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Ontology engineering—based large language model revolution
in chemical research paradigms
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Chemical research spans multiple scales from molecules to processes and industrial systems, and is inherently
characterized by high dimensionality, strong coupling, and pronounced nonlinearity. Traditional research paradigms
relying on empirical heuristics, isolated simulations, and iterative experimentation are increasingly inadequate to meet the
emerging demands for green transformation, intelligent manufacturing, and sustainable development. In this work, we
systematically review a state-of-the-art “four-dimensional integrated” intelligent research paradigm driven by large
language models (LLMs), and elucidate its theoretical foundation, technical architecture, and implementation pathways for
reconstructing the chemical research framework. Centered on LLMs as the cognitive core, the proposed paradigm
integrates four key dimensions: knowledge engine, molecular reasoning, process simulation, and intelligent decision-
making. At the knowledge level, retrieval-augmented generation (RAG) and knowledge graph technologies are
synergistically combined to construct a dynamic and computable knowledge infrastructure that semantically unifies
literature, patents, and experimental data. This enables the transition from conventional information retrieval to evidence-
based knowledge discovery and reasoning-oriented scientific research.

At the molecular level, generative foundation models, multi-objective optimization models, and multimodal molecular
representation learning are integrated with physical constraints and chemical ontologies, forming a closed intelligent loop
from molecular conception and structure generation to reaction planning, energy verification, and synthesizability
assessment. This framework significantly accelerates the discovery of functional molecules and advanced materials while
mitigating chemical hallucination risks. At the process level, physics-informed neural networks (PINNs), neural operators,
and digital twin technologies are introduced to bridge mechanistic models with data-driven surrogates, enabling cross-
scale, high-fidelity, and computationally efficient modeling of complex multiphase transport, reaction, and energy
conversion processes. In parallel, LLM-driven multi-agent automation frameworks enable end-to-end workflows for CFD/
FEM model generation, simulation execution, and intelligent post-analysis, substantially lowering the technical barrier for
high-level process simulations. At the decision-making level, ontology engineering serves as the semantic foundation that
formalizes chemical entities, equipment, unit operations, and control logic into a unified machine-interpretable structure.
On this basis, reinforcement learning and uncertainty-aware optimization construct an interpretable, traceable, and
transferable knowledge-driven decision loop, enabling semantic-level integration of process control, alarm diagnosis,
batch optimization, and system-wide sustainable operation. The four dimensions work synergistically to form an intelligent
cognitive chain that links molecules, processes, and systems, driving the transformation of chemical research from
experience-driven to inference-driven paradigms. Furthermore, we propose the emerging concept of an ontology-driven
multi-agent collaborative system (OD-MAS), which envisions a transition from isolated task-level intelligence toward
system-level collaboration and knowledge-level autonomy. OD-MAS enables multiple specialized intelligent agents to
operate within a unified semantic space for coordinated discovery, simulation, optimization, and safety evaluation. This
framework provides a fundamental semantic infrastructure for the interoperability of data, models, and decisions, and
establishes methodological and strategic foundations for the deep integration of green chemistry, intelligent manufacturing,
and autonomous scientific discovery.

large language model (LLM), intelligent SOTA research paradigm, ontology engineering, chemical engineering
intelligence
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