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 focus: theoretical aspects of Computer Science
(performance guarantees and complexity statements for black-box optimization)



 𝑓: 𝒮 → ℝ 𝑥∗ ∈ 𝒮 𝑓 𝑥∗
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𝒇: 𝟏, … , 𝟏𝟎 × {𝟏,… , 𝟐𝟎} → ℝ
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𝒇: 𝟎, 𝟏 𝒏 → ℝ

𝑥 ∈ 0,1 𝑛

𝑡 = 1,2, …
𝑦 ← Mutation(𝑥, 𝑝)
𝑓 𝑦 ≥ 𝑓 𝑥

𝑥 𝑦

𝑦 ← Mutation(𝑥, 𝑝):
𝑦 = 𝑥 𝑝

𝑟 ∼ Bin(𝑛, 𝑝) 𝑦 𝑟 𝑥



𝑥 ∈ 0,1 𝑛

𝑝 = 𝑝init
𝑡 = 1,2, …

1. 𝑦 ← Mutation(𝑥, 𝑝)
𝑓 𝑦 ≥ 𝑓 𝑥

𝑥 𝑦
𝑝 𝐴𝑝

𝑓 𝑦 < 𝑓 𝑥
𝑝 𝑏𝑝

5 𝑝 ← 𝐴𝑏4

𝐴 𝑏 𝐴𝑏4 = 1



𝑛 = 500
LO 𝑥 ≤ 250

𝐴 = 2, 𝑏 = 1/2





𝑟 = 1 𝑟 = 2 𝑟 = 3 𝑟 = 4 𝑟 = 5



𝜀-greedy reinforcement learning:

 w/probability 𝜀 chose random expert //exploration

 otherwise chose value with highest confidence //exploitation

𝑟 = 1 𝑟 = 2 𝑟 = 3 𝑟 = 4 𝑟 = 5

After each step, update the confidence values 
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𝜀-greedy reinforcement learning:

 w/probability 𝜀 chose random expert //exploration

 otherwise chose expert with highest confidence //exploitation

𝑟 = 1 𝑟 = 2 𝑟 = 3 𝑟 = 4 𝑟 = 5

After each step, update the confidence values 



























𝜋: ℐ × 𝒮 → Θ

ℐ 𝑝 𝑖 𝑐 𝑖, 𝜋 d𝑖
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Performance of DDQN learnt policies vs optimal/random policies

𝑛 ∈ 50, 100 and 𝑘 ∈ {3, 4, 5, 6, 7, 8, 10, 15, 20}



Theory Benchmarking Practice


















