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Abstract
【Objective】To automatically identify key sentences describing research topics
in scientific papers. 【Method】Organizing sentence sets by paper subsections,
computing semantic similarity between sentences through WMD distance us-
ing trained domain-specific word embeddings, optimizing the iterative process
of the TextRank algorithm, adjusting the obtained weights using external fea-
tures, and selecting key topic sentences in descending order of sentence weights.
【Results】Using scientific papers in the climate change domain as experimental
data and manually annotated results as a benchmark, comparative experiments
were conducted between the proposed algorithm and the traditional TextRank
algorithm. Preliminary results show that the recognition performance (F-score)
of this method improves by approximately 5% over the traditional TextRank
algorithm. 【Limitations】Sentence feature extraction needs improvement, and
word embedding training as well as relevant parameters in the method require
further optimization. 【Conclusion】The improved TextRank algorithm based
on domain-specific word embeddings and incorporating WMD semantic simi-
larity can effectively identify central sentences within subsections of scientific
papers, and with weight adjustment assisted by external features, can effectively
identify the core topic sentences of a paper.
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Abstract

[Objective] This paper aims to automatically identify key sentences that de-
scribe research topics in scientific papers. [Methods] We organized sentence
sets by paper sections, calculated WMD distances between sentences using
trained domain word embeddings to obtain semantic similarity measures, op-
timized the TextRank algorithm’s iterative process, and adjusted the resulting
weights using external features to select key topic sentences in descending order
of sentence weight. [Results] Using scientific papers on climate change as ex-
perimental data and comparing our algorithm with traditional TextRank based
on manually annotated results, preliminary experiments show that the recog-
nition effectiveness (F-value) of our method improves by approximately 5%
over traditional TextRank. [Limitations] Sentence feature extraction needs
improvement, and both word embedding training and related parameters in the
method require further optimization. [Conclusions] The improved TextRank
algorithm based on domain word embeddings and WMD semantic similarity
can effectively identify central sentences within scientific paper sections, and
can recognize core topic sentences of an entire paper after weight adjustment
with external features.

Keywords: WMD; TextRank; Semantic Similarity; Topic Sentence Recogni-
tion; External Features
Classification Number: TP393

1. Introduction

Authors of scientific papers typically focus on a primary research problem, which
can be represented as a research topic in literature analysis. Topic sentences are
those used to argue and support the research topic, distributed throughout the
main paragraphs of the paper. As a fundamental text analysis technique, topic
sentence recognition plays a crucial role in natural language processing appli-
cations such as information retrieval, automatic summarization, and knowledge
discovery. Identifying core topic sentences in domain-specific scientific papers
involves distinguishing and extracting key statements that describe and reveal
the research topic from the full text. This is a critical technical step in distilling
scientific paper content, helping researchers quickly discover relatively valuable
content and improving research efficiency.

The general process of text topic sentence identification involves: (1) identifying
candidate topic sentences in the text, and (2) reasonably evaluating the impor-
tance of these candidates in expressing core content and themes, then selecting
appropriate sentences as topic sentences [?]. Methods for evaluating sentence
importance primarily involve measuring both intrinsic sentence features (posi-
tion, topic words, length, etc.) and inter-sentence relationships. The former
uses statistical features to build models for weight scoring or supervised learn-
ing, while the latter transforms sentences and their relationships into graph
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models for recognition, exemplified by TextRank [?].

Traditional TextRank uses feature word vectors to represent sentences and calcu-
lates inter-sentence similarity using distance metrics such as Euclidean distance
or cosine similarity. However, this approach suffers from the curse of dimension-
ality and synonym/hyponym problems in sentence representation. To address
these issues, this paper employs WMD (Word Mover’s Distance) [?] based on
word embedding semantic similarity to represent inter-sentence distances, im-
proves the TextRank algorithm, and optimizes the results using paper content
structure to update weights and rankings, ultimately obtaining core topic sen-
tences of scientific papers.

2. Related Research on Topic Sentence Recognition

As a foundational task for many natural language processing applications, schol-
ars have proposed various methods for topic sentence recognition. Due to dif-
ferent developmental periods and technical approaches, these mainly fall into
three categories:

(1) Statistical Feature-Based Methods. These methods transform source
texts into linear sequences of sentences and sentences into linear sequences of
words, assigning weights to words and sentences based on certain feature in-
dicators, and finally selecting sentences with higher comprehensive weights as
output [?]. Luhn [?] identified word frequency, Baxendale [?] noted sentence
position, and Liu et al. [?] summarized information such as titles, positions,
and syntactic structures as indicators for measuring sentence importance. Ed-
mundson [?] selected several variables to construct a simple multivariate linear
function: 𝑊𝑒𝑖𝑔ℎ𝑡𝑥 = 𝐶 + 𝐾 + 𝑇 + 𝐿, where 𝐶, 𝐾, 𝑇 , and 𝐿 represent four fea-
ture variables with others as adjustment parameters, using multiple features to
describe sentence weights. Practice shows this representation is not ideal, as the
linear addition process lacks theoretical foundation. Statistical feature methods
are simple and fast but heavily influenced by feature selection and weighting
approaches, resulting in unstable performance.

(2) Machine Learning Binary Classification Methods. These approaches
transform topic sentence recognition into a binary classification problem at the
sentence level, involving four steps: feature selection, algorithm selection, model
training, and topic sentence discrimination. Algorithms applicable to topic sen-
tence recognition include Naive Bayes, Conditional Random Fields, Support
Vector Machines, and other models. Kupiec et al. [?] first used an NB clas-
sifier for topic sentence identification with features including sentence length,
fixed phrases, paragraphs, topic words, and capitalized words. Conroy et al. [?]
applied HMM to topic sentence recognition, using observed sequences to find
the most likely hidden state sequence, constructing observation state transition
probability matrices from three document features (sentence position, word fre-
quency, and word probability) to build prediction models. While effective, ma-
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chine learning classification methods require substantial training data and rely
on feature independence assumptions, limiting their applicability and operabil-
ity.

(3) Graph-Based Ranking Methods. These decompose text into sentence
units, with each unit corresponding to a vertex in a graph structure and similar-
ity relationships between units serving as edges. Graph ranking algorithms then
calculate vertex scores, selecting higher-scoring sentences as topic sentences. Dif-
ferent graph ranking methods vary primarily in edge weight calculation and algo-
rithm selection. Common edge weight calculations include word co-occurrence
and sentence similarity, while ranking algorithms include matrix weight addi-
tion and PageRank. Mihalcea et al. [?] first proposed the TextRank algorithm
for topic sentence recognition and optimized it in subsequent work [?]. Yu
et al. [?] filtered non-important words, merged synonyms, used vector space
models to represent sentences, calculated cosine similarity as edge weights, and
added manual features to optimize TextRank results. Geng et al. [?] and He
et al. [?] utilized topic information from word co-occurrence and connection
features between different topics to identify topic sentences. Graph ranking
methods achieve results without external knowledge or training samples, but
result quality is affected by edge weight calculation methods and remains un-
stable.

For structured texts like scientific papers where implicit semantic connections
exist between sentences, this paper improves sentence similarity calculation
methods based on graph ranking algorithms for topic sentence recognition and
optimizes results by considering text structural features to enhance recognition
performance.

Scientific papers represent summaries of research processes. Saïd et al. [?] noted
that authors’ writing approaches influence article content structure, reflected in
relationships between logical elements (titles, paragraphs, sections, etc.). Lever-
aging both internal connections among paragraph sentences and the overall
external structure of papers plays an important role in identifying core compo-
nents within text paragraphs.

Our proposed method for recognizing core topic sentences in papers includes
four steps: word vector representation and training, inter-sentence similarity
calculation, TextRank algorithm iteration, and result optimization using exter-
nal structural features, as shown in [Figure 1: see original paper].

First, we train domain word vectors on full-text scientific papers using the
Word2Vec model. Second, we segment full papers into sentences, remove mean-
ingless short sentences, and use the trained word vectors to represent WMD
distances between sentences, converting them to similarity measures. Third, we
construct undirected weighted graphs for each text section, using inter-sentence
similarity as edge weights, and iterate with the TextRank algorithm to obtain
sentence weight values. Finally, we adjust and rank the weights using feature in-
formation such as sentence position and outline structure, ultimately identifying
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core topic sentences proportionally.

3.1 Improved TextRank Algorithm Based on WMD Semantic Simi-
larity

(1) Word Vector Representation and Training. Words are the most
basic units carrying semantic information. Traditional one-hot representation
isolates each word using 0s and 1s, resulting in vectors without semantic infor-
mation and suffering from the curse of dimensionality. Harris’s Distributional
Hypothesis [?] suggests that word semantics are determined by their context.
Bengio et al. [?] proposed the Neural Network Language Model (NNLM), which
models relationships between target words and complex contexts, obtaining low-
dimensional byproducts—Word Embeddings—while learning language models.
Traditional NNLM models have high computational complexity and low effi-
ciency for large datasets. Mikolov et al. [?] removed hidden layers and proposed
CBOW (Continuous Bag-of-Words) and Skip-gram models. CBOW predicts a
word from its context, while Skip-gram does the opposite, using the current
word’s vector as input to output surrounding words’ vectors. Training involves
two optimization methods: Hierarchical Softmax, which converts the original
Softmax to a hierarchical version with Huffman trees, reducing prediction time
by log n times using Huffman tree properties; and Negative Sampling, which
uses simpler random weighted negative sampling to significantly improve per-
formance and speed. These models and methods can be arbitrarily combined,
with complete implementations available in Google’s Word2Vec [?] open-source
toolkit released in 2013.

(2) Sentence Similarity Calculation. Traditional sentence similarity cal-
culation methods include: (a) feature word-based methods using TF-IDF, chi-
square values, mutual information to select feature words and build vectors for
calculation [?]; (b) syntactic parsing-based methods that analyze sentence syn-
tax to calculate structural and content similarity, currently focusing on simple
syntactic structure matching [?]; and (c) semantic analysis-based methods that
use semantic dictionaries or ontologies for word sense disambiguation and con-
sider semantic similarity during calculation [?]. The first two methods suffer
from dimensionality disaster and synonym problems, while the third relies on
external knowledge whose quality and coverage directly affect results, lacking
scalability.

Word embeddings effectively solve these problems with simple training processes
and capture potential semantic relationships between words. Mikolov et al. [?]
discovered vector arithmetic relationships such as 𝑐𝑘𝑖𝑛𝑔−𝑐𝑤𝑜𝑚𝑎𝑛+𝑐𝑞𝑢𝑒𝑒𝑛 ≈ 𝑐𝑚𝑎𝑛.
Directly summing and normalizing word vectors in a sentence yields sentence
vectors with effective cosine similarity calculations. Kusner et al. [?] proposed
Word Mover’s Distance (WMD), where word-to-word similarity is represented
by Euclidean distance and sentence-to-sentence similarity is transformed into
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a transportation optimization problem, viewing inter-sentence similarity as a
transformation between two probability distributions with distance represented
by transformation cost, achieving good results in KNN text classification. The
paper also proved that averaging word vectors and calculating Euclidean dis-
tance is a lower bound of WMD.

For WMD distance calculation between sentences 𝑠 and 𝑠′, we first transform
both sentences into word bags, remove stop words (totaling 𝑛 words), normalize
remaining word frequencies to build word frequency vectors denoted as 𝑑, 𝑑′ ∈
ℝ𝑛, calculate Euclidean distances between every word pair as transportation
costs to build transfer matrix 𝑇 ∈ ℝ𝑛×𝑛, and formulate cost minimization as
shown in Equation (1):

min
𝑇 ≥0

𝑛
∑
𝑖,𝑗=1

𝑇𝑖𝑗 ⋅ 𝑐(𝑖, 𝑗)

s.t.
𝑛

∑
𝑗=1

𝑇𝑖𝑗 = 𝑑𝑖 ∀𝑖 ∈ {1, … , 𝑛}

𝑛
∑
𝑖=1

𝑇𝑖𝑗 = 𝑑′
𝑗 ∀𝑗 ∈ {1, … , 𝑛}

We solve this using the EMD algorithm [?], with the transformation process
shown in [Figure 2: see original paper]. Sentence similarity is calculated sim-
ilarly to converting Euclidean distance to similarity, yielding the final inter-
sentence similarity measure shown in Equation (2):

𝑠𝑖𝑚(𝑠, 𝑠′) = 1
1 + 𝑤𝑚𝑑(𝑠, 𝑠′)

(3) TextRank Algorithm Iteration. A document typically consists of mul-
tiple paragraphs, with consecutive paragraphs forming semantically cohesive
sections corresponding to sub-topics organized under higher-level topics in the
outline. Sentences from content-similar paragraphs within the same section form
independent sentence groups. Building network graphs at the sentence group
level for topic sentence recognition effectively identifies sentences representing
entire section content, ensuring recognition quality.

The TextRank method borrows from PageRank, viewing inter-sentence similar-
ity as a support or recommendation relationship. Sentences serve as nodes, with
similarity measures as edges to build graph models. Through iterative calcula-
tions, we optimize sentence weights and select higher-weight sentences as topic
sentences.

Assuming a text section comprises 𝑛 sentences 𝑉 = {𝑉1, 𝑉2, … , 𝑉𝑛}, we build a
TextRank graph 𝐺 = (𝑉 , 𝐸) with sentences as nodes and similarity relationships
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as edges. From previous calculations, we obtain the 𝑛 × 𝑛 sentence similarity
matrix 𝑆 shown in Equation (3):

𝑆 =
⎡
⎢⎢
⎣

𝑠𝑖𝑚(𝑉1, 𝑉1) 𝑠𝑖𝑚(𝑉1, 𝑉2) ⋯ 𝑠𝑖𝑚(𝑉1, 𝑉𝑛)
𝑠𝑖𝑚(𝑉2, 𝑉1) 𝑠𝑖𝑚(𝑉2, 𝑉2) ⋯ 𝑠𝑖𝑚(𝑉2, 𝑉𝑛)

⋮ ⋮ ⋱ ⋮
𝑠𝑖𝑚(𝑉𝑛, 𝑉1) 𝑠𝑖𝑚(𝑉𝑛, 𝑉2) ⋯ 𝑠𝑖𝑚(𝑉𝑛, 𝑉𝑛)

⎤
⎥⎥
⎦

We iteratively calculate each node’s weight using 𝐺 and 𝑆 as shown in Equation
(4):

𝑊𝑆(𝑉𝑖) = (1 − 𝑑) + 𝑑 × ∑
𝑉𝑗∈𝐼𝑛(𝑉𝑖)

𝑆𝑗𝑖
∑𝑉𝑘∈𝑂𝑢𝑡(𝑉𝑗) 𝑆𝑗𝑘

𝑊𝑆(𝑉𝑗)

where 𝑊𝑆(𝑉𝑖) is node 𝑉𝑖’s weight, 𝐼𝑛(𝑉𝑖) represents nodes pointing to 𝑉𝑖,
𝑂𝑢𝑡(𝑉𝑖) represents nodes 𝑉𝑖 points to, and 𝑑 is the damping coefficient (typically
0.85). Initial node weights are usually set to 1/𝑛. Iteration stops when weight
changes between two iterations become very small and approach zero, yielding
final sentence weights for ranking and proportional selection of top-weighted
sentences as topic sentences.

3.2 External Feature Selection and Weight Calculation

Sentence weights from iterative calculation converge to stable values determined
by other sentences, independent of initial values, making pre-iteration weight
adjustments meaningless. After TextRank completion, we adjust the resulting
sentence weight sequence using external features:

(1) Sentence Position. Baxendale [?] statistically found that paragraph topic
sentences appear as first sentences with 85% probability and as last sentences
with 7% probability. Similarly, for paragraphs within sections, opening and
closing paragraphs are more likely to guide or summarize section content and
reveal topics. We therefore weight sentences based on both paragraph position
within sections and sentence position within paragraphs, with greater weight
enhancement for sentences in first/last paragraphs and first/last sentences. Both
weighting methods use the same function shown in Equation (5):

𝑓(𝑥) = 𝑝 ⋅ 𝑒−𝑥2

where 𝑥 represents the percentage position of a sentence within its paragraph
or a paragraph within its section (0 to 1 from beginning to end), with weight
enhancement ratios denoted as 𝑝1 and 𝑝2. Final weight adjustment becomes:
𝑊𝑆′(𝑉𝑖) = 𝑊𝑆(𝑉𝑖) × (1 + 𝑓𝑝𝑎𝑟𝑎(𝑥) + 𝑓𝑠𝑒𝑛𝑡(𝑥)).

chinarxiv.org/items/chinaxiv-201711.01946 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01946


(2) Core Terminology. While TextRank extracts sentences relatively express-
ing section content from within sentence groups, they may not necessarily relate
to the paper’s overall theme. We therefore optimize using external features like
article titles, keywords, and outlines relative to sentence groups. Using He et
al.’s [?] outline term extraction method, we identify terms from titles and outline
hierarchical structures, merging them with keywords to obtain a core terminol-
ogy set. Sentences better reflecting core terminology are more likely to be core
topic sentences. Current solutions only consider inclusion relationships, where
𝑝3 is the weighting factor (set to 0.1) and 𝑛 is the count of included core terms:
𝑊𝑆′(𝑉𝑖) = 𝑊𝑆(𝑉𝑖) × (1 + 𝑝3 ⋅ 𝑛).
(3) Sentence Category. Literature [?] notes that outlines contain not only
specific terms but also many broadly meaningful paper terms like “method,”
“conclusion,” etc., representing facet descriptions for research points that can
serve as topic description framework indicators. For full paper content, sen-
tences with certain categories hold greater value in elaborating topic-related
facet descriptions. Recognizing such categorized sentences aligns with struc-
tured abstract generation. We therefore weight sentences with certain cate-
gories, particularly for outlines and text sections containing paper terminology,
where corresponding category sentences represent concentrated content expres-
sion and deserve greater weighting: 𝑊𝑆′(𝑉𝑖) = 𝑊𝑆(𝑉𝑖)×(1+𝑝4 ⋅𝑛⋅𝑏), where 𝑝4
is the weighting factor (set to 0.1), 𝑛 is sentence category count, and 𝑏 indicates
whether the sentence contains paper terminology categories (0 or 1). Sentence
classification can be addressed using traditional models like Naive Bayes, CRF,
or deep neural networks like LSTM and GRU [?], which we won’t elaborate
here.

4.1 Experimental Process

To validate our topic sentence identification method, we conducted experiments
using climate change domain data. The dataset comprised 31,430 full-text pa-
pers from 10 journals including Atmospheric Research downloaded from Elsevier.

We extracted titles, abstracts, outlines, and full texts to build word embedding
training corpora. Based on data volume and NLP tasks, we selected appropriate
training models, optimization algorithms, and hyperparameters. We chose the
Skip-gram model with Hierarchical Softmax, which better represents uncommon
domain terms. Other hyperparameters included a context window of 5 and word
vector dimension of 100. After 5 hours of training, we obtained a word vector
file of approximately 400MB.

We segmented full papers into sentences, extracted textual features including
position, section, and outline information, and built WMD-based semantic sim-
ilarity between sentences using the word vector file. We then identified topic
sentences using the improved TextRank algorithm. The test corpus consisted
of 9 full-text papers with topic sentences annotated by domain experts.
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4.2 Results Analysis

In addition to our method, we implemented traditional TextRank, WMD matrix
addition, and WMD+TextRank methods using the same training corpus and
test documents for comparative analysis, with results shown in .

The results show that although our method performed slightly better than oth-
ers within the same text sections, all four methods yielded unsatisfactory results.
Analyzing the experimental data and results revealed the following reasons: (1)
The test set focused on El Niño phenomenon data with low correlation to word
vector training corpora, resulting in poor vector representations for some terms
that affected sentence similarity calculation; (2) The test set was annotated by a
single domain expert, potentially introducing accuracy bias; (3) Using sections
as basic recognition units with fixed proportions assumed uniform distribution
of core topic sentences, whereas actual distribution varies across paper sections—
introduction, experimental results, and conclusion sections contain higher den-
sities of core topic sentences, while literature review and methodology sections
contain lower densities.

We therefore conducted additional experiments using computer science data as
word vector training corpora. The experimental process remained identical,
but we used multi-person collaborative annotation to select mutually agreed
sentences and doubled the recognition proportion for paper beginning and end
sections. Results are shown in .

Method Precision Recall F1-Score
TextRank 25.05% 38.59% 30.37%
WMD+TextRank 27.66% 42.59% 33.54%
Our Method (WMD+TextRank+External Features) 29.06% 44.75% 35.24%

These adjustments improved F1-score by nearly 10% compared to the previous
experiment, with our method achieving nearly 5% higher F1-score than tradi-
tional TextRank, yielding relatively better results.

Summarizing the experimental process and results, we draw the following con-
clusions: (1) Traditional TextRank shows stable performance but tends to iden-
tify longer sentences due to similarity calculation limitations; (2) Word vector
quality affects sentence similarity calculation and thus our method’s results,
while traditional TextRank’s co-occurrence-based calculation is less affected by
poor word vectors; (3) Although our method’s recognition effectiveness still has
room for improvement, analysis shows that unselected sentences are generally
also valuable, with overall quality better than the other three methods; (4)
Among unselected sentences, some contain special cue words (e.g., “Hence,”
“In this paper,” “It shows that”) or numerical data—前者 indicate important
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summary statements authors declare, while 后者 represent the paper’s most con-
vincing evidence, both playing crucial roles in demonstrating core themes. Our
graph model approach weakens this information, causing these sentences to be
missed. Further research on extracting these features could optimize the method
and improve recognition effectiveness.

In summary, our proposed topic sentence recognition method requires no exter-
nal knowledge structures. It uses full-text word embeddings to improve simi-
larity calculation, refines the TextRank iteration process, adjusts result weights
based on external features, and leverages both internal sentence connections
and external paper structure information. The recognition effectiveness reaches
average human evaluation levels, outperforming previous work [?], though sig-
nificant improvements remain possible.

Conclusion

This paper analyzed mainstream topic sentence extraction methods and, ad-
dressing characteristics of scientific papers, proposed an improved TextRank
algorithm incorporating WMD semantic similarity based on domain word em-
beddings. Experimental results demonstrate that our method can effectively
identify central sentences within paper sections and recognize core topic sen-
tences of entire papers after external feature weight adjustment. However, limi-
tations remain in sentence feature extraction and word vector training processes,
and method parameters require further optimization. Future work will continue
optimizing parameters, extracting more effective sentence features, and leverag-
ing word embeddings to discover latent relationships between core vocabulary
and sentences to improve core topic sentence recognition accuracy.
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