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Abstract

Variational Autoencoders (VAEs) are widely used for latent-space-based generation because they can represent
high-dimensional input data in a continuous low-dimensional latent space. However, improvements in reconstruction error
or the Evidence Lower Bound (ELBO) do not necessarily indicate improved generation quality. This paper proposes a
method that constructs a VAE-GMM generator by fitting a Gaussian Mixture Model (GMM) to the set of VAE latent
means at each epoch and selects the epoch with the lowest validation-set Fréchet Inception Distance (FID), measured
between generated samples and the validation dataset. Experiments on MNIST, Fashion-MNIST, SVHN, and CIFAR-10
show that the proposed method consistently achieves lower test FID than the final-epoch VAE-GMM baseline. In
particular, on Fashion-MNIST and SVHN, it achieves the lowest FID among the compared VAE-family models.
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Algorithm 1. FID-based VAE-GMM model selection
procedure

Input: full dataset, maximum epoch, number of GMM
components, number of generated samples
Output: selected VAE checkpoint and fited GMM

1. Split the full dataset into training and validation
sets.

2. Train the VAE for each epoch.

3. Extract encoder mean vectors from the training
data at each epoch.

4. Fit a K-component GMM to the epoch-wise latent
vectors.

5. Sample latent vectors from the fitted GMM and
generate samples through the decoder.

6. Compute the FID between generated samples and
the validation set.

7. 1f the current validation FID is the lowest so far,
store the VAE checkpoint and the fitted GMM.

8. Return the selected checkpoint and fitted GMM as
the final model.
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Table 1. Test FID results of compared models (mean * standard deviation over 5 runs)

Model MNIST FASHION MNIST SVHN CIFAR10
VAE 90.96 + 307 369.95 + 9.18 9837 £ 1.72 450.13 + 8.28
Beta-VAE 5096 + 2.82 27793 + 543 89.30 + 1.12 44562 + 392
InfoVAE 9052 + 235 371.23 + 898 100.77 + 091 49548 + 2.99
WAE 73.87 £ 365 34451 £ 1140 93.58 £ 1.62 402.12 = 5.08
VAE-GAN 70.18 £ 9.21 51238 + 11.37 27368 = 14.23 82023 + 328
VaDE 46.35 + 6.89 20648 + 6.54 R25 + 128 482.34 + 850
GMVAE 93.95 £ 641 43340 = 16.15 388.07 + 12.81 73324 + 6.76
RAE-L2 40.83 + 4.89 197.32 + 628 116.30 £ 29.07 47064 £ 2032
VampVAE 85.65 £ 475 331.93 £ 13.11 155061 + 27.34 660.12 + 7.24
VAE-GMM 4588 *+ 6.03 209.52 £ 1045 84.21 = 1.01 504.20 + 10.26
VAE-GMM-FID 4357 + 7.54 183.16 + 2.39 80.55 = 2.05 46394 + 7.68
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