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Convergence
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Abstract Adaptive strategies and momentum methods are commonly used to improve the performance of optimization algo-
rithms. Most of the adaptive gradient methods use the AdaGrad-type strategy at present. The AdaGrad+ method.which is more
suitable for dealing with constrained problems,is proposed to solve the inefficiency of AdaGrad-type strategy on constrained opti-
mization. But it is the same as SGD in non-smooth convex situations. The optimal individual convergence rate is not reached. Com-
bining the strategy with NAG momentum but fail to achieve the expected acceleration effect. Aiming at the above problems., this
paper proposes an adaptive momentum method based on AdaGrad+. The method uses the strategy of AdaGrad+ to adjust the
step size,and inherits the advantages of the Heavy-Ball momentum method to accelerate the convergence. It is proved that the
method achieves the optimal individual convergence rate for non-smooth convex problems by setting the weighted momentum
term,selecting time-varying parameters skillfully and processing the adaptive matrix flexibly. Finally.experiments are conducted
on the typical optimization problem of hinge loss function with /.. norm constraint,and the experiment results verify the correct-
ness of the theoretical analysis. In addition,the deep learning experiments confirm that the proposed method also has good per-
formance in practical applications.

Keywords Convex optimization, Adaptive strategy,» AdaGrad—+ , Heavy-Ball momentum method,Convergence rate
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