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Combinatorial Bayesian Optimization

x* € arg max ,cx f(x),
where X: combinatorial and unstructured

{xl,.., 2"}, xt e X, X = Hx(i)
i=1
Example: Protein design

Q?F?DVF?GK??...E?PM?A 20399 possibilities

300 amino acid sites

GFP protein



Combinatorial Bayesian Optimization

state space

x* € arg max ,cx f(x),
where X: combinatorial and unstructured

iterations

state space

acquisition function
model fit
uncertainty
--------- true function

® measurements




Combinatorial Bayesian Optimization

Q?F?DVF?GK??.. . .E?PM?A

20390 possibilities

reward

state space

Y
intractable



GAMEOPT: Optimistic Games



Optimistic Games - Idea

Cooperative game %@ Maximization of acquisition function
Evaluation points
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Optimistic Games - Idea

x* € arg max ,cy f(x) UCB(Q?'.):BX(D o

UCB.(GP,x) = u(x) + o (x)
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{xl, .., 2"}, xt € XD X = nx(i)



Optimistic Games - Equilibrium Finding

The goal of players compute (Nash) equilibria

Iterative Best Response (IBR)
Finding Equilibrium
Hedge






Protein: OCFFDVEFQGKSRPMFA mmmm) amino acid sequences

* Proteinlength=1L
Possible protein configurations E— 20"

Goal: Find optimal amino acid sequence to
maximize the functional capacity (fithess)

GFP protein



- Datasets

Halogenase!, L=3 GFP3], L=238

n=3 n==e6,8

GB1(4)12, L=4 GB1(55)14], L=55

n=4 n = 10,55 ~
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LogFitness (best so far)

- Convergence Speed
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Avg. Pairwise Hamming Distance

— Pairwise distance

Avg. Pairwise Hamming Distance

Avg. Pairwise Hamming Distance
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Player
grouping

Theorem 4.2 (Sample complexity of GAMEOPT). Assume [ satisfies the regularity assumptions of
2_2
Section 2, and GAMEQOPT is run with confidence width [3; = 2nlog ('sup,b-G N |Xt|%) Then, with

probability at least 1 — & and for a given accuracy € > 0, the strategy xp+ returned by GAMEOPT is
a e-approximate Nash equilibrium when
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Optimistic Games for
Combinatorial Bayesian Optimization
with Application to Protein Design

T,
Q Hiy '*i”dﬁ
'*:!of- ;;ffs- ’
!'
@éLEFEE,

Code




