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Stochastic Optimization

Objective

Stochastic subgradient methods (SGM)

for some

Efficient in iteration

Easy to analyze 

Simple to implement

Sensitive to step-size choice

Weak stability guarantees



Stochastic model-based methods (SMOD) [Asi & Duchi’19, Davis & Drusvyatskiy’19]

A model of 

Stochastic Model-Based Optimization

(Ci)                        is convex

(Cii)                                 and

is a model of              :



Examples

Stochastic subgradient Methods:

Stochastic truncated methods:

Stochastic prox-linear methods:

Stochastic proximal point methods (SPP):



Extensions

Minibatching SMOD [Deng & Gao’21, Asi et al.’21]

Momentum SMOD [Deng & Gao’21, Chadha et al.’21]



Stability and Robustness: 

To guarantee stable iteration, SMOD requires weaker conditions on step-size than SGM 
[Asi & Duchi’19, Davis & Drusvyatskiy’19]

Convergence:

Stronger than SGM: non-smooth with minibatching [Deng & Gao’21]

Competitive to SGM: smooth, or non-smooth w/o minibatching [Asi & Duchi’19]

Weaker than SGM: strongly convex optimization? [Asi & Duchi’19, Wang++’17]

Results



Pros and Cons

Robust to step-size choice

Cheap oracle for less accurate models

Stronger guarantees for non-smooth 
and weakly-convex models

Expensive oracle for accurate models

Non-trivial for minbatching and 
momentum acceleration



Applications

Phase retrieval

[Asi & Duchi’19]

Matrix completion Neural networks
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Minibatch SPP

Repeat:

Sample 

Estimate       such that

Stochastic strongly convex optimization



Prior Results

 Non-smooth and instance-wise strongly convex loss:         

[Asi & Duchi’19, Wang++’17]

 Non-smooth and instance-wise arbitrary convex loss:          [Wang++’17]

 Strongly convex optimization? 

 Instance-wise convex loss but strongly convex risk

 Can smoothness benefit the low-noise setting like for SGM?



 Smooth and convex loss, and strongly convex risk：

 Smooth and convex loss：

Main Results

noise level of model

Xiao-Tong Yuan and Ping Li, Sharper Analysis for Minibatch Stochastic Proximal Point Method: Stability, Smoothness, 

and Deviation, Under Review.



Comparison
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Problem

Few-shot learning: 
how to learn a useful model 
quickly from small amount of data?

Finn ICML-2019 Tutorial

Meta learning = Learning (from past 
tasks) to learn (quickly in future tasks)



Optimization based Meta Learning

• Model-Agnostic Meta-Learning (MAML) [Finn++’17]

• Reptile [Nichol++’18]



Motivation

First-order meta learning methods ignore or approximate the Hessian

• First-order MAML just ignores Hessian 

• Reptile approximates stochastic gradient in MAML by multi-step SGD steps

Approximation brings model information loss and performance degradation



Minibatch Proximal Point Meta-Learning 

Training Phase: learning to share a good proximal model across training tasks

Test Phase: solving a proximal point model on a new task
small distance in expectation

Sharper Analysis for Minibatch Stochastic Proximal Point 
Method: Stability, Smoothness, and Deviation

Pan Zhou, Xiao-Tong Yuan, Huan Xu, Shuicheng Yan, Jiashi Feng, Efficient Meta Learning via Minibatch Proximal

Update, NeurIPS, 2019.



Statistical Efficiency

Theorem (Generalization guarantee, informal)

Suppose each loss is convex and Lipschitz. Then the in-expectation 

excess risk of a test task is upper bounded by



Algorithm

Bi-level optimization

Inner-loop 

optimization

Outer-loop 

SGD update



Few-shot Classification Results

1.4% 
improvement 

in average

1.5% 
improvement 

in average
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Distributed Network Pruning

Communication efficient distributed network pruning

 Parameter pruning and sharing [Han++’15, Li ++’17]

 Parameter quantization [Gupta++’15, Wu++’16]

 Low-rank factorization [Denton++’14, Kim++’16]

 Learning structured matrix [Cheng++’15, Yang++’15]

Computation vs Communication



Motivation: Distributed Approximate Newton

Distributed Approximate NEwton (DANE) [Shamir++’14]

Variance-reduced 

Minibatch SPP!

Benefits of DANE: 

Provably communication 

efficient

Local optimization flexible



Distributed Inexact Newton PurSuit

DINPS for Network Pruning

Bo Liu, Xiao-Tong Yuan, Lezi Wang, Qingshan Liu, Junzhou Huang, Dimitris Metaxas, Distributed Inexact Newton-type 

Pursuit for Non-convex Sparse Learning, AISTATS, 2019.



Experimental Results
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FedProx: FL with Proximal Point Methods

[Li++’20] [Li++’18]

Weak convergence & generalization guarantees

Potentially unbalanced local computation

More well-behaved local updates

Safe partial updates from selected devices

Robust to Systems and statistical 
heterogeneity



Improved Guarantees on FedProx

Smooth and non-convex problems:

Non-smooth and non-convex problems:

T = # communication rounds.  I = # devices for partial participation

Xiao-Tong Yuan and Ping Li, Local Dissimilarity Invariant Bounds for FedProx and Beyond, Under Review.



Summary

• SMOD are demonstrably—both in theory and practice—more robust to 

algorithmic parameters.

• SMOD enjoys competitive or superior convergence guarantees to SGM for a 

variety of stochastic optimization problems.

• SMOD (or its concept) has found a number of exciting applications in DL 

including optimization-based meta-learning, distributed network pruning and 

heterogeneous federated learning.  



Thanks!


