'i) Check for updates

Journal of KIIT. Vol. 24, No. 4, pp. 1-10, Apr. 30, 2026. pISSN 1598-8619, eISSN 2093-7571 1
http://dx.doi.org/10.14801/kiit.2026.24.4.1

Enhancing CGCNN for Crystalline Materials via Approximate
Equivariant Frame Averaging

Ho Lee*, Sangtae Kim**, and Kwanghee Lee***

o] A7E FEueTASa SaedTulE A UH 315(2024-2026)

9 Jle AR Hold A 2R ob initio Wl WIS B A B4 A4E o Afee
#2030 9tk CGONNE 1A obldAE /os & Jdx 449 292, bt o) /bsshe
AHol You, AT T2 AN F U4 ¢ AR BEAI] BEo) 3349 SIS TxE FE Wyt
A g3l A2 el BAZE AT B ATINE CGONNE el frte] #:s) 4t HEE 47 w2

! 3% FACGONNE AQHiTh =8 27 vistel] whe iy 248 a3 a2

3L

o] ol

A 58 Y B2 198 ASAA, F18 4 22 P99 Cooion AR 282 LU
ok gle] 1€ CGONNETH 958 )% 45 Byt

Abstract

Deep learning-based computational modeling of materials data has gained attention for offering significantly higher
computational efficiency and competitive accuracy compared to ab initio methods. CGCNN, a graph neural network
model with a simple and extensible architecture, has shown promising performance; however, its reliance solely on
interatomic distances limits its ability to capture full three-Dimensional (3D) geometric structures, resulting in constraints
on prediction accuracy. In this study, we propose Frame Averaging-based CGCNN (FACGCNN), an extension of
CGCNN that incorporates atomic coordinates and relative positions into node and edge embeddings, respectively. To
address the issue of sensitivity to coordinate system transformations we apply an approximate equivariant frame
averaging technique. Experiments conducted on the Carolina dataset, which consists of inorganic crystal structures,
demonstrate that the proposed method outperforms the original CGCNN in terms of predictive accuracy.
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Table 1. Experimental results (A higher R? score is better,
while lower MAE and RMSE values indicate better
performance)

Method |Epoch| R? score MAE RMSE

CGCNN 100 |0.897+0.046 | 0.103+0.004 | 0.368+0.071
CGCNN | 200 |0.870+0.049 | 0.089+0.004 | 0.418+0.081
CGCNN | 300 |[0.870+0.057 |0.086+0.003| 0.420+0.093
FACGCNN| 100 |0.913+0.013|0.114+0.006 | 0.366+0.028
FACGCNN | 200 |0.925+0.013| 0.090+0.003 [0.334+0.030

E 2 HM o7 2t
Table 2. Ablation study results

Method R? score MAE RMSE
FACGCNN 0.933+0.019 | 0.085+0.002 | 0.312+0.043
FACGCNN
+Random 0.933+0.019 | 0.085+0.003 | 0.312+0.043

Rotation

FACGCNN wj/o
Frame averaging
FACGCNN wj/o
Frame averaging

0.957+0.0080.083+0.0030.257+0.024

+ Rendom | O71£297 | 162+368 | 303+662
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