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Table 1 Diversity classification of divide-and-conquer machine learning embedded with materials domain knowledge

Example

Perspective Type Key issue Involved technique
Sample space Stage Turning point Curve recognition method,
identification Structural analysis method, ...
Pos./Neg. Pos./Neg. Threshold partition,
examples example Weighting,
division Clustering, ...
Category Category division ~ Rule-based method, Clustering,
Expert construction, ...
Feature Attribute Core feature Rough set theory
representation identification /
Feature cluster
determination
Modality Modality fusion Explicit fusion:
Early/ Late fusion;

Implicit fusion:
Attention-based,
GAN-based, ...

Complex materials problems with multi-stage
turning characteristics!'®!

Electrolyte formulation optimization and design

Creep fracture life prediction of Ni-based
single-crystal superalloys!!®]
NASICON:-type solid-state electrolyte

activation energy prediction!?"]

Prediction of ionic conductivity, band gap, etc.,

of inorganic solid-state electrolytes!?!]
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Extended Abstract

Data-driven machine learning (ML) has made significant progress in predicting structure-property relationships, discovering new
materials, and optimizing processes within materials science. However, the factors influencing materials structure-property
relationships are highly complex and multifaceted, resulting in extremely intricate distribution patterns in materials data. This
complexity makes it difficult for traditional data-driven approaches, which attempt to establish a single mapping between a fixed set
of descriptors and target properties, to accurately and comprehensively unravel these relationships. Through the analysis of the
characteristics of materials data and the modeling principle of data-driven ML methods, we have clarified the three main
contradictions occurring to the application of ML in materials science, i.e., the contradictions between high dimension and small
sample, accuracy and usability of models, learning results and domain knowledge. To reconcile these three contradictions, we propose
the framework of machine learning embedded with materials domain knowledge and a series of novel methods. Then, by analyzing
the characteristics of materials research problems and the complex and diverse structure-property relationships inherent in materials
data, we believe that it is possible to effectively decompose complex material problems and address them individually by leveraging
materials domain knowledge. To this end, we here propose a divide-and-conquer ML modeling strategy embedded with materials
domain knowledge.

Specifically, the “Divide and Conquer” strategy aims to leverage materials domain knowledge to decompose complicated
material problems and construct ML models towards each sub-problem, which can effectively reduce the complexity of ML models
and ensures that the learning results of models are both accurate and credible through the integration of domain knowledge. It can be
regarded as an application of the algorithmic paradigm of divide-and-conquer to ML modeling, or alternatively, as a novel form of
ensemble learning. This strategy consists of: i) “Divide”: Guided by materials domain knowledge, a complicated materials problem
can be decomposed into several sub-problems from multiple perspectives based on an analysis of underlying physicochemical
mechanisms. ii) “Conquer”: Individual models are constructed for each sub-problem, where domain-specific knowledge is injected
into the sub-models, establishing mappings between different ML models and distinct physicochemical mechanisms. iii) “Combine”:
A fusion mechanism is designed to integrate the feature extraction or decision outputs from the sub-models. As a result, multi-faceted
analysis from diverse perspectives yields more comprehensive and rational insights into complex materials problems. This aids
domain experts in identifying the critical thresholds and transition boundaries of the intrinsic mechanisms governing material property
variations, reduces the complexity of individual ML models within each subspace, and enhances both the predictive accuracy and
interpretability of the models. A further investigation reveals that, although the concept of “divide and conquer” has been widely
adopted, no attempt has yet been made to theoretically derive and validate its content. In this study, we employ variational inference
to provide a formal symbolic representation for the divide-and-conquer ML modeling strategy and verify its rationality and scientific
validity.

Currently, researchers have begun to leverage domain knowledge to decompose materials problems or data, giving rise to diverse
“divide-and-conquer” ML modeling strategies. Specific implementations include: i) Stage divide-and-conquer. Deconstructing
long-term, highly complex evolutionary processes into several substages with relatively singular and stable physicochemical
mechanisms, thereby simplifying the intricate. This strategy can be applied to complex materials issues featuring multi-step transition
characteristics, such as the glass transition temperature (7y) and the battery rollover point, to enable accurate prediction. ii)
Positive/negative examples divide-and-conquer. Samples are categorized into distinct subspace according to their positive or negative
impact on the target performance. This strategy can be applied to complex materials problems that encompass samples from superior
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performance to degradation, such as in the optimal design of lithium-ion battery electrolytes and the hydrothermal synthesis of
inorganic-organic hybrid materials. iii) Category divide-and-conquer. By leveraging explicit labels or implicit distributional features,
heterogeneous data is decomposed into several isotropic subdomains with relatively consistent physicochemical mechanisms, thereby
reducing the complexity of global modeling. This strategy can be applied to the precise prediction of heterogeneous samples, such as
the creep life of nickel-based single-crystal superalloys, the hardness of steel, and the strength and ductility of lead-free solder alloys.
iv) Attribute divide-and-conquer. Multiple sets of optimal descriptor combinations are screened out, thereby enabling the targeted
construction of several high-precision models. This strategy is validated on six distinct material systems, such as NASICON-type
inorganic solid-state electrolytes, demonstrating high predictive accuracy and interpretative capabilities. v) Modality
divide-and-conquer. Decomposing heterogeneous data and representing it as multi-modal data to comprehensively unravel
structure-property relationships. This strategy is applicable to complex materials problems with multi-modal information, such as
dual-phase steels and lithium-ion solid-state electrolytes.

Summary and prospects In this study, we propose a divide-and-conquer ML modeling strategy embedded with materials domain
knowledge, which establishes mappings between different ML models and the distinct physicochemical mechanisms of materials.
Future research efforts can focus on the following directions to further advance this strategy: i) Data quality remains the fundamental
fuel driving the construction of high-accuracy models. When implementing this strategy, it is necessary to collect sufficient
high-quality data for each sub-problem. ii) As material problems become increasingly complex, more and more divide-and-conquer
ML modeling strategies can be introduced to comprehensively cover the dimensions of decomposing complex material problems. iii)
Currently, divide-and-conquer ML relies on manual model selection and hyperparameter optimization based on expert experience.
Automated machine learning (AutoML) can be introduced to eliminating the knowledge barriers to modeling. iv) The
divide-and-conquer ML modeling strategy allows researchers to introduce inherently interpretable models for specific sub-problems
and incorporate internal interpretation methods for models. In the future, as the paradigm of materials science research undergoes a
profound shift towards digitalization and intelligence, this strategy is poised to gain renewed relevance and vitality. Through the deep
integration of scientific deconstruction guided by domain expertise, the “divide and conquer” strategy is expected to propel a more
thorough and systematic understanding of complex material behaviors. It will facilitate deeper revelation of intrinsic relationships and
underlying mechanisms, thereby accelerating the process of precise design and development of high-performance materials.

Keywords materials science; machine learning; divide-and-conquer; domain knowledge



