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Abstract

[B#/EX]With the rapid development of strategic emerging technology indus-
tries, identifying technological innovation combinations with potential syner-
gistic effects and clarifying the core innovation relationships within these com-
binations constitute important prerequisites for effectively planning industrial
development routes and enhancing industrial competitive advantages. [/53%/id
#2)Guided by technological combination evolution theory and integrating deep
learning, SAO semantic mining, and the CFDP algorithm, this study proposes
an identification scheme for technological innovation combinations and evolu-
tionary relationships based on patent data. This research scheme consists of
three steps: first, constructing a domain retrieval strategy based on keywords
and patent classification codes, and implementing data cleaning and segmen-
tation for the acquired data; subsequently, constructing a word vector seman-
tic network for domain technology topics through Word2Vec, and utilizing the
CFDP algorithm to identify potential innovation elements and combination pat-
terns; finally, deeply mining the core SAO structures within each combination,
classifying their evolutionary relationships through the LSTM deep learning al-
gorithm, excavating the core innovation approaches of technologies, and thereby
effectively identifying potential technological opportunities in the domain. [
8 /453¢] Taking the speech recognition domain as an example, through in-depth
mining of DII patent text data in this domain, five potential technological inno-
vation combinations and core innovation approaches are identified and tracked.
The study finds that China’s current speech recognition domain possesses sub-
stantial innovation potential in areas such as intelligent chip design, speech
recognition algorithms, and new scenarios and applications.
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Abstract

[Purpose/Significance] With the rapid development of strategic emerging
technology industries, identifying technological innovation combinations with
potential synergistic effects and clarifying the core innovation relationships
within these combinations constitute an important prerequisite for effectively
planning industrial development routes and enhancing industrial competitive
advantages. [Method/Process| Guided by technology portfolio evolution the-
ory, this study proposes a patent data-based approach for identifying technolog-
ical innovation combinations and their evolutionary relationships by integrating
deep learning, SAO semantic mining, and the CFDP algorithm. The research
framework consists of three steps: First, constructing a domain search strategy
based on keywords and patent classification numbers, followed by data cleaning
and segmentation. Second, building a word vector semantic network of do-
main technology topics through Word2Vec, and utilizing the CFDP algorithm
to identify potential innovation elements and combination patterns. Finally,
deeply mining the core SAO structures within each combination, classifying
their evolutionary relationships through an LSTM deep learning algorithm, and
uncovering core innovation approaches to effectively identify potential techno-
logical opportunities in the field. [Result/Conclusion] Taking the speech
recognition domain as an example, through in-depth mining of DII patent text
data in this field, the study identifies and tracks five potential technological
innovation combinations and core innovation methods. The findings reveal that
China’s speech recognition field currently possesses significant innovation poten-
tial in areas such as intelligent chip design, speech recognition algorithms, and
new scenarios and applications.

Keywords: technological innovation combination identification; deep learning;
SAO method; semantic mining; patent analysis Classification Number: G305
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As global technological innovation enters an unprecedented period of intense
activity, a new round of scientific and technological revolution and industrial
transformation is reshaping the global innovation landscape and economic struc-
ture. To achieve high-level technological self-reliance, China must accelerate the
improvement of its innovation capabilities and standards. In September 2020,
President Xi Jinping profoundly elucidated the major strategic significance of
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accelerating technological innovation development in today’s challenging world
situation, particularly emphasizing that in key core emerging technology fields,
China must build high-end, leading first-mover advantages by grasping the
sources and directions of innovation, concentrating resources and strength to
achieve breakthroughs. However, due to the rapid iteration of emerging tech-
nologies and the continuous emergence of new technologies and applications,
accurately positioning technological innovation directions and planning techno-
logical innovation approaches have become two major scientific challenges facing
current governments and industries. Solving these challenges is crucial for short-
ening innovation cycles and enhancing industrial competitive advantages.

Academia has conducted preliminary explorations into solutions for these prob-
lems, attempting to use quantitative analyses such as bibliometrics and text
mining to identify potential technological innovation opportunities, yielding
some valuable research results. However, current research mostly focuses only
on outcomes—identifying future valuable technological innovation directions—
while lacking in-depth exploration of the principles and mechanisms underlying
technological innovation. Consequently, these studies cannot answer the focal
question of “how technology can be effectively innovated,” nor can they track
the process of technological innovation to help industries effectively adjust their
innovation directions.

In recent years, some scholars have conducted identification research on innova-
tion themes from a dynamic development perspective centered on “evolutionary
innovation.” Among them, the technology portfolio evolution theory proposed
by technology thinker Brian Arthur represents a typical example. Arthur pro-
posed that “all technologies are derived from previous technology sets” and
that “technology creates itself from itself,” articulating a “self-generating” view-
point and systematically elaborating on the modular thinking within technology
and its combinatorial evolutionary relationships. This demonstrates that com-
binatorial evolution between technologies represents an important pathway for
technological innovation. Building upon this foundation, the development of
deep learning technologies has made it possible to mine implicit technological
evolutionary relationships from massive scientific and technological data.

Current artificial intelligence stands at the forefront of new-generation infor-
mation technology development and represents a key focus in the new round
of international competition. China attaches great importance to the innova-
tive development of the artificial intelligence industry, defining it as the top
priority industry for the next decade in its 14th Five-Year Plan. Among Al
domains, speech recognition constitutes a core R&D direction and has become
a focal point for industry attention in recent years. However, due to the in-
terdisciplinary nature of this field and its numerous sub-technologies and sub-
applications, identifying promising development directions from continuously
emerging new technologies and applications has become a key concern at both
national and industrial levels. Against this backdrop, this study systematically
analyzes the combinatorial patterns and evolutionary characteristics of technol-
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ogy modules in the speech recognition field, constructs a technological innova-
tion combination identification model based on deep learning and SAO semantic
mining methods, and achieves effective exploration of technological innovation
themes and approaches in this domain, providing support for promoting the
R&D and cultivation of China’s speech recognition technology.

2 Literature Review

2.1 Core Theories and Methods for Technological Innovation Theme
Identification

With continuous in-depth research on the conceptual characteristics, develop-
ment patterns, identification, and evaluation methods of emerging technologies,
studies on identifying emerging technological innovation themes have gradu-
ally formed two research perspectives: the bibliometrics-based identification
perspective and the evolution theory-based identification perspective. The
bibliometrics-based perspective represents the current mainstream research
approach. Such studies primarily mine macro-level patterns of technological de-
velopment from the quantity of scientific achievements and relationships among
R&D entities shown in scientific literature to explore potential technological
themes and development opportunities. For instance, Du Jian et al. used
paper co-citation and patent coupling to identify cutting-edge technologies
in the clinical medicine field, while J. Liu et al. employed bibliometrics and
thematic analysis to identify emerging technology themes in gene editing.
However, because these studies do not consider the endogenous effects of
technological development, they struggle to explain technological innovation
methods resulting from the combined influence of internal innovation, external
integration, and other social factors.

The evolutionary perspective, by contrast, approaches from the angle of tech-
nological evolution, considering the fusion, evolution, and regeneration rela-
tionships between technology themes over time. Particularly after introducing
relationship-based analysis methods such as technological morphology analysis
and SAO semantic mining, this perspective can intuitively discover the bottom-
up dynamic formation process of emerging technologies, compensating for the
bibliometrics perspective’s insufficient explanation of innovation elements and
patterns. W. Schoenmakers et al. analyzed different types of disruptive technolo-
gies, attempting to explore cross-innovation generated by mature technologies
and multidisciplinary knowledge during technological evolution from a fusion
perspective. M. Karvonen et al. constructed citation networks to discriminate
the convergence characteristics of technology fusion, achieving effective predic-
tion of initial-stage technology fusion methods.

This study focuses on the combinatorial innovation mechanism of technology.
Therefore, this section will specifically review relevant achievements in techno-
logical innovation theme identification research based on combinatorial evolu-
tion theory.
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2.2 Technological Innovation Theme Identification Research Based on
Combinatorial Evolution Theory

The earliest research on combinatorial evolution theory can be traced back to
Joseph Schumpeter’s “combination-driven innovation” theory proposed in 1912.
This theory suggested that introducing new combinations of production fac-
tors and conditions into production systems, resulting in any changes, could
be considered as originating from new combinations of production methods.
Subsequently, in the 1940s, American astrophysicist Fritz Zwicky further pro-
posed “morphological analysis theory,” emphasizing that technology domains
(systems) could be decomposed into several functional components, and that
complex scientific problems could be solved by combining technological means
(morphologies) of these components. In 2011, American scholar Brian Arthur
proposed in The Nature of Technology that “only a small portion of innovations
are primary and fundamental, while a considerable portion are combinatorial in-
novations generated through transplantation and fusion of technologies within
and outside the field” Domestic scholars have also discussed the essence of
combinatorial innovation. Sun Bing proposed from the perspective of “tech-
nological innovation dynamic mechanism” that self-organization among innova-
tion elements can effectively describe complex innovation relationships among
components within systems. Chi Xueqin et al. believed that the combinato-
rial innovation method involves researchers cleverly combining or reorganizing
two or more independent technical principles to obtain a new invention with
complete and unified functions. Wu Hong et al. proposed that during techno-
logical development, connections (combinations) may occur between existing
old technologies, between new technologies, or between old and new technolo-
gies, thereby forming new scientific and technological innovations. Technology
thus achieves gradual evolution through the cycle of “combination-cumulation-
recombination-recumulation.” In summary, technological innovation cannot be
separated from the fusion and recombination of technological elements, and ef-
fective exploration of technological innovation mechanisms and combinatorial
patterns can better identify valuable technological opportunities.

Current research on technology combination identification primarily employs
network analysis and clustering analysis methods. For example, Zhou Liying
et al. constructed patent cooperative R&D networks to identify patent technol-
ogy combinations based on technological domain relevance. Zhang Zhengang
et al. decomposed technology into combinations of knowledge elements, mining
potential technology combinations through two approaches: reusing existing
knowledge combinations and exploring new ones. Wang Xianwen et al. used the
Girvan-Newman algorithm for clustering analysis of technology co-classification
networks, combined with social network analysis and information visualization
techniques to explore key technology fields and network structures, and further
identify relevant technology combination patterns. Our research team has also
attempted to divide technology domains into subsystems and integrate network
analysis and text mining methods to achieve technology recombination and po-
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tential evaluation.

Although these methods consider domain technological attributes and demon-
strate significant effectiveness in identifying potential technology combinations,
they still fail to systematically explore the innovation relationships between tech-
nologies, and thus cannot plan potential technological innovation approaches.
In recent years, some scholars have attempted to use the SAO method (Subject-
Action-Object) from a semantic perspective to deeply explore the evolutionary
and constitutive relationships between technology themes, thereby identifying
potentially related technological innovation combinations. Li Xin et al. ana-
lyzed core SAO semantic structures in patents to reveal association relation-
ships between technology themes and propose an effective methodology for
identifying technological innovation domains. Miao Hong et al. innovatively
proposed a function-oriented technology fusion analysis framework, analyzing
and predicting overall technology fusion trends within the same function cluster
based on the comprehensive utilization of SAO and “Technology-Relationship-
Technology” (TRT) structural relationships, providing new ideas for technolog-
ical innovation combination identification research.

With the rise of deep learning algorithms, the SAO method combined with
deep learning can deeply explore complex evolutionary relationships contained
in massive unstructured texts, demonstrating great potential in large-scale data
processing and deep semantic mining. Based on this, we systematically ana-
lyze the composition principles of technology, integrate deep learning and SAO
semantic analysis methods, explore identification schemes for technological in-
novation combinations, and conduct in-depth mining of their technological in-
novation relationships.

In summary, current academia has conducted preliminary explorations on how
to identify technological innovation combinations and clarify their evolution-
ary relationships, achieving some valuable research results. However, existing
research still has two major problems: (1) Most studies utilize explicit relation-
ships (such as co-occurrence relationships between technology points) to define
associated elements of technology combinations, lacking in-depth exploration of
potential associations triggered by “functional similarity” or “application simi-
larity” between technological elements; (2) They lack intelligent mining of com-
plex relationships between technological elements in massive texts, and thus
cannot effectively identify core innovation approaches between technologies.

3 Research Methods

This study aims to explore solutions to two major scientific questions: (1) “How
to accurately position technological innovation directions,” i.e., identifying what
technological innovation combinations are; and (2) “How to effectively plan
technological innovation approaches,” i.e., how innovation elements should be
associated to achieve technological innovation. Therefore, the research is divided
into two major phases. The research framework is shown in Figure 1 [Figure 1:
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see original paper].

3.1 Technological Innovation Combination Identification

4

The first research question this study addresses is “where technology will in-
novate” based on massive patent data. Preliminary investigations found that
individual technology themes have limited support for business decisions be-
cause they cannot effectively reflect domain innovation elements and approaches.
Therefore, how to identify technological innovation combinations with potential
synergistic effects based on the basic laws of technological innovation constitutes
an important issue. To address this research need, this section attempts to con-
struct a contextual semantic network reflecting potential associations between
technologies based on word vector methods. Unlike traditional networks built
on word co-occurrence relationships, node positions in this network reflect the
“potential” research associations between these technology points—i.e., technol-
ogy points have similar functions or application methods and have the potential
to be combined to achieve a certain innovation process (application). To realize
this idea, the research will proceed through the following four steps:

First, formulate a domain search strategy to obtain domain patent data. Sub-
sequently, utilize the text segmentation, cleaning, and merging functions of
ITGinsight to complete preliminary screening of domain theme words.

Second, use initial keywords as input to build a domain semantic network based
on the Word2Vec model. Word2Vec is a neural network probabilistic language
model used to calculate word vectors, capable of fully mining contextual seman-
tic information from texts.

Third, based on the CFDP algorithm, identify core nodes in the semantic net-
work from two indicators: node density and distance. It should be emphasized
that core nodes should satisfy two characteristics: (1) the density of surround-
ing nodes is lower than that of the node itself; (2) surrounding nodes are closer
to this node than to other nodes. For local density calculation, we adopt the
Cut-off kernel method, as shown in formula (1):

Pi = Z X(dij_dc)

jeIs {i}

where x(x) indicates whether the distance d;; between nodes is greater than or
equal to the preset cutoff distance d,, taking 0 if greater than or equal and 1 if
less, as shown in formula (2):

0, >0
d.—d) = {7 7=
X(diy = d.) = x() {17 =

The calculation of inter-node distance d; is divided into two cases: (1) For non-
local density maximum points i, the distance calculation involves two steps:
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first, find all points with higher local density than point 4, then find the point j
closest to ¢ among these points, and the distance between i and j is the value of
;. (2) For local density maximum points, ¢, is the maximum distance between
this point and all other points, as shown in formula (3):

Jpi>ps

Based on formulas (1)-(3), nodes with significantly greater density and distance
than other points are selected as core nodes, and several nodes closely associated
with these core nodes are identified based on distance as potential combinatorial
innovation elements.

Fourth, under the guidance of literature review and expert opinions, construct a
domain conceptual model, and classify the innovation elements in each combina-
tion according to the classification and composition relationships of technology
modules in the conceptual model.

3.2 Combinatorial Innovation Approach Identification

The second research question this study addresses is “how technology can be
effectively innovated.” To solve this problem, based on the identification of
combinatorial innovation elements, this study further explores the combinatorial
evolution patterns among innovation elements to effectively plan technological
innovation approaches. The SAO (Subject-Action-Object) method can reveal
semantic associations between technology points and is a representative method
for identifying technological evolution relationships. In SAO structures, S refers
to the subject and O to the object, both representing technology themes; A
refers to the verb, reflecting the technological evolution approach. Preliminary
research has shown that the SAO method combined with deep learning can
deeply mine semantic information in massive texts and is an important method
for exploring innovation approaches between technology themes. Therefore,
this stage constructs a combinatorial innovation approach identification scheme
based on the combination of the SAO method and deep learning.

Since technological evolution relationships in SAO structures are primarily rep-
resented by predicate verbs A, identifying these evolution relationships is trans-
formed into classifying the predicate verbs A. We employ the Long Short-Term
Memory (LSTM) deep learning algorithm to identify technological evolution
relationships in SAO structures. LSTM is a deep learning algorithm based on
Recurrent Neural Networks (RNN) that adds “gates” with memory functions
to control information flow in neurons, demonstrating good performance in ac-
cumulating semantic relationships in short texts that change over time and
subsequently classifying them. Therefore, we propose to use the LSTM algo-
rithm to mine innovation relationships in massive SAO structures. The specific
steps are as follows:
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First, use the TextBlob package to segment patent texts into sentences, use
the core innovation elements obtained in the previous stage as core corpora
constituting S and O, and then extract short sentences containing both S and
O from patent texts using basic regular expression syntax.

Second, identify verbs a; between S and O in sentences through part-of-speech
tagging to form a verb list A = [aq, aq, ..., a,].

N

Third, simplify sentences. Concatenate the extracted S, A, and O in the order
they appear in the sentence to form a concise SAO structure. Repeat these
three steps to complete simplification of all sentences.

Fourth, group SAO structures with the same S and O, and then learn and
classify the technological evolution relationships represented by A in the same
SAO group. Through domain investigation and expert interviews, we categorize
core innovation relationships in the field into four types: promotion, reduction,
inclusion, and application, with meanings and explanations for each relationship
shown in Table 1 .

Fifth, randomly select a certain proportion of SAO structures as training sets
and manually classify their innovation relationships (A) with expert assistance
(assigning labels). It should be noted that since A in SAO structures extracted
from patent texts is typically an objective verb describing evolution approaches
(such as “promote,” “work together,” “include”), without strong emotional ten-
dencies, unsupervised classification algorithms prove ineffective. Therefore, we
adopt supervised learning by manually classifying some structures in advance
to achieve effective learning of core innovation relationships.

Sixth, use the manually classified data from the previous step as input samples
for the LSTM model. After vector transformation and cyclic iteration, logistic
regression is used to obtain category distribution vectors, thereby completing
effective training of the classification model.

Seventh, input the remaining unclassified SAO structures into the trained model
to ultimately obtain relationship classifications between all S and O pairs.

To systematically demonstrate the research logic of this section, we provide a
detailed illustration of this process in Figure 2 [Figure 2: see original paper].

4 Case Study

Speech recognition is an important development direction in the artificial intel-
ligence field. After experiencing explosive growth, its growth rate has gradually
slowed, and the market urgently needs to find new entry points for industrial in-
novation. Against this background, this study takes the speech recognition field
as a research object to explore potential technological innovation approaches in
this domain and thereby test the feasibility of the proposed research framework.
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4.1 Domain Data Acquisition and Cleaning

To comprehensively track R&D progress in the field and mine potential technol-
ogy combinations, we developed a domain search strategy from both “keywords”
and “patent classification” perspectives under the guidance of information re-
trieval theory. Keyword-based search schemes can comprehensively obtain over-
all domain data, while secondary retrieval based on patent classification can
effectively “refine” the data collection to ensure retrieval accuracy. Guided by
this construction B and combined with literature research results, we formu-
lated a domain search formula (as shown in Table 2 ) and obtained 8,818 DII
patent family data entries in this field from 2011-2021.

On the basis of the initial retrieval results, we used ITGinsight software and
Python for data cleaning and merging: (1) segment patent data through I'TGin-
sight software; (2) filter stop words and common words by establishing word
lists; (3) use the C-value term extraction algorithm and automatic grouping
functions integrated in ITGinsight software to perform semantic fuzzy match-
ing for merging words with the same stem; (4) with the participation of domain
experts, use term degree greater than 15 and word frequency greater than 10 as
screening criteria for preliminary selection of domain core keywords; (5) seman-
tic merging. For synonyms that cannot be automatically merged by machines,
such as “intelligent furniture,” “intelligent household appliance,” and “smart
home device,” we establish merging rules based on expert knowledge and per-
form automatic merging through Python. After a series of cleaning steps, we
ultimately obtained 1,053 domain core themes. The specific segmentation and
cleaning process is shown in Table 3 .

4.2 Identification of Technological Innovation Combinations in Speech
Recognition

To establish a semantic association network between technology themes, we used
the cleaned domain text data as corpus input, trained a Word2Vec model using
the gensim package, and transformed the screened 1,053 keyword groups into
word vectors containing contextual information. It should be noted that since
Word2Vec by default generates word vectors for single words and cannot handle
phrases consisting of two or more words, this study treats term groups (phrases)
as a whole for vector transformation, which preserves the semantic information
of phrases and is more conducive to establishing semantically associated tech-
nology networks.

After constructing the basic semantic network based on phrase vectors, we used
the CFDP method to explore core technology themes and associated technolog-
ical innovation elements. Figure 3 [Figure 3: see original paper] (left panel)
shows the density and distance distribution of 1,053 core technology points,
where the horizontal axis represents density and the vertical axis represents dis-
tance. Nodes in the upper-right portion of the left panel indicate high centrality
and large distances to other central nodes. In-depth analysis revealed that six
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nodes—*“wearable device,” “neural network algorithm,” “voice control module,”
“speech recognition section,” “multi-pass,” and “speech recognition accuracy”—
hold core positions in the speech recognition field. Since “speech recognition
section” and “speech recognition accuracy” are closely related, we merged them
into one core node.

Based on this, we further screened technological elements with combination po-
tential around core nodes using the distance indicator. Points closer to core
nodes are more likely to form potentially valuable technology combinations
with them. With expert assistance, we identified 115 technology points and
formed five potential technological innovation combinations based on their dis-
tance and density relationships: “voice control technology,” “speech recognition
model algorithms,” “intelligent voice products and applications,” “new scenarios
for speech recognition technology,” and “speech recognition technology perfor-
mance,” as shown in the right panel of Figure 3.

To deeply mine the innovative evolutionary relationships between elements
within each technology combination, this study needed to fully understand the
domain’s technological composition and divide its basic modules. Through lit-
erature review and expert interviews, we divided the field into five sub-modules
and constructed a domain conceptual model based on the composition and
dependency relationships between modules, as shown in Figure 4 [Figure 4:
see original paper|. The five sub-modules in this field are: support platforms
and technologies, algorithms and models, technical performance, products and
applications, and market demand. Among them, the “algorithms and models”
sub-module is the core of the speech recognition field. New products and
applications depend on algorithmic breakthroughs, while new products in turn
meet specific market demands. Across all sub-modules, “support platforms
and technologies” form the foundation, safeguarding industry technological
innovation and product updates.

Based on this, we further grouped the technological elements in each combina-
tion according to their sub-module affiliation. This grouping approach effec-
tively helps stakeholders understand domain technological evolution patterns
and innovation mechanisms from a technological composition perspective. Ta-
ble 4 systematically shows the grouping of technological elements in each com-
bination.

4.3 Exploration of Combinatorial Innovation Approaches and Tech-
nological Opportunities

Using the technology combinations obtained in the previous stage as research
objects, this section employs SAO theory to mine the technological evolutionary
relationships between innovation elements within each combination. This study
focuses on two innovation mechanisms: evolutionary innovation within group
elements and fusion innovation brought about by inter-group technology fusion
and application transfer.
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Using the 115 innovation elements (phrases) obtained previously as input, we
extracted short sentences containing two innovation elements from original texts
using regular expression rules. For example, in the sentence “Microphone arrays
capture the spatial characteristics of the sound field to improve voice signal
quality,” S is “microphone arrays” and O is “voice signal.” We then used part-
of-speech tagging methods from the nltk package to identify verbs in short texts,
thereby simplifying them into SAO structures containing only two innovation
elements (nouns) and their relationship (verb). For instance, the above example
was ultimately simplified to “Microphone arrays capture voice signal.” Through
this processing, we obtained 14,548 SAO structures.

Based on domain investigation and expert discussion, we believe that in the
speech recognition field, the innovation relationships of greatest concern to in-
dustry are four types: technological evolution and upgrading (promotion re-
lationship), technology fusion (inclusion relationship), negative effect elimina-
tion (reduction relationship), and product application (application relationship).
Due to the large volume of SAO structural data involved, we employed deep
mining algorithms to explore the innovation relationships among the 115 core
technological innovation elements. To ensure the accuracy of SAO relationship
identification, we randomly selected 3,000 SAO structures for manual annota-
tion as test and training sets for the classification algorithm. We then trained
an LSTM model based on the manually annotated data, adjusting model pa-
rameters to improve prediction accuracy, with the final classification accuracy
reaching 85%.

To verify the superiority of LSTM in short text classification performance, we
measured the classification accuracy of four other commonly used classification
algorithms (Naive Bayes, Logistic Regression, Support Vector Machine, and
Random Forest) based on the same test data. The results are shown in Table
5 . The data in Table 5 demonstrate that compared with other machine learn-
ing algorithms, the LSTM algorithm improves classification accuracy for SAO
evolutionary relationships by 10%-20%. Finally, we used the trained model
to classify the remaining SAO structures. Table 6 shows partial classification
results.

We visualized the innovation relationships among the 115 technological ele-
ments, with results shown in Figure 5 [Figure 5: see original paper]. In Figure
5, technology nodes from different clusters represent their affiliation with differ-
ent technology combinations, and the thickness of connections between nodes
represents the strength of evolutionary relationships between associated nodes.
Figure 5 shows that thematic associations in the speech recognition field are
high. This association is evident not only within groups but also significantly
between groups. To deeply mine intra-group innovation and inter-group evolu-
tion patterns, combined with the technology grouping in Table 4, we conducted
in-depth exploration of core technological innovation relationships.

Cluster 1 represents “speech recognition model algorithms,” with related tech-
nologies divided into two sub-domains: (A-1) algorithm models and (A-2) indus-
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try demands and applications. Deep mining of SAO structures in this combina-
tion revealed that “speech recognition model” is the most fundamental and core
technology in this combination, with SAO relationships related to it accounting
for 65% of all relationships in this combination. “Language model,” “acoustic
model,” and “pronunciation dictionary” are its main components, directly de-
termining speech recognition effectiveness. According to investigations, with
breakthroughs in speech recognition model performance, intelligent voice tech-
nology has entered a commercialization period, with domestic speech recognition
leaders such as iFLYTEK, Sogou, and YITU Technology conducting in-depth
explorations of speech recognition algorithm models and achieving outstand-
ing results in international competitions. In the industry demand and appli-
cation sub-domain, the SAO structure “neural network algorithm ‘promotes’
voice search” appears 45 times, indicating that neural network algorithms can
enhance voice search effectiveness. Notably, artificial intelligence algorithms,
voice interaction, and voice control technology have become focal points in this
field in recent years.

We focused on the core technology transfer in this technology combination.
Among the 1,522 patents involved in this combination, Google (352 patents) and
Baidu (160 patents) are the two most representative patent holders. Analysis of
related SAO structures revealed that the two companies have very similar patent
layouts in this field. Google holds an advantageous position in overall patent
quantity and comprehensive technological strength. However, in the deep learn-
ing algorithm domain, Baidu’s patent quantity is basically on par with Google,
leading in Chinese speech recognition and dialect recognition. Further investi-
gation found that Baidu has narrowed the gap with Google by cooperating with
the Institute of Acoustics of the Chinese Academy of Sciences and appointing
AT expert Andrew Ng as the company’s chief scientist. However, Google still
leads Baidu in multilingual recognition, voice search, and voice input methods.
Notably, another domestic enterprise with years of R&D in this field, iFLYTEK,
also has a similar patent technology structure. Exploring a joint development
model between Baidu and iFLYTEK would effectively enhance China’s inter-
national competitive position in this field, as shown in Figure 6 [Figure 6: see
original paper].

Cluster 2 represents “intelligent voice chip technology,” with related innovation
elements belonging to two sub-modules: software and hardware support (B-1)
and products and applications (B-2). SAO semantic mining revealed that the
two most important SAO relationships in this combination are: (1) “microphone
array ‘promotes’ microphone module,” which appears 37 times, indicating that
microphone array technology can effectively improve voice signal acquisition ca-
pability of microphone modules and enhance speech recognition accuracy; (2)
“MCU ‘replaces’ FPGA, applied in voice control module” (appearing 18 times),
reflecting the upgrading of speech recognition chips and providing possibilities
for new scenarios and applications. FPGA hardware offers advantages such as
programmability, reconfigurability, and parallel computing, enhancing circuit
performance, design flexibility, and efficiency of voice control devices, and has
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become an important platform for speech recognition system hardware acceler-
ation. Although MCU hardware is less performant than FPGA, its lower power
consumption and smaller size make it highly suitable for small embedded speech
recognition devices, with mature applications in intelligent lights, smart door
locks, and smart wearable devices in (B-2).

Notably, intelligent voice chips and integrated voice control technology have be-
come focal points in the field in recent years. Among the 1,522 patents involved
in this combination, Nvidia, Intel, Altera, Cambricon, Huawei, and Inspur hold
the most domain patents. In-depth mining revealed that Nvidia firmly holds
the discourse power in traditional GPU hardware acceleration technology, while
Intel hopes to achieve transformation by exploring a “CPU+FPGA” technical
solution through its acquisition of FPGA giant Altera. Facing the patent bar-
riers built by Nvidia and Intel in the voice chip field, domestic intelligent chip
manufacturer Cambricon has chosen to avoid more mature technical routes such
as CPU and GPU, leveraging its own advantages to cooperate with Huawei,
HiSilicon, Inspur, and the Chinese Academy of Sciences, seeking technologi-
cal breakthroughs in MCU and Application-Specific Integrated Circuit (ASIC)
domains. It is foreseeable that competition between traditional hardware manu-
facturers and new entrants in this technological field will be inevitable, as shown
in Figure 7 [Figure 7: see original paper].

Cluster 3 represents “intelligent voice products and applications,” with related
technologies belonging to two sub-modules. (C-1) constitutes the software and
hardware foundation for speech recognition technology, where the development
of artificial intelligence and IoT technologies has greatly promoted the applica-
tion of speech recognition technology in smart home devices, smart wearable
devices, navigation equipment, self-service terminals (kiosks), and other prod-
ucts (C-2). In-depth mining revealed that the cross-fusion relationships between
technological elements in this group and those in Cluster 2 (voice control tech-
nology) and Cluster 4 (new scenarios for speech recognition technology) are very
significant.

For example, the development of voice control systems in Cluster 2 (B-2) has
changed human-computer interaction methods, making speech recognition prod-
ucts an important entry point for controlling smart home devices such as smart
air conditioners and televisions. Digital assistants, intelligent voice interaction,
and other functions have also seen many commercial transformations on mobile
terminals such as mobile phones, cameras, and wearable devices (C-2). The
SAO structure “digital assistant ‘applied to’ terminal device” appears most fre-
quently in Cluster 4 “speech recognition demands and scenarios,” indicating that
user scenarios of interacting with terminal devices through voice are becoming
increasingly common. The development of speech recognition technology brings
infinite possibilities for meeting new scenario demands and interaction experi-
ences. Additionally, industry demands such as “multimodal,” “multi-device,”
“multilingual,” “multi-target,” “real-time,” and “feedback” appear frequently in
this technology combination and are closely associated with Cluster 2 “intelli-
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gent voice products and applications” (C-2). It can thus be predicted that real-
time speech recognition, multimodal speech recognition, and other technologies
will spawn more intelligent products applying speech recognition technology to
meet diverse demands in complex scenarios. Regarding currently popular speech
recognition and interaction application technologies, in May 2021, the national
standard plan “General Safety Technical Requirements for Intelligent Voice Con-
trollers” jointly compiled by China Electrical Equipment Research Institute and
Midea and other home appliance leading enterprises was approved, providing
guarantees for the healthy development of voice controller-related industries.

Cluster 5 represents “speech recognition performance,” containing two sub-
domains: (E-1) performance indicators and (E-2) industry demands. Through
text semantic mining, the most frequently appearing SAO structure in this com-
bination is “noise reduction technology ‘enhances’ speech recognition accuracy,”
which appears 24 times. This indicates that in complex scenarios, applying
noise reduction technology during voice signal acquisition and processing stages
can reduce the impact of background noise on voice quality, thereby improving
speech recognition accuracy.

Additionally, the inter-group association between Cluster 5 and Cluster 2 in Fig-
ure 5 is also significant. Intelligent chips enhance voice signal processing speed,
while algorithm models guarantee speech recognition accuracy. As speech recog-
nition technology penetrates more industries, complex scenarios such as health-
care and transportation also impose higher requirements on various aspects of
speech recognition technology performance. Technologies such as robust speech
recognition, far-field speech recognition, and speech recognition in reverberant
environments have great development potential. In recent years, national ma-
jor R&D plans and provincial key R&D projects have provided funding support
for relevant enterprise research projects, such as AISpeech Information Technol-
ogy Co., Ltd. conducting research on “speech recognition in medical scenarios,”
iFLYTEK conducting research on “courtroom virtual assistant technology based
on multi-person and multi-dialect speech recognition and judicial trial informa-
tion resource databases,” and the State Key Laboratory of Visual Synthesis
Graphics and Image Technology of Sichuan University jointly conducting re-
search with Sichuan Wisesoft Co., Ltd. on “key technologies and applications
of air traffic control speech recognition and semantic understanding engines in
complex environments.”

Through in-depth mining of intra-group and inter-group innovation relationships
in the speech recognition field, several meaningful phenomena warrant attention:

(1) Competition in the speech recognition field is relatively intense in the algo-
rithm and model domain, with limited patent cooperation among manufac-
turers. Although domestic enterprises have taken the lead in some areas
such as Chinese speech recognition, their overall technological strength
still lags behind international leaders.

(2) In speech recognition software/hardware and product application do-
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mains, speech recognition service providers cooperate closely with chip
companies and traditional manufacturing industries, with the “cloud-
chip” integration model becoming a development trend. The application
fields of speech recognition technology are also becoming increasingly
broad.

(3) Domestic speech recognition technology manufacturers should conduct co-
operative innovation during the R&D stage to break through foreign tech-
nological blockades and market monopolies; during the technology applica-
tion stage, they should strengthen cooperation with traditional manufac-
turing industries to jointly develop intelligent speech recognition products
and applications for new scenarios and demands.

5 Conclusion

This study proposes a patent data-based method for identifying and tracking
technological innovation combinations and verifies its effectiveness using the
speech recognition field as an example. This method constructs a domain se-
mantic network through the Word2Vec algorithm, uses the CFDP algorithm to
obtain potentially associated technology combinations, identifies relationships
between technology themes based on the SAO method, and achieves accurate
classification of massive SAO structures by training an LSTM deep learning
model. This enables exploration of combinatorial evolution patterns between
innovation elements and prediction of potential technological opportunities.
Based on this research framework, we conducted a case study in the speech
recognition field, verifying the effectiveness of this method in identifying tech-
nological innovation combinations and approaches, while also providing strong
support for future R&D and policy formulation in the speech recognition field.

This study has certain limitations: it only identifies and tracks innovation com-
binations from a technology-driven perspective without perfecting the identifi-
cation model from a multi-factor-driven perspective. Additionally, this study
only selects patent data for analysis, resulting in a relatively single dimension.
Future research will expand and mine data from multiple channels including
journal data, policy documents, and social media.
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Identifying and Tracing Technological Innovation Combination Based
on Deep Learning and Semantic Mining
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Abstract: [Purpose/Significance] With the rapid development of strategic
emerging technology industries, identifying technological innovation com-
binations with potential synergistic effects and clarifying core innovation
relationships within combinations is an important prerequisite for effectively
planning industrial development routes and enhancing industrial competitive
advantages.  [Method/Process] Guided by technology portfolio evolution
theory and combining deep learning, SAO semantic mining, and the CFDP
algorithm, this paper proposes a patent data-based scheme for identifying
technological innovation combinations and evolutionary relationships. The
research protocol is divided into three steps: First, design a domain search
strategy based on keywords and patent classification numbers, and complete
data cleaning and segmentation. Second, build a word vector semantic network
of domain technology topics through Word2Vec, and use the CFDP algorithm
to identify potential innovation elements and combination methods. Finally,
deeply mine core SAO structures in each combination, classify their evolution-
ary relationships through the LSTM deep learning algorithm, explore core
innovation approaches, and thereby effectively identify potential technological
opportunities in the field. [Result/Conclusion] Taking the speech recognition
field as an example, through in-depth mining of DII patent text data in this
field, five potential technological innovation combinations and core innovation
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methods are identified and tracked. The study finds that China’s current
speech recognition field has great innovation potential in smart chip design,
speech recognition algorithms, new scenarios, and applications.

Keywords: technological innovation combination identification; deep learning;
SAQO; semantic mining; patent analysis

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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