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A. Supplementary Dataset Details
In this section, we provide various complements about the dataset. We generate 177k FexCy ( x + y ≤ 10 ) clusters data, with 43 kinds in the dataset. Details are shown in table 1.
	

	

	0
	29181
	

	

	2926
	27442

	
	

	1521
	
	
	

	3673
	

	
	

	1490
	
	
	

	4304
	

	
	

	2334
	
	
	

	5170
	

	
	

	2565
	
	
	

	5590
	

	
	

	5747
	
	
	

	5779
	

	
	

	6356
	
	

	

	2392
	23452

	
	

	2200
	
	
	

	4015
	

	
	

	6968
	
	
	

	5468
	

	

	

	1806
	32806
	
	

	5280
	

	
	

	3313
	
	
	

	6297
	

	
	

	3292
	
	

	

	3580
	19280

	
	

	4562
	
	
	

	4404
	

	
	

	0
	
	
	

	5274
	

	
	

	6657
	
	
	

	6022
	

	
	

	6275
	
	

	

	4145
	14853

	
	

	6901
	
	
	

	5096
	

	

	

	379
	26508
	
	

	5612
	

	
	

	2313
	
	

	

	2209
	3659

	
	

	2584
	
	
	

	1450
	

	
	

	4640
	
	

	

	155
	155

	
	

	5155
	
	
	
	
	

	
	

	5715
	
	
	
	
	

	
	

	5722
	
	
	
	
	


Table 1: Species and number of clusters
B. Experiment Details Explanation
a) Models
SchNet is a typical continuous-filter convolutional neural network. It is a variant of the earlier proposed Deep Tensor Neural Networks (DTNNs)[1] and therefore shares a number of their essential building block. MEGNet is a typical Graph Neural Network (GNN). In GNN, a molecule is represented by a graph in which the nodes correspond to the atoms, and the edges are the bonds between an atom pair. Unlike traditional GNN, MEGNet introduces global state attributes to increase prior knowledge in molecular representation, including average atomic weight and bonds per atom. The two networks are outstanding in the regression tasks of molecules or crystals, and it is an excellent attempt to apply them to the study of cluster work.
b) Cross-Validation
The Leave One Out Cross Validation (LOOCV) means that only one of the original samples is used as validation data, while the remaining ones are left as training data. This training strategy is very suitable for the iron carbide dataset we generate. It can perfectly solve the problem of relative label values in each class of dataset and improve generalization performance.
c) Benchmark
We use MAEs to measure the effect of the models on cluster structure energy prediction. In the models' prediction ability to predict the structures' stability, we propose a new measurement ROA (Relative Order Accuracy).
d) Data Capability
We analyze the relationship between the deviation of potential energy prediction and the coverage of the training set on the test set. We output the intermediate vectors predicted by MEGNet and reduce their dimension. The visualization results are shown in Fig.S1. Scatter points in the test set are drawn first, and information on the training set is marked on the upper layer. The titles of the subgraphs are the data for the test.
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Figure S1  Structures information coverage in 2D space after dimension reduction.
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