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Phase diagrams provide considerable information that is vital for materials exploration. However, the
determination of multidimensional phase diagrams typically requires a significant investment of time,
cost, and human resources owing to the necessity of numerous experiments or simulations. Machine
learning and artificial intelligence techniques present a viable solution for expediting phase diagrams
investigations. Additionally, effective visualization is critical for understanding phase diagrams. This
study reports the development of AIPHAD (Artificial Intelligence technique for PHAse Diagram), an
open-sourcewebapplication to assist in the investigation andvisual understandingof phasediagrams
using active learning. AIPHADemploys PDC (PhaseDiagramConstruction) algorithm, which operates
on the principle of uncertainty sampling in active learning. The AIPHAD application facilitates the
examination of five diagram types: two-variable diagrams, three-variable diagrams, ternary sections,
ternary phase diagrams, and quaternary sections. The efficacy of the application is demonstrated in
the study of the Fe-Ti-Sn ternary system, where it efficiently identified the presence of the Heusler
phase. The integration of machine learning tools with traditional materials science approaches
showcased in this study has the potential to drive groundbreaking advancements in materials
exploration and discovery.

A phase diagram serves as an essential tool in materials science, providing
detailed mappings of various phases and their transformations on changes
in thermodynamic variables such as temperature, pressure, and composi-
tion. Extensive research in materials science has led to the development of
numerous phase diagrams for alloys and compounds1–4; the study of phase
diagrams for magnetic structures is also prevalent in condensed-matter
physics5–7. However, generating a phase diagram typically involves a mul-
tidimensional search space requiring extensive experiments or simulations,
which can be resource-intensive in terms of time, cost, and human effort.

The advent of data-driven approaches in materials research8–12

has seen the emerging application of these methodologies to phase

diagrams. Machine learning techniques enable the prediction of
phase diagrams for previously unexplored materials based on existing
phase diagrams, thereby circumventing the need for additional
experiments or simulations. Applications of machine learning in this
domain include predicting phase formation in high-entropy alloys13,
stability of quasicrystals14, coexisting phases in ternary sections15, and
phase boundaries in binary systems16. In condensed-matter physics,
data-driven techniques have been employed to analyze simulation-
based phase diagrams for studies on critical phenomena, including
research on strongly correlated fermions17 and topological quantum
systems18–20.
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Developments in active learning for phase diagram analysis have led to
methodswhere the algorithmproposespivotal experiments fordelineating a
phase diagram. This process involves three iterative steps: (i) identifying the
most informative experiments through a machine learning model, (ii)
conducting these experiments, and (iii) retraining the machine learning
model with the newly acquired data. In uncertainty sampling, the infor-
mative experiments are gauged by the uncertainty in predictions, with
Gaussian process regression commonly used for uncertainty evaluation.
While active learning approaches based on Gaussian process regression
have been explored for phase diagrams21–23, adapting them for multiple
discrete categories, typical in phase diagram investigations with various
phase types, necessitates the implementation of an appropriate acquisition
function.

To address the challenge of multiple discrete categories, an active
learning method known as the PDC (Phase Diagram Construction) algo-
rithm was developed24–27. This algorithm is based on the label propagation
(LP) approach, a form of semi-supervised learning. Through LP, it becomes
possible to determine the probabilities of unlabeled points belonging to each
phase region. These probabilities are then utilized to assess uncertainty
within the phase diagram, enabling the selection of the most uncertain
points, informative experiments. The efficacy of the PDC algorithm was
evidenced by its ability to reduce the number of required experiments by
20% compared to random experimentation24.

The practical utility of the PDC algorithm was further validated in an
experimental study focusing on the phase diagram for Zn–Sn–P film
deposition using molecular beam epitaxy (MBE)28. Additionally, the algo-
rithm has been applied to ascertain phase boundaries and property transi-
tions. For instance, it facilitated the determination of temperature- and
composition-dependent boundaries between the creep zone and the lower
creep zone in cross-linked polymers29. Consequently, the PDC algorithm
holds significant potential for broad application in both material develop-
ment and fundamental scientific research, particularly where efficient
investigation of boundaries across various categories is crucial. Through the
development of the PDC algorithm and its applications to experiments, we
understood that the visualization technique of the phase diagrams predicted
by the PDC algorithm is important to deepen their understanding. In
particular, since two experimental phase diagrams constructed by the PDC
algorithm28,29 were on a two-dimensional space, an appropriate visualization
technique is essential to construct phase diagrams in a three-dimensional
space, which is not easy to consider even if the researchers are familiar with
phase diagrams.

This paper reports thedevelopment ofAIPHAD(Artificial Intelligence
technique for PHAse Diagram), a web application based on the PDC
algorithm, designed for the investigation and visual understanding of phase
diagrams. It is accessible at https://aiphad.org/. AIPHAD streamlines the
visualization of key experimental proposals, maps of uncertainty, and the
estimated phase diagrams. The application encompasses five types of phase
diagrams: (i) two-variable diagrams; (ii) three-variable diagrams; (iii)
ternary sections; (iv) ternary phase diagrams; and (v) quaternary sections.
Additionally, a Python version of AIPHAD is available on GitHub30. The
utility ofAIPHAD is illustrated through its application in the studyof Fe-Ti-
Sn ternary phase diagrams, which are known to contain Heusler
compounds31,32. The emergence of the Heusler phase is significant, as it is
associated with vital electronic and magnetic properties for practical
applications33,34. AIPHAD’s capability to create and verify estimated phase
diagrams is successfully demonstrated. In developing AIPHAD, we focused
on providing a framework as a web application that can be easily used by
researchers and engineers who are not familiar with programming. We
hope that our user-friendly application will contribute to the efficient
construction of phase diagrams.

The structure of this paper is as follows: Methods section reviews the
PDC algorithm and detail the usage of theAIPHADweb application and its
Python version are explained. Results section presents the experimental
findings obtained from the Fe-Ti-Sn system using the AIPHAD web
application.

Methods
Review of the PDC algorithm
The PDC algorithm commences with the discretization of the phase dia-
gram and an initial setting. The estimation of phase regions and the com-
putation of their uncertainties are conducted using machine learning
techniques. Based on these estimations, informative experiments are sug-
gested, which are then conducted to identify phase information. By itera-
tively executing these steps, phase diagrams are derived from a limited
number of experiments, as illustrated in Fig. 1. Incorporating thermo-
dynamics into this closed-loop investigation further accelerates the process.
The details of each step are shown below.

Initial setting. The process begins by setting up the space for the phase
diagram, with each dimension discretized into candidate points for experi-
ments (Fig. 1). For a phase diagram of dimension d, the discretized position
vector is represented as x 2 Rd ; X ¼ xi

� �
i¼1;...;N denotes the dataset com-

prising N candidate points. An initial training dataset ofM points, known as
labeled data, is prepared from these candidate points, based on completed
experiments. This initial dataset is either derived from pre-existing data or
generated from preliminary experiments using random sampling. The indices
of the labeled data points are denoted as fljgj¼1;...;M . The remaining indices,
i ¼ 1; . . . ;N excluding fljgj¼1;...;M correspond to unlabeled data points. For
the labeled data, the experimentally determined categories within the phase
diagram, such as phase names, coexisting phase names, and regions with large
or small properties, are known. In the AIPHAD implementation, single phases
and coexisting phases have to be categorized as distinct “phases.” For sim-
plicity, all categories in the phase diagram are referred to as “phase.” Each
category in the initial dataset is assigned an integer index from L ¼ f1; . . . ;Cg
when there are C categories. This index serves as a label for the labeled data
points, denoted as ylj 2 L for j ¼ 1; . . . ;M.

Phase estimation. Phase estimation for unlabeled data within the PDC
algorithm employsmachine learning techniques, specifically LP and label
spreading (LS). These methods function as follows:

1. Label propagation (LP): In LP, the labels of the labeled data
fyljgj¼1;::;M are propagated across the datasetX, estimating the probabilities
of each unlabeled data point belonging to various labels. This process begins
by constructing a fully connected graph for X. The weight wij for the edge
connecting the i th and j th datapoints in this graph is definedusing theRBF
kernel as

wij ¼ exp �γjxi�xjj2
� �

; ð1Þ

where γ is a hyperparameter, set as γ ¼ 20 in theAIPHADweb application,
following the default value in the Scikit-learn package35. This value can be
adjusted in thePython software.Usingweightwij, the transitionmatrixT on
the graph is defined, with each element tij representing the transition
probability from the j th to the i th data expressed as

tij ¼
wijPN
k¼1wkj

: ð2Þ

In the subsequent step, a vector pi 2 RC is prepared for each data point,
which represents the probability that it belongs to a phase 2 L for the i th
data. The probability matrix P given by pi

� �
i¼1;...;N is then defined. The

initial state ofP is prepared as follows: For the labeled data in fljgj¼1;...;M , the
elements corresponding to the label of ylj are 1, and 0 for the other element

in pi. For the unlabeled data points, all elements in pi were set to 0. The
probabilitymatrix P is updated through a series of steps using the transition
matrix T . These steps are as follows:
(i) Update operation: Apply the operation P TP.

(ii-1) Normalization: Normalize each pi such that the sum of the elements
becomes 1 for unlabeled data.
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(ii-2) Normalization: Returnpi for the labeled data in fljgj¼1;...;M to the initial
state; that is, the elements corresponding to the label of ylj are 1 and 0
for the other element.

(iii) Convergence check: Repeat steps (i) and (ii) iteratively until the pi
reach convergence.

Upon convergence, each vector pi represents the final probability dis-
tribution across different phase regions for the corresponding data point.
Notably, in the LPmethod, due to the resettingmechanism in step (ii-2), the
probabilities for labeled data points remain consistent with their initial
values, ensuring that their original labels fylj gj¼1;::;M are preserved
throughout the process.

2. Label spreading (LS): TheLSmethod is similar to the LPmethod, but
the label of the labeled data can be changed from fyljgj¼1;:::;M to be more

robust to noise in the labeled data. Similar to the LP method, we prepare a
fully connectedgraph forX and calculate theweightwij for the edgebetween
the i th and j th data points using Eq. (1) when i≠j. Conversely, for i ¼ j,
wij ¼ 0 in contrast to the LP method. Using the prepared wij, transition
matrixT is defined byEq. (2). The probabilitymatrixPwas prepared for the
LP method. The initial value of the probability matrix P is defined as P0.
Probability matrix P is propagated using transition matrix T as follows:

(i) Update operation: Apply the operationP αTP þ ð1� αÞP0, where
0<α<1 signifies the likelihood of changing the label of labeled data,
functioning as a hyperparameter in the LS method.

(ii) Normalization: Normalize each pi such that the sum of its elements
equals 1, applicable across all data points.

(iii) Convergence check: Repeat steps (i) and (ii) iteratively until the pi
reach convergence.

Fig. 1 | Flowchart illustrating the phase diagram construction using AIPHAD.The diagram shows the closed-loop process, which includes phase estimation, uncertainty
score calculation, and conducting experiments.
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In the AIPHADweb application, α is preset to 0.2, aligning with the default
in the Scikit-learn package. However, users have the option to adjust this
value in thePython software tofine-tune theLSprocess according to specific
dataset characteristics or objectives.

Phase diagrams are predicted using the derived pi vectors. For the i th
data point, the label yi ¼ argmaxLpi denotes the predicted phase region.

Uncertainty sampling. The uncertainty map is generated from the
obtained pi vectors, which contain probabilities of belonging to each
phase region2 L for the i th data point. In uncertainty sampling, themost
uncertain point in dataset X is selected for informative experiments. To
quantify uncertainty, three types of uncertainty scores are commonly
used, varying according to the data point x. These scores are defined as
follows:

uLC xð Þ ¼ 1� Pðk1jxÞ; ð3Þ

uMS xð Þ ¼ 1� P k1jx
� �� P k2jx

� �� 	
; ð4Þ

uEA xð Þ ¼ �
XC

k¼1PðkjxÞ logPðkjxÞ; ð5Þ

where elements ofpi are defined asPðkjxiÞwith k 2 L. The indices k1 and k2
represent the elementswith thehighest- and second-highest valuesofPðkjxÞ
respectively. The uncertainty in the phase diagram is quantified using three
different methods, as outlined in Eqs. (3)–(5): the least confident (LC),
margin sampling (MS), and entropy-based approach (EA). These methods
determine the most uncertain point, denoted as x�, which is proposed for
conducting the most informative experiment as

x� ¼ argmax
X

uðxÞ: ð6Þ

Anexperiment conducted at x�, results in the identification of the phase and
an increase in the number of labeled data points. This process is pivotal for
refining the phase diagram and enhancing the accuracy of the machine
learning model.

In scenarios where experiments are conducted in parallel, the meth-
odology requires multiple suggestions. As discussed in ref. 27, two
straightforward but effectivemethods for selectingmultiple candidates have
been identified:

1. Only the uncertainty score (US) ranking: This approach involves
selectingmultiple candidates basedon their descending order of uncertainty
scores.

2. Neighbor exclusionmethod: In thismethod,multiple candidates are
also selected based on their descending order of uncertainty scores. How-
ever, the neighboring points of the selected candidates are excluded to
ensure diversity in the selection. This method incorporates a hyperpara-
meter K , which determines the extent of exclusion. Data points that are
closer than theK thnearest neighborpoints arenot included in the selection.

These strategies are crucial for efficiently exploring the phase diagram
space, particularly when aiming to maximize the information gained from
parallel experiments.

Using thermodynamic considerations. Reference 26. presents a study
focusing on optimizing the investigation of phase diagrams through
thermodynamic considerations. While utilizing the same algorithm as
described earlier, this approach demonstrates that incorporating infor-
mation about coexisting phases and the phase rule can lead to more
efficient construction of phase diagrams. This methodology involves two
key strategies:

1. Utilization of coexisting phases: When coexisting phases are iden-
tified through proposed experiments, it simultaneously generates a sub-
stantial volume of labeled data. For instance, if two coexisting phases are
discovered, the tie line’s endpoints indicate singlephases,while points on the
tie line represent the two-phase region. This information, when used as

labeled data, enriches the machine learning model with extensive phase-
related details from a single experiment.

2. Application of theGibbs phase rule: TheGibbs phase rule serves as a
tool to streamline the search process by excluding specific regions from the
search space. In a ternary phase diagram, for instance, if three coexisting
phases are identified, they form a triangle devoid of any other phases.
Consequently, this area can be excluded from further investigation. This
exclusion significantly reduces the number of candidate points, thereby
enhancing the efficiency of phase diagram determination.

The PDC algorithm remains applicable, with the modification that
data points deemed unnecessary for search are omitted from the dataset X.
This strategic approach not only optimizes the phase diagram exploration
process but also maximizes the information extracted from each experi-
mental result, contributing significantly to the advancement of materials
science research.

Usage of the AIPHAD web application version
The AIPHADweb application was utilized to investigate five types of phase
diagrams: (i) two-variable diagrams, (ii) three-variable diagrams, (iii)
ternary sections, (iv) ternary phase diagrams, and (v) quaternary sections.
These diagrams are represented in either two- or three-dimensional spaces.
The following steps outline the procedure for deriving phase diagrams, as
depicted in Fig. 2:

1. Defining the search space: In the “Search Space”menu, users specify
axis names, parameter ranges, and step sizes.

2. Inputting phase information: Experiments are labeled at specific
points on the phase diagram.Users can select points directly on the diagram
or input them in the “Data Table” menu. The application supports both
numerical and textual input for phase names.Unnecessary unlabeled points
can be excluded using the “Delete Mode” in the “Data Table”menu.

3. Selecting active learning conditions: The “Proposal Method”menu
allows users to choose between LP (Label Propagation) and LS (Label
Spreading) as the estimation method, and LC (Least Confident), MS
(Margin Sampling), EA (Entropy-based Approach), and RS (Random
Sampling) as the sampling method. If “RS” is selected, candidates are pro-
posed randomly from unlabeled data. The number of candidates proposed
for informative experiments is determined based on the “only US ranking”
strategy. The “Neighbor exclusion” method can be used to remove points
close to proposed candidates. Default values for hyperparameters γ and α
are set according to Scikit-learn.

4. Running calculations: Clicking the “Run” button initiates calcula-
tions, with candidate points for informative experiments displayed in both
the phase diagram and the “Data Table.” Additionally, a map of the
uncertainty score and the estimated phase diagram are shown. Labeled data
do not appear on the uncertainty map. While LS may alter the labels of
labeled data, the phase information displayed in the phase diagram remains
consistent with the input information.

5. Viewing phase probabilities: The “Probability” menu ranks unla-
beled points in descending order of probability for the selected phase.
Probabilities are evaluated using the chosen phase estimation method.

This detailed procedure enables users to efficiently explore and analyze
phase diagrams, significantly aiding in the understanding and advancement
of materials research.

Usage of the AIPHAD Python version
The AIPHAD Python manual, accessible at https://nims-da.github.io/
aiphad/docs/en/index.html, provides comprehensive guidance on its usage.
Below is a basic overview of utilizing AIPHAD in Python.

Install. AIPHAD is developed in Python3 (requires version 3.6 or higher)
and can be installed via PyPI as follows:

$ pip3 install aiphad

Single suggestion. The program outlined in Scheme 1 describes the
fundamental steps for using the AIPHAD Python package for phase
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diagram estimation and uncertainty sampling. The program flow can be
summarized as follows:

1. Import libraries: Initially, the ‘pdc_sampler’ from AIPHAD
and ‘numpy’ are imported into the Python environment. This step
prepares the necessary functions and data structures for phase dia-
gram estimation.

2. Specify parameters for ‘pdc_sampler’:
– ‘estimation’: Choose between “LP” or “LS” as the method for phase

diagram estimation.
– ‘sampling’: Select an uncertainty score from “LC”, “MS”, “EA”, or “RS”.
– ‘proposal’: Define the number of proposals as an integer, which

determines how many points will be suggested for experimental
investigation.

3. Prepare dataset:
– ‘X’: A list representing all candidate points in the discretized phase

diagram. The method can handle datasets with arbitrary dimen-
sions.

– ‘y’: A one-dimensional list corresponding to ‘X’ that contains the
label data. Each data point where the phase is already known is
assigned a phase index from the set L ¼ f1; . . . ;Cg. For unlabeled
data points, an index of −1 is used.

4. Phase diagramestimation:Utilize ‘pdc.fit(X, y)’ to estimate the phase
diagram using the chosen LP or LS method on the input data arrays.

5. Uncertainty sampling: Uncertainty scores are calculated for
the candidate points using ‘pdc.us()’. The indices of candidate points

Fig. 2 | Control panel of the AIPHAD web application. A detailed procedure for investigating phase diagrams using the AIPHAD web application is presented, outlining
each step in the process.
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with the highest uncertainty scores are stored in ‘pdc.proposals’, and
their corresponding position vectors (x2Rd) are in ‘pdc.proposals_X’.
The uncertainty scores of the selected points can be accessed using
‘pdc.proposals_us’.

Multiple suggestion. To generate multiple proposals using the
‘pdc_sampler()’ function, the ‘proposal’ argument can be set to the
desired number. Additionally, the function enables the specification of
the following arguments to tailor the proposal strategy:
– ‘multi_method’: This argument defines the method for generating

multiple proposals. Two options are available: (i) “OU” (Only US
ranking), this option selects unlabeled data points in descending order
of their uncertainty scores. (ii) “NE” (Neighbor Exclusion), this option
also ranks unlabeled points by their uncertainty scores but excludes
points that are adjacent to already selected ones. If no method is spe-
cified, “OU” is chosen as the default.

– ‘NE_k’: Relevant only when the “NE”method is selected, this argument
is set as an integer. It defines the exclusion radius around each selected
point, ensuring that no data point within the nearest ‘NE_k’ neighbors
of any selected data point is included in the proposal. The default is 1.

Hyperparameters. For phase estimation methods, the hyperparameters
are γ for the “LP”method, and both γ and α for the “LS”method. In the
Python version of AIPHAD, the ‘gamma’ and ‘alpha’ arguments allow
users to modify these hyperparameters from their default values in
scikit-learn.

Probabilities of belonging to each phase. In the analysis, uncertainty
scores and probabilities for each label were computed for all unlabeled

points. The original uncertainty score is derived from this data. AIPHAD
stores the indices of unlabeled data in ‘pdc.unlabeled_index_list’ and
their associated uncertainty scores in ‘pdc.u_score_list’. Moreover,
probabilities for each label are contained within ‘pdc.label_distributions’,
arranged according to the phase index. The ‘pdc.label_distributions’
facilitate the identification of points with the highest probability of
belonging to a specified phase.

Results
The Fe-Ti-Sn system was subject to experimental exploration guided by
AIPHAD. In this context, theFe2TiSnHeusler phase, known for its potential
in thermoelectric materials, was examined36–38. The electronic properties of
the Fe2TiSn Heusler phase, subject to changes by varying the composition
ratio39,40, underscores the importance of a ternary phase diagram for accu-
rately determining the compositional region where the Heusler phase is
stably generated. Additionally, the ordering of each element significantly
influences the properties of the Heusler phase40,41, with the atomic ordering
within the phase varying considerably based on synthesis and annealing
temperatures42. Therefore, the temperature dependence of the phase dia-
gram is a vital aspect of this study.

This research focused on the stability of the Fe2TiSn Heusler phase
within a ternary phase diagram, using guidance from AIPHAD. In the Fe-
Ti-Sn system, extensive heat treatments, approximately 1000 h at tem-
peratures ranging from 800 to 1000 °C, are required to achieve
equilibrium43. Notably, the study did not investigate the equilibrium phase
diagram such as a previous report44. Instead, the objective was to delineate
the metastable phase diagram, labeling phase regions based on the pre-
dominant phase(s) following short-duration heat treatments, particularly
identifying the region where the Heusler phase is stable. Metastable phases
and unreacted raw materials often remain post-thermal treatment in the
metastable phase diagram. AIPHAD’s flexible labeling system facilitates the
accelerated determination of both equilibrium and metastable phase dia-
grams, as demonstrated in this study.

Experimental detail
The samples for this study were prepared via a solid–liquid reaction using
high-purity elemental powders. Specifically, Fe, Ti, and Sn powders, each
with a purity of 99.99% obtained from Kojundo Chemical Laboratory
Co., were measured in a predetermined ratio. These powders were then
placed into a boron nitride crucible, sourced from Zikusu Industry Co.,
Ltd., with a purity of 99.7%, an outer diameter of 8.5 mm, an inner
diameter of 6.5 mm, and a depth of 18mm. The crucible was sealed in a
stainless-steel reaction container within an argon-filled glove box
(with O2 and H2O levels below 1 ppm). The design of this reaction
container aligns with that reported in a previous study45. To synthesize
the sample, this container was heated for 24 h in an electric furnace
in an air atmosphere. The crystalline phases present in the synthesized
samples were identified through powder X-ray diffraction (XRD), uti-
lizing a Bruker D2-Phaser system with Cu-Kα radiation at 30 kV
and 10mA.

Isothermal section at 900 °C
The construction of the phase diagram for the ternary section of the Fe-Ti-
Sn system at 900 °C was undertaken using AIPHAD. The phase diagram
was discretized into 231 points with composition increments of 5%. From
these candidate points, initial experiments were conducted on seven com-
positions, including a Heusler composition. Four distinct phases were
identified: a Ti-rich phase, a Sn-rich phase, an Fe-rich phase, and a Heusler
phase. The specific compositions at which these phases were found and the
results of the XRD for each composition are summarized in Supplementary
Note 1 and Supplementary Fig. 1.

Using these initial seven experiments as labeled data, AIPHAD
was employed to propose the next promising points for further investi-
gation of the phase diagram. Figure 3 illustrates the proposed points
and the distributions of uncertainty scores based on the chosen

Scheme 1 | A basic Python program for AIPHAD. Uncertainty sampling with a
single proposal using AIPHAD.
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phase-estimation method (LP or LS) and uncertainty scores (LC, MS,
or EA). Notably, the selection of proposed points varied significantly
with different uncertainty scores under the LP method. However,
with the LS method, despite minor variations in the distribution of
uncertainty scores, the most uncertain point remained consistent across
different uncertainty score methods. Furthermore, the phase boundary at
which the uncertainty score increased was more distinctly observed
when using the LS method. This approach highlights the potential
of AIPHAD in efficiently navigating the complex landscape of phase
diagrams, particularly in systems with multiple phases, such as the
Fe-Ti-Sn system.

In this study, LS combined with the LC method was selected to
identify the next experimental points. This is because that LS can clearly
predict the phase boundaries, and LC would be suitable for constructing
ternary phase diagrams. From the definition of LC, the uncertainty score
of the boundary points of three or more phases will be higher than that of
the boundary of two phases, and to complete ternary phase diagrams,
finding invariant points and monovariant lines is essential. Figure 4
presents the results of three closed-loop cycles, illustrating the identified
experimental points, the distribution of uncertainty scores, and the
evolving predicted phase diagram through each cycle. The experimental
points proposed by AIPHAD, particularly around the predicted phase
boundaries, indicate that the phase boundaries were accurately deli-
neated as the closed-loop cycles progressed. However, no new phases
were discovered by experiments for selected experimental conditions
during these cycles, resulting in minimal changes in the outline of the
predicted phase diagram compared to the initial data and the three
additional experiments.

Ternary phase diagram
The ternary phase diagram of the Fe-Ti-Sn system is represented as a tri-
angular prism, with ternary sections stacked along the temperature axis.
This diagram was discretized for temperatures ranging from 700 °C to
1000 °C in 100 °C increments and for compositions in 5% steps. The con-
struction of the phase diagram commencedwith the same initial data points
of the case for the isothermal section at 900 °C, specifically at 900 °C. In
AIPHAD, the LSmethodwas employedwith the LC uncertainty score. The
evolution of the uncertainty scores and the estimated phase diagrams across
iterations are summarized in Fig. 5.

Initially, temperatures were set at 700, 800, 900, and 1000 °C, with
AIPHAD proposing 14 experimental points using the “Only US” option.
The primary phases identified at each proposed point are detailed in Sup-
plementary Table 1. Subsequent experimental findings at 700 and 800 °C
revealed three new phase regions: FeSn, FeSn2, and a mixed sample con-
tainingunreactedFe andTi, labeled asFe+Ti.These discoveries expand the
understanding of the Fe-Ti-Sn system, particularly in lower temperature
ranges, highlighting the efficacy of AIPHAD in guiding experimental
investigations to uncover complex phase relationships in multicomponent
systems.

The investigation into the formation of theHeusler phase in the Fe-Ti-
Sn system revealed that at 700 °C, the phase did not form, probably due to
insufficiently long heat treatments at this temperature. Consequently, it was
deemed that further exploration at 700 °C would not yield relevant results.
Therefore, the subsequent phase diagram analysis focused on the tem-
perature range of 800 °C to 1000 °C, with a finer temperature increment of
50 °C, insteadof the initial 100 °C steps. In this temperature range,AIPHAD
proposed fourteen new experiments. Although these experiments did not

Fig. 3 | Uncertainty scores for the Fe-Ti-Sn ternary system at 900 °C.Distributions
of uncertainty scores in the Fe-Ti-Sn ternary system at 900 °C are shown, according
to different phase estimationmethods (LP or LS) and uncertainty scores (LC,MS, or

EA). High uncertainty points are marked in dark green, with the red circle high-
lighting themost uncertain point proposed byAIPHAD for experimental validation.
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lead to the discovery of additional phase regions, they were instrumental in
further clarifying the existing phase boundaries. Utilizing all collected data,
including that from the 700 °C experiments, a comprehensive and detailed
metastable phase diagram was constructed, incorporating custom labeling.
For each stage of this process, Supplementary Data 1-5 compatible with the
AIPHAD web application are available for enhanced visualization. It is
important to note that the obtained phase diagrams shown in Figs. 4, 5 are
the metastable ones, because we used a short time for heat treatment. Thus,
for each point, it is not guaranteed that equilibrium states are observed, and
the shape of the phase diagram is different from the equilibrium one
reported in refs. 43,44.

Search for a specific phase region
To specifically target a particular phase region, AIPHAD offers a unique
approach. It can display probabilities of unlabeled data belonging to already
identified phases, enabling a focused search within a desired phase region.
This capability was demonstrated in the search for stable regions of the
Heusler phase along the 900 °C isothermal section of the Fe-Ti-Sn ternary
system.Using the same initial data as in the case for the isothermal section at
900 °C and employing the LS method for phase estimation, six candidate
points were identified as having a high probability of yielding the Heusler
phase. Subsequent experiments at these locations confirmed the presence of
the Heusler phase in four points, while the other two points aligned with
different phase regions. Figure 6 depicts the evolution of the isothermal
section, both before and after the experiments, as guided by AIPHAD. This
exploration successfully delineated the region conducive to synthesizing the

Heusler phase. In summary, AIPHAD proves to be an effective tool for
efficiently identifying specific phase regions of interest within complex
multicomponent systems.

Conclusions
In this study, theAIPHAD toolboxwas introduced as an efficientmeans for
phase diagramdetermination usingmachine learning, incorporating both a
web application and a Python program. The underlying PDC algorithm in
AIPHADutilizes uncertainty sampling through label propagation and label
spreading methods, which have been elaborately discussed. This study
successfully demonstrated that phase diagrams, particularly in the Fe-Ti-Sn
system exhibiting the Heusler phase, can be efficiently constructed with
fewer experiments using the PDC algorithm starting from no data. This
demonstration shows that AIPHAD is a powerful tool when the phase
diagram is constructed from scratch without prior knowledge of the target
system. Sample preparation involved solid–liquid reactions of elemental
components, with subsequent phase identification conducted throughXRD
measurements. TheAIPHADwebapplication facilitated the visualizationof
the evolving phase diagram and the delineation of phase boundaries,
offering an insightful representation of the material system under study.

Additionally, this study incorporated NIMS-OS, designed to enable a
seamless integration of robotic experiments and artificial intelligence for
autonomous material exploration46. The PDC algorithm’s implementation
within NIMS-OS enables the visualization of phase diagrams created
through autonomous experiments on the AIPHAD platform. AIPHAD’s
accessibility and user-friendly interface are anticipated to simplify the

Fig. 4 | AIPHAD-guided determination of the Fe-Ti-Sn ternary system at 900 °C.
AIPHAD-guided determination of the Fe-Ti-Sn ternary section at 900 °C following
short heat treatments is presented. The LSmethod and LCuncertainty score are used

for estimation. The figure shows the labeled points, AIPHAD’s experimental pro-
posal (green point in red circle), uncertainty score distribution, and estimated phase
diagrams.
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Fig. 5 | AIPHAD-guided determination of the metastable ternary Fe-Ti-Sn sys-
tem. Evolution of the uncertainty score distribution and the predicted phase dia-
gram during the AIPHAD-guided determination of themetastable ternary Fe-Ti-Sn

system is presented. The figure also highlights changes in the temperature range and
dataset volume, with phase regions labeled according to the predominant phase(s)
found after short heat treatments.

Fig. 6 | AIPHAD-guided determination of the
Heusler phase.Progression of the 900 °C isothermal
section in the Fe-Ti-Sn system before and after six
targeted experiments to identify theHeusler phase is
presented. The figure shows the labeled points and
AIPHAD’s proposals (red circles) and the estimated
phase diagrams after experiments.
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construction of phase diagrams using machine learning for a broad user
base. The versatility of the developed method extends beyond the
exploration of phase regions or equilibrium diagrams, suggesting wide-
ranging applications in material science. Moreover, the integration of this
tool with the CALPHADmethod holds significant importance, potentially
enhancing the efficiency and accuracy of phase diagram predictions in
diverse material systems. This study’s findings underscore the potential of
combining machine learning tools with traditional materials science
approaches to advance the field of materials exploration and discovery.

Data availability
All data generated during this study are included in this published article
and its Supplementary Data 1-5.

Code availability
The underlying code for this study is available in GitHub and can be
accessed via this link https://github.com/NIMS-DA/aiphad. The manual of
GitHub version can be accessed via this link https://nims-da.github.io/
aiphad/docs/en/index.html.
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