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Prediction of the Shrinkage Porosity of 8—ton 9Cr3Mo
Steel Ingot via the Transformer Model
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(1. Jiangyin Huarun Steel Co., Ltd., Wuxi 214404, China; 2. School of Metallurgical Engineering, Anhui University of
Technology, Maanshan 243032, China)

Abstract: A combined approach of numerical simulation and deep learning was proposed to investigate shrinkage porosity
defects during the solidification process of steel ingots. A Transformer neural network model with attention mechanisms
was developed for predicting shrinkage porosity. First, finite element numerical simulations were conducted for the
solidification process of an 8-ton 9Cr3Mo steel ingot to obtain time series data such as the nodal temperature and solid
fraction. The simulation data were subsequently used as input to construct a Transformer regression model with multi-head
self-attention mechanisms to predict shrinkage porosity. Finally, the attention weights of the model were analysed to reveal
its focus on key features such as the solid fraction at different stages of the solidification process. The results show that the
model automatically focuses on the late solidification stage of the steel ingot, which aligns with the physical mechanism of
shrinkage formation, providing a data-driven perspective for identifying shrinkage-prone regions.
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1 9Cr3Mo :(a) ;(b) 5(c) 5(d) 5(e)
Fig.1 Physical properties of 9Cr3Mo steel: (a) solid fraction; (b) thermal conductivity; (c) density; (d) apparent specific heat capacity;
(e) viscosity

2 o 1.5
, 122 mm, : 50 C,
1230 mm, : : @
, 17 5kgs, @
10 mm, 30 mm 1452 C, 45 C,
, 531324, 3. 1498 C,
2 8t9Cr3Mo [23]
Tab. 2 Main geometric parameters of the 8 t :@ :30 W/(m?-K);
9Cr3Mo steel ingot ) .20 W/(m2 K);
Parameter Value ® .20 W/ (m2 K);
Ingot weight/t 8 5
Number of sides 8 @ :800 W/(m ’ K) °
Ingot top size/mm $»870 1.6
Ingot bottom size/mm $810 2 s : @
Ingot height/mm 1720 , VOF ,
Riser top size/mm 770 98% o @ s
Riser height/mm 450 i 1347 GC(
Mold weight/t 12.4 135710 OC) , )
2 8t9Cr3Mo :(a) ;(b) ;(c) ;(d)

Fig.2 Geometric model of the 8-ton 9Cr3Mo steel ingot: (a) ingot mold; (b) steel ingot; (c) insulating board; (d) assembly diagram
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Fig.3 Mesh generation of the 8-ton 9Cr3Mo steel ingot: :
(a) assembly mesh; (b) locally refined mesh at the nozzle inlet > ’
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Fig.4 Schematic diagram of the shrinkage porosity criterion® (4)Transformer
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Fig.5 Schematic diagram of the Transformer-based neural network regression model
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, 33 :H_ff=FeedForward(H _resl)
o 3.4 :H next = LayerNorm
5 , (H _resl +H_ff)
, ( H prev=H next)
o Softmax 4,
o 4.1 alpha = Softmax
(6)MLP (MLP) (Linear(H_next))
, o 4.2 :h_pooled = sum over t of
(RMSE), (alpha_t* H next t)
3 o 5. MLP
3 5.1 :h_mlp1 = Linear(h_pooled)
Tab.3 Hyperparameters of the model 5.2 :h relu=ReLU(h_mlpl)
Hyperparameter Description Value 53 ;y_hat — Linear(h_relu)
Embedding o A
dimension Dimension of feature representation 64 * )
Attention heads Number of heads. in multi-head 4 y_hat
attention 3
Encoder layers Number of stacked encoder layers 2
Fe;i::::d Dimension of feed-forward hidden lager 512 3.1 8t 9Cr3Mo
Dropout ratio Dropout rate to prevent overfitting 0.1 ’ 698710 C |
Learning rate Step size of parameter updates 0.001 207 C ’
Batch size Samples per training batch 32
Max epochs Maximum training epochs 30 - 8t9Cr3Mo
Early stopping Waiting epochs without improvement 10 ¢ 9 ' ’
patience . - 10800s
Random seed Seed for reproducibility 42 ,
Transformer o °
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2. : 3.2 Transformer
2.1 HO H 0 RMSE 8
3. Transformer o ,
I1=1 L, : , , 20
3.1 :H_attn = MultiheadAttention o ,
(H_prev) : .
3.2 :H resl = LayerNorm ,  Transformer

(H_prev + H_attn)
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6 8t :(a) ,720's; (b) 3 600 s; (¢) 7 200 s; (d) 10 800 s; (e) 13 000 s
Fig.6 Temperature distribution during solidification of the 8-ton steel ingot: (a) end of filling, 720 s; (b) 3 600 s; (c) 7 200 s;

(d) 10 800 s; (€) 13 000 s

7 :(a) 3(b) 3(0)
Fig.7 Shrinkage porosity distribution: (a) distribution on the central longitudinal section; (b) 3D distribution; (c) distribution of nodes
with nonzero shrinkage porosity

9
8
Fig.8 Loss function curves Fig.9 Average attention values at different solid fractions in the
shrinkage porosity model with self-attention mechanism
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