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Problem Setup

Contributions

Algorithm Pipeline Experimental Results
Our algorithm follows an iterative multi-objective Bayesian optimization pipeline:

Evaluate proposed points

Multi-objective solver

Approximate Pareto 
set and front over all

Pareto frontObservations

fj
<latexit sha1_base64="Zz6iNM3NIi3avy+two8AsfT7ldM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeClx4r2lpoQ9lsJ+3azSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTjm5n/8IRK81jem0mCfkSHkoecUWOlu7D/2C9X3Ko7B1klXk4qkKPZL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhNd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6Rdq3oX1drtZaXeyOMowgmcwjl4cAV1aEATWsBgCM/wCm+OcF6cd+dj0Vpw8plj+APn8wdJxI3R</latexit>

f1

f 2

Selection

Propose a batch of 
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Acquisition function

Approximate functions 
from mean of GPsfj
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Surrogate model

Fit GPs for each 
objective
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Repeat until a stopping criterion is met: 
1) Fit Gaussian processes (GPs) for each objective based on the current dataset. GPs are 

the surrogate models that map from design input to performance output. 
2) Take the mean functions of fitted GPs as acquisition functions, that serve as 

evaluation functions purely based on surrogate models. 
3) Run our multi-objective solver[1] on the acquisition functions to approximate the 

Pareto set and front, which results in a dense set of candidate points for selection. 

4) Select a batch of points to evaluate next with our diversity-guided selection strategy. 
5) Evaluate the selected points in real experiments and add them to the dataset.

Takeaways

We propose a novel algorithm called DGEMO 
(Diversity-Guided Efficient Multi-objective 
Optimization) for solving multi-objective black-box 
optimization problems, which:

• Minimizes the number of function evaluations 
• Enables batch evaluations with any batch sizes 
• Achieves consistent and state-of-the-art 

performance on both synthetic test functions and 
real-world benchmark problems

Diversity-Guided Selection

If you have any design optimization problem that 
has multiple conflicting objectives and is expensive 
to evaluate, please try our DGEMO for state-of-the-
art efficiency.

Reference [1] Adriana Schulz, Harrison Wang, Eitan Grinspun, Justin Solomon, and Wojciech Matusik. Interactive exploration of design trade-offs. ACM Transactions on Graphics (TOG), 37(4):1–14, 2018. 
[2] Nery Riquelme, Christian Von Lücken, and Benjamin Baran. Performance metrics in multiobjective optimization. In 2015 Latin American Computing Conference (CLEI), pages 1–11. IEEE, 2015.

Qualitative  
Take the standard ZDT3 
problem as an example. We 
notice that compared to 
other baseline algorithms, 
DGEMO quickly discovers all 
regions of interest and 
focuses most evaluations in 
these regions, covering 
almost the entire ground 
truth Pareto front after only 
20 iterations of batch size 10 
without getting stuck in 
local minima (see the 
bottom right figure).

→

 Quantitative 
We monitor the 
hypervolume 
improvement of all 
algorithms on 13 synthetic 
test functions and 7 real-
world benchmark 
problems (here we show 9 
of them), averaged over 10 
runs using different 
random seeds. DGEMO 
shows consistent top 
performance, compared to 
other algorithms that 
oscillate on different types 
of problems. Please check 
out the paper for full 
results on all problems 
with different batch sizes.
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X⇤ = argmin (f1(X), . . . , fm(X))
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Given a design optimization problem with d design 
parameters and m different conflicting objectives:

X = (x1, . . . , xd)
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Design Space Performance Space

our goal is to find the optimal set of design samples

In many real-world science and engineering 
problems, the objective functions are:

that minimizes the objectives with different trade-
offs, called Pareto set. The set of optimal objective 
values is called Pareto front.

• Black-box 
• Expensive to evaluate 
• Can be evaluated in parallel (batch)

• Hypervolume improvement[2]: As the most popular performance criterion in multi-
objective optimization, we use the hypervolume to rank points within a diversity region 
and select the ones with top ranks for experimental evaluation.

• Diversity measure: Considers diversity in both 
design and performance space of candidate 
optimal samples, and evenly distributes selected 
samples among diversity regions (given by our 
solver, shown in different colors). It encourages 
exploring potentially promising regions and 
prevents from falling into local minima.
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Pareto set:        ,       ,  f(D1)
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Pareto front:             ,            ,

We use a two-stage selection strategy that trades-off exploration and exploitation:

: https://github.com/yunshengtian/DGEMO


