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Highlights:
• A high-throughput construction of non-equilibrium phase maps method is developed guided by active learning
• The efficiency is demonstrated to be improved by one order of magnitude
• The excellent generalizability and robustness are verified by applying to five multicomponent systems
• This method will accelerate the R&D process for multi-component metastable materials
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Abstract: Materials featuring non-equilibrium phases, such as metallic glasses, have attracted intense interest in recent years 
owing to their outstanding mechanical, physical, and chemical properties. A non-equilibrium phase map is highly desirable 
in accelerating the development of viable synthesis strategies for these materials. However, the rapid construction of such a 
map remains challenging due to the necessity of a comprehensive survey of a vast search space. While high-throughput 
combinatorial experimental techniques offer an accelerated route, their efficiency can be drastically improved by coupling 
them with active learning. In this work, we propose an active learning framework that integrates high-throughput 
experimental methods with cellular automata (CA) algorithms for the rapid generation of non-equilibrium phase maps. The 
framework is demonstrated on high-throughput experimental datasets from five multi-component material systems. It 
constructs accurate phase maps using only a fraction of the data points required by exhaustive grid traversal, achieving 100% 
accuracy, and exhibits excellent generalizability and robustness.

Keywords: High-throughput; Multi-component; Non-equilibrium phase map; Active learning; Cellular automata

1. Introduction

Phase maps graphically represent phase stability as a function of key parameters, serving as indispensable guides for 
materials design and process optimization [1–3]. Non-equilibrium phase maps are essential for understanding and predicting 
the behavior of materials and systems undergoing rapid or dynamic processes, providing insights beyond the static 
information offered by equilibrium phase maps [4–7]. Consequently, the construction of non-equilibrium phase maps has 
become critical for studying metastable structures. However, conventional approaches that rely heavily on empirical trial-
and-error are severely constrained by experimental throughput. In addition to being time-consuming, they incur high costs, 
especially in multi-component systems, underscoring the urgent need for more efficient and cost-effective strategies.

The construction of phase maps has been revolutionized by the seamless integration of high-throughput experimental 
techniques with machine-learning-based data mining [8–13]. Active learning provides a structured framework for 
strategically planning subsequent experiments to achieve user-defined objectives with minimal labeled data [14–17]. Thus, 
the process of phase map construction can be further accelerated by deploying closed-loop autonomous systems combining 
machine learning and high-throughput experiments [18,19]. The key to active learning is the adaptive sampling strategy, 
which updates the experimental design for the most informative samples in real time. Conventional sampling strategies, 
including Bayesian optimization [20], uncertain sampling [21–23], and query by committee [24], demand substantial 
programming effort, data-science expertise, and parameter tuning [25]. Therefore, developing a more efficient and 
interpretable adaptive sampling strategy is highly desirable.

Cellular automata (CA) are discrete dynamic systems that evolve according to local rules and can generate complex pattern 
behaviors from simple rules [26,27]. They have been successfully applied to a variety of processes, including recrystallization 
[28–30], solidification simulation [31], fuzzy classification [32], and biological modeling [33–36]. In terms of computational 
efficiency and cost, CA is computationally more efficient than conventional machine learning methods due to its reliance on 
logical determinations and the absence of adjustable parameters. This renders it more suitable for on-the-fly experiment 
design. The primary objective of phase map construction is to identify the phase boundaries. Owing to the continuity of the 
phase boundaries, they can be constructed in a stepwise manner by applying local rules to the discrete distribution of sample 
points. Consequently, CA can be a highly efficient core model for the autonomous construction of phase maps.

In this work, we propose a high-throughput framework for constructing non-equilibrium phase maps, driven by an active 
learning algorithm built upon a custom-designed CA model. A real-time phase-identification program analyzes X-ray 
diffraction (XRD) data, and the resulting phase assignments are used by the CA model to pinpoint phase-boundary locations 
as the next sites for acquiring the most informative data. The newly obtained data are continuously fed back into the loop, 
enabling adaptive experimental design until the iteration is complete. In this way, accurate phase maps are generated from a 
significantly reduced number of characterizations. Notably, this work demonstrates a fundamentally new application of this 
methodology to phase map construction.

2. Method

2.1. High-throughput framework
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The high-throughput framework for constructing non-equilibrium phase map is illustrated in Fig. 1. It employs active 
learning to establish a closed-loop system, with the CA algorithm at its core, which determines the sampling strategy. The 
workflow proceeds as follows:

(1) A combinatorial material sample featuring a continuous composition distribution is fabricated.

(2) XRD characterization is performed on selected spots of the chip, starting from the corners of the sample.

(3) Real-time phase identification is conducted on the acquired XRD patterns.

(4) The real-time phase-identification  results are immediately incorporated into the dataset, from which the CA algorithm 
determines the next most informative point, that is, the spot approaching or located on a phase boundary.

This closed-loop cycle, encompassing steps (2) through (4), iterates until all phase-boundary points have been identified.

Fig. 1. Framework of the high-throughput construction of a non-equilibrium phase map.

2.2. Experimental details of combinatorial samples

This study employs five combinatorial datasets (datasets I–V). Of these, the samples for datasets I–IV were prepared using 
a high-throughput ion beam deposition (IBD) system and subsequently annealed in a turbo-pumped vacuum furnace. The 
experimental procedures have been described in detail in our previous works [37]. The experimental details of the sample for 
dataset V can be found in Ref. [38].

The constituent elements, modulation period, and heat treatment all profoundly influence phase transition behavior. To 
evaluate the efficiency and effectiveness of the algorithm across a range of complex non-equilibrium phase maps, four 
samples (corresponding to datasets I–IV) with systematically varied elements, modulation periods, and heat treatments were 
prepared. The detailed experimental parameters are provided in Table 1.

Table 1

Detailed experimental parameters of datasets I–IV.

Dataset Materials system Modulation (nm) Annealing temperature (K)



4

I Cu–Cr–Co 10 1073

II Cu–Cr–Co 100 1073

III Fe–Co–Ni 10 827

IV Fe–Cr–Ni 10 827

2.3. Real-time phase determination

The real-time phase-determination workflow begins with the acquisition of original two-dimensional (2D) XRD pattern 
images. These images are subsequently converted into one-dimensional (1D) intensity–2θ (where 2θ stands for scattering 
angle) profiles using custom software that leverages the “xrayutilities” library [39]. Processing of the 1D profiles starts with 
background subtraction, accomplished by removing the diffraction pattern of a silica substrate that was measured concurrently 
under identical experimental conditions. The profiles are subsequently refined through the rolling ball algorithm [40], which 
eliminates background noise to give cleaner curves. To further improve data quality, wavelet analysis is applied to remove 
high-frequency noise arising from statistical fluctuations.

Leveraging the built-in functions of scipy.signal package [41], the positions, heights, and widths of the diffraction peaks 
are fitted from the smoothed curves. To address fitting errors introduced by overlapping peaks, a least-squares optimization 
method is employed to deconvolve each diffraction peak into a combination of multiple Gaussian functions, thereby providing 
a robust approach to peak analysis.

The resulting fitting parameters, including the full width at half maximum (FWHM) and peak height, serve as quantitative 
metrics for phase identification. For dataset I, for instance, a peak is accepted as the signature of a specific phase if it 
simultaneously satisfies an FWHM below 0.4 Å–1 [42] and a peak height that exceeds 20 times the noise level. Finally, the 
phase structure of each pattern is identified sequentially by matching the extracted peak parameters against standard powder 
diffraction file (PDF) cards.

2.4. Cellular automata model

A characterization grid is generated by partitioning the combinatorial sample into a network of triangular unit cells via 
Delaunay triangulation [43]. Two points are defined as neighbors if they belong to the same unit cell; neighboring points that 
belong to different phases are consequently identified as lying on a phase boundary.

The CA algorithm operates in two distinct modes (modes I and II), each comprising a set of evolution (iteration) rules 
designed to locate phase-boundary points at the edges or in the interior of the sample. A newly identified pair of neighboring 
points situated on a phase boundary during the iterative process is referred to as seed points.

Mode I is dedicated to detecting phase boundaries along the sample edges using a bisection approach. The search initiates 
from the sample corners: If two adjacent corners exhibit different phases, the midpoint between them is iteratively 
characterized until the phase-boundary location is resolved, yielding the first seed-point pair.

Once seed points along an edge are established, the algorithm switches to mode II to continuously extend the phase 
boundary inward from these seeds. The core mechanism of mode II involves sampling the common neighbor(s) of the current 
seed-point pair and updating the set of seed points according to the phase identification result. A representative mode II 
operation within a triangular unit cell is depicted in Fig. 2. Consider seed points A and B, which share a common neighbor, 
point C (as defined by the Delaunay triangulation) that serves as the next characterization target. Three scenarios can arise: 
① If C belongs to the same phase as A, a new seed-point pair (B, C) is formed, and the next point to characterize becomes E; 
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② if C belongs to the same phase as B, a new pair (A, C) is formed, and the next characterization target is D; and ③ if C 
differs from both A and B, two new seed-point pairs (A, C) and (B, C) are created simultaneously, indicating a three-phase 
junction. Each seed-point pair is associated with one or two common neighbors, thereby perpetuating the iterative process. 
This propagation strategy exploits the continuity of phase boundaries and can be likened to the growth of a vine. Although 
the number of seed points may fluctuate, it eventually diminishes as the boundaries either reach the sample edge or form 
closed loops. Mode II terminates when no new seed points are generated, signaling the completion of a boundary. Following 
termination, the CA model reverts to mode I to search for additional phase boundaries along the same edge; it then proceeds 
to the remaining edges, ensuring comprehensive identification of all phase boundaries across the sample.

Fig. 2. Three typical scenarios and their corresponding iterative processes in mode II (newly generated seed points are circled with black dotted 
lines).

3. Results and discussion

3.1. Model performance

To illustrate the efficacy of the CA model in identifying phase boundaries, a case study was conducted on dataset I, with 
the sequential steps detailed below and presented in Fig. 3.

(1) The CA model is initialized (Fig. 3(b)).

(2) The search begins along the Cu–Co edge. A pair of phase-boundary points on this binary edge (marked by the red circle 
in Fig. 3(c)) is identified through execution of the mode I operation.

(3) Using the seed points from step (2), mode II extends the phase-boundary line inward (Fig. 3(d)).

(4) Mode I is then applied to the remaining portion of the Cu–Co edge, locating another pair of phase-boundary points 
(Fig. 3(e)).

(5) Mode II subsequently extends the boundary from these new seed points (Fig. 3(f)).

(6) Mode I is executed along the Cu–Co, Co–Cr, and Cr–Cu edges until no additional phase-boundary pairs are found, at 
which point the workflow terminates.
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Fig. 3. High-throughput non-equilibrium phase map construction process for dataset I: (a) grid search results as the reference; (b) initialization; 
(c) a pair of phase-boundary points at the edges of the map (shown in red circle); (d) the first phase boundary; (e) the second pair of phase-
boundary points at the edges of the map (red circle); and (f) the last phase boundary. fcc: face-centered cubic; bcc: body-centered cubic; hcp: 
hexagonal close-packed.

Over the entire high-throughput phase-map construction process driven by the CA model, only 386 data points were 
required to delineate all phase boundaries. The resulting boundaries are in complete agreement with those obtained by 
exhaustive grid traversal using 1326 data points (Fig. 3(a)), and the junction points of the complex multi-phase boundaries in 
Figs. 3(d) and (f) coincide exactly with the traversal results.

The CA framework is further validated by applying it to construct phase maps for datasets II–IV, which have different total 
grid points. The constructed phase maps are shown in Fig. 4.
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Fig. 4. Results of (a, c, e) grid search and (b, d, f) CA high-throughput construction, respectively, for (a, b) dataset II [37], (c, d) dataset III, and 
(e, f) dataset IV.

To quantitatively evaluate the efficiency of our model, we introduce two metrics: the utilization rate U and the 
characterization rate C, defined as

𝑈 = 𝐵
𝑁   (1)

𝐶 = 𝑁
𝐴    (2)

where A is the total number of grid points, B is the number of grid points located at the phase boundary, and N is the number 
of grid points actually characterized during high-throughput non-equilibrium phase map construction. Both U and C range 
from 0 and 1. A high U value indicates that a large fraction of the characterized grid points lie at the boundary. If the U value 
reaches 1, it means that every single characterized point falls exactly on a boundary, which represents the theoretical limit of 
efficiency without sacrificing accuracy. In contrast, a high C value corresponds to low efficiency, with a value of 1 signifying 
that the entire grid has been exhaustively measured. From Eqs. (1) and (2), the fraction of points located on the phase boundary 
is UC = B/A. Since phase boundaries must be probed, N cannot be smaller than B. Therefore, B/A represents the theoretical 
minimum of C (attained when U = 1), that is, the highest possible experimental efficiency for a given phase map. While C is 
largely governed by the intrinsic complexity of the system, as a more complex phase map usually has more grid points on the 
phase boundaries. U is primarily determined by the algorithmic design. Thus, U reflects the degree of algorithm optimization, 
and C captures the realized application efficiency.
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Table 2 lists the performance parameters for all datasets. The utilization rate exceeds 94 % in every case, irrespective of 
the material system, grid density, or distribution of sample points. The slight variations in U across datasets are primarily 
caused by the number of points located on the phase boundaries. In particular, as the number of phase boundaries increases, 
the number of search points required increases, which in turn reduces the utilization rate. Conversely, an increase in the 
number of points located on the phase boundaries leads to a reduction in the proportion of points requiring searching, resulting 
in an increased U.

Table 2

Performance parameters of non-equilibrium phase map constructions on datasets I–IV.

Dataset A B N U C

I 1326 320 329 0.973 0.248

II 1326 376 386 0.974 0.291

III 210 70 74 0.946 0.352

IV 5050 521 532 0.979 0.105

The preceding results demonstrate that the data points identified by our algorithm are nearly 100% utilized. Consequently, 
the characterization rate C is approximately equal to the ratio of the phase boundary data points B to the total data points A 
in the dataset. For a prescribed phase map, refining the grid, that is, increasing the total number of points A, would drive C 
closer to its lower bound. For instance, dataset IV contains 5050 data points—a considerably higher number compared with 
those of the other maps—and exhibits a significantly lower characterization rate than the others.

The high utilization and efficiency of the CA method can be attributed to two factors: ① The bisection method is widely 
recognized as one of the most efficient techniques for problems similar to locating phase boundaries [44]. Thus, its excellent 
performance here is therefore expected. ② During mode II operation, characterization points are placed directly on the phase 
boundaries. Although the initialization and the bisection-based edge search may sample a few points away from boundaries, 
the overall efficiency approaches the theoretical maximum, particularly as the complexity of the phase boundary increases.

Across all datasets, the CA algorithm dramatically reduces the number of required characterization points while achieving 
100 % agreement with the full grid traversal in terms of phase boundary placement. This performance rests on three 
fundamental pillars: ① Our method is grounded in the phase rule rather than relying solely on mathematical computation, 
providing a physically robust basis for boundary determination. ② Unlike conventional machine-learning algorithms that can 
retain residual uncertainty, our algorithm directly acquires experimental measurements at every potentially ambiguous phase 
data point, eliminating such uncertainties. ③ The complete absence of tunable parameters removes the need for parameter 
optimization, which can introduce errors and compromise accuracy.

An additional advantage of the CA approach is its structural simplicity and computational efficiency. The CA algorithm 
identifies the next characterization point in real time using only logical decisions, making it both fast and cost-effective. 
While some deep-learning algorithms [45] may, with carefully tuned parameters, achieve comparable or even higher 
efficiency, they demand substantial computational resources and time for strategic planning and hyperparameter tuning. This 
renders them less suitable for experiments that require on-the-fly adaptation.
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3.2. Model generalization ability

Although the datasets considered so far all originate from ternary systems with triangular sampling grids, the CA method 
is broadly applicable to systems with more diverse compositions and arbitrarily shaped point distributions, provided Delaunay 
triangulation is employed. To demonstrate the generalizability of the CA method, we apply it to construct the non-equilibrium 
phase map of dataset V [38], which features a polygonal sample shape and an initially square grid (Fig. 5), through the 
following steps:

(1) The square grid is converted into a triangular grid via Delaunay triangulation (Fig. 5(b)).

(2) The CA model is initialized by performing XRD characterization and phase identification at the corners of the polygonal 
sample (Fig. 5(c)).

(3) The search begins along the upper edge (any edge may be chosen). A pair of binary phase-boundary points (highlighted 
by the red circle in Fig. 5(d)) is identified through mode I.

(4) Mode II extends the phase boundary inward from the seed points found in step (3) (Fig. 5(e)).

(5) Mode I is employed to the remaining, unsearched portion of the upper right edge, identifying another pair of phase-
boundary points (marked by the red circle in Fig. 5(f)).

(6) The phase boundary line extending from the seed points found in step (5) is constructed by performing mode II (Fig. 
5(g)).

(7) Mode I is subsequently applied to all remaining edges, and when no additional phase-boundary pairs are found, the 
workflow terminate.

Fig. 5. High-throughput non-equilibrium phase map construction process for dataset V. (a) Grid search results as per Ref. [38]; (b) grid 
transformation; (c) initialization; (d) first pair of phase-boundary points at the edges of the map (shown in red circle); (e) construction of phase 
boundary between the hcp and fcc + hcp phase region; (f) following pair of phase-boundary points at upper right edges (shown in red circle); (g) 
construction of the phase boundary between the fcc and fcc + hcp phase regions.

As demonstrated above, once the grid has been converted, the subsequent procedure is identical to that employed for the 
ternary-system datasets. The proposed methodology can thus be readily extended to polygonal samples with continuous 
composition distributions.
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3.3. Model robustness

In real-world applications, some experimental data are inevitably noisy and imperfect, or some portion of the sample may 
be damaged, rendering phase identification impossible at those locations and leaving certain grid points with “unidentifiable” 
data. A primary concern is whether such unidentifiable points will disrupt the CA-directed search. To assess this, we simulated 
measurement or analytical failures by randomly selecting 20 data points from dataset II and relabeling them as “unidentifiable 
phase” as shown in Fig. 6(a). The phase boundaries were then constructed using our framework, with the results displayed in 
Fig. 6(b).

Fig. 6. Results of incorporating 20 “unidentifiable phase” points: (a) grid search; and (b) construction based on CA.

When “unidentifiable phase” points are located within the phase region and away from a phase-boundary search path, they 
do not affect the construction process, because they are never encountered during the search. If, however, an “unidentifiable 
phase” point lies directly on the search path, the situation corresponds to the third case in Fig. 2: The CA algorithm treats it 
as a phase distinct from both neighbors, generating new seed-point pairs and allowing the search to bypass the point. 
Circumventing each such obstacle requires characterizing only two or three additional points. In this example, five 
unidentifiable points happened to lie on search paths, and the total number of characterization points rose modestly from 329 
to 341. Critically, the presence of unidentifiable data points does not compromise the accuracy of the resulting non-
equilibrium phase map, confirming that the algorithm remains both robust and efficient when confronted with imperfect data.

4. Conclusions and outlook

In this study, we have developed a high-throughput framework for the rapid construction of non-equilibrium phase maps 
that integrates active learning with a CA model to guide adaptive sampling. Its key merits, high efficiency, freedom from 
adjustable parameters, and straightforward interpretability, stem directly from this integration. The framework was 
successfully validated on five large datasets spanning diverse, complex systems. The results show that the CA algorithm 
accelerates phase map construction by up to an order of magnitude by reliably tracing phase boundaries and dynamically 
optimizing the experimental design.

This framework holds significant promise for advancing the understanding of transformation kinetics and for accelerating 
materials research and development. Because the data analysis modules are modular and replaceable, there is no fundamental 
barrier to automating every step, paving the way toward a fully autonomous, intelligent system for efficient property-map 
construction and materials screening. Furthermore, coupling this approach with in situ experiments will be essential for 
enabling real-time, on-the-fly materials research.
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