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Our Result

A much simpler analysis of a classic solution to the robust

mean estimation problem, based on off-the-shelf regret

bound of multiplicative update.

A unified view on robust and heavy-tailed mean

estimation, through convex duality.

A simple and improved analysis of the gradient

descent-based algorithm by Cheng, Diakonikolas, Ge and

Soltanolkotabi (ICML ’20).

Robust Mean Estimation

Problem. Given d-dimensional samples X1, . . . , Xn ∼ D, but

where an εn samples are arbitrarily corrupted, estimate the

mean µ of D.

Why is it hard? The εn contaminated samples are corruptions

introduced by a malicious adversary, which can replace the

data in an arbitrary fashion.

Naïve idea fails Naïve estimators such as the empirical mean

can suffer arbitrarily-high inaccuracy as a result of these mali-

cious samples.

Heavy-Tailed Mean Estimation

Problem. Given d-dimensional samples X1, . . . , Xn ∼ D, es-

timate µ by an estimator µ̂ such that ‖µ − µ̂‖ is small with

high probability (or equivalently, estimate µ with optimal con-

fidence intervals).

Why is it hard? Since our only assumption about D is that it

has finite covariance, D may have heavy tails.

Naïve idea fails. Standard estimators such as the empirical

mean can therefore be poorly concentrated.

Overview

Learning in the presence of outliers is a central task in modern

statistics and machine learning.

Figure 1. Can we find the mean under the outliers?

Outliers have many sources.

Modern data sets can be exposed to random corruptions

or even malicious tampering, as in data poison attacks.

Data drawn from heavy-tailed distributions can naturally

contain outlying samples—heavy-tailed data are found

often in network science, biology, and beyond.

In this work, we revisit the most fundamental high-

dimensional estimation problem, estimating the mean of a dis-

tribution from samples, in the two basic and widely-studied

robust settings.

A Simple Analysis

Only based on the regret bound of multiplicative weights up-

date, a classic result from statistical learning and convex opti-

mization:
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No-regret is all you need to defeat outliers.

AUnified View

We show that solving the following problem directly leads to

near optimal solution to both problems:

Spectral Sample Reweighting

Given {xi}n
i=1 inRd, the spectral sample reweighing problem

asks for a set ofweights w and a spectral center ν ∈ Rd such

that for α = O(1)∥∥∥∥∥∥∥
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We show that the classic Filter algorithm for robust mean es-

timation solves this problem. And there’s a simple analysis!

Proof relies of SDP duality and a fancy gaussian sampling argu-

ment, more in the paper.
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