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Dense LSTM Seq2Seq Multi-head Attention Transformers

Masking 1 0.818 0.844 0.834 0.843 0.846

Masking 2 0.809 0.846 0.834 0.842 0.849

Masking 3

Masking 4

Masking 5

0.806

0.767

0.729

0.847

0.849

0.848

0.834

0.833

0.832

0.843

0.842

0.842

0.850

0.849

0.850

Test Loss 2.563 1.691 1.863 1.778 1.669

Masked attribute prediction result

▪

<Accuracy>
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Population synthesis via DGM result

▪

▪

Precision Recall F1 Score

Baseline 1 0.604 0.753

Discrete space

(No reg. is applied)
0.765 0.823 0.793

Dense layers 0.860 0.758 0.806

LSTM 0.867 0.749 0.804

Multi-head

Attention
0.878 0.773 0.822

Seq2Seq 0.890 0.781 0.832

Transformer 0.898 0.781 0.838

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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