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Abstract. Variational autoencoder (VAE) has the problem of uninterpretable data generation process, because
the features contained in the VAE latent space are coupled with each other and no mapping from the latent
space to the semantic space is established. However, most existing algorithms cannot understand the data
distribution features in the latent space semantically. In this paper, we propose a cloud model-based method
for disentangling semantic features in VAE latent space by adding support vector machines (SVM) to feature
transformations of latent variables, and we propose to use the cloud model to measure the degree of disentan-
gling of semantic features in the latent space. The experimental results on the CelebA dataset show that the
method obtains a good disentangling effect of semantic features in the latent space, which proves the effec-
tiveness of the method from both qualitative and quantitative aspects.
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1 Introduction

In recent years, deep generative models have received a lot of attention due to their large number of applications
in deep learning, and variational autoencoders [1], as an unsupervised deep generative model, have shown great
application in data generation. Through the continuous improvement of VAE structure by many scholars, VAE
has developed various variants of VAE and the quality of generated images has been greatly improved. VAE is
able to learn smooth potential representations of input data and control the distribution of the hidden variable z.
Therefore, it has been a great success in computer vision fields such as still image generation [2], text generation
[3-5], target detection [6-7], and semantic image drawing [8-9].

However, the learning process of VAE is like a “black box”, in which the deep learning process mostly relies
on a lot of engineering experience and skills, and it is difficult to thoroughly understand how the latent variables
affect the results. The lack of interpretability severely limits its application in real-world tasks. Therefore, in or-
der to improve the interpretability and transparency of VAE and to establish a trust relationship between the user
and the model, disentangled representations of the latent variables are needed to read the internal mechanisms.

In response to the unknown internal mechanism of VAE, many scholars have also studied the interpretabil-
ity of the generative model and proposed a large number of explanatory methods to help users understand the
internal working mechanism of the model. however, the research on interpretability is still in its early stage and
there are still a large number of scientific problems that have yet to be solved. Currently, there is no fully unified
understanding of the definition, evaluation and measurement of interpretability, and different scholars view and
solve the problem from different perspectives, giving different meanings to interpretability, so the proposed inter-
pretation methods also have their own focus [10-11].

In this paper, we believe that in order to make the deep generative model reach interpretability, it is necessary
to enable human to understand the interior of the model and decouple the features in the latent space from the
human cognitive perspective. Humans cognize and think through natural language, and concepts are the basic
units of natural language [12], and it is necessary to give semantic and conceptual meaning to the latent variable
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features in order to make the latent space of VAE transparent. And in the field of conceptual uncertainty, cloud
model [13], as a two-way cognitive model, can realize the mutual transformation between concepts and data
through cloud transformation, so this paper proposes to realize the feature disentangling metric with the help of
cloud model.

In this paper, the Gaussian distribution of VAE is replaced with a cloud model, and the sampling space is
expanded while adding constraints on reconstruction loss. A feature transformation is performed for the hidden
space after sampling from the VAE so as to explain the generative logic in it. In this paper, we verify the interpre-
table results on the VAE hidden space through theoretical analysis and experimental results, so that the semantic
variables of deconvolution can control the facial attributes, and the cloud model is used for quantitative assess-
ment of the degree of deconvolution between different features.

The main contributions of this paper are as follows:

(1) Using the cloud model as the prior distribution of the variational autoencoder, so that more features in the
latent space are sampled to increase the representation of the reconstructed data, and the generation quality of
reconstructed images is improved.

(2) Construct mappings from the hidden space to the image space and the semantic space, and perform feature
transformations on the variables in the hidden space for the purpose of feature decoupling. And semantic editing
is performed on the pre-trained model, and the decoupling process of the hidden space is inferred backwards by
the generated results.

(3) Qualitative to quantitative conversion of separated concepts with the help of cloud models, and quantita-
tive measurement of the degree of decoupling using similarity measures of cloud models.

2 Related Work

2.1 Explainable Studies of VAE

To solve the uninterpretable problem of VAE, researchers have proposed a variety of VAE variants according to
different task requirements. In terms of disentangled representations of VAE, there are three main types as fol-
lows.

(1) Based on disentangled representations with prior constraints, beta variational autoencoder (5-VAE) pro-
posed by Higgins et al. [14] in 2017 is an unsupervised visual disentangled representation learning model, which
adds an additional hyperparameter f to the VAE objective to strengthen the independence constraint on the ap-
proximate posterior distribution, although it suffers from poor reconstruction fidelity. So Kim et al. [15] and Chen
et al. [16] improved the f-VAE and successively proposed penalty terms that can directly encourage the posterior
cumulative distribution ¢(z) to obey the factorial factorial distribution in 2018. The factor variational autoencoder
(Factor-VAE) proposed by Kim et al. directly adds penalty terms to the original VAE optimization function. Beta
total correlation variational autoencoder (S-TCVAE) proposed by Chen et al [16] further decomposes the second
term of the objective function from a theoretical derivation perspective and is used to enhance the decoupling
performance of the model. In addition to the above methods of altering the Kullback—Leibler (KL) canonical
term by considering it as a whole, there are also methods to constrain the KL term with a more refined derivation
[17-18] to improve the disentangling ability.

(2) Disentangled representations based on structured models, i.e., the network or structure to improve. Eslami
et al. [19] proposed the VAE based structured image model attend-infer-repeat (AIR) in 2016, which motivates
the network to iteratively learn disentangled representations of scene objects by constructing the coded inference
network as a form of recurrent neural network. Li et al. [20] proposed the latent tree variational autoencoder
(LTVAE) in 2019, whose representation structure is composed of multiple hyper potential variables, which can
autonomously select a subset of potential features for each hyper potential variable and learn the dependency
structure among different hyper potential variables. Yang [21] et al. proposed causal variational autoencoder
(Causal-VAE) in 2021, considering the relationship between changing factors in data from the perspective of cau-
sality. This method supports the generation of images with causality semantics and the creation of counterfactual
results. Xu [22] et al. proposed counterfactual fairness variational autoencoder (CF-VAE) to obtain a structured
representation of knowledge about the domain, enabling predictive models to achieve counterfactual fairness.
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(3) Based on disentangled representations of knowledge induction preferences, Bouchacourt et al. in 2018
[23] proposed the multi-level variational autoencoder (ML-VAE), a multilevel variational autoencoder, which
shares relevant factor potential representations in intra-group data and can visualize disentangled representations
by swapping potential representations to generate new type images. Vowels et al. in 2020 [24] proposed the gated
variational autoencoder (Gated-VAE) which enables the incorporation of prior knowledge from any available
domain during the network training process, making the model more widely applicable. Xu [25] et al proposed
Multi variational autoencoder (multi-VAE) to separate features from continuous views by controlling mutual in-
formation capacity, so that common outlier information is effectively excavated. Zhu [26] et al. proposed weakly
supervised variational autoencoder (SW-VAE), which is a weakly supervised training method. This method uses
the input observations as supervised signals, which allows the model to improve significantly on the untangling
task.

However, although these algorithms can achieve effective disentangled representations of data to some extent,
the learning process still lacks a clear physical semantic orientation, so this paper proposes the concept of em-
bedding semantics in the latent space of VAE for feature disentangling.

2.2 Relevant Theories

This section introduces the algorithms and models involved in this paper, including the variational autoencoder
and cloud model algorithms, as well as the cloud similarity metric algorithm.

VAE. VAE is an important class of generative models, which consists of two processes: encoding and decoding.
As shown in Fig. 1, x is the image data that can be observed, z is the latent variable that contains the key features
of x, The process from z to x is represented as the generative model P, (x | z) ; the process from x to z is represent-

ed as the recognition model g, (z | x) .
¢----+QG
©

/|

N

Fig. 1. VAE diagram model

The optimization objective function of the VAE model has two terms, the first term is the KL scatter between
the variational posterior distribution g, (z | x) and the true posterior distribution p (z | x) , and the second term is
the variational lower bound of the true data x. After a series of variational extrapolations, the final objective of
VAE is:

. 2 2 2 2
Lypes (0.6,x,x")= argmn[gﬂg (z)-x +5 Z o, (x)j + 4y (x)j —logo, (x)j] . (€))]

Cloud Model. The cloud model uses expectation Ex, entropy En, and hyperentropy He as numerical features to
represent qualitative concepts: expectation Ex reflects the information center value of the corresponding quali-
tative knowledge and is the determining feature of the concept; entropy En is used to measure the ambiguity of
the qualitative concept; hyperentropy He is the entropy of the entropy, reflecting the random degree of numerical
affiliation to the qualitative concept [27], as shown in Fig. 2.
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Fig. 2. Digital characteristics of the cloud

The cloud generation algorithm, called forward cloud generator, enables the mapping of qualitative concepts
to their quantitative counterparts. It generates cloud drops based on the numerical characteristics of clouds, and
each cloud drop is a concrete realization of that concept.

Algorithm 1: One-dimensional forward cloud generator

Input: Numerical characteristics Ex, En, He of the normal cloud, the number of cloud drops to be generated n.

Output: Quantitative values of cloud drops, and the degree of certainty of each cloud drop representing the
concept u (x,) (i=1,2, ..., n).

Step 1: Generate a normal random number y, = Ry, (En, He) with the expected value En and standard deviation
He.

Step 2: Generate a normal random number x; = R, (EXx, |v,) with the expected value Ex and variance y,.

—(x—Ex)zJ .

Step 3: Calculate the degree of certainty ,u(xl. ) = exp( 7
Vi

Step 4: Determine the degree of i (x;) of x; as a cloud droplet in this number field, which is a concrete realiza-
tion of the linguistic value represented by this cloud in quantity, and x (x;) as a measure of the degree of belong-
ing to this linguistic value of x;.

Step 5: Repeat steps 1 to 4 until # cloud drops are generated.

Cloud Similarity Metric. Cloud models are often used to understand the correlation between different clouds
by similarity measures, and the similar cloud model (SCM) [28] is a distance-based cloud similarity measure.
The cloud droplet distance method SCM is to generate a series of large number of cloud droplets by a forward
cloud generator and calculate the distance value between the droplets to represent the similarity between two
cloud models.

Algorithm 2: SCM metric algorithm

Input: the first cloud model (Ex,, En,, He,), the second cloud model (Ex,, En,, He,), and the number of cloud
drops n.

Output: Similarity of the two clouds.

Step 1:. Drop, (i) = Cloud (Ex,, En,, He,, n).

Step 2:. Drop, (i) = Cloud (Ex,, En,, He,, n).

Step 3:. Sort (Drop,)

Step 4:. Sort (Drop,)

Step 5: Filter the cloud drops that fall within the 3E#n rule, the number of cloud dropsl is n, and the number of
cloud drops2 is n, after filtering.

Step 6: Calculate the Distance(;) obtained by squaring the corresponding difference between cloud drops 1 and
cloud drops 2.

Step 7: Find the average Similar = Y’ (Distance (j))/ C, .
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3 Disentangling Characterization of Variational Autoencoders Based on Feature
Transformation

Since the generation process of the variational autoencoder is like a “black box”, this paper explains the latent
space part of VAE in order to make its internal working mechanism easier to understand. Most of the current
work on feature disentangling focuses on adding penalty terms to the loss function to impose constraints and
restrictions, and the disentangling work still remains at a relatively superficial level. To explore the uninterpreta-
ble problem in depth, this paper considers that the main difficulty lies in the lack of semantic information in the
internal latent space and the unknown mapping relationship between the latent space and the image space, so the
interpretable goal of this paper is to explore the mapping relationship by giving semantic information to the in-
ternal latent space and separating the features through feature transformation.

The design idea of this paper is to replace the prior distribution of VAE with a Gaussian cloud model. This
model design not only improves the quality of reconstructed images, but also the cloud model has excellent
ability to represent conceptual uncertainty, so it is conducive to the quantitative measure of disentangling rep-
resentation after the transformation of latent variable features, and can perform conceptual representation of the
separation of semantic features. The main ways to disentangle the feature transformation for VAE that change the
prior distribution include internal space modeling, dimensionality reduction transformation of the latent space,
explaining the semantic separation and disentangling of the internal latent space by generating changes in specif-
ic semantic features in the image, and measuring the degree of disentangling by cloud similarity.

This section presents the overall framework for the interpretation of VAE. The main process is to first change
the prior distribution of VAE to optimize the training of the model and improve the image generation quality.
Then the hidden space is modeled and the semantic attributes are classified using SVM, and the facial attribute
editing is designed by semantic classification boundary, and the generated image after editing is decoupled and
quantified using cloud model similarity.

3.1 Overall Architecture

The variational autoencoder interpretable method based on feature transformation proposed in this paper is a se-
ries of feature transformations for the latent variables sampled from the cloud distribution, so as to solve the vari-
ables inside the latent space, and its work mainly includes the following parts: (1) optimization of the variational
autoencoder based on the cloud model. (2) construction of semantic subspaces and classification of semantic
variables, corresponding to the separation module in the graph. (3) editing of the semantic space, corresponding
to the editing module in the graph. (4) disentangling quantification based on the cloud model, which corresponds
to the evaluation module in the Fig.. The overall framework diagram is shown in Fig. 3.
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Fig. 3. Overall structure diagram
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3.2 Optimization of Variational Autoencoder

In this paper, the cloud model is used as the prior distribution of VAE, which can make the sampling space larger,
equivalent to a process of sampling Gaussian distribution several times, which can make the latent variables of
certain detailed features can be sampled; at the same time, the objective function is optimized in order to reduce
the error, and the representation learning is carried out for reconstructed samples, and the loss function is shown
in equation (2), which adds the reconstruction to the original VAE objective function loss as the penalty term.
After the improvement, the reconstructed image quality is improved.

‘CCMVAE (07 ¢’ a,x, X’) =

ar%Tin[—Ez~q¢(z‘x)logpe (x'l2)+ @Dy, (g, (2| X) || py (2)) + (1= @) Dy, (g, (2" ") 1 g, (2] X))]- @)

The improved VAE model architecture consists of four main components, an encoder E, composed of a con-
volutional network, which is able to encode the input image data as Gaussian cloud features. A distribution of the
cloud model is generated using the cloud features, which is sampled as a priori distribution. A decoder D, com-
posed of multilayer transposed convolutional layers is decoded to reconstruct the input data. The reconstructed
samples are encoded again and the representation is obtained as a constraint in the loss function, thus training the
model. The architecture of the model is illustrated in Fig. 4.

-————

i = Ex i
X Encoder = En i
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Fig. 4. Map of the variational self-encoder model based on the cloud model

3.3 Construction of Semantic Subspaces and Classification of Semantic Variables

Since the lack of semantic concepts in the latent space of the variational autoencoder is what makes the internal
working mechanism difficult to understand and manipulate, this paper first constructs a semantic subspace to
achieve a mapping from the latent space to the semantic space.
In the variational autoencoder, the decoder input latent variable z(z,, z,, ..., z,,) to the output image x(x,, x,,
.., X,,) can be regarded as a mapping in the m-dimensional latent space Z € R" to the high-dimensional image
space X € R™""“ and constructing its mapping relation as in equation (3). The image space contains numerous
semantic information, and the mapping from the image space X to the semantic space S € R" is constructed, and
its relation is shown in equation (4). By bridging the image space, the semantic labels are embedded in the latent
space to obtain the semantic subspace, which the mapping from the latent space Z to the semantic space S. The
semantic function is shown in equation (5).

x=d(2). 3)
s=f(x). )
s=1(d (). 5
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In the above equation, x denotes the output image in the image space, z denotes the sampled latent variable,
and s denotes the semantic label added to the latent space containing semantic information. In this semantic sub-
space, a direct functional relationship is constructed between the latent variables and the semantics, which will
lay the foundation for the feature transformation in this space.

The prior distribution in this model is a Gaussian cloud distribution, z s generated by two consecutive
Gaussian samples. Since the sampling space distribution itself is a continuous distribution, the sampled eigen-
values are also consistent with the continuity of the distribution, and according to the semantic function in the
semantic subspace, the semantic corresponding to the continuous z is also continuous, so this paper makes the
assumption that for any binary semantics in the semantic subspace, there exists a hyperplane to divide the seman-
tics so that the two sides of the plane represent two different semantics [29].

The core idea of SVM is to find an optimal classification hyperplane that satisfies the classification require-
ments and maximizes the classification interval while ensuring the classification accuracy.

The latent variable z and his corresponding label y are used as the sample set (z,, y,),i=1,2,...,L,z€ER", y €
{£1} for training the SVM, the hyperplane is w - z + b = 0. In order for the classification to correctly classify all
samples and have a classification interval, it is required to satisfy:

yl.[(w.zl.)+b]21,1':1,2,...,1. 6)

This leads to a classification interval of 2/ ||w|| , after optimization of the LaGrange function, the optimal clas-
sification function is:

¢(2)= sgn{ja; y(z2 )]+b*} ,

Jj=1

a,>0,j=12,..,I. )

In the semantic subspace, the hyperplane obtained after training by SVM optimization, which has a normal
vector n, defines the length of the latent variable z to the hyperplane as Eq. (8), and thus the set with length 0 is
the hyperplane:{z € R": p=0}.

p=n'z . t))

When the length changes linearly, its semantics also changes linearly, so construct a linear relationship be-
tween the semantic function and the length:

s=f(d(z))=ap=24(n"z),A>0 . )

3.4 Editing of the Semantic Space

In the semantic subspace, a decision boundary of binary semantic features can be found by the operation in part
3.3. This boundary can divide the latent space into two groups. Taking the semantic feature of gender as an ex-
ample, the latent variables representing male features and female features are distributed on both sides of the
boundary in the classified semantic subspace. In this paper, we believe that if the target concept can be operated
from the latent space, that is, if the semantic concept of the generated image can be changed by simply changing
the latent variables and thus, the variables in the latent space have been disentangled to some extent, and the pro-
cess of interpreting the inside of the latent space can be proved in reverse by generating the results.

The operation in the latent space is shown in Fig. 5, and the specific process is as follows: for some semantic
boundary, the latent variable z is moved along its normal direction, and the moving process is a linear change,
as in equation (10), and the semantic property is changed when the moving distance is large enough to cross the
boundary.
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Fig. 5. Edit schematic

Z'=z+0n . (10)

When 0 > 0, z is shifted in the positive direction on the same side as the normal vector direction; when ¢ < 0,
z is shifted in the opposite direction on the opposite side of the normal vector direction.

After inputting the changed z' into the decoder of VAE, the resulting X’ is the generated graph after the change
of the corresponding specific feature. the semantics in X’ changes with the latent variable as follows:

s'=f(d(z"))=f(d(z))+20 . 1)

3.5 Disentangling Evaluation Based on Cloud Model

The analysis of untangling is based on encoding the input image and generating an image while traversing each
dimensional value of the latent variable, when changing the dimension of a latent variable, if the generated image
changes only one factor of the image, this means that the latent variable is well disentangled [30]. Since there are
no standard evaluation metrics for the decomposition model, most interpretable studies stay on the qualitative
analysis of experimental results to understand the internal decomposition process intuitively.

In this paper, after separating and editing the improved VAE internal latent variables for new picture genera-
tion, the cloud model is used to quantify the degree of explain ability and the semantic conceptual variables iso-
lated in the latent space, and the quantification process is shown in Fig. 6 below.

X

5 Ex'
contrast cloud
generator
max
semantic o _ | En
dimension

He

Fig. 6. Disentangling evaluation flow chart

The original latent variable z, which is sampled by the encoder, is compared with the semantically edited la-
tent variable z’, and the dimension with the maximum difference after the comparison is used as the attribute di-
mension of this semantics. If the difference between before and after is the largest, it means that these dimensions
of the latent variable are perpendicular to the hyperplane, and then the degree of semantic change is greater when
moving the latent variable along the normal vector direction, which means that this dimension has the strongest

8
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relevance to the semantics, so the dimension of the latent variable that is orthogonal to the hyperplane is the dis-
entangled semantic concept dimension.

The edited image is then input into the encoder, and the digital features (Ex, En, He) of the cloud model can be
obtained through the improved architecture of the VAE encoder. The dimensions of the digital features (Ex;, En,,
He,) representing specific semantic features are input into the forward cloud generator, and based on the one-di-
mensional forward cloud generator algorithm, the conversion between qualitative concept ¢; and quantitative
values can be realized, and the disentangled semantic concept can be quantified through the cloud map. The three
digital features in the cloud map illustrate the attribute value, fuzziness and affiliation of the concept, respective-
ly.

In order to quantify the degree of disentangling of the method in this paper, a cloud similarity measure based
on cloud droplet distance SCM is used by abstracting the cloud graphs corresponding to the semantic concepts,
and this method is used to measure the degree of similarity between different clouds. When the similarity of the
cloud graphs before and after editing is lower, it means that the cloud graphs represent different semantic con-
cepts, i.e., the degree of disentangling of this semantic feature is higher.

The process of quantitative representation based on the cloud model is as follows:

i dimension < max|z - z'| ,
{Ex, En,He} <« Encoder(X) ,
¢, < {Ex,,En He} | (12)

cloud < ¢,

i

cloud similarity <«—cloud , .

4 Experiments

In this section, in order to verify the effectiveness of the method in this paper, the following experiments are con-
ducted on VAE: (1) the quality optimization of VAE generation based on Gaussian cloud model (2) the classifica-
tion of hidden space features based on support vector machine. (3) the generation effect of hidden space feature
editing. (4) Evaluation experiments of quantitative disentangling.

4.1 VAE Optimization Based on Gaussian Cloud Model

To demonstrate the effectiveness of the optimization method proposed in this paper, experiments were conduct-
ed on four datasets on VAE, VQ-VAE [31], AVAE [32] and the CMVAE model proposed in this thesis. The four
datasets are CelebA [33] (128 x 128), The Car Connection Picture [34] (128 x 128) , NICO [35] (128 x 128)and
CIFAR -10 [36] (64 x 64), and they contain four different objects and contexts for human faces, cars, images of
various vehicles in different contexts and animals, etc. For each dataset this experiment selects 6K images after
alignment and cropping, where the ratio of training set to test set is 10:1. For full generation of the images, the
context in which all objects are located is not cropped and is mostly preserved in this paper.

All models use the same network architecture and training data to allow for fair comparisons. The experiments
are performed for 1K iterations, and to avoid experimental randomness, the results are averaged over five exper-
iments. The sample reconstruction errors between the model proposed in this thesis and other models are shown
in Table 1 below. In the table, it can be seen that the VAE model generates poor image quality on the four data,
while the reconstruction error of this paper’s method is lower than the other models on all four data sets, proving
the improvement of the generation quality.

Table 1. Losses of images generated by different models

CelebA The Car Connection Picture NICO CIFAR-10

VAE 277.41 503.45 516.83 1.34
VQ-VAE 83.78 157.48 394.76 1.23
AVAE 188.39 305.89 287.46 1.19
CMVAE 27.2 55.12 84.3 1.15
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4.2 SVM Parameter Settings and Classification Results

According to section 3.3 of this paper, support vector machines are used to classify the latent variables in the
latent space to find semantic boundaries. In this paper, experiments are conducted on the CalebA dataset, and
different sizes of 8K, 10K, 16K and 20K datasets are selected for training. Each size dataset is uniformly aligned
and cropped, and then input to the encoder of the trained optimized VAE for coding and sampling to obtain the
latent variables, which are used as training data. And the dataset comes with attribute tags, and five tags (gender,
smile, age, eyebrows, and glasses) from the forty attribute tags are selected as tags to train the support vector
machine with five different attributes, and the kernel function of the support vector machine uses a linear kernel
function.

The ratio of the training set to the test set is 7:3, and the number of positive and negative samples for each
feature is 1:1. The classification accuracy of the five attribute SVMs is averaged as the final accuracy through the
training of different size of face datasets, and the results are obtained as shown in Table 2.

Table 2. Accuracy of SVM classification for different size datasets

Nums Auc
8K 0.832
10K 0.856
16K 0.831
20K 0.843

It can be concluded that the highest classification accuracy of the SVM is obtained on a face dataset of size
10K, and thus the next experiments use a data size of 10K, and the high classification accuracy also shows that
there is a hyperplane to divide the binary attributes in the latent space.

4.3 Latent Space Feature Editing Results

This part of the experiment shows the results after editing and manipulating the features in the latent space, aim-
ing to demonstrate the separability and manipulability of the semantic variables in the latent space. Based on the
semantic boundary obtained after SVM classification, the latent variables are moved linearly along the vertical
direction of the boundary in the semantic subspace, and the farthest boundaries of the positive and negative di-
rections of z-movement are set to 3 and -3, respectively, in the experiments, and are moved 3 steps in the positive
and negative directions, respectively. Five semantic features are edited, namely, gender, smile, age, eyebrows,
and glasses, and the generated graphs after editing the latent variables are shown in Fig. 7.

In Fig. 7, the image near the middle part of each row is closest to the original synthesis of the optimized VAE,
and the three samples from the middle to the left are the output results of each step after moving the hidden
variable z three steps along the negative direction, and similarly the three samples on the right are the results of
moving three steps along the positive direction. From the Fig., it can be seen that moving the hidden variable ac-
cording to a specific semantic boundary can change the semantic features of the image, and the degree of feature
change is positively correlated with the distance moved. For example, for the gender semantics in the first line,
when z is moved in the negative direction, the facial features show more feminine elements, such as eye shadow
and lipstick, while when z is moved in the positive direction, the male-specific beard elements appear. It can be
seen that the learning process of VAE can learn these semantically related features, and he is not a single feature
part, but a change of numerous related features that can express the semantics of gender, and the same for the ed-
iting of several other semantic features.

Through the generation results after editing, it can be concluded that variable dimensions with specific seman-
tic concepts can be found in the latent space. Changing these semantic dimensions can change the corresponding
features of the generated images, proving that the method in this paper can decouple the variables representing
semantics from the black box general hidden space.

From the generated results, we can see that the quality of the images near the middle is better, and the blurring
appears in the samples with more obvious feature changes, which is influenced by the quality of the reconstruct-
ed images by the model itself on the one hand. Because the hidden variable z’ after editing is not constrained by
the loss function constructed by the trained model on the other hand, so the phenomenon that the edge samples
are presented.

10
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Fig. 7. Latent variable editing generation diagram

4.4 Feature Disentangling Evaluation

In the previous section, the interpretable process of VAE is qualitatively illustrated by the results of the generated
images, and the effect of the separated decoupled variables on the picture features is intuitively felt. However,
images cannot accurately illustrate the degree of interpretation, so this paper quantitatively characterizes the de-
coupled abstract semantic concepts with the help of the cloud model used a priori after optimizing the VAE, and
quantitatively measures the degree of decoupling by the difference in the change of the conceptual cloud features
before and after editing and by using the cloud similarity.

Brow dimension sensitivity map Gender dimension sensitive map

0
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B 8
8 8
sensitivity
2 8
8 8

100 100

0 2000 400 6000 8000 0 2000 4000 6000 8000
dimensionality dimensionality

Fig. 8. Semantic dimensional sensitivity map

By making the difference between the dimensions of the hidden variables before and after editing, the sen-
sitivity of each dimension to different semantics can be reflected. The dimension with the highest sensitivity is

11
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used as the semantic feature dimension. Fig. 8 shows the sensitivity of each dimension of the hidden variables to
the semantics of eyebrows and gender, and their semantic feature dimensions are 4217 and 5630, respectively,
and the same for other semantic dimensions.

The semantic feature dimensions after encoding the pictures are transformed and these semantic features sep-
arated from the hidden space are described quantitatively. In this paper, a cloud generation algorithm is used to
implement the mapping of concepts, and 600 cloud drops are generated for each concept in the experiments, each
cloud drop being a concrete realization of that concept at a time.

Two randomly selected concept cloud maps representing smile and age are shown in Fig. 9. The Fig. shows
that the expectation of two different concepts of smile and age are 0.45 and 0.57, representing two different con-
cept values. The expectation changes as the characteristics of the editing hidden variable change. The entropy
values of smile and age are 0.08 and 0.06, reflecting the randomness and vagueness of this dimension represent-
ing this concept, which shows that the characteristic dimensional representation of smile is more than that of the
concept dimension of age vague. The super entropy values of the two Figs are 0.01 and 0.02, respectively, which
can also be seen from the images that the distribution of the cloud representing age is more discrete, indicating
that the randomness of the affiliation to age is greater.

certainty
certainty

03 04 0s 06 07 04 04 05 0% 0®O 06 0M 07
Domain value Domain value

(a) Smile semantics (b) Age semantics
Fig. 9. Cloud model diagram of semantic concepts

The cloud image before and after feature editing is compared with the original cloud image of the recon-
structed image, as shown in Fig. 10. It can be seen that the entropy and super entropy of similar semantics did
not change when the image features were changed, and only the expected value representing the attribute value
changed, indicating that the fuzziness and affiliation of the semantic concepts were not changed during the fea-
ture editing process. According to the SCM cloud similarity measure, the similarity degree of three cloud pictures
of the same semantic meaning is used as a measure of the decoupling degree of this semantic meaning, and the
results of the measure are shown in Table 3, from which it can be obtained that the decoupling degree of glasses
and gender is larger.

(a) Sex (b) Eyeglasses
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(c) Age (d) Eyebrow (e) Smile

Fig. 10. Feature editing cloud model diagram

Table 3. Decoupling degree table

Gender Smile Age Eyebrows Glasses
Decoupling degree 0.147 0.069 0.155 0.114 0.159

5 Conclusion

In this paper, a variational autoencoder disentanglement method based on cloud model is introduced, which can
isolate the features representing specific semantics from VAE hidden Spaces. In this paper, the decoupled char-
acterization is carried out in VAE when the cloud model is a priori distribution, and the characteristic variables
of hidden space are classified and edited through the feature transformation after the modeling of hidden space.
The internal hidden space is interpreted by generating directional changes of image features. In this paper, the
similarity measurement between cloud models is used to quantitatively evaluate the degree of disentanglement in
hidden space, and a series of experiments prove the effectiveness of the proposed method. This paper provides a
new idea for the disentanglement representation of hidden space, which can be applied to the directional editing
of image features. In the future, the hidden space can be further analyzed in detail, so as to solve the disentangle-
ment more thoroughly.
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