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Our results: achieve arbitrarily high accuracy, given enough samples
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Why (algorithmic) robust statistics?

1. Classical problem (e.g. [Huber’64], [Tukey’75])
2. Applications: e.g. robust linear regression

1) Choose n i.i.d. samples x; ~ N(0,1,), and y. = (£*,x;) + 1,
2) Adversary observes samples, replaces a fraction of them
< Algo for learning max of k linear models:
. X; ~ N(0,I), and y; = mane[k]{@ﬂj*axi) + 17
* Adversary replace with the max

. Only ~ 1/k fraction are uncorrupted, for £* = f]* for each j
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1. Learning max of k linear models:
2. Max-affine regression:

Max before noise <> corruption before noise
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Formulation

1. Corrupted means:
{yl,} — {/’t9 "‘?IM?Zl? "‘9Zan}

(1—a)n

2. Add N(0,/) noise:
Wit ~ NV, 1), o N, 1), Nz, 1), N (2, D)

(1—a)n

d-dim: project along each axis and run 1-dim algo for e/\ﬁi accuracy
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SFT [Price-Song’16]: For noisy 71-sparse x(t) = e’/ + g(1),t € 10,71,
output f'that |f—f'| K OWW/IT),if ¥/ = O(1), where

N = IJT\ (f) | dt
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Sparse Fourier Transform

SFT [Price-Song’16]: For noisy 1-sparse x(t) = e + g(¢), t € [0,T],
output f'that |f—f'| K OWW/IT),if ¥/ = O(1), where

N = IJT\ (f) | dt
_T O g .

with O(log T') samples from x(¢) and in O(log(7)*) time.

Our Algo: Apply SFT on the empirical avg of CFs:

n

1 .
X(t) —— Z eltyje%tz
n -
J=1
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Back to Gaussian

Fact: For X ~ N(u,1), the characteristic function of X7 is

)
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exXp(1T—2;)

[ iX?| _
(sz(t) — [e ] B (1 = 2ir)l2

t
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1 —2it g

oo (i)
E lexp |1 — X
1 + 2it

N

Substitute

2

(1 +2it)”"* = e

norm ~ exp(X?/2)

too large to use concentration inegs
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