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Supplementary Method 

To assess the performance of the method, comparisons are carried out with other state-of-the-art models. 

The configurations of the models and training details are as follows: 

ViViT-B 1: The factorized encoder model is used. In this model, the spatial and temporal encoders are 

separate. The spatial encoder models spatial interactions per temporal index, whereas the temporal encoder 

models the interactions along the temporal dimension. The “Base” architecture proposed in 1 is used.  The 

tubelet size (i.e., size of each spatial-temporal input tube) is 16 x 2. The number of spatial transformer layers 

is 12, the number of temporal layers is 4, and the number of heads is 12. Data augmentation steps of random 

horizontal flipping and random cropping are used. Stochastic layer dropout 2 is used with a rate of 0.1. The 

model weights are initialized from a pretrained model on ImageNet-21K 3. The optimization algorithm 

Adadelta 4 is used for training with an initial learning rate of 0.0008, a batch size of 8, and 50 total epochs. 

Exponential learning rate decay is used with a multiplicative factor of 0.95. 

TimeSformer 5: The divided space-time attention model is used. The transformer has 12 heads, and the 

number of layers is 12. The hidden dimension is 768. The size of the spatial-temporal input tube is 16 x 2. 

The model weights are initialized from a pretrained model on Kinetics-400 6. The same training setup as 

that used for ViViT-B is applied to train the TimeSformer model. 

ResNet152 7: A deep convolutional neural network model with 152 layers that uses residual learning is 

used. The model weights are initialized from a pretrained model on ImageNet-21K 3. Data augmentation 

steps of random horizontal flipping and random cropping are used. The Adam optimization algorithm 8 is 

used for training with a learning rate of 0.0001 and a batch size of 32. For efficient training, the weights of 

the top layer are first optimized, followed by the weights of the whole model. Early stopping is applied to 

prevent overfitting. 

VGG16 9: A deep convolutional neural network model with small convolution filters of (3x3) and 16 layers 

is used. The Adam optimization algorithm 8 is used for training with a learning rate of 0.0001 and a batch 

size of 128. Early stopping is applied to prevent overfitting. 

MoViNet-A3 10: A 3D convolutional neural network model for video recognition is used. The same model 

configuration that was used 10 is used in this study. The weights are initialized by a model trained on 

Kinetics 600 11. The Adam optimization algorithm 8 is used for training with a learning rate of 0.0001 and 

a batch size of 16. Early stopping is applied to prevent overfitting. 
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Supplementary Tables 

 

Table S1. 

Results of defect and processing regime prediction by training on IN718 and testing on SS316L 

 

 

 

 

 

 

 

 

Table S2. 

Results of defect and processing regime prediction by training on IN718 and testing on Ti-6Al-4V 

 

 

 

 

 

 

 

 

Table S3. 

Results of defect and processing regime prediction by training on Ti-6Al-4V and testing on IN718 

 

 

 

 

 

 

 

 

Table S4. 

Results of defect and processing regime prediction by training on Ti-6Al-4V and testing on SS316L 

 

 

 

 

 

 

 

 

 

 Precision Recall F1-score Samples 

Desirable 0.81 0.95 0.88 166 

Keyholing 0.98 0.94 0.96 441 

Balling 0.60 0.75 0.67 142 

Lack-of-fusion 0.94 0.79 0.86 291 

 Precision Recall F1-score Samples 

Desirable 0.70 0.92 0.79 170 

Keyholing 1.00 0.84 0.91 795 

Balling 0.66 0.99 0.79 176 

Lack-of-fusion 0.81 0.77 0.79 309 

 Precision Recall F1-score Samples 

Desirable 0.73 0.97 0.83 429 

Keyholing 1.00 0.54 0.71 334 

Balling 0.94 1.00 0.97 213 

Lack-of-fusion 1.00 1.00 1.00 568 

 Precision Recall F1-score Samples 

Desirable 0.52 0.88 0.65 170 

Keyholing 1.00 0.80 0.89 795 

Balling 0.79 0.89 0.83 176 

Lack-of-fusion 0.83 0.88 0.85 309 
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Table S5. 

Comparison of the top-1 accuracy (%) results obtained by pretrained ViViT-B with model variants that 

include spatiotemporal attention, a factorized encoder and factorized self-attention 1 

 
Training on Testing on Spatiotemporal 

attention 

Factorized encoder Factorized self-attention 

Ti-6Al-4V 
SS316L 89.20 89.50 88.10 

IN718 94.90 95.60 95.10 

SS316L 
Ti-6Al-4V 91.40 89.70 91.10 

IN718 96.40 96.00 98.00 

IN718 
Ti-6Al-4V 95.80 92.70 94.20 

SS316L 89.40 92.30 88.80 

Table S6. 

Comparison of the top-1 accuracy (%) results obtained by pretrained ViViT-B model with and without 

data augmentation (random horizontal flipping and random cropping) and stochastic layer dropout 

(probability of 0.1) 

 

Table S7. 

Chemical composition of the IN718 alloy (in weight %) according to the certification provided by the 

manufacturer; the specifications follow the ASTM B670 standard 

 

 

Table S8. 

Chemical composition of the SS316L alloy (in weight %) according to the certification provided by the 

manufacturer; the specifications are in compliance with the standards ASTM A751/20 

 

Training on Testing on VIVIT-B (w/regularization) VIVIT-B (w/o regularization) 

Ti-6Al-4V 
SS316L 90.24 85.62 

IN718 90.22 88.52 

SS316L 
Ti-6Al-4V 94.36 87.50 

IN718 94.48 96.54 

IN718 
Ti-6Al-4V 98.04 89.10 

SS316L 92.48 93.92 

Al B C Cb Cb+Ta Ca Cr Cu Fe Mn Mo Ni P S Si Ta Ti 

0.55 0.003 0.04 5.03 5.04 0.34 18.36 0.06 18.96 0.23 3.08 52.57 0.008 <0.002 0.09 <0.05 1.02 

C Co Cr Cu Mn Mo N Ni P Si S Fe 

0.01 0.2755 16.5675 0.4315 1.1945 2.0645 0.0565 10.03 0.0295 0.2505 0.001 Balance 
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Table S9. 

Chemical composition of the Ti-6Al-4V alloy (in weight %) according to the certification provided by the 

manufacturer; the specifications are in compliance with the standards ASTM B265 

 

 

Table S10. 

Chemical composition of the Ti-6Al-4V powder (EOS Titanium Ti64 Grade 23) in weight % according to 

the certification provided by the manufacturer; the specifications are in compliance with the standards 

ASTM F136, ASTM F3001, and ASTM F3302. Particle size 20-80 μm 
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 Fe Al C V N Ti O H Y 

Min. 0.19 6.33 0.023 3.96 0.007  - - - 

Max. 0.19 6.37 0.025 3.98 0.009 Balance 0.19 0.000038 0.0004 

 Al V Fe C O N Y H Ti 

Min. 5.5 3.5 - - - - - -  

Max. 6.5 4.5 0.25 0.08 0.13 0.05 0.005 0.012 Balance 


