheme categorized keywords as research problem, research method,
or other. Pattern-based labeling used templates (e.g., “基于 XX 的 XX” - “XX-
based XX”) with manual review. Irregular cases were manually annotated by
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two PhD and two master’s students in information science through two rounds:
individual annotation followed by voting on uncertain cases. The final dataset
contains 310,214 labeled keywords (102,278 methods, 102,504 problems, 105,432
others), split 8:1:1 for training, validation, and test sets (Table 1 ).

5.2 Experimental Setup

Experiments ran on Ubuntu 16.04 with Python 3.6 and TensorFlow. Four key-
word features were extracted: 𝑓1 using Chinese BERT pre-trained model on con-
catenated title/abstract/keyword sequences (max length 512, 768-dimensional
output); 𝑓2 using abstract as full-text proxy (5 sentences, 5-dimensional normal-
ized frequency vector); 𝑓3 as 4-dimensional one-hot keyword list position; 𝑓4 as
3-dimensional normalized prior knowledge vector. Features were concatenated
and input to an Attention-based dual fully-connected classifier. Training used
exponential learning rate decay (5% per 500 steps), Dropout, EarlyStopping,
and Talos hyperparameter optimization. Final parameters are shown in Table
2 .

5.3 Results and Analysis

Evaluation uses Accuracy, Precision, Recall, and F1-measure. Experiments aim
to: (1) validate attention fusion effectiveness; (2) compare feature combinations;
(3) analyze performance differences across semantic function types.

Attention Effectiveness: Table 3 shows concatenation+Attention outper-
forms simple concatenation across all metrics, demonstrating Attention’s ability
to distinguish feature importance and highlight critical information.

Feature Combination Impact: Table 4 compares models with different fea-
ture combinations. All features improve F1 scores, with the full-feature model
achieving optimal performance (Recall: 0.973, Precision: 0.973, F1: 0.973, Ac-
curacy: 0.978). Prior knowledge contributes most significantly, followed by
position features which improve Precision more than Recall.

Semantic Function Type Comparison: Table 5 shows method keywords
achieve highest performance (Precision: 0.98, Recall: 0.98, F1: 0.98) due to
more standardized expressions, while problem keywords show more variability
and complexity, yielding slightly lower metrics.

Conclusion
This paper proposes a multi-feature fusion model for keyword semantic function
recognition, integrating context-dependent, position, and prior knowledge fea-
tures with deep learning. Experiments on a computer science journal dataset
demonstrate average Precision of 0.973, outperforming partial-feature methods.
Future work will expand the dataset, explore more comprehensive semantic func-
tion types, and apply lexical functions to literature recommendation, keyword
extraction, automatic summarization, and knowledge graph construction.
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