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Abstract. Stability screening of metal-halide perovskites remains difficult because accelerated-aging records combine 
compositional diversity, device interfaces, processing history and external stress protocols in incomplete time series. This 
study proposes a Causal-Guided Fusion TiDE-GNN screening model to rank perovskite candidates by long-term normalized 
retention rather than initial efficiency alone. The model represents each candidate as both a typed material graph and an 
aging sequence, uses a TiDE temporal encoder to capture degradation dynamics, applies graph message passing to encode 
compositional and interfacial interactions, and introduces a causal intervention embedding to stabilize fusion under humidity, 
thermal, illumination and bias-related protocol shifts. A curated benchmark containing heterogeneous accelerated-aging 
records was evaluated under protocol-aware splits. Compared with the strongest non-causal GNN baseline, the proposed 
model reduced RMSE by 16.4%, achieved an MAE of 0.043, improved Spearman rank correlation to 0.812, and increased 
top-10 enrichment to 3.6 under the uncertainty-filtered screening setting. Ablation analysis indicated that removing causal 
fusion increased RMSE from 0.061 to 0.072, while temporal-branch removal caused the largest deterioration in threshold-
crossing accuracy. The results show that causal-guided temporal-graph fusion can provide a reproducible and interpretable 
route for prioritizing durable perovskite formulations before expensive long-duration tests. 
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Introduction 
Metal-halide perovskites have become a well-known family of solution-processable semiconductors because of 
their tunable band gaps, long carrier diffusion lengths and defect-tolerant electronic structure, which are 
suitable for low-temperature photovoltaic manufacturing [1]. Recent device engineering has improved power-
conversion efficiency through compositional alloying, interface passivation and transport-layer optimization [2]. 
However, operational instability under heat, humidity, illumination and electrical bias still limits the transition 
from laboratory cells to reliable modules [3]. Degradation pathways often involve ion migration, phase 
segregation, interfacial reactions and electrode corrosion, and these mechanisms can appear with different time 
constants under different aging protocols [4]. As a result, a formulation with attractive initial efficiency may not 
be the formulation with the most reliable long-term retention [5]. Stability-oriented screening therefore requires 
models that can connect material structure, device context and time-dependent stress response rather than 
treating durability as a single static endpoint [6]. 

Recently, machine-learning studies have extended the discovery of perovskites from hand-designed rules to 
regression, classification, uncertainty estimation and active learning for exploring large candidate spaces before 
synthesis [7]. Descriptor-based models are efficient when curated chemical and device variables are available, 
but they can miss the relational structure among ions, layers and interfaces [8]. Sequence models can represent 
degradation curves, yet their predictions may become unstable when exposure duration, missing observations 
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or stress intensity differ between training and test records [9]. Graph neural networks provide a natural way to 
encode compositional and structural relations, although graph features alone do not guarantee robustness 
under shifted aging protocols [10]. Causal or intervention-inspired learning has been introduced to reduce 
reliance on unstable correlations in materials and reliability modeling [11]. These developments indicate the 
need for an integrated model that can combine temporal degradation, graph-structured material information 
and protocol-aware causal regularization [12]. 

The present study develops a Causal-Guided Fusion TiDE-GNN screening model for perovskite stability prediction. 
Each candidate is represented as a graph-structured material record and a temporal aging sequence. A TiDE-
style temporal encoder learns degradation trends from irregular aging windows, a graph message-passing 
branch captures composition and interface relations, and a causal-guided fusion module adjusts the contribution 
of these branches under stress-protocol shifts. The model is designed for ranking and triage: it estimates 
normalized retention, uncertainty and screening utility so that candidates can be selected for follow-up aging 
tests with clearer attention to durability risk. 

The remainder of the paper follows the logic of the screening task. Section 2 reviews data-driven perovskite 
stability modeling, graph representation and causal reliability analysis. Section 3 describes the proposed Causal-
Guided TiDE-GNN framework, including data representation, architecture design and training objective. Section 
4 presents the experimental dataset, benchmark comparison, ablation results, causal interpretation and 
screening implications. Section 5 concludes the study by summarizing the contribution, identifying limitations 
and outlining future extensions. 

Related Work 

Data-Driven Stability Modeling for Perovskites 

Early data-driven studies of perovskite stability mainly used chemically intuitive descriptors, such as ionic radii, 
Goldschmidt tolerance factors, octahedral factors, electronegativity differences, defect formation indicators and 
processing-related variables [13]. These models have shown that stability screening should consider both lattice 
geometry and the environment in which a device is aged, as a descriptor predicting phase tolerance under dry 
storage may be inadequate for humid illumination [14]. Classical regression and ensemble methods are still 
suitable for relatively small amounts of data, and variable ranking can be performed without extensive feature 
learning [15]. Their deficiencies are that they generally assume independent samples and static labels, and 
stability experiments are often obtained as retention curves with missing points, unequal exposure intervals, 
and protocol-specific censoring [16]. Deep time-series models improve the handling of degradation trajectories 
by learning temporal embeddings from exposure-dependent measurements, but they may lose interpretability 
if the embedding is not linked to material mechanisms [17]. Hybrid descriptors that integrate composition, 
process and device architecture have enhanced empirical screening, but they can still overfit batch-specific 
correlations in unbalanced synthesis campaigns [18]. 

A common limitation in these studies is that perovskite stability is not a single material property but a combined 
effect of composition, processing, device stack and stress exposure. The measured endpoint is affected by stress 
intensity, encapsulation, transport layer, initial defect density and the duration of observation [17]. Models that 
use only static descriptors can capture useful correlations, but they often ignore degradation trajectories and 
protocol heterogeneity. Sequence-oriented approaches add temporal information but may still overlook graph-
like relations among perovskite components and device layers [18]. This gap motivates a representation that 
couples material topology, aging dynamics and protocol-aware stability constraints. 

Graph Learning and Causal Reliability Screening 

Graph learning has been used to model materials by representing atoms, ions, components or layers as nodes 
and by using edges to encode bonding, distance, adjacency and other interaction strengths [19]. Such models 
are attractive for perovskites because mixed-cation, mixed-halide and layered device structures naturally involve 
relational information that is difficult to express with a flat descriptor vector. Juan et al. [20] showed that graph-
based representations can improve the learning of material-property relations when chemically meaningful 
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neighborhoods are encoded. Nevertheless, graph prediction alone may still learn protocol-dependent 
associations if stress conditions and aging histories are not explicitly modeled [21]. 

Causal learning offers an additional route for testing whether a learned relationship remains stable when stress, 
process or composition variables are changed under controlled assumptions [22]. In reliability screening, causal 
weighting can reduce the influence of spurious protocol correlations and improve transfer across aging 
conditions. Recent graph-based reliability studies also suggest that structural representation and robustness 
constraints should be developed together when predictions are used for candidate selection rather than 
retrospective fitting [23]. The present model therefore uses causal-guided fusion as a regularizing mechanism 
rather than as a claim of fully identified experimental causality. 

Causal-Guided TiDE-GNN Framework 

Data Representation and Screening Workflow 

The proposed framework starts with a candidate record that contains compositional fractions, ionic descriptors, 
layer-level device information, synthesis variables and an accelerated-aging sequence. Each candidate is 
converted into a typed graph: A-site cations, B-site cations, halides, transport layers and encapsulation 
components are encoded as node types, while compatibility, adjacency, substitution and interface relations are 
encoded as edge types. Global descriptors, including stress protocol and processing metadata, are stored 
separately and introduced during causal-guided fusion so that graph structure and exposure conditions are not 
conflated. 

Figure 1 is reserved for the full screening workflow. The planned diagram shows literature and experimental 
data ingestion, descriptor harmonization, missingness filtering, graph construction, temporal windowing, causal 
intervention grouping, TiDE-GNN inference, uncertainty filtering and final candidate prioritization. The workflow 
also distinguishes discarded records, borderline candidates and recommended follow-up tests, which helps 
connect the computational model with practical experimental scheduling. 

 
Figure 1. Workflow of causal-guided perovskite stability screening using TiDE-GNN. 

Model Architecture 

Figure 2 is used for the model structure. The diagram contains a TiDE temporal encoder, a graph message-
passing branch, a causal intervention estimator, a gated fusion layer and a stability-ranking head. In this study, 
TiDE denotes a temporal decomposition encoder that separates slowly varying degradation trends from local 
protocol-driven fluctuations. The graph branch learns composition and interface relations, while the 
intervention estimator provides stress-aware embeddings that regulate how temporal and graph features are 
fused. 
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Figure 2. Architecture of the causal-guided fusion TiDE-GNN model. 

Candidate graphs are designed to be engineering abstractions rather than fully relaxed crystal structures. A-site, 
B-site, halide, transport-layer and encapsulation components are represented as typed nodes, and edges 
indicate stoichiometric coupling, layer adjacency or compatibility scores based on descriptor proximity. This 
graph definition is coarse enough to be built from the commonly reported experimental metadata, but 
expressive enough to differentiate composition families with similar scalar tolerance factors. Therefore, the 
model can still be used for database screening without the full crystallographic files that are often not available 
in stability-oriented perovskite research. 

In the graph abstraction, node attributes include component type, ionic radius, electronegativity proxy, valence 
state and fractional occupancy where available. Edge attributes include adjacency class, substitution relation, 
interface indicator and compatibility score derived from descriptor similarity. 

To bring the screening task closer to laboratory practice, preprocessing is performed at the record level rather 
than at the level of isolated descriptors. Continuous variables are scaled using the training partition only, 
categorical device variables are encoded after rare-category consolidation, and missing aging observations are 
masked rather than imputed as false stability. Candidate families are separated during split construction when 
possible, so that test records do not leak composition-specific information from closely related training entries. 

Let 𝑥𝑥𝑖𝑖(𝑡𝑡) denote the temporal input of candidate 𝑖𝑖 at exposure time 𝑡𝑡, 𝐺𝐺𝑖𝑖  denote its composition graph, and 𝑠𝑠𝑖𝑖  
denote the stress-protocol vector. The temporal encoder maps the aging sequence into ℎ𝑖𝑖𝑇𝑇 , while the graph 
encoder maps 𝐺𝐺𝑖𝑖  into ℎ𝑖𝑖𝐺𝐺 . A compact expression for the fused representation is given below. 

For clarity, the temporal input denotes the observed retention sequence and exposure-time descriptors for each 
candidate, the graph input denotes the typed material-device graph, and the stress vector denotes humidity, 
temperature, illumination, bias and protocol-duration descriptors. These variables are kept separate before 
fusion so that temporal evidence, graph evidence and intervention-related evidence can be inspected 
independently. 

ℎ𝑖𝑖 = 𝜎𝜎(𝑊𝑊𝑐𝑐𝑐𝑐𝑖𝑖 + 𝑏𝑏𝑐𝑐) ⊙ ℎ𝑖𝑖𝑇𝑇 + [1 − 𝜎𝜎(𝑊𝑊𝑐𝑐𝑐𝑐𝑖𝑖 + 𝑏𝑏𝑐𝑐)] ⊙ ℎ𝑖𝑖𝐺𝐺  Eq.(1) 
In this equation, 𝑐𝑐𝑖𝑖  is the causal intervention embedding estimated from stress and protocol variables, and the 
element-wise gate adjusts the contribution of temporal and graph information according to intervention-
sensitive evidence. The gate is intentionally low-dimensional, which helps the model avoid turning causal 
weighting into an unconstrained attention layer. 

Training Objective and Implementation Details 

The prediction head outputs a normalized stability-retention score and an uncertainty estimate. The first 
regression objective is the retained performance after equivalent ageing, and the auxiliary objectives are 
degradation slope and threshold-crossing time. These auxiliary outputs are not to increase the number of 
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reported indicators; rather, they offer stable supervision for the temporal encoder in cases of partial trajectories 
for candidates. The graph branch uses edge-conditioned updates with residual connections, and the temporal 
branch has dense residual blocks and covariate projection. Stratified splits are used for training by composition 
family and stress protocol, and the validation and test sets include candidates with protocol distributions 
different from those in the training set. 

The auxiliary labels are computed from the observed aging trajectory: degradation slope is estimated over log-
scaled exposure time, threshold-crossing time is interpolated when the 0.85 retention boundary is crossed, and 
censored records are masked in the corresponding auxiliary loss. 

𝑧𝑧𝑣𝑣
(𝑙𝑙+1) = 𝜙𝜙 �𝑊𝑊0𝑧𝑧𝑣𝑣

(𝑙𝑙) + �  
𝑢𝑢⊂𝑁𝑁(𝑣𝑣)

 𝛼𝛼𝑢𝑢𝑢𝑢𝑊𝑊𝑒𝑒(𝑒𝑒𝑢𝑢𝑢𝑢)𝑧𝑧𝑢𝑢
(𝑙𝑙)� Eq.(2) 

The graph update uses edge attributes 𝑒𝑒𝑢𝑢𝑢𝑢  to condition the neighborhood transformation and attention 
coefficient 𝛼𝛼𝑢𝑢𝑢𝑢. This formulation allows chemically meaningful interactions, such as mixed halide compatibility 
or B-site substitution strength, to alter the propagated message without requiring a fully atomistic simulation 
for every candidate. 

𝐿𝐿 =
1
𝑛𝑛
�  
𝑖𝑖

(𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 + 𝜆𝜆1|𝛥𝛥𝑠𝑠𝑔𝑔𝑖𝑖| + 𝜆𝜆2𝐾𝐾𝐾𝐾(𝑞𝑞𝑖𝑖‖𝑝𝑝𝑖𝑖) Eq.(3) 

The objective function includes prediction error, a penalty for causal stability under stress interventions, and a 
regularization term for uncertainty calibration. The intervention term penalizes unstable gating behavior when 
humidity, temperature, illumination intensity or bias-related descriptors are perturbed within physically 
plausible ranges. This design encourages the model to rely on features that remain informative across protocol 
shifts, while the uncertainty term discourages overconfident predictions near the screening threshold. 

The implementation details are kept reproducible because stability-screening studies can be sensitive to 
masking, normalization and split construction. The temporal branch receives observed retention values, 
exposure time, stress level and missingness masks. The graph branch uses shared hidden dimensions across all 
ablation variants, and each variant is trained with the same optimizer, early-stopping patience and maximum 
epoch budget. Loss weights are selected on the validation partition and then fixed for the held-out test 
evaluation. 

Experimental Data and Stability Analysis 

Dataset, Protocol Design, and Baselines 

Accelerated stability screening is generally affected by protocol heterogeneity, incomplete aging curves, and the 
division of candidate families into training and test sets [24]. Protocol-aware evaluation is therefore employed 
to reduce overoptimistic generalization. The curated dataset retains records with identifiable composition, 
device stack, aging protocol, exposure time and normalized retention endpoint, while records lacking stress 
descriptors or internally inconsistent time stamps are excluded. The final benchmark is divided into training, 
validation and held-out test partitions at the candidate-record level, with family-aware separation applied where 
duplicate or near-duplicate compositions are detected. 

Figure 3(a) reports the protocol distribution and shows that dry thermal and damp-heat records account for 
22.4% and 19.8% of the dataset, while humid illumination and combined bias stress account for 14.5% and 11.7%. 
This distribution creates a useful but imperfect stress space: the two classical aging protocols provide enough 
samples for stable training, whereas the combined-stress protocols remain sparse enough to test transfer 
behavior. The protocol imbalance is also informative for model design because humid illumination and bias-
stress cases are precisely where stress interactions are expected to make simple descriptor regression less 
reliable. Figure 3(b) shows the retention-label distribution, where 312 candidates remain above 0.85 after 
equivalent aging and 198 fall below 0.50. The high-retention tail is large enough for enrichment analysis, while 
the low-retention tail prevents the model from learning only small perturbations around successful formulations. 
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Figure 3. Dataset construction and measurement distribution: (a) protocol counts and stress imbalance, and (b) retention-label density 

with screening threshold. 
 

Table 1 reports the six benchmark settings under the same held-out test protocol. Ridge regression and random 
forest serve as descriptor-based baselines, LSTM and temporal transformer represent sequence models, and 
GNN provides a non-causal graph-learning comparison. CausalTiDE-GNN achieves the lowest RMSE and the 
highest Spearman correlation, indicating that the proposed fusion design improves both numerical retention 
prediction and ranking quality. The comparison should be interpreted as a controlled benchmark among 
independent model families, not as a developmental sequence from a simpler model to the proposed 
architecture. 

Table 1.  Benchmark configuration and screening performance on the held-out perovskite stability test set 
Model Input representation RMSE Spearman rho Top-10 enrichment 

Ridge regression Static descriptors 0.103 0.51 1.84 
Random forest Static descriptors 0.089 0.58 2.19 

LSTM Aging sequence 0.081 0.62 2.47 
Transformer encoder Aging sequence + stress 0.076 0.65 2.64 

GNN Composition graph 0.073 0.68 2.81 
Causal TiDE-GNN Temporal + graph + causal fusion 0.061 0.79 3.42 

Predictive Accuracy, Ranking Quality, and Ablation 

Benchmark models were selected to cover descriptor regression, nonlinear tabular learning, sequence modelling, 
attention-based temporal encoding and graph representation learning, which are common families in materials-
informatics evaluation [26]. The performance of static descriptors is relatively low compared with integrated 
temporal-graph-causal models. Ridge regression had an RMSE of 0.103 and a Spearman correlation of 0.51; it 
was suitable for general trend detection but not accurate enough for the final candidate selection. Random 
forest reduced RMSE to 0.089 by capturing nonlinear descriptor interactions, yet its top-10 enrichment 
remained 1.84 points lower than the proposed model. The standalone GNN outperformed both sequence 
baselines in ranking and, therefore, was determined that the graph representation contained stability-relevant 
structural information; it achieved a Spearman rho of 0.68. The proposed Causal TiDE-GNN achieved the best 
RMSE of 0.061, MAE of 0.043, Spearman rho of 0.79, and top-10 enrichment of 3.42. 

Repeated-split uncertainty is reported where available. The main ranking and error trends remain consistent 
across validation repeats, although small differences among the strongest baselines should be interpreted with 
attention to confidence intervals rather than as absolute ordering. 

Figure 4(a) compares RMSE, MAE and rank correlation across six models, showing that the proposed method 
reduces RMSE by 16.4% relative to the strongest non-causal GNN baseline. Figure 4(b) plots predicted versus 
observed retention and shows a tighter concentration around the diagonal in the 0.75-0.95 retention range, 
where screening decisions are most sensitive. Figure 4(c) shows that uncertainty calibration becomes more 
reliable near the 0.85 retention threshold, with fewer overconfident false-positive predictions. Figure 4(d) 
reports top-k enrichment and indicates that the top-10 list contains 3.6 times more high-retention candidates 
than random selection, making the ranking output useful for experimental triage. 
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Figure 4. Predictive performance and calibration: (a) benchmark metrics, (b) predicted versus observed retention, (c) uncertainty 

calibration, and (d) top-k enrichment. 
 

Ablation analysis is useful when a fused architecture may otherwise hide whether its gains come from 
complementary information or from excess capacity [28]. Figure 5(a) shows that removing the TiDE branch 
increases RMSE from 0.061 to 0.079, while removing graph message passing increases RMSE to 0.075. Figure 
5(b) shows that causal-gate activation is higher in humid illumination and combined bias-stress records, where 
protocol shift is stronger. The variants use the same training budget and comparable hidden dimensions, so the 
performance gap is mainly attributed to representation and fusion design rather than to a larger optimization 
budget. 

 
Figure 5. Ablation and fusion behavior: (a) module-removal errors, and (b) protocol-level rank correlation with causal gate distribution. 

 
Temporal error analysis should determine whether the model fails at early exposure, late exposure or near a 
retention threshold rather than relying only on endpoint accuracy [29]. Figure 6(a) shows that error increases 
from 0.047 at short horizons to 0.083 at long horizons, but CausalTiDE-GNN maintains a smaller increase than 
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the temporal transformer baseline. Figure 6(b) reports slope-error and threshold-crossing accuracy; the 
proposed model reduces slope MAE to 0.018 retention units per log-hour and reaches 84.7% threshold-crossing 
accuracy. These results indicate that temporal decomposition contributes to both endpoint prediction and 
degradation-timing assessment. 

 
Figure 6. Temporal degradation analysis: (a) horizon-dependent error, and (b) slope-error and threshold-crossing accuracy. 

Causal Interpretation and Screening Implications 

Figure 7(a) shows intervention-inspired effects for humidity, temperature, illumination, halide ratio and 
encapsulation. Humidity has the strongest negative average effect at -0.118 retention units under weak 
encapsulation, whereas improved encapsulation shifts the response by +0.071 retention units. Figure 7(b) 
presents the protocol-transfer error heat map and shows the largest transfer penalty when the model is trained 
without humid illumination and tested on damp-heat records. These values are interpreted as model-derived 
stress sensitivities under controlled perturbation assumptions, not as direct randomized causal effects. 

 
Figure 7. Causal interpretation under protocol interventions: (a) average intervention effects, and (b) protocol-transfer error heat map. 

 
Figure 8(a) shows the candidate-screening frontier by plotting predicted retention against uncertainty and 
synthesis feasibility. Among the top 60 candidates, 41 meet the 0.85 retention threshold and the 0.07 
uncertainty threshold, whereas only 29 meet both thresholds when causal fusion is removed. Figure 8(b) reports 
family-level enrichment and shows that mixed-cation mixed-halide candidates contribute 34% of the high-
confidence list, while encapsulated low-dimensional-interface candidates contribute 21%. The feasibility score 
is calculated from precursor availability, reported processing temperature and device-stack complexity, so it is 
used as a practical filter rather than as a predicted stability label. 
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Figure 8. Screening utility for candidate prioritization: (a) retention-uncertainty-feasibility frontier and (b) family-level enrichment. 

 
Figure 9(a) compares robustness under dataset shift by evaluating models trained without one protocol and 
tested on the withheld protocol. The proposed model records an average RMSE of 0.074 across withheld 
protocols, compared with 0.089 for GNN and 0.097 for the temporal transformer. Figure 9(b) decomposes false-
positive predictions and shows that 46% of false positives arise from humidity-sensitive candidates with 
incomplete encapsulation descriptors. The threshold-oriented utility annotation further shows that moving the 
uncertainty cutoff from 0.09 to 0.07 reduces false positives from 18.5% to 12.1%, although it also removes 
several borderline candidates from the recommended list. 

 
Figure 9. Robustness and decision behavior: (a) leave-one-protocol-out error, and (b) false-positive composition with threshold-oriented 

utility annotation. 
 

Sensitivity to the screening threshold determines how the model should be used in practice. At a retention 
threshold of 0.80, the proposed model recommends a larger group of candidates and the uncertainty filter 
mainly removes records with incomplete stress descriptors. At a threshold of 0.85, ranking quality becomes 
more important because many candidates cluster close to the decision boundary. At a threshold of 0.90, the 
model becomes conservative and favors candidates with strong encapsulation evidence, lower protocol-transfer 
error and lower predicted uncertainty. 

The revised screening results change how borderline cases are handled. Candidates with predicted retention of 
0.82-0.88 are not automatically accepted or rejected; they are assigned to an uncertainty-aware follow-up group 
when their feasibility score is high or their protocol-transfer error is low. This operating region is important 
because a purely score-based rule would discard several candidates that are experimentally easy to test and 
may provide useful information for closing gaps in the training distribution. 



Causal-Guided Fusion TiDE-GNN Screening Model for Perovskite Stability Prediction 
https://doi.org/10.64972/dea.2024.v3i1.4576d:72-83 

81 
 

An additional operating point is used because screening decisions are not determined by retention score alone. 
A candidate with moderate uncertainty but excellent feasibility may still justify a short confirmation test, while 
a candidate with high predicted retention but large transfer error should be delayed until its stress protocol is 
better represented. This decision rule makes the model suitable for staged experimentation, where rapid 
screening is followed by longer exposure only for candidates that remain promising after uncertainty filtering. 

The model is also used as an observation tool before the next experimental cycle. If the top-ranked list is 
dominated by a single composition family, the family-level enrichment curve is compared with the uncertainty 
distribution to avoid an overly narrow search. When high-ranking candidates share the same missing descriptor 
pattern, the next experiment can be designed to measure the missing stress or interface variable directly. In this 
way, the screening output supports both candidate selection and dataset improvement. 

Conclusion 
This paper introduces a Causal-Guided Fusion TiDE-GNN screening model for perovskite stability under multi-
stress aging conditions. The framework integrates temporal degradation encoding, graph-based material 
representation and causal-guided fusion to rank candidates by retention, uncertainty and screening utility. By 
connecting degradation trajectories with composition-interface relations, the model provides a structured route 
for prioritizing durable perovskite candidates before expensive long-duration validation. 

Several limitations remain. The framework depends on the quality, diversity and protocol consistency of 
accelerated-aging records, and its causal intervention module uses protocol-level approximations rather than 
direct physical intervention experiments. The present dataset also contains imbalanced stress protocols and 
incomplete metadata for some device interfaces, which may restrict transfer to outdoor exposure scenarios and 
newly developed device stacks. 

Future work will connect the proposed framework with closed-loop synthesis, standardized aging metadata and 
physics-informed degradation simulators. Larger outdoor-exposure datasets, interface-resolved 
characterization and active-learning experiments should be incorporated to test whether causal-guided 
temporal-graph screening can improve both prediction robustness and experimental discovery efficiency in 
practical perovskite development. 
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