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Abstract
[bookmark: OLE_LINK1][bookmark: OLE_LINK23][bookmark: OLE_LINK24]Obtaining highly stable metal-halide perovskites is crucial for the commercialization of perovskite solar cells. However, current methods for evaluating perovskite stability mainly rely on the time-consuming and resource-intensive aging process. Here we demonstrate a spectral learning-based methodology that enables the prediction of perovskite stability by leveraging the features in photoluminescence and absorption spectra of fresh perovskite films. This methodology circumvents the long-term aging process by combining a custom-developed spectral features extraction algorithm and an integrated voting machine learning model.  By integrating the early diagnosis program with high-throughput experiments, the prediction accuracy for stable perovskites exceeds 86% in 160 fresh samples. The universality is further examined by another batch of 224 fresh samples fabricated through a different processing condition. Finally, the early diagnosis of perovskite films is successfully translated to enhanced stability in perovskite solar cells. Our work provides a new pathway to accelerate the discovery and development of stable perovskite films.
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[bookmark: OLE_LINK28]TOC. Intelligent spectral learning for stability early diagnosis of perovskite.
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Introduction
[bookmark: OLE_LINK22][bookmark: OLE_LINK29][bookmark: OLE_LINK15][bookmark: OLE_LINK9][bookmark: _Hlk148692010]Metal-halide perovskites (MHPs) have emerged as highly promising photovoltaic semiconductors, benefiting from their intrinsically high absorption coefficient, long carrier lifetime, exceptional defect tolerance, and simplified solution processing.1-5 However, the instability poses a major hurdle to the commercialization of MHPs.6-9 To address this issue, tremendous efforts have been devoted to enhancing the stability of MHPs, such as composition engineering, additive engineering, passivation engineering.10-16 Among them, composition engineering is widely regarded as the key to achieving high stability of MPHs.17-18 However, composition engineering typically entails a huge number of experimental trials and subsequent analysis of massive data. Taking the typical ABX3 structure of three-dimensional MHPs as an example, there are more than 107 kinds of multicomponent combinations between 7 kinds of A-site cations, 2 kinds of B-site cations, and 3 kinds of X-site halides (A, B, and X refer to monovalent cations, divalent metal cations, and halide anions, respectively).19-23 Thus, exploring such a huge parameter space poses a formidable challenge for stability improvement due to repetitively time-consuming and resource-intensive experiments beyond manpower.
Emerging automatic high-throughput platforms have been introduced to explore the huge compositional library with great precision and efficiency. Even though the tireless robotic high-throughput experiments (HTE) system offers a feasible avenue for addressing this challenge,24-28 stability evaluations with a long aging period are still required to extract the longevity of films or devices.19-20, 29-30 As presented in Figure 1a, over 90% of the total evaluation time is dominated by long-time aging in each evaluation process. This indicates long-time aging is the throughput-determining step, rather than solution preparation, film fabrication, optical characterization, etc. Therefore, circumventing the long-time aging process is critical to accelerate the development of stable perovskites. Previous reports imply a strong correlation between film inhomogeneity and film instability since inhomogeneity in the fresh perovskite films would accelerate degradation and phase segregation.31-33 We reason that the stability of MHPs could be diagnosed at their initial state by analyzing optical spectra, such as photoluminescence (PL) and UV-vis absorption (Abs.) spectra, two of the most common characterizations. They contain abundant information about crystallinity, homogeneity, phase distribution, etc. within perovskite film.34-35 Srivastava et al. fed the PL data into machine learning to derive the evolution of optical properties over time.36-37 We further expect that combining initial PL/Abs. spectra of pristine perovskite films with machine learning would be a feasible way to diagnose the long-term stability of MHP films. 
In this work, we introduce a custom-developed Gaussian-mixture-model (GMM) algorithm coupled with an integrated voting machine learning model (IV-ML) to realize early diagnosis of stability without any aging process. A prediction accuracy exceeding 86% is achieved by the IV-ML machine learning framework. The well-trained framework is also applied to evaluate the stability of other 255 MHP films with different processing conditions. Finally, we demonstrate the application of early diagnosis in perovskite solar cells. The optimum perovskite films enable stable solar cells to retain over 95% of their initial efficiency after 300 hours of continuous working at 65℃ under light illumination.
[bookmark: _Hlk155818705][bookmark: _Hlk155977217][bookmark: _Hlk155429130][bookmark: _Hlk155889182][bookmark: OLE_LINK35]To establish and train the machine-learning toolkit for early diagnosis of film stability, we first carried out Experiment I. First, 160 perovskite films with different compositions were fabricated through an automatic platform.38 Subsequently, these films are exposed under light illumination over 1700 hours to evaluate their lifetime, as shown in Figure 1a. T80 lifetime is employed to evaluate the stability that represents the time required to decay to 80% of  initial absorbance value, considering the decline in absorbance exhibited by perovskite films during the decomposition process. The selection criterion for wavelength is defined as the range between the bandgap of PbI2 and the bandgap of the perovskite, typically falling in the range of 650-700 nm. We have employed a linear fitting method to determine an estimated T80 value.29 All T80 values are classified and summarized in Figure S3. Note that the composition is quoted from the nominal composition in perovskite-precursor solutions (all sample compositions are summarized in Figure S3). 
[bookmark: _Hlk155974929][bookmark: _Hlk155976430][bookmark: _Hlk155427866][bookmark: _Hlk155427882][bookmark: _Hlk155975065][bookmark: _Hlk155468992][bookmark: _Hlk155429354][bookmark: _Hlk155975096][bookmark: OLE_LINK6]Distinct characteristics have been observed in the initial PL and Abs. spectra of unstable compositions compared to stable compositions, including broadened PL peaks, multiple PL peaks, and long absorption tails, as demonstrated in Figure 1b-g and Figure S4-S5. These features, observed in unstable samples, are attributed to the inhomogeneity in fresh perovskite films, such as phase impurity, which are closely linked to the stability of perovskite films.39-40 In case of No.58 sample (with a composition of Cs0.3FA0.7Pb(I0.85Br0.15)3), a subpeak at 762 nm is observed in the PL spectra (Figure 1b), which indicates the presence of phase impurity in No.58 sample. After exposing the sample to over 1700 hours of light illumination, the subpeak undergoes a redshift while its peak intensity decreases by seventy five percent (Figure 1d). Similarly, the absorbance values decrease over time (Figure 1c). In stark contrast to No.58, No.136 sample with a composition of Rb0.05Cs0.05MA0.1FA0.8PbI3 only shows a single peak in the PL spectra and a steep slope in the Abs. spectra. Both the PL and Abs. spectra demonstrate a minor change after 1700 hours of aging (Figure 1e-g). Generally, incorporating mixed cations can homogenize the distribution of bromide and iodide anions during the crystallization process,41 while mixed halides can modify the intermediate phase in growing perovskite films.42 An over-mixing will result in inhomogeneous films, causing excess defects and strain.32-33, 41, 43 We conclude that the initial decomposition mainly occurs in the inhomogeneous regions, then resulting in the degradation of the entire perovskite film, as depicted in Figure 2a. 
[bookmark: OLE_LINK20][bookmark: OLE_LINK5][bookmark: OLE_LINK11][bookmark: OLE_LINK14]To elucidate the relationship between spectral features and the stability of perovskite films, it is imperative to quantify the features in PL and Abs. spectra for establishing a machine learning model. Here we quantify 9 features, including peak number, half-width, and parameter difference between multiple peaks in the PL spectrum, slope, and onset wavelength near the edge of absorption spectra in Abs. spectrum (Table S1). However, manual analysis of these features from large amounts of spectra data produced by the HTE platform is challenging. For example, it’s difficult to obtain an accurate function of PL spectra by the least square method, due to a mass of unknown factors in a combination of Gaussian curves, described by univariate Gaussian mixture functions:
	 	(1)
where  is the number of Gaussian components. ,  and  are intensity, mean, and standard deviation of the k-th Gaussian component, respectively. 
[bookmark: _Hlk155433801][bookmark: OLE_LINK26][bookmark: _Hlk155429265][bookmark: OLE_LINK7][bookmark: OLE_LINK8][bookmark: OLE_LINK27][bookmark: _Hlk148693449][bookmark: OLE_LINK21]Here we introduce an intelligent PL fitting algorithm derived from GMM, termed GMM-PL, which enables efficient quantification of PL features. The workflow of GMM-PL is depicted in Figure 2b. We utilize a modified K-means algorithm to initialize the half-width, intensity, and central position of each peak, and an expectation–maximization (E-M) iteration process is used to obtain these parameters (more details illustrate in Supplemental Note 1).44-46 In addition, the Akaike information criterion , , is utilized in order to accurately determine the optimal number for given spectra  ( is the number of model parameters and  is the maximum likelihood value as defined in Supplemental Note 1).47 The automatic fitting results for three typical PL spectra are presented in Figure 2c-e, showing an R² score close to 1. The GMM-PL method also demonstrates a remarkable capability in distinguishing single peak and pseudo-single peak with high reproducibility (Figure 2c-d), thanks to the standardized criterion in our algorithm. In addition to intelligent PL analysis, we also develop an algorithm to extract the slope and onset wavelength near the edge of absorption spectra. The basic workflow is as follows: finding the inflection points of the absorbing edge by taking the second derivative, and then fitting it linearly to obtain Abs. features (Supplemental Note 2). 
[bookmark: _Hlk150206314][bookmark: _Hlk149231300][bookmark: _Hlk149231293][bookmark: _Hlk150459861]Now there are 9 feature values for each sample derived from their PL/Abs. spectra (Table S1 and Figure S6) and the target is T80 lifetime derived from a series of Abs. spectra over ageing time.28 To establish the relationship between spectral features and T80 lifetime in the training dataset, the Linear Regression, K Nearest Neighbours (KNN), Random Forest Regression, Gradient Boosting (GB), Support Vector Regression (SVR) and XGBoost (XGB) are employed to build regression models. In these regression models, the prediction accuracy is not ideal because of the similarity of spectral characteristics for perovskite films with similar T80 lifetimes (Figures S7 and 12). Therefore, we introduce classification models to predict the stability. The samples are classified into two groups, stable and unstable, using a lifetime threshold of 4000 hours. XGB and GB classification algorithms are used to build the model and present high classification accuracy (Figure S13). Based on the well-established model, we utilize Shapley Additive exPlanations (SHAP) to analyse the contributions of each feature.48 The SHAP reveals a great negative impact of peak number and peak-separation degree on T80 lifetime, implying the influence of film homogeneity on film longevity (Figure S8-S10). Similar conclusions are also derived from Pearson correlation analysis (Figure S11). 
[bookmark: _Hlk150206328]We notice that the robustness of a single model is not fully satisfactory because the prediction accuracy depends on the splitting of training sets. The random train-test splitting causes the training sets to contain different numbers of samples with T80 lifetime near the threshold (Figure S12 - 13). To improve the robustness of our model, we further develop an integrated voting machine learning (IV-ML) that incorporates an ensemble of 3000 models, distributed between GB and XGB algorithms. Each model within the IV-ML is trained by randomly partitioning the training set and performing binary classification. The final prediction of IV-ML is obtained by consolidating the classification results from each constituent model. The whole machine-learning framework is illustrated in Figure 3a. The classification accuracy of 82% for stable perovskites and 75% for unstable perovskites with a lifetime boundary at 4000 hours (Figure S14). In practical applications, we prefer to make a true-positive value as high as possible for stable perovskites and maintain a relatively low false-negative value for unstable perovskites. Then, we introduce a stability evaluation rule by classifying samples into four stability levels, that is Level-I/II/III/IV. Level-I includes T80 of perovskite films of more than 8000 hours, Level-II includes T80 of perovskite films of more than 4000 hours, Level-III includes perovskite films with vote-for-stable at a rate of 30% in the IV-ML model and the remaining films are classified as Level-IV (Figure S15). The classification accuracy is increased to 86% for stable perovskites, as shown in Figure 3a. As a result, the machine learning framework with the stability evaluation rule allows us to filter out the most unstable samples before aging experiments, which is expected to accelerate the stability evaluation period by one order of magnitude. 
[bookmark: _Hlk149310681]To examine the universality of our early diagnosis toolkit, we execute Experiment II  by fabricating another batch of 224 perovskite films with a higher precursor concentration (1.4 M versus 1 M in Experiment I). The detailed sample composition information is presented in Table S2. With a higher concentration of perovskite precursors, the film thickness is approx. 550 nm in Experiment II versus 400 nm in Experiment I, as shown in Figure 3b. Only PL and Abs. spectra of these fresh thin films are characterized and the extracted data are then fed into the analysis model for stability evaluation. As a result, only 4 perovskite compositions are predicted to be stable with Level-1, and 178 perovskite compositions are predicted to be unstable with Level-4 (Figure S16). We then randomly selected 32 perovskite compositions to test the accuracy of our prediction (Figure S17-18). The confusion matrix of prediction results with a relatively high accuracy of 81% for unstable perovskite and 64% for stable perovskite is presented in Figure 3b, indicating an eligible prediction accuracy for stable thick films. We also solely attempted IV-ML for these 32 thin films, and the accuracy was improved to 67% for stable perovskite prediction (Figure S19). The limited number of stable samples leads to a significant influence of false counterexample samples on the accuracy of predicting stable samples, though the main cause of the decreased accuracy primarily originates from the variations in thin film fabrication processes. Overall, the above results demonstrate the high robustness of our early diagnosis toolkit.
[bookmark: _Hlk150696205][bookmark: _Hlk150696233][bookmark: _Hlk149832271][bookmark: _Hlk155428987][bookmark: _Hlk149835869]To verify the effectiveness of the algorithm, the screened films are applied to devices for stability tests. Finally, We examine the stability of perovskite solar cells using our screened thick films. The device architecture is glass/ITO/SnO2/PCBM/perovskite/PDCBT/PTAA-BCF/Au (Figure 4a), where ITO is indium tin oxide, PCBM is Phenyl-C61-butyric acid methyl ester, PDCBT is Poly[2,2''''-bis[[(2-butyloctyl)oxy]carbonyl]-[2,2':5',2'':5'',2'''-quaterthiophene]-5,5'''-diyl], PTAA and BCF is Poly[bis(4-phenyl)(2,4,6-trimethylphenyl)amine and Tris(pentafluorophenyl)borane, respectively. For stable perovskite films (Rb0.05Cs0.05MA0.1FA0.8PbI3) in Experiment I, the resulting device retains over 97% of initial PCE after 1100 hours of long-term operation at 65 ℃ (Figure S20). In Experiment II, we select two samples, No. 59 (K0.05Rb0.05EA0.05MA0.05FA0.8PbI3) and No. 109 (Rb0.2Cs0.025FA0.775PbI3) to verify device stability, where the stability of No. 59 is better than No. 109. The corresponding two devices show a similar degradation trend of open-circuit voltage (Voc)  and short-circuit current (Jsc) while a noticeable divergence in the degradation trend of fill factor (FF) (Figure 4c-d). In the first 300 hours of aging, film decomposition mainly occurs at the surface of perovskite films, forming a charge-transfer barrier at the perovskite/HTL interface.7 The faster degradation rate of the No. 109 film versus the No. 59 film is highly consistent with the faster decay of FF in the corresponding devices. The main reason is that the inhomogeneous distribution of alkali cation is caused by a higher Rb+ concentration of  No. 109.41, 49 In contrast, No. 59 has almost no longer any decline in performance (Figure 4e, Figure S21), after the initial rapid decay caused by charge accumulation.6 The above results indicate a successful early diagnosis of stability in perovskite films.
[bookmark: OLE_LINK19][bookmark: _Hlk155818795]In conclusion, we have developed a machine learning model enabling early diagnosis for perovskite stability without a long-term aging process. With the early diagnosis, we can accelerate the stability evaluation process by several orders of magnitudes, thus accelerating the development of stable perovskites. The high prediction accuracy achieved owes much to automatic high-throughput experiments, ensuring standard film fabrication and precise film characterization, which is critical in obtaining high-quality big data for machine learning. The combination of high-throughput experiments and machine learning is emerging as a powerful tool capable of elucidating the underlying physical properties behind complex relationships among various experimental parameters and targeting properties.50 Besides, it is expected that the prediction accuracy for perovskite stability with contact layer will diminish when we adopt a pre-trained machine learning model by the perovskite stability data without contact layers, considering the structural reconfiguration at the perovskite surface43, 51 To establish a robust model capable of predicting perovskite stability with contact layers, it is essential to employ a training dataset of perovskite stability with specific contact layers. We anticipate that our findings to trigger more innovations in applying high-throughput experiments and machine learning to materials science.
[bookmark: OLE_LINK13][bookmark: _Hlk150634383][bookmark: OLE_LINK25][bookmark: _Hlk155428591][bookmark: _Hlk155428640][bookmark: _Hlk155428374][image: ]Figure 1. Stability evaluation process and composition-dependent film stability. (a) Time-consumption analysis in the conventional stability evaluation process. (b) and (c) represent PL and Abs. spectra of Cs0.3FA0.7Pb(I0.85Br0.15)3 before and after the aging process, respectively. The inset in (c) represents the variation in absorbance of the perovskite film at 700 nm during a 1700-hour aging process. (e) and (f) represent PL and Abs. spectra of Rb0.05Cs0.05MA0.1FA0.8PbI3 before and after the aging process, respectively. The inset in (e) represents the variation in absorbance of the perovskite film at 700 nm during a 1700-hour aging process. (d) and (g) represent the position and intensity variations of PL peaks for Cs0.3FA0.7Pb(I0.85Br0.15)3 and Rb0.05Cs0.05MA0.1FA0.8PbI3 for the 1700-hour aging process, respectively.
[bookmark: _Hlk155430801][bookmark: _Hlk155428803][bookmark: _Hlk155428754][bookmark: _Hlk155194298]
[image: ]Figure 2. Illustration of intelligent feature extraction from photoluminescence spectra. (a) Schematics of the correlation between film stability and film homogeneity at their initial state. (b) The workflow of the GMM-PL algorithm, where the rectangular rectangle represents the execution step, and the diamond represents the judgment step. (c-e) The fitting results for samples with one-subpeak K0.15FA0.85Pb(I0.95Br0.05)3, double-subpeak K0.15FA0.85Pb(I0.85Br0.15)3, and muti-subpeak K0.15FA0.85Pb(I0.6Br0.4)3), respectively.

[image: ]    
Figure 3. The integrated voting machine learning for evaluating the stability of perovskite films. (a) Schematics of the IV-ML classification model, where the confusion matrix shows the classification accuracy of Experiment I. (b) Schematics of the experimental scheme of Experiment II. The SEM image on the left side of the figure demonstrates the different thicknesses of the perovskite layer between Experiment I and II. The confusion matrix on the right side of the figure represents the classification accuracy of IV-ML for perovskite films in Experiment II. 
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[bookmark: OLE_LINK10][bookmark: OLE_LINK40][bookmark: _Hlk155428862][bookmark: _Hlk152960785][bookmark: _Hlk149832325][bookmark: _Hlk149832341]Figure 4. Stability characterizations of perovskite solar cells. (a)  Schematic of the solar cell structure. (b) and (c) Time-dependent J–V curves of Rb0.2Cs0.025FA0.775PbI3 and K0.05Rb0.05EA0.05MA0.05FA0.8PbI3 in Experiment II, respectively. The devices are aged at 65 °C in an N2-filled chamber and open-circuit state under metal-halide lamps from 0 h (violet) to 300 h (red). The scan direction is forward (from 0 V to 1.2 V) with a scan rate of 20 mV·s-1. (d) and (e) The long-term stability of Rb0.2Cs0.025FA0.775PbI3 and K0.05Rb0.05EA0.05MA0.05FA0.8PbI3 in Experiment II, respectively. The unencapsulated device aged at 65 °C in N2-filled chamber in an open-circuit state under metal-halide lamps (80 mW·cm-2) in the forward direction. The variation of light density is calibrated by a silicon solar cell.
[bookmark: __Fieldmark__16333_1134111900]
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