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ABSTRACT
[bookmark: OLE_LINK33]We applied Bayesian optimization (BO), a machine learning (ML) technique, to optimize the growth conditions of monolayer WS2 using photoluminescence (PL) intensity as the objective function. Through iterative experiments guided by BO, an improvement of 86.6 % in PL intensity is achieved within 13 optimization rounds. Statistical analysis revealed the relationships between growth conditions and PL intensity, highlighting the importance of critical conditions, including the tungsten source concentration and Ar flow rate. Furthermore, the effectiveness of BO is demonstrated by comparison with random search, showing its ability to converge to optimal conditions with fewer iterations. This research highlights the potential of ML-driven approaches in accelerating material synthesis and optimization processes, paving the way for advances in 2D material-based technologies.
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INTRODUCTION
[bookmark: OLE_LINK27][bookmark: OLE_LINK26][bookmark: OLE_LINK4][bookmark: OLE_LINK25][bookmark: OLE_LINK24][bookmark: OLE_LINK38][bookmark: OLE_LINK23]Preparation of materials is the first step in materials research and the basis for exploring their properties and potential applications. For example, the successful preparation of monolayer graphene has opened up a new field of research, the science of two-dimensional (2D) materials, leading to the discovery of various intriguing properties, including the room-temperature quantum Hall effect1, emergent topological phases2, 3, etc. While these fundamental discoveries were made using micrometer-scale crystals prepared by the mechanical exfoliation method, large-area samples prepared by crystal growth methods, including chemical vapor deposition (CVD)4, 5, are preferred for device applications. In particular, large-area growth of 2D semiconductors, such as transition metal dichalcogenides (TMDs including MoS2 and WS2 in the 2H form), is expected to lead to the next-generation electronics based on 2D materials6, 7. This possibility has dramatically motivated the research of TMD growth techniques8, and CVD growth, one of the most promising approaches, is a focus of current investigation9, 10. 
[bookmark: OLE_LINK29]While preparing materials is an essential process in materials research, it can simultaneously act as the bottleneck that limits research progress in fabricating materials with desired properties11. CVD growth is a controllable process, but this controllability requires adjusting multiple experimental parameters12. The relationship between growth conditions and results is usually not straightforward because the growth conditions are not independent and affect each other. For example, increasing growth temperature changes source decomposition dynamics and active species involved in a complex way, probably altering optimum values of other growth conditions. Also, growth substrates can alter surface reaction dynamics during the growth process, affecting optimum growth parameter values. As a result, optimization of growth conditions often requires tedious trial and error, and many growth experiments take a long time to complete13. Therefore, developing an effective method to obtain samples with desired properties is currently an important issue.
[bookmark: OLE_LINK35][bookmark: OLE_LINK30][bookmark: OLE_LINK31]The situation has been changing since the development of artificial intelligence made the concept of machine learning (ML) known to researchers outside the field of data science14, 15. ML is an emerging technique with great potential for multiple purposes, including searching for new materials16 and assisting material synthesis17. Rather than relying on the underlying physical and chemical processes, ML analyzes the correlation between conditions and results to predict the optimal conditions for the best results18. Its ability to maximize desired properties is a major force accelerating the development of materials science and is expected to become the fourth paradigm guiding scientific research, following theory, computation, and experiment19. The power of ML has motivated 2D materials research, and ML techniques, such as XGBoost-C and Random Forest, have been applied to optimize the synthesis of 2D materials and to predict the optical properties of 2D materials20, 21. Although the application of ML techniques to 2D materials is still in its infancy, these successful implementations clearly demonstrate the potential to advance 2D materials research. 
[bookmark: OLE_LINK39][bookmark: OLE_LINK44]Here, we have applied another ML technique, Bayesian optimization (BO), for the CVD growth of a 2D material (monolayer WS2). In general, model accuracy, essential for machine learning prediction, improves with increasing amounts of training data. However, the requirement for a large amount of training data to obtain an accurate model using popular ML algorithms, such as the aforementioned XGBoost-C and Random Forest, poses a dilemma for expensive and time-consuming experiments, including CVD growth. BO, in contrast, is an effective method for optimizing complex problems where evaluating the objective function is costly, and thus, accumulating large amounts of data is not feasible22. Using the built-in trade-off process between exploration and exploitation23, BO can efficiently optimize the objective function in as few optimization rounds as possible with a few data sets and thus significantly reduces the cost of the learning process. In this work, we started BO processes from one initial data set with the objective function of photoluminescence (PL) intensity; plugging a data set of growth conditions and corresponding average PL intensity into the BO code suggested the next growth conditions to be tested. We found that the iterative process of experiments and BO-based suggestions efficiently increased PL intensity within limited rounds of iteration: around 86.6% improvement in PL intensity within 13 rounds. The reliability of our final model is further confirmed by comparison with the random search (RS) algorithm. 

METHODS
CVD growth: We used a home-built cold-wall CVD system for the CVD growth of WS2. First, we prepared a Na2WO4 (99.0%~100.5%, Kanto Chemical) solution using distilled water. Afterward, we cleaned a Si substrate with a 270 nm SiO2 layer by sonicating it in acetone and treated it with oxygen plasma to make the surface hydrophilic. Next, we spin-coated the Na2WO4 solution onto the substrate at a fixed speed of 3000 rpm for 60 seconds. We purchased diethyl sulfide, (C2H5)2S, from Gas-Phase Growth Ltd. and used it as it was received. In this work, all growth conditions were kept constant except for temperature, sulfur flow rate, spin-coating concentration, and Ar flow rate. (details see Table. S1).
Characterizations: Raman and PL measurements were performed using a home-built microspectroscopy system equipped with a spectrometer (IsoPlane SCT320, Teledyne Princeton Ins.) and a charge-coupled device camera (PyLoN, Teledyne Princeton Ins.). For Raman and PL measurements, 488 and 532 nm CW lasers, respectively, were focused on the samples with a ×50 objective lens (N.A. 0.7). The PL images were captured with an optical microscope equipped with a ×10 objective lens (N.A. 0.3) and a back-illuminated sCMOS camera (KURO, Teledyne Princeton Ins.). Five positions of each sample were measured, and the mean PL intensities were calculated using ImageJ software24 (for detailed position and calculation methods, see Fig. S3).
Bayesian Optimization: In this work, we used an open-source Python library for BO (PHYSBO ver. 1.1, https://github.com/issp-center-dev/PHYSBO). In BO, the expected improvement, which corresponds to the difference between the predicted value from the Gaussian regression process and the current best value, was used as the acquisition function (also called score). Five candidate points were returned in one step, and the top two were tested in subsequent experiments.

RESULTS AND DISCUSSION
[bookmark: OLE_LINK45][bookmark: OLE_LINK41][bookmark: OLE_LINK22][bookmark: OLE_LINK28]To obtain the initial data set, we first performed a CVD growth of WS2 using Na2WO4 and diethyl sulfide as metal and sulfur sources, respectively. We use a vertical-type cold-wall CVD chamber25, where (C2H5)2S is supplied to a SiO2/Si substrate on a susceptor through a showerhead; the metal source is deposited on the Si substrate before the growth process. Figure 1a shows a schematic representation of the CVD chamber. The mass spectrometer and the pressure regulator ensure identical (C2H5)2S concentration and chamber pressure in every experiment. Moreover, Labview-based software automatically performs all valve operations for source supply, flow control, and heater control, eliminating human error and ensuring reproducibility. Additional experimental details of CVD growth are shown in the methods section. Note that the specific growth method selected for this study holds limited significance, as the primary objective is to demonstrate the efficient optimization of 2D materials growth using BO. BO serves as a versatile optimization method and can be extended to other forms of CVD growth based on specific requirements. 
In the CVD growth for the initial dataset, we first defined a search space with 10,000 growth conditions and then conducted initial experiments with randomly selected conditions from this space; details about the search space are given below. This optimization process is not greatly affected by the initial dataset chosen, and this lack of sensitivity is clearly demonstrated in Fig. 4(a). For the following BO process, we performed PL imaging and analyzed the PL images to extract the averaged PL intensity (IPL, see experimental section); a quantitative evaluation of the grown sample is required for BO25. The resulting averaged intensity and selected growth conditions, growth temperature (T), sulfur source flow rate (FS), Ar buffer flow rate (FAr), and [image: 图示

描述已自动生成]metal source concentration (CW), are the initial data set for the following BO. 
Figure 1. An experimental setup and workflow of BO-guided optimization. (a) A home-built system for crystal growth, with all steps controlled automatically. (b) The key process of BO-guided optimization. From the experiment, characterization to BO prediction. The repetition of this loop can lead to continuous optimization.
[bookmark: OLE_LINK1][bookmark: OLE_LINK34]After obtaining the first data set, we moved on to BO, where we set the objective function to IPL (see methods). The PL intensity served as a figure of merit representing the sample quality and thus works as the objective function for optimizing growth conditions to realize high-quality TMD crystals for the next-generation photonic and optoelectronic devices27, 28. To maximize IPL, we selected T, FS, FAr, and CW as optimization parameters12, 29. Other growth conditions, including growth time, substrate-showerhead distance, and ramping time, are fixed throughout BO processes. Given their role in reaction kinetics and source transport in the CVD growth process, all conditions affect each other and influence the results to varying degrees. In this study, however, to reduce the search space, also called the candidate data set, for effective optimization, we have focused on the selected four growth conditions (T, FS, FAr, CW), which are expected to affect growth results significantly29-31; T determines the kinetic energy of active species and FS, CW, and FAr determines the concentration of active species in the gas phase. The search space is defined in the following ranges: T from 710 to 800 deg C; FS from 10 to 55 sccm; FAr from 50 to 140 sccm; and CW from 1 to 10 mg/ml. The step sizes for each growth condition are set to 10, 5, 10, and 1, respectively, resulting in 10,000 candidate parameter sets. Our purpose is to use BO to find a set of growth conditions within the 10,000 parameter sets that will yield the highest possible IPL with the fewest number of experiments possible. The actual BO is carried out in three main steps as follows (Fig. 1b): (I) suggestion of the next experimental conditions by the BO code, (ⅠI) performing a CVD growth experiment with conditions suggested by the BO code, and (III) measurements of IPL of the grown sample for the next suggestion from the BO code. The BO code can better predict PL intensity as BO cycles are repeated, and with improved prediction, BO suggests the next experimental conditions in a way that balances exploration and exploitation.
[image: 图示

描述已自动生成]
 Figure 2. Optimization results under the BO guidance. (a) Experiment results of every step and the current best result of the latest experiment round. (b, c) PL images of round 0 (initial) and round 7 (best) under the same color bar. Scale bar: 100 μm. (d) Raman spectrum of round 0 and round 7. (e, f) PL spectrum of the typical crystals from round 0 and round 7.
[bookmark: OLE_LINK5][bookmark: OLE_LINK36][bookmark: OLE_LINK37][bookmark: OLE_LINK6][bookmark: OLE_LINK8][bookmark: OLE_LINK40]The experimental results under the guidance of BO and their characterization results are shown in Figure 2. Figure 2a shows the evolution of IPL throughout the BO process. The PL intensity gradually improves; round 0 represents the initial data with IPL of 155.3 counts. It should be noted that although one dataset is used as the initial dataset, the BO works from the second round, where three datasets are collected. The current best IPL in each round (black line in Fig. 2a) represents the strongest IPL in the earlier rounds, while the experimental result represents the actual result of each experiment with standard deviation. Although 13 rounds of optimization are employed, the best conditions for the highest IPL are found in round 7, with an 86.6 % improvement compared to the initial one. The key question here is when to stop BO. The stopping criterion32 is particularly significant when experimental costs are high. In the given search space, it is reasonable to assume that more favorable conditions exist for higher IPL. However, considering the balance between optimization efficiency and experimental cost, we terminated the BO after 13 rounds because there was no improvement in the last five rounds; the total optimization round of our work is consistent with previous studies22, 33. The significant variation in experimental results shown in Fig. 2a is considered as the trade-off between exploration and exploitation, which plays a crucial role in finding better solutions in unexplored regions and refining the search around promising regions34. The balance between the two, exploration and exploitation, ensures BO does not prematurely converge on a local solution and continues to explore the search space effectively. The PL images of samples at rounds 0 and 7 are shown in Fig. 2b and c, respectively. When comparing images at the same grayscale, a significant increase in PL intensity is clearly seen in round 7, which is particularly impressive at a higher magnification, as shown in the insets. Figure 2d shows typical Raman spectra of WS2 obtained at rounds 0 and 7, exhibiting Raman bands at 356 and 423 cm-1 characteristics of monolayer WS235. The PL spectra (Fig. 2 e and f) exhibit a strong peak at around 1.95 eV, consistent with the radiative recombination of optically generated excitons at K/K’ valleys36. The improvement in PL intensity observed in the PL images is also apparent in the PL spectra, demonstrating quality improvement through the BO process. The PL intensity improvement in PL images is less pronounced than in PL spectra, probably due to lower spatial resolution that leads to more contribution from darker regions around WS2 crystals. 
[bookmark: OLE_LINK10][bookmark: OLE_LINK12][bookmark: OLE_LINK11][bookmark: OLE_LINK13][bookmark: OLE_LINK14][bookmark: OLE_LINK15][bookmark: OLE_LINK21]Using the data sets obtained through BO, the relationships between T, FS, FAr, CW, and IPL are analyzed statistically. Specifically, Pearson's correlation coefficients for each pair of T, FS, FAr, CW, and IPL are calculated; Pearson's correlation coefficient represents the linear correlation between two variables. The small Pearson's correlation coefficients between experimental conditions shown in Fig. 3a demonstrate that independent conditions with low information redundancy have been selected, which is generally desired in the ML process because of the enhanced interpretability of the ML model. Also, Pearson's correlation coefficient between experimental conditions and IPL indicates the importance of each experimental condition for crystal quality. The small positive (negative) correlation coefficients obtained between IPL and T (FS) indicate that changes in these two variables are not linearly related to changes in the obtained PL intensity. This non-linear relationship implies that we need to conduct a number of experiments using trial and error methods to maximize PL intensity. In contrast, the FAr (CW) showed strong negative (moderate positive) correlations with IPL, indicating that FAr (CW) has an inverse (direct) relationship to the crystal quality. Interestingly, we found that both Fs and FAr show negative correlations against IPL. The combination of Fs and FAr determines the total flow rate in our experiments, suggesting a possible negative correlation between the total flow rate and crystal quality. The feature importance analysis using random forest regression is conducted to quantify the relative importance of each condition in predicting the target PL intensity (Fig. 3b); the individual influence of each condition is displayed in Fig. S1. The CW (0.61) plays the most critical role in determining IPL, followed by FAr (0.27), while FS (0.07) and T (0.05) contribute to IPL to a lesser extent. Based on the extracted feature importance information, an additional trial is performed to find better/close PL intensity in a minimized dataset (Fig. S2).
[bookmark: OLE_LINK16][bookmark: OLE_LINK17][bookmark: OLE_LINK19][bookmark: OLE_LINK18]Here, we will discuss the calculated feature importance from the experimental point of view. As shown in Fig. 3b, CW and FAr are essential in determining the IPL within the search space in the current BO. CW should be important because it directly determines the concentration of the metal source on the substrate. Higher concentration means higher supersaturation, the driving force in crystal growth, significantly increasing the nucleation and growth rate. Since IPL corresponds to the averaged PL intensity, it reflects the quality rather than the quantity of the grown crystals. However, altering the growth rate should also impact the quality of the crystals. In addition, high supersaturation can lead to nucleation on the monolayer and the formation of few-layer WS2, whose indirect nature can lead to a smaller IPL. Similarly, FAr impacts the growth rate of WS2, but in a different way. FAr dominates the total flow rate and influences growth by varying the source supply dynamics. If FAr is too high, the precursor spends less time near the substrate surface, which is undesirable for generating active species through the thermal decomposition of sources. Conversely, if it is too low, the boundary layer becomes thicker, which may hinder the transport of the source to the substrate37. Finally, to ensure reliable and robust model performance, the model accuracy is evaluated by using complete cross-validation, which involves training and evaluating the model multiple times in the subsets of the data. The calculated coefficient of determination (R2) of 0.629 demonstrates our final model's good prediction ability, especially given the ultra-small initial data (Fig. 3c), highlighting the ability to capture approximately 62.9% of the variation in the data.
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Figure 3. Analysis results of the BO model. (a) The heap map of Pearson's correlation coefficient with all data generated by BO expects the initial one. (b) Feature importance of four conditions. The error bar is roughly estimated by the difference between the feature importance with 13 rounds result and 12 rounds result. (c) Model accuracy verification using the random forest model.
[bookmark: OLE_LINK20]Finally, we examined the superiority of BO over random search (RS). RS relies on random sampling, which is usually inefficient but can find the global optimal solution without being constrained by the local optimal solution38. The comparison between BO and RS is carried out using a virtual dataset, including experimental conditions and corresponding mean PL intensities, predicted by the random forest regression model. First, applying the same strategy, we selected three points as the initial data and proceeded with 15 rounds of both BO and RS. We repeated BO and RS 10 times for each, and all results are presented in Fig. 4a and b, respectively. The optimization results of BO show fluctuation in the first serval rounds but converge from round 12, while the optimization results of RS show continuous and more significant fluctuation with no trend of convergence. Some trials in BO achieve high PL intensities in the beginning and keep high intensities in the subsequent optimization rounds, and other trials behave similarly to RS at first but soon converge to high PL intensities. The different performance among the BO results is due to the different choices of initial data, and all results become comparable as optimization progresses, demonstrating the robustness of BO. Figure 4c shows the current best IPL with confidence intervals obtained from 10 trials with BO (Red) and RS (Black). In particular, BO converges from round 13, while RS converges earlier but requires more rounds to reach the same level of BO, highlighting the effectiveness of BO in finding the best growth conditions in limited iteration times. 
[image: ]Figure 4. Comparison of the optimization performance of BO and RS algorithms. Mean PL intensity optimization processes for (a) BO and (b) RS using a dataset created with the random forest regression model. (c) Current best mean PL intensity with a 95% confidence interval for the two algorithms.

CONCLUSION
[bookmark: OLE_LINK43]In this work, we introduce BO as a solution to an optimization problem where obtaining experimental data is costly. We started BO with a few initial datasets, and BO efficiently improves the PL intensity of WS2 by iteratively suggesting growth conditions based on previous experimental data. Through a systematic approach, including automated experimental setup and PL image analysis, we successfully demonstrate the effectiveness of BO in improving PL intensity, achieving an improvement of 86.6 % within 13 optimization rounds. Statistical analysis reveals the importance of growth conditions, particularly CW and FAr, determining the crystal quality. Comparison with RS highlights the BO's superior convergence and efficiency in finding optimal growth conditions. This study underscores the potential of ML techniques such as BO to revolutionize controllable synthesis methods of 2D materials. In addition to maximizing PL intensities shown in this study, BO can be applied to optimize various material properties, such as crystal size, layer numbers, amounts, and carrier mobilities. Additionally, utilizing BO for material synthesis extends beyond the CVD growth of 2D materials. It can also be used for synthesizing various materials, such as molecules through organic chemical reactions, inorganic compounds via high-temperature annealing, and thin-film synthesis using molecular beam epitaxy. The feasibility of BO for black-box problems and expensive-to-evaluate experiments enables its application to optimize other materials synthesis processes, which can provide insights to advance materials research for future optoelectronic device applications. 
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Bayesian optimization-guided experiments achieved robust and remarkable improvement in desired properties under only a few initial data. 
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Figure S1. Individual distribution of each parameter to PL intensity. (a-d) Distribution of experimental results as the function of FAr, Cw, FS, and T, respectively. The top histograms represent the average PL intensity at each condition.
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Figure S2. Results of an additional 5 optimization rounds (from round 14 to round 18, blue region) in the reduced dataset.
The search space was reduced from 10,000 to 42, and an additional 5 rounds of BO were conducted in this reduced space. Although there was no significant improvement in the PL intensity as anticipated, the best results obtained in this additional work are close to the second-best one (round 4), and the lower limit of fluctuations decreased compared to rounds 5, 6, and 11. This indicates that reducing the search space, based on Pearson’s correlation coefficient and feature importance, is useful for further improvement.

Table S1. Growth conditions used in this work.
	Growth conditions 
	Value
	Unit

	Growth time
	15
	min

	Growth pressure
	10
	kPa

	Distance between showerhead and substrate
	5
	cm

	Temperature ramp rate
	50
	deg/min

	Water bath temperature (Sulfur source)
	15
	deg

	Curtain gas (Ar)
	300
	sccm

	Cooling time
	20
	min



The growth conditions listed here were kept constant for all CVD experiments in this study to narrow down the search space for efficient BO. We used a pressure regulator to keep the pressure in the growth chamber at 10 kPa. 300 sccm of Ar as a curtain gas is used to focus the sulfur source flow onto the growth substrate.
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Figure S3. Selected measurement positions for PL intensity measurements for determining mean PL intensities. The pink square represents the growth substrate and five numbered squares correspond to locations for PL measurements.
We use 10,000 μm² silicon substrates for our growth study. To obtain reliable PL intensities, we used the fixed five coordinates, (2500, 2500), (2500, 7500), (5000, 5000), (7500, 2500), and (7500, 7500), in every PL image measurement. We did background subtraction for each image by subtracting a dark image measured without light excitation. In addition, to correct the PL intensity difference arising from inhomogeneous excitation light intensity, we captured an image of a gold-coated substrate as a reference image before each PL image measurement. Afterward, we divided the observed PL images by the reference image and then multiplied the mean intensity of the reference image to obtain the PL intensities of the grown WS2. 
To calculate the mean PL intensity, we apply a threshold to exclude the background region's contribution. In our research, we found that a lower threshold value of 65 effectively eliminates the background region and allows us to obtain PL intensities from the grown WS2 selectively. We then calculate the mean PL intensity, IPL, using the following equations: 
, =   
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