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Abstract

With the rapid development of the Internet of Things, cloud computing, industrial Internet, etc.,
industrial software systems are gradually developing into flat, loosely coupled, platform-based,
modular and component-based architecture models. Industrial software components have gradu-
ally evolved into a new mode of cross-domain, cross-space and cross-platform network collabora-
tion. However, due to the continuous increase in the number of industrial software components, it
becomes more difficult to select the right industrial software components for creating industrial
software development. To solve this problem, various methods have been proposed to recom-
mend industrial software components to match the needs of subtasks. However, the current me-
thods have some challenges in the aspects of feature fusion and utilization, text requirement un-
derstanding, subtask and component classification and other metadata information utilization. In
order to overcome the problems of low recommendation efficiency and weak learning ability of
existing service recommendation models, this paper proposes a new industrial software compo-
nent recommendation model (KG-MTFM) based on multi-model fusion and multi-task learning
embedded in knowledge graph. The model uses the semantic feature extraction module to extract
the semantic features of subtask requirements and industrial software component description
documents, and obtain the semantic feature vector. The entity embedding vector is obtained by the
representation learning algorithm, which is linked with the component semantic feature vector to
form the feature vector of the industrial software component, and the feature interaction module is
introduced to model the feature interaction between the subtask and the industrial software com-
ponent. The experimental results show that our method is superior to the prevailing methods.
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Figure 1. The model diagram of KG-MTFM
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Figure 2. Knowledge graph of component classification
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Figure 3. Performance comparison of each method
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