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The central challenge of materials science is discovering and developing new materials

that solve engineering challenges and enable new technologies. This thesis comprises three

projects exploring the application of different computational techniques tomaterials discovery.

The first project applied human-machine learning collaboration to autonomous experimenta-

tion. By presenting a human expert with amachine learningmodel’s predictions and allowing

them to provide their feedback, the performance and interpretability of the autonomous exper-

iment was improved. The second project applied quantum kernel machine learning to x-ray

diffraction pattern analysis. Comparing x-ray diffraction patterns using a quantum computer

reduced the amount of experimental data needed to train machine learning models for some

specific machine learning tasks similar to those in autonomous materials science. The third

project applied high-throughput density functional theory calculations to the identification of

novel candidate phase change materials. Using a first-principles thermodynamic approach,

several promising materials systems were identified. These projects represent a sample of the

future of computational materials discovery.
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Chapter 1: Introduction to Materials Discovery

Newmaterials are essential for addressing engineering problems and enabling new tech-

nologies. However, discovering useful materials is challenging because of the extremely large

accessible materials design space, spanning compositions, structures, synthesis conditions,

and processing history. With each additional synthesis or processing parameter, such as tem-

perature, time, concentration, pressure, etc., the combinatorial number of possible materials

grows exponentially. This motivates the development of methods for efficiently searching this

large, complex materials space.

There have been significant advances in the methods for materials discovery over time

[1]. Traditional trial-and-error methods are not well suited for the vast and high-dimensional

space accessible in modern materials science. Advances in computational methods, such as

those based on first principles, have enabled the prediction of materials’ properties before syn-

thesis, but such calculations remain computationally expensive for many properties and are

not always sufficiently accurate to directmaterials selection. Currentmaterials discovery tech-

niques use data-driven approaches that combine high-throughput experiments and machine

learning to generate and analyze large amounts of materials data [2].

High-throughput experiments and computation greatly accelerate the generation of ma-

terials science data and enable the transition to data-driven materials discovery [2,3]. In high-

throughput experiments, many compositions are synthesized and characterized at once or in

parallel, often through composition spreads or multiplexed sample formats [3]. This enables

the rapidmapping of composition-property relationships across broadmaterials spaces. High-

throughput computation leverages supercomputing to predict the properties of a large num-
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ber of materials beyond what can be studied experimentally [4]. These techniques create large

databases that form the basis of data-driven materials discovery.

Autonomous experimentation represents a further step in thismaterials discovery paradigm

integrating machine learning and automation to iteratively select and perform the most infor-

mative experiments [5]. In a typical autonomous workflow, a model is trained on the available

experimental data and then used to choose the next experiment according to a specified util-

ity criterion [6]. Automated instrumentation performs the selected measurement, the dataset

is updated, and the cycle repeats. By focusing on the most informative measurements, au-

tonomous experimentation can reduce the number of experiments needed to characterize a

material system compared with uniform-grid or random sampling [5, 7].

This thesis contains three works on the application of different techniques to data-driven

materials discovery. Becuase machine learning outperforms humans on detailed, tedious,

high-dimensional tasks but often struggles withmore vague tasks that benefits from additional

context or expert input, Chapter 2 investigates howhuman-artificial-intelligence collaboration

can improve the accuracy and interpretability of a machine-learning model for phase classi-

fication. Because experimental characterization is often expensive and data-limited, Chapter

3 explores how quantum kernel machine learning can reduce the number of measurements

required in an autonomous campaign by learning relationships between X-ray diffraction pat-

terns. Because promising material systems are not known a priori, Chapter 4 investigates the

use of high-throughput density functional theory calculations to identify candidate materials

for further autonomous exploration. Chapter 5 concludes the thesis with a summary of these

results and a discussion of future directions in the broader context of data-driven materials

discovery.
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The contents of this thesis first appeared across several separate publications, each of

which had multiple contributors. The author contributions of each work are listed after the

conclusion of the corresponding chapter.
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Chapter 2: Human-In-the-Loop for Bayesian Autonomous Materials

Phase Mapping1

2.1 Abstract

Autonomous experimentation combines machine learning and lab automation to select

and perform experiments toward user goals. Accordingly, materials optimization using au-

tonomous experimentation requires fewer experiments and less time than Edisonian studies.

Integrating knowledge from theory, simulations, literature, and human intuition into the ma-

chine learning model can further increase this advantage. We present a set of methods for in-

tegrating human input into an autonomous materials exploration campaign for composition-

structure phase mapping. The methods are demonstrated on X-ray diffraction data collected

from a thin-film ternary combinatorial library. During the campaign, the user can provide

input by indicating potential phase boundaries or phase regions with their uncertainty or in-

dicate regions of interest. The input is then integrated through probabilistic priors, resulting

in a probabilistic distribution over potential phase maps given the data, model, and human

input. We demonstrate an improvement in phase-mapping performance given appropriate

human input.
1Adapted from Felix Adams, Austin McDannald, Ichiro Takeuchi, and A. Gilad Kusne. Human-in-the-loop

for Bayesian autonomous materials phase mapping. Matter, 7(2):697–709, February 2024
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2.2 Introduction

New materials with improved properties are needed to solve modern engineering chal-

lenges, but with each year, discovering such materials becomes more difficult [2]. As re-

searchers exhaust simple-to-make materials, they are driven to investigate materials systems

with ever more complex synthesis and processing conditions. However, with each new syn-

thesis or processing parameter, the number of potential materials (andmaterials experiments)

grows exponentially. The Edisonian trial-and-error approach cannot scale appropriately [5].

Several strategies for accelerating materials discovery exist. High-throughput combinatorial

synthesis creates hundreds of diverse material samples at once, providing a multiplicative ac-

celeration. High-throughput computational models provide a similar speedup. Both these

approaches cannot scale to address the exponentially growing search space.

Machine learning (ML) offers a solution by extrapolating knowledge from past exper-

iments (both in lab and in silico) throughout the vast search space and using the results to

identify the next experiments that may accelerate the user toward their goals. Experiment se-

lection is performed using active learning – the ML field of optimal experiment design [6]. By

focusing on information-rich experiments, an exponential acceleration in research is achiev-

able [5]. Autonomous experimentation (AE) combines such ML algorithms with automated

research equipment to perform experiment design, execution, and analysis in a closed loop.

The successful implementations of AE span diverse areas of materials exploration and

optimization. For example, AE has accelerated process optimization for chemical vapor depo-

sition of carbon nanotubes using in situ Raman data [9] and chemical mixture optimization

for improved optical thin films [10]. AE has accelerated the process of physics model and
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parameter determination through control of neutron scattering measurement experiments of

magnetic materials [11]. AE was also demonstrated to accelerate materials discovery, guid-

ing X-ray diffraction measurements to learn the composition-structure-property relationship

of phase-change memory materials and identifying a novel material [7]. This AE study has

resulted in the first (and, to the best of the knowledge of the authors, the only) discovery of a

novel best-in-class solid-state material, specifically a phase-change memory material.

Some of these and other past AE systems combine knowledge from physics theory, com-

putation, and experiments. Prior physics theorywas integrated intoMLalgorithms through di-

versemethods including constraint programming, probabilistic programming, and probabilis-

tic priors. For example, constraint programming was used to integrate Gibbs phase rule into

AE X-ray-diffraction-based phase-mapping systems [7, 12]. Probabilistic programming was

used to integratemagnetic theory andneutron scattering theory into anAEneutron-scattering-

based system for Néel temperature determination of an antiferromagnetic material [11]. Ad-

ditionally, Bayesian analysis probabilistic priors have been used to integrate knowledge from

previous density functional theory calculations and experiments into a probabilistic model

controlling AE phase mapping [7].

However, AE systems have yet to systematically incorporate human expertise into an

otherwise autonomous closed loop [5, 13]. While algorithms may outperform humans at fast,

detailed, high-dimensional, tedious tasks, human experts win out at hard-to-define tasks that

require insight beyond the scope of the given task. By combining human expertise with AE

ML, one can potentially overcome the individual weaknesses of man andmachine to boost AE

performance. Such human-computer interaction falls under “human-in-the-loop”, a major

subfield of computer science [14] and the human-in-the-loop autonomous system paradigm
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[15, 16], which aims to elevate both man and machine. While the human-in-the-loop au-

tonomous system paradigm is newly applied to AE, its past applications span the various fields

of robotics include autonomous driving [17], flying [18], and surgery [19], as well as improving

overall autonomous system safety [20].

There are added benefits to overcoming the challenge of sustainably achieving human-

in-the-loop knowledge integration and user interaction – establishing model interpretability

and user trust. To ensure the success of the AE and human expert collaboration, the expert

must understand the algorithm’s current state to know what input to provide. The expert

must also trust that there is value in the interaction. As a result, sustainably convincing the

user to provide their input requires tackling the ever-present challenges ofML trustworthiness

and interpretability [10], for instance by providing human-interpretable visualization of the

algorithm’s state before and after human input (as donehere). Properly addressing the issues of

trustworthiness and interpretability is essential to future adoption of such systems in industry

research pipelines.

Previous work utilizing human input in AE and materials informatics focused on the

human as a client, with three types of interactions: (1) ML-based experiment recommenda-

tions, (2) ML-directed human computations, and (3) human-based algorithm parameter up-

dates. ML-based recommendation engines have guided research into diversematerials includ-

ing phase-change memory materials [21], high-entropy alloys [22], and photovoltaics [23].

Here, ML selects subsequent experiments, the researcher performs the experiments, and the

researcher then updates the ML’s database with the collected data. Regarding ML-guided hu-

man computation, distributed human computing was used to identify X-ray diffraction peaks

associated with single phases [24]. This work used a graphical user interface (GUI) to dis-

7



play X-ray diffraction data to human clients who then identified the location of peaks. An ML

algorithm has also directed human-run optical band-gap calculations for ellipsometry mea-

surements [7]. Toward human-based algorithm parameter updates, human input was used

by the first iteration of AE-based carbon nanotube process optimization to regularly update

experiment design goals to avoid local optima [9].

For this work, we focus on collaborative interaction between human and ML forming a

human-AI team, where both provide knowledge of a similar type. In particular, the ML and

human expert combine their analysis of data, predictions (i.e., expectations) of future experi-

ment outputs, and the utility – i.e., the quantified value – that they assign to these experiments.

The application is AE-accelerated phase mapping guiding subsequent experiments to maxi-

mize knowledge of a composition-structure phase map through optimal selection of materials

compositions to be characterized by X-ray diffraction. This challenge was selected because

boosting the performance of AE phase mapping has been shown to accelerate materials dis-

covery [7, 25].

We integrate human input through a set of probabilistic priors as well as additive and

multiplicative functions to combine ML and human knowledge of (1) data analysis, (2) phase

map prediction, i.e., structure data extrapolation (rather than phase analysis of X-ray diffrac-

tion data), and (3) optimal experiment design. The human expert interacts with the algorithm

through a GUI that visualizes ML phase map analysis, predictions, and the utility of choosing

any experiment as the subsequent experiment as defined by the acquisition function (Figure

2.1). The work here is demonstrated through a closed-loop AE simulation. We first present

a demonstration and efficacy quantification of human input on autonomous phase mapping,

then the phase-mappingmodel, then finally themethodology for human expertise integration.

8



Figure 2.1: User input integration timeline. At the top of the figure is a timeline
showing how a computation is performed after every measurement to determine
the location of the next measurement. The ternary plots show how the group-
ing (i.e., clustering) of materials into potential phase regions changes over time.
Large, outlined markers indicate measured compositions with known phases, and
small markers indicate unmeasured compositions where the model is predicting
the phase.

(1) In this example, four compositions have been measured so far.

(2) Themodel analyzes the collected data, displays the results in a graphical user
interface, and begins selecting the fifth composition to be measured.

(3) During this computation, the user indicates their desire to provide input.

(4) During the fifth measurement, the user indicates a phase boundary on the
phase diagram.

(5) The user input affects the next computation and the resulting selection of the
sixth material to investigate.
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2.3 Results and Discussion

Figure 2.2 shows how human input for the data analysis stage changes the phase region

labels that are assigned to 20 measured compositions compared to a control with no human

input. Here, the kernel calculated from the user input is added to the cosinemeasure similarity

matrix used for spectral clustering (with equal weighting), resulting in the change in spectral

clustering phase label assignment. Both boundary and region inputs provide the expected

changes. The boundary input creates a phase boundary at Pd 35 %. Similarly, the phase region

input splits materials identified as belonging to the same phase region (red triangles) into the

group found inside the phase region (again, red triangles) and the collection of groups outside

the phase region.

Figure 2.2: The effect of phase boundary human input on phase determination.
The ternary plots show the phase labels calculated using spectral clustering on 20
measured compositions. The left plot shows a control with no human input, the
center plot shows the effect of a linear phase boundary human input, and the right
plot shows the effect of a polygonal phase region human input.

10



Regarding the prediction stage, the effect of human input depends significantly on the

quality of the provided input. The left column of Figure 2.3 shows themodel’s predicted phase

map after five compositions have been measured for either a control or a phase boundary or

phase region human input. These are the most likely phase maps given the model, data, and

human input. For the control, the algorithm has no human input and no information about

the material system between the measured materials, so the phase boundaries are estimated

as halfway between measured materials. When the user provides information about phase

between measured materials, the local phase boundary aligns with the provided boundary or

region. Here, the phase boundary input is close to an existing predicted boundary. As a result,

its impacts on phase map prediction and acquisition function values are much smaller than

those of the phase region input. The phase region input significantly changes the phase map

prediction, which now includes the human-indicated phase region.

In addition to modifying predictions and their accuracy (see discussion of Mann- Whit-

ney U test), human input at the prediction phase modifies the acquisition function used to

determine the next measured material. The top right plot of Figure 2.3 shows a heatmap of

the entropy acquisition function calculatedwithout human input. The rest of the right column

of Figure 2.3 shows the changes in the acquisition function due to human input.

Figure 2.3: The effects of phase boundary human input onMLpredictions. The sec-
ond and third rows of this figure show the effect of a user-provided phase boundary
and region compared to a control with no user input shown in the first row. The
left column shows the human input with the resulting phase predictions. Large,
outlined markers indicate measured compositions with known phases, and small
markers indicate unmeasured compositions where the model is predicting the
phase. The second column shows the acquisition function values used to choose
the next measurement.
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For all three test cases, the next materials to investigate (indicated with a star in Figure

2.3, right column plots) are similar. For the control, the acquisition function seeks to improve

exploratory knowledge by selecting amaterial far from the previously collected data, along the

edge of the composition space. For the human boundary input, the input boundary falls near

anML-defined boundary (see control) aligningwith the same selectedmaterial. This increases

that material’s entropy-measured uncertainty (uncertainty increases along the boundary and

decreases near the boundary) and reinforces its selection.

For the region input, phase map knowledge improves in a low-uncertainty area of the

composition space. Despite the relative low uncertainty, the phase map is incorrect in this

area. As a result, the human provided information that the algorithm may not have sought

until later in the research campaign due to this low uncertainty. Thus, prediction accuracy

improves while not shifting the selected material. Additionally, entropy is modified locally,

with in-region materials dropping in uncertainty and nearby out-of-region materials increas-

ing in relative uncertainty, modifying future material selections. Global uncertainty also re-

duces. This brings the autonomous system closer to a potential uncertainty threshold – a typ-

ical method for ending autonomous exploration.

The results of a Mann-Whitney U test indicate that both inputs significantly affect the

accuracy of the ML phase map predictions. Figure 2.4 shows the distribution of the Fowlkes-

Mallows Index (FMI), a classification performance metric that varies from 0 (bad) to 1 (good),

from 500 trials, and Table 2.1 shows the results of the MannWhitney U test. The Mann-

Whitney U test results indicate whether the FMI distribution with human input statistically

differs from the distribution without human input. The results suggest that the distributions

for both phase boundary inputs are statistically different from the control. However, the lin-
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ear boundary had a negative effect on the performance, while the region input had a positive

effect. This further suggests that the effect of the human input depends strongly on the quality

of the human input.

Human input can also more directly affect the next material investigated. The region of

interest input impacts the acquisition function, reducing the utility of materials outside the

region of interest while maintaining the relative utility of materials within the region. Figure

2.5 shows how this can be used to limit the domain of the possible future measurements to

within a user-defined subspace.

Figure 2.4: Fowlkes-Mallows index results. Histogram of the Fowlkes-Mallows in-
dex values used to perform the Mann-Whitney U test for two human input cases:
boundary input (left) and region input (right). 500 trials are run for each case with
each trial beginning with a random selection of 5 materials.

14



Sample median FMI Trials U value p value
Control (no input) 0.54 500
Boundary input 0.53 500 107,923.5 1.8 × 10-4
Region input 0.56 500 148,534 2.6 × 10-7

Table 2.1: Mann-Whitney U test results. Results of the Mann-Whitney U test per-
formed on the 500 trials for both boundary and region inputs and the resulting
Fowlkes-Mallows indices.

Figure 2.5: The effect of region of interest human input. Compared to the top right
plot of Figure 2.2, all the acquisition function values outside of the user-defined
region are optionally reduced or neglected. In the latter case, the nextmeasurement
point is chosen from inside the region.
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2.4 Conclusion

We present a technique for human-ML collaboration in the field of autonomous materi-

als phase mapping. Through a GUI and interpretable figures of ML results, the user observes

the current state of the AE ML algorithm and can impart their knowledge. Furthermore, we

show that by drawing boundaries and regions on ML-computed phase maps, the user can sig-

nificantly impact data analysis, algorithm prediction, and optimal experiment design.

The example 3-component material system permits the use of 2D GUI visualizations.

GUIs and visualizations become more complex for higher numbers of material components

(or experiment parameters). One solution is to provide the user with easier-to-understand 2D

or 3D “slices” of the target material system. The user provides their input in these slices, and

the algorithm then extrapolates the input to the larger space. We believe that such general,

interpretable human input methods are essential for the future of autonomous systems in the

lab, as they allow experts to work in human-ML teams and establish trust.

2.5 Methods

Wepresent amethodologywhere users can provide input to theAE phase-mapping algo-

rithm to improve phasemap data analysis and predictions and to guide selection of subsequent

experiments, i.e., experiment design. For this work, we assume that the data analysis stage is

performed correctly and is therefore adequate for input to the prediction stage. As a result, it

is not included in the human interface workflow presented. Nevertheless, we present results

of the equivalent human prior as integrated into the data analysis stage.
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For the first workflow task, the algorithm presents the user with the most likely phase

map prediction given the data at the current AE iteration, and the user provides their input

by drawing phase boundaries or regions on this phase map. To guide selection of subsequent

experiments, the algorithmpresents the userwith its computed utility of potential experiments

and the user draws a boundary around their region of interest. Below, we first describe the

phase-mapping algorithmand then discuss themethodology for human input integration. The

same method was previously used to integrate priors based on computation and exogenous

experimental data into phase-mapping predictions [7].

2.5.1 Autonomous phase-mapping algorithm

The phase-mapping algorithm is based on the closed-loop autonomous exploration and

optimization (CAMEO) algorithm [7], which systematically chooses experiments to learn the

composition-structure-property relationship and then exploits that knowledge to find optimal

materials. The implementation used here focuses on learning the composition-structure rela-

tionship, i.e., the composition phase map. While the more general CAMEO algorithm allows

the user to specify an initial guess for the number of phase regions in the phase diagram and

then optimizes that number, the algorithm presented holds the number of phase regions at 5

for simplicity of demonstration. Formore detailed discussion and justification of the algorithm

details including clustering method selection, see Kusne et al. [7].

We use the following notations: 𝐱𝑖 is a vector describing the independent variables of

experiment 𝑖 and 𝐲𝑖 describes the corresponding dependent variable. For the presented case,

𝐱𝑖 is a two-dimensional (2D) vector describing the 𝑖-th ternary composition and 𝐲𝑖 is the X-ray
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diffraction data associated with 𝐱𝑖 . The steps of the phase-mapping algorithm are given by the

following.

(1) Data analysis: estimate the phase region membership of measured materials. Spec-

tral clustering is used to group materials which likely belong to the same phase region.

𝑘𝑠𝑐(𝐱𝑖, 𝐱𝑗) = exp(−𝑑2𝑖,𝑗) is the kernel used to define the similarity between materials gen-

erated by experiments 𝑖 and 𝑗. Here, 𝑑𝑖,𝑗 is the cosine metric:

𝑑𝑖,𝑗 =
𝐲𝑖 ⋅ 𝐲𝑗
‖𝐲𝑖‖‖𝐲𝑗‖

(2.1)

(2) Prediction, i.e., extrapolation: extrapolate phase region knowledge from X-ray diffrac-

tion characterized materials to yet-to-be-measured materials. Here, Gaussian process

classification [26] (GPC) is used to extend knowledge of phase region labels from the

analysis step across the target composition space, providing a categorical probability of

each phase label for each target material. A 2D Matérn 3/2 kernel is used, with a fixed

variance of 1 and a fixed length scale of 0.2 elemental fraction. These hyperparameters

values were selected and held constant across the presented examples for simplicity of

the demonstration, keeping GPC results consistent across AE iterations.

(3) Optimal experiment design: subsequent experiments target materials that maximize

knowledge of the phase map. The utility of each experiment toward this goal is com-

puted with the acquisition function (𝛼). For this demonstration, experiments are se-

lected that have maximum entropy in the probability distribution across potential phase
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region labels:

𝛼(𝐱𝑖) =
∑

𝑐
𝑝𝑐(𝐱𝑖) ln 𝑝𝑐(𝐱𝑖) (2.2)

where 𝑝𝑐 is the probability that 𝐱𝑖 belongs to phase region 𝑐. Larger entropy indicates

greater uncertainty in phase region label and thus correlates with the position of phase

boundaries.

(4) Closing the loop: here, anAE closed-loop system is simulated by identifying the nextma-

terial to measure from step 3 and then adding the associated premeasured X-ray diffrac-

tion pattern to the dataset used by the ML.

2.5.2 Human input integration

A user provides input by using a GUI to draw on a phase map. Figure 2.1 shows the

timeline for human input integration. In between each measurement, an ML computation

is performed to analyze the given data, extrapolate to a predicted phase map, and determine

the location of the next measurement. This example spans from the completion of the fourth

measurement to the beginning of the sixth. During the fifth computation, the user indicates

their desire to provide input using a GUI. While the fifth measurement takes place, the user

indicates a cohesive phase segment by drawing a quadrilateral (the central plot). The user can

take as long as they need, and their input is used in the next computational stage after they

finish. In this example, the user clicks on several points on the phase diagram to define a phase

region. Their input affects the sixth computation and the resulting selection of the sixth ma-

terial to investigate. Incorporating human input incurs a negligible increase in computational

cost. The user is not required to provide input every iteration; we expect that the user may pro-
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vide input a few times near the beginning of the autonomous campaign when data are sparse

and data-only ML prediction capability is low.

We studied user input at all three stages of the autonomous algorithm – data analysis,

prediction, and experiment design. For the data analysis stage, the user is shown analysis

results and can then indicate a potential phase boundary or phase region. User input at this

stage indicates a desire to improve analysis results, which are subsequently used for prediction.

For the prediction stage, the user is shown phase map prediction results (as in Figure 2.1) and

can then indicate a potential phase boundary or phase region. User input at this stage indicates

a desire to modify the predicted phase map. Optimally, the human will provide information

different than what would be gained from the next set of measurements, thus adding to overall

knowledge. For the experiment design stage, the user is shown a heatmap of the 𝛼, used to

determine the next measurement. They can then provide a region of interest, which will guide

the selection of subsequent materials.

The three input types of phase boundary, phase region, and region of interest have dif-

fering impacts. The phase boundary input serves to indicate a division between phase regions.

The phase region input defines a set of materials as belonging to the same phase region, differ-

ent from other phase regions. And the region of interest defines a portion of the targetmaterial

system (e.g., composition space) to investigate. The presented algorithm is human-centric re-

garding user input. The human provides input based on their desire and intuition, which may

not align with algorithm needs such as current prediction uncertainties.
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2.5.3 Phase region and phase boundary inputs

In the data analysis and prediction stages, human input is integrated by modifying the

kernel function used in spectral clustering or GPC, respectively. GPC is a probabilistic classifi-

cation method: rather than just outputting a classification estimate, it provides a full posterior

probability including a prediction of the most likely classification and a quantification of un-

certainty. Underlying GPC is the search for a set of latent functions 𝑓𝑐, each used to quantify

the probability of input 𝐱𝑖 belonging to class 𝑐. Each latent function is sampled from a mul-

tivariate normal distribution 𝑓𝑐 ∼ 𝑁(𝜇𝑐, 𝐾), where 𝜇𝑐 is the distribution mean and 𝐾 is the

covariance kernel matrix. A kernel function 𝑘 is applied to a finite number of input vector

data points to define the kernel matrix: 𝐾𝑖𝑗 = 𝑘(𝐱𝑖, 𝐱𝑗). Together, 𝜇𝑐 and 𝐾 define a prior over

the form of 𝑓. Typically, 𝜇𝑐 = 0 due to a lack of prior knowledge of the mean behavior of 𝑓𝑐. 𝐾

is designed to impose probabilistic prior assumptions of𝑓𝑐’s covariance behavior. For instance,

if 𝑘 is selected to be a radial basis function, then 𝑓𝑐 must be a smooth function, with a larger

kernel length scale resulting in larger contiguous regions of similar class. One can thus design

the mean and kernel for off-the-shelf GPC algorithms to integrate human knowledge into the

probabilistic prior.

To integrate human input into the kernel, the input is first encoded as a vector, 𝐯𝑖, as

described below. The kernel matrix 𝐾𝑖𝑗 is then updated to 𝐾𝑖𝑗 = 𝑘(𝐱𝑖, 𝐱𝑗, 𝐯𝑖, 𝐯𝑗), integrating

human input as a probabilistic prior. For example, one can employ the additive kernel 𝐾′
𝑖𝑗 =

𝛽𝑥𝑘𝑥(𝐱𝑖, 𝐱𝑗) + 𝛽𝑣𝑘𝑣(𝐯𝑖, 𝐯𝑗), or the multiplicative kernel 𝐾′
𝑖𝑗 = 𝑘𝑥(𝐱𝑖, 𝐱𝑗)𝑘𝑣(𝐯𝑖, 𝐯𝑗). The additive

kernel mirrors a logical OR statement, where the kernel has a large value if either 𝑘𝑥 or 𝑘𝑣

has a large value. Additionally, if 𝛽𝑣 ≫ 𝛽𝑥, the human input prior dominates the prediction.
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𝛽𝑣∕𝛽𝑥 can thus be selected to quantify human certainty in their input. The multiplicative

kernel mirrors a logical AND statement, where the kernel has a large value if both 𝑘𝑥 and 𝑘𝑣

have large values, and vice versa. In this work, we use 𝛽𝑣 = 𝛽𝑥, indicating a user with 50 %

confidence in their input.

For the phase region input, the user draws a polygon to enclose a segment of the composi-

tion space they believe containsmaterials sharing the same phase region. 𝐯𝑖 is then defined for

each material, with one of two (arbitrary but different) values based on whether the material

(i.e., experiment) 𝐱𝑖 falls within or without the region. The variable 𝐯𝑖 serves the intermediary

step of encoding human input for computing the kernel. The kernel 𝑘𝑣 is then defined by

𝑘𝑣(𝐯𝑖, 𝐯𝑗) =

⎧
⎪

⎨
⎪
⎩

1 𝐯𝑖 = 𝐯𝑗

0 𝐯𝑖 ≠ 𝐯𝑗

(2.3)

i.e., 𝑘𝑣 = 1 if the compositions of two materials both fall within or without the region and

0 otherwise. The boundary input is defined similarly for the provided example. Materials

𝐱𝑖 falling on the same side of the boundary are given the same value 𝐯𝑖 and different values

otherwise. As a result, we have 𝑘𝑣 = 1 for a pair of materials on the same side of the boundary

and 0 otherwise.

We chose this 𝑘𝑣 kernel for its simplicity in adding to or multiplying with 𝑘𝑥. To dif-

ferentiate boundary input from region input more explicitly, one can decrease the value of 𝑘𝑣

as a function of distance from the indicated phase region or from the indicated linear phase

boundary.
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2.5.4 Region of interest input

The region of interest input modifies the 𝛼. The user encloses a portion of the composi-

tion space believed to contain materials of high interest with

𝑟(𝐱𝑖) =

⎧
⎪

⎨
⎪
⎩

1 𝐱𝑖 is inside the boundary

0 𝐱𝑖 is outside the boundary

(2.4)

The learned𝛼 is thenmodified by either𝛼′ = 𝛼(𝐱)𝑟(𝐱) or𝛼′ = 𝛽𝛼𝛼(𝐱)+𝛽𝑟𝑟(𝐱), where 𝛽𝛼 and 𝛽𝑟

are constants. The former model restricts the subsequent search to within the boundary. The

latter model boosts utility values within the region. Additionally, the simpler, former method

ensures that the system will always select materials within the user’s region of interest. The

latter allows the algorithm to overrule the user, based on the 𝛼. Selection of method depends

on the autonomous system’s goals or whether the autonomous system should primarily serve

the expert’s selections or should overrule human-input-based need, defined by the 𝛼. For this

work, we demonstrate the former method.

The selection of 𝛽 coefficients may be defined to normalize the contribution of human

input and 𝛼, ensuring a balanced impact of model output (encoded in 𝛼) and user input. Ad-

ditionally, 𝛽 weights are typically scheduled to vary as the gathered data increase. A similar

effect can be introduced with the weight 𝛽𝑣. By reducing 𝛽𝑣 as the number of local data points

increases, one can ensure that any bias introduced by human input will decrease as associated

measured data increase.
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2.5.5 Integrated workflow

The workflow for human input integration at each AE stage (as described in Autono-

mous phase-mapping algorithm) is as follows.

(1) Data analysis: first, spectral clustering is applied to past collected data to provide phase

region labels. Theuser is then showna visualization of the computed phase region labels.

If the userwishes to provide input, thenuser phase region or boundary input is integrated

through the spectral clustering kernel as described above in the section Phase region and

phase boundary inputs, providing a human input prior to the clustering. This results in

updated phase region labels for past investigated materials.

(2) Prediction: phase region labels from the data analysis stage are used to compute the

GPC phasemap prediction – a categorical distribution defining the probability of a phase

region label for each target material in the material system. The user is then shown a

visualization of the phase map prediction. If the user wishes to provide input, a user

phase region or boundary input is integrated through the GPC kernel as described above

in the section Phase region and phase boundary inputs, providing a human input prior

to the GPC prediction. This results in an updated prediction but does not impact phase

region labels assigned during clustering.

(3) Experiment design: the GPC categorical distribution output is used to compute the en-

tropy 𝛼. The user is shown a visualization of the 𝛼. If the user wishes to provide input,

then the user-defined region of interest impacts the acquisition values as described above

in the section Region of interest input. This user input does not impact phase region la-
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bels for measured materials or the predicted phase map categorical distribution. Here,

human inputmodifies experiment utility through direct user impact on the𝛼 rather than

providing a prior that impacts the prediction.

2.5.6 Evaluating human-in-the-loop performance

To qualitatively determine how human input affects AE, we performed simulated AE

with andwithout human input using the Fe-Ga-Pd ternary diffraction dataset [27]. We allowed

the AE to collect five data points, the human expert then provides their input, and we then

investigated the performance of the resulting algorithm phase map predictions by comparing

them to the ground truth using theFMI [28]. Here, the ground truthwas determined byhuman

expert critical evaluation of the data [27]. We compared three inputs: a linear phase boundary,

a polygonal phase boundary, and a region of interest. For the phase boundary input, we used

a phase boundary similar to (though not exactly the same as) those present in the true phase

map as provided by Long et al. [27] and Kusne et al. [29] (using the same X-ray diffraction 2q

range). We analyzed the effect of human input early in the AE so that the model’s predicted

phase map is rudimentary and does not match the ground truth. Phase map results with all

materialsmeasured follow those presented in the supplemental information of Kusne et al. [7].

To quantify the effect of the human input on the accuracy of the phase map predictions

(as calculated using the FMI), we performed 500 trials for both phase boundary inputs, calcu-

lated the accuracy of the predictions, and compared them to a control using a Mann-Whitney

U test. For each trial, theAE algorithmwas given five randomly selected compositions and one

of the human inputs described above. The resulting phase map predictions were compared to
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the ground-truth phase map using FMI [28]. A two-sided Mann-Whitney U test was used to

determine if the difference in the FMI due to human input was statistically significant [30].

The Mann-Whitney U test evaluates whether two distributions are statistically different by

comparing observation probabilities between two sample populations.
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I.T., F.A., and A.M.; methodology, A.G.K., F.A., A.M., and I.T.; software, F.A. and A.G.K.;

formal analysis, F.A.; investigation, F.A.;writing – original draft, F.A.;writing – review

& editing, F.A., A.G.K., and I.T.; visualization, F.A., I.T., and A.G.K.; supervision, A.G.K.

and I.T.; and funding acquisition, I.T.
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Chapter 3: Quantum Kernel Machine Learning for Autonomous

Materials Science2

3.1 Abstract

Autonomous materials science, where active learning is used to navigate large compo-

sitional phase space, has emerged as a powerful vehicle to rapidly explore new materials.

A crucial aspect of autonomous materials science is exploring new materials using as little

data as possible. Gaussian process-based active learning allows effective charting of multi-

dimensional parameter space with a limited number of training data, and thus is a common

algorithmic choice for autonomous materials science. An integral part of the autonomous

workflow is the application of kernel functions for quantifying similarities among measured

data points. A recent theoretical breakthrough has shown that quantum kernel models can

achieve similar performance with less training data than classical kernel models. This signals

the possible advantage of applying quantum kernel machine learning to autonomous materi-

als discovery. In this work, we compare quantum and classical kernels for their utility in se-

quential phase space navigation for autonomous materials science. Specifically, we compute

a quantum kernel and several classical kernels for x-ray diffraction patterns taken from an Fe-

Ga-Pd ternary composition spread library. We conduct our study on both IonQ’s Aria trapped

ion quantum computer hardware and the corresponding classical noisy simulator. We exper-

imentally verify that a quantum kernel model can outperform some classical kernel models.

The results highlight the potential of quantum kernel machine learning methods for acceler-
2Adapted from Felix Adams, Daiwei Zhu, David W. Steuerman, A. Gilad Kusne, and Ichiro Takeuchi. Quan-

tum kernel machine learning for autonomous materials science. APL Quantum, 3(1):016115, 03 2026
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ating materials discovery and suggest complex x-ray diffraction data is a candidate for robust

quantum kernel model advantage.

3.2 Introduction

Discovery and optimization of newmaterials play a crucial role in advancing technology

in modern society. However, the space of possible compositions and synthesis parameters is

immense. Researchers are increasingly relying on high-throughput experimental and compu-

tational approaches to identify new functional compounds for their use in a variety of techno-

logical areas. Autonomousmaterials science has emerged as an effective vehicle for navigating

the space of possible materials.

Autonomous experimental methods can self-navigate multi-dimensional parameter

space through continuous updating of a Bayesian surrogate model without having to sur-

vey every point in the parameter space. There have been a number of demonstrations of

closed-loop autonomous workflows for successful optimization of compositional parameters

(with respect to specific materials characteristics) with only a limited number of experimental

iterations in self-guided sequences [5, 7, 32–34].

Combinatorial libraries, where large compositional variations are laid out on individ-

ual wafers/chips, are particularly useful physical platforms for materials optimization. Au-

tonomous optimization within libraries can be used to quickly chart materials within fixed

composition variations such as ternary phase diagrams [35].

Figure 3.1 shows a schematic of an example typical active learningworkflowas applied to

theFe-Ga-Pd ternary composition space. The goal of the autonomousworkflow is to determine
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the distribution of the different crystalline phases throughout the composition space (“phase

map”), obtained using XRD measurements, using as few measurements as possible. The it-

erative workflow has 4 steps: measurement, clustering, extrapolation, and decision. First, an

XRD measurement is performed at a particular composition. Second, all the XRD patterns

measured so far are clustered into groups (representing different crystal phases). Third, the

clusters are then extrapolated to the unmeasured compositions. Fourth, the predictions and

their uncertainties are used to determine which composition should be measured next. To

minimize the total uncertainty in the predicted phase map, the composition with the largest

uncertainty is chosen at each iteration. Once the total uncertainty falls below a threshold,

we have a reasonable prediction of the phase map of the entire composition space after only

measuring a fraction of the composition space.

Figure 3.1: A schematic of a typical iterative autonomous phasemappingworkflow.
Asterisks (*) indicate which steps use kernel methods. (a) A new x-ray diffraction
measurement is performed at a specific composition (shown in units of atomic frac-
tion). Sample indices 1 – 20 were chosen manually here for illustration and do
not reflect a typical measurement order. (b) All of the measured compositions are
clustered into groups and assigned a corresponding label (color and symbol to the
left) using an x-ray diffraction kernel function. (c) The labels of the unmeasured
compositions are then extrapolated using a composition kernel function. (d) To
minimize the total uncertainty in the extrapolated labels, the composition with the
maximum uncertainty (entropy) in its predicted label is chosen as the next compo-
sition to measure, indicated by the star. Note that the clustering and extrapolation
methods are both kernel methods but use different kernel functions which com-
pare different types of data (x-ray diffraction patterns and compositions).
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Autonomous experiments require a machine learning surrogate model for the property

of interest. Popular methods such as deep learning require lots of training data, which aren’t

available for novel materials. Themachine learning subfield of Few-Shot Learning (FSL) stud-

iesmethods for such data-limited regimes [36]. Experimentalmaterials science data are expen-

sive and therefore limited in general, making some FSL techniques such as transfer learning

(where knowledge from one data-rich task is transferred to another data-limited task) chal-

lenging [36].

Gaussian processes are a kernel machine learning method commonly used for the ex-

trapolation step of the autonomous materials science workflow. Gaussian processes are an

extension of Gaussian distributions: a Gaussian distribution describes the probability distri-

bution of a random value, while a Gaussian process describes the probability distribution of

a function [26]. A multivariate Gaussian distribution has a covariance matrix describing the

relations between variables, and a Gaussian process has a covariance function describing the

relations between function values. This covariance function is the kernel function of the Gaus-

sian process. Formore information onGaussian processes andGaussian process classification,

see reference [26]. We used Gaussian process classification as implemented in GPflow [37].

Quantum kernel machine learning is an emerging area of research that may enable cer-

tain functions to be learned with less training data than classical kernel methods, making it

a promising tool for autonomous materials discovery. Recent work by Huang et al. demon-

strated that classical kernelmodels can predict the output of quantumkernelmodels if they are

given sufficient training data [38]. However, we are especially interested in the data-limited

regime where classical kernel models don’t have enough data to outperform quantum kernel

models, such as in the first few iterations of the autonomous materials science workflow. As
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highlighted by the well-known "No Free Lunch" Theorems [39], the performance of amachine

learning model fundamentally depends on the specific problem it is applied to. Therefore, the

value of quantum kernel methods hinges on identifying problem domains where they offer a

genuine advantage.

Diffraction datamight be such a domainwhere quantum kernelmethods have an advan-

tage. Scattering and diffraction (usingX-ray, electrons, andneutrons) are ubiquitous character-

ization tools in materials science as they provide reciprocal representations of periodic atomic

positions as well as their electronic and magnetic structures [40]. Diffraction data might pro-

vide a data platform on which quantum kernel models can learn faster than classical kernel

models because the techniques used to represent diffraction (matrix inversion and the Fourier

transform) are thought to be faster on quantum computers. The transformation from real

space to reciprocal space can be written as a matrix inversion [40], which is an application

where quantum computers have an exponential advantage using the Harrow Hassidim Lloyd

(HHL) algorithm [41]. While we don’t use either the HHL algorithm or the quantum Fourier

transform in this work, the centrality of those problems to analysis of diffraction data suggests

that diffraction datasets are a fruitful area to explore for a quantum kernel model advantage.

In this work, we evaluate how well a quantum kernel model can learn an x-ray diffrac-

tion (XRD) dataset using IonQ’s Aria trapped ion quantum computer. We introduce the XRD

dataset and a corresponding typical autonomousmaterials scienceworkflow, describe the clas-

sical and quantum kernels used, explain how we compared the kernels, show the results of

the comparison, and discuss their implications. Lourenço et al. recently performed similar

work with other, non diffraction materials science datasets: perovskite properties and doped

nanoparticle relaxation [42].
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This work presents a novel application of quantum kernelmachine learning and demon-

strates how recent developments in our theoretical understanding of quantum advantage in

machine learning can be fruitfully applied to address scientific and engineering challenges.

3.3 Methods

3.3.1 XRD Dataset

Our experimental materials science dataset is from a ternary Fe-Ga-Pd thin film com-

position spread which was fabricated by co-sputtering Fe, Fe2Ga3, and Pd on a 3 inch (7.62

cm) Si wafer such that a continuous variation in composition is created on the wafer [27].

Such composition-spread combinatorial libraries provide a useful platform for exploring new

materials within a large ternary compositional phase diagram. The dataset consists of stoichio-

metric composition information, i.e. 𝑎, 𝑏, and 𝑐 in FeaGabPdc (where 𝑎 + 𝑏 + 𝑐 = 1), and XRD

diffraction patterns taken at 237 uniformly distributed positions/compositions on the library.

XRD of the filmswas performed using the𝜔-scanmode of a D8DISCOVER for combina-

torial screening (Bruker-AXS) using an x-ray beam spot size of 1 mm diameter. It is equipped

with a GADD two-dimensional detector which captures data for a fixed range of 2𝜃 and 𝜔 at

once. The raw detector images are then integrated to obtain the 2𝜃 angles and peak intensities

using the D8 GADDS program and a script to automate the process. For more details on the

synthesis and XRD characterization processes, see references [27] and [43].

We’ve used this dataset as a benchmark for other machine learning studies (such as in

reference [29]), so the quantum kernel model’s performance on this dataset is likely represen-

tative of its performance on other materials science datasets.
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We sampled this dataset to simulate the first fewmeasurementsmade in the autonomous

materials science workflow. We used 4 XRD patterns from each of the 5 distinct structural

phase regions on the wafer for a total of 20 data points. The ground truth phase labels come

from human expert analysis of the XRD data [27].

3.3.2 Classical and Quantum Kernels for Autonomous Materials Science

Kernelmachine learningmethods find patterns in data using a kernel function, 𝑘(𝑥1, 𝑥2),

which takes two data points 𝑥1 and 𝑥2 as inputs and returns a value describing how similar the

two data points are [44]. We compared the quantum kernel to two classical kernels, a radial

basis function (𝑘RBF) and the cosine similarity (𝑘CS):

𝑘RBF(𝑥1, 𝑥2) = exp (−
‖𝑥̂1 − 𝑥̂2‖2

2 ) (3.1)

𝑘CS(𝑥1, 𝑥2) = 𝑥̂1 ⋅ 𝑥̂2 (3.2)

...where ⋅ is the dot product, ‖ ‖ is the Euclidean 𝐿2 norm, and 𝑥̂𝑖 is the 𝐿2 normalized

data vector 𝑥𝑖. In this work, each 𝑥𝑖 is a vector containing the XRD intensity values of an XRD

pattern.

The two classical kernels presented for comparison were chosen to illustrate the nature

of the potential quantum kernel advantage. The squared exponential 𝐿2 norm radial basis

function kernel is a common kernel for Gaussian processes, capable of describing arbitrary

functions which are sufficiently smooth [26]. The cosine similarity is a simpler similarity

measure whichworks well for clustering XRD patterns using othermachine learningmethods

compared to more sophisticated kernels such as dynamic time warping or earth mover’s dis-
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tance [45], but is atypical as aGaussian process kernel because of its simplicity. The polynomial

kernel is common in the machine learning literature for high-dimensional classification [26],

but is less common for analysis of XRD patterns.

These kernels typically have hyperparameters which are fitted to the data during model

training. In this work, to simplify analysis and comparison across different training datasets

and dataset sizes, we use fixed hyperparameters which worked well for this dataset.

To calculate a kernel function, 𝑘𝑄, using a quantum computer, we use a feature map

quantum circuit,𝑈, which receives the values of a data point 𝑥 ∈ ℝ𝑑 (𝑑 is the number of data

dimensions) as parameters and calculate...

𝑘𝑄(𝑥1, 𝑥2) = |⟨0|𝑈†(𝑥2)𝑈(𝑥1) |0⟩|2 (3.3)

...i.e., starting with a set of qubits in the state |0⟩, one applies the feature map circuit with

the data point 𝑥1, applies the conjugate transpose (i.e, the inverse, because the evolution of a

closed quantum system is a unitary transformation [46]) of the feature map circuit with the

data point 𝑥2, then finds the probability that the final state of all the qubits remains |0⟩ [47]. If

𝑥1 and 𝑥2 are similar, the two feature map circuits mostly cancel out, the probability that the

circuit output remains |0⟩ is large, and the kernel value is high. Otherwise, the two feature

maps don’t cancel out, the circuit outputs an arbitrary state with low probability of being |0⟩,

and the kernel value is low. To estimate 𝑘𝑄(𝑥1, 𝑥2), the circuit calculation is repeated 1,024

times to determine the approximate probability of measuring |0⟩. This calculation is repeated

for every pair of data points to construct a kernel matrix, 𝐾𝑖,𝑗 = 𝑘(𝑥𝑖, 𝑥𝑗), which is then used

by the classical kernel machine learning method.
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We used a feature map quantum kernel circuit based on the work of Peters et al. [48] to

compare XRD patterns. The quantum feature map circuit is shown in Figure 3.2. The circuit

is composed of quantum operations, or “gates”, which affect 1 or 2 qubits at a time. The gray,

1-qubit gates are Hadamard gates and the gray 2-qubit gates are
√
𝑖SWAP gates. The white, 1-

qubit gates are rotation gates, which accept a parameter that determines the angle of rotation.

Each group of three rotations (around the 𝑧, 𝑦, and 𝑧 axes again respectively), can describe

an arbitrary rotation of the qubit Bloch sphere. The XRD intensities are used as the angle

parameters of the rotation gates, after being re-normalized and scaled between [0, 𝜋] radians.

The numbering of the rotation gates indicates the order in which the XRD intensities were

used. We used 25 qubits and 6 rotation gates per qubit, totaling 150 XRD intensities (from 150

evenly spaced 2𝜃 values) used in the featuremap circuit (the dimension of the input data vector

𝑥𝑖). In this work, we used the IonQ Aria trapped ion quantum computer for the quantum

circuit execution. Quantum circuits corresponding to kernel function evaluations comparing

any element to itself were not performed, instead assuming the ideal value of 1. The classical

simulations of the quantum kernel output were performed using IonQ API with the standard

Aria noise model.

Eq. 3.3 defines not a single quantum kernel, but a family of kernels parametrized by

the choice of feature map circuit 𝑈. In principle, 𝑈 can be tailored to known structure in

the data, such as permutation-equivariant circuits for graph learning tasks [49] or quantum

convolutional architectures for translationally symmetric data [50]. In our XRD classification

problem, however, the absolute positions and relative intensities of diffraction peaks are phys-

ically meaningful, so neither global permutations nor rigid translations of the 150 intensity

values preserve the labels. As a first step, we therefore focus on a single, hardware-efficient
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featuremap based on Peters et al. [48] that serves as a generic but expressive ansatz compatible

with the IonQ Aria device.

Quantum algorithms for accelerating kernel machine learning calculations have been

developed [51], but require the use ofQuantumRandomAccessMemory [44], which is beyond

current quantum computers. In this work we used quantum computers to calculate kernel

functionswhich are then used by classicalmachine learningmethods [47,52], as this approach

is feasible with current technology.

3.3.3 Evaluating Quantum Kernel Performance

To determine a quantum kernel’s theoretical potential for quantum advantage, one can

use the quantities defined by Huang et al. [38]: the model complexities of the quantum and

classical kernels and the geometric difference between the kernels. The model complexity 𝑠

for kernel matrix 𝐾 is defined as...

𝑠𝐾(𝑁) =
𝑁∑

𝑖,𝑗=1
(𝐾−1)𝑖,𝑗(2𝑦𝑖 ⋅ 𝑦𝑗 − 1) (3.4)

Figure 3.2: The quantum circuit used to compare two XRD patterns, 𝑥1 and 𝑥2.
(a) The kernel circuit is composed of a forward and a reverse copy of the feature
map circuit, 𝑈, which takes the intensities of an XRD pattern as parameters. The
initial state of each qubit is |0⟩ and the kernel value is the probability that the final
state of every qubit is |0⟩. (b) The feature map circuit, 𝑈, is composed of 1- and 2-
qubit operations, or “gates”. Each horizontal line represents a qubit, and the circuit
computation proceeds from left to right. The gray, 1-qubit gate is a Hadamard gate,
the gray 2-qubit gate is a

√
𝑖SWAP gate, and the triplets of white gates are rotation

gates about the 𝑧, 𝑦, and 𝑧 axes respectively. The numbers indicate the order in
whichXRD intensities parameterize the rotation gates. (c)A schematic illustrating
how the XRD intensities determine the angle of rotation in the rotation gates, a 𝑧
axis rotation on the left and a 𝑦 axis rotation on the right.

37



38



...where 𝐾−1 is the inverse of the kernel matrix, 𝑁 is the number of data points, and 𝑦𝑖 and 𝑦𝑗

are the one-hot encodings of the phase labels of each composition (such that (2𝑦𝑖 ⋅𝑦𝑗−1) equals

1 if the labels are the same, otherwise−1). The geometric difference between the classical and

quantum kernel, 𝑔𝐶𝑄, is defined as...

𝑔𝐶𝑄 =
√
‖
√
𝐾𝑄(𝐾𝐶)−1

√
𝐾𝑄‖∞ (3.5)

...where 𝐾𝐶 is the classical kernel matrix, 𝐾𝑄 is the quantum kernel matrix, and ‖ ‖∞ is the

spectral norm [38]. The matrix square roots and inverses can be efficiently computed using

the singular value decomposition. See the Supplemental Information (SI) for more details.

The model complexity is used to define an upper bound on the model’s expected error as

a function of the number of training data points. For a model ℎ(𝑥) trying to predict some true

labels 𝑓(𝑥), the expected value of the absolute difference between the model predictions and

the true labels over the input domain 𝔻 is...

𝐸𝑥∈𝔻(|ℎ(𝑥) − 𝑓(𝑥)|) ≤ 𝑐
√

𝑠𝐾(𝑁)
𝑁 (3.6)

...for some constant 𝑐 > 0 [38]. This upper bound on the expected error decreases as more

data is collected and increases with increasing model complexity, so the model complexity

should be as small as possible to reduce the expected error. If the classical model complexity is

much higher than the quantummodel complexity, then the quantummodel might have lower

expected error when 𝑁 is small (i.e., when there is very little training data).

The geometric difference is used to define another upper bound, this time on the clas-
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sical model complexity. The geometric difference and model complexities obey the following

relation:

𝑠𝐶 ≤ 𝑔2𝐶𝑄𝑠𝑄 (3.7)

...where 𝑠𝐶 and 𝑠𝑄 are the classical kernel and quantumkernelmodel complexities, respectively

[38]. In order for the classical model complexity to be much higher than the quantum model

complexity, the geometric difference must be large.

First, to predict whether a quantum kernel might have an advantage over classical ker-

nels for any dataset, one uses the geometric difference. If the geometric difference is small, no

advantage exists for that quantum kernel because the largest classical model complexity will

be close to the quantummodel complexity, regardless of dataset [38]. However, if the geomet-

ric difference is large, there exists a dataset for which the classical model complexity (and thus

the upper bound on the expected error) is much higher than the quantum model [38].

Second, to predict whether a quantum kernel might have an advantage over classical

kernels for a specific dataset, one uses the model complexities. If the model complexities are

similar, the expected error upper bounds are also similar, and the classical model can learn

the dataset as easily as the quantummodel [38]. However, if the classical model complexity is

much higher than the quantummodel complexity, then the upper bound on the expected error

of the classical model is also much higher, and it’s possible that the quantummodel learns the

dataset faster than the classical model [38].

In addition to Huang et al.’s analysis [38], we empirically tested the quantum kernel on a

supervised learning task adjacent to the typical autonomous workflow described above. In the

above workflow, an XRD kernel function is used for the unsupervised task of clustering the
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XRD patterns into groups, while Huang et al.’s analysis applies to the supervised learning task

of assigning labels to new data based on labeled training data. The supervised extrapolation

step of the above workflow uses a composition kernel function, not an XRD kernel function.

So, instead of using the quantum kernel for clustering XRD patterns, as in the above workflow,

we studied a supervised learning task similar to tasks in the autonomousworkflow: we trained

a Gaussian process model to extrapolate the phase labels from human-expert-labeled XRD

patterns to unlabeled XRD patterns. This task is a useful proxy for understanding the utility

of the quantum kernels for autonomous materials science because we expect that a model

which requires less training data to achieve a certain accuracy threshold for this task would

also require less training data to achieve a certain uncertainty threshold in an active learning

setting.

To evaluate the performance of the kernels, we measured the subset accuracy of the

Gaussian process classifier as a function of the number of training data points. For each train-

ing set size, 𝑁, we chose 20 subsets of size 𝑁 from the 20 experimental XRD data points for

training. The subsets were chosen uniformly at random without regard for the true labels

(except for 𝑁 = 19 training data points, where we used all 20 subsets of size 19). We then

calculated the number of correct test labels for each training set. In the parlance of FSL, we

evaluated each kernel’s 5 way 𝑛 shot accuracy, for 𝑛 = 1 to 4 depending on the training set

size and random samples. We then compared the relative accuracy of the quantum and clas-

sical kernels, expressed as the ratio of their accuracies. This is analogous to relative risk, for

which confidence intervals can be computed using the Katz method (Method C in ref. [53]) as

implemented in SciPy, wherein the log of the ratio is taken to be normally distributed.
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3.4 Results and Discussion

3.4.1 Kernel Matrix Values

The quantum kernel matrix displays relationships between XRD patterns which weren’t

found by either of the classical kernels. Figure 3.3 shows the kernel matrices for all 20 XRD

patterns. Figure 3.3 (a) and (b) show the quantum kernel matrices as simulated on a classical

computer andmeasured on the IonQAria trapped ion quantum computer, respectively. Figure

3.3 (c) and (d) show the classical kernel matrices used for comparison. All the kernel matrices

show that XRD patterns 1–4 and 5–8 form distinct groups which aremore similar to each other

than to other patterns and that patterns 9–12, 13–16, and 17–20 also form groups of 4 but are

more interrelated. The quantum kernel found some faint inter-group similarities that weren’t

found by the classical kernels: patterns 1, 2, 5, and 6 are similar to several patterns outside

their groups of 4. The quantum kernels are shown with a logarithmic scale to show these faint

relationships, while the classical kernels are shownwith a linear scale because they don’t have

any small values < 0.1. For comparison, all kernels in both linear and log scales are available

in the SI.

The relationships found by the quantum kernel and missed by the classical kernels are

between XRD patterns with generally low intensity. Refer to Figure 3.1 (b) to see the XRD

patterns. Groups 1–4 and 5–8 both correspond to a body centered cubic Fe phase, but with

significant peak shifting due to composition-dependent crystal lattice parameter changes [54].

However, in XRD patterns 1, 2, 5, and 6, the largest peak has a lower maximum intensity

compared to other patterns in their groups. Similarly, XRD patterns 11–15 and 17–19 have no
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large peaks.

These relationships between low intensity XRD patterns were missed by the classi-

cal kernels because they are magnitude-invariant, while the quantum kernel is magnitude-

dependent. The classical kernels we used for comparison are defined in terms of normalized

vectors, so they can’t compare relative XRD intensities. The same is true for typical (but not

all) XRD similarity measures, such as the Pearson’s correlation coefficient. The output of the

feature map circuit, however, does depend on the magnitude of the input data point, so the

quantum kernel can compare the relative intensities of two XRD patterns. As a result, the

quantum kernel identifies XRD patterns with generally low intensity as similar.

The kernel values as measured on the quantum computer are similar to the simulated

values, except for a systematic decrease in kernel values due to additional hardware noise. As

the calculation proceeds, errors accumulate and the two copies of the feature map circuit are

less likely to cancel out, leading to decreased kernel values. Some of the fine details in the

measured quantum kernel are sufficiently reduced that they are no longer detected because of

the finite sampling used to calculate the kernel values.
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Figure 3.3: Comparison of the quantum and classical kernel matrices. The axis
values are sample indices from Figure 3.1a. Quantum kernel matrices are shown
with a logarithmic colormap to show the fine details not picked up by the classical
kernels, while the classical kernels are shown with a linear colormap. See SI for all
kernels in both logarithmic and linear scales.
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3.4.2 Model Complexities and Performance

Kernel Geometric
Difference

Model
Complexity

Simulated Quantum 10.74 19.44
Measured Quantum 10.92 20.27
Cosine Similarity 36.85

Radial Basis Function 37.20

Table 3.1: The results of the geometric difference and model complexity analyses.
We calculated the geometric difference values with respect to both the classical
kernels and show the worst case results (the Radial Basis Function kernel).

The geometric difference and model complexity calculations, shown in Table 3.1, sug-

gest that the quantum kernel model could require less training data than the classical kernel

models on the XRD dataset. The geometric difference between the classical and quantum

kernels is greater than ≈
√
𝑁, which indicates that there exists a dataset for which the clas-

sical model complexity is higher than the quantum model complexity. Indeed, the classical

model complexity for our XRD dataset is higher than the quantum model complexity, which

means that the upper bound on the expected error is higher for the classical kernel model. The

analysis therefore suggests that it is possible that the quantum kernel model could have better

performance with limited training data.

Figure 3.4 shows the performance of the Gaussian process model using the quantum

kernel relative to the classical kernels as a function of the training set size. See the SI for sepa-

rate kernel accuracies. The shaded regions indicate 95 % confidence intervals. The confidence

intervals expand as the number of training data points increase because there are fewer test-

ing data points (out of the total 20 data points) with which to evaluate the model performance,

decreasing the sample size. Comparing the performance of the simulated andmeasured quan-
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tum kernel models, the performance of the measured quantum kernel model is slightly lower

for some training set sizes, indicating that reducing hardware noise could improve the perfor-

mance of the quantum kernel model.

The empirical results show that the quantum kernel model requires less training data

than only one of the two classical kernel models within a certain range of training set sizes.

Between about 10 and 15 training data points, the quantum kernel model outperforms the

radial basis function classical kernel model, until about 15 and 19 training data points, where

the classical kernel has enough data to achieve similar performance. With less than 10 training

data points, neither the quantumnor radial basis function kernel hasmuch data, and the radial

basis function kernel happens to perform better. The cosine similarity, despite having a kernel

Figure 3.4: The relative performance of the quantum and classical kernels on the
supervised learning task. Both plots show the accuracy of the Gaussian process
classifier using the quantum kernel (simulated and measured) relative to one of
the classical kernels. The left plot is relative to the radial basis function kernel and
the right plot is relative to the cosine similarity kernel. The shaded regions indicate
95 % confidence intervals.
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matrix not unlike the radial basis function kernel, outperforms all other kernels for this dataset.

The model complexity and performance depend on the combination of dataset and ker-

nel function. For example, the quantum model complexity is less than the classical model

complexities, even though the quantum kernel matrix captured more nuanced relationships

in the data because of its magnitude dependence. Also, the cosine similarity outperformed all

other methods for this dataset despite its magnitude invariance.

To further illustrate how sensitive the performance of themodels is to their suitability for

a particular problem, we compared the performance of the quantum kernel and cosine simi-

larity on arbitrary, engineered labels constructed to minimize the performance of the cosine

similarity. The results of this comparison are shown in Figure 3.5. Drawing on the work of

Huang et al. [38] again, these binary labels are constructed to maximize the model complexity

of the cosine similarity kernel model. For details on the constructions of these labels, see the

SI. With these labels, the cosine similarity, which previously outperformed all other models,

does much worse than the quantum kernel. See the SI for the accuracy on the engineered data

for each kernel separately.

These results, and thework ofHuang et al. [38], can be understood in terms ofmodel bias

and its relationship to model complexity. In this context, the bias of a model is the difference

between the expected value of the model’s prediction and the true value it’s trying to predict

[55]. As the complexity of a model increases, it can make more nuanced predictions, and thus

its bias decreases [56]. However, as Huang et al. showed, increasing the model complexity

also increases the amount of data required to train the model [38]. The data-limited regimes

of materials science thus reward simple, low-complexity models. Simple models, however, are

necessarily inflexible and must be carefully chosen to match the problem at hand.
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With this understanding, our results suggest that quantum kernel machine learning

models can outperform classical kernel models, but the quantum kernel needs to have an

appropriate inductive bias. The inductive bias of a machine learning model is the set of as-

sumptions that the model uses to make predictions [55]. The quantum kernel outperforms

the radial basis function kernel once enough data is collected because it has lower model com-

plexity and thus requires less training data. However, the cosine kernel outperforms both other

kernels because its inductive bias is a better fit for this classification task. This indicates that a

quantumkernel with lowmodel complexity and appropriate inductive bias constructed specif-

ically to discriminate XRDpatternswould have a quantumadvantage and outperform classical

kernels.

Figure 3.5: The relative performance of the quantum and classical kernels on the
engineered labels. The ternary plot on the left shows the engineered labels of the
XRD patterns as a function of their composition. Like Figure 3.4, the plot on the
right shows the accuracy of the Gaussian process classifier using the quantum ker-
nel relative to the performance the cosine similarity. Again, shaded regions indi-
cate 95 % confidence intervals.
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Such a quantum kernel with appropriate inductive bias might be found using the FSL

technique of metric learning. The goal of metric learning is to learn a distance or similar-

ity function which can then be used by a simple machine learning model such as k-nearest

neighbors [36, 57]. Metric learning techniques could be used to identify or train feature map

quantum circuits which produce quantum kernels performant on XRD classification tasks.

Our results should be viewed in the broader context of problem-aware quantummodels,

where the circuit ansatz is designed to respect known problem structure, as in permutation-

equivariant circuits and quantum convolutional architectures [49, 50]. In contrast, our XRD

task does not exhibit an obvious global permutation or translational symmetry, so here we

restrict attention to a single, generic feature map and analyze its behavior through the model-

complexity framework. Systematically exploring symmetry-inspired and task-specific choices

of 𝑈 for diffraction data is an important direction for future work.

3.5 Conclusion

In this work, we demonstrated that autonomous materials discovery provides a com-

pelling potential use case for quantum kernel machine learning. Quantum machine learn-

ing holds exciting potential for advancing artificial intelligence frameworks, with its success

depending critically on aligning the right quantum models with suitable task-data combina-

tions [38]. Building on the theoretical framework of Huang et al. [38], we applied quantum

kernels to a real-world supervised x-ray diffraction classification task. We characterized both

quantumand classical kernelmodels using their respectivemodel complexities and performed

experiments which demonstrated that quantum kernel models can achieve similar perfor-
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mance to classical models while requiring less training data.
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Chapter 4: First-Principles Thermodynamic Analysis of

Ternary Chalcogenide Phase Change Materials

4.1 Abstract

Chalcogenide phase-change materials (PCMs) are important for nonvolatile memory

and reconfigurable photonic technologies. The GeTe – Sb2Te3 mixture system, commonly re-

ferred to as GST, is the most well-known PCM family, but new PCMs are needed to broaden

the accessible property space while retaining fast switching. Here, we propose a thermody-

namic framework, motivated by Ostwald’s rule, for understanding and identifying PCMmate-

rials, since direct modeling of phase-transition dynamics is computationally expensive. Using

first-principles calculations, we systematically evaluate the energetics of ternary chalcogenide

mixtures along binary-binary tie lines and their polymorphs. By comparing ground-state and

metastable structures, we assess phase stability, miscibility, and the likelihood of GST-like

polymorph-mediated crystallization pathways across a broad composition space. The calcu-

lations reproduce known behavior in GST and related systems and identify several promising

candidate mixtures with similar features. These results provide insight into why some PCM

systems are more favorable than others and establish thermodynamic polymorph screening as

a practical route for future PCM discovery.
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4.2 Introduction

Phase-change materials (PCMs) based on chalcogenide semiconductors can reversibly

switch between amorphous and crystalline states while exhibiting large changes in electrical

resistance and optical properties [58, 59]. These materials are used for nonvolatile memory

and reconfigurable photonic technologies [58–60]. For many applications, rapid amorphous-

to-crystalline phase-transition dynamics are essential because they limit the speed of devices.

Emerging applications place additional demands on PCMmaterials. For example, high-temp-

erature embedded computing applications may require crystallization temperatures higher

than those of current PCMs to avoid spontaneous crystallization and improve device lifetime

[58]. Novel photonic applications seek PCMs with switching behavior over broader wave-

length ranges [60]. These needs motivate the discovery and design of new PCM systems that

retain fast switching while expanding the accessible property space.

The Ge-Sb-Te ternary system, created by the composition mixture along the tie line of

GeTe and Sb2Te3, commonly referred to as GST, is a well-known PCM system for its combined

fast switching dynamics and favorable electrical and optical contrast [58, 59]. Prior studies of

GST have identified a metastable rock-salt (RS) phase along its crystallization pathway [61].

GST crystallizes through a two-step process in which the amorphous phase first transforms

into a metastable RS structure and then into the ground-state hexagonal phase [61]. The RS

phase also contains a high vacancy concentration on the cation sublattice, which gives it sub-

stantial tolerance to structural and compositional disorder and may facilitate the amorphous-

to-crystalline transition [58, 59]. This RS phase plays a key role in enabling rapid crystalliza-

tion and can be understood in the context of Ostwald’s rule, which states that metastable poly-
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morphsmay form before the final equilibrium structure because they provide kineticallymore

accessible transformation pathways [62, 63].

Atomistic simulations based on ab initio molecular dynamics have provided significant

insight into amorphous-to-crystalline transformationmechanisms in PCMs [59,64]. However,

applying suchmethods systematically across a broad chemical space is computationally expen-

sive. This challenge motivates the search for simple descriptors that can distinguish materials

systems with promising fast phase transition behavior. The GST example suggests that such a

descriptor may be viable from a thermodynamic perspective based on Ostwald’s rule. If a ma-

terial system contains a metastable polymorph whose energy lies only slightly above that of

the stable crystalline phase, that polymorph may serve as a kinetically favorable intermediate

along the crystallization pathway, consistent with Ostwald’s rule. Density functional theory

(DFT) calculations predict that the RS polymorph of GST lies less than 3 meV / atom above

the stable hexagonal phase [65], confirming this thermodynamic interpretation. This frame-

work based on low-energy polymorphmay therefore be used for identifying newPCMsystems,

especially since many chalcogenide compounds exhibit polymorphism. For example, a prior

experimental study of GeTe – Bi2Te3 system also reported the presence of a RS polymorph and

fast phase transition behavior [66].

Currently, PCM discovery has remained largely focused on chemical modifications of

existing systems, such as doping known compositions or substituting one end-member com-

pound with chemically related analogs [58]. The thermodynamics of mixtures across the

broader chalcogenide PCM space remain poorly understood. In particular, there has been no

systematic assessment of mixtures along binary-binary tie lines with respect to phase stability,

miscibility, and metastable polymorphs. This gap limits both mechanistic understanding and
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rational materials discovery.

In this work, we evaluate candidate PCM systems from a thermodynamic perspective,

motivated by the Ostwald-like crystallization behavior observed in GST. Using first-principles

calculations, we systematically evaluate the energetics of ternary compositions, including gr-

ound-state and metastable polymorph phases, along the tie lines of binary-binary mixtures in

chalcogenide semiconductors. We compare our results with available experimental literature

to validate the approach and to rationalize why some chalcogenide mixtures are more promis-

ing PCM candidates than others. By comparing the energies of experimentally known and

candidate polymorphs, we identify systems with low-energy meta-stable structures, such as

RS-like phases in GST, that could enable fast phase transition.

4.3 Results

Candidate ternary PCMs are derived from mixtures of binary chalcogenides. We first

identify pairs of binary compositions to mix that are promising for our proposed framework

and then generate the corresponding derivative ternary structures for a range of compositions

and along the selected tie lines (Section 4.3.1). GST is then examined as a representative system

in Section 4.3.2 to validate our approach and the thermodynamic framework motivated by

Ostwald’s rule. Sections 4.3.3 – 4.3.5 present the calculated results for the remaining candidate

systems and their implications.
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4.3.1 Generation of Candidate Materials

We first identify prospective mixtures of binary chalcogenide compositions in the com-

position space Si, Ge, Sn, Sb, or Bi with Se or Te, which includes many known PCM systems.

For each binary composition, we consider only experimentally known phases or the lowest

DFT-energy structures from the Materials Project (MP), and screen them according to the fol-

lowing criteria. Because we focus on ternary mixtures like GST, the two binary compounds

must have one element in common. To select mixtures that are more likely to form single-

phase materials like GST, at least one polymorph from each binary must belong to the same

crystal family. The two binaries must be connected by a tie line (allowing for known ternary

compounds along the tie line, e.g. Ge2Sb2Te5 between GeTe and Sb2Te3) using the MP phase

diagram based on DFT energies, since otherwise phase segregation would be expected in the

mixture. This procedure identifies 30 candidatemixtures (summarized in Table 4.1), including

the GeTe – Sb2Te3 mixture corresponding to the well-known GST system.

In general, most tellurides have a polymorph in the hexagonal crystal family, with close-

packed layered structures with octahedral cation coordination (see Figure 4.1 c – e for the rele-

vant GeTe and Sb2Te3 structures). In contrast, selenides generally havemore structurally com-

plex orthorhombic polymorphs with a wider range of coordination environments. For exam-

ple, orthorhombic Sb2Se3 (Materials Project IDmp-2160) has an Sb site with square pyramidal

coordination, and orthorhombic Bi2Se3 (Materials Project ID mp-23164) has Bi in square-face

capped trigonal prism coordination.

Next, for each candidatemixture, ternary structures were generated over a range of com-

positions by interpolating between the parent binary compositions along the tie line (Figure 4.1
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a). The structures were constructed from the parent binary phases using defect reactions in-

volving cation or anion vacancies (Methods), consistent with the high concentration of cation-

site vacancies observed in the RS phase of GST over a wide composition range.

4.3.2 GST Polymorph Structures and Energies

Among the 30 candidate mixtures identified (Table 4.1), this procedure correctly recov-

ers the well-known GST system, i.e. the GeTe – Sb2Te3 mixture (Figure 4.1 a). Figure 4.1

b shows the energies of individual Ge2Sb2Te5 structures generated from each of the GeTe or

Sb2Te3 polymorphs. Figure 4.1 f and g show the lowest energy structures of Ge2Sb2Te5 derived

from the RS (Figure 4.1 c) and hexagonal (Figure 4.1 d) parent binary structures, respectively.

The lowest-energy GST structures generated by our algorithm also show the same vacancy or-

dering and similar Ge and Sb ordering as those by Da Silva et al. [65], confirming our structure
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Table 4.1: Candidate binary mixtures and their matching crystal families. Crystal
families: c=cubic, h=hexagonal, m=monoclinic, o=orthorhombic, t=tetragonal.
For mixtures with multiple matching polymorphs, all matching crystal families
are shown. Additional selected mixtures are included in the Supplemental Infor-
mation.
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generation approach.

Figure 4.2 a shows the DFT energy as a function of composition for the derived ternary

structures in the RS phase of the GST system generated by our algorithm. Figure 4.2 b shows

the energy distribution and minimum energy of the RS, hexagonal, and R3̄m phases across

the GST tie line. The hexagonal-phase ternary mixtures of GeTe and Sb2Te3 have minimum

energies less than 25 meV / atom, which is used in this study as the cutoff for ternary-mixture

stability. Our calculations correctly predict thatmixtures ofGeTe and Sb2Te3 form single-phase

ternary compounds, agreeing with the experimental observation of single-phase ternary com-

pounds like Ge2Sb2Te5, Ge1Sb2Te4, Ge1Sb4Te7, etc [58].

The hexagonal phase is identified as the ground-state structure, and the RS is identified

as slightly metastable with energy difference of < 10meV / atom, in agreement with the exper-

imental observations [61] and previous results [65]. By contrast, the ternary mixture derived

from the R3̄m Sb2Te3 phase is far above the 25 meV / atom cutoff. These results are consis-

tent with experiments and support Ostwald’s rule explanation for the crystallization pathway

of GST, that the metastable RS phase crystallizes first followed by the ground-state hexagonal

phase [61–63].

4.3.3 Telluride Mixtures

Here we present the results of our calculations for the remaining telluride candidate

mixtures. Figure 4.3 shows the energy of different polymorphs as a function of composition

for the multi-cation telluride systems, with the GST system shown in the first row, second

column, as a simplified version of Figure 4.2 b.
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Figure 4.1: a) The Ge-Sb-Te ternary composition space, showing the GeTe – Sb2Te3
tie line and select mixing compositions. b) The energies of structures in different
phases of Ge2Sb2Te5. c) Rock salt GeTe structure. d) Hexagonal GeTe structure. e)
Hexagonal Sb2Te3 structure. f) The lowest-energy generated Ge2Sb2Te5 structure
in the hexagonal phase. g) The lowest-energy generated Ge2Sb2Te5 structure in
the rock salt phase. The translucent structures overlaid on f and g are the parent
structures d and c.
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The GeTe – Bi2Te3 mixture has the same phases as GST. The hexagonal phase mixture

energies are in the range of 15 to 25 meV / atom, and RS phase mixtures are 15 to 35 meV

/ atom, and R3̄m phase mixtures are much higher at 40 to 75 meV / atom. Similar to GST,

our calculations indicate single-phase formation in this mixture, and a kinetically accessible

RS phase 0 to 10 meV / atom higher in energy than the hexagonal phase. This agrees with

experimental observations that this system has been synthesized without phase segregation,

including compositions with < 50 % Bi2Te3 [66]. Experiments also find either the amorphous

or RS phase as deposited and the hexagonal phase upon annealing [66]. Experiments also

show this system has similar crystallization times as GST [66], supporting our Ostwald-rule

framework.

In the GeTe – SnTe mixture, the hexagonal phase is consistently below 25 meV / atom,

while the energy of the ternary RS phase is about 25 to 50 meV / atom, decreasing monoton-

ically as a function of SnTe fraction. Experimentally, GeTe and SnTe form a continuous solid

solution, in agreement with the consistently low energy of the hexagonal phase [67]. The low

energy of the metastable RS polymorph phase corresponds with an increase in crystallization

speed; in agreement with the crystallization measurements of this mixture that adding SnTe

accelerates the crystallization of GeTe [68].

In the Sb2Te3 – Bi2Te3mixture, the common polymorph, the R3̄mphase, has a uniformly

Figure 4.2: a) The energies of ternary structures in the rock salt phase along the
GeTe – Sb2Te3 tie line. Each vertical group corresponds to the composition below
it, with some horizontal jitter added to prevent overlapping. The violin plots show
the kernel density estimate of the energy distribution. b) The energy distributions
(violin plot) and minimum energies (marker) as a function of composition for the
rock salt, hexagonal, and R3̄m phases of GST. Energies above 100 meV / atom are
not shown for clarity.
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low energy < 10 meV / atom across the entire composition range, suggesting a solid solution.

Indeed, a solid solution with the R3̄m structure is observed experimentally [69]. No other

polymorphs, such as a RS phase, were reported in the experiments with increasing quench

rate [69], in agreement with the single low-energy phase predicted in our computation (Fig-

ure 4.3). The lack of a RS-like polymorph suggests Sb2Te3 – Bi2Te3 wouldn’t have fast, GST-like

crystallization. Indeed, optical PCM experiments with this mixture required long laser irradi-

ation times of 40 𝜇s to achieve the crystalline state [70].

The last column of Figure 4.3 contains mixtures of GeTe, SnTe, and Bi2Te3 with SiTe2.

These candidate mixtures exhibit erratic DFT energy across the tie-line. SiTe2 is predicted to

decompose into Si and Te using the r2SCAN functional, so its endpoint lies above the horizon-

tal axis. The presence of low energy compositions (< −10 meV / atom) among high energy

compositions (> 50 meV / atom) suggests that specific ordered structures are stable, but with

limited compositional and structural flexibility. These materials are thus likely to not have

the phase transition behavior as we expect from our Ostwald rule perspective. There is no

experimental exploration of these mixtures in the PCM literature.

For the SnTe – Sb2Te3 and SnTe – Bi2Te3 mixtures, both the hexagonal and RS phases

have energies below 10 meV / atom and their difference in energy is negligible, suggesting

Figure 4.3: The minimum DFT energies of ternary structures in each phase as
a function of composition along telluride tie lines. The schematic illustrates the
stability and metastability of ternary phases with the 25 meV / atom cutoff (the
gray shaded region) for stability, above which ternary compositions are expected
to phase segregate into their parent binary compositions. Rows and columns cor-
respond to the left and right binary compositions, respectively, ordered as: GeTe,
SnTe, Sb2Te3, Bi2Te3, and SiTe2. Horizontal axes are in units of atomic fraction of
the right-hand composition.
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that ternary compositions can form single phase. In agreement, single-phase ternary com-

pounds with the same layered structures as the GST compounds (Figure 4.1) are experimen-

tally reported [71, 72]. In the literature, nearby mixtures Sn𝑥Te100−𝑥 (𝑥 < 0.35) – Sb2Te3 were

reported to have similar layered structures as GST and required less power to switch compared

to GST [73]. Consistent with the Ostwald-rule framework, these results suggest SnTe – Sb2Te3

and SnTe – Bi2Te3 are promising candidate mixtures.

4.3.4 Selenide Mixtures

Figure 4.4 shows the energy of different polymorphs in the candidate selenide mixtures.

The selenides generally have higher energies above hull than the tellurides and more diverse

structures. Many of the parent binary structures have large primitive unit cells (e.g., 20 atoms

for Sb2Se3), which limits the accessible compositions.

TheGeSe – Sb2Se3mixture is the selenide analogue of GST. GeSe is predicted to not be on

the energy convex hull by the r2SCAN functional. DFT predicts all ternary polymorphs have

energy above 40 meV / atom, indicating likely phase separation. Non-RS polymorph phases

are also high in energy (> 50 meV / atom). GeSe – Sb2Se3 does not exhibit the thermodynamic

features that our framework identifies as favorable for fast-switching PCM behavior, and is

known to be a poor PCM, with little appearance in the PCM literature.

The ternary compositions in the GeSe2 – SnSe, GeSe2 – Sb2Se3, and GeSe2 – Bi2Se3 mix-

Figure 4.4: The minimum DFT energies of ternary structures in each phase as a
function of composition along selenide tie lines. Rows and columns correspond to
the left and right binary compositions, respectively, ordered as: GeSe2, GeSe, SnSe,
Sb2Se3, Bi2Se3, and SiSe2. Horizontal axes are in units of atomic fraction of the
right-hand composition.
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tures all have high energies 40 meV / atom or higher, indicating phase separation. Experi-

mentally, GeSe2 mixtures have mostly been studied for their glass-forming ability and gener-

ally phase segregate upon crystallization [74–76], in agreement with the DFT results, making

them poor PCMs.

For GeSe – SnSemixture, the energies of the ternary orthorhombic phase are between 25

to 50 meV / atom, while the RS phase is between 50 to 100 meV / atom. These results indicate

that the orthorhombic phasemay form solid solution over a part of composition range, and the

RS phase is likely too high in energy to appear during crystallization, preventing fast crystal-

lization. An experiment with Ge2Se3 / SnSe stacks (similar to GeSe – SnSe mixtures) reported

switching behavior when the two compounds were made to alloy, but no measurements of

crystallization speed were reported [77].

The trends of polymorph energies in GeSe – Bi2Se3 are similar to those of GeSe – Sb2Se3.

The ternary compositions have energies above hull of 30 meV / atom, indicating likely phase

segregation. This mixture, similar to GeSe – Sb2Se3, is not expected to be good a PCM and has

little appearance in the PCM literature.

SnSe – Sb2Se3 also appears similar to GeSe – Sb2Se3. SnSe shares the same orthorhombic

andRS polymorphs as GeSe but is predicted to be on the convex hull by the r2SCAN functional.

The energies of some SnSe-based polymorphs are up to 30 meV / atom lower than in GeSe –

Sb2Se3, though still above 40 meV / atom. Single-phase ternary compounds (e.g. Sn2Sb2Se5)

with orthorhombic structures have been found experimentally [78]. Overall, SnSe – Sb2Se3

mixture does not satisfy the thermodynamic features of our framework.

Unlike Sb2Te3 – Bi2Te3 mixture, the selenides Sb2Se3 and Bi2Se3 don’t share the same

ground state polymorph. The ternary structures from both polymorphs of this mixture have
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energies consistently below 25 meV / atom, increasing as the composition deviates from their

parent binaries. The calculated energies indicate the favorable ground state structure changes

near the middle of the tie line, consistent with the experimental observation of the phase

change near 70 % Bi2Se3 [79]. The DFT results do not show the thermodynamic features of

our framework, which may help explain the limited reports on the PCM behavior of this sys-

tem in the literature.

TheGeSe2 – SiSe2 ternary compositions havemuch lower energies compared to the other

mixtures with either GeSe2 or SiSe2. Like Sb2Se3 – Bi2Se3, the two binaries have different

ground state polymorphs. The energy of the GeSe2 polymorph (10 to 25 meV / atom) is con-

sistently below that of the SiSe2 polymorph (25 to 45 meV / atom). As suggested by these DFT

results, a single-phase mixture based on the tetragonal GeSe2 phase may form over a range of

this composition on the tie line, with the SiSe2-derivedmixture polymorph with a close energy

over a narrow composition range. This behavior is distinct from the low-energy metastable

polymorph landscape targeted by our framework, and we therefore do not expect this mixture

to exhibit GST-like fast-switching behavior.

SiSe2 mixtures have similar results to their GeSe2 counterparts. SnSe – SiSe2, Sb2Se3 –

SiSe2, Bi2Se3 – SiSe2, and GeSe – SiSe2 all have very high (> 50 meV / atom) energies for their

ternary structures. These mixtures likely behave like most of the GeSe2 mixtures, including a

tendency towards phase segregation. This is consistent with an experimental study of Si dop-

ing in GST, in which Si was found to separate into a Si-rich phase [80]. Similarly, experimen-

tal studies of Si-doped Sb2Se3 find that Si phase-segregates upon recrystallization, forming a

nanocomposite of Sb2Se3 grains in an amorphous Si-rich matrix [81], consistent with the high

predicted energies for similar Sb2Se3 – SiSe2 mixtures in our calculations. Although in these
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studies, such Si-rich phase separation may reduce the reset power of PCM devices by acting as

high-resistance micro heaters [80] or enable tailoring of optical phase-change properties [81],

this is not the GST-like behavior targeted by our framework for a fast-switching PCM.

The SnSe2 – Bi2Se3mixture is the only selenide candidatemixture with a hexagonal crys-

tal family match, like the tellurides, but the energy results are similar to those of other se-

lenides. The ternary compositions have high energies above 50 meV / atom, indicating phase

separation. Indeed, experiments find this mixture has limited solubility [82]. Unlike the SnSe

– Bi2Se3 system, this system also does not show a low-energy RS polymorph. Thus, we do not

expect it to exhibit GST-like PCM behavior.

Among these selenide mixtures, SnSe – Bi2Se3 mixture shows the thermodynamic fea-

tures similar to GST. In this mixture, the energy of the RS polymorph phase is low at about

20 meV / atom, on par with GST. Single-phase ternary compounds have been found in this

system as well (e.g. Sn4Bi2Se7), and with RS structures like those of the GST compounds [83].

SnSe – Bi2Se3 doesn’t appear in the PCM literature, but the energy fits our framework andmay

be a promising PCM candidate mixture among the selenides.

Overall, the selenidemixtures have higher energies and are thusmore likely to phase seg-

regate that the tellurides. Selenides also show fewer low-energy polymorphs than tellurides,

and their polymorphs are generally higher in energy. As a result, they generally do not exhibit

the features identified in GST and targeted by our framework. These factors may help explain

why selenides appear less frequently than tellurides as PCMs in the literature.
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4.3.5 Multi-Anion Mixtures

Lastly, we present the results for mixtures of selenides and tellurides in Figure 4.5. We

consider only mixtures in which the cation valence does not change, which excludes GeTe –

GeSe2 and SnTe – SnSe2.

For GeTe – GeSe, the energies of the ternary compositions are above 25 meV / atom

due to the high energy of GeSe. The lowest energy structure transitions from the hexagonal

GeTe phase to the orthorhombic GeSe phase, while the RS phase remains consistently 40 meV

/ atom above the hexagonal phase, reaching 60 to 100 meV / atom. This suggests that as the

concentration of GeSe increases, thismixture ismore likely to phase segregate and less likely to

exhibit the RS phase. Experimentally, mixtures with up to 70 %GeSe have been demonstrated,

and the addition of GeSe significantly slows crystallization speed [68], in agreement with the

increasing energy of the RS phase.

The Bi2Te3 – Bi2Se3 predictions look nearly identical to those of the Sb2Te3 – Bi2Te3

system. These two binaries also have the same structure, and the ternary compositions be-

tween them all have low energies below 10 meV / atom, indicating a favorable solid solution.

Like Sb2Te3 – Bi2Te3, there is nometastable polymorph present to facilitate fast crystallization.

Bi2Te3 – Bi2Se3 solid solutions have been experimentally demonstrated for thermoelectric and

optical applications [84], but don’t appear in the PCM literature.

Like GeTe – GeSe, the SnTe – SnSemixture shows a transition in the lowest energy phase

be-tween the hexagonal and orthorhombic phases, but the ternaries compositions are much

lower in energy (20 to 50meV / atom). The energy of the RS phase is 25 to 50meV / atom, only

a fewmeV / atom above the hexagonal phase. These results suggest that thismixturemay form
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the RS phase if the concentration of SnSe is not too high. This system exhibits the thermody-

namic features targeted by our framework, although phase segregation may be likely due to

the relatively high energies. In agreement, differential scanning calorimetry measurements of

Sn𝑥Se80−𝑥Te20 glasses showed multi-step crystallization, like GST [85], and phase segregation

was also observed [85].

Figure 4.5: The minimum DFT energies of ternary structures in each phase as a
function of composition along multi-anion tie lines. Horizontal axes are in units of
atomic fraction of the right-hand composition.

4.4 Discussion

In this work, we examined ternary chalcogenide mixtures from a thermodynamic per-

spectivemotivated by theOstwald-like crystallization behavior of GST.Within this framework,

fast-switching PCM candidates are expected to exhibit both a low-energy ground-state crys-

talline phase and also a low-energy metastable polymorph, particularly a RS-like phase, that

may provide a kinetically accessible intermediate during crystallization. The results for the

GST system serves as a validation for this framework. Our calculations correctly identify the
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hexagonal phase as the ground state and the RS phase as slightly metastable, in agreement

with prior calculations and experiments. Similarly, the calculations reveal the favorable low-

energy polymorph landscape of the GeTe – Bi2Te3 system, which is also consistent with fast-

switching behavior observed experimentally. These thermodynamic analyses also correctly re-

produce several known behaviors in mixed chalcogenide systems, including the ground-state

structures, phase transitions, solid-solution formation, and tendency to phase segregate. It

also shows that selenides generally lie higher in energy, are more prone to phase segregation,

and less often exhibit favorable low-energy polymorphs, which may help explain why they

are less common than tellurides in the PCM literature. These agreements suggest that these

first-principles thermodynamics analyses of the polymorph energetics provide a useful frame-

work for rationalizing why some binary-binary mixtures are more favorable than others and

for identifying potential PCM systems.

Guided by this framework, several mixtures emerge as promising candidates for further

exploration. In particular, SnTe – Bi2Te3 and SnSe – Bi2Se3 both exhibit low-energy RS phases

comparable to those of known fast-switching systems, and SnTe – SnSe shows a substantially

lower RS energies than GeTe – GeSe. These systems are also experimentally accessible, as re-

ported in thermoelectric literature, andmerit experimental evaluation for PCM-relevant prop-

erties, including crystallization kinetics, cyclability, and application-relevant optical or electri-

cal contrast.

The trends observed across the composition space also suggest a broader structural de-

sign principle. Binary parent phases with octahedral coordination environments similar to

those of RS-derived structures are more likely to yield low-energy RS-like ternary polymorphs.

For example, the SnSe – Sb2Se3 system with only orthorhombic parent structures with differ-
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ent or highly distorted octahedral coordination compared to the SnSe – Bi2Se3 system, which

benefits from the hexagonal Bi2Se3 parent structure which has RS-like octahedral coordina-

tion. This difference is consistent with themuchmore favorable RS-like polymorph landscape

predicted for SnSe – Bi2Se3.

These results suggest that future PCM discovery efforts may extend beyond the binary

compositions studied here by targeting mixtures whose parent compounds share compatible

octahedral structural motifs, such as TiTe2 with GeTe and Sb2Te3. The computational frame-

work can also be extended to mixtures of three binaries or even higher component systems.

For example, our results suggest that quaternary PCMs, such asGeTe – SnTe – Sb2Te3, combine

mutually compatible binary mixtures and may exhibit the favorable polymorph features.

While we focus on identifying single-phase materials in this work, phase segregation

can in some cases be used beneficially for tailoring PCM properties [81]. For example, re-

cent work on Si-incorporated Sb2Se3 showed that phase segregation into nanocomposites can

be exploited as a design strategy for tuning optical phase change behavior. Although phase

segregation is generally unfavorable within our GST-inspired framework for identifying fast-

switching single-phase PCM systems, this requirement varies by the target application. This

suggests a broader direction for future materials discovery, in which phase segregating sys-

temsmay also be explored intentionally when the goal is to engineer optical, thermal, or other

properties rather than replicating GST-like fast switching mechanisms.

Further improvement can be made to the limitations in the current computation ap-

proach. First, the DFT calculations are performed at 0 K and do not explicitly include

temperature effects. To incorporate temperature effects based on experimental conditions,

temperature-dependent descriptors [86] or statistical approaches based on Monte Carlo sim-
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ulations may be conducted [87]. Second, the present analysis evaluates energies relative

to the convex hull of crystalline phases, and the relative energies between amorphous and

crystalline phases are not captured directly. Incorporating amorphous structures would pro-

vide additional insight, but obtaining reliable amorphous configurations generally requires

computationally demanding molecular dynamics simulations. The present work focuses on

thermodynamic polymorph landscapes and does not directly compute crystallization kinet-

ics [88], although there is the potential to extract some kinetic information from the energy

distributions of the ordered ternary structures. Molecular dynamics simulations may also

be used to directly study the phase transition mechanisms, including the nucleation and

growth of the crystalline phase from the amorphous state [89], providing detailed mecha-

nisms of crystallization kinetics in promising candidate systems identified by our framework.

Application-relevant functional properties, including resistivity or optical contrast, are also

not calculated. These remain important directions for future work.

4.5 Methods

4.5.1 Candidate Binary Selection

We collected the candidate binary structures from the Materials Project [90]. We ex-

cluded non-stoichiometric compositions, such as SbTe2, which approximates the Sb – Te eu-

tectic composition Sb30Te70, because they are unlikely to behave like the stoichiometric binary

parent compounds GeTe and Sb2Te3 which form GST.

To identify whether a pair of binary compositions is connected via a tie line in the 0

K DFT-predicted phase diagram, we use a combination of graph search and tools from py-
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matgen [91]. We construct the DFT phase diagram using the phase diagram tool from pymat-

gen [92,93] all theMaterials Project entries in the relevant composition space. We then convert

the phase regions in the phase diagram into a graph, in which tie lines are edges connecting

composition vertices. We next use the A* algorithm [94] to find the shortest path between the

two binary composition nodes in the graph. If all compositions on the shortest path between

the two binaries were collinear, the two binaries were considered to be connected by a tie line,

and were retained as a candidate pair.

Some binary compounds, such as SiTe2, GeSe, and BiSe2, are only predicted to be on

the convex hull using GGA functional calculations and are predicted to be unstable by higher

fidelity r2SCAN [95] calculations. We still consider these compositions.

4.5.2 Vacancy Charge Compensation

When interpolating between the binary compositions to produce ternary compositions,

we automatically determined the appropriate vacancy defect reaction for charge balancing

based on the oxidation states of the relevant species. If the dopant and substituted species

have the same oxidation state, no charge compensation is required. If the oxidation state of

the dopant species is greater in magnitude than that of the substituted species, then additional

vacancies are added on the substituted species sublattice. Otherwise, vacancies are added to

the other sublattice of the binary structure. If there are multiple possible substituted species,

due to cation multi-valence, we ignore these structures as they would require a more complex

ordering scheme. The resulting compositions of the ternary structures were limited to simple

stoichiometric ratios with denominators less than 6 (e.g., Ge2Sb2Te5 and not Ge7Sb8Te19) and
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to compositions achievable with less than 100 atoms.

4.5.3 Ternary Structure Ordering

Given the ternary compositions and parent binary structures, we used EnumLib [96]

via pymatgen to generate the ternary structures. The cation and anion sublattices of the par-

ent structures were updated with the fractional occupation of the three species in the ternary

composition. Then EnumLib was used to enumerate all the symmetrically distinct atomic or-

derings with the minimum supercell size. We determined the possible compositions and their

required minimum supercell size using the procedure outlined in pseudocode in Figure 4.6.

We only considered compositions with simple stoichiometric ratios (i.e., with a denominator

of less than 6). After ordering, we discarded composition-structure combinations with more

than 1,000 ordered structures because they were not computationally practical for DFT calcu-

lations.

structures = {}
compositions = {}
sizes = {}

for all supercell sizes such that the number of atoms is < 100:
for all defect reaction multiples that fit in the supercell:

determine the number of each species
calculate the corresponding dopant / substituted fraction
if the fraction is simple and not in compositions:

assign the fractional occupancy to the parent structure
add the resulting unordered structure to structures
add the composition to compositions
add the supercell size to sizes

Figure 4.6: Algorithm pseudocode for determining ternary compositions and re-
quired supercell sizes, given a dopant species and a parent binary structure.
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4.5.4 DFT Calculations

We performed the DFT calculations using a combination of Perdew – Burke – Ernzer-

hof (PBE) [97] and r2SCAN [95] calculations. The ordered ternary structures generated by

EnumLib were first relaxed using the less expensive PBE functional, then the more expensive

r2SCAN functional was used to calculate a more accurate energy of the relaxed structure.

The DFT calculations were performed with the Vienna Ab initio Simulation Package

(VASP) [98]. All calculations were performed using automatically generated Materials Project

compatible VASP inputs created by pymatgen [91]. The ternary structure energy values re-

ported in this work were calculated with respect to the entries in the Materials Project [90],

also calculated using pymatgen [91].
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Chapter 5: Summary and Future Work

5.1 Summary

Chapter 2 presents a technique for human-artificial intelligence collaboration in the field

of autonomous materials phase mapping and shows that by drawing boundaries and regions

on predicted phase maps, human experts can meaningfully accelerate an autonomous experi-

ment. Chapter 3 explores a compelling potential use case for quantum kernel machine learn-

ing in autonomous materials discovery and demonstrates that quantum kernel models can

require less training data than classical kernel models for a specific supervised x-ray diffrac-

tion classification task. Chapter 4 conducts thermodynamic analyses based on density func-

tional theory for searching for candidate ternary phase change materials and identifies several

promising Sn-basedmixtureswhich are underexplored in the phase changematerial literature.

Taken together, these works illustrate several ways computation can be used to facili-

tate data-driven materials discovery. Each project takes a different approach, but they share a

common goal of accelerating the discovery of newmaterials. All of these approaches: improv-

ing machine learning interpretability, reducing machine learning training data requirements,

identifying candidate materials, and complementary components for solving the challenge of

navigating the space of possible materials.
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5.2 Future Work

For each of the studies in this thesis, there are opportunities to continue building on the

finished work. For Chapter 2, one could explore integrating human input into the automated

analysis of the x-ray diffraction patterns from which phase maps are constructed. For Chapter

3, one could explore additional quantum kernel feature map circuits that are specifically con-

structed for materials science data. For Chapter 4, one could further expand the composition

space in which the search for candidate materials is performed. The broader challenge, how-

ever, is not only to improve each of these individual approaches, but also to integrate them

into a cohesive materials-discovery framework. The full potential of data-driven materials

discovery will likely require combining high-throughput experiments, computation, machine

learning, and autonomous decision-making into unified workflows that can efficiently iden-

tify, characterize, and optimize new materials.
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Appendix A: Supplemental Information for Quantum Kernel Machine

Learning for Autonomous Materials Science

A.1 Calculation of Model Complexity and Geometric Difference

In order to calculate the geometric difference and model complexity using the equations

in Ref. [38], we used the Singular Value Decomposition as implemented in NumPy:

import numpy as np

# calculate the SVD of the classical and quantum matrices
cU, cS, cVh = np.linalg.svd(classical_kernel_matrix, hermitian=True)
qU, qS, qVh = np.linalg.svd(quantum_kernel_matrix, hermitian=True)

# use the SVD to calculate the square root and inverse matrices
sqrt_qK = qU @ np.diag(np.sqrt(qS)) @ qVh
inv_cK = cVh.T @ np.diag(cS**(-1)) @ cU.T

# calculate the singular values of the prescribed matrix product
tS = np.linalg.svd(sqrt_qK @ inv_cK @ sqrt_qK, compute_uv=False)

# calculate the geometric difference from the singular values
g_cq = np.sqrt(np.max(tS))

# calculate the other inverse matrix
inv_qK = qVh.T @ np.diag(qS**(-1)) @ qU.T

# calculate the model complexities
s_C = 0
s_Q = 0

for i in range(inv_cK.shape[0]):
for j in range(inv_cK.shape[1]):

s_C += inv_cK[i, j] * (1 if true_labels[i] == true_labels[j] else -1)
s_Q += inv_qK[i, j] * (1 if true_labels[i] == true_labels[j] else -1)

A.2 Construction of Engineered Labels

Similarly, we use the construction from the supplemental information of Ref. [38] to

create the engineered labels.

# calculate the eigenvalues and eigenvectors of the prescribed matrix
product eig_vals, eig_vecs = np.linalg.eig(sqrt_qK @ inv_cK @ sqrt_qK)

# threshold the values in the eigenvector with the largest eigenvalue to create the labels
engineered_labels = np.array([0 if x < 0 else 1 for x in sqrt_qK @ eig_vecs[:, 0]])
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A.3 Kernel Matrices and Performance Data Replots

Figure A.1: A re-plot of the kernel matrices, all with the logarithmic scale.
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Figure A.2: A re-plot of the kernel matrices, all with the linear scale.
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Figure A.3: The absolute accuracy of each of the kernels, as opposed to the relative
accuracy of the quantum kernel, on the material science supervised learning task.
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Figure A.4: The absolute accuracy of each of the kernels, as opposed to the relative
accuracy of the quantum kernel, on the engineered label supervised learning task.
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Figure A.5: Some confusion matrices for the materials science supervised learning
task. The above confusion matrices are the sum of the 20 confusion matrices for
each random training set sample.
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Appendix B: Supplementary Information for First-Principles Thermody-

namic Analysis of Ternary Chalcogenide Phase Change

Materials

B.1 Results for Additional Select Mixtures

B.1.1 In – Se Mixtures

InSe – Bi2Se3 mixtures have high energy near or above 50 meV / atom, indicating likely

phase separation. InSe – SiSe2 behaves similarly to most of the other SiSe2 mixtures: most

compositions are high in energy, but some specific compositions have negative energy above

hull. This indicates that InSe – SiSe2mixtures are also compositionally and structurally inflex-

ible and thus don’t meet our criteria for a promising PCM candidate. Neither mixture appears

in the PCM literature.

The In2Se3 – Bi2Se3 system has two similar polymorphs close in energy between about

20 to 40 meV / atom. Of the pair of polymorphs, the P3̄m1 In2Se3 polymorph isn’t the lowest

energy polymorph. So, as the composition gets closer to In2Se3, the P61 In2Se3 is more likely

to appear. However, energy of this polymorph is high enough that there is likely a large range

of compositions where the two P3̄m1 polymorphs are dominant and the mixture is promising

PCM candidate. In2Se3 – SnSe2 mixtures, however, are above 40 meV / atom and likely to

simple phase segregate. Neither mixture appears in the PCM literature, although In2Se3 on its

own has been explored [99].
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Figure B.1: TheminimumDFT energies for structures in different phases as a func-
tion of composition for mixtures with In – Se binaries.
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B.1.2 Miscellaneous Mixtures

All of the GeTe – Ga2Te3mixtures are above 50meV / atom indicating phase segregation,

in agreement with experimental measurements of the pseudobinary phase diagram [100]. The

mixture doesn’t appear in the PCM literature, but some experiments have been performedwith

Ga2Te3 on its own [101].

Figure B.2: TheminimumDFT energies for structures in different phases as a func-
tion of composition for miscellaneous mixtures.

Sb2Te3 and In2Te3 share a common polymorph, but unlike Sb2Te3 – Bi2Te3, the R3̄m

polymorph isn’t the lowest energy polymorph of In2Te3. This causes the energy of themixtures

to trend upward, up to 50meV / atom, indicating themixture is less stable as the concentration

of In2Te3 increases. In practice, doping Sb70Te30 with small amounts (< 10 at. %) of In is used

to create AIST, another well performing PCM.
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