Carnegie =
Distributionally Robust Weighted k-Nearest Neighbors %ﬁ}i‘é‘l}sﬁy Ge?.-re%'ﬁ

Shixiang (Woody) Zhu?, Liyan Xie?, Minghe Zhang®, Rui Gao®, Yao Xie’
TEXAS

The University of Texas at Austin

Carnegie Mellon University!, The Chinese University of Hong Kong, Shenzhen?,
Georgia Institute of Technology’, University of Texas at Austin®

# o ok S E D

The Chinese University of Hong Koag, Shenzhen

Numerical Results

Introduction

Overview of End-to-end Architecture

Learning a robust classifier from a few samples remains a key challenge in
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Figure: Kernel smoothing with different bandwidth A.

Setup:
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* Training samples: {(z",y"),. .., (2", y")}; Truncated Dr.£-NN for Large-scale Data
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o QZ(@) denotes the set of all probability distributions on =: (a) Dr. k-NN (b) r-truncated set (c) Truncated
® ¥, > 0 specifies the size of the uncertainty set for the m-th class that (a) PY (b) £ (c) 5 (d) ™ Figure: An example of the truncated Dr.k-NN using MNIST (digit 4 (red) and 9 (blue)).

specifies the amount of deviation we would like to control; Figure: An example of the weights P}, P;, P yielding from (3) and the corresponding results of Dr.k-NN using a small subset of MNIST (digit 4 (red), 6 (blue), 9 (green) and k = 5). Big dots between the lines are selected training samples under different 7. The depth of

Raw samples are projected on a 2D feature space (d = 2), with the color indicating their true class-membership. the shaded area shows the level of samples entropy.

® W(P, Pl) = min7 E(&f’)“ﬁ [C(g, g/)]



