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[bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: OLE_LINK5][bookmark: OLE_LINK6]EAST tokamak, one of the most important Magnetic Confinement Fusion (MCF) devices in China, provides an important experimental platform for the study of steady-state advanced plasma operation. Over sixty diagnostic systems on EAST tokamak provides huge amounts of multimodal diagnostic data about MCF plasma. Diagnostic data of EAST tokamak has the characteristics of volume, variety and velocity. In many cases, intelligent fusion data processing methods based on machine learning have advantages over traditional methods. This report reviews some recent progresses on intelligent processing of multimodal diagnostic data on EAST tokamak, including data cleaning, profile reconstruction, and spectral decomposition. To guarantee the availability and reliability of data source in MCF devices, Time-Domain Global Similarity (TDGS) method based on machine learning technologies is developed for automatic data cleaning. The performance of TDGS method on EAST POlarimeter–INTerferometer (POINT) system has reached 0.9871 ± 0.0385. Convolutional Neural Networks (CNN) and Back Propagation Neural Network (BPNN) are introduced into reconstructing electron density profiles from line-integrated density measurements of interferometers in EAST tokamak. The established CNN model can predict the probability distribution of density profiles accurately, fast, and robustly to noise and interference. Compared to the traditional Park-matrix method, the BPNN-based model demonstrates significantly faster performance and greater robustness against system noise, making it suitable for real-time control of density profiles. Moreover, an improved genetic algorithm is applied to decompose the scattering spectra of Collective Thomson scattering (CTS). This improved genetic algorithm with a new fitness function can obtain a more precise ion temperature from scattering spectra of CTS and does not rely on the measurement of other diagnostic systems, which has an extensive application prospect in data processing of CTS. Machine learning has played an important role in fusion data science, contributing to safe operation and physics discovery, and will play a more and more important role in the future fusion reactors.
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