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üGraceful degradation of regret with 𝐶
üNo knowledge of 𝐶 assumed (agnostic)

Desiderata for our Algorithms
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for 𝑧! ∈ {0,1}:
• 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶1 𝑑2 log2 𝑇) for pricing, symmetric loss
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Runtime
𝑝𝑜𝑙𝑦 𝑑, log 𝑇 3456(89: ;)

𝑦!⋆ = 𝑢!, 𝜃⋆ + 𝑧!
𝑧! ∈ −1,1 : adaptively and 

adversarially chosen

𝐶# = #{𝑧! = 1}
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• Eliminate inconsistent side of knowledge set.
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set for 𝜃⋆

𝜃⋆

Aggressively introducing cuts à fast, logarithmic bounds

[Lobel, Paes Leme, Vladu, EC17/OR18]

𝑅𝑒𝑔𝑟𝑒𝑡 ≤ 𝑂(𝑑 ⋅ log 𝑇)

Important properties of cut
1. Never eliminate 𝜃⋆

• Retain all parameters 
consistent with feedback

2. Volumetric progress
• Cut through centroid
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A Fundamentally Different Approach

• Maintain probability density function 𝑓(⋅) over all possible values of 𝜃⋆. 

• Density at point 𝑥 = extent to which 𝑥 is consistent with 𝜃⋆.

àNever remove values from consideration, just shift its “weight”.

àHigher weight to more probable values.

Seemingly more ”forgiving” approach à faster bounds for corruption-robust
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Algorithm for 𝜀 − Ball Loss
𝐵(0,1)

𝑢!

𝑢! , 𝑥 = 𝑦!

𝜃⋆

0 1
𝑦! ⟨𝑢! , 𝜃⋆⟩

𝜀equal

𝜺 −𝐖𝐢𝐧𝐝𝐨𝐰𝐌𝐞𝐝𝐢𝐚𝐧 𝐀𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦
Initialize 𝑓#(𝑥): uniform over 𝐵 0,1 .

For rounds 𝑡 = 1,… , 𝑇:

• Observe 𝑢! and query 𝑦! = 𝜀 − 𝑤𝑖𝑛𝑑𝑜𝑤 −𝑚𝑒𝑑𝑖𝑎𝑛(𝑓!)

• Update density: 

𝑓!$# 𝑥 =

3
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≥

𝜀
2

1 ⋅ 𝑓! 𝑥 , 𝑖𝑓 −
𝜀
2
≤ 𝜎!⋅ 𝑢!, 𝑥 − 𝑦! ≤

𝜀
2

1
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≤ −

𝜀
2

Proof Idea
1. Given updates above, 𝑓! ⋅ is always a density.

2. Potential Φ! = ∫&((⋆,*/,)𝑓! 𝑥 𝑑𝑥: 



Algorithm for 𝜀 − Ball Loss
𝐵(0,1)

𝑢!

𝑢! , 𝑥 = 𝑦!

𝜃⋆

0 1
𝑦! ⟨𝑢! , 𝜃⋆⟩

𝜀equal

𝜺 −𝐖𝐢𝐧𝐝𝐨𝐰𝐌𝐞𝐝𝐢𝐚𝐧 𝐀𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦
Initialize 𝑓#(𝑥): uniform over 𝐵 0,1 .

For rounds 𝑡 = 1,… , 𝑇:

• Observe 𝑢! and query 𝑦! = 𝜀 − 𝑤𝑖𝑛𝑑𝑜𝑤 −𝑚𝑒𝑑𝑖𝑎𝑛(𝑓!)

• Update density: 

𝑓!$# 𝑥 =

3
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≥

𝜀
2

1 ⋅ 𝑓! 𝑥 , 𝑖𝑓 −
𝜀
2
≤ 𝜎!⋅ 𝑢!, 𝑥 − 𝑦! ≤

𝜀
2

1
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≤ −

𝜀
2

Proof Idea
1. Given updates above, 𝑓! ⋅ is always a density.

2. Potential Φ! = ∫&((⋆,*/,)𝑓! 𝑥 𝑑𝑥: 
• (weakly) increases in uncorrupted rounds

×
3
2×

1
2

×1

𝜎!



Algorithm for 𝜀 − Ball Loss
𝐵(0,1)

𝑢!

𝑢! , 𝑥 = 𝑦!

𝜃⋆

0 1
𝑦! ⟨𝑢! , 𝜃⋆⟩

𝜀equalProof Idea
1. Given updates above, 𝑓! ⋅ is always a density.

2. Potential Φ! = ∫&((⋆,*/,)𝑓! 𝑥 𝑑𝑥: 
• (weakly) increases in uncorrupted rounds
• decreases by 𝟏/𝟐 in corrupted ones (𝑪𝟎 in total)

𝜺 −𝐖𝐢𝐧𝐝𝐨𝐰𝐌𝐞𝐝𝐢𝐚𝐧 𝐀𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦
Initialize 𝑓#(𝑥): uniform over 𝐵 0,1 .

For rounds 𝑡 = 1,… , 𝑇:

• Observe 𝑢! and query 𝑦! = 𝜀 − 𝑤𝑖𝑛𝑑𝑜𝑤 −𝑚𝑒𝑑𝑖𝑎𝑛(𝑓!)

• Update density: 

𝑓!$# 𝑥 =

3
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≥

𝜀
2

1 ⋅ 𝑓! 𝑥 , 𝑖𝑓 −
𝜀
2
≤ 𝜎!⋅ 𝑢!, 𝑥 − 𝑦! ≤

𝜀
2

1
2
⋅ 𝑓! 𝑥 , 𝑖𝑓 𝜎! ⋅ 𝑢!, 𝑥 − 𝑦! ≤ −

𝜀
2

𝜎!

×
1
2×

3
2

×1

This can happen 
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𝑂(𝑇/ 𝑝𝑜𝑙𝑦 𝑑, 𝑇 )



Efficient Algorithm for Symmetric Loss

Polytime algorithm with 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶@ + 𝑑 log 𝑇) for symmetric loss, 

where 𝐶@ = ∑! |𝑧!|.

Main Result
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1{𝑧! ≠ 0}



Efficient Algorithm for Symmetric Loss

Polytime algorithm with 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶@ + 𝑑 log 𝑇) for symmetric loss, 

where 𝐶@ = ∑! |𝑧!|.

Main Result

Idea

• Maintain “structured” 𝑓! ⋅ , such that it always is a log-concave density.

• Query centroid of distribution: 𝑦! = 𝑐𝑔! = ∫ 𝑥 𝑓! 𝑥 𝑑𝑥.

• Update: 𝑓!F@ 𝑥 = 𝑓! 𝑥 ⋅ 1 + @
2
⋅ 𝜎! ⋅ 𝑢! , 𝑥 − 𝑐𝑔!

• Finer control over corruptions, as density changes proportionally to how close 

to 𝑐𝑔! a point 𝑥 is (rather than constant update based on 𝜎!).

𝐶$ < 𝐶# =C
!

1{𝑧! ≠ 0}



Efficient Algorithm for Symmetric Loss

Polytime algorithm with 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶@ + 𝑑 log 𝑇) for symmetric loss, 

where 𝐶@ = ∑! |𝑧!|.

Main Result

Idea

• Maintain “structured” 𝑓! ⋅ , such that it always is a log-concave density.

• Query centroid of distribution: 𝑦! = 𝑐𝑔! = ∫ 𝑥 𝑓! 𝑥 𝑑𝑥.

• Update: 𝑓!F@ 𝑥 = 𝑓! 𝑥 ⋅ 1 + @
2
⋅ 𝜎! ⋅ 𝑢! , 𝑥 − 𝑐𝑔!
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([Applegate & Kannan, STOC91])



Corruption-robust contextual search algorithms with rates: 

• 𝜀 −ball loss: 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶1 + 𝑑 log 1/𝜀)

• symmetric loss: 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶@ + 𝑑 log 𝑇), 𝑤ℎ𝑒𝑟𝑒 𝐶@ = ∑! |𝑧!| & polytime

• pricing loss: 𝑅𝑒𝑔𝑟𝑒𝑡 = 𝑂(𝐶1 𝑑2 log2 𝑇)

Main Result
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Main Result

Open Questions
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Thank you!


