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AEs and VAEs produce none or poorly calibrated 
uncertainty estimates making it hard to evaluate if 
learned representations are stable and reliable. 


1. We present a Bayesian autoencoder for 
unsupervised representation learning, which is 
trained using a novel variational lower-bound of the 
autoencoder evidence.


2. This is maximized using Monte Carlo EM with a 
variational distribution that takes the shape of a 
Laplace approximation. 


3. We develop a new Hessian approximation that 
scales linearly with data size allowing us to model 
high-dimensional data. 
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1. Bayesian Autoencoder

3. Scaling Laplace Approximation to Large Images

2. Iterative Learning (Monte Carlo EM)

Model overview. We learn a distribution over parameters such that we can sample encoders and 
decoders. This allow us to compute the empirical mean and variance in both the latent space and 
the output space.

Iterative training procedure. Given a distribution q over parameters, and a linearized function f, 
compute first and second-order derivatives to update the distribution on parameters.

Comparison of Hessian approximation methods. Common approximations (a–b) scale 
quadratically with the output resolution. Our proposed approximate and mixed diagonal Hessians 
(c–d) scale linearly with the resolution. This is essential for scaling the LAE to large images.
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(c) AUROC (") for multiple statistics.

Figure 9: Receiver Operator Curves (ROC) show that our online LAE is able to discriminate between
in and out of distribution in both latent and output space.

Figure 10: Histograms of variance for in- and OOD reconstructions in output space. Note that
MC-AE separates the distributions well, but the model assign higher variance to the in- than OOD
data.

the uncertainties more well fitted, both in latent and data space. These well-fitted uncertainties have218

several practical downstream applications, which we demonstrate next.219

Out-of-Distribution (OOD) Detection capabilities are critical for identifying distributional shifts,220

outliers and irregular user inputs, which can hinder the propagation of erroneous decision in an221

automated system. We evaluate OOD performance on the commonly used benchmarks (Nalisnick222

et al., 2019b), where we use FASHIONMNIST (Xiao et al., 2017) as in-distribution and MNIST223

(Lecun et al., 1998) as OOD. Tab. 3 shows that our online LAE outperforms existing models in224

both log-likelihood and Typicality score (Nalisnick et al., 2019a). This stems from the calibrated225

model uncertainties, which are exemplified in the models ability to detect OOD examples from the226

uncertainty deduced in latent and output space; see Fig. 9 for ROC curves.227

Fig. 10 shows distribution of the output variances for in- and OOD data. This illustrates that using LA228

improves OoD detection. Furthermore, the online training improves the model calibration.229

Missing Data imputation. Another application of stochastic representation learning is to provide230

distributions over unobserved values (Rezende et al., 2014). In many application domains, sensor231

readings go missing, which we may mimic by letting parts of an image be unobserved. Rezende et al.232

(2014) show that we can then draw samples from the distribution of the entire image conditioned on233

Method logp(x) Typicality �2
output �2

latent

AE MSE 0.98 0.98
AE likelihood 0.66 0.70 0.65
VAE 0.54 0.62 0.46 0.5
MC-AE 0.97 0.97 0.08 0.31
LAE (post-hoc) 0.98 0.98 0.74 0.96
LAE (online) 0.98 0.98 0.91 0.96

Table 3: Out of Distribution detection. In-distribution data FashionMnist and OOD data Mnist.
Area Under Receiver Operator Curve (AUROC ") for log-likelihood, typicality score, latent space
�latent and output space �output uncertainties. Our proposed LAE ELBO is able to discriminate between
in and OOD using the deduced variances in latent and output space.
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(c) LAE (online)

Figure 11: Missing data imputation & generative capabilities. Online training of LAE improves
representational robustness. This is exemplified by the multimodal behavior in the data imputation
(top rows) that accurately model the ambiguity in the data. The bottom two rows, shows that the LAE
is able to generate crisp digits from random noise.

cannot be extracted from a few labeled points. Embedding the same labeled data point multiple times247

using a stochastic representation scales up the amount of labeled data that is available during training.248

Figure 12: Accuracy as an function of the
number of labels per class on MNIST.

Attribute AE VAE MC-
AE

LAE
(online)

Arched Eyebrows 0.50 0.52 0.55 0.60
Attractive 0.52 0.50 0.49 0.53
Bald 0.98 0.98 0.98 0.98
Wearing Lipstick 0.52 0.49 0.50 0.54
Heavy Makeup 0.45 0.52 0.49 0.56

Overall 0.73 0.72 0.73 0.74

Table 4: Semi-supervised classification accuracy
on CELEBA using only 10 labeled datapoints.

249

Fig. 12 shows the accuracy of a K-nearest neighbour classifier trained on different amounts of250

labeled data from the MNIST dataset. For all models with a stochastic encoder, we encode each251

labeled datapoint 100 times and repeat the experiment 5 times. When only few labels per class252

available (1-20) we clearly observe that our LAE model outperforms all other models, stochastic and253

deterministic. Increasing the number of labels beyond 100 per class makes the AE and LAE equal in254

their classification performance with the AE model eventually outperforming the LAE model.255

In Tab. 4 we conduct a similar experiment on the CELEBA (Liu et al., 2015) facial dataset, where the256

the task is to predict 40 different binary labels per datapoint. When evaluating the overall accuracy of257

predicting all 40 facial attributes, we see no significant difference in performance. However, when258

we zoom in on specific facial attributes we gain a clear performance advantage over other models.259

Limitations. Empirically, the LAE improvements are more significant for overparameterized net-260

works. The additional capacity seems to help the optimizer find a local mode where a Gaussian fit is ap-261

propriate. It seems the regularization induced by marginalizing ✓ compensates for the added flexibility.262

6 Conclusion263
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Data Imputation & Generative Capabilities

Hessian approximation

Figure 7: Memory & time us-
age of Hessian approxima-
tions. The exact and KFAC
scales poorly with the image
resolution. In contrast, our
proposed approximate diago-
nal Hessian scales linearly.

detection, data imputation and semi-supervised learning. For all the downstream tasks we consider the195

following baselines: AE (Hinton and Salakhutdinov, 2006) with constant and learned variance, VAE196

(Rezende et al., 2014; Kingma and Welling, 2014), Monte-Carlo dropout AE (Gal and Ghahramani,197

2016) and Ensembles of AE (Lakshminarayanan et al., 2017).198

Efficient Hessian Approximation. For practical applications, training time and memory usage of the199

Hessian approximation must be kept low. We here show that the proposed approximate diagonal Hes-200

sian is sufficient and even outperforms other approximations when combined with our online training.201

Fig. 7 show the time and memory requirement for different approximation methods as a function202

of input size for a 5 layer convolutional network that preserve channel and input dimension. As203

baselines we use efficient implementations of the exact and KFAC approximation (Daxberger et al.,204

2021; Dangel et al., 2020). The exact diagonal approximation run out of memory for an ⇠ 36⇥36⇥3205

image on a 11 Gb NVIDIA GeForce GTX 1080 Ti. In contrast, our approximate diagonal Hessian206

scales linearly with the resolution, which is especially beneficial for convolutional layers.207
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Figure 8: Mean and variance estimates of 100 sampled NN.

Hessian log p(x) " MSE #

KFAC -10065.02 125.58
Exact -299.95 27.21
Approx -242.24 26.63
Exact⇤ -26.10 26.06
Approx⇤ -26.11 26.08

Table 2: Online training (indicated
by ⇤) outperforms post-hoc LA. The
approximate diagonal always has
similar performance with the exact
diagonal.

208

Tab. 2 shows that the exact or approximate Hessian diagonal gives similar performance. Using209

post-hoc LA results in good mean reconstructions (low MSE), but each sampled NN does not give210

good reconstructions (low log p(x)). Using our online training procedure results in a much higher211

log-likelihood. This indicate that every sampled NN predict good reconstructions.212

Fig. 8 shows the latent representation, mean and variance of the reconstructions with the KFAC, exact213

and approximate diagonal for both post-hoc and online setup. Note that the online training makes214

the uncertainties more well fitted, both in latent and data space. These well-fitted uncertainties have215

several practical downstream applications, which we demonstrate next.216

Out-of-Distribution (OOD) Detection capabilities are critical for identifying distributional shifts,217

outliers and irregular user inputs, which can hinder the propagation of erroneous decision in an218

automated system. We evaluate OOD performance on the commonly used benchmarks (Nalisnick219

et al., 2019b), where we use FASHIONMNIST (Xiao et al., 2017) as in-distribution and MNIST220

(Lecun et al., 1998) as OOD. Fig. 9 (c) shows that our online LAE outperforms existing models in221

both log-likelihood and Typicality score (Nalisnick et al., 2019a). This stems from the calibrated222

model uncertainties, which are exemplified in the models ability to detect OOD examples from the223

uncertainty deduced in latent and output space; see Fig. 9 (a,b) for ROC curves.224
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Current approximations scales quadratically with image resolution, where as our approximation 
scales linearly. This enables us to scale to large images.

Our online training procedure produces reliable uncertainties in both latent and output space, 
which are useful for out-of-distribution detection.

In semi-supervised learning we have plentiful of unlabelled data (on which we train our model), 
and only few labelled data points. We can augment these with a stochastic feature 
representation, which leads to improve classification accuracy. 

The VAE suffers from mode collapse, and does not capture the ambiguity in the input data. In 
contrast the LAE (online) correctly finds the multiple modes the input data could origin from. 

(a) VAE (b) LAE (post-hoc) (c) LAE (online)


