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Attificial intelligence (Al) is rapidly transforming materials research from trial-and-error-based exploration to data-driven and
inverse design. Early materials Al focused primarily on discriminative models for predicting properties of given crystal structures.
With recent advances in generative Al, however, inverse-design approaches that directly generate new materials with desired
properties have emerged as a major research direction. In particular, Al-based crystal structure generation offers a promising route to
discovering structures beyond existing databases and overcoming the limitations of conventional high-throughput computation and
combinatorial screening. This review summarizes the concepts and development of Al-based inverse materials design and introduces
the fundamental principles of generative Al and crystal structure generation. We further discuss next-generation materials design
platforms integrating property prediction, generative models, reinforcement learning, physics-informed Al and foundation models, and
highlight key challenges and further research directions.
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Fig. 1. (Color online) Representative architectures of (a) VAE- [22] and (b) GAN-based generative models [24]. All figures are reproduced under

CC BY-NC-ND 4.0.
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Fig. 2. (Color online) Architecture of MatterGen. (a) The forward diffusion process progressively corrupts the atom types A, atomic coordinates X,
and lattice L toward their respective noise distributions, whereas the reverse denoising process generates crystal structures from the random state.
(b) An equivariant score network is pretrained on a large dataset of stable crystal structures and subsequently fine-tuned on labeled data using an
adapter module for conditional generation. (c) The fine-tuned model generates materials subject to desired chemistry, symmetry, or scalar-property

constraints. This figure is adopted from Ref. [10] under CC BY 4.0.
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Fig. 3. (Color online) Examples of RL-guided generator models. (a) Composition filling of a predefined crystal template using an RL policy. (b)
Construction of offline RL trajectories from Materials Project entries. (c) A MEGNet-based graph neural network policy trained for property-
conditioned crystal generation. Taken from Ref. [27] under CC BY 4.0. (d) Chemeleon2 combines latent diffusion with GRPO. Taken from Ref.

[29] under CC BY 4.0.
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Fig. 4. (Color online) Active-learning framework for autonomous exploration of synthesizable materials space. (a) The experimentally accessible
parameter space is refined into synthesizable and target-specific regions. (b) In the closed-loop workflow, probabilistic models evaluate unexplored
conditions and their predictive uncertainty, and an acquisition function selects the most informative experiment. The selected condition is
autonomously synthesized and characterized, and the resulting labeled data are added to the training set to iteratively update the model and refine

the synthesizable space. Taken from Ref. [32] under CC BY 4.0.



<34 E=>> Journal of the Korean Magnetics Society Vol. 36, No. 5, October 2026

=

Z - 3915 BFEA0] & FH e B X0 28T
FH A9 — @)DFT AR} e Adoe= A4 B4 w7}
— GPIEA dofzl HlolElE sy vlofEl] 71 — (6)4
AR 445 B AEE Y] BPS RHEste] g4y
& AR o R Zozromm] B3k B4 At 725 A
A== HE3IH32,33](Fig. 4). BAE A} 55859
A dA U] A A AP SEEANA A
248 AMET glom, 3R ok ARE AR o] 7]t
7o) 2 Aoz 7uEc)

3. Foundation model

HT AFAs EokllA FEE & Wgt Jked e
Foundation model®] 57|t} Foundation modet> THyFR
Ho]HE o]83sle] 82U TS API8KE (Pre-training)$t
T Ol FAlel| 8k Aol Akdo] AHlelxe
GPT A€ Edo] 32321 Foundation modelo]™, F5FE H]
Aol A= Vision Transformer(ViT)7} t3EZ 21 Alglo|t}. A7)
Hofo| A= Materials Project, OQMD, AFLOW, NOMAD
T FHRE A ool APt HolHE &835te] *HE Materials
Foundation Models T3l © 77t &ys] = )
t}. Foundation model®] 72| 7 =2dy} O 2 H&
A BT A5k Aol ot vkt &S SRk
d= 74 4 vk Mot} o]Hd He Foizl A
nit}h HEe] HES FEafol Y 7]Ee] WAED X 3
2 HEAS AF3) HZol Foundation model®] 70
AT Aol A3 AlElEe] Halsal 9lom, o=
T A A19] i WEES ARSIl B 4 IU10,34].

b

oo o M

o] JI AAZ, Telm T BE BYS A3 uEshs

HZolle AR A9 I wt 28 2AHTERE AF
Agehe 7ol A Al 7] A o= Ay Far o
ok Sk AEsE vle} o] ARTx A ARkAQl AAE
AI®} =22 crystal periodicity, space group symmetry 5
thermodynamic stability 5= Ao TE3l|oF sl A
234 FAloIH, o]E 31 23}7] 913l crystal representation, &
g Aok g AN darglFo] A sy siot

A AAEELS VAESF GANS #A Diffusion Model
SAloZ sl oM, CDVAE, DiffCSP, MatterGen} 2
< FHAl 2A Al BEL 7)E d|oJEHo)2e] SRS e

gt AT2E g AT - IS HoFal
tH10,25,26]. T2l 23415 AL AEE Al A3sks,
585, Physics-informed AI % Foundation model®] 3P}
o] B% ZYFoE APEHA A& A A (Autonomous
Materials Discovery)’} &3] o]Foiz|11 9lt}[32,33]. 18
L, @A) AAEE Al GA] b afddle ot Foli
o A 72 A TFsAE AL ke WHEE
< ofd T3] SHEA ekt thEe] 9= formation
energyl} thermodynamic stability 5= 7|02 FRE A
WA, AA A ANA = reaction path, dynamic
stability & FAZ7A So] 23 IS v} o9} e
FE7A I3 AL gargjgoe] /s Bop 4% A&
A AEA7} 7FsE Aol

SHH, dAlS] WHEEE 1T W), I A Al U

B FR A 7% dol AW, WA D Al

or %2

il

Agents X3Fl= Al5d I ZYFSE [T AeE A
W) o] g e Al WbHe] 28 gr|How g

=2
A o}, VAR, WEEA, o3 A B s 2
e TR A A Eopll A2 A7 sEudSs Al
Ald Ao 7|HEn.

HAlel =2

£ A7e 202085 w9 AGETEESEAIY] Al
o7 FFBAAE 7} APehs A% QA FIAA 8A)
AF4(2026-ANCHOR-05-001 )2} 28}/ 1&g RFAITT X8}
< AFHsled AFATAII (KHI150)9] s Wof 4=

P=|AFH T
References

[1] G. Hautier, Comput. Mater. Sci. 163, 108 (2019).

[2] D. W. Davies, K. T. Butler, A. J. Jackson, A. Morris, J. M.
Frost, J. M. Skelton, and A. Walsh, Chem 1, 617 (2016).

[3] A. Jain, S. P. Ong, G. Hautier, W. Chen, W. D. Richards, S.
Dacek, S. Cholia, D. Gunter, D. Skinner, G. Ceder, and K. A.
Persson, APL Mater. 1, 011002 (2013).

[4] J. E. Saal, S. Kirklin, M. Aykol, B. Meredig, and C. Wolver-
ton, JOM 65, 1501 (2013).

[5] S. Curtarolo, W. Setyawan, S. Wang, J. Xue, K. Yang, R. H.
Taylor, L. J. Nelson, G. L. W. Hart, S. Sanvito, M. Buongiorno
Nardelli, N. Mingo, and O. Levy, Comput. Mater. Sci. 58, 227
(2012).

[6] M. Cheng, C.-L. Fu, R. Okabe, A. Chotrattanapituk, A.
Boonkird, T. H. Nguyen, and M. Li, Nat. Mater. 25, 174
(2026).

[7] E. O. Pyzer-Knapp, M. Manica, P. Staar, L. Morin, P. Ruch, T.



~ 404 -

Laino, J. R. Smith, and A. Cuioni, npj Comput. Mater. 11, 61
(2025).

[8] X. Jiang, W. Wang, S. Tian, H. Wang, T. Lookman, and Y. Su,
npj Comput. Mater. 11, 79 (2025).

[9] P-P. De Breuck, H.-C. Wang, G-M. Rignanese, S. Botti, and
M. A. L. Marques, npj Comput. Mater. 11, 370 (2025).

[10] C. Zeni, R. Pinsler, D. Ziigner, A. Fowler, M. Horton, X. Fu, Z.
Wang, A. Shysheya, J. Crabbé, S. Ueda, R. Sordillo, L. Sun, J.
Smith, B. Nguyen, H. Schulz, S. Lewis, C.-W. Huang, Z. Lu,
Y. Zhou, H. Yang, H. Hao, J. Li, C. Yang, W. Li, R. Tomioka,
and T. Xie, Nature 639, 624 (2025).

[11] D. Levy, S. S. Panigrahi, S.-O. Kaba, Q. Zhu, K. L. K. Lee, M.
Galkin, S. Miret, and S. Ravanbakhsh, Proc. Int. Conf. Learn.
Represent. (2025).

[12] T. Xie and J. C. Grossman, Phys. Rev. Lett. 120, 145301
(2018).

[13] C. Chen, W. Ye, Y. Zuo, C. Zheng, and S. P. Ong, Chem.
Mater. 31, 3564 (2019).

[14] K. Choudhary and B. DeCost, npj Comput. Mater. 7, 185
(2021).

[15] Y. Lysogorskiy, A. Bochkarev, and R. Drautz, npj Comput.
Mater. 12, 114 (2026).

[16] Y. Park, J. Kim, S. Hwang, and S. Han, J. Chem. Theory Com-
put. 20, 4857 (2024).

[17] Z. Cao, X. Luo, J. Lv, and L. Wang, Sci. Bull. 70, 3522 (2025).

[18] A. Y.-T. Wang, S. K. Kauwe, R. J. Murdock, and T. D. Sparks,
npj Comput. Mater. 7, 77 (2021).

[19] Z. Cao, R. Magar, Y. Wang, and A. Barati Farimani, J. Am.
Chem. Soc. 145, 2958 (2023).

[20] J. Noh, J. Kim, H. S. Stein, B. Sanchez-Lengeling, J. M.
Gregoire, A. Aspuru-Guzik, and Y. Jung, Matter 1, 1370
(2019).

[21] Z. Ren, S. I. P. Tian, J. Noh, F. Oviedo, G Xing, J. Li, Q.

Al Z7]8F 222 A AR A5 A

tlo
il

o83 A QA TAF] T - AEIY - P - 015

Liang, R. Zhu, A. G Aberle, S. Sun, X. Wang, Y. Liu, Q. Li, S.
Jayavelu, K. Hippalgaonkar, Y. Jung, and T. Buonassisi, Mat-
ter 5, 314 (2022).

[22] H. Y. Kwon, H. G. Yoon, S. M. Park, D. B. Lee, J. W. Choi,
and C. Won, Adv. Sci. 8, 2004795 (2021).

[23] A.Nouira, N. Sokolovska, and J.-C. Crivello, arXiv:1810.11203
(2018).

[24] S.Y. Lee, S. Byeon, H. S. Kim, H. Jin, and S. Lee, Mater. Des.
197, 109260 (2021).

[25] T. Xie, X. Fu, O.-E. Ganea, R. Barzilay, and T. Jaakkola, Proc.
Int. Conf. Learn. Represent. (2022).

[26] R. Jiao, W. Huang, P. Lin, J. Han, P. Chen, Y. Lu, and Y. Liu,
Adv. Neural Inf. Process. Syst. 36, 17464 (2023).

[27] P. Govindarajan, S. Miret, J. Rector-Brooks, M. Phielipp, J.
Rajendran, and S. Chandar, Digital Discovery 3, 769 (2024).

[28] Z. Cao and L. Wang, Phys. Rev. B 113, 024106 (2026).

[29] H. Park and A. Walsh, Nat. Mach. Intell. 8, 1087 (2026).

[30] T. Mohanty, M. Mehta, H. M. Sayeed, B.-E. Oded, 1. Pitussi,
A. Borenstein, V. Srikumar, and T. D. Sparks, Integr. Mater.
Manuf. Innov. 15, 416 (2026).

[31] H. Metni, L. Ruple, L. N. Walters, L. Torresi, J. Teufel, H.
Schopmans, J. Ostreicher, Y. Zhang, M. Neubert, Y. Koide, K.
Steiner, P. Link, L. Bér, M. Petrova, G. Ceder, and P. Fried-
erich, Adv. Mater. 38, 23620 (2026).

[32] N. Kim, H. J. Yoo, D. Kim, H. Lee, C. S. Hong, and S. S. Han,
J. Am. Chem. Soc. 148, 19170 (2026).

[33] N. J. Szymanski, B. Rendy, Y. Fei, R. E. Kumar, T. He, D. Mil-
sted, M. J. McDermott, M. Gallant, E. D. Cubuk, A. Mer-
chant, H. Kim, A. Jain, C. J. Bartel, K. Persson, Y. Zeng, and
G. Ceder, Nature 624, 86 (2023).

[34] L. Wu, W. Huang, R. Jiao, J. Huang, L. Liu, Y. Zhou, H. Sun,
Y. Liu, F. Sun, Y. Ren, and J.-R. Wen, Nat. Commun. 17, 6103
(2026).



