Open Access Article. Published on 06 March 2026. Downloaded on 3/28/2026 9:29:58 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital
Discovery

I ROYAL SOCIETY
P OF CHEMISTRY

View Article Online

View Journal

{ ") Check for updates ‘

Cite this: DOI: 10.1039/d5dd00477b

Received 25th October 2025
Accepted 12th February 2026

DOI: 10.1039/d5dd00477b

rsc.li/digitaldiscovery

Pessimistic asynchronous sampling in high-cost
Bayesian optimization

Amanda A. Volk, (2 *2® Kristofer G. Reyes,
and Luke A. Baldwin (2*°

cd Jeffrey G. Ethier (2°

Asynchronous Bayesian optimization is a recently implemented technique that allows for parallel operation
of experimental systems and disjointed workflows in autonomous experimentation settings. Contrasting
with serial Bayesian optimization, which individually selects experiments one at a time after conducting
a measurement for each experiment, asynchronous policies sequentially assign multiple experiments
before measurements can be taken and evaluates new measurements continually as they are made
available. This technique allows for faster data generation and therefore faster optimization of an
experimental space. This work extends the capabilities of asynchronous optimization methods beyond
prior studies by evaluating policies that incorporate pessimistic and random predictions in the training
data set. The conventional realistic prediction method and five additional asynchronous policies were
evaluated in a simulated environment and benchmarked with serial sampling. In many of the tested
scenarios, the pessimistic prediction asynchronous policy reached optimum experimental conditions in
significantly fewer experiments than both existing asynchronous methods and serial policies, and proved
to be less susceptible to convergence onto local optima at higher dimensions. Without accounting for
the faster sampling rate enabled by asynchronous operation, the pessimistic asynchronous algorithm
could result in more efficient algorithm driven optimization of high-cost experimental spaces.
Accounting for sampling rate, the presented asynchronous algorithm could facilitate faster and more
robust optimization in parallel autonomous experimentation settings.

Introduction

Asynchronous Bayesian optimization algorithms enable greater
flexibility in algorithm assisted experimental workflows. In
most traditional scientific experimental procedures, experi-
ments are conducted over distinct process steps.'™ For example,
in reaction chemistry research, a reaction process is often
conducted in one experimental apparatus, and the synthesized
material is characterized with a separate analysis tool. In many
scenarios, such as workflows leveraging transmission/scanning
electron microscopy, X-ray diffraction, or even high-field
nuclear magnetic resonance spectroscopy, the characteriza-
tion process can take more time than the experiment. For any
single experiment, some portion of the equipment is available
for use before the completion of the procedure, which means
that an algorithm would have the opportunity to select addi-
tional tests to run before it has data from the prior experiment.
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This issue is further compounded in experimental environ-
ments that rely on a human within the experiment conduction
and selection loop. Although this limitation is less prevalent in
fully closed-loop experimental contexts, many platform designs
and experimental systems would benefit from running multiple
experiments, or experimental steps, simultaneously.>

One strategy for resolving an incomplete utilization of
resources is batch sampling, also referred to as parallel
sampling. In batch sampling, a set of experiments are defined
and conducted with complete utilization of parallelized exper-
imental resources during each stage of an experimental process,
then the measurements from that set of experiments are
simultaneously returned to the algorithm for selection of the
next set of experiments.' This approach is suitable for select
experimental environments, such as combinatorial screening
platforms or high time cost measurements. However, batch
sampling poses several intuitive challenges in sampling effi-
ciency. First, while equipment utilization is improved, there is
typically still equipment down time when alternating between
the different stages of the experiments. Second, batch sampling
often does not maximize data availability in algorithm decision
making. Unless the experimental system is inherently struc-
tured for batch sampling, there is typically a missed opportunity
to complete an experiment, and measurement, that informs the
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Fig. 1 Illustration of sampling policies that can be harnessed for
optimization algorithms. Here a general workflow is depicted for (A)
serial sampling and (B) asynchronous sampling.

experiment selection algorithm before conducting all the
experiments in the set. Finally, batch methods are not suitable
for experimental systems with time dependent outcomes. For
example, if an experiment were to produce a material that
degrades over time, batch methods would not result in
a uniform time step between experiment and measurement,
resulting in imprecise data generation.

In response to the constraints of batch sampling strategies,
asynchronous sampling methods have recently been imple-
mented in high-cost experimental environments," specifically
in delocalized experimentation networks.'** Shown in Fig. 1,
asynchronous sampling methods implement similar strategies
to batch sampling by selecting multiple experiments without
completing measurements. However, in asynchronous designs,
experiments are continually measured and added to the data set
while other experimental steps are being conducted. In an
asynchronous Bayesian optimization design, there is a moving
window buffer that contains placeholder data for the currently
running experiments. This buffer set is appended to the real
value data set for model training. When an experiment
measurement is complete, the real data replaces the place-
holder data. Then, a new experiment is selected, and the
placeholder data is added to the buffer. Several strategies have
been implemented to generate placeholder values in asyn-
chronous Bayesian optimization, including local penalty
strategies'*” and realistic constant liar predictions,"* among
others.'®" Within these studies, several acquisition functions
and strategies have been evaluated, including Thompson
sampling, expected improvement, and upper confidence
bounds. In prior studies, asynchronous sampling resulted in
faster data generation rates and therefore faster approach to
optimal experimental conditions.

Most prior studies in asynchronous Bayesian optimization
algorithms implement a realistic prediction, where the place-
holder value is assumed to be the predicted output of the belief
model. The assumed primary mechanism of this approach is
that the model induces a reduced uncertainty around the
previously sampled point, thereby discouraging repeat
sampling. In this work, we present five asynchronous sampling
value prediction policies that operate around alternative
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assumptions: (1) pessimistic constant liar prediction, (2)
random prediction, (3) descending pessimism constant liar
prediction, (4) ascending pessimism constant liar prediction,
and (5) lower confidence bounds prediction. These alternative
methods implement three strategies: pessimistic predictions,
which presume that the outcome of queued experiments is the
most undesired value; random predictions, which presumes
a uniform sampling of all possible outcomes without consid-
eration of prior information; and lower confidence bounds
predictions, which infers an undesirable outcome within the
prediction bounds of the belief model.

In each of these policies, we explore methods for selecting
the values used in the placeholder prediction buffer. We
benchmark these five policies with serial sampling and realistic
prediction asynchronous sampling on a selection of represen-
tative ground truth functions using an upper confidence
bounds decision policy. It should be noted that other policies
could generate alternative outcomes. The simulated optimiza-
tion campaigns on ground truth functions showed that with an
upper confidence bounds decision policy and a Gaussian
process regressor, the realistic prediction policy and all five
alternative policies outperformed serial sampling considerably
when accounting for the improved sampling rate. Furthermore,
we found that all five alternative policies consistently performed
competitively with serial sampling, and in some cases, signifi-
cantly outperformed serial sampling when considering the
number of experiments conducted. Additionally, the pessi-
mistic policy was shown to provide some durability to low
exploration constants in the upper confidence bounds policy,
and policy's performance advantage decreases at higher explo-
ration constant values.

The pessimistic constant liar prediction also outperforms serial
sampling on discrete input spaces of real-world data modeled with
a random forest regressor. The proposed strategies not only
generate data at a faster rate than serial sampling, but also select
experiments equally or more efficiently. Implementation of the
proposed algorithm has notable implications in asynchronous
experiment conduction loops for high-cost experiments, and could
improve sampling efficiency of serial closed-loop systems. The
findings of this study provide a broader context on the role of non-
realistic prediction policies in asynchronous Bayesian optimiza-
tion within real-world relevant design spaces.

Methods

Decision policy

The asynchronous Bayesian optimization simulations were
conducted using a framework modified from a previously
published library (BOBnd).** In all simulations, with the
exception of the cross-correlation case study, the belief model
was a scikit-learn® Gaussian process regressor with a radial
basis function kernel and a limited-memory BFGS optimizer.
The acquisition function was an upper confidence bounds
policy as defined below:

XNext = argmax (y' (x) + Aa(x)), A=

Sl
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where Xneyx 1S the vector containing the next set of experimental
conditions, y’ and ¢ are the model response mean prediction and
standard deviation, respectively, as a function of the experi-
mental conditions vector x; and 4 is the exploration constant. The
value of A was selected using a preliminary screening of the serial
sampling policy, shown in Fig. S1 in the SI, and was selected for
generating reasonable baseline performance on five-dimensional
TriPeak. 1t should be noted that selection of this value can
significantly impact algorithm performance, a topic discussed in
greater detail in the manuscript. Simulations were also carried
out with dynamic exploration constants® on additional ground
truth functions from prior literature, shown in SI Fig. S2.

Asynchronous predictions

The asynchronous sampling policy generates a vector of pre-
dicted values, referred to as the buffer array (B), for all incom-
plete experiments. For the simulations conducted in this work,
the length of the buffer array (Np,s) varied between one to ten
predicted samples, corresponding to one to ten simultaneously
running experiments. Each of the six buffer policies - realistic,
pessimistic, random, ascending pessimism, descending pessi-
mism, and lower confidence bounds - fill in the buffer arrays
Brealy Bpess) Brandy Bascpess) Bpespess and Bicp feSPECtiVeb’ - with
the following equations:

BReal = D),(XC+1): yl(xC+2)v EER) y,(xC-FNBuff)]

BPess = [0’ 0’ cees O]

]\']Buff_1 / ]\[Buff_2 /
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is zero. The pessimistic assumption, also referred to as
censorship in prior works,* has been leveraged in multi-worker
contexts where delay distributions are randomly sampled to
dynamically determine the buffer lengths, but it has not been
evaluated under uniform delay asynchronous sampling. The
uniform random distribution is resampled for every value in the
buffer each time the model is trained.

Ground truth function

The ground truth function, flx), referred to as TriPeak, is an N-
dimensional, triple Gaussian peak integrand function adapted
from the BOBnd library,”® Surjanovic and Bingham,* and
Genz,” and is defined with the equation below:

f(x) = c(blexp<Za12(x,~ - ,ul)z)

‘ Clzz(xi - Mz)z)

/ a32(x,~ - M3)2))
1

‘T Db+ b+ by)

ay =4, p =02, b =03
ay =15, 1, =05, by=02
as =4, p; =08, by =06

M

+ bzexp<

M-

+ b;exp(

B _ (xesr) (xcs2) Npurr — Npurr /(x ) )
AscPess NBuff Y\ Xct), NBuff YV (Xcv2)y ey NBuff Y C+Npufr

where ¢ is the normalization scalar, a; is the peak width modi-
Brana = [ul, Uyy oeey uNBuﬁ.] where u; ~ U(0,1) fier, u; is the peak location, and b; is the peak height modifier for
a single dimension of peak j. In the noisy simulations, the
ground truth value was sampled with random noise added by
3 7o /(x ) /(x ) Niutr - (x ) sampling from a normal probability distribution with a mean of
DecPess — NBuffy CH+lJs NBuffy C+2)s oeo NBuffy C+Npurr zero and standard deviation specified by a noise value of 0.01,

Bicpg = |:xCBurry, (xci1) = Ao(xcpa), y, (xc42)

) }’/ (XC+NBUW> - A0<xc+1vmr>]

where x¢,; is the input vector for the buffer position (j) after the
most recent completed experiment (C), y'(x) is the mean
prediction of the belief model at input vector x, and (0, 1) is
a uniform random distributed that is bounded from 0 to 1.
Additionally, all values in x are constrained to the bounds (0, 1).
A pessimistic value is defined as the lower bound of the ex-
pected response range, which in the case of the TriPeak function

- Ao’(-xCJrZ)v

© 2026 The Author(s). Published by the Royal Society of Chemistry

0.02, and 0.05 for 1%, 2% and 5% noise, respectively.

Due to the normalization scalar, the function minimum and
maximum are equal to 0 and 1, respectively. In the context of
these studies, the campaign objective is to maximize the func-
tion, and the target feature set (x*) is defined by:

x* = argmax(f(x))
Simulations using additional ground truth functions are
reported in the SI along with randomized sampling control

groups, shown in SI Fig. S3. The TriPeak function was designed
to represent a parameter space that is both reminiscent of real-
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world experimental spaces and of non-negligible complexity for
algorithm benchmarking. Many common computational
benchmarking algorithms pose extreme criteria to navigate,
such as many local optima. While relevant in many computa-
tional spaces, these functions are far more complex than the
surface response typically found in experimental design spaces.
Algorithm refinement around these functions, therefore, may
not reflect performance in real-world laboratories. Conversely,
simple convex unimodal surfaces, while common in experi-
mental optimization spaces, are often not of high enough
complexity to justify algorithm development and optimization.

Equivalent experiment time assumption

The simulation results are evaluated with respect to the total
number of simulated experiments used in the optimization,
referred to as the experiment number, as well as the theoretical
optimization time relative to the duration of a simulated
experiment, referred to as the time. The optimization time is
meant to reflect the improved time cost that could be achieved
in a parallel experimental setting. In serial sampling
campaigns, the time step for each optimization decision (A¢) is
represented as equivalent to the presumed time cost for a single
experiment (tgyp,). In the asynchronous campaigns, the decision
time step is compressed as a function of the policy buffer
length, as defined in:

A= B
Npur + 1

This compression occurs from the assumptions that
multiple experiments are conducted simultaneously, new
experiments are executed as soon as the oldest running exper-
iment completes, and all experiments are of equal duration.
This compression also assumes that algorithm calculation
times and equipment execution limitations are negligible rela-
tive to the parallel experiment conduction. While this asyn-
chronous time compression is relevant to many experimental
workflows, a simple example would be automated formulation,
reaction, and characterization of liquid samples in a well plate
using a liquid handler. In a serial configuration, the system
would remain idle during the reaction phase of an experiment,
then select a new condition after characterizing the complete
reaction. In the asynchronous configuration, the system can
prepare and/or characterize other experiments during this
downtime, thereby increasing throughput.

Loss metric definitions

All algorithms are benchmarked using the median loss metric,
and the variability of algorithms are evaluated with the inner
quartile range of the loss. The median loss metric (I;) and
inner quartile range (IQRy) for a given experiment number (k)
are formally defined as:

Lyje = fix*) — max([f(xy,,), flxa,)s s X))

Ly =[Ley, Lip, s Lin,)
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LNk = med(Ly)

IQR = IQR(Ly)

where r is the campaign replicate number, L, is the loss value
for a given replicate and sample number as calculated from the
best sampled conditions so far in the optimization, L, is the loss
vector across all replicates for a given experiment number, and
Ngep is the total number of replicates in the campaign. Note that
the ground truth function assumes no noise for loss calcula-
tions regardless of the noise applied in the campaign.

Results

The five alternative asynchronous sampling policies were
designed with the intent of encouraging more robust explora-
tion within the placeholder mechanism. Our assumption with
realistic placeholder policies was that the reduction in uncer-
tainty at the sampled point is insufficient for promoting varia-
tion in sample selection during asynchrony. As such, we have
selected placeholder policies that select deviations from the
predicted value. The pessimistic policy, which assumes that all
placeholder values are the worst possible outcome, was
designed to most dramatically discourage resampling at
currently running experimental conditions. The ascending and
descending pessimism algorithms are variants of this design
where we presume that a dynamic balance between pure
pessimism and pure realistic predictions can attain the
advantage of pessimism without fully replacing belief model
understanding. Similarly, the lower confidence bounds policy
was structured so that predictions assume the worst predicted
outcome of the belief model, which in theory could preserve the
belief model structure while discouraging resampling. Finally,
the random value prediction policy assumes that there is no
reasonable estimate for the sampled positions and that
sampling from a uniform random distribution provides a valid
prediction.

Asynchronous pessimistic and random performance

These asynchronous policies were studied with a five-
dimensional TriPeak ground truth function, with the results
shown in Fig. 2 and S4. All five policies demonstrated some
viability in accelerating optimization rates through parallel
experimentation. However, the realistic prediction policy
exhibited significant losses in sampling efficiency when
increasing the buffer length to four samples or higher. Addi-
tionally, no asynchronous buffer length with a realistic policy
outperformed serial sampling when evaluated as a function of
the number of experiments. This observation could be attrib-
uted to the potential for premature convergence in realistic
asynchronous predictions. For example, if the policy samples in
a parameter space region with a high predicted reward and low
uncertainty, then the realistic policy would be more likely to
resample in that region than to explore alternatives in the
parameter space. Among the six tested policies, a pure pessi-
mistic policy had the highest, and most consistent,

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.2 Simulation results of four asynchronous decision policies utilizing different prediction strategies on five-dimensional TriPeak. The median
loss across all 200 randomized simulated campaigns as a function of (A) the number of experiments and (B) the effective optimization time
relative to a single experiment and (C) the inner quartile range of the loss as a function of experiment number across the four decision policies,
(first column) realistic, (second column) pessimistic, and (third column) random. The serial replicates were repeated for each of the policies.

performance across all campaign replicates and buffer lengths,
with the descending pessimism performing similarly. While the
ascending pessimism policy performed more favorably than the
realistic policy across all buffer lengths, the highest buffer
length showed some indication of a less consistent, or slower,
convergence onto the optimum. Similarly, the random predic-
tion policy showed comparable performance to pessimistic
policies, but the optimization efficiency over serial sampling is
lost at 9 buffers.

Both the pessimistic and descending pessimism policies
outperformed serial sampling for all tested buffer lengths. After
500 experiments, all buffer lengths in the descending pessi-
mism policy reached approximately 60% of the final loss ach-
ieved in serial sampling. For the pessimistic policy the 1, 2, 4,
and 9 buffer campaigns reached equivalent performance to the
serial campaign with 500 experiments in approximately 380,
380, 410, and 480 experiments respectively. After 500 experi-
ments, all asynchronous policies leveraging pessimism showed
a significant reduction in the inner quartile range, with the
pessimistic policy reaching over an order of magnitude lower
inner quartile range than the serial trial. The realistic prediction
and serial policy inner quartile ranges continued to increase or
plateau after 500 experiments.

© 2026 The Author(s). Published by the Royal Society of Chemistry

The median optimization performance results suggest that
the presence of pessimism in asynchronous policies provides
more time and material efficient optimizations. Additionally,
the narrower convergence in the inner quartile range across
trials suggests these results can be achieved more consistently
than realistic or serial methods. Despite achieving a lower
global accuracy, the pessimistic policy more quickly reaches an
accurate estimate of near-optimal conditions than serial poli-
cies, shown in SI Fig. S5. Increasing the range of pessimistic
prediction policies can further increase the consistency with
which campaigns reach optimal conditions. Additionally, the
greatest algorithm improvement is observed after the inclusion
of a single pessimistic prediction, i.e. one buffer length for the
pessimistic, ascending pessimism, and descending pessimism
policies. Significant improvements are observed with modest
additions of pessimistic predictions, while realistic predictions
either have no impact or decreased algorithm performance.
Shown in SI Fig. S6 and Section S.2, the constant buffer length
implementation outperformed a simulated scenario where
buffer lengths are changing dynamically between zero and the
specified buffer throughout the optimization. Additionally, the
prediction of pessimism near predicted optima is shown to be
important, as the introduction of randomized pessimism on

Digital Discovery


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00477b

Open Access Article. Published on 06 March 2026. Downloaded on 3/28/2026 9:29:58 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

a realistic buffer policy performed significantly worse than the
pessimistic policy.

Similar trends are observed across both pessimistic and
realistic policies when varying the exploration constant across
five different values, as shown in SI Fig. S1. Pessimism gener-
ates the most significant improvement over serial sampling
when lower exploration constants are used, and it influences
experimental efficiency less significantly when higher explora-
tion constants are used. For the two lowest value exploration
constants tested, the serial policy quickly plateaued and
reached a loss approximately 16 times higher than any of the
pessimistic buffer policies. For the middle exploration constant
value, the serial policy demonstrated improvement with
increasing experiments and reached a loss approximately 1.6
times higher than any of the pessimistic policies. However, for
the two highest exploration constant values, the serial policy
reached a similar loss to the pessimistic policies. The greatest
discrepancy occurred between the serial and nine pessimistic
buffer policies at the highest exploration constant value, where
the serial policy reached a 33% lower loss. The inverse rela-
tionship between exploration constant values and the perfor-
mance advantage of the pessimistic policy suggests that forced
exploration may be one of the mechanisms that improve opti-
mization efficiency.

More interestingly, pessimistic policies were more robust to
the selection of the exploration term than the realistic policies.
Across all tested exploration constant values, the one and two
buffer length realistic policies performed similarly to the serial
policy. The four and nine buffer length realistic policies,
however, demonstrated substantial performance drops, partic-
ularly in the scenarios where the serial policy performed well. At
the highest exploration constant value, for example, the nine-
buffer realistic policy reached an order of magnitude higher
loss. Due to the sensitivity of the design space towards the
exploration constant, the advantage of pessimism with better
tuned hyperparameters is unclear. With this in mind, a loga-
rithmic increasing A value policy, which in some scenarios
outperforms fixed constants, was benchmarked on the pessi-
mistic and realistic policies. Shown in SI Fig. S2, when a more
robust and dynamic exploration term is used, the improvement
of pessimism over realistic policies is reduced further, indi-
cating that higher exploration rates reduce the relative effec-
tiveness of the pessimistic policy.

Applying pessimism with dynamic exploration terms on high
complexity surfaces and very low complexity surfaces generates
negligible improvement for most conditions, shown in SI
Fig. S2. Using the dynamic exploration term across all ground
truth functions, with the one exception of the very simple
surface function Trid, the pessimistic policy performed either
equivalently or better than serial and realistic policies as
a function of experiment number. No discernable difference
could be identified between serial, realistic, and pessimistic
policies for the Ackley, Michalewicz, and Schewefel functions for
all buffer lengths, except the nine-buffer realistic policy on
Ackley. All simulation campaigns, however, achieved poor
performance on these complex surface functions, suggesting
more detailed analyses may be necessary before drawing
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conclusions. As shown in SI Fig. S3, the dynamic exploration
term policies performed worse than, or equal to, random
sampling for the very low complexity ground truth, Trid, and
high complexity ground truths, Michalewicz and Schewefel. In all
scenarios where the decision policies outperformed random
sampling, the pessimistic policy generated a substantial
improvement in performance at the highest tested buffer
length. When comparing all buffer lengths by experimental
time rather than number, the pessimistic policy significantly
outperforms serial sampling.

The lower confidence bounds policy performed equivalently
to the pessimistic policy when evaluated over one and two
buffer lengths, but the policy appears to converge prematurely
and perform worse than the serial policy at high buffer lengths.
Small buffer lower confidence bounds policies likely behave
similarly to pessimistic policies in that the uncertainty near
local optima is high enough to provide a sufficiently pessimistic
hallucination. The failure at higher buffer lengths could be
attributed to excessively confident models near local optima
where clusters of buffer experiments are selected. In this latter
case, the policy likely behaves more similarly to the realistic
policy and provides insufficient pessimism to encourage
exploration.

Effects of dimension and noise

This pessimistic asynchronous method also demonstrates
higher performance relative to serial sampling at higher
dimensionalities. Shown in Fig. 3, the serial policy outperforms
all asynchronous pessimistic policies as a function of experi-
ment number for two, three, and four-dimensional ground
truth spaces. These results also show that the asynchronous
policies considerably outperformed the serial method for five
and six dimensional spaces, as seen in the fourth and fifth
columns of Fig. 3. In the six-dimensional space, the serial
sampling policy improved very little after 2000 experiments,
while the pessimistic asynchronous policies approached
optimal conditions. The asynchronous method provided
a performance advantage for all five studied dimensions when
considered as a function of experimentation time.

One potential explanation for the efficacy of pessimism
assisted asynchronous sampling strategies is that the pessi-
mistic predictions reduce the occurrence of premature conver-
gence in upper confidence bounds policies. Forcing
a pessimistic prediction on what the current model indicates is
the optimal condition prevents resampling at that point, and in
cases where replicates already exist outside the buffer, increases
model uncertainty at that point which enables improved
exploration within the peak. This advantage becomes more
dominant when the number of local maxima (i.e., the dimen-
sionality of the TriPeak function) increases.

The integration of the pessimistic prediction within the
model training data set contrasts with prior pessimistic
prediction methods on constant buffer length since these
systems implement a penalty region over a defined area around
the prior data point. It is possible that these penalty region
methods could suffer from the curse of dimensionality as the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Simulation results of pessimistic decision policies on TriPeak at different dimensionalities and buffer lengths. The median loss across all
randomized simulated campaigns as a function of (A) the number of experiments and (B) the effective optimization time relative to a single
experiment and (C) the inner quartile range of the loss as a function of experiment number across (columns) two, three, four, five, and six-
dimensional ground truth spaces. Each dimensional plot is the result of 200 replicates. The serial replicates were repeated for each of the

policies.

volume covered by the defined penalty areas represents
a smaller fraction of the overall parameter space.>®

A final study was conducted by introducing noise on the five-
dimensional TriPeak ground truth function using the pessi-
mistic buffer policy across two to six dimensions. Shown in
Fig. 4, increasing the noise of the ground truth system resulted
in less efficient optimization algorithms in most cases, but the
serial policy at higher dimensions gained a performance
advantage that is likely due to the normalization effect of noisy
sampling. Similar to the no noise simulations, the serial policy
outperformed the asynchronous policies for all noise levels at
lower dimensionality, and the magnitude of the sampling
penalty increased as the buffer size increased. While the intro-
duction of noise negates any advantage with respect to experi-
ment number attained by the buffer policies at five and six
dimensions, the asynchronous policies substantially overlap
with the results of the serial policy with respect to experiment
number at these higher dimensions. The pessimistic policy
outperforms the realistic policy for most sets of comparable
conditions, as seen in SI Fig. S7. This result further supports the
notion that large buffers in pessimistic asynchronous sampling
algorithms can provide faster optimizations with negligible
impact on experimental efficiency.

By implementing pessimistic predictions through model
integration, the asynchronous sampling policies presented here
could more effectively navigate higher dimension parameter
spaces through more efficient and comprehensive integration of

© 2026 The Author(s). Published by the Royal Society of Chemistry

pessimism. In the complex experimental spaces relevant to algo-
rithm driven experimentation, asynchronous policies provide
a notable advantage to serial algorithms when parallel operation
is viable. Furthermore, pessimistic asynchronous policies may
provide an additional advantage over realistic hallucinations.

Application in real-world cross-coupling reaction data

Finally, the pessimistic asynchronous sampling algorithm was
evaluated using a real-world data set centered on a Buchwald-
Hartwig cross-coupling reaction space. This reaction system is
a common tool in organic chemistry for coupling amines and aryl
halides. In a typical design, shown in Fig. 5A, an amine and aryl
halide are combined with a base and some additive to perform
the coupling. In Ahneman et al.*” a database of measured yields
for a C-N cross-coupling reaction were generated for 15 aryl
halides, 23 additives, 4 catalysts, and 3 bases. This was achieved
using a nanomole-scale, 1536-well plate high-throughput exper-
imentation system with yields determined via mass spectroscopy.
This testing configuration created a complete database for every
combination of four categorical features. In total, this database
provides a measured yield for approximately 4000 reactions and
converted the categorical molecule selection space to a discrete
numerical space by providing vector arrays based on molecular
descriptors of each of the reactants. This process is discussed in
explicit detail in the previously reported work. As a result, this
database contains 120 total parameters that go into the yield
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Fig. 4 Simulation results of pessimistic decision policies on TriPeak at different dimensionalities and noise levels. The median loss across all
randomized simulated campaigns as a function of the number of experiments across (columns) two, three, four, five, and six-dimensional ground
truth spaces with (A) 1%, (B) 2%, and (C) 5% noise. Sampling noise is applied by randomly sampling from a normal distribution with a standard
deviation equal to the specified noise value and adding the noise sample to the ground truth output. Each dimensional plot is the result of 200
replicates. The loss is calculated from the noiseless ground truth and does not reflect the values sampled from the ground truth during each trials
campaign.

measurements. In a simulated campaign, this data was used as Like the prior optimization campaigns, the pessimistic
a ground truth function for algorithmically optimizing the reac- asynchronous sampling policy was benchmarked relative to
tion yield - shown in Fig. 5A. a standard serial optimization strategy. In this specific
A 2 \
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Fig.5 Asynchronous optimization on real C—N cross-coupling data. (A) Illustration of simulation design setup for sampling from the real-world
data set. The median loss across simulated campaigns with the C—N cross-coupling data base on four different pessimistic buffer lengths and
serial sampling as a function of (B) the number of experiments and (C) the effective optimization time using a random forest regressor belief
model and (D) the number of experiments using a Guassian process regressor. Each random forest and Gaussian process plot is the result of 90
and 20 replicates respectively. The loss is calculated relative to an assumed maximum yield of 100%.
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campaign, we leveraged modeling information from the orig-
inal study, and the highest performing model from prior work.
A random forest regressor was used as the belief model instead
of the Gaussian process regressor applied in all prior simula-
tions. The random forest model was selected over Gaussian
processes, shown in Fig. 5B, due to the difficulty they exhibited
in navigating the experimental space. Uncertainty was esti-
mated through the standard deviation of all forest member
predictions.

Of the approximately 4000 samples in the database, two sets
of conditions result in a yield of 100%. While the parameter
space used for belief model training is technically 120 dimen-
sions, it is highly constrained through discretization of the
parameters and a limited number of possible chemical feature
combinations. A more realistic approximation of problem space
dimensionality is the five categorical parameters. Regardless,
pessimistic asynchronous sampling demonstrated a significant
improvement over equivalent serial sampling on this system. As
seen in Fig. 5C, the pessimistic policy outperformed the serial
policy by experiment number for all tested buffer lengths below
nine. The highest performing policy, pessimistic sampling with
one buffer, reached the optimal yield in 60% fewer samples
than serial sampling. While a one sample buffer improved the
sampling efficiency over all other methods, increasing the
buffer size decreased the efficiency of the policies. The nine-
sample buffer performed equivalently to serial sampling with
respect to experiment number. Accounting for the accelerated
sampling rate of asynchronous policies further amplifies this
advantage.

This result not only indicates that asynchronous pessimistic
policies can effectively navigate real-world chemistry systems,
but it also shows viability in discrete numerical and other
constrained spaces. Additionally, the observed improvement
over serial methods while using a random forest belief model
indicates asynchronous pessimism helps alleviate deficiencies
in uncertainty estimation. The use of ensemble member vari-
ance as an uncertainty estimator in a non-parametric ensemble
would likely not provide an optimal estimator of uncertainty.
Despite this, the asynchronous policy performed favorably in
a high complexity space. Further exploration and development
of these methods could reduce the needs for accurate uncer-
tainty estimates and enable the effective application of different
models.

Conclusions

The asynchronous sampling policies presented in this work
provide valuable advancements over existing Bayesian optimi-
zation strategies for high-cost experimentation in serial exper-
imental systems for simulated and real-world systems. While
the pessimistic asynchronous sampling policy suffered
a performance penalty in low dimension spaces, it performed
considerably better than serial or realistic asynchronous poli-
cies in parameter spaces with dimensionalities greater than
four. Additionally, the performance gap between serial and
pessimistic asynchronous policies appeared to increase as the
dimensionality of the parameter space increased. Furthermore,

© 2026 The Author(s). Published by the Royal Society of Chemistry
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we have demonstrated that this approach is robust in systems
with sampling noise and real-world collected data sets. This
work introduces an algorithm specifically designed for the
challenges of autonomous experimentation, namely high-
dimensional design spaces characterized by significant noise.

Disregarding the increased sampling rate of asynchronous
policies, pessimistic policies may offer greater performance for
Bayesian optimization algorithms in high-cost sampling
systems. When considering the increased sampling rates,
pessimistic policies provide a considerable advantage over
existing realistic asynchronous and serial sampling approaches.
To fully detail the capabilities of the methodologies presented
in this work, additional benchmarking studies with similar
strategies are required. Further implementation and develop-
ment of the methods presented here could result in more effi-
cient algorithm driven experimentation and more effective
parallelization of experimental processes.
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