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1. Chemical-disordered materials are widely used in many areas due to their special properties and performances.
2. Determining the atomic structures of chemical-disordered materials is a challenging problem, and various computational methods have been used to deal with it.
3. This article introduces an approach that combines first-principles calculations and active-learning algorithm to accelerate the prediction of thermodynamically atomic structures/configurations of the chemical-disordered materials.
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May be slightly imbalanced: The article presents the information in a generally reliable way, but there are minor points of consideration that could be explored further or claims that are not fully backed by appropriate evidence. Some perspectives may also be omitted, and you are encouraged to use the research topics section to explore the topic further.
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The article “Active learning to overcome exponential-wall problem for effective structure prediction of chemical-disordered materials” provides an overview of the challenges associated with predicting the atomic structures of chemical-disordered materials, as well as a proposed solution using a combination of first-principles calculations and active learning algorithms. The authors provide evidence from three distinct finite size systems (BaSc(OxF1−x)3, Ca1−xMnxCO3, and ε-FeCx) to demonstrate the effectiveness of their approach in predicting thermodynamically stable atomic structures/configurations.
The article is generally reliable and trustworthy, as it provides evidence from multiple sources (experimental and theoretical research) to support its claims. The authors also provide detailed descriptions of their proposed approach (LAsou), which is clearly explained with examples from each system studied. Furthermore, they acknowledge potential limitations such as “small sample size problem” when using machine learning interatomic potentials, which adds credibility to their work.
However, there are some points that could be further explored in future work. For example, while the authors provide evidence from three distinct systems, they do not discuss how their approach would apply to other types of chemical disordered materials or larger systems with more atoms or sites involved. Additionally, while they acknowledge potential limitations such as “small sample size problem” when using machine learning interatomic potentials, they do not discuss possible solutions or strategies for overcoming this issue in detail. Finally, while the authors provide evidence from both experimental and theoretical research sources, they do not discuss any potential biases or one-sided reporting that may be present in either source type. 
In conclusion, this article provides a reliable overview of the challenges associated with predicting atomic structures/configurations for chemical disordered materials and presents a promising solution using first principles calculations combined with active learning algorithms. However, there are some points that could be further explored
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· Atomic structure prediction for chemical disordered materials
· Machine learning interatomic potentials
· Biases in experimental and theoretical research
· Large-scale structure prediction
· Overcoming small sample size problem
· Active learning algorithms for structure prediction
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