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Ø具有组合结构问题

Ø在线统计推断案例

Ø一些潜在研究方向



Gaussian Location Models



Sparsity /Low Rank Structure



Hypothesis Testing



Stochastic Block Models



Online Adversary Learning

Two agents, a learner and an adversary, interact over a total of T rounds, for some T ∈ N. 
The learner and adversary are given at the beginning a set X and a set F consisting of [0, 1]-

valued functions on X , known as hypotheses.
The players perform the following for each round 1 ≤ t ≤ T: the learner chooses a hypothesis  

(which may be random), and the adversary picks                              (which may be 
random) based on the history of moves                    and                                   .

The goal of the learner is to minimize its expected regret

·Proper: the learner picks                              Improper: the learner can pick arbitrary f

·Realizable: the adversary is constrained to choose the sequence 
so that there is some              so that                    for all t.



Mixed Integer Linear Programming (MILP)
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• Algorithms as tensor decomposition
– They use            to describe the rectangular matrix 

multiplication operation of size            with             (note 
that                    )

– An algorithm is formulated as a decomposition of the 
tensor into R rank-one terms as below 

– In particular, N × N matrices can be multiplied with 
asymptotic complexity

– Find minimal R

Matrix multiplication



Q-Learning

The update rule of Q-learning  is 



Local SGD (Federated Averaging)

A pool of K clients, in which the k-th client has a local dataset consisting of i.i.d samples 
from some unknown distribution



Approximate Message Passing

• 近似讯息传输（Approximate Message Passing AMP）可看作是幂法的推广，

每步迭代在逐步降噪，在噪声足够低时，再做预测（先降噪，再预测），

常常能达到Bayes估计的最优Rate

• 其中， 是某种降噪函数，取决于先验分布π，elementwise作用于

向量，例如可以使用Lasso里的Soft-threshold来达到稀疏效果

• 被称为Onsager修正项，来保证每一步的迭代结果仍是渐近正态的

⇒



AMP for Estimating Rank 1 Matrix

• 问题：观测到 ，要估计

• 对称AMP迭代：Lipschitz的降噪函数

• 其中， 表示“Latent Space”的表示， 是对 的估计

• 第一步是在降噪（同时估计），二三步在做Onsager修正，维持渐近正态

性



数据驱动方法

Ø 数据驱动方法。数据变得更容易获取，且积累的规模越

来越大，从数据中挖掘信息和推理结论的算法技术在不

断改进。

Ø 利用和探索不确定性。概率描述不确定性的数学语言，

统计是概率和数据的结合。

Ø 统计推断是实现数据驱动的一个最重要途径，这意味着

我们要对数据及其潜在分布得出严谨、可证明的结论。



核心科学问题

Ø 然而由于我们的资源（包含数据、信息和计算）常常

是有限的，因此我们需要设计能够尽可能高效地使用

已有资源、信息和计算的算法；为实际问题提供建设

性和明确的可行解决方案。

Ø 或者知道何时信息和计算有效的算法是不可能的。建

立不可能性的结果则提供了算法使用的边界，可以理

解为一种存在性理论分析。



研究手段

Ø 统计学往往从样本有效推理角度来研究上述问题，而计算机科学关

注计算有效算法。

Ø 两者的交汇产生了有趣和令人惊奇的效果。比如，计算机科学的多

臂老虎机或在线算法为大规模统计推断提供了新的技术思路，平方

求和证明技术为一些鲁棒统计估计问题提供了求解方法；统计假设

检验成为理论计算机学家的研究工具或问题，最近发展起来的随机

局部化技术则被理论计算学家用于分析凸离散优化问题。

Ø 因此，这种渐近和非渐近、随机和确定、连续和离散、概率和组合

相结合的更现代观点为我们带来了新的视角和研究手段。
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在线统计推断

Ø 在数据/信息层面，我们拥有的数据越多，我们拥有的

信息就越多，我们就越能理解潜在分布。然而收集数

据需要时间、经费和精力。

Ø 在计算层面，有了数据，我们将在其上运行一个算法

来进行推理。同样我们可以用来处理数据的时间和内

储也是有限的。计算资源需要代价，所以我们希望进

行实时或在线推断和学习。



Stochastic Approximation

● Devote to finding a fixed point of a particular function.
Was first proposed by Robbins and Monro [Robbins & Monro 51]

● Linear Regression, Stochastic Gradient Descent, Q-Learning are all adapted to 
this formulation.

● Another generalization of the classical version such as Simulate Annealing, 
Stochastic Gradient Langevin Dynamics



Asymptotic Analogy: Linear Setting
In order to find the root of the linear function                        based on the observations

. We  consider the SA procedures of the form

The bias of the estimator should be negligible, which means                                         .

This is true iff all eigenvalues of the matrix                                    have negative real parts. When the matrix A satisfies 
the condition, the covariance of the asymptotic normal subjects to

[Wei 87]



Obstructive Factor for Usage of Final Iteration

● For multidimensional problems, no matter what kind of 
procedures are taken for estimating the optimal choice matrix, 
the computation task involved is very intensive.

● The assignment of the step size is restrictive.
● As a consequence, the results in adaptive stochastic 

approximation are largely of theoretical nature and have not 
been used widely in various applications.



Acceleration by Simple Averaging

The averaging method, simultaneously introduced by [Polyak 90]  and [Ruppert 91], is an 
asymptotic efficient algorithm.
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algorithm.



Acceleration by Simple Averaging

● Without complex computation, the average sequence can be updated recursively.
● Step size can be chosen as 

[Polyak & Juditsky 92]

[Moulines & Bach 13]



Inference

Under the knowledge of the asymptotic efficiency of Polyak-Ruppert Averaging, it is natural to propose some 
practical inference approaches for these estimators. 
One critical task is to give the variance a consistent estimate.

● As the most intuitive method, the Plug-in estimator evaluate S and A separately and combine them to get 
the final evaluation of the asymptotic variance. 

● Computation of the Hessian matrix of the loss function and its inverse. Unavoidable burden.
● Can not be updated recursive.



Inference

● [Chen et al. 16] brought the batch-means estimator from Monte Carlo [Glynn & 

Whitt 91] to stochastic approximation procedures.

● Note the SA sequence is endowed some mixing property, which means the 

correlation between Xi and Xj decays rapidly when j-i going to infinity.

● Once the batch sizes are predetermined, we can rewrite the batch-means estimator as

Batch-mean has slower 

approximate rate than 

Plug-in



Inference

The following method is proposed based on the functional central limit theorem 
conclusion. [Lee et al. 21] [Li et al. 22 a]

When we take a hypothesis testing task



Inference

● Compute the random scaling pivotal recursively in practice
● Similar to the batch-mean estimator’s calculation, we reformulate the 

pivotal such that every term can be computed in an online fashion.



Stochastic Approximation with Constant Step Size



Online Inference with Random Scaling

[Xie and Z, NeurIPS 2022]



Functional Central Limit Theorem (FCLT)



Random Scaling



Problem-Dependent Bias



Local SGD (Federated Averaging)

A pool of K clients, in which the k-th client has a local dataset consisting of i.i.d samples 
from some unknown distribution



Local SGD (Federated Averaging)

[Li, Liang, Chang and Z, COLT 2022]
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Local SGD (Federated Averaging)

[Li, Liang, Chang and Z, COLT 2022]



Synchronous Q-Learning



Synchronous Q-Learning



FCLT

[Li, Yang, Liang, Z and Jordan, 2022]



Online Statisticsl Inference



Local SGD



Q-Learning



Future Work

● More general environment
○ State dependent noise
○ Non-convex / Non-smooth

● Other statistical task
○ Semi-parameter / Non-parameter
○ Large deviation

● Bias / Variance trade-off (Non-asymptotic / Asymptotic trade-off)
● Unifying various stochastic optimization (approximation) 

algorithms
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不确定性下的序贯决策

Ø 不确定性下的序贯决策是多个领域的基础问题，比如经济学和运

筹学中的马尔可夫决策过程 (MDP)、工程中的最优控制、计算机

科学中的在线算法等。虽然MDP、最优控制和在线算法在各自的

领域都取得了巨大的成功，但今天这三个领域正日益融合。这背

后的一个核心原因是，随着数据变得更容易获得和技术不断改进，

它允许针对不同设置对算法进行更大程度的定制。

Ø 因此，大家转向更灵活的“数据驱动决策过程”模型：即结合随机

和对抗信息结构的混合模型，以及更好地适应信息、约束和目标

结构的算法。



多臂老虎机算法

Ø 多臂老虎机是经典的在线学习问题。传统的多臂老虎机

问题主要分为随机情景、对抗情景两种模式。

Ø 在当前数据驱动的决策问题中，实际情况下可以建模成

多臂老虎机的决策问题往往既不属于随机情景，也不属

于对抗情景。而是属于部分数据对抗。

Ø 如何在不失鲁棒性的情况下保证多臂老虎机算法仍旧能

够高效的确认最大奖励均值的臂，需要在算法设计上引

入适当的改进。



强化学习

Ø 在强化学习场景中，策略梯度算法是最经典的算法框架，它利用价

值函数的梯度估计和随机梯度算法来估计最优策略。由于强化学习

问题中的目标函数对于策略参数并不具备凸性，策略梯度类方法的

收敛性分析并不平凡，需要利用价值函数这一重要工具。由于策略

梯度的计算需要依赖当前策略产生的轨道信息，该类强化学习方法

面临着采样复杂度高、收敛速度慢的问题。

Ø 通过重要性采样和约束优化过程中相邻策略之间距离等技巧，经过

改进的策略梯度方法能够复用非当前策略的轨道信息进行策略更新。

与此同时，受传统优化中方差减小方法的启发，方差减小的策略梯

度方法得以提出并取得了更好的理论收敛结果。



采样和优化

Ø 采样和优化在算法中是密切联系的两个部分。一方面我们可以用采样的

观点来研究随机梯度下降算法的收敛性，依据朗之万方程在每一步引入

合适的噪音来确保算法可以逃离局部鞍点,期待更好的泛化结果。

Ø 另一方面当我们研究采样算法时,也可以将朗之万蒙特卡洛方法看作是在

概率空间中的梯度下降算法,可以利用优化中的一些加速方法来设计效率

更高的采样算法。

Ø 凸离散优化中这种联系同样值得研究。最近凸离散优化中的随机局部化

方法和重要结构拟阵的高效采样算法得到了充分的发展。基于采样算法

设计更高效的离散优化算法,并将这些算法应用在组合优化,编码理论和经

济学等领域同样值得期待。
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