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Abstract

In the context of information overload, how to mine and organize core con-
cepts and their semantic connections from multiple documents sharing a com-
mon theme has become an important challenge in current open information
extraction tasks. To this end, we propose a multi-document concept graph
construction model based on open-domain extraction. First, topic words are
mined based on predetermined themes, and documents are ranked through an
improved TF-IDF algorithm; then, through a series of methods including coref-
erence resolution, discourse weight calculation, and open-domain extraction, a
large number of triple instances with factual expressive capability are extracted
from multiple articles. To remove the noise inherent in open-domain methods
and improve the accuracy of information extraction, a fact filtering algorithm
is proposed. Through this algorithm, a set of salient factual knowledge with
high confidence and good semantic compatibility can be effectively extracted,
forming multiple concept subgraphs. Finally, equivalent concepts and relations
in different subgraphs are merged to form a connected concept graph with the-
matic expressive capability. Validated on the Signal Media news dataset, exper-
imental results demonstrate that the proposed model can effectively mine and
organize key information related to specific themes across documents, and the
constructed concept graph achieves favorable performance on metrics such as
thematic concept coverage and compatibility of factual knowledge. Additionally,
this model also holds important reference value for applications in automatic
document summarization.
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Multi-document Conceptual Graph Construction Research Based on
Open Domain Extraction
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Abstract: In the context of information overload, mining and organizing mean-
ingful concepts and their semantic connections from a set of related documents
under the same topic has become a significant challenge in open information ex-
traction tasks. This paper proposes a multi-document conceptual graph model
based on open-domain information extraction. Firstly, documents are ranked
according to the improved TF-IDF weight of extracted topic words under pre-
defined topics. Then, the model relies on a series of methods, including corefer-
ence resolution, weight computation, and open-domain information extraction,
to extract numerous representative subject-predicate-object triples from mul-
tiple documents. To filter out the noise inherent in open-domain information
approaches and improve extraction accuracy, this paper presents a fact filter-
ing algorithm to retain only the most salient and compatible facts, forming
multiple conceptual subgraphs. Finally, by merging equivalent concepts and re-
lationships across different subgraphs, a fully connected conceptual graph with
expressive topic ability is constructed. Experiments on the Signal Media dataset
illustrate that the proposed model can discern and effectively group key infor-
mation corresponding to specific topics within and across documents. The con-
structed conceptual graph outperforms state-of-the-art algorithms in terms of
topic concept coverage rate and compatible facts. Additionally, this model holds
significant importance for automatic document summarization applications.

Key words: open-domain extraction; multiple documents; conceptual graph
construction

0 Introduction

With the continuous evolution of the big data era, information published
through media channels such as newspapers, radio, television, the Internet,
Weibo, and WeChat, along with user-generated content, has grown exponen-
tially. Free text data, as a typical representative, has played a crucial role in
revealing information essence and semantic relationships. However, obtaining
important topic concepts and semantic associations from large-scale, scattered
text collections has become a critical challenge in information extraction tasks.

Literature [1] proposed multi-document summarization technology aimed at ex-
tracting the main ideas from multiple articles sharing a common topic to form
concise, readable summaries that are easy for users to understand. Literature
[2] introduced an automated multi-document summarization extraction method
based on the LexRank algorithm, which serves as a typical representative of
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extractive summarization. Subsequently, Literature [3] utilized neural network
models to model central sentences in text, achieving further compression of
summary statements. Literature [4] proposed the Latent Dirichlet Allocation
(LDA) topic model, which can mine latent topic information from large-scale
text datasets but requires manual specification of the number of topics. Liter-
ature [5] introduced the Hierarchical Latent Dirichlet Allocation (HLDA) topic
model to address this limitation. Literature [6] designed an automatic text sum-
marization extraction system by fully utilizing features such as word frequency,
topic sentence position, and topic words. Literature [7] proposed a review-based
summarization approach that preserves reviewers’ overall opinions while reflect-
ing review diversity. However, these summarization methods generally perform
modestly in terms of topic concept coverage (such as integrating scattered topic
details) and accuracy. Selecting preferred topic concepts and associated infor-
mation to generate fluent and meaningful multi-document summaries has long
been a key research problem in information extraction.

Literature [8] proposed open-domain extraction methods based on syntactic de-
pendency analysis, which can adapt to open information extraction tasks for
unlabeled, unrestricted domain large-scale text. The University of Washington
has developed a series of milestone binary OIE (Open Information Extraction)
systems in the field of information extraction, including KnowItAll, TextRun-
ner, WOE, ReVerb, and R2A2 [9]. Their primary advantage lies in efficiently
extracting binary shallow entity relationships from corpora while considering
global contextual information. However, because open-domain methods mainly
rely on open templates and syntactic dependency relationships, they cannot ef-
fectively identify whether extracted facts accurately express sentence meanings
and struggle to effectively connect these factual knowledge across sentences and
documents. Literature [10] employed a logical constraint method to achieve
cross-document organization of factual knowledge, but since the rules were lim-
ited to finite relationship application scenarios, they could not ensure that the
connected facts were meaningful or covered important topic information.

Another typical approach in open information extraction is open entity relation
extraction, which is based on the assumption that if a specified semantic relation-
ship exists between known entities, all sentences containing these two entities
implicitly express this relationship. Open entity relation extraction methods [11]
mainly rely on external domain-independent knowledge bases (such as DBPedia,
Freebase, YAGO, and Wikipedia text corpora) to map high-quality entity rela-
tionships to knowledge base corpora, then use text alignment methods to obtain
relationship extraction training data (this process can also be viewed as data
annotation), and train models to implement relation extraction tasks. However,
these methods have two main problems: (a) training corpora contain consid-
erable noise; (b) annotated entity relationship types are limited. For the for-
mer problem, distant supervision extraction methods have received widespread
attention from industry experts since their proposal and have achieved good
performance. Literature [12] addressed errors and error propagation in feature
extraction processes of traditional statistical models, as well as deep learning
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limitations, by proposing an entity relation extraction method combining con-
volutional neural networks with keyword strategies, which proved beneficial for
improving extraction accuracy. Literature [13] addressed data annotation errors
by using multi-instance learning to extract high-confidence training examples
from training sets to train models, which improved algorithm performance to
some extent. For the latter problem, more recent entity relation extraction
methods [14] attempt to face large-scale open corpora, where the included rela-
tionship types will be more comprehensive.

To address the problems of difficulty in organizing factual knowledge informa-
tion across sentences and documents in open information extraction tasks, and
the limited types of annotated entity relationships, this paper proposes a multi-
document conceptual graph construction model based on open-domain extrac-
tion. This model relies on a series of NLP (natural language processing) meth-
ods and tools to represent significant entities, concepts, and their relationships
under specific topics in the form of conceptual graphs, achieving the goal of
cross-document mining and organizing key topic information, which holds im-
portant reference value for further research on topic development trends and
automatic document summarization applications.

1 Multi-document Conceptual Graph Construction Model

Constructing a conceptual graph model based on multi-document semantic link-
ing mainly includes four primary tasks: document ranking, concept and relation
extraction, fact filtering, and merging equivalent concepts and relations, which
are detailed below.

1.1 Document Ranking

Based on predefined topics, the Stanford CoreNLP system [15] is used to mine
named entities, gerunds, nouns, and event names from documents as candidate
keywords. An improved TF-IDF algorithm calculates their importance to the
topic. Compared with traditional TF-IDF algorithms, this improved version not
only reduces the probability of misidentifying rare words as topic words but also
considers the distribution of keywords across different topics. The calculation
formula is:

TF-IDF(w, k|D) = tf(w, k|D) x idf(w, k| D)

where tf(w, k| D) represents term frequency, measuring the importance of key-
word w in all documents of topic k; idf(w, k|D) represents inverse document
frequency, measuring the general degree of keyword w across all documents, not
limited to a specific topic.

Ccw) _ cfw)
Dl = %, clw)

tf(w, k|D)
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where: w is a candidate keyword; k is a specific topic; D), represents the docu-
ment set under topic k; |Dy,| represents the total number of words in Dy; ¢(w)
represents the occurrence count of w in Dy; f(w, k) represents the frequency of
w in Dy; k* represents topics other than k; f(w, k*) represents the frequency of
w in k*.

The document weight calculation formula is:

key,, (d)
weight(d) = Y TF-IDF(w,)
i=1

where: d is a document under topic k; key,, (d) represents the total number of
keywords contained in d; TF-IDF (w;) represents the TF-IDF value of the i-th
keyword in d, which can be calculated according to Equation (1).

1.2 Concept and Relation Extraction

The main task of concept and relation extraction is to extract a large number of
triple instances with factual expressive ability from multiple documents under
the same topic, mainly including three subtasks: coreference resolution, passage
weight calculation, and open-domain extraction.

1) Coreference Resolution: Reference types in the same article mainly
manifest as personal pronouns, demonstrative pronouns, noun phrase ref-
erences, and event references. This paper uses the Stanford CoreNLP
system, a natural language processing toolkit developed by Stanford Uni-
versity, to replace coreferential pronouns in single documents to improve
readability for subsequent open-domain extraction tasks.

2) Passage Weight Calculation: The TextRank algorithm [16], derived
from Google’ s famous PageRank algorithm, segments text into semantic
units and builds a graph model to rank important components in text
through a voting mechanism, which can be used for keyword extraction
and automatic summarization of single documents. This paper adopts the
TextRank algorithm to calculate scores of different sentences in documents
and uses high-scoring sentences as topic sentences.

3) Triple Instance Extraction: Traditional information extraction pat-
terns require limited domains and semantic unit types and cannot be
applied to free text corpora without predefined concept relationship types.
Therefore, the OLLIE (Open Language Learning for Information Extrac-
tion) system [9] developed by the University of Washington is used to
extract binary relationships from document topic sentences. Extracted
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triple instances can be represented as (subject, predicate, object), where
subject and object represent two entities or concepts without nested struc-
tures, and predicate represents their relationship, mainly consisting of
verbs and verb phrases without nested relationships or modifier phrases.
For complex long sentences, the OLLIE system extracts one or more re-
lationship pairs with different confidence levels. Three example sentences
are provided for illustration.

Example 1: “82 percent of leaned Democrats say Registered voters’ d support
a clear Clinton, while 76 percent of leaned Republicans say Registered voters’ d
back a clear Clinton vs. Trump, were Registered voters the party nominees.”

F1: 0.97 (76 percent of leaned Republicans; say; Registered voters’ d back a
clear Clinton vs. Trump)

F2: 0.94 (82 percent of leaned Democrats; say; Registered voters’ d support a
clear Clinton)

In Example 1, the OLLIE system extracts triple instance F1 with confidence
0.97 and F2 with confidence 0.94. Higher confidence indicates more accurate
factual knowledge expressed by the triple instance.

Example 2: “That compares to a clear Clinton lead among all adults, 51-39
percent, indicating her broad support in groups that are less apt to be registered
to vote, such as young adults and racial and ethnic minorities.”

F3: 0.45 (That; compares; to a clear Clinton lead among all adults)
F4: 0.90 (51-39 percent; indicating; her broad support in groups)
F5: 0.67 (groups; are; less apt to be registered to vote)

Example 3: “The hypothetical contest compares to a clear Clinton lead among
all adults, 51-39 percent, indicating Hillary Clinton broad support in groups that
are less apt to be registered to vote, such as young adults and racial and ethnic
minorities.”

F6: 0.95 (The hypothetical contest; compares; to a clear Clinton lead among all
adults)

F7: 0.90 (51-39 percent; indicating; Hillary Clinton broad support in groups)
F8: 0.92 (groups; are; less apt to be registered to vote)

Example 3 shows the result of coreference resolution on Example 2. The un-
derlined “That” is replaced with “The hypothetical contest” and “her” with
“Hillary Clinton” . Consequently, the triple instance corresponding to “That”
changes from F3 to F6, with confidence increasing from 0.45 to 0.95; the triple
instance corresponding to “her” (F4) increases in confidence from 0.67 to 0.92
after coreference resolution.

1.3 Fact Filtering

The OLLIE system is susceptible to dependency parsing errors, generating un-
informative or incorrect triple instances. Meanwhile, semantically repetitive
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sentences across multiple documents produce a certain proportion of redundant
triple instances. To address these issues, this paper proposes a fact filtering algo-
rithm to filter out candidate triple instances unrelated to core topic content and
with low confidence, retaining only high-confidence, semantically compatible
salient factual knowledge. The algorithm transforms the triple instance filtering
problem into an integer programming problem with the objective function and
constraints as follows:

Let T' = {t;,ty,...,tps} be a set of M triple instances; t,,¢; represent any two
triple instances in the set; x; is an indicator variable for ¢;, where x; = 1 if ¢, is
retained; y,; is also an indicator variable representing compatibility between ¢,
and ¢;, where if y;; =1, then z; =1, x; = 1, and both ¢; and ¢; are retained; ¢;
represents the confidence of fact expressed by t;; n,,,, is the number of triple
instances in the conceptual graph, which can be set by users, and the generated

triple instance set will contain no more than n,,,,. instances.

ksim(ti7tj> = Q- S(ti7tj) + ﬂ . l(tzat])

where: s(t;,t;) represents semantic relevance between t; and t;, mainly calcu-
lated through the ADW (Align, Disambiguate and Walk) model [17]; I(t;,t;)
represents literal similarity between ¢, and t;, mainly calculated through the
Levenshtein distance formula; « is a proportional coefficient representing the
proportion of s(¢;,t;) in k;,, calculation; § represents the proportion of I(;, ),
with o + 3 = 1.

To reduce computational load, the method introduces a sliding window mech-
anism. As the sliding window moves, only unrepeated triple instances within
the window are compared each time, reducing computational complexity from
O(M?) to O(W - M), where W is the window size and A is the sliding step size.

1.4 Merging Equivalent Concepts and Relations

The current challenge lies in the diversity of concept mentions and potential
noise in concept relationship descriptions. Therefore, this paper proposes the
following rules to merge equivalent concepts and relations across multiple con-
ceptual subgraphs.

Rule 1: Synonymous concepts have equivalence. Synonymous concepts have
obvious lexical structure features, such as “Billionaire Donald Trump”, “Donald
Trump”, “Donald John Trump” , and “Trump” all referring to the same person.
For named entities, search engines’ powerful entity linking capabilities can be
used to check whether they can be accurately linked to the same referent object.

Rule 2: Similar concepts have equivalence. This mainly adopts the ADW
model [14], which relies on the WordNet dictionary. By performing random
walks, semantic fingerprints corresponding to concepts can be obtained, and
similarity between two concept fingerprints can be calculated through Cosine,
Weighted Overlap, and Top-k Jaccard methods.
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Rule 3: Semantically overlapping concepts have equivalence. This mainly
adopts the semantic overlap calculation formula proposed in Literature [18].
This measurement method relies on WordNet’s taxonomy structure and converts
the path length from two concepts to the root node into information content for
calculation.

2 Experimental Analysis
2.1 Experimental Data

The Signal Media news dataset collects news reports published by Reuters dur-
ing September-October 2015 (http://research.signalmedia.co/newsirl6/signal-
dataset.htm), totaling 1,000,000 English documents, including 734,488 news
articles and 265,512 blog posts, with each document averaging 39 sentences
and 1,266 words. In the DUC (Document Understanding Conference) standard
corpus [19], the same topic contains approximately 25-40 documents. This ex-
periment randomly selected 10,000 documents as research corpora, including 734
news articles (73.4%) and 266 blog posts (26.6%). The corpora are divided into
five topics: Syria refugee crisis, Iran nuclear, Volkswagen scandal, United States
presidential election, and Sino-Soviet cooperation. According to Equation (4) in
Section 1.1, the top 100 documents are selected for each topic, and documents
are randomly chosen for analysis to generate datasets of sizes: 5, 15, 25, 35, 45,
55, 65, and 75 (unit: documents), named D;q, D;y, D;5, D;y, D;s, Dy, Di7, Dig
(¢ represents a specified topic, 15 < ¢ < N, + 1). The specific details of the
experimental datasets are shown in Table 1 .

2.2 Evaluation Metrics

The following evaluation metrics are used for comprehensive analysis of the pro-
posed conceptual graph model from five aspects: topic concept coverage, con-
ceptual graph connectivity, conceptual graph readability, model running time,
and comparative algorithms.

a) Topic Concept Coverage Rate: Represents the percentage of correctly
extracted topic concepts in the conceptual graph, calculated as:

n

__ 'Pconcept
Ctheme -
Ntheme
where 7.,,,cepr 18 the total number of concepts in the conceptual graph; nype,,.

is the number of topic concepts calculated through the random forest algorithm.

b) Kappa Coeflicient: Used for consistency testing of annotation results,
calculated as:
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where P, and P, are the observed agreement rate and chance agreement rate

of different annotation results, respectively; 1 — P, represents the non-chance
agreement rate.

c) ROUGE Evaluation Standards: A recall-based similarity measurement
method, mainly including ROUGE-N, ROUGE-L, and ROUGE-S metrics.

ROUGE-N represents N-gram co-occurrence statistics, with precision

Provap-n, recall Rpoyar.n, and F-value Fropap.n calculated as:

Zn-gmmeswf Count,,,ion(n-gram)

R =
ROUGE-N
Zn—gramesref Count(n-gram)
P Z”'QTaWESSyS Count,, ,on(n-gram)
ROUGE-N =
2o grames,,, Count(n-gram)
F _ 2X Prouge-n X Rrovae-n
ROUGE-N =

Provae-n + Rrovae-n

where Count,, ., (n-gram) represents the number of co-occurring N-grams;

Ssys represents N-grams appearing in generated summaries; S, represents N-

grams appearing in reference summaries.

ROUGE-L represents co-occurrence rate statistics based on Longest Common
Subsequence (LCS), with precision P, recall R,_,, and F-value F_, calculated
as:

Zzl LCS(TH Ssys)
Rlcs = Zm n.
i=1""

ijl LCS (8, Syep)

n
251y

F)lcs =

(1 + Bz) X Rlcs X Plcs

F =
fes Rlcs + 62 X Plcs

where LCS(r;, S,,,) represents the union of LCS between reference summary
and system summary; 8 is a balance coefficient measuring the importance be-
tween P, and R,,;; m and n are the numbers of sentences in system summary

and reference summary, respectively.

ROUGE-S represents co-occurrence rate statistics based on skip-bigram

sequences, with precision P,,;. and recall R,,,;,. calculated as:
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Z(z,y)eSMf Countmatch ((ﬂ, y)

R . =
pair C’(m, 2)

P Z(aj7y)€ssys Countmatch (.T, y)
pair — C(TL, 2)
F _ (1 + BQ) X Rpair X Ppair

pair 2
Rpair + /8 X Ppair

where Count,, .., (%, y) represents the number of co-occurring word pairs; g is
the balance coefficient measuring importance between P, ;. and R,;.; C(n,2)
and C(m,2) represent the numbers of word pair combinations in system sum-
mary and reference summary, respectively.

2.3 Topic Concept Coverage Analysis

2.3.1 Parameter Values for v, n, W, and n,,,, in Fact Filtering Al-
gorithm Theoretically, larger sliding window value W and sliding step size
Witep Provide more contextual information for triple instances. However, the
proposed model mainly focuses on semantic compatibility features of triple in-
stances within the sliding window. Therefore, if these parameters are set too
large, they will reduce the overall semantic compatibility of the triple instance
set and affect model efficiency, causing resource waste. If set too small, they
may not capture enough informative instances. The values of v and 7 determine
the proportions of semantic relevance and literal similarity factors in measuring

semantic compatibility between two triple instances, with v +n = 1.

Through statistical analysis of all results in the fact filtering algorithm, the
parameter values in Table 2 enable the extracted triple instance set to achieve
optimal semantic compatibility, where n,,,, represents the number of triple
instances in the conceptual graph specified by users; W, depends on the
sliding window value W.

2.3.2 Topic Concept Coverage According to Equation (1) in Section 1.1,
the influence degree of different candidate topic words on topics is calculated
for the five experimental topics. The top 200 concepts with high TF-IDF val-
ues are selected as topic concepts for each topic. Using the features described
in Table 3 , a binary classifier is trained through the random forest algorithm
to calculate the Gini coefficient for each concept in the conceptual graph con-
structed by the proposed model. When a concept’ s Gini coefficient is greater
than 0, it is identified as a topic concept; otherwise, it is identified as a non-topic
concept. Through training, the model achieves 92.3% accuracy. The algorithm
parameters are set as follows: threshold § = 0.5, total number of triple instances
in the conceptual graph n,,,, = 20, number of subtrees n__estimators = 50,
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maximum features for splitting mazx__ features = 6, maximum depth of deci-
sion trees max_ depth = 3, minimum samples required for internal node split-
ting min_ samples__split = 4, and minimum samples required for leaf nodes
min__samples_leaf = 2.

The variation of topic concept coverage Cyj,.,. across different document data
scales N (N € {D;,D;3,D;3,D;4, D;s5, D;g, D;7, D;s}) under the five experimen-
tal topics is shown in Figure 1 [Figure 1: see original paper].

As shown in Figure 1, topic concept coverage rates show a decreasing trend with
increasing document data scale across different topics, mainly because larger
document quantities increase the dispersion of topic information distribution,
and OLLIE system’ s extraction accuracy also decreases. Under DUC standard
corpus scale D, —D,,, the model can retain 84% of topic information, indicating
good precision and generalization ability. For different topics, due to varying
document sizes and candidate topic word granularities, performance differs. For
example, under the “United States presidential election” topic, which has the
largest single document size and most candidate topic words, Cy.,,. reaches
92% at D,5 scale and 80% at maximum dataset scale D;s. In contrast, the
“Sino-Soviet cooperation” topic has the smallest single document size and fewest
candidate topic words, with C,y,,,. reaching 84% at D;; scale and decreasing to
68% at D,g scale. The “Iran nuclear” and “Volkswagen scandal” topics contain
most similar document information, and the variation of C,.,,,. with scale N is
also very similar, demonstrating that the proposed model has strong correlation
with these factors. Under DUC standard corpus scale with sufficient candidate
topic words, the model achieves optimal performance with the current classifier.

2.4 Conceptual Graph Connectivity Analysis

For the five experimental topics, only 47% of triple instances obtained through
the fact filtering algorithm are easily connectable on average, meaning at least
one of their head or tail concepts has the same form. Therefore, the determi-
nation and annotation of equivalent concepts and relations directly affect the
connectivity of the final generated conceptual graph. Using DUC standard cor-
pus scale as reference, conceptual graphs are generated with D,, scale data
(15 < i < 19) according to the proposed model, with fact filtering algorithm
parameters set as: n,,,, = 20, and optimal values for v, n, W,,,,, and W. The
analysis results are shown in Table 4 . Meanwhile, Tarjan’ s algorithm pro-
posed by Robert Tarjan is used to check the strong connectivity of generated
conceptual graphs, with results shown in Table 5.

The analysis reveals that each topic has more than three conceptual subgraphs
requiring merging, and most of these subgraphs are strongly connected. Ex-
pert annotators show good consistency when synthesizing relations (Kappa =
0.89), indicating the proposed model performs well in ensuring overall concep-
tual graph connectivity. The maximum strongly connected component confi-
dence ratio refers to the proportion of the sum of confidence values (based on
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OLLIE system extraction results) of triple instances in the maximum strongly
connected component to all triple instances in the synthesized conceptual graph.
A higher ratio indicates stronger factual expressive ability of the strongly con-
nected component and better overall connectivity of the synthesized conceptual
graph. For example, although the “United States presidential election”and “Volk-
swagen scandal” topics have the same number of strongly connected components,
the latter’ s maximum strongly connected component confidence ratio is only
10% (meaning fewer interconnected triple instances with strong factual expres-
sive ability), indicating poorer overall connectivity. The topic concept coverage
in the maximum strongly connected component represents the distribution of
topic concepts in the conceptual graph’ s connected components. Compared
with other topics, the “United States presidential election” topic achieves the
best connectivity, with topic concept coverage in the maximum strongly con-
nected component reaching 84%, basically approaching the conceptual graph’ s
topic concept coverage at the current data scale.

2.5 Conceptual Graph Readability Analysis

An effective conceptual graph needs to cover sufficient topic information and
possess good readability. To verify the semantic compatibility between topic
concepts and overall information readability of conceptual graphs obtained by
the proposed model, this experiment uses ROUGE metrics as evaluation stan-
dards. Based on analysis results from Section 2.3.2, the “United States presi-
dential election” topic with highest coverage is selected to generate conceptual
graphs with D,, scale document data, with fact filtering algorithm parameters

set as: n,,,, = 20, and optimal values for v, n, W, and W.

To make the generated conceptual graph meet summary format requirements,
two concept annotators adjust the order of factual information in the concep-
tual graph (Kappa = 0.89) to form summaries. For document datasets of this
scale, relying on domain experts to analyze and generate extractive summaries
is unrealistic. Therefore, all documents in the experiment first undergo corefer-
ence resolution to further improve corpus readability, then a classic extractive
summarization algorithm proposed in Literature [20] is used to generate ref-
erence summaries. Finally, generated summaries are compared with reference
summaries, with evaluation results shown in Table 6 .

The comparison shows that ROUGE-2 achieves the highest precision, indicating
that factual information extracted by the proposed model has good text cov-
erage and demonstrates certain sequential features, meeting basic readability
requirements. However, performance on ROUGE-L and ROUGE-S is relatively
modest, mainly due to limitations in document data scale and inherent noise
in the OLLIE extraction system, making it difficult for the model to reflect
sentence-level factual sequential features.
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2.6 Model Running Time Analysis

Using DUC standard corpus scale as reference and based on analy-
sis results from Section 2.3.2, document datasets of different scales N
(N € {D;;,D;9,D,;5,D;4,D;s,D;s, D7, D;g}) are selected from the “United
States presidential election” topic with highest coverage to generate conceptual
graphs, with fact filtering algorithm parameters set as: n,,,, = 20, and optimal
values for v, n, Wg.,, and W. The four main tasks of the model—document
ranking, concept and relation extraction, fact filtering, and merging equivalent
concepts and relations—are denoted as Tasks 1, 2, 3, and 4, respectively. The
variation of average running time for different tasks across current document

datasets is analyzed in Table 7 .

As shown in Table 7, computational consumption on Task 3 is the highest, av-
eraging 60% of total model running time, mainly because this task requires
calculating semantic compatibility of triple instances within the current slid-
ing window using the ADW model [17], which relies on WordNet’ s extensive
dictionary to obtain semantic fingerprint information for concepts, significantly
reducing computational efficiency. Task 1’ s running time mainly depends on
document data quality. Overall, since the selected document datasets have
high topic coverage, running time on this task does not show erratic jumps
with increasing N. Task 2 mainly depends on OLLIE system performance, with
running time showing stable growth with N. Task 4’ s running time remains
basically stable.

With increasing document data scale, the proposed model’ s running time across
tasks grows linearly with computational complexity. When document data scale
reaches D,g, running time does not show erratic growth and remains within ac-
ceptable user range. In summary, the proposed model runs stably and demon-
strates good performance in adapting to data growth.

2.7 Comparative Algorithm Analysis

Using DUC standard corpus scale as reference, D,, scale document data (con-
taining five topic document sets, i.e., Dyq, Do, Dyag, Dag, Dy5) is selected for test-
ing and analysis. The proposed model is compared with representative methods,
providing their average values across six test metrics: topic concept coverage,
number of equivalent concept pairs, number of new semantic relation labels,
number of strongly connected components, compatibility of factual knowledge,
and ROUGE-2 F1 value. The compatibility of extracted factual knowledge
can be calculated through Equation (11). Literature [20] can be regarded as a
typical extractive summarization method, which establishes objective functions
through monotonic submodular functions, transforms the selection of backbone
sentences from multiple documents into an optimization problem, and obtains
optimal solutions through greedy algorithms, achieving good performance. This
experiment uses this method to generate reference summaries.

1) Literature [21]: Stanford OpenlE model is a representative method in
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OIE (Open Information Extraction).

2) Literature [22]: Mainly uses subject-predicate-object syntactic relations
to extract triple instances.

3) Literature [23]: Based on the locality assumption of clausal dependency
relations, mainly relies on dependency relations to extract triple instances.

4) Literature [24]: Mainly uses a co-training method based on the Ad-
aboost iterative algorithm to strengthen relation extraction models, allevi-
ating noise and errors in triple instances. Entity marking in text sentences
depends on the Stanford CoreNLP system.

5) Literature [25]: Mainly uses distant supervision for entity relation ex-
traction, utilizing Freebase knowledge base and Wikipedia text corpora to
automatically obtain relation extraction training data and train models.
Entity marking depends on Stanford CoreNLP system.

6) Proposed Method (without coreference resolution) (denoted as
MDCGCV1): Constructs conceptual graphs based on the proposed model
framework but does not perform coreference resolution on pronouns in
single documents.

7) Proposed Method (without fact filtering) (denoted as MDCGCV?2):
Based on the proposed model framework, directly inputs OLLIE extrac-
tion results into the equivalent concept and relation merging task to con-
struct conceptual graphs.

As shown in Table 8 , the proposed model outperforms other comparative meth-
ods with 84.0% topic concept coverage, 94.7% factual knowledge compatibility,
and 0.474 ROUGE F1 value, demonstrating its effectiveness in constructing
high-quality conceptual graphs.

Literature [21] model mainly uses sentence linguistic structure information to
extract triple instances. Its topic concept coverage differs from the proposed
model by about 10 percentage points, mainly because the OLLIE algorithm
used in this paper better addresses long-range dependency problems in sentences
with relatively higher precision. Literature [21] model achieves 79.2% factual
knowledge compatibility and 0.346 ROUGE-2 F1 value, affected by extraction
precision.

Literature [22] model’ s limitations mainly include: (a) using only subject-
predicate-object syntactic relations for triple instance extraction has problems
parsing long sentences; (b) over-reliance on correct word segmentation results.
Literature [23] model identifies and analyzes dependency relations in syntactic
structures based on Literature [22], showing overall better performance with
81.6% topic concept coverage. Both Literature [22] and [23] models exceed
90% in factual knowledge compatibility, demonstrating the effectiveness of the
proposed fact filtering algorithm based on syntactic analysis.

Literature [24] model uses co-training based on Adaboost to strengthen relation
extraction models, alleviating triple instance noise to some extent. However, for
problems such as overly dispersed knowledge units under the same topic and
poor corpus completeness in this experiment’s corpora, the model’s performance
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is still limited, achieving 72.8% concept coverage.

Literature [25] model uses distant supervision for relation extraction, achieving
78.4% topic concept coverage. The reasons include: (a) the method’s assumption
that all sentences containing entity pairs imply potential relationships between
them is not well supported by the incomplete text corpora provided; (b) unspec-
ified relation types [26] in this experiment’ s corpora are not well annotated; (c)
too few training samples constrain model performance.

MDCGCV1 model does not perform coreference resolution on pronouns in sin-
gle documents, resulting in: (a) significantly increased unclear or invalid triple
instances; (b) poor readability of extracted factual knowledge; (¢) “false com-
patibility” phenomena in triple instances generated through fact filtering due to
semantic unit ambiguity. Therefore, this model’ s average topic concept cov-
erage is only 64.0%, and factual knowledge compatibility is only 42.3%, lower
than the average of all methods.

MDCGCV2 model, due to OLLIE extraction results not undergoing fact fil-
tering, cannot effectively handle uninformative or redundant triple instances
affected by the model’ s inherent precision and error propagation, achieving
67.2% topic concept coverage and 44.2% factual knowledge compatibility.

3 Conclusion

To address the problem that topic information is distributed across documents,
making it difficult for users to mine and organize core concepts and semantic
connections, this paper proposes a multi-document conceptual graph construc-
tion model based on open-domain extraction. To verify the model’ s effective-
ness, experiments are conducted on the real news dataset released by Signal
Media from five aspects: topic concept coverage, conceptual graph connectivity,
conceptual graph readability, model running time, and comparative algorithms.
Experimental results demonstrate that the proposed conceptual graph construc-
tion model can cross-document mine and organize key information related to
specific topics, representing significant entities, concepts, and their relationships
under specific topics through conceptual graphs. The conceptual graph achieves
good performance in metrics such as topic concept coverage and factual knowl-
edge compatibility, and holds important reference value for automatic document
summarization applications.

However, the proposed model still has certain limitations. For instance, concept
and relation extraction tasks mainly depend on the open-domain extraction
system OLLIE, and extracted triple instances contain considerable noise. Ad-
ditionally, OLLIE is limited to English text and cannot be applied to Chinese
text corpora with complex structures and multi-semantic concepts. Therefore,
future work will attempt to introduce semantic dependency analysis into this
research to more accurately extract topic word pairs and their semantic rela-
tionships from document topic sentences, and further expand the application
scope of the proposed model.
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