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Black-Box Optimization

Next iterate x,_

Maximize f;(x),f5(x), +-, fx(x)
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Sampling Strategy

fl (xz)afz(xt)a -t 9fK(xt)

- [1(%), /r(x), -+, fx(x) can be accessed only by sequential sampling
- No gradient information available

- Sampling is usually assumed expensive or time-consuming
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Multi-Objective Optimization: Hypervolume
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Find all Pareto-optimal points = Maximize hypervolume
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Multi-Objective Bayesian Optimization

(MOBO)

1. Gaussian process prior

* The posterior enjoys a closed form by posterior Jix)
mean and variance (,ut(’)(x), at(l)(x)z)ie[ 1%

2. Acquisition function
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» Determines the next sample by an acquisition function (AF)

» At each ¢, AF computes [(x) from { //tt(i)(X), at(i)(x)z} and select

X, = arg max I(x) (1
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» Such AFs are domain-agnostic
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MOBO can also be Interpreted as an RL Problem

1. Env = GP + Black-
box functions

3. Action = next sample point 4. Policy determined by AF

5. Reward could be a function of “hypervolume”



Hypervolume ldentifiability Problem

MOBO: Scenario 1
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MOBO: Scenario 2
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Upon sampling Xx;:
- Same posterior for both
scenarios

- Large difference in
Increased HV



BOFormer: Sequential Modeling + Non-Markovian RL

> Main idea #1: Use a Transformer to capture sampling history

» Main idea #2: Use Non-Markovian DQN to learn a Q-Function as AF

Predicted Q-value of the sample
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oresentation  |mmediate reward (increased HV)

of the sample at time 7 — 1 incurred by the sample at time t — 1
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Evaluation: BOFormer on Synthetic Functions
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Evaluation: BOFormer on HPO-3DGS
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> BOFormer outperforms both the existing rule-based AFs and other Transformer-based
RL benchmark methods.

> BOFormer can be trained on GP functions, which are easily to created, and achieve
zero-shot transfer to other unseen testing functions.
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Demo: BOFormer on HPO-3DGS - Lego
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Demo: BOFormer on HPO-3DGS - Materials
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Main Takeaway

> Learning to solve Multi-Objective Bayesian Optimization (MOBQ) needs to
handle the “hypervolume identifiability problem’

> Sequence modeling + Non-Markovian RL can nicely address this
identifiability problem
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