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gins-informed human-in-the-loop
Bayesian optimization to map the phase diagram of
polymer blends

Justin C. Hughes, a Dylan J. York,b Kevin G. Yager, c Chinedum O. Osuji b

and Russell J. Composto *a

Mapping the phase diagram of polymer blends is an essential step in controlling the structure–property

relationship of polymer-based materials. However, traditional grid-based approaches are inefficient and

rely on subjective judgements for terminating the experimental campaign. Artificial intelligence-guided

experimentation offers a compelling alternative, especially when data-driven decision-making is

interfaced with established polymer thermodynamics to improve efficiency and interpretability. Here, we

introduce a physics-informed Bayesian optimization approach to guide the mapping of the phase

diagram of a model blend containing poly(methyl methacrylate) and poly(styrene-ran-acrylonitrile).

Physical information is derived from a Flory–Huggins representation of the spinodal curve, which is

integrated into the Bayesian optimization process as a structured prior mean that acts as a soft

constraint. Implemented as a human-in-the-loop workflow, the approach leverages optical imaging of

film cloudiness with iterative Gaussian process surrogate modeling and a parameter selection decision

policy to identify the composition-temperature conditions for sequential iterations. Convergence of

kernel and Flory–Huggins-based hyperparameters provided a stopping criterion, ensuring an objective

and interpretable termination of the experimental campaign. The framework recovered the known lower

critical solution temperature (∼160 °C), while increasing material efficiency through targeted sampling.

This work establishes a proof-of-concept for the application of Bayesian optimization workflows to

study polymer blend miscibility.
Introduction

Polymer blends are fundamentally important in both
commercial and research contexts because they enable tunable
material properties that cannot be achieved with single-
component polymer systems. Through controlled mixing of
chemically distinct polymers, blends can exhibit enhanced
mechanical properties,1 permeability,2 and thermal stability,3

making them attractive for various technologies such as food
packaging4 and biocompatible materials.5 The ability to tune
macroscopic properties for applications arises from molecular
interactions that govern polymer mixing, morphology and
phase behavior, which ultimately dictate the structure–property
relationship of materials. Foundational theory from Flory,6 de
Gennes,7 and others established the framework to understand
the relation between these interactions and predicting polymer
ngineering, University of Pennsylvania,

osto@seas.upenn.edu

Engineering, University of Pennsylvania,

khaven National Laboratory, Upton, NY

the Royal Society of Chemistry
thermodynamics. This improved understanding along with new
experimental techniques led to a large increase in polymer
blending in the 1970s and 80s.8 Given this extensive commercial
and research background, polymer blends provide an ideal
platform for validating physics-informed decision-making
frameworks that guide experimental campaigns.

The thermodynamics governing polymer miscibility can be
described by the Flory–Huggins (FH) theory. The FH theory
describes the phase separation behavior of polymer blends to the
balance between enthalpic and entropic contributions to free
energy.6 Polymer blends can exhibit upper critical or lower critical
solution temperature behavior (UCST and LCST), for blends that
phase separate upon cooling or heating, respectively. The
boundary between single-phase and phase-separated regimes is
dened by a composition–temperature phase diagram. At equi-
librium, annealing an AB blend in the two-phase region results in
the formation of domains rich and poor in the A component.
When domains become large enough (micron scale), they scatter
light and appear cloudy. Therefore, visual inspection of polymer
blends under an optical microscopic provides a simple method
for ascertaining phase separation in polymer blends.9 Spectros-
copy,10 X-ray scattering,11 neutron scattering,12 and electron
microcopy13 methods can also be used to determine polymer
Digital Discovery, 2026, 5, 1675–1688 | 1675
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blend miscibility. Since the 1970's, FH and other models (e.g.,
self-consistent mean-eld) have combined with new experi-
mental methods to map phase behavior of 100's of combinations
of binary polymer blends, including those containing compati-
bilizers.8,10,14 However, as new polymers continue to be
discovered,15–18 extensive testing of possible combinations of
polymers becomes problematic. Because polymers have many
molecular characteristics, such as monomer type, molecular
weight, structure (linear vs. branched) and dispersity, this large
parameter spacemakes traditional grid-based samplingmethods
for mapping phase diagrams and determining thermodynamic
properties challenging.19,20 Furthermore, grid-based sampling
efforts also depend on subjective judgements about when suffi-
cient data has been collected. By leveraging intelligent mecha-
nisms for extracting information from collected data and guiding
experimental decisions, AI-driven methods can efficiently enable
systematic mapping of thermodynamic behavior without
requiring exhaustive sampling of the entire high-dimensional
parameter space.

Recent adaptations of AI approaches to polymer and mate-
rial science have shown promise for accurate property mapping
and optimization across different material systems. Applica-
tions range from data-driven materials discovery for clean
energy technologies,21 to mapping the phase diagram of self-
assembled block copolymers22 and polymer solutions,23 or
lattice models such as the Ising system,24 to the design of full-
stack self-driving laboratory architectures that function in
a closed-loop manner to autonomously synthesize and charac-
terize materials.25,26 However, despite this progress, AI-guided
experimentation has seen limited application to solid-state
polymer blend miscibility, where current experimental work-
ows are largely manual and grid-based. Importantly, these
studies indicate that AI-driven experimental design is well-
positioned to be applied to solid-state polymer miscibility,
even though this opportunity has yet to be explored.

One effective approach for implementing such AI-guided
experimental design is through Bayesian optimization (BO),
a mathematical framework widely used in optimal experimental
design (OED) and autonomous experimentation (AE) to model
scientic data and guide decision-making. Specically, BO is
leveraged to explore or optimize an objective function that
would be expensive to map exhaustively. Examples of objective
functions include miscibility of a polymer blend as a function of
composition, temperature, and other experimental variables, or
conductivity of a polymer nanocomposite material as a function
of ller weight fraction and polymer identity. In a typical
implementation, BO is used to recommend new experimental
parameters that maximize an acquisition function that directs
measurements toward the most valuable or informative
samples.27 The acquisition function depends on a surrogate
model that represents the optimizer's current understanding of
the objective function. The most common surrogate modeling
framework for this is a Gaussian process (GP), which denes
a distribution over possible functions. Using a GP enables the
optimizer to model both the objective's mean and uncertainty
over the parameter space.28 Including the uncertainty modeling
component helps promote robustness in the surrogate
1676 | Digital Discovery, 2026, 5, 1675–1688
modeling process, in particular for data-sparse or noisy regimes
of the parameter space. Many soware packages for performing
this surrogate modeling and point selection have been previ-
ously developed,29–31 and are widely used across various exper-
imental and computational applications.22,32,33

BO is a non-parametric, data-driven method that does not
require prior knowledge to make decisions. However, for
complex problems, it is oen useful to integrate prior knowl-
edge in some form. Several strategies exist to accomplish this
task, including transforming the parameter space to allow for
more robust surrogate modeling for parameters originally on
different scales34 and kernel selection to enforce the correct
form for correlations in the parameter space.35 Directly
leveraging a structured prior function to encode previously-
discovered physical laws or constraints has also been demon-
strated as an effective way to augment the capabilities of the BO
process.36 Together, these approaches demonstrate different
possible methods of integrating prior knowledge to improve the
BO process.

In this work, we developed an integrated platform that
combines Flory–Huggins-informed Bayesian optimization with
human-driven experimental sample preparation and charac-
terization. As a proof of concept, we apply this human-in-the-
loop (HITL) approach to map the phase diagram of a model
polymer blend system of poly(methyl methacrylate)/poly(-
styrene-ran-acrylonitrile) (PMMA/SAN),37 leveraging cloud point
to characterize miscibility. Flory–Huggins theory is embedded
in a trainable structured prior mean to guide the mapping
process. In this iterative workow, each round of optimization
involved preparing and annealing ve polymer blend samples
chosen by the Bayesian optimizer to maximize the information
gained from each sample. This division of tasks, with algo-
rithmic decision-making by the optimizer and human execution
of experiments, allowed the workow to operate without the
need for investment in robotic automation. In this context, the
role of the HITL approach is to enable practical deployment,
while algorithmic efficiency is derived from the underlying
physics-informed BO framework. Successive iterations rened
the surrogate model until convergence was reached, as indi-
cated by stabilization of hyperparameters. Using explicit
convergence criteria helped reduce subjective decision-making
regarding when to terminate the experimental campaign.
Through this methodology, we identify both the advantages and
challenges of leveraging physics-informed HITL experimenta-
tion and highlight the potential of this framework to enable
efficient, interpretable study of more complex polymer systems.

Materials and methods
Materials

Methyl isobutyl ketone (MIBK, ACS-grade), chloroform (HPLC-
grade), and methanol (HPLC-grade) were all purchased from
Fisher Chemical and were used as-received. The poly(methyl
methacrylate) (PMMA) used has a weight-average molecular
weight (Mw) of 84.5 kgmol−1 and dispersity (Mw/Mn) of 1.05. The
PMMA was purchased from Polymer Source Inc. and was used
as-received. The poly(styrene-ran-acrylonitrile) (SAN) used had
© 2026 The Author(s). Published by the Royal Society of Chemistry
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a weight-average molecular weight of 118 kg mol−1, a dispersity
of 2.24, and was 33 wt% acrylonitrile. The SAN was provided by
Monsanto and was used aer purication. A 3 wt% SAN solu-
tion in chloroform was added to methanol at a 1 : 10 volume
ratio. Aer precipitation for 1 hour, the solvent was removed,
and the precipitate was collected and dried for 48 hours. The
SAN precipitate was then re-dissolved in chloroform, and the
cycle was repeated two more times, for a total of three puri-
cation cycles. Plain glass microscope slides 3 in. by 1 in. by
1 mm were purchased from Fisher Scientic. Single-side-
polished, phosphorus-doped silicon wafers (100 ± 0.5 mm
diameter, 500 ± 25 mm thickness, 1–10 U cm resistivity) were
purchased from University Wafer.

Sample preparation

Separate 5 wt% solutions of PMMA and SAN in MIBK were
prepared to serve as stock solutions for the experimental
campaign. Each stock solution was stirred overnight at 600 rpm.
For a given experiment, 60 mL of sample solutions were
prepared in 2 mL glass vials and stirred at 300 rpm for 2 hours.
Then two 20 mL aliquots of each sample solution selected at
a given iteration were drop-cast onto a glass slide. The glass
slides were annealed on a hot plate at 120 °C for 45 minutes to
evaporate the MIBK solvent. Subsequent annealing was per-
formed in a Shel Lab SVAC1 series oven to promote phase
separation for temperatures ranging from 150 to 200 °C.
Annealing times were calibrated by measuring the time
required for a series of 50 : 50 (wt%) PMMA/SAN samples to
reach saturation in cloudiness at various temperatures above
the lower critical solution temperature (LCST). These data were
t to an Arrhenius relation, which then was used to compute
appropriate annealing times to accommodate a range of ve
compositions to be annealed simultaneously. Additional details
of the calibration procedure are provided in the SI.

The parameter space for the experimental campaign was
bounded by compositions ranging from 0 to 100 wt% PMMA
and post-solvent evaporation temperatures ranging from 150 °C
to 200 °C. These boundaries were chosen to mimic the experi-
mental conditions reported by Newby et al.37 (0 to 100 wt%
PMMA, 150 to 200 °C), ensuring comparability of the results
from experiments. Four initial samples were prepared to seed
the experimental campaign: 0 wt% PMMA at 150 °C, 100 wt%
PMMA at 150 °C, 0 wt% PMMA at 200 °C, and 100 wt% PMMA at
200 °C. Aer this initial round of measurements was conducted,
each subsequent iteration involved preparing ve additional
compositions at a given temperature, selected using the
Bayesian optimization approach described below. This batch
size (ve compositions) was based on the oven's throughput
limit of ten samples per annealing run: selecting ve compo-
sitions per iteration allowed for duplicate samples at each
composition, balancing the need for reproducibility with effi-
cient exploration of the composition space.

Cloud point imaging and data analysis

Films were imaged using an Angetube 862Pro digital camera
(26 mm focal length, f/1.5 aperture) and a JH Technologies
© 2026 The Author(s). Published by the Royal Society of Chemistry
LR92240 Halogen Light Source. During measurement, the glass
slides were placed onto a silicon wafer and a custom-milled
imaging box. Aer the box was closed, the halogen light
source illuminated the sample from the side, enabling
measurement of cloudiness. A schematic of the imaging setup
is shown in SI (Fig. S1).

Images were acquired using the OpenCV library in Python.
Each image was converted to grayscale using the standard
luminance formulation as dened in ITU-R BT.601-7.38 The
formula for this conversion from a three-channel BGR image to
a single-channel grayscale image is given in eqn (1). IRed, IGreen,
and IBlue denote the individual channel contributions at a given
pixel, and I is the resulting grayscale pixel intensity.

I = 0.299 × IRed + 0.587 × IGreen + 0.114 × IBlue (1)

Aerwards, the average pixel intensity of the sample region
(IS) was compared to the background intensity (IB). These values
were combined with the sample-to-light source distance (lS) to
compute a cloudiness score according to eqn (2). In the gray-
scale images, pixel intensity values ranged from 0 (black) to 255
(white), inclusive.

Cloudiness ¼ 1

2

�
1þ tanh

�
0:015� �ðIS � IBÞ � l0:225S

�� 80
��

(2)

Due to smooth variation of the hyperbolic tangent between
−1 and +1, along with additional scaling and shiing, the
cloudiness score is normalized between 0 and 1, with the phase
boundary dened by the intermediate value of 0.5. This cloud-
iness value is then used as the corresponding measurement for
each individual sample in the Bayesian optimization process.
Calibration details for the constants used in eqn (2) are
provided in the SI.
Bayesian optimization via Gaussian process surrogate
modeling

Bayesian optimization (BO) was implemented using gpCAM
(version 8.1.9),39 with auxiliary Python scripts for imaging and
analysis provided in the Zenodo repository. At each iteration,
cloudiness scores were appended to the dataset, and a Gaussian
process surrogate was updated with globally optimized hyper-
parameters using differential evolution. The structured prior
mean mo for this process incorporated Flory–Huggins parame-
ters A and B to encode the spinodal construction of the phase
boundary, namely where the second derivative of the free energy
is zero. In this formulation, the Flory–Huggins interaction
parameter c is dened in eqn (3), where A and B represent the
entropic and enthalpic contributions, respectively, to the ther-
modynamics of mixing two dissimilar polymers. The interac-
tion parameter c is dimensionless, with B expressed in units of
Kelvin so that B/T is dimensionless, consistent with standard
Flory–Huggins denitions.

c ¼ Aþ B

T
(3)
Digital Discovery, 2026, 5, 1675–1688 | 1677
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The sign of B determines the critical behavior as a function of
temperature, namely B < 0 describes a LCST blend whereas B >
0 yields a UCST blend. This can be substituted into the standard
expression of the second derivative of free energy given in eqn (4).

v2DFmix

vx2
PMMA

¼ kBT

�
1

NPMMAxPMMA

þ 1

NSANð1� xPMMAÞ � 2c

�
(4)

Lastly, this second derivative was scaled using a sigmoid func-
tion dened in eqn (5). The scaling constant c is equal to −2 x
1023. This constant only controls the sharpness of the transition
across the spinodal boundary and does not affect the location of
the boundary itself, which is dened by the intermediate
cloudiness value of 0.5. The output of the sigmoid scaling is
used as the prior mean function for the surrogate modeling.

m0 ¼
1

1þ exp

 
�c

v2DFmix

vx2
PMMA

! (5)

The sigmoid normalizes the second derivative to values
between 0 and 1, placing it on the same scale as the cloudiness
score, which is also normalized between 0 and 1. Because the
second derivative is negative in the unstable region, the prior
mean approaches 1 when it predicts phase separation and
approaches 0 when it predicts miscibility.

A Matérn-3/2 kernel was used to balance the smoothness of
the radial basis function (RBF) and noise introduced in exper-
iments. sf

2 is the noise variance, lx and lT are the characteristic
length scales associated with the composition and temperature
dimensions respectively, and r is the scaled interpoint distance
in composition-temperature space. x = (x, T) and x0 = (x0, T0)
denote two points in the phase space. The kernel and scaled
distance formulas are displayed below in eqn (6) and (7)
respectively.

K
�
x; x

0	 ¼ sf
2
�
1þ

ffiffiffi
3

p
r
�
x; x

0		
exp
�
�

ffiffiffi
3

p
r
�
x; x

0		
(6)

r
�
x; x

0	 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
x� x

0

lx

�2

þ
 
T � T

0

lT

!2
vuut (7)

Together, these hyperparameters from the prior mean (A, B)
and kernel (sf

2, lx, lT) constitute the ve hyperparameters
globally optimized via differential evolution at each step of the
experiment. During optimization, parameters are internally
linearly scaled within the dened hyperparameter bounds
during mutation and recombination but are otherwise unscaled
and used in their presented units during the calculation of the
posterior mean.40 Temperature is specied in degrees Celsius in
the surrogate model and converted automatically to Kelvin for
evaluation of eqn (3) and (4).

The kernel formulation in eqn (6) is directly leveraged to
compute the posterior mean m as shown in eqn (8). In this
equation, x* is the test point, X is a list of all previously
measured points, and y is the list of computed cloudiness
values for each of the previously measured points. Eqn (9)
1678 | Digital Discovery, 2026, 5, 1675–1688
collects the terms being added together and inverted and
renames as the “total” covariance matrix Ktot, where the diag-
onal additive term is a heteroscedastic noise covariance term
proportional to the squared measurement value (yi

2) for each
point.

m(x*) = m0(x*) + K(x*, X)(Ktot(X, X))
−1(y − m0(X)) (8)

Ktot(X, X) = K(X, X) + diag(0.05 × yi
2) (9)

Details on the calibration of the 0.05 scaling factor in the
covariance term of eqn (9), derived from a replicate-based
robustness analysis of the cloudiness metric across multiple
samples, are provided in the SI.

Because computation of the posterior mean relies on matrix
inversion of Ktot(X, X), the stability of this computation depends
heavily on the condition of this matrix. A well-conditioned
kernel ensures this computation is numerically stable, and
that small perturbations or errors in the data don't dispropor-
tionately impact the posterior mean. Thus, the condition
number k of Ktot(X, X) will also be tracked over the experimental
campaign, with a large condition number indicating an ill-
conditioned (numerically unstable) matrix, while a small
condition number (approaching 1) indicating a well-
conditioned (numerically stable) matrix. The computation of
the condition number k is outlined in eqn (10), where lmax and
lmin are the maximum and minimum eigenvalues of Ktot(X, X)
respectively.

k ¼ lmaxðKtotðX ; XÞÞ
lminðKtotðX ; XÞÞ (10)

Aer sample preparation, imaging, and hyperparameter
retraining at a given iteration, the acquisition function fa and
decision policy leverage the posterior mean m and posterior
covariance s to select the next temperature and compositions.
The acquisition function is shown in eqn (11) and includes the
covariance term to encourage exploration and the target value
term P (shown in eqn (12)) to encourage exploitation of useful
areas of the phase space, such as those close to the phase
boundary. The target term is centered at 0.5, the midpoint on
the cloudiness scale between the phase-separated (cloudiness >
0.5) and single-phase (cloudiness < 0.5) regimes.

fa(x) = s(x) + 0.25 × P(x) (11)

PðxÞ ¼ tanh

�
0:1

mðxÞ � 0:5

�
(12)

Conceptually, this acquisition function is adapted from an
Upper Condence Bound (UCB) strategy41 but replaces the
direct use of the posterior mean with a task-aligned trans-
formation P(x) that promotes sampling near the phase
boundary.

The decision policy for point selection rst evaluates the
acquisition function across compositions at each temperature
using a normalized exclusion mask, where composition and
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Phase diagram mapping by iterations. (a) shows (x, T) data
points, where yellow and blue indicate phase-separated and single-
phase samples, respectively. The four initialization points are pure
PMMA and SAN (red X's). The solid blue line marks the phase boundary;
its flattening at low and high PMMA content arises from edge effects in
the boundary-smoothing step. (b) shows the trajectory of the
annealing temperatures for each set of 5 polymer blend compositions
at each iteration.
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temperature are scaled by Dx = 0.025 wt frac. PMMA and DT =

1 °C respectively and requires that candidate points must lie
outside a unit-radius exclusion region. It then selects the
temperature with the highest average masked acquisition value.
At this xed temperature, compositions are ranked by their
masked acquisition values, and ve points are chosen sequen-
tially: the highest-valued point is selected rst, followed by
additional points in descending masked acquisition value order
until the decision policy has generated a list of ve valid
compositions at the given temperature.

During early development, the kBT prefactor in the Flory–
Huggins expression for the second derivative of free energy (eqn
(4)) was evaluated using incorrect temperature units, intro-
ducing only a magnitude scaling of the prior without altering its
qualitative structure. To verify this didn't impact the evolution
of the posterior mean, the posterior mean elds from the cor-
rected and uncorrected implementations were compared, and
both workows were found to converge to statistically indis-
tinguishable results by the nal iteration. All gures and anal-
ysis therefore use the original workow, with the full
comparison provided in the SI (Fig. S2).

During the experimental campaign, there are two main
methods used for ascertaining whether convergence has been
met or not upon collection of data. The rst involves phase
boundary location monitoring: if the location of the predicted
phase boundary doesn't change, the process has converged. The
second involves hyperparameter monitoring: if the hyper-
parameters (kernel: sf

2, lx, lT; structured prior mean: A, B)
remain constant, then the process has converged. If either of
these criteria are met, then the experimental campaign is
considered converged, and additional experiments are not
needed to identify the phase diagram.

Results and discussion

The HITL approach was tested by mapping the phase diagram
of a model polymer blend of PMMA and SAN. The evolution of
the experimental campaign is followed to demonstrate how the
BO framework guided sampling, inuenced model conver-
gence, and outperformed a traditional grid-based approach.
Simulated benchmarking was used to attribute these efficiency
gains to the Flory–Huggins-informed mean formulation adop-
ted in this work, with benchmarking results shown in the SI
(Simulated Benchmarking of Flory–Huggins-Informed Mean
and Kernel Approaches). First, we analyze how the decision
policy shaped emergent sampling behavior over the course of
the campaign. Next, we examine the convergence criterion,
particularly the stabilization of hyperparameters, that governed
the campaigns termination. Finally, we assess the efficacy of the
BO-driven design relative to a reference study that employed
a traditional grid-based sampling approach,37 with a focus on
sampling efficiency and interpretability of results. Over the
experimental campaign, 104 total samples were prepared
including 4 initialization samples and 20 iterations of 5
samples. Monitoring the evolution of the phase boundary
location provided valuable insight into the state of the model.
However, convergence was formally determined by stabilization
© 2026 The Author(s). Published by the Royal Society of Chemistry
of hyperparameters, which served as the criterion for termi-
nating the campaign.
Phase separation measurements and model evolution

The phase state of polymer blends was scored and mapped onto
a phase diagram. The raw data points, color-coded by their
associated cloudiness score, as well as the temperatures at
which measurements were collected, are displayed in Fig. 1.
Fig. 1a displays the data points, with the phase boundary
dened by the transition between cloudy samples in the phase-
separated region above the LCST in yellow and the clear
samples in the single-phase region below the LCST in blue. The
solid line traces the location of this boundary, revealing an
LCST at about 160 °C, which aligns well with literature that
reported an LCST of 160 °C for a similar PMMA/SAN blend.37 A
visual comparison to the literature phase diagram37 is provided
in the SI. Three characteristic sampling regions are identied in
Fig. 1a: sparsely-sampled near the outer edges of the phase
space limits, the interior of the phase-separated region, and
a densely-sampled zone along the phase boundary. Fig. 1b
shows the annealing temperature trajectory over the 20 itera-
tions. Note that the initial samples of pure PMMA and SAN
annealed at 150 °C and 200 °C are not represented in Fig. 1b.
From an initial temperature of 175 °C, the recommended
temperatures decrease monotonically until iteration 3, then
Digital Discovery, 2026, 5, 1675–1688 | 1679

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00556f


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

4/
20

26
 6

:1
1:

41
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
increase again and vary across nearly the entire allowable
temperature range.

As shown in the labeled regions in Fig. 1a, the optimizer
prioritized informative measurements and avoided measure-
ments that would provide little additional information. Near the
compositional limits, the optimizer was able to quickly infer the
miscibility and therefore assigned few measurements. Simi-
larly, once the optimizer roughly mapped out the location of the
phase-separated region, it devoted little sampling to its interior.
In contrast, the optimizer oen concentrated measurements
near the phase boundary since those measurements were most
helpful in rening the phase boundary location. This non-
uniform sampling pattern indicates that the optimizer effec-
tively targeted measurements that maximized information gain
toward the objective of mapping the phase boundary.

The temperature trajectory reveals an emergent strategy
arising indirectly from the decision policy. Early in the
campaign (iterations 0–6), the recommended temperatures
decrease because the boundary is atter near its minimum,
allowing the xed-temperature set of candidate compositions to
lie closer to the predicted boundary and yield higher average
acquisition values. These recommendations sit slightly above
the true minimum because the boundary's curvature makes
temperatures just above it produce marginally larger average
acquisition than the minimum itself. As data accumulate and
the inferred minimum shis downward, the recommendations
track this movement while remaining slightly above the upda-
ted estimate. Once enough measurements have concentrated in
this region, the proximity-based exclusion removes most nearby
candidates, reducing the advantage of further sampling at lower
temperatures. Consequently, from iteration 7 onward, the rec-
ommended temperatures span much of the allowable range.

To analyze the behavior of the decision policy in greater
detail, particularly the emergent sampling bias toward lower
temperatures at early iterations, we examined the variation of
the posterior mean and acquisition function over the course of
Fig. 2 Posterior mean (a–e) and acquisition function (f–j) of experimenta
are labeled as the iteration after which they were trained. From left to
iteration 4, after iteration 9, after iteration 14, and after iteration 19 (the
decision policy's recommendation for the next 5 compositions to map o

1680 | Digital Discovery, 2026, 5, 1675–1688
the experimental campaign. Fig. 2 displays the variation of
these two functions aer taking measurements at initialization
and iterations 4, 9, 14, and 19. Each column is a pair of graphs
representing the model state at a given iteration. The top row is
the posterior mean, determined by the measurements from
samples displayed as circles, and the bottom row is the acqui-
sition function, which includes the next set of recommended
samples displayed as red dots. For the rst 9 iterations, repre-
sented in the rst three columns, the posterior takes on either
a relatively at or non-physical representation of miscibility.
However, the posterior mean graph at iteration 14 (Fig. 2d) and
onwards display a more realistic shape for a polymer blend
phase boundary, closely aligning a parabolic shape expected
from the Flory–Huggins theory6 as more data is collected. In
parallel, the acquisition function consistently highlights and
targets this boundary, with sharp peaks corresponding to
regions of the phase space where the posterior mean takes
intermediate values (green regions around 0.5) between the
phase-separated (∼1) and single-phase (∼0) regimes.

The model state aer training at iteration 4 is particularly
illustrative. The acquisition surface shows that when the
computed phase boundary becomes nearly horizontal over
a given composition range, the decision policy preferentially
selects lower temperatures, reaffirming the trend observed in
the temperature trajectory in Fig. 1b. This effect appears inter-
mittently in later iterations with relatively at boundary regions
near the minimum temperature, such as at iteration 14 (Fig. 2i).
However, as measurement density increases in the lower-
temperature region and the posterior mean becomes distorted
through artifacts such as the non-physical double lines at low
PMMA content aer iteration 9 (Fig. 2c) or the irregular surface
at iteration 19 (Fig. 2j), the optimizer becomes less biased
toward lower temperatures, leading to more dispersed temper-
ature recommendations.

The optimizer's tendency to recommend measurements not
just near the LCST, but near the phase boundary in general, is
l campaign for initial state and iterations 4, 9, 14, and 19. The iterations
right, the graphs correspond to model states after initialization, after
final iteration of the campaign). The red points in (f–j) represent the
ut the phase diagram.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Acquisition values for all 5 measured samples at a given iteration of the experimental campaign. The total acquisition function evaluation
for each sample is shown in (a), and the two component terms of the acquisition function for each sample are plotted in (b). The horizontal
dashed line at a value of 0.25 is included for reference for both graphs.

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

4/
20

26
 6

:1
1:

41
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
further reected in the acquisition values computed from eqn
(11). These acquisition values for each recommended point,
evaluated at the model state when the recommendation was
made, are plotted in Fig. 3. The total acquisition values plotted
in Fig. 3a start at 0.05 but quickly reach and exceed values of
0.25 on average for the remainder of the campaign. Decom-
posing into the covariance and targeting (0.25 × P(x)) terms in
Fig. 3b shows that the covariance term starts from around 0 but
increases on average to approximately 0.05 by iteration 7. On the
other hand, aer iteration 0, the targeting term for most of the
points selected at a given iteration is at or close to 0.25.

The decomposition shows that, by construction, the target-
ing term sets the dominant scale of the acquisition function and
consistently favors points close to the phase boundary at each
iteration. However, within this subset of candidates with similar
targeting-term values, the covariance term provides the varia-
tion that determines which specic points are ultimately
selected. This balance produces a non-competitive but
complementary interaction between the two terms: the target-
ing term denes the relevant region of the parameter space, and
the covariance term selects among those candidates to guide
the measurements. Unlike the usual exploration–exploitation
tradeoff that collapses toward a single optimum, targeting
a boundary region elevates a broader set of candidates and still
permits meaningful exploration among them. Together, these
interactions enable high-quality point selection that supports
efficient convergence toward a robust surrogate model.

Convergence criterion monitoring

The nal decision about terminating the experimental
campaign was informed by monitoring the convergence criteria
in terms of the change in the phase boundary location and
hyperparameter convergence. The evolution of the phase
boundary location over select experimental iterations, as well as
the phase boundary location change over all iterations, is
plotted in Fig. 4. In Fig. 4a, the boundaries at key iterations were
computed using the posterior mean and the intermediate value
© 2026 The Author(s). Published by the Royal Society of Chemistry
formulation of the phase boundary as dened in Bayesian
Optimization via Gaussian Process Surrogate Modeling. No
phase boundary can be drawn from the 4 initial samples at the
corner of the phase space, as the posterior is nearly at across
the entire space (Fig. 2a), but an LCST of about 160 °C is found
by iteration 4. Fig. 4b visualizes the phase boundary location
change over experimental iterations, largely decreasing as the
experiment progresses. There are 4 discrete regions sections of
the graph: Section 1 indicates increasingly large changes as the
optimizer searches for the LCST, Sections 2 and 4 indicate the
optimizer rening the exact shape, leading to gradually
convergent locations of the phase boundary, and Section 3
indicates a brief numerical stability inuence on the exact
phase boundary location.

The two graphs in Fig. 4 present a few key observations about
the course of the experiment. Examining the phase boundaries
directly in Fig. 4a, the general shape becomes more realistic, or
similar to previous theoretical predictions about phase
boundary shapes as experiments progress. The rst boundary,
computed from the state of the posterior aer just the initiali-
zation samples, is undened since the posterior mean did not
yield a dened boundary between the two phase and single-
phase regions. However, as more data accumulated in the
campaign, the phase boundary reached a physically reasonable
shape with a dened LCST by later iterations.

Examining the phase boundary location change plot of
Fig. 4b provides a more detailed explanation of the progression
of the experiment. At rst, in earlier iterations of the experi-
mental campaign (i.e. Section 1), large increases in the phase
boundary change were observed from iterations 1 to 3. However,
a near-monotonic decrease in the phase boundary location
change was observed in Sections 2 and 4, meaning that the
optimizer's decision policy aided in the goal of progressively
rening the phase boundary location. In practice, the phase
boundary location change failed as a standalone convergence
metric due to the lack of convergence and the susceptibility to
local minima in the hyperparameter optimization. While the
Digital Discovery, 2026, 5, 1675–1688 | 1681
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Fig. 4 Phase boundary evolution over select experimental iterations (a) and iterative boundary location change over entire experimental
campaign (b). The horizontal axis on the boundary location change plot denotes the end index for subtraction, i.e. for 20 iterations and an
initialization step, there will be 20 entries.
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iterative changes are decreasing as the experiment progresses,
the phase boundary location change graph doesn't appear to
approach a convergence limit, even while the boundaries are
taking on intuitive shapes and locations. A separate issue is the
emergence of unintuitive trends, such as the spike between
iterations 10 and 11 (Section 3), which can be better diagnosed
by examining the variation of hyperparameters over the course
of the experimental campaign.

The initial values for each of the hyperparameters, as well as
their associated ranges, are shown in Table 1 below. Wide
boundaries for each hyperparameter were chosen to demon-
strate that the optimizer could identify reasonable ts even
under poorly constrained conditions. However, further
constraints can be imposed on the sign and magnitudes of A
and B if the blend is known to exhibit UCST or LCST behavior.

The hyperparameters were varied iteratively leveraging the
gpCAM-based implementation of differential evolution for
hyperparameter tting, with a round of training completed aer
the initialization and each subsequent experimental iteration.
The hyperparameter logs as a function of iterations is shown in
Fig. 5. sf

2 values uctuate early in the experimental campaign
and eventually settles near 0.1, but this reects the optimizer's
numerical preference for low noise rather than physically
interpretable behavior. For that reason, the noise variance
trajectory is shown in the SI (Fig. S3). The two length scale
hyperparameters lx and lT, shown in Fig. 5a and b respectively,
initially reside around their upper bounds, gradually
increasing, and then begin to converge starting at iteration 15.
The nal value for the composition length scale was 0.12 wt frac.
PMMA and the temperature length scale was 2.63 °C. The two
Table 1 Initial values and boundaries for kernel and structured prior hyp

Parameter Noise (sf
2)

Composition length
scale (lx)

Initial value 0.1 0.01
Lower bound 0.01 0.001
Upper bound 10 1

1682 | Digital Discovery, 2026, 5, 1675–1688
Flory–Huggins parameters are initially far from the bounds, but
B, as displayed in Fig. 5d, decreased until approaching the lower
bound. Only aer a few iterations did B converge to an inter-
mediate value of −8.22 K. Conversely, A, as displayed in Fig. 5c,
initially decreased for a few iterations, increased until reaching
a plateau at the same iterations that B was stuck at the lower
bound, and then converged to a nal value of 0.022.

While the noise variance had little effect on the model, the
behavior of lx, lT, A, and B as iterations increased was infor-
mative. The two length scale hyperparameters lx and lT varied in
a correlated manor because they are tightly coupled in the
Matérn-3/2 kernel's computation of r, the axis-normalized
distance between two points x = (x, T), x0 = (x0, T0) in the
phase space (see eqn (7)). The Flory–Huggins parameters varied
in a connected fashion because they are also tightly coupled
together in computing characteristics of the phase diagram,
such as the lower critical solution temperature (LCST). In
particular, the variation of A and B exhibited a nearly inverse
relationship. Namely as B(A) approached lower values, A(B)
tended toward higher values. This relationship is consistent
with their contribution to the critical temperature relation in
eqn (13), which is a rearrangement of eqn (3) for T = Tc.

TC ¼ B

cC � A
(13)

Although this relationship was implicitly hard-coded
through the structured prior mean in eqn (3)–(5), it is encour-
aging that the variation reappeared as intended during the
campaign and was not obscured by the variation of
erparameters

Temperature length
scale (lT)

Flory–Huggins
parameter A

Flory–Huggins
parameter B

1 0 0
0.1 −1 −200
100 1 200

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Hyperparameter logs to visualize variation of kernel hyperparameters (a) lx, (b) lT and structured prior hyperparameters (c) A, (d) B. Vertical
axis limits match the allowable ranges defined in Table 1.

Fig. 6 Monitoring of the LCST over the experimental campaign. The
LCST values from the structured prior Flory–Huggins parameters
(blue) and extracted from the posterior-derived phase boundary
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hyperparameter values in the physics-agnostic kernel formula-
tion. Additional discussion of the self-consistency of this
approach is provided in the SI.

The physics-informed method's effectiveness was also
evident in the evolution of the sign of B over the course of the
experimental campaign. Although the PMMA/SAN blend is
known to have an LCST of around 160 °C,37 the optimizer was
initialized without that knowledge and permitted to explore
both positive and negative values for B (see Table 1). This setup
forced the optimizer to implicitly determine the thermody-
namic character of the blend, i.e. decide on LCST vs. UCST,
based solely on experimental feedback and inuence from the
structured prior mean. Aer the rst iterative set of samples was
prepared, characterized, and their data integrated into the BO
workow, the optimizer correctly identied that B was negative,
and therefore the PMMA/SAN blend exhibited an LCST. This
demonstrates that the BO process can autonomously infer the
correct concavity of the phase diagram without explicit external
guidance.

To assess the consistency between the LCST implied by the
structured prior and that extracted directly from the posterior
boundary, the two values are compared in Fig. 6. The LCST was
directly computed from the tted A and B values from the
structured prior mean (blue) and by extracting the minimum of
the phase boundary from the posterior mean (orange). Both
estimates stabilize near the expected LCST of 160 °C at iteration
5, with some deviation from this relatively constant represen-
tation between iterations 10 and 14. The inset of Fig. 6 displays
the iterative differences between the two LCST representations,
with the extracted value subtracted from the computed value.
Aer iteration 2, the differences between the two representa-
tions are small and relatively constant, on the order of 2 to 4 °C,
except for the same block of Iterations 10 to 14 mentioned
before. In summary, both LCST estimates remain closely
© 2026 The Author(s). Published by the Royal Society of Chemistry
aligned overall, with the cause of their intermittent deviations
explored next.

Prior to iteration 4, the posterior mean fails to accurately
capture the phase boundary, resulting in substantial discrep-
ancies between the LCST values predicted by the Flory–Huggins
prior and those extracted from the surrogate model. Once the
phase boundary begins to learn general shapes, the structured
prior and resulting posterior show good agreement. A slight
increase in the Flory–Huggins parameter B between iterations
10 and 11, as shown in Fig. 5, led to a pronounced deviation
between the LCST predicted by the structured prior and that
extracted from the posterior model. This disagreement can be
attributed to the surrogate model tting process being tempo-
rarily being trapped in a local minimum in the hyperparameter
space. While this disagreement persists for a few iterations, the
(orange) are compared. The difference between the LCST values is
plotted in the inset.

Digital Discovery, 2026, 5, 1675–1688 | 1683
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two values reconvene to similar values aer iteration 15. Similar
to the hyperparameter values stabilizing aer this iteration, the
computed and extracted LCST values reach a constant differ-
ence of about 4 °C: the nal computed LCST was 158.8 °C, while
the nal extracted LCST was 154.8 °C. Recovering from large,
near 50 °C disagreements between the structured prior and the
posterior is another demonstration of the efficacy and general
exibility of this physics-informed prior formulation of the BO
process.

An effective complementary approach for evaluating the
numerical stability of the Bayesian optimization process
involves monitoring the condition number of the kernel matrix
Ktot(X, X). A plot of the evolution of the kernel matrix condition
number is displayed in Fig. 7 – note the base-10 logarithmic
units on the vertical axis. The kernel condition number near-
monotonically increased until a peak around iteration 13.
Then, at iteration 15 onward, concurrent with the iterations
over which the hyperparameters converged, the kernel matrix
condition converges to around 548.2. The shading on the graph
displays the regime in which the condition values are
converged.

The increases in condition number during early iterations
indicate adjustment of hyperparameter values pertaining to the
kernel as the model incorporated more data, while the stabili-
zation past iteration 15 indicates that the kernel found a more
stable regime of parameter space that better represents the
phase diagram shape. Unlike the hyperparameters that stabi-
lized values past the numerical computation limits of Python,
the kernel condition numbers displayed a slight variation
between iterations 15 and 19: 545.560, 548.187, 548.219,
548.219, 548.222. Since the kernel matrix values are computed
leveraging the hyperparameters, the corresponding condition
number remains largely unchanged once the hyperparameters
stabilize. However, since matrix inversion is a global operation,
a slight variation in the condition number can be directly
attributed to the additional rows and columns with additional
measurements. Overall, the condition number served as a good
complimentary diagnostic, both capturing the impact of
Fig. 7 Kernel matrix condition monitoring over the course of the
experimental campaign. After 15 iterations, the values stabilize near
548.2 (shaded region).

1684 | Digital Discovery, 2026, 5, 1675–1688
hyperparameter variation as well as global effects of added
measurements.
Comparison of Bayesian optimization with a traditional
phase-mapping approach

Comparing the BO framework to traditional grid-based phase
mapping methods highlights how data-driven decision policies
can fundamentally improve experimental efficiency and inter-
pretability. The phase mapping study from Newby et al.,37 which
investigated the same blend of PMMA/SAN, serves as an
appropriate benchmark for evaluating the BO approach against
a conventional experimental design. In comparing the two
approaches, three distinctions emerge: the BO framework (1)
achieves greater efficiency in material usage through its
decision-policy-guided sampling, (2) offers enhanced inter-
pretability via physically meaningful kernel and structured
prior mean hyperparameters, and (3) enables formal, quanti-
tative denitions of convergence for increased objectivity in
deciding when to terminate the experimental campaign.

A key advantage of the BO framework over traditional grid-
based approaches is the promotion of material efficiency
through adaptive selection of the most informative samples to
be prepared and characterized. In grid-based mapping, such as
that used by Newby et al.,37 samples are oen xed at regularly-
spaced compositions: for instance, PMMA weight fractions of
0.05, 0.1, 0.25, 0.5, 0.75, 0.9, and 0.95 measured at discrete
temperature intervals. In contrast, the BO framework selected
the combination of compositions and temperature for sample
preparation to optimize the information gained from preparing
each sample, without necessarily adhering to strict grid
spacing. For example, the rst iteration of samples post-
initialization had PMMA weight fractions of 0.499, 0.527,
0.473, 0.448, and 0.553, all annealed at 175 °C, where the
optimizer predicted measurements would be the most infor-
mative. The choice of these specic compositions and temper-
ature, as well as those from subsequent iterations, allowed the
BO process to focus on highly informative regions of the phase
space, minimizing wasted material on experiments that
wouldn't provide as much value.

Additionally, the presence of a kernel and structured prior
mean enables a more informative and interpretable view of
experimental progress. Because the kernel hyperparameters
(the noise variance, and the two length scales lx and lT) and the
structured prior mean hyperparameters (A and B from the
Flory–Huggins interaction parameter) have direct physical
meaning, the optimization process inherently produces inter-
pretable quantities at each iteration. This design eliminates the
need for more complex code structures for post-hoc analysis,
which represents a major advantage over traditional trial-and-
error approaches, such as those used by Newby et al.37 With
this BO approach, we now have a continually-improving,
theoretically-grounded understanding of the system as the
experimental campaign progresses.

Lastly, the BO framework enables formal, quantitative de-
nitions of convergence that promote transparency and reduce
bias in decision-making compared to traditional approaches. In
© 2026 The Author(s). Published by the Royal Society of Chemistry
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traditional grid-based mapping, decisions about when to stop
an experimental campaign are oen dened by practical, but ill-
dened, factors such as time, material availability, or intuition.
The BO framework instead formalizes this process by intro-
ducing quantitative criteria that dene when to stop the
experimental campaign. In this work, stabilization of hyper-
parameter values over multiple iterations was the primary
criteria, while the phase boundary location change over itera-
tions was monitored as well. These quantitative criteria replace
ad hoc decision-making with well-dened, objective rules,
reducing bias across the experimental campaign. In doing so,
the BO framework enhances both the rigor and interpretability
of the experimental workow.
Conclusions

In this work, we have successfully developed a human-in-the-
loop-driven experimental design framework that is able to
draw suggestions from Flory–Huggins theory as to the shape of
the phase diagram and use data-informed decisions to map that
phase diagram. As part of this effort, we developed a unique
acquisition function and decision policy that helped direct
sample preparation toward regions of the phase space that
would most efficiently resolve the location of the phase
boundary. Explicitly monitoring the hyperparameters associ-
ated with the kernel and structured prior, as well as the iterative
phase boundary shi and kernel matrix condition number,
provided insight into the convergence behavior of the optimizer
toward a consistent, accurate representation of the phase space.
In addition to providing direct insight into the state of the
tting process, leveraging this type of monitoring was favorable
because it depended on well-established mathematical
constructs: previously established hyperparameters of kernels,
linear algebraic concepts in the condition number, and basic
algebraic operations in computing the iterative phase boundary
shi. This straightforward design helps ensure that the over-
arching decision-making framework remains interpretable and
grounded in well-dened mathematical principles.

Leveraging the customized Bayesian optimization approach,
we were able to generate a phase diagram for a PMMA/SAN
blend with a known experimental phase diagram. This phase
diagram, while partially guided by the Flory–Huggins-based
spinodal construction of the phase boundary, accurately
reproduces the previously reported LCST of 160 °C,37with values
extracted directly from the generated phase diagram differing
by about 1 °C and those computed from the Flory–Huggins
parameters by about 5 °C. The experimental campaign
converged aer 20 post-initialization iterations, with hyper-
parameters convergence dening the stopping criterion used to
terminate, and the resulting posterior mean surface accurately
mapped the miscibility behavior of the PMMA/SAN blend over
the phase space. These results establish the capability of this
human-in-the-loop approach to not only map a phase diagram
but also communicate insight about physical phenomena by
incorporating physical constraints through the form of the
structured prior mean.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Compared to traditional grid-based mapping, the BO
framework offers clear improvements in efficiency, interpret-
ability, and objectivity. The adaptive decision policy-guided
sampling helped focus the experimental campaign to target
regions of the phase space that would provide the most infor-
mation. Incorporating the physics-informed prior, as well as
interpretable kernel structures, embedded established ther-
modynamic principles as well as enabled transparency during
the experimental campaign. Finally, the implementation of
convergence criteria in the hyperparameter stabilization and
phase boundary location change convergence provided objec-
tive, rule-based decision-making that replace subjective judge-
ment calls incumbent with traditional methods. Together, these
features make the BO framework measurably better than
traditional grid-based approaches for phase mapping.

Beyond demonstrating the delity of this decision-making
framework to mapping polymer blends, this framework repre-
sents a generalizable strategy for integrating domain-specic
physical constraints with Bayesian optimization in experi-
mental science. The combination of intentionally designed
structured priors and interpretable convergence metrics,
combined with the relatively low barrier-to-entry of designing
code constructs as opposed to implementing robotic control of
experiments, presents a powerful foundation for future auton-
omous experimental work that requires both efficiency and
interpretability, without requiring extensive robotic or
computer science expertise. Crucially, this separation of algo-
rithmic decision-making from experimental execution allows
such workows to be deployed in manual laboratory settings,
expanding the practical application of physics-informed BO
workows beyond fully autonomous platforms. Future work will
focus on extending this approach to higher-dimensional
parameter spaces associated with polymer-based materials
and helping optimize structure–property relations for applica-
tions of those systems.

An alternative extension of this framework would be to
replace the Gaussian process surrogate with a Bayesian mech-
anistic model derived from an underlying physical theory. In
such an approach, model parameters, for example A and B
values that determine the Flory–Huggins interaction parameter
c, could be t directly from experimental observations within
the iterative experimentation loop. While reducing the
complexity of the computational approach to that of a lower-
dimensional regression task, this strategy introduces signi-
cant trade-offs including reduced exibility of the workow.
When the governing model is incomplete or only approximately
describes the system, mismatches between theory and the
experiment may compound with numerical tting approxima-
tions to yield poor results. For this reason, future work will
continue to leverage Gaussian process surrogates designed to
incorporate physical knowledge as a so constraint, such as
through prior means, to allow physical insight to guide experi-
mental execution without over-constraining the surrogate
model.

The foundation established in this study provides a starting
point for extending this framework beyond model systems with
well-characterized phase behavior to unknown and more
Digital Discovery, 2026, 5, 1675–1688 | 1685

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00556f


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

4/
20

26
 6

:1
1:

41
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
complex polymer systems. In multicomponent blends, the
dimensionality of the composition space, as well as the number
of parameters associated with each component (polymer iden-
tity, molecular weight, dispersity, etc.), grows rapidly, making
exhaustive mapping of thermodynamic relationships difficult.
In this framework, physics-informed priors can provide early
guidance toward experimental goals. However, this inuence is
progressively diminished as experimental data accumulates
because physical knowledge is incorporated as a so constraint
rather than a hard constraint, preventing incorrect prior
assumptions from constraining the nal posterior. This balance
between physical guidance and asymptotic data dominance
enables physics-informed approaches to remain effective as the
system complexity increases, even when available physical
insight is limited. Beyond polymer blends, similar principles
can be applied to polymer nanocomposites, where the variety of
inorganic llers, polymer matrices, and processing parameters
demands a combination of computational guidance and phys-
ical intuition that a physics-informed BO framework can
provide. In both classes of systems, embedded domain knowl-
edge through a structured prior can accelerate discovery while
maintaining objectivity and interpretability in the experimental
process.
Author contributions

J. C. H.: conceptualization, methodology, soware, validation,
formal analysis, investigation, data curation, writing – original
dra, writing – review & editing, visualization. D. J. Y.: meth-
odology, soware, formal analysis, investigation. K. G. Y.:
resources, writing – review & editing, supervision. C. O. O.:
supervision, project administration, funding acquisition. R. J.
C.: conceptualization, resources, writing – review & editing,
visualization, supervision, project administration, funding
acquisition.
Conflicts of interest

The authors declare no competing nancial interest.
Abbreviations
A
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Parameter describing the strength of
entropic interactions in polymer mixtures
Flory–Huggins theory (unitless)
B
 Parameter describing the strength of
enthalpic interactions in polymer
mixtures according to Flory–Huggins
theory (K)
c
 Flory–Huggins interaction parameter
(unitless)
lx
 Composition length scale (weight fraction
(unitless))
lT
 Temperature length scale (°C)

x
 Composition of individual sample (weight

fraction (unitless))
, 2026, 5, 1675–1688
T

© 2026 The Author(
Temperature of annealing for individual
sample (°C)
x
 Individual (x, T) point in phase space
corresponding to a sample or prospective
sample (weight fraction, °C)
X
 List of parameters corresponding to
previously prepared and characterized
samples (list of (weight fraction, °C))
y
 List of cloudiness values for measured
samples (list of unitless values)
Acquisition
function
Function to estimate the utility of
sampling a point in parameter space,
balancing exploration and exploitation
Autonomous
experimentation
Automated execution of experiments
governed by choice of kernel, decision
policy, and other functional forms
Bayesian
optimization
Method for black-box function
optimization relying on probabilistic
surrogate modeling for decision-making
Condition number
 Describes the stability of a mathematical
operation with respect to changes or
errors in the input data
Decision policy
 Function that takes in acquisition
function evaluations and recommends
sample points for measurement
Differential
evolution
Population-based stochastic optimization
method that does not require gradient
computation
Gaussian process
 Stochastic method to generate
distributions of functions over
a parameter space, dened by a mean and
covariance
Human-in-the-loop
 Partially automated execution of
experiments that leverage some amount
of human intervention
Hyperparameters
 Trainable parameters for components of
a Gaussian process that impact its
representation of the objective function
Optimal
experimental
design
Paradigm of experimental design that
selects conditions to optimize a statistic,
such as information gain, at each step of
the experimental campaign
Posterior
covariance
Model's uncertainty estimation between
points, given observed data and encoded
prior knowledge
Posterior mean
 Model's prediction of objective function
value, given observed data and encoded
prior knowledge
Structured prior
mean
A function encoding prior knowledge of
the system, such as governing physical
equations or constraints
Data availability

The source code for the Bayesian optimization workow, as well
as the corresponding data, Jupyter Notebooks, and CAD le for
the imaging setup, is available on GitHub at https://github.com/
s). Published by the Royal Society of Chemistry

https://github.com/jhughes3/fh-hitl-bo
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00556f


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

4/
20

26
 6

:1
1:

41
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
jhughes3/-hitl-bo, with an archived version on Zenodo at
https://doi.org/10.5281/zenodo.18805553.

Supplementary information (SI) is available: annealing time
and parameter calibration, details about imaging setup, code
analysis, noise hyperparameter log, simulated benchmarking of
Flory–Huggins prior efficacy, phase boundary and interaction
parameter comparisons to results from previous literature. See
DOI: https://doi.org/10.1039/d5dd00556f.
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