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Bayesian optimization (BO) is a sequential model-based optimizing algorithm for expensive black-
box functions. The core is a probabilistic surrogate model, typically a Gaussian process, that
is updated as new evaluations are collected. At each iteration, an acquisition function balances
exploration of uncertain regions against exploitation of promising areas, guiding the selection of the
next evaluation point [1]. It is widely used for data-efficient optimization of expensive black-box
functions, particularly where evaluations are costly and data is scarce. In materials design and
related fields, optimization problems are often accompanied by partial prior knowledge derived from
physical models, simulations, or empirical relations. Incorporating such knowledge can, improve
sample efficiency. However it is not clear when and where in the BO pipeline this knowledge should
be injected, nor how sensitive each injection point is to knowledge of varying quality, a critical
concern in the small-data regimes typical of experimental materials science, where few evaluations
are affordable.

Recent works have proposed multiple strategies to incorporate domain knowledge into BO [2-9].
These include physics-informed surrogate models, expert-informed priors over the search space, and
modifications of the acquisition function. While each of these approaches has demonstrated potential
benefits, it remains unclear where knowledge should be injected in the BO pipeline to most effectively
influence optimization dynamics on a wider range of problems. In this work, we provide a systematic
empirical comparison of three conceptually distinct knowledge-injection strategies. Our goal is not
to introduce a new optimization algorithm, but to investigate how the placement and flexibility of
domain knowledge affect sample efficiency and robustness in small-data regimes.

1 Conceptual Framework

To structure the comparison, we express the different strategies for BO in a unified conceptual form:

Tn = argmax alg](z) m(x) + R(x),
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where a/[g](z) denotes the acquisition function derived from a surrogate model g, 7(x) represents
a prior over the search space, and R(z) denotes an optional regularization term encoding auxiliary
knowledge.

In this formulation, domain knowledge can influence BO by shaping the surrogate model (hypothesis
space), biasing the search distribution via priors, or modifying the decision criterion through the
acquisition function. This formulation serves as a conceptual abstraction to compare different
integration strategies and does not define a new optimization method. We consider three placements
of domain knowledge:

(i) Surrogate-level injection: Domain knowledge is embedded directly into the surrogate model, for
example via physics-inspired mean functions, feature transformations, or domain-informed kernels

[3].

(ii) Prior-based injection: Knowledge is encoded as a probabilistic prior over the search space,
influencing candidate selection multiplicatively while allowing its impact to decrease over time [7].

(iii) Acquisition-level regularization: An auxiliary domain model contributes additively at the
acquisition stage, guiding exploration without altering the surrogate [8, 9].

These strategies differ in how strongly they constrain the hypothesis space and how they interact with
uncertainty estimation.

2 Experimental Overview

We evaluate the three strategies across different optimization tasks, including the Branin-Currin
multi-objective problem [10], which provides a tractable yet non-trivial testbed for multi-objective
BO under controlled conditions.

For the prior- and regularization-level injection strategies, a Gaussian process regression (GPR) is
employed as the surrogate model. The tasks vary in dimensionality, objective structure, and noise
level. All experiments are conducted under limited evaluation budgets to reflect small-data conditions.
Performance is quantified using cumulative normalized hypervolume regret, computed on ground-
truth objective values to avoid model-dependent bias. To isolate the effect of knowledge placement,
we maintain consistent surrogate architectures and acquisition functions across experiments. Each
configuration is repeated five times for different initial points and noise realizations.

All experiments are conducted under strict small-data conditions, with adapting evaluation budgets
limited to a maximum of 100 function evaluations, reflecting realistic experimental constraints in
materials science where each experiment may require significant time and cost.

3 Observations

We consider both accurate and partially correct domain knowledge, where partial correctness reflects
domain models that capture some but not all structural aspects of the true objective. Across tasks, we
observe that the impact of domain knowledge compared to an uninformed GPR baseline depends
strongly on both its placement and its flexibility.

Surrogate-level injection accelerates early-stage learning when the embedded knowledge is adaptable
and reasonably aligned with the true objective structure. However, rigid or misspecified knowledge
can severely degrade optimization performance. This behavior is illustrated in Fig. 1a.

Prior-based injection provides modest improvements in the early stages but does not consistently
yield significant gains compared to vanilla BO. In the present formulation, the injected prior is soft
and therefore mainly acts as a term that slightly biases surrogate predictions without fundamentally
altering the acquisition landscape. As observational data accumulate, the GPR output becomes more
certain over the domain, leading to sampling trajectories that are largely similar to those obtained
with a non-informative prior.

Acquisition-level regularization offers flexible guidance. Although it is outperformed by surrogate-
level injection when the incorporated knowledge closely matches the ground truth, it provides a
more robust mechanism for integrating imperfect domain knowledge. By influencing the ranking
of candidate points directly through the acquisition function, this strategy maintains beneficial



exploratory behavior even when the injected information is only partially correct. This effect is
illustrated in Fig. 1b.
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Figure 1: Example for types of knowledge injected in the Branin-Currin multi-objective BO problem

Overall, these results highlight that the effectiveness of knowledge injection in BO depends both on
how strongly the injected information constrains the surrogate model and on the level at which it
influences the decision-making process. Strong surrogate-level guidance can substantially improve
early sample efficiency when well aligned with the objective structure, but increases sensitivity to
misspecification. In contrast, more flexible strategies, particularly those acting at the acquisition level,
provide more robust performance by preserving the optimizer’s ability to adapt to observed data.

This reveals a fundamental trade-off between performance and robustness, governed by the level at
which domain knowledge is introduced.

4 Discussion and Outlook

These preliminary findings indicate that, in small-data regimes where only a handful of initial
observations are available and the total evaluation budget is tightly constrained, the placement
of domain knowledge within the BO pipeline critically determines optimization dynamics. The
interaction between knowledge quality, surrogate flexibility, and uncertainty calibration becomes
particularly consequential precisely because there is insufficient data to self-correct early misguidance.
Rather than asking whether domain-informed BO is beneficial in general, our results suggest that the
interaction between knowledge flexibility, uncertainty calibration, and noise level is decisive. If the
available domain knowledge can be assumed to be accurate, surrogate injection appears to be the
most effective strategy. However, the safer choice is regularization injection. Although it does not
perform as well when the injected knowledge is fully accurate, it substantially mitigates the negative
effects that arise when the domain knowledge is only partially correct or wrong.

Future work will focus on deeper theoretical analysis of these interactions and on studying fewer
real-world materials systems in greater detail to better understand the mechanistic origins of the
observed behaviors.
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