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Variance Reduction in Finite Sum Optimization

- Variance reduction methods, starting from SVRG (Johnson & Zhang, 2013) show significant improvement over classic methods


- Accelerated VR methods were first proposed in Katyusha (Allen-Zhu, 2017) 


- State-of-the-art: VARAG (Lan et at., 2019):  and VRADA (Song et al, 2020):  

gradient evaluations. 


- Drawback:  must be known to set the step size.
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Our work: Two adaptive accelerated VR algorithms, not require knowing , same convergence guaranteeβ



AdaVRAE: Extra-Gradient Method
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AdaVRAG: Single Projection Gradient Method
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Experimental Results
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