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Abstract

Disentanglement of the hidden factors of variation within a set of observed images
has received a lot of attention in recent years. A key objective is to disentangle
the content information of an image from its style information. We introduce a
weakly supervised method for this disentanglement objective using Variational
Autoencoders (VAEs) that make use of a mixture of Gaussian prior. In contrast to
a fully-supervised method, we only use group-level information, that give infor-
mation about which elements of a batch form a group without giving information
about which class the group belongs to. We show that our method is mathematically
well-motivated, produces better disentanglement compared to previous VAE-based
methods, and can be used in a semi-supervised setting.

1 Introduction

In representation learning, one research direction which has received significant attention is disentan-
glement [1]. Some approaches focus on learning a disentangled representation in a fully unsupervised
manner [[1} 2} 13} |4} 15, 16], while others make use of semi-supervised methods [7]]. If supervised
methods are used, it is often necessary to use toy data sets, in which all factors of variation are known
a priori and can be used for training the model. In real-world data, however, it is usually not the case
that all factors of variation are known. Therefore, these supervised approaches are not applicable to
most real-world datasets.

In this paper, we formalize a weaker supervised approach that only relies on group-level information
instead of class labels. With the group-level information, that was first used by [8] for the purpose of
disentanglement, it is known which elements of a batch form groups (e.g. which images show the
same digit or the same person), but it is unknown to which classes these groups belong to (e.g. which
digit or which person is shown in an image). In this work we focus on the disentanglement of the
content information of an image from its style information, as in [8, |9, [10]. We define the content
information to be the information of an image that strongly depends on its group, and define the style
information to be the information of an image that is largely independent of its group. Our method
is based on Variational Autoencoders (VAEs) [11] and we separate the latent space into a part that
represents the content of the images and a part that represents the style of the images.

Our contributions. i) We introduce and motivate a novel method for content and style disentangle-
ment that makes use of a mixture of Gaussians as a prior for the content part of the latent space and
uses only group-level information. ii) We are able to disentangle the content information from the
style information better than previous VAE-based methods, which we show qualitatively as well as
quantitatively.
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2 Optimization Algorithm of the Gaussian Mixture Model

Our method is based on VAEs. Similar to [8]], we separate the latent space into content z, € R2*De
and style z; € R2*D= guch that the concatenation of z. and z, forms the complete latent space
z € R?*P. For an observation z(*), the encoder f(x(")) can predict the represenation z() such
that f(z®) = 2 = (29, 2. Bach 2( consists of the predicted mean p( € R as well as
the predicted standard deviation o) € R, that can be separated into (9 = (ui?, u{"), o) =
(oy), ng)) as well.

The derivation of the loss function is similar to [[12]]. Given the observations z, group-level information
g and the parameters ¢ for the encoder and the parameters 6 the decoder, the ELBO of the content
part of the latent space can be formulated as follows:

ELBO(x,9,0,¢) = E..q,(z|2))[log Po(z|2) + log Py(g|2) + log Py(z) — log Qy(z|z)]

ey

=E.q,(z]2)) [log Po(z]2) + log Py(z|g) + log Py(g) — log Q4(z|z)]
If we assume all groups to be equally likely, Py(g) will be constant and can therefore be ignored
during the optimization process. We assume that the style part of the latent space z; is independent
of g, therefore we can factorize Py(z|g), such that log Py(z|g) = log Py(z.|g) + log Py(zs). The
ELBO can then be formulated as follows:

ELBO(z,0,¢) = E.nqy(zla)) [log Py(z|2) + log Py(zc|g) + log Py(zs) — log Qu(z|x)]  (2)

In our method, we use a mixture of Gaussians for the prior Py(z.|g). Because we have access only
to group-level information, rather than class label information, we have to estimate the mean of
the mixture coefficients. Similar to [8]], for each group G in the set of all groups G, we calculate
the product of the inferred Gaussian distributions with mean ugl) and standard deviation JEZ) in the
content part of the latent space, such that the product is again a Gaussian with mean j; and standard

deviation 0. This can be calculated with the following equation, where ¥ = oI

pEEE = Y WO ()7, xgt = Yo ®)
i€G 1€G

For the reparameterization, e(li) € RP:, eéi) € RPs are sampled from the Normal distribution A/(0, ).
z can then be reparameterized to 2,., as follows:

Ay = ey 2ep) = (P + 700, 1) 46 - ol)) )
Note that in contrast to [8], the class latent space is reparameterized using . instead of pg. As not
all elements of a group share the same (., more content depending information of the image can be
represented in the content part of the latent space, which reduces the content information available in

the style part of the latent space and therefore improves disentanglement.

The optimization objective for the network is to minimize the negative ELBO, that can be formulated
as follows:

LD, g,) = o= h(a{)IP+1/2- (6r(ED) e 1 = g P+ 1)~ D-log [EV] ) (5)

where h(zﬁ‘e)p) is the decoder, D is the dimension of the latent space, and k is a constant added to
adjust how close the representations of the same content should be in the content latent space.

In order to assure that not all ug = ug- for distinct groups G, G’ € G, we added a repulsion term
Fgr o< 1/(s? + ) to the loss function, where s is the euclidean distance between pi and pugr and §
is a small constant added for numerical stability. To assure that pg will not be arbitrary large, we
also added a regularization term U o ||pg||? to the minimization objective.
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Figure 1: Qualitative results. The first row and the first column of each figure are test samples, the

second row and the second column are reconstructions, in the remaining columns the content is kept
fixed while in the remaining rows the style is kept fixed.

3 Experiments

In order to evaluate our method, we performed a qualitative and a quantitative analysis. Details on
the training procedure and the network architecture can be found in the appendix. Experiments in a
semi-supervised setting, further comparisons to the Multi-Level-VAE (ML-VAE) [8]], and additional
experiments can be found in the appendix.

Qualitative Evaluation As a qualitative evaluation of the disentanglement, we reconstructed several
images, interchanged their content parts of the latent space, and reconstructed the images given the
altered latent space. The newly obtained images should have the content according to the content
latent space information and the style according to the style latent space information. The results on
the MNIST dataset [13]] and the CelebA dataset [14] are presented in Figure[I] The results suggest
that most content related information is preserved when the style part of the latent space is changed.
The style part of the latent space does still encode most information that does not depend on the
content, like the background, pose and lightning conditions for the CelebA dataset or line-thickness
for the MNIST dataset.

Quantitative Evaluation In order to confirm quantitatively that the content latent space represents
information about the content and that the style latent space does not, we followed the idea of [8] and
trained a classifier on both latent spaces. If the disentanglement of content and style latent information
was successful, we expect the classifier to achieve high accuracy when trained on the content latent
space z. and low accuracy when trained on the style latent space z;, as the latter should not encode
significant information about an image’s content. The results are shown in Table[I}

Table 1: Classification accuracy for MNIST

Method Accuracy z.  Accuracy zg
Our-method ~ 99.2% 13.9%
ML-VAE [8] 89.3% 16.6%

4 Conclusion

We showed qualitatively and quantitatively that our proposed method of using group-level information
to train Gaussian Mixture VAEs is able to disentangle content information from style information.
Unlike in previous work [8]], with our method more information that depends on the content (like e.g.
hair-color) is encoded in the content part of the latent space.
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Appendices

A Qualitative Comparison of the ML-VAE with our method.

A qualitative comparison of our method with the ML-VAE is shown for the CelebA dataset in Figure
] As previously, the content information is taken to be the identity, while the style information is
the information in the image that does not depend on the identity (like pose, lightning conditions,
background, etc.).
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Figure 2: Qualitative results of the ML-VAE compared to our method for the CelebA dataset.

Information about the identity is better preserved using our method. Elements that are strongly
correlated with the identity like hair-color, hair-style and skin-tone depend on the content information
in our method, while they seem to depend on the style information in the ML-VAE. With our method,
however, one can adjust how much information should be stored in the content part of the latent space
by adjusting the constant k of Equation[3} This gives more flexibility on what is considered to belong
to the content and to the group, such that our method might be a better choice for different datasets.
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Figure 3: Qualitative results of the ML-VAE compared to our method for the Cars3D dataset.

Further qualitative comparisons between our method and the ML-VAE are shown in Figure [3 for the
Cars3D dataset [15]]. Our model performs well in disentangling the content information, which is



taken to be the car models with specific colors, from the style information, which is taken to be the
pose of the cars. The ML-VAE in contrast was not always able to reconstruct the same car model
with the same color for all the different style information of this example. This might improve if
group-level information would have been used for the creation of the figure, such that the group mean
e could have been calculated for the shown classes. However, as our method does not require the
calculation of p at test-time, we decided to compare both approaches without the use of group-level
information and use g = p. for the ML-VAE.

B Semi-Supervised Setting

We tested our method in a semi-supervised setting as well. We made the group-level information
only available for 10% of the data. For the data, for which no group-level information was available,
we set 1 = 0in Eq. [}

Qualitative results of this experiment are shown in Figure ] The content information (digit-class)
does not always stay the same in all columns. Because the content seems to partly depend on the style
as well, the disentanglement is worse than for the fully-supervised example. However, the content
part of the latent space still seems to be most important for the representation of the content, while
the style part of the latent space seems to be most important for the representation of the style, so the
method still works in a semi-supervised setting, albeit less well.

Fixed Content

Fixed Style

Figure 4: Qualitative results of a semi-supervised setting, where the group-information is only
available for 10% of the data.

C Interpolation and Sampling Results

In order to empirically show that our model learns a meaningful latent representation, we show
results of interpolation and random sampling in Figure[5] The random sampling was performed by
sampling both parts of the latent space z. and z, according to the Normal distribution N (0, I). For
the interpolation, the upper-left and the bottom-right images are reconstructions of a test-image of the
CelebA-dataset. The remaining images are interpolations between these two images, where 2. is kept
fixed for each column and z; is kept fixed for each row.

It can be seen that the interpolated images do appear as sharp as the original reconstructions and a
meaningful reconstruction is achieved for all interpolated latent variables z. The reconstructions of
the random sampled latent variable z show a wide variety of modes while still appearing relatively
sharp.
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Figure 5: Results of interpolation and random sampling in the latent space. In the left figure, the
images on the top-left and on the bottom-right are reconstructions of test-images of the CelebA-
dataset, while the remaining images are interpolations between them.

D Training and Network Architecture

Training procedure. We tested our model on the MNIST, Cars3D and the CelebA datasets. For
MNIST, we trained on the 50000 training images and used examples from the 10000 test images for
the creation of the plot in Figure[I] For the Cars3D dataset, which consists of 183 classes of different
kinds of animated cars, we trained on 160 classes and used examples of the remaining 23 classes for
the creation of the Figure[I] For the CelebA dataset, we used the images of the 8192 identities in the
training set for training and used examples of the 1000 identities of the test set for the creation of the
figures. All images of the CelebA dataset were centercropped to 140 x 140 pixels and then resized to
64 x 64 pixels.

During training, we sample batches of 256 images for most experiments and batches of 512 images
for the semi-supervised experiment. We then apply the encoder to the images, such that we get the
inferred values z for the latent space. We then calculate p and X for every group G € G according
to Equation We reparameterize z as shown in Equation@to get zﬁze)p for every sample . The loss
can then be calculated using Equation 5] The adjustable constant & of Equation 5] was defined to be
k = 2 for all MNIST experiments, k = 4 for the Cars3D dataset, and £ = 1.5 for the CelebA dataset.

We train for 200 epochs on MNIST and CelebA and for 600 epochs for Cars3D.

The gradient of the loss is then used to update the value of the parameters of the encoder and the
decoder. An Adam optimizer with an initial learning rate of 0.001 is used for this purpose. For the
CelebA dataset and for MNIST, the learning rate is divided by 5 after 50 and after 100 epochs. For
the Cars3D data, we divide the learning rate by a factor of 5 after 200 and after 400 epochs.

To ensure that the group-level information can be used during training, several elements of one class
have to be in one batch. For the CelebA dataset with 8192 classes (identities), it will be rare that
several elements of one class will be in one batch if a random data-sampler is used. We therefore
make use of a customized data-sampler, that samples the different classes in groups of 10 whenever
possible (e.g. there have to be at least 10 samples of the class in the remaining dataset), such that the
group-level information can be used for most samples in a batch. For the MNIST dataset and the
Cars3D dataset, the common random-data-sampler is used.

Network architecture Table 2] gives an overview of the network architectures that were used for the
different datasets. All networks consist of convolutional layers (Conv) that have a kernel-size of 5, a
stride of 2, and zero-padding of 2. These convolutional layers are followed by Batch Normalization
(BN), which are then followed by the non-linear activation function ReLU. Each encoder has two
fully connected linear layers that each use the output of the last ReL.U of the encoder and map it to



the content part and the style part of the latent space respectively. For the Cars3D dataset, we chose
the content and style latent dimension to be M = 16 (32 in total), for the CelebA dataset we chose
the latent dimension to be M = 32 (64 in total).

In the decoder, two fully connected layers map the content and the style part of the latent space to
8 x 8 x 128 dimensions for MNIST or 8 x 8 x 256 dimensions for the Cars3D dataset and CelebA.
The outputs of the fully-connected layers are then concatenated. Transposed Convolutional layers
(ConvTouput 1ayers) With a stride of 2, a kernel-size of 4, and zero-padding of 1 are then used for
the rest of the decoding process. These layers are again followed by Batch-Normalization (BN)
and ReLU-activation functions. The last ConvT-layer uses a kernel-size of 5, a stride of 1, and
zero-padding of 1. After the last ConvT-layer, we apply a customized non-linearity function, that has
a slop of 0.01 for values smaller than —1, a slope of 0.5 for values between —1 and 1, and a slope of
0.01 for values higher than 1. The value of the non-linearity at —1 is 0. At 1 the function has a value
of 1.

Table 2: Network architecture for the different datasets. We chose M = 16 for the Cars3D dataset
and M = 32 for the CelebA dataset.

MNIST Cars3D/CelebA
Encoder z € R32%32 x € R64x64x3
— Convs; — BN — ReLLU — Convgy — BN — ReLLU
— Convgy — BN — ReLLU — Convyps — BN — ReLU
— Convypg — BN — ReLU  — Convys¢ — BN — ReLLU
— Convys¢ — BN — ReLLU — Convs;; — BN — ReLLU
— FCg « 2 — 2¢ — FChrrx2 — 2
— FCg o0 — 2z — FCpr x 2 — 25
Decoder Zc,rep S RS — FCS X 8 x 128 Zc,rep S RM — FCS X 8 X 256

Zs.rep € R® — FCs x 8 x 128
— Concatenateg x g x 256

— ConvT,3— BN — ReLLU
— ConvTgs— BN — ReLU
— ConvT;

Zsrep € RM — FCs x 5 x 256
— Concatenates x g x 512

— ConvTys¢ — BN — ReLLU
— ConvTos —+ BN — ReLU
— ConvTgy — BN — RelLU

— ConvTjy

Classifier. The network used for the classifier takes a part of the latent space as input (either z. or z;)
and consists of 2 linear layers, each having 256 hidden units. Each linear unit is followed by a batch
normalization, which is then followed by a Leaky-ReLU with a slope of 0.2. The last layer is again a
linear layer, which maps the 256 hidden units from the second linear layer to the number of classes.

We train two classifiers for each model, one for the content part of the latent space and one for the
style part of the latent space. We use Adam optimizers with learning rates of 1le — 5 and train the
classifiers for 8 epochs using batches of size 128 on the model’s encoding of the training data of the
MNIST dataset. We then test the accuracy of the classifiers using the model’s encoding of the test
data of the MNIST dataset and reported the results for both classifiers in Table[T]
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