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 Algo for learning max of  linear models:↪ k

• , and xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩ + ηj}

• Adversary replace with the max

• Only  fraction are uncorrupted, for  for each ∼ 1/k ℓ* = ℓ*j j
5



Why oblivious adversaries?

6



Why oblivious adversaries?
1. Learning max of  linear models:


• , and 
k

xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩ + ηj}

6



Why oblivious adversaries?
1. Learning max of  linear models:


• , and 
k

xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩ + ηj}
2. Max-affine regression:


• , and xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩} + ηi

6



Why oblivious adversaries?
1. Learning max of  linear models:


• , and 
k

xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩ + ηj}
2. Max-affine regression:


• , and xi ∼ N(0,Id) yi = maxj∈[k]{⟨ℓ*j , xi⟩} + ηi

Max before noise  corruption before noise↔
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1. Corrupted means: 

{y′ i} = {μ, …, μ

(1−α)n

, z1, …, zαn}

2. Add  noise:N(0,I)
{yi} ∼ {N(μ,1), …, N(μ,1)

(1−α)n

, N(z1,1), …, N(zαn,1)}

-dim: project along each axis and run 1-dim algo for  accuracyd ε/ d
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1
n

n

∑
j=1

𝔼[eityj]e 1
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1
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Then apply Fourier transform to get frequency μ
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Our Algo: Apply SFT on the empirical avg of CFs: 



x(t) =
1
n

n

∑
j=1

eityje
1
2 t2
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• |g1(t) | ≤ O ( log n

n
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• Sample/time complexity O((1/ε)4+c) 🧐
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Back to Gaussian

13

Fact: For , the characteristic function of  isX ∼ N(μ,1) X2

φX2(t) = 𝔼 [eitX2] =
exp( itμ2

1 − 2it )

(1 − 2it)1/2

Substitute ,t
1 − 2it → t

𝔼 [exp (i
t

1 + 2it
X2)] (1 + 2it)−1/2 = eitμ2

norm 


too large to use concentration ineqs

∼ exp(X2/2)
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Thank you!


