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Outliers in High Dimensions

Robust mean estimation (theory): estimate mean of 𝐷 on 𝑅𝑑 from 𝜖-
corrupted samples

Outlier scoring (experiments): given 𝑋1, … , 𝑋𝑛, assign scores 𝜏 𝑋𝑖 ≥ 0
so that outliers receive higher scores

𝑋1, … , 𝑋𝑛
𝜖-corrupted 
samples

[Anscome ’60, Tukey ’60, Huber ‘64, Tukey ’75]
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Outliers in High Dimensions

2010s robust stats: PCA is a good way to find 
outliers

𝜏 𝑋 = ⟨X, principle component⟩2

Drawback: only in one direction at a time

Outliers in 𝛺(𝑑) directions → 𝛺 𝑑2 running times

[Diakonikolas-Kamath-Kane-Li-Moitra-Stewart ’16, Lai-Rao-Vempala ’16]
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1. Regularized PCA problem
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𝑈≽0
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Quantum Entropy Scoring (QUE)

1. Regularized PCA problem

𝑊 = arg max
𝑇𝑟 𝑈=1
𝑈≽0

𝛼 ⋅ 𝑈, Σ + 𝑆(𝑈)

Given: 𝑋1, … , 𝑋𝑛 ∈ 𝑅𝑑 , empirical covariance Σ

Alternatively, 𝜏 𝑋 ∝ σ𝑖≤𝑑 𝑒
𝛼𝜆𝑖 ⋅ 𝑋, 𝑣𝑖
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Fast Robust Mean Estimation

Standard Assumption: underlying dist. has bounded covariance

𝑋1, … , 𝑋𝑛 𝜖-corrupted 
samples

[Diakonikolas-Kamath-Kane-Li-Moitra-Stewart ’17, Cheng-Diakonikolas-Ge ’19]

Algorithm: QUE + matrix multiplicative weights (a.k.a. mirror descent)

Best previous: ෨𝑂 𝑛𝑑2 , ෨𝑂 𝑛𝑑/𝜖6

Theorem: can solve with optimal error in nearly-linear time ෨𝑂(𝑛𝑑)



Outlier Scoring: 
Image Dataset



QUE Scoring: 
Results

𝛼 no regularization (PCA)infinite regularization
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nonzero regularization outperforms PCA
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QUE outperforms nearest-
neighbor methods

# of distinct pixels corrupted

[Campos-Zimek-Sander-Campello-Micenková-Schubert-Assent-Houle ’17]



Quantum Entropy Scoring for Fast Robust Mean 
Estimation and Improved Outlier Detection

Poster No. 228


