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ABSTRACT

Various controls over the generated data can be extracted from the latent space of a pre-trained GAN,
as it implicitly encodes the semantics of the training data. The discovered controls allow to vary
semantic attributes in the generated images but usually lead to entangled edits that affect multiple
attributes at the same time. Supervised approaches typically sample and annotate a collection of latent
codes, then train classi ers in the latent space to identify the controls. Since the data generated by
GAN: s re ects the biases of the original dataset, so do the resulting semantic controls. We propose to
address disentanglement by subsampling the generated data to remove over-represented co-occuring
attributes thus balancing the semantics of the dataset before training the classi ers. We demonstrate
the effectiveness of this approach by extracting disentangled linear directions for face manipulation
on two popular GAN architectures, PGGAN and StyleGAN, and two datasets, CelebAHQ and FFHQ.
We show that this approach outperforms state-of-the-art classi er-based methods while avoiding the
need for disentanglement-enforcing post-processing.

1 Introduction

Generative Adversarial Networks (GANH) [produce high-resolution and photorealistic images by learning a mapping
between a latent space, modelled by a random distribution, and the real image space. New images can then be obtained
by randomly sampling in the latent space and feeding the latent codes to the generator. While it is easy to generate an
image, its semantic properties might not be the desired ones. In applications such as data augmentation, it could be very
useful to nely control the semantic properties of a generated image, especially to synthesize images that are dif cult to
capture in practice.

Recent research aim at leveraging pre-trained unconditional GANs and exploring their latent space to uncover the
controls they can provide over the generated data. In particular, some methods nd linear directions that can be
interpreted as variations of some semantic attributes across the latent2f3cé, b, 6, [7, 18, [9]. However, the
discovered directions often do not allow disentangled edits, affecting multiple attributes instead of solely altering the
desired one. Learning-based supervised methods commonly rely on a three-stages pipeline that consists in sampling a
set of latent codes, then labelling the latent codes from the corresponding images using pre-trained image classi ers and
nally, extracting the directions. As GANs learn to approximate the real data distribution that carries different kinds of
biases, the sampling stage leads to generating biased datasets that can, in turn, affect the semantic directions. The third
stage is often performed by training a linear classi er to separate latent codes corresponding to images with a desired
attribute (positive set) from latent codes corresponding to images without the desired attribute (negative set). The
direction controlling the attribute is then taken as the vector orthogonal to the classi er's decision boundary|[[10, 5, 7].
Existing correlations among attributes in the generated data may cause the positive and negative sets of a target attribute
to be strongly imbalanced in respect to other attributes, thus biasing the direction towards those attributes.

This paper is currently under consideration at Pattern Recognition Letters.
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Inspired by this observation, we propose to enforce disentanglement by learning the semantic directions on datasets that
are free from bias. Speci cally, after sampling and labelling the latent codes, we subsample the dataset to balance the
attributes joint distributions and remove correlations.

We apply our method in the latent space of GANSs trained for face synthesis to identify semantic directions corresponding
to facial attributes. We conduct experiments on two types of GAN architectures: PCGIAAN StyleGAN[1L2],
respectively pre-trained on CelebAH®D3] and FFHQL2]. We provide a quantitative and qualitative comparison with

the popular framework InterFaceGAE][ We show that our approach leads to directions that are naturally disentangled
whereas InterFaceGAN requires a post-processing step to reduce entanglement. We also show that, instead of relying
on linear classi ers, directly using the direction connecting class centroids can give meaningful attribute controls for
well-balanced data.

2 Related work

Early works on GANs uncovered some level of semantic structure in the latentesaog applying vector arithmetic

on the latent codedl)]. Subsequent works focused on nding global directions in latent space corresponding to speci ¢
factors of variation ranging from geometric transformatiomg.position, scale)4, (3,[15], memorability [L6] to facial

attributes g, [17, [2, 19, [15, 16, [8]. By varying the latent codes towards those directions, the corresponding semantic
properties of a generated image can be modi ed. Recent proposals argue that semantics distribute non-linearly and
locally [18,[19,120] but such methods are more expensive as they require to compute a speci ¢ manipulation for each
input.

Unsupervised methodsSome works attempt to nd semantic directions with self-supervised lear]ngrisupervised
approaches in latent space such as P2JAdr by leveraging the internal representation of GANs to derive closed-form
solutions B,[15]. However, since the semantics associated with each direction have to be manually identi ed afterwards,
the discovery of the directions of interest is not guaranteed. In contrast, supervised methods aim to nd directions
corresponding to speci c transformatioagriori.

Supervised methodsThese methods typically sample a large number of latent codes, then annotate the corresponding
synthesized images with semantic labels using pre-trained image clas$, &G I7, 120,19, 18] to obtain a set of pairs

(latent code, semantic labels). This set can be employed to train linear classi ers and each semantic direction is de ned
as the normal vector to the classi er decision boundd;[b,[7]. The latent codes are sampled according to the latent
space prior (usually a multivariate Gaussian), which transfers to the semantic directions the bias of the dataset used to
train the generator. In contrast, we propose a subsampling method to obtain a collection of latent codes that is balanced
w.r.t. multiple attributes and doesn't carry strong correlations, thus mitigating the propagation of bias.

Disentanglement of semanticsldeally, each of the discovered directions should control a single semantic property of

the images. But very often the relation between directions and semantic properties is not ond-earedirection

has an impact on several properties; one speakstaiglementTo reduce entanglement, some propose to re ne the
semantic directions afterwards, by enforcing an orthogonality constraint for the new directions. This post-processing
step is referred to as “conditional manipulation”[5)20]. Spingarnet al. [15] introduce more constrained nonlinear

paths that are de ned as small circles on a sphere. Other works argue that entanglement is reduced if the transformations
are learned togethe8l]18]. For style-based GAN architectures, Hetal. [19] propose to learn an attention mechanism

to manipulate the latent code for a particular layer. Differently from previous work, our method addresses entanglement
a priori by debiasing the data employed to discover the directions. Hence, we argue that it can be complementary to
previous proposals.

3 Balanced sampling and direction estimation

Let us consider a pre-trained generaBir) that maps a latent codesampled from al-dimensional latent space

Z RYtoanimagd = G(z) inimage spacé R" W C. Suppose the images are described by a set of binary
attributesA = fa;;1 j  mg. For each attribute; we aim to nd a global linear direction in the latent space,
de ned by unit vectoru; 2 RY, that allows to modify attribute; , andonly attributea; , in a generated image by
translating the corresponding latent catie that directionz®= z+ uj, 2 R being the moving step.

To nd the directions, the procedure put forward b7[[7] is: (i) train a multi-attribute image classi €f, on the
ground truth provided with the databaseg.CelebA [L3)); (ii) generateN latent codes and corresponding images
f(zi; G(z))N, g; (iii) label every image with the classi er and associate the labels to the latent codes to produce
S = f(zi;Fi (G(zi))) I\, g; (iv) for each attributg , train a linear classi er j in latent space on tlﬁ+ andS, sets

obtained fronS by only considering the positive and respectively negative labels for attijib(tee direction in latent
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(a) CelebAHQ vs. generated data with(b) Positives vs. negatives w.r.t.(c) Positives vs. negatives w.r.t.
PGGAN CelebAHQ. “Glasses” for random sampling. “Glasses” for our sampling.

Figure 1: Joint distributions for three binary facial attributes “Age” ("O": Old, “Y": Young), “Gender” ("M': Male, "F"
Female) and “Smile” ('S": Smile, 'NS': No Smile). In (b), the positive set contains a majoriydofaleswhile the
negative set contains a majority ydung femalgdeading to bias the direction “glasses” toward the attributes “age” and
“gender”.

space allowing to control attribujeis then de ned byu; the unit vector that is orthogonal to the decision boundary of
the linear classier ;.

3.1 Multi-attribute balanced sampling

The distribution of the binary attributes for a set of data can be representedrirdémensional contingency table

(one dimension per attribute) where each of2Recells contains the number of samples that have the corresponding

combination of values for the attributes. If there are strong correlations between attributes in the GAN training

data then the contingency table for that data is strongly imbalanced. The @&tgenerated by the trained GAN, is

expected to show similar correlations. The example in[Rig. 1 (a) reveals that three attributes in the C&lelafafet

are strongly correlated (some combinations are much more frequent than others) and this re ects well in the random

sample generated by the GANFor an attributey; , the setsS" andS; employed for training a classi er in the latent

space mirror the imbalance 8\ If we consider the attribute ”Glasses” in CelebA, Iﬂp 1 (b) shows how imbalanced the

associate®” andS, sets are with respect to the three attributes m@g 1 (a). Itis natural to expect that the classi er
j trained on such imbalanced data is in uenced by the strong correlations. And, consequently, the unit;veeor

is orthogonal to its decision boundary entangles the control of the target attribute with the most correlated attributes.

The idea of the method we propose is simple: subsample the datadras to obtain approximately the same number
of samples in each cell of the contingency table. By removing the correlations from this table, we expect to strongly
reduce the entanglement.

More precisely, we build a multi-attribute balanced santpleS by iteratively selecting data froi® until we reach

the total number of sampléé, N we aim to obtain. At each iteration, we rst uniformly sample one combination

of attribute values (one cell of the contingency table), then we uniformly sample without replacement one data point
(z; F (G(2))) with that combination. In this way, at the end of the sampling procedure, we expect to have a balanced

contingency table foB where each of the™ cells contains approximateg(# data points, as shown in F@. 1(c).

The subsampling procedure works well if there is enough ddbafor each combination of attribute values. For strongly
imbalanced data, we may have to address the case where there is no more&sdataoine or more combinations before
reaching the desired total number of sames Note that, as we show in Sectiph 4, good results can be obtained
with moderate values fddy. The ideal solution for having a balancBds to expands by generating more images

with G. But this can be very expensive since, as we found, the imbalarigeeoécts the imbalance of the training
dataset. Hence, we may require the generation of a very large number of images to obtain one more image with a rare
combination of attribute values.

The solution we adopt consists in simply skipping the current iteration if no more data is available for that combination.
The resultingB is no longer so well-balanced but, as we show in Segtioh 4.2, there is a graceful decay in performance.
An alternative is to oversample the data corresponding to the rarest combinations of attribute..eata@silom sample

10ther attributes in CelebA are also strongly correlated.
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with replacement for a combination if its cell in the contingency tabl8 bfis much less thag&ﬂo— data points. As
shown in Sectiof 4|2, this makes the decay in performance yet more graceful.

3.2 Direction estimation

The sampling procedure we described leads to a saBiplesizeNg that is balanced w.r.t. all attributes. For each
attributej , two setsBj+ of sizeN* NZ—O andB; of sizeN; NZ—O can be readily obtained by considering the data
having positive and respective|y negative labels for attripuf® nd the directionu; in latent space that allows to

control attributg , a good solution is to train a linear classi er & [B ; , then take asi; the vector orthogonal to the
decision boundary. Preference is usually givery.(5]) to linear Support Vector Machines (SVMs) that are fast to train

and effective in high dimensions. To improve generalization, the value of the regularization hyperparameter could be
selected by cross-validation. But as we nd later in Sedfioh 4.3, when the dataset is balanced, a stronger regularization
(larger SVM margin) tends to produce directions that allow more disentangled edits. If the linear SVM has a very large
margin, the decision boundary becomes orthogonal to the line connecting the centroids of the two classes. For attribute
a; , this direction is de ned by:

1 hd 1 X
+ - Z .

+ Zi i
Ni™ o Nj e
Experiments in Sectidn 4.3 show that entanglement is further reduced when this easy-to-compute direction is used to
control the corresponding attribute.

uj = z" 2B andz 2B;: (1)

4 Experiments

We evaluate and compare our proposal with the state-of-the-art method InterFacBf;Abhgidering the same
attributes “glasses”, “gender”, “smile” and “age”. For InterFaceGAN, the corresponding attribute control directions
respectively produce the following effects: wearing glasses, presenting as male, smiling and getting youngef. $ection 4.1
provides a detailed quantitative analysis of the effect a direction has for different attributes. The impact of sample size is
evaluated in Sectidn 4.2, while in Sect[on]4.3 we study regularization. Identity preservation is assessed if Section 4.4.-

Finally, qualitative results are shown in Sectjon|4.5.

Models. We conduct experiments with state-of-the-art GAN models trained on two face datasets, PGGAN Cele-
bAHQ [11] and StyleGAN FFHQI12], generatingl024 1024images (experiments with StyleGAN FFHQ trained

on 256 256 images are shown in the supplementary material). Follovihgve train an auxiliary classi er on
CelebA [13] with a ResNet-5021] using multi-task learning to predict the attributes simultaneously. For each attribute,
the task is a bi-classi cation problem with a softmax cross-entropy loss. We ensure that the accuracy of the classi ers is
above 80% (see details in the supplementary material).

Implementations details. We synthesiz& = 1M images with PGGAN CelebAHQ ard = 500K images with
StyleGAN FFHQ. We prepare a larger dataset for PGGAN as some combinations of attributes are rarer in CelebAHQ
than in FFHQ. We apply the attribute predictors to all the generated images and discard the samples having a con dence
below 0.9. For each attribute, we collé¢g = 1000 samples using our multi-attribute balanced sampling. We choose

this value depending on the number of samples in the cell with fewest samples (contingency tables are given in the
supplementary material). The semantic directions are then obtained by taking the direction de ned by the centroids of
each class (see Section]3.2). For a fair comparison, we reproduce InterFaceGAN results instead of using the provided
directions as they were not computed using the same attribute predictiorﬂnod(ﬂe same number of samples. For
InterFaceGAN, we uniformly subsample the generated dataset then train linear SVM3 wi]hoﬂto obtain the
semantic directions given by unit vectors. Since the dimension of the latent spaces of PGGAN and Styl&GAN is
these vectors are al&d 2.

Metrics. As in [5], we use the re-scoring metric to quantify the desired effect and entanglement associated with a
direction. This metric measures how the attribute scores vary after manipulating the latent codes. Intuitively, a good
direction should induce an increase in the score corresponding to the target attribute while not affecting other scores.
Given a directioru; corresponding to attribu , the re-scoring for attribute. is computed as:

X
S=2 Fe(G@) Fia(G@+ u)) @
i=1

2The model was not made available by the authors.
3As in the code provided by the authargtps://github.com/genforce/interfacegan
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Glasse 0.39 034 -006 -029| 027 010 -002 -0.10| 032 007 -0.05 -0.07

Gende 009 050 -006 -022| -0.00 041 -003 -002| 001 042 -004 -0.05
Smile -0.03 -007 037 -002| -002 -0.04 036 -001| -001 -0.02 036 -001
Age -004 -031 -007 015 | -002 -011 -0.04 013 | -0.02 -0.13 -0.06 0.14

(a) IfGAN [5] (b) IfGAN + conditional [5] (c) Our method

Table 1: Re-scoring results ih space for PGGAN CelebAHQ. Each row shows the effect of a direction on all attributes,
each column shows the effect of all directions on an attribute. Effect (diagonal values) should be high, entanglement
(off-diagonal values) should be low.

The desireceffectof directionu; is given by the re-scoring result for the target attribajt€higher is better). The
entanglemenof directionu; with another attributey is given by the re-scoring for that attribute (lower is better). We
also derive a metric based on re-scoring to obtairotrexall entanglemerdssociatedpvith a direction. Similarly to
StyleSpacel2?], we average the re-scoring results over the non-target attribjil{fésf: i2An a j Sij. To quantify

how the manipulations affect face identity, we employ a popular face recognition model pre-trained on VG@Bhce?2 |
and compute the cosine similarity between face embeddings before and after editin@] agvim ¢xtract embeddings
of dimension 2048.

Both metrics are evaluated on= 2000 latent codes, we employ = 0:2 for the editing and we report averages over 5
experiments.

4.1 Disentanglement analysis

PGGAN is a traditional GAN architecture where a code is sampled from a Gaussian laten spadded to the

rst convolutional layer. In addition t& , StyleGAN introduces an intermediate latent spate@vhose distribution is
modelled by fully-connected layers and learned during training, leading to a less entangled.8pate [compare our
method to InterFaceGAN before (IfGAN) and after conditional manipulation (IfGAN + conditional), the latter having
been introduced as a@u hocdisentanglement post-processii} [For attributej , it consists in replacing; by the its
projection on the subspace orthogonal to the directions found for the other attributes.

PGGAN. Table[] (a) provides the re-scoring results for InterFaceGAN without conditional manipulation. We observe
that the diagonal scores increase after manipulating the latent codes, which shows that the directions have the desired
effect. On the other hand, some of the off-diagonal scores also increase, indicating entanglement with other attributes.
For instance, the direction “glasses” also affects the attributes “gender” and “age”. As shown ifi|Table 1 (b), the
conditional manipulation allows to reduce the entanglement while maintaining the desired effect. According to
Table[] (c), our approach succeeds to extract directions allowing disentangled edits without requiring conditional
manipulation. It outperforms signi cantly InterFaceGAN and performs slightly better than conditional manipulation.

StyleGAN. Table[2 shows the results ih space. Compared to PGGAN there is less entanglement, probably because
FFHQ is a larger dataset and the attributes are less correlated than in CelebAHQ. Otherwise, we nd similar tendencies.
In addition, the directions extracted with our approach have a stronger effect and are either on par or signi cantly more
disentangled than for InterFaceGAN, even with conditional manipulation. The resMitssipace are given in Talflé 3.

The W space being less entangled thanthe results of InterfaceGAN are good (conditional manipulation is not
necessary) and those of our method are similar. At a lower resolution (Style&X58N 256), W is nevertheless less
disentangled and our method signi cantly improves disentanglement w.r.t. InterfaceGAN (see supplementary material).

4.2 Impact of the sample size

We study the impact of the sample size on the effect of the extracted directions. For our method, we consider both
settingsj.e. sampling without replacement and sampling with replacement (oversampling). Figure 2 shows the results
in Z space for PGGAN CelebAHQ (similar results are given for StyleGAN FFHQ in the supplementary material, for

Z andW). For both our method and InterFaceGAN, we nd that the effect and the entanglement increase with the
size of the sample. For moderate valuedNgfthe distributions are well-balanced, hence the level of entanglement

of our directions remains signi cantly below that of InterFaceGAN directions. However, we observe a signi cant
increase foNo = 10 000, suggesting that the distributions are no longer balanced as many cells of the contingency
table have been emptied (see tables in the supplementary material). We nd that oversampling allows to mitigate this
effect. Additionally, the size of the sample has a limited impact regarding direction variability between runs. Standard
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Glasse 036 023 -005 -0.19| 027 0.12 -0.01 -0.08| 035 0.06 -0.02 -0.05
Gende 0.16 037 -0.11 -0.18 | 0.06 0.29 -0.07r -0.07| 0.02 0.33 -0.08 -0.06
Smile 0.03 -0.08 0.15 0.00 | -0.04 -0.06 0.15 0.00 | -0.01 -0.05 0.17 0.00
Age -0.12 -0.25 000 0.18 | -0.07 -0.15 0.00 0.15 | -0.07 -0.13 -0.01 0.17

(a) IfGAN [5] (b) IfGAN + conditional [5] (c) Our method

Table 2: Re-scoring results i space for StyleGAN FFHQ.

Glasses  Gender Smile Age Glasses  Gender Smile Age
Glasses 0.51 0.09 0.02 -0.09 Glasses 0.63 0.09 -0.07 -0.04
Gender 0.08 0.39 -0.22 -0.06 Gender 0.05 0.44 -0.10 -0.08
Smile  0.09 -0.14 0.22 -0.03 Smile  0.05 -0.06 0.22 -0.05
Age -0.11 -0.11 -0.04 0.20 Age -0.09 -0.15 -0.01 0.20
(a) IfGAN [5] (b) Our method

Table 3: Re-scoring results W space for StyleGAN FFHQ.

deviations increase when we decrease the size of the sample but remain reasonably small. Following these observations,
we argue that a large sample size (a&jyis not necessary to obtain meaningful directions. Nevertheless, oversampling
allows to increase sample size for a stronger effect, while keeping a low entanglement.

4.3 SVM vs. centroids difference

For a balanced dataset obtained with the method described in Section 3[1, Fig. 3 showZ feptiue of PGGAN
CelebAHQ that a stronger regularization (smaller valu€ pfeads to smaller entanglement, while the effect on the
target attribute remains almost unchanged. Similar results are reported in the supplementary material forcthe

W spaces of StyleGAN FFHQ. This observation led us to consider the case of a very large SVM margin, when the
decision boundary becomes orthogonal to the direction connecting the centroids of the two classes (sg¢e $ection 3.2).
We nd that this direction gives the best performances.

4.4 |dentity preservation

Table[4 shows a quantitative evaluation of identity preservation. We compare our results with InterFaceGAN for the
different models. Some attributes affect the identity more than others, in particular “gender”. For InterFaceGAN, we
observe that the identity is less well-preserved when manipulating “age” and “glasses”, which might be explained by
the fact that they are entangled with “gender” (cf. Taplds 1, 2). For “smile”, which is a well-disentangled attribute, we
perform slightly better or on par with InterFaceGAN for directions with similar effects (cf. Tablé$ L, 2, 3). This suggests
that our directions preserve the identity well. Our results inihepace of StyleGAN for the attributes “glasses” and
“age” are quite below those of InterFaceGAN, which is probably due to our directions having more effect(5ee[q

where we end up with quite occluding sunglasses).

Glasses \ Gender \ Smile \ Age
P SZ SW \ P SZ SW \ P SZ SW \ P SZ SW
IfGAN 0.59 0.72 0.70 0.56 0.66 0.71 0.74 0.86 0.81 0.66 0.70 0.76

0.14 0.13 0.11 0.14 0.14 0.13 0.10 0.09 0.09 0.15 0.14 0.1
Ours 0.77 073 063 |062 074 068 |079 087 078 |078 073 0.69
0.15 0.13 0.12 0.14 0.13 0.13 0.08 0.08 0.08 0.10 0.12 0.11

Table 4: Identity preservation (higher is better) for manipulatiod iof PGGAN CelebAHQ (P) and iz andW of
StyleGAN FFHQ (SZ resp. SW).
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Figure 2: In uence of sample size on the overall entanglement (top) and desired effect (bottom) associated with a
direction in theZ space of PGGAN CelebAHQ.
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Figure 3: In uence of SVM regularization on the overall entanglement (top) and desired effect (bottom) associated with
a semantic direction in thé space of PGGAN CelebAHQ.

4.5 Qualitative results

In Fig.[4, we show qualitative results in tdespace of PGGAN CelebAHQ and StyleGAN FFHQ. We nd that the
images obtained with InterFaceGAN show signi cant entanglement. On par with the quantitative results, we notice
that the direction “glasses” is entangled with “age” and “gender”, the direction “gender” also affects the attributes
“age” and “glasses” and the direction “age” tends to feminize. In contrast, our directions better preserve the non-target
attributes. In Fig b and Fi§] 6 we show qualitative results for different amplitude values. Additional results for the
different attributes are presented in the supplementary material.

5 Discussion

While our method balances the sample to decorrelate the attributes, we observed that the resulting directions in latent
space are quasi-orthogonal (see supplementary material), which wagmaoti expected. This may explain the success

of previous works that look for orthogonal directions in the latent space. For example, GANSpapplies PCA

in theW space and the authors are able to assign semantic interpretations to the resulting directions (orthogonal by
de nition). The conditional manipulation in InterFaceGAH] [also enforces an orthogonality constraint among control
directions to reduce entanglement. This requirement of orthogonality did not haveréori justi cation but our

results indicate that orthogonality in latent space could be a necessary condition for independent controls and, even for
unconditional GANS, the latent space does encode a signi cant part of the semantics. We believe that our subsampling
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Glasses Gender Smile Age Glasses Gender Smile Age

Figure 4: Qualitative results i space of PGGAN CelebAHQ (left) and StyleGAN FFHQ (right). First row: input
image. Second row: InterFaceGAN. Third row: our method.

IfGAN

Ours

Figure 5: Continuous manipulation for the attribute “ageZirspace of PGGAN CelebAHQ.

IfGAN

Ours

Figure 6: Continuous manipulation for the attribute “glassedNirspace of StyleGAN FFHQ.

approach can prove bene cial to other works on GAN control that rely on sampling in the latent space. Two issues could
be raised. First, as in most works on nding supervised controls, we use pseudo-labels provided by image classi ers
that are assumed reliable. But they can also be affected by bias, with an impact on both the labelling of the training set
and the evaluation since re-scoring depends on the classi ers. However, results on FFHQ show that even classi ers
trained on smaller datasets like CelebAHQ transfer quite well. Second, using classi ers to nd directions assumes that
samples can be grouped in classes. This nevertheless works surprisingly well for continuous attributes that are binarized
(e.g."age”) and might not be a problem in practice.

6 Conclusion

We focused on the identi cation of linear directions in the latent space of a GAN to control semantic attributes of
the generated images. Our assumption was that the entanglement typically observed in such situations results from
strong correlations among attributes in the training data, that are transferred to the generated data. To address this
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issue, we proposed a simple and general method that balances the data among the different combinations of values
for the attributes. The evaluation on two popular GAN architectures and two face datasets shows that this approach
outperforms state-of-the-art classi er-based methods while avoiding the need for post-processing.
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