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Abstract: Broad Learning System (BLS) has been widely used in many fields because of its strong feature extraction
ability and high computational efficiency. However,BLS is mainly used for single-output regression at present, When
BLS has multi-outputs, it cannot effectively explore the correlation between multi-output weights, which will lead to the
degradation of model prediction performance. In this paper, a multi-output broad learning system is proposed through
the joint constraints of Frobenius and L ; matrix norm.Therefore, by introducing Frobenius and L, ; matrix norm, this
paper proposes a multi-output broad learning system (MOBLS). Firstly, a new objective function is constructed on the
basis of the original BLS. The Ls-loss function is replaced by the Lo ; form, and the Lo regularization term is replaced by
Frobenius and L ; two terms; Secondly, using ADMM to optimize the output weight of the BLS with the new objective
function. Finally, 11 public datasets and 1 actual process dataset are used to verify its effectiveness.
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