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Abstract The research process of optical functional glass materials involves long research and development cycles and
low efficiency. Greatly hindered the development of optical glass materials. The emergence of machine learning
technology has greatly promoted the development of glass materials science. By learning the laws contained in the data,
learning and predicting new data from the huge and complex glass data has accelerated the research and development
process of optical functional glass. This paper summarizes and demonstrates several types of machine learning algorithms
involved in the prediction of optical glass and briefly introduces them. On this basis, it focuses on summarizing the
important applications of these theoretical algorithms in glass research, including accelerating and improving traditional
glass research methods, assisting glass composition-property correlation prediction, and suggestions for optical glass
formulation design. Finally, the application prospects and future development trends of machine learning in optical
functional glass research are analyzed and forecasted.
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optimization, respectively; (b) scaling of the data in Fig. (a); (c) evolution of cost function R, in machine learning and conjugate

gradient optimization (inset: enlarged data obtained under conjugate gradient optimization)
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Table 1 Comparison of formula and prediction properties suggested by GLAS algorithm™”!

Ttem Glass 12 Glass 14 Glass 15 GLAS' Glass 16
CaO 4.9 4.9 4.9 4.44 4.9
K,O 12.7 12. 7% 12.7 12.59 12. 7%
Na,O 2.4x% 2.4x* 2.4% 2.22 2.4%
SiO, 60.0 60.0 60.0 60 60. 0
Oxide /% Zn0O 3.6 3.6 3.6 3.7 4.25
MgO 2.4 2.4 2.4 2.22 2.42
SnO, 0.6 0.6 0.6 0.61 —
Nb,O. 12.1 12.1 — — 12.1
La,0, — — 12.1 13.33 —
SrO 1.2 1. 2% 1. 2% 1.48 1. 2%
N, target — 1.68 — 1.63 1.68
T, target /°C — 697 — 677 697
N, measured — 1.70(£0.02) — — 1.70(£0.02)
T, measured /°C 685 682 670 — 680

Notes: 1 means the properties of glass recommended by the GLAS algorithm are very similar to those of glass 15,

nitrate.
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Fig. 8 Predicted values and their histograms values of (a) refractive index and (b) glass transition temperature (inset: histogram of

forecast residuals, the difference between reported and predicted values, the vertical color bars show the density of the

data points)"*”
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Fig.9 Mean and standard deviation of predicted residuals for each chemical element in the data set™. (a) Refractive index; (b) glass

transition temperature (numbers in parentheses are the number of glass components containing the chemical element in the

retained data set, and the predicted residual is the difference between the reported and predicted values, with the elements in

order from left to right and from less to more)
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