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Abstract

Robotics and automation offer massive acceler-
ation for solving intractable, multivariate scien-
tific problems such as materials discovery, but the
available search spaces can be dauntingly large.
Bayesian optimization has emerged as a popular
sample-efficient optimization engine, thriving in
tasks where no analytic form of the target func-
tion/property is known. Here, we exploit expert hu-
man knowledge in the form of hypotheses to direct
Bayesian searches more quickly to promising re-
gions of chemical space. Previous methods have
used underlying distributions derived from exist-
ing experimental measurements, which is unfea-
sible for new, unexplored scientific tasks. Also,
such distributions cannot capture intricate hypothe-
ses. Our proposed method uses expert human
hypotheses to generate improved seed samples.
Unpromising seeds are automatically discounted,
while promising seeds are used to augment the sur-
rogate model data, thus achieving better-informed
sampling. This process continues in a global ver-
sus local search fashion, organized in a bilevel opti-
mization framework. We validate the performance
of our method on a range of synthetic functions and
demonstrate its practical utility on a real chemical
design task where the use of expert hypotheses ac-
celerates the search performance significantly.

1 Introduction

Bayesian Optimization (BO) is a valuable tool for optimiz-
ing experiments in chemistry and materials science, where
experiments are costly and time-consuming [Shahriari er al.,
2016]. Experimental design methods often involve exhaus-
tive exploration of the parameter space. By contrast, BO of-
fers an efficient framework leveraging Bayesian inference to
guide the iterative exploration of the space, ultimately max-
imizing the target experiment property [Jones et al., 1998].

*Supplementary Material (SM) for this work can be found in the
extended version of the paper at https://arxiv.org/abs/2308.11787.
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Formally, BO aims to find the global optimum in the follow-
ing problem:

x* = argmaz f(x), (D

reX

where f : & — R is a continuous function over the d-
dimensional input space X € R?. Generally, the underlying
analytical form of f(-) is unknown, making it a black-box
function. The core principle of BO lies in the construction
of a probabilistic model, typically a Gaussian Process (GP)
[Rasmussen and Williams, 2006], which serves as a surro-
gate model for f(-). This surrogate model is updated itera-
tively as new experimental data become available, allowing
for the refinement of target predictions. The model’s uncer-
tainty is quantified, and an acquisition function is employed
to select the next set of experimental parameters to evaluate,
balancing exploration (sampling in unexplored regions) and
exploitation (focusing on promising regions).

Injecting domain-specific knowledge into BO to boost op-
timization performance has gained significant recent atten-
tion, especially for scientific tasks [Ramachandran et al.,
2020], aiming to tap into previously unused human exper-
tise. In particular, recent studies have used expert knowl-
edge as user-specified priors over possible optima to guide
the search toward promising regions [Hvarfner ef al., 2022;
Li et al., 2020]. While this has shown promising performance
in various tasks, it is difficult in many scientific problems to
realize external knowledge in the form of a prior distribution.
Furthermore, the optimization landscapes of such problems
often resemble a needle-in-a-haystack manifold [Siemenn et
al., 2023], and inaccurate prior knowledge distributions can
introduce negative bias in the problem and quickly degrade
performance. More recently, human-in-the-loop approaches
have emerged where an interactive optimization framework
enables experts to implicitly add chemical or medical knowl-
edge to the problem in the form of feedback on the quality
of the samples within the “experimental loop” [Martinelli et
al., 2023; Sundin et al., 2018]. However, this knowledge is
implicit and sample-specific and can often lead to local op-
tima entrapment. Another category of methods introduces
domain-specific knowledge in the form of hard constraints
in the problem [Herndndez-Lobato et al., 2015], which can,
however, over-restrict the search in practice.

In this paper, we propose a novel approach to inject do-
main knowledge using input from domain experts to direct the
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Figure 1: Illustration of three hypothesis locations in the form of
confidence regions on the 1D Ackley function. The different colors
(red, orange, and green) correspond to different levels of confidence
(poor, weak, and good, respectively).

search to more fruitful regions. We specifically represent do-
main knowledge as human hypotheses or conjectures that are
realized as intervals of confidence, i.e., constraints on the pa-
rameter space. Figure 1 demonstrates three representative hy-
pothesis regions within the input space of a one-dimensional
Ackley function where the input region around zero is clearly
the most promising hypothesis. The various hypotheses are
realized as GPs restricted to the constrained space, and their
utility is being iteratively evaluated, which in turn expands
or shrinks the global search space accordingly. Our approach
treats the human hypotheses as soft constraints, avoiding to
over-restrict the search or getting stuck in local optima. We
formulate our approach in a bilevel optimization framework
where the lower level evaluates the various hypotheses and
the upper level integrates the useful ones in the search. The
methodology is further detailed in Section 3.

We test the proposed methodology on a materials design
simulation where a set of different chemical hypotheses are
injected to guide the search to more fruitful solutions faster.
We show that hypotheses with favorable conditions accelerate
the search and also improve performance. Interestingly, unfa-
vorable hypotheses do not appear to bias the search negatively
in the long run. Extensive synthetic tests further demonstrate
the competitive and robust performance of our method.

The remainder of this paper is organized as follows. Sec-
tion 2 presents recent works about expert knowledge integra-
tion in BO, while Section 3 describes the proposed method-
ology. The robustness and performance of our algorithm are
evaluated and discussed in Section 4. Finally, Section 5 sum-
marizes our work and introduces future directions.

2 Related Works

Knowledge distillation has recently been at the center of at-
tention in the BO literature to address issues such as the
“cold” start problem where the initial points, usually selected
randomly, fail to adequately capture the optimization objec-
tive’s landscape. Transfer learning [Niu et al., 2020] has been
widely used to extract and use knowledge from previous BO
executions to aid in warming up and enhancing optimiza-
tion [Theckel Joy et al., 2019]. Furthermore, it has also been
used effectively in chemical reaction optimization [Hickman
et al., 2023] to bias the search space by weighting the current
acquisition function with past predictions.

Another approach to improving BO through the incorpo-
ration of domain knowledge involves the use of similarities
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between points in the search space. Gryffin [Hise ef al.,
2021] uses user-provided physicochemical descriptors to nav-
igate the search space more efficiently by identifying simi-
larities between individual options based on those descrip-
tors. However, when using a large number of descriptors,
spurious correlations can occur between descriptors and the
optimized objective, leading to irrelevant descriptors being
considered important. [Morishita and Kaneko, 2023] suggest
using a clustering-based initial sample selection method for
optimizing chemical reaction conditions with BO based on a
high correlation between molecular descriptors and cluster-
ing in chemical space. However, as clustering is based on
unsupervised learning, there is a need for expert knowledge
to connect it with experimental results; also, not all scientific
problems can be codified using molecular descriptors.

Other approaches inject expert prior beliefs as priors to
guide the optimization process. [Li et al., 2020] combined
prior user beliefs with observed data to compute the poste-
rior distribution via repeated Thompson sampling. This ap-
proximates new sampling points using a linear combination
of posterior samplings. BOPrO [Souza er al., 2021] uses
a prior that is provided by the user and a data-driven model
to generate a pseudo-posterior. Similarly, ¥TBO [Hvarfner et
al., 2022] generates a pseudo-posterior by integrating prior
beliefs into the acquisition function as a decaying multiplica-
tive factor to improve sampling. Both of these methods, and
ColaBO [Hvarfner et al., 2024] which augments the sur-
rogate model with a user-defined prior, are limited to one
expert prior, and the use of priors cannot capture intricate
knowledge. [Ziatdinov et al., 2022] co-navigates a hypoth-
esis space and the experimental space through a hypothesis
learning approach that combines multiple hypotheses as prob-
abilistic models with reinforcement learning. However, major
drawbacks of this approach are the difficulty of representing a
hypothesis in a probabilistic model from the functional form
of the black-box model, the overall computational complex-
ity of the Bayesian inference, and the assumption that only
one out of the hypothesis pool is the correct one.

Preference learning can also enrich BO through domain
knowledge. [Huang et al., 2022] obtain expert opinions
by querying them with pairwise comparisons, thereby ap-
proximating the shape of the objective function. [Anjana-
pura Venkatesh et al., 2022] take a slightly different approach
by allowing experts to provide a pair of good and bad points,
which are then used to fine-tune the BO’s surrogate model
by replacing its current optimal hyperparameters with ones
that better align with the expert’s cognitive model. Such
approaches are promising but risk biasing the optimizer to
mimic the user’s beliefs and result in suboptimal solutions.

Various methods can restrict the search space to regions as-
sumed by the optimizer to contain the optimum [Nguyen et
al., 2024]. TuRBO [Eriksson et al., 2019] uses multiple in-
dependent GP surrogate models within different trust regions
to conduct simultaneous BO runs, and a multi-armed ban-
dit (MAB) strategy [Vermorel and Mohri, 2005] to choose
which local optimizations to continue. TREGO [Diouane et
al., 2021] proposed alternating between global BO and a trust
region-based policy for the local phase when the global BO
is failing. Alternatively, LA-MCTS [Wang et al., 2020] pro-
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poses the use of Monte Carlo tree search to learn which subre-
gions of the search space are more likely to contain good ob-
jective values. The space is then recursively partitioned based
on optimization performance. Similarly, ZoMBI [Siemenn et
al., 2023] iteratively keeps the best sample points found so
far and “zooms” in the sampling search bounds towards the
region formed by those samples. While our approach shares
similarities with the above in terms of segmenting the search
space, ours sets itself apart by integrating human-friendly
hypothesis-based constraints that avoid over-restricting the
search. This differentiation emphasizes the innovative use
of expert knowledge in our approach, particularly in com-
plex scenarios where such insights are crucial. More impor-
tantly, we propose a generalized strategy that allows the in-
jections of multiple expert hypotheses, such as those derived
from a multi-person research team, where promising seeds
from those hypotheses augment BO’s surrogate model data
to achieve better-informed sampling.

3 Methodology

In this section, we propose a novel BO methodology, termed
as Hypothesis Bayesian Optimization (HypBO), that uses ex-
perts’ background knowledge in the form of optimality hy-
potheses to guide search space exploration more effectively.
Let {’H}}-]:l be a set of manually designed hypotheses w.r.t.
promising areas (subspaces) formulated in hyperrectangles
and explicitly specified by experts through a system of p
equations and q inequalities describing an interval of confi-
dence in the search space:

Az =0, 5

Bx <, 2)
where A € RP*? and B € R?7*? are coefficient matrices, and
b € RP and ¢ € RY are solution vectors. This system filters
the space X and forms a solution set, which we refer to as hy-
pothesis subspace H;. In scientific experiments, experts are
accustomed to thinking about parameters and conditions in
terms of ranges and relationships; formulating these as math-
ematical constraints is more intuitive than manually setting
up a prior distribution. Details on how to create hypotheses
can be found in the SM.

Our goal is to inject practitioners’ expertise into the prob-
lem at hand by attending to specific regions of the search
space based on domain hypotheses, minding at the same time
not to over-restrict and negatively bias the search. We, there-
fore, model the various different hypotheses as local GPs act-
ing on a constrained parameter space and using their output
samples as seeds for the global search which in turn is re-
alized by a global GP. The utility of the seeds can be mea-
sured using any standard acquisition function, and the top-
performing seeds are selected and fed through to the global
search. This iterative global-versus-local Bayesian search
takes effect interchangeably and is organized in a parametric
bilevel optimization framework, which in this instance can be
solved sequentially as a two-stage decision problem with each
level’s variables treated as a parameter for the other [Koppe
et al., 2010]. The following paragraphs detail and formalize
the proposed optimization framework.
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3.1 Upper Level

In this level, we seek to find the global maximum of f(-) in
(1) as in any standard BO task where an acquisition function
a(+) is maximized to obtain new candidate samples and eval-
uate them across its iterations

" = argmazx a(z, D) (3)

reX

with D = {z;,y; = f(x;)}}_, being the observation dataset.
To compute «(-), BO relies on constructing a global surro-
gate model of the underlying function and greatly depends on
the initial samples provided as a seed when building this. An
appropriate initial sampling has been shown to significantly
improve the performance of the search in practice [Morishita
and Kaneko, 2023]. At this level, one could use practically
any variant of BO, but we have empirically observed that us-
ing the LA-MCTS algorithm [Wang et al., 2020] helps the
search to focus on promising regions to avoid over-exploring.

3.2 Lower Level

The lower level initially uses the subspaces from the given
hypotheses to perform a local search and yield a set of best-
performing seed samples {s}7_;, with T < J, essentially
acting as soft constraints on the target objective function f(-).
Given that we do not have any analytical information about
f(-), we approximate it in the hypothesis subspaces by mul-
tiple local GP models ¢; ~ N (u;(z), k;j(x,z")) simultane-
ously, one for each hypothesis subspace H ;. The local mod-
els ¢; are chosen as GP surrogate models for their robustness
to noise and uncertainty [Rasmussen and Williams, 2006].
The local search is realized in a MAB fashion where getting
a seed s, translates into selecting the most promising hypoth-
esis via an implicit policy where the hypotheses are the arms
before doing a local BO in that hypothesis region. This allows
us to evaluate the hypotheses and steer the sampling toward
promising regions.

In the initialization phase, before the optimization loop
starts, we ensure the hypothesis regions are covered by a
specific strategy. For each hypothesis subspace #;, one
random sample is drawn, which provides more informative
seeds for the global search. If the number of desired initial
samples (n) is not exhausted after allocating one sample
per hypothesis, additional random points are drawn from
the entire search space to enhance diversity and exploration.
In the event that the number of hypotheses exceeds n, we
ensure that at least one additional random point is taken
from the whole search space, making m = max(1,n — J).
This strategy guarantees that each hypothesis is represented
from the dataset and prevents scenarios where no initial
points fall within the hypothesis regions. As the optimization
progresses, the hypothesis subspaces #; will potentially
have more samples, which will update the local models,
better evaluating the hypotheses and producing better seeds.
The complete bilevel framework is formalized as follows

= argn}ax alz, DU {(st, f(s0))}iz1) (Upper)
zE
s.t
{st}{_1 € argmaz{maz oy, (s,{DU{z*, f(z*)}}NH;) 3-]=1.
SELJ']-]:1 H; SEH,
(Lower)
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Stopping criteria for each level and global convergence are
discussed below in Section 3.3.

3.3 Convergence Criteria

To maximize the information gained from good (true) hy-
potheses, we allow the lower level to produce more seed sam-
ples until it plateaus. That is, the lower level returns seed
samples until these fail to improve upon the best target value:

ymax+7 > f(sl) fori:k+1a---7k+l7nawa (4)

where 4,4, 1S the best value found by iteration i, ¢ is the cur-
rent iteration number, k is the iteration number from which
the plateauing started, v € R™ is the growth step size, and
Imaz € NT dictates after how many consecutive iterations we
deem the lower level plateauing.

To mitigate weak and poor (false) hypotheses, we allow the
upper level to carry the optimization from the given seeds un-
til it plateaus. It keeps maximizing « until it fails to improve
upon the best target value, that is:

ymaz""’yz.f(xz) forl:k+1vak+umaz7 (5)

where 1,4, € N dictates after how many consecutive iter-
ations we deem the upper level failed. We set 1,02 < Umaa
to direct the search toward the hypotheses’ regions if they are
helping to improve while still giving the upper level the time
to explore the entire search space X

Parameter ~y sets how much improvement is considered
“significant” for the optimization process. A larger v means
that the algorithm requires a larger improvement to consider
the level optimization as still progressing. Conversely, a
smaller v makes the criterion for progress more strict, as even
minor improvements will be considered significant. The op-
timization steps are detailed in Algorithm 1.

4 Experiments

We showcase the effectiveness of our proposed method in op-
timizing various synthetic functions and real-world problems,
such as discovering new materials. We test HypBO’s perfor-
mance and robustness using hypotheses of different qualities,
ranging from good to poor. We also compare its performance
against other BO algorithms. In Section 4.1, we outline the
various experimental settings and comparison methods we
used to benchmark our results. Sections 4.2 and 4.3 present
the outcomes of an analytical function optimization task and a
materials design problem [Burger et al., 20201, respectively.

4.1 Experimental Setup

We evaluate HypBO’s performance empirically for the fol-
lowing two tasks:

* Synthetic Functions We test the precision, convergence
speed, and robustness of HypBO using synthetic bench-
mark functions with various nonconvex landscapes and
dimensionalities. ~ The optimization performance is
measured using simple and cumulative regrets, and
Wilcoxon tests [Rey and Neuhiuser, 2011]. The maxi-
mum number of iterations is limited to 100, and the re-
sult of 50 repeated trials is reported as the mean value.
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Algorithm 1 Hypothesis Bayesian Optimization (HypBO)

Input: Hypotheses {#; }37:1, Number of initial samples 7,
Maximum iteration number %,,4,, Improvement growth size
7, Number of locally optimal samples 7" to keep,
convergence parameters l,,,q. and U.,,q,; Output: Y, 4.

1: Initialize the dataset D = {};

2: for each hypothesis subspace H; do

3:  Sample z; randomly from H;;

4:  Evaluate y; = f(z;) and add (z;,y;) to D;

5: end for

6: Randomly sample m = max(1,n — J) points from the

entire search space X', evaluate and add them to D;
7: Set Ypmae as the maximum y value in D and ¢ = 0;
8: while i < i,,,, do

9:| Set attempt without improvement count [ = 0;
10: | whilel < [,,4; and ¢ < 4,4, do

11: for each expert-defined hypothesis H; do

12: Fit a GP ¢; within the hypothesis D N H;;

13: Find the best sample s; maximizing cg, ;

14: end for

15:| '8 Keep the best samples {s;}7_; W.L.t. ovg,;

16:| =  Evaluate the samples {s;}7_, and set y;, _as
5 the maximum of all y; = f(s¢);

17: E Increment [ if there is no improvement, i.e.
= Ytaw < Ymax + 7, else reset [ to 0;

18: Update the records D < D U {(s¢, y¢) Y 1;

19: Update 4,4, as the maximum y value in D;

20: 141+ 1;

21: |_end while

22:| Set attempt without improvement count u = 0;
23:| while u < Upqp and 7 < 444, dO
24: Fit a GP on the entire search space D;

25: % Find the best sample z* maximizing «;

26: | = Evaluate z*, y* = f(z*);

27:| 8 Increment wu if there is no improvement, i.e.
2
2 v* < Ymaz + 7, else reset u to 0;

28: |~ Update the records D < D U {(z*,y*)};

29: 11+ 1;
30: __end while
31: end while
32: return The maximum value found, ¥4

* Photocatalytic Hydrogen Production Here, we repli-
cate the materials design problem addressed in [Burger
et al., 2020], aiming to maximize the hydrogen evolution
rate (HER) from a mixture of different materials. We
follow a more cost-effective approach and emulate that
chemistry experiment by interpolating new HER mea-
surements using a GP model trained on existing experi-
mental data points. In section 4.3, we give a comprehen-
sive explanation of this chemistry task. The maximum
number of iterations is set to 300, and the mean value of
50 repeated trials is reported.

We further evaluate HypBO against the following baselines
whose hyperparameters’ values are given in the SM:

¢ Random Search (RS) Random search under uniform
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distribution over the search space.

e Trust Region Bayesian Optimization (TuRBO) with
one trust region.

¢ Latent Action Monte Carlo Tree Search (LA-MCTS)

¢ LA-MCTS with hypothesis-based initial design (LA-
MCTS+) We modified the previous baseline to initialize
it exclusively within the hypothesis subspaces before the
regular search in the entire search space.

e wBO This baseline uses expert knowledge throughout
optimization. As described in Section 2, it is one of the
most competitive methods for priors over optimum. We
converted our hypotheses into Gaussian priors centered
around the hypothesis subspace center (see SM).

For all experiments, we use preset hyperparameters for
HypBO. We set the lower level limit [,,,,, to 2, the upper level
limit %, 42 to 5, the number of locally optimal samples 7' to 1,
and the growth rate «y to 0. This value of -y essentially means
that as long as any improvement is being made (no matter
how small), the level optimization will continue. Note that
this could be beneficial in scenarios where even small gains
are valuable, but it might also make the optimization process
slower or more prone to getting stuck in flat regions where
minute fluctuations might appear as improvements. Abla-
tion studies can be found in the SM. Concerning the local
GP models for the hypotheses, they have a zero mean and
a Matérn (v = 2.5, \; = 1) kernel with constant scaling.
Note that the kernel’s hyperparameters are automatically op-
timized based on the experimental data to fit the models best.
All experiments are warm-started with five initial points ex-
cept for the photocatalytic hydrogen production experiment
with mixed hypotheses, whose initial sample count is 10. Re-
producibility details are available in the SM and the source
code can be found at https://github.com/Ablatifoc/HypBO.

4.2 Synthetic Functions

Hypotheses

A good hypothesis subspace is essentially an interval that
contains the optimum, opt. By contrast, a weak/poor one
does not. The further the weak hypothesis subspace is from
the optimum, the worse it is. Here, the “poor” hypothesis is
the furthest from the optimum. The hypotheses are hyperrect-
angles of width w = 2 units and centered as follows:

* Poor hypothesis at [;, +w/2 where [, is the lower bound
of the search space.

» Weak hypothesis at opt — 0.2  (opt — I) — w/2.
¢ Good hypothesis at opt.

We assess HypBO empirically in two different settings.
First, we evaluate its performance and robustness against the
quality of the hypothesis. Second, we test its ability, when
faced with mixed hypotheses simultaneously, to discard the
weaker hypotheses and prioritize promising ones.

Optimization With a Single Hypothesis

Figures 2 and 3 show that HypBO benefits from informa-
tive hypotheses and can also recover from weak ones. The
method improves the search performance dramatically over
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Figure 2: Comparison of RS, TuRBO, LA-MCTS, LA-MCTS+,
7BO, and HypBO on Levya for various hypothesis qualities. Solid
lines show mean values, while shaded areas represent standard error.
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Figure 3: Cumulative regret on functions with various dimensions.

RS, TuRBO, and LA-MCTS for a good hypothesis. The seeds
from that hypothesis aid in recognizing the promising sub-
space and focusing efforts there, resulting in a faster location
of the optimum, akin to cost-effective optimizations [Tay
et al., 2023]. A similar behavior is observed in both LA-
MCTS+ and 7BO, but they notably outperform HypBO on
smaller and simpler landscapes like Braning, and Sphereg,,
as their initial sampling is entirely hypothesis-focused. Con-
cerning the weak hypothesis, HypBO converges toward the
optimum faster than LA-MCTS, TuRBO, and RS. In fact, the
seeds coming from the weak hypothesis, by outperforming
the existing samples in the dataset, direct HypBO towards the
hypothesis’ surroundings, too, which are more promising. As
would be expected, poor hypotheses lead to a slower search
in the early stages, but HypBO displays desired robustness by
recovering from the poor seeds to approximately equal regret
as LA-MCTS and TuRBO. However, it is interesting to note
that HypBO with a poor hypothesis outperforms LA-MCTS
and TuRBO in high-dimensional functions due to its more di-
verse initial sampling strategy. Its initial sampling strategy
combines one sample from the poor hypothesis with others
from across the search space, leading to a more comprehen-
sive understanding of the overall landscape. As shown in Fig-
ure 3, this approach efficacy seems to increase with the search
space complexity, i.e., its dimensionality, making the advan-
tage of diverse sampling more pronounced. Both LA-MCTS+
and 7BO lag behind HypBO in these two last hypothesis sce-
narios as their initial sampling, being entirely made of sam-
ples from the weak (respectively poor) hypothesis region, is
not diverse enough and 7BO’s trade-off decay hyperparame-
ter 3 keeps it unnecessarily longer in that weak (respectively
poor) region as shown in Figure 3. This highlights HypBO’s
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Figure 4: HypBO on the 9D-Ackley function with three different
mixtures of hypotheses of various qualities for 200 iterations. Col-
ored sample points came from the hypotheses, i.e., the lower level,
while the grey ones came from the upper level.

ability to exploit the explicit and implicit information the hy-
pothesis provides faster and more intelligently. Moreover, we
conducted Wilcoxon signed-rank tests [Rey and Neuhéuser,
2011] (at a 95% confidence level with Bonferroni correc-
tion [Bonferroni, 1936]) and examined the mean and me-
dian cumulative regrets. The tests reveal that HypBO per-
forms significantly better than RS, LA-MCTS, and TuRBO.
Although the p-values for comparisons with LA-MCTS+ and
7BO were not statistically significant, they were low for TBO
(p = 0.06 and 0.15 for weak and poor hypotheses), indicat-
ing mTBO’s weaker performance. Moreover, HypBO showed
lower median and mean regrets compared to LA-MCTS+ and
mBO variants for weak and poor hypotheses, leading us to
conclude that HypBO generally outperforms both of them.

Optimization With Mixed Hypotheses

We use three different binary combinations of hypotheses of
varying quality to test HypBO’s ability to uncover and prior-
itize promising hypotheses, and to discard bad ones from a
pool of hypotheses. HypBO takes seeds from all the given
hypotheses, which it uses to update its beliefs about each hy-
pothesis via the MAB procedure. As the optimization pro-
gresses, it has a better representation of the hypotheses and
can abandon the weaker one of the pair and select seeds from
the more promising hypothesis. As shown in Figure 4, for
the Ackleyqg function, this approach allows HypBO to des-
elect the weaker hypothesis early on. It keeps the remain-
ing stronger hypothesis, which it uses to expedite the search
as described in the previous subsection. Figure 5 shows that
these findings are consistent when applied to a variety of syn-
thetic functions of higher dimensions. For lower dimensions,
HypBO with mixed hypotheses has approximately equal re-
gret performance to TuURBO, LA-MCTS, and LA-MCTS+ as
the search space is smaller, and it becomes easier to capture
the underlying behavior of the objective function. For higher
dimensions, even in the case of combined weak and poor
hypotheses, HypBO outperforms the other methods, demon-
strating robustness when faced with multiple items of inac-
curate knowledge and the ability to use these for better sam-
pling.

Here, the Wilcoxon tests with Bonferroni correction show
no significant difference between HypBO and LA-MCTS+,
albeit much lower p-values for the Good & Poor and Good &
Weak scenarios (p = 0.15). Along with an examination of the
mean and median regrets where HypBO has lower values, we
conclude that HypBO outperforms LA-MCTS+. These statis-
tical tests also show that HypBO greatly outperformed LA-
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Figure 5: Regret on synthetic functions with mixed hypotheses.

MCTS, TuRBO, and RS (p < aggjusted) With much lower
mean and median regrets.

4.3 Photocatalytic Hydrogen Production
Optimization
We test HypBO on a real materials design problem where
we seek an optimal composition of ten materials to maximize
hydrogen production via photocatalysis [Wang et al., 2019].
Due to the combinatorially large search space (98,423,325
possible combinations), [Burger ef al., 2020] used an au-
tonomous mobile robotic chemist along with a discretized
Bayesian optimizer (DBO), which can discretize the input
space, to search for the optimal combination of materials.
We recast this experimental problem as a more cost-
effective multivariable simulation; that is, we mapped out the
chemical space by interpolating available experimental obser-
vations using a Gaussian process regression (GPR). Specifi-
cally, this GPR model has a zero mean, a Matérn (v = 2.5)
kernel with constant scaling and homoscedastic noise; each
variable lengthscale ); is initialized as its discretization step.
We fitted this model against a total “ground truth” dataset
of 1119 experimental observations supplied by the authors
of [Burger et al., 2020]. While the interpolated model is only
approximate, close inspection suggested that it is broadly rep-
resentative of the known real chemical space and sufficiently
accurate to draw safe conclusions here. Our main goal is to
test whether we can capture and inject experts’ knowledge
and intuition towards a better-informed and faster search. For
a fair comparison, in place of TuURBO, LA-MCTS, and LA-
MCTS+, we use the same DBO developed by [Burger ef al.,
2020] for experimental photocatalytic hydrogen production,
capable of discretization, as a baseline.

Retrospective Application of Knowledge

First, we used HypBO to fold in, retrospectively, knowl-
edge of the underlying chemistry that was not captured in the
[Burger et al., 2020] study to investigate whether injecting
such hypotheses might improve performance. We explored
three separate cases, outlined briefly below with more de-
tailed explanations in the SM:

* What They Knew In 2019, there was extra chemical
knowledge available prior to the [Burger et al., 2020]
study that could not have been injected using DBO; here,
it is injected, retrospectively, using HypBO.
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Figure 6: Retrospective application of hypotheses derived from
[Burger et al., 2020] using HypBO, compared to the no hypothe-
sis run using DBO and RS. Shaded area is the standard deviation.

 Perfect Hindsight limits the search to within the opti-
mal subspace based on post facto knowledge of the out-
comes of all 1119 robotic experiments.

* Bizarro World purposefully focuses the search within
the worst areas of the chemical space in all dimensions.

As shown in Figure 6, HypBO with ‘What They Knew’
boosts performance somewhat in the early stages of the
search, and overall it improves upon DBO, thus validating the
benefits of considering expert hypotheses in real-world prob-
lems. For example, one can posit that any or all of the three
dye components (MB, AR87, RB) might be beneficial but that
high values would be counterproductive, based on chemical
reasoning. We captured this in “What They Knew’ by lower-
ing the dyes’ upper bounds (MB < 0.5mL, AR87 < 1mlL,
RB < 0.5mL). The somewhat modest boost given by “What
They Knew’ (Figure 6) can be explained by the partial knowl-
edge available in 2019; indeed, some of ‘What They Knew’
was, in fact, wrong. For example, as reported in [Burger et al.,
20201, all three dyes were strongly negative at all concentra-
tions. We have not captured this post-experiment knowledge
here; rather, “What They Knew’ captures the knowledge that
was available to this team in 2019, building on their initial
formulation of hypotheses, prior to any robotic experiments.

Unsurprisingly, ‘Perfect Hindsight’ leads to a much faster
optimization. By contrast, although the artificially bad case
of ‘Bizarro World’ does lead to a slower search than DBO,
the effects are greatly mitigated because HypBO can abandon
unproductive hypotheses.

Searching the Chemistry Space with Mixed Hypotheses

We test HypBO’s ability to exploit good hypotheses and dis-
card bad ones in a more realistic setting by creating a team of
nine ‘virtual chemists’, each with a virtual hypothesis based
on plausible chemical reasoning detailed in the SM. The com-
bined “knowledge” of this virtual team was then used to redo
the simulated experiment for [Burger et al., 2020] in tandem
with HypBO. The virtual team was designed to emulate the
diverse and sometimes contradictory views of a real research
team tackling a new problem. For example, some pairs of hy-
potheses (e.g., ‘Halophile’ / ‘Halophobe’) are in direct con-
tradiction. Based on retrospective knowledge, ‘Dye Sceptic’
and ‘Surfactant Sceptic’ might be expected empirically to be
the strongest hypotheses, while ‘Dye Fanatic’ is probably the
weakest. We applied all nine virtual hypotheses simultane-
ously and used the same oracle model described in the sec-
tion above. For the purposes of these initial tests, all virtual

3887

® AR87 Obsessed  —Best so far o

® Dye Fanatic £ 24
Dye Sceptic e 20
@ H-bond Lover P S =
® Halophile SE e, 12 = 12
Halophobe PSR4 M
® None _‘,{;‘XQ» A
@ pH Fanatic oem e 0 0
gcavenger Obsessive 0 150 300 0 150 300

o Surfactant Sceptic Iterations Tterations

Figure 7: HypBO pruning the hypotheses and selecting seeds from
the most promising ones to boost the optimization. Left: Scatter plot
of the HypBO optimization with all nine virtual hypotheses; color
denotes followed hypothesis, if any. Right: Best value obtained so
far by HypBO using all nine hypotheses compared to DBO and RS.

hypotheses were considered of equal weighting. Figure 7 il-
lustrates the power of including human insights throughout
the optimization. All hypotheses were selected initially, but
as the optimization progressed, HypBO filtered out bad hy-
potheses and prioritized the most promising ones, improving
the search compared to DBO and RS. While the least prof-
itable hypotheses, such as ‘AR87 Obsessed’, ‘Dye Fanatic’,
and ‘Halophobe’, were deselected early on, HypBO does not
discard them completely. For example, ‘Halophobe’ was se-
lected at times when its Expected Improvement was greater
than that of others that were available for evaluation. This
captures the importance of re-evaluating hypotheses in the
face of new data. Likewise, certain hypotheses are used while
they are profitable and then discarded when they become de-
limiting; this can be observed for ‘Scavenger Obssessive’,
where some scavenger is indeed required, but not too much.
The modest search improvement of the virtual chemist team
over DBO (Figure 7, right) is somewhat arbitrary because we
purposefully built this virtual team to be mediocre, with both
“good” (informative) and “bad” (uniformative or misleading)
hypotheses in near equal numbers.

5 Conclusions

To fully exploit the opportunities in laboratory robotics and
automation, we need optimization methods that work in tan-
dem with teams of human scientists. So far, BO has not fully
leveraged the experience and hunches of experimenters. We
harness that knowledge here by allowing them to inject their
hypotheses about which parts of the input space will yield
the best performance. We propose a BO variant, HypBO,
that achieves this in a bi-level framework by recursively prun-
ing and turning the hypotheses into seeds that augment sam-
pling as a springboard for global optimization. HypBO stands
out in its ability to concurrently handle and evaluate multiple
expert-formulated hypotheses. It can also use weak hypothe-
ses to converge faster than cases with no hypotheses and re-
cover from poor ones. This highlights the power of human-
computer interaction, re-imagining the role of humans in au-
tonomous scientific discovery. Future work includes initializ-
ing the hypotheses with weights based on the experimenter’s
profile or confidence estimation. These weights might be
particularly valuable in quick-starting hypothesis selection in
large, diverse research teams, where expertise levels and do-
main specializations can vary quite widely.
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