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Figure 1: Visualization of semantic directions found by applying ICA-SeFa on several different GAN models [20, 27]. For
each group of images, the middle image is an image generated by the GAN model with a random latent code. The left
and right images are images generated by the GAN model with new latent codes which are given by moving the original
latent code toward and backward the directions found by ICA-SeFa. The notes below are the possible semantic directions

corresponds to that movement. Models used in the moving process are in the brackets.

Abstract

Studies have shown that there are often semantically
meaningful directions in the latent spaces of GANs. Look-
ing for these semantic directions in the latent space is of
great significance both in the theoretical studies and ap-
plication of GANs. Some recent approaches have focused
on using unsupervised algorithms to identify those direc-
tions. While most of these unsupervised algorithms are
time-consuming, one very recent study proposes a state-of-
the-art unsupervised algorithm called Semantic Factoriza-
tion(SeFa) [36], which focuses on using only the pre-trained

weights GAN s to find semantics directions, making unsuper-
vised latent semantics factorization much more efficient.

In this project, we deeply analyzed the underlying mech-
anism of SeFa and proposed a more complete theory to ex-
plain the excellent performance of SeFa. Motivated by the
theory, we proposed a new unsupervised algorithm, ICA-
SeFa, to find interpretable directions based on using ICA
to decompose the pre-trained weights of GANs. Like SeFa,
our algorithm only uses pre-trained weights and is compu-
tationally efficient. Experiments have shown that ICA-SeFa
can find semantic directions with much better interpretabil-



ity than the directions discovered by SeFa.

1. Introduction

Generative Adversarial Networks (GANSs) [3, 11, 19, 20,

, 33], including some state-of-the-art models like Big-
Gan [3] and StyleGan [20], have achieved great success
in image synthesis. Thanks to their excellent generation
qualities, GANs are widely employed in various tasks like
image-to-image translation [17, 45], text-to-image transla-
tion [42], super-resolution [24], and many others. However,
although GANs have reached many impressive achieve-
ments, the interpretability of GANSs is still a tough ques-
tion [1, 18, 20, 31, 40]. One approach to examining the
interpretability of GANs is to investigate the relationship
between the generated images and the latent codes. Re-
cent studies have observed that well-trained GANs spon-
taneously encode many interpretable directions inside their
latent space [10, 18, 31, 34, 36, 37, 40], and moving the la-
tent codes along these directions would accordingly make
human interpretable modifications to the generated image,
like smiles and glasses on generated human faces [33],
zooming and translation of the generated objects [18, 31],
and lighting condition of the generated scenes [40]. These
directions can be refered as semantic directions [36] (or
interpretable directions in [37]), and identifying semantic
directions in well-trained GANs has great importance in
studying the interpretability of GANs [37].

Identification of semantic directions not only contributes
to the interpretablity of GANs but also provides great val-
ues in practical applications. Semantic directions can con-
trol the generating process of GANs, enabling scene edit-
ing [40, 44], face editing [12, 35], and many other applica-
tions.

Nevertheless, finding semantic directions is challenging
because of the latent space’s high dimensionality and the
immense diversity of image semantics [36]. Most of the
prior works use supervised approaches [10, 18, 20, 31, 35,

], which share some common limitations. In order to
overcome these limitations, three unsupervised methods are
proposed recently [13, 36, 37]. While the two early meth-
ods are computationally expensive as they require neural
network training [37] or large-scale sampling [13], the lat-
est approach, Semantic Factorization (SeFa) [36], can be
computed in an efficient, closed-form way. Independent of
neural network training or sampling, SeFa merely uses the
pre-trained weights of the first layer of the generator, mak-
ing semantic directions finding a lot more efficient [36].

In this project, we analyzed the underlying mathemati-
cal mechanism of SeFa and proposed a new theory to ex-
plain the excellent performance of SeFa in semantic direc-
tion discovery. Based on these theories, we proposed a new
algorithm called ICA-SeFa. On the basis of SeFa, ICA-
SeFa applies independent component analysis(ICA) [7, 16]
to decompose the weights of the first layer of Gan generator.
Like SeFa, ICA-SeFa only uses the pre-trained weights of

the first layer of the generator and can be also computed in a
very efficient way with the help of FastICA[16]. Moreover,
various experiments showed that ICA-SeFa can find bet-
ter semantic directions than SeFa. As directions found by
SeFa might affect multiple semantic attributes, ICA-SeFa
provides more disentangled and clear directions.

2. Related Works
2.1. Interpretable Disentangled Representation

Interpretable disentangled representation, including
some state-of-the-art models like B-VAE [15], Factor-
VAE [22], 5-TCVAE [5], and infoGAN [6], is another ap-
proach that can be used to study the controllability and inter-
pretability of generative models [5, 6, 15, 22, 37]. The orig-
inal goal of disentangled representation is to find a represen-
tation of a data domain, in which one latent unit represents
to only one generative factors [2, 5, 6, 15, 22, 37]. More-
over, many algorithms also aim to find disentangled repre-
sentations that each latent unit encodes some interpretable
attribute factor of the represented data [5, 6, 15, 22].

However, finding interpretable control of the generating
process is not the only goal for the interpretable disentan-
gled representation task [5, 6, 15, 22]. First, they have to
be a representation [2], which means they not only have a
decoder(generator) that can generate images based on la-
tent codes, but also have an encoder that can encode a real
image to a latent code that could be used to generate a sim-
ilar image [5, 6, 15, 22]. Second, the founded latent units
should be disentangled, meaning that interpretable disen-
tangled representation values not only the interpretablility
of the found latent units but also the statistical independence
of those latent units [15, 41].

Also, the generation qualities of the generators in these
disentangled representation methods are usually not compa-
rable to the qualities of current state-of-the-arts GANs [37].
Therefore, it is still important to discover semantic di-
rections in pre-trained models of current state-of-the-art
GANSs [37], like BigGan [3] and StyleGan [20].

2.2. Supervised methods in Semantic Direction Dis-
covery

Supervised semantic discovery algorithms [10, 18, 20,

, 35, 40] often sample a large number of latent codes
and generate images with these latent codes. Then, pseudo-
labels will be given to the produced images and their cor-
responding latent codes. Finally, a supervised models will
be trained on the labeled latent codes. Since sampling and
model training are usually computationally expensive, these
supervised approaches all share the common weakness that
they are time-consuming.

In addition, these supervised algorithms can be further
divided into two categories, and each category has its own
defects. The first type of supervised algorithms produces
pseudo-labels by pre-trained models. For example, some
studies [20, 35] use predictors pre-trained on the CelebA
dataset [25] to predict certain semantic attributes of the



faces generated by GANSs, and another research [40] uses
predictors pre-trained on multiple databases [23, 29, 39, 43]
to predict semantic attributes of synthesized scenes. After
labeling the attributes to latent codes, a supervised model
could be trained to discover the relationship between the
latent codes and the generated images’ semantic attributes.
The major limitation of this type of algorithm is that they
are highly dependent on the pre-trained networks [36, 37].
The second type of supervised algorithms relies on some
statistical or self-supervised approaches to produce pseudo-
labels [18, 31]. However, this type of algorithms could only
handle some simple semantics that can be obtained auto-
matically, like basic zooming and translation [37].

2.3. Unsupervised Methods in Semantic Direction
Discovery

As supervised algorithms have those limitations, some
recent studies focus on finding semantic directions with un-
supervised algorithms [13, 36, 37]. These unsupervised al-
gorithms do not require pre-trained predictors and could
still find detailed semantics like glasses [37] and facial ex-
pressions [13, 36]. One approach [37] trained a reconstruc-
tor network could recognize semantic directions from a set
of candidate directions [37]. Another study proposed an
algorithm called GanSpace [13] which conducts principal
component analysis(PCA) [30] on the latent space of Style-
GAN [20] and the feature space of BigGAN [3] to get se-
mantic directions. However, these two methods are still
time-consuming because of the high computational com-
plexity of networks training and large-scale sampling [36].

In order to do discover semantic directions efficiently,
a recent study has proposed SeFa [36], an unsupervised
closed-form latent semantics factorization algorithm that
does not require any kind of training or sampling. Being
a closed-form algorithm, SeFa [36] can do semantics fac-
torization in a highly efficient manner. It has state-of-the-
art performances on a variety of GANs [36], including PG-
GAN [19], StyleGAN [20], and BigGAN [3].

3. Motivations of ICA-SeFa
3.1. Preliminaries

In GANS, the generator G(-) is a neural network that
maps from the latent space Z C R? to the image space
T C REXWXC where H, W, C respectively denotes the
height, width, and number of channels of the generated im-
ages.

3.2. SeFa [36]

As a neural network, G(-) : Z — Z transforms an input
latent vector z € Z to an image step by step[36]. The first
step of the generator is to multiply the input latent vector
z € Z by a weight matrix A. Then, the second step of the
generator is to add a bias b on the result vector Az. The
original motivation of SeFa focused on these two steps of
the network, as they directly acts on the latent space [36].

[36] defined these two steps as a function GG1, which is
Gi(z) 2 Az +D (1)

where z € Z and A and b are the weight and bias used in
the first layer of generator [30].

If a direction n € R? is a semantic direction, one can
manipulate the target semantic by adding a multiple of an
identified direction n on the latent code z [36]. Then, con-
sider the first step of the generator (1), one will have

Gi(z+an)=A(z+an)+b 2)
= G1(2) + aAn [30] 3)

The original motivation of SeFa is to find the directions
that can cause largest variations to G1(z + an). There-
fore, when it comes to finding k£ most important directions
{n1,na, ...,ny}, according to (3), SeFa only need to solve

k
argmax Z |An;||2  (4)
{NeRI*k nTn,=1Vi=1,...,k} 53

N* =

Where N* is the matrix of [nq ny ... ng] [36]

By solving (3), one can know that the %k directions
{n1,ns9,...,n;} found by SeFa is exactly the eigenvectors
of AT A associated with the k largest eigenvalues. [36].

3.3. A New Theory about SeFa

SeFa shows excellent performance in finding versatile
semantic directions in the latent space of GANs [36]. How-
ever, as the original motivation of SeFa is only to maximize
the changes after appyling GG; on the latent code [36], there
is still a logical gap about why directions found by SeFa
would lead to interpretable changes to the generated image.
Therefore, here we proposed a more complete explanation
for the excellent performance of SeFa.

When the generator is used to generate images, the latent
code z € Z will be randomly chosen from the latent space
Z. Therefore, for a randomly generated images, the input to
the generator is actually a random vector Z, whose sample
space is the latent space Z.

Then, the first step of the generator is to transform the
random vector Z to another random vector Y by the linear
transformation given by matrix the A, that is,

Y £ AZ )

After the first step, the random vector Y will be trans-
formed into a generated image in the later stages of gener-
ator. Therefore, every entry of Y will contribute to some
attributes of the generated image (although these attributes
might not be interpretable).

Let the dimension of Y be m. Since Y is a random
vector, then the entries of Y will be random variables
{Y1,Ys,....Y,,}. Thatis, Y = [Y; Y> ... Y¥},,]. Therefore,
each entry Y; will contribute to some attributes of the final
generated image. However, these random variables are not



necessarily independent, so there might be some relations
between these random variables. Then, the key idea of our
theory is: we assume that a reasonable, meaningful edition
to the image generation process should be consistent with
the relations among {Y1,Ya, ..., Y, }.

For example, there might be some equal relations be-
tween those random variables, like Y7 = 2Y5. Then, if we
want to edit the image generation process, we should make
sure that this relation still holds after our edition. How-
ever, in general cases, there can hardly be any exactly equal
relations like Y7 = 2Y5. Even if there are some equal
relations, we do not need to worry about them since sim-
ply editing the latent code won’t break those equal relation.
However, there might be some approximate relations be-
tween {Y1,Ys, ..., Y., }. For example, we might found that
the value of y; might be always closed to 2Y5. Here we
denote such relations as Y; =~ 2Y5. If we want to make a
reasonable, meaningful edition to the image generation pro-
cess, we should also be consistent with these approximate
relations.

In fact, there can be multiple ways to define the approxi-
mate relations between {Y1,Y>, ..., Y,, }, and different defi-
nitions would lead to different methods to find semantic di-
rections. In our theory, the reason that SeFa could produce
interpretable directions is because SeFa is good at finding
linear approximate relations.

Here we define the linear approximate relations. The
goal is to find a random variable Y and a unit vector ¢ such
that Y = tY;. Then, we referred Y = Y} as the linear ap-
proximate relations of {Y1,Ya,...,Y,,}. Here, t is defined
as

t = argmax Var(iTY) (6)
teR™ |t|=1

This approximate relation suggests that a reasonable edi-
tion to the generating process should move Y along the di-
rection of ¢.

The intuition is very simple. We know that
cov(Y;,Y;) = cor(Y;, Y;)\/var(Y;)var(Y;) — (7)

for every i,j € {1,..,m},i # j. Therefore, when random
variables in {Y7, Y3, ..., Y, } have strong linear correlations,

cov(Y;, Y;) will be closed to /var(Y;)var(Y;). For the ex-

treme case, if there is really a random variable y, and a unit

vector t such that Y = tY{, we will have

Var(iTY) = Z Var(t;Y;) 8)
i=1
=N EVar®) + 33 titjeon(:,Y))
i=1 i=1j=1
)
=) ti/Var(y;))? (10)
i=1
=(VVar(Yo) Y 4 t:)° (11)
i=1

Then, by restricting [¢| = 1, Var(iTY) reaches maxi-
mum when t = t.

If one can calculate (6) and find t, then the according se-
mantic direction n induced by linear approximate relation
will be a vector satisfying A(Z +n) =Y +ct where ¢ € R.
Then since £ is a unit vector, by (5), we have

. An

In order to calculate (6), one need to know the distribu-
tion of Y. However, it is very difficult to know the real dis-
tribution of Y without large-scale sampling, but large-scale
sampling will make the algorithm computationally ineffi-
cient [36]. Therefore, one can find some alternative method
to estimate the distribution of Y.

According to (5), (6) can be changed to

t = argmax Var(iTAZ) (13)
teRn,|t|=1

Then, by (12)

A
n = argmax Var((—n)TAZ) (14)
neR? |n|=1 |An‘

Then we do an approximation, we can assume entries
of Z are independent random variables, and each of them
has the same variance o2. This might be always true for
some simple GANSs, but it is not generally true for some
advanced GAN like StyleGan[20] which would embed the
initial random input into a latent space. However, since the
embedding process are usually done by some very simple
networks which won’t increase the dimension of the initial
input, we can still approximately regard the entries of Z be-
ing independent random variables with the same variances.



Then, (14) will become

An
= T Alo? 1
= e g4l 1
T
k. (16)
neR |n|=1 |An|
B (nT AT An)(nT AT An)
- e [P o
= argmax |An| (18)

neR? |n|=1

Then, according to our arguments, this n will be the di-
rection that is most consistent with the approximate linear
relations of {Y71, ..., Y, }. Therefore, it is likely to be a se-
mantic direction.

After we found one direction n; with this method, we
can actually continue to proceed the similar process to find
more directions no,n3, ..., Ny that are consistent with the
linear relations of {Y7, ..., Y, }. However, we hope that the
founded semantic directions are disentangled, which means
changing one semantic attribute should not affect other se-
mantic attributes. Therefore, we need to make sure that all
the founded directions should be orthogonal to each other,
so that if moving the latent code along one direction won’t
cause changes in other directions. Therefore, after we have
found ¢ directions, the (i + 1)th direction should be orthog-
onal to the previous directions, that is,

n; = argmax |[An|  (19)

n;€R? |n;|=1,n; Ln;Vje{l,....i—1}

Then, (19) is actually one version of principle compo-
nent decomposition [30, 38], which can be solved by sin-
gular value decomposition. By solving (19), we can simply
find that n,, ..., ny, are just the eigenvectors of A7 A asso-
ciated with the k largest eigenvalues [38]. This result is
exactly same as the algorithm proposed in SeFa [36].

[ Generator: G

3.4. Apply ICA to Explore More Complicated Re-
lations

The good performance of SeFa showed that fitting the
linear relationship among {Y7,Y5, ..., Y}, } could discover
interpretable directions. However, there might be more
complicated relations among {Y1,Y5,...,Y,,}. Therefore,
Therefore, we hope that Y is actually a linear combination
of some independent random variables. That is,

Wy =8 (20)
where entries of S are independent. Then, a reasonable
edition to the generating process should move Y along
columns of W 1. In this case, no relations (no matter lin-
ear or none-linear) among {Y1,Y5,...,Y,,} would be bro-
ken because of the independence of entries of S. More-
over, when components of S are independent, rows of W
will be orthogonal with each other, so directions along the
columns of W~ will also be directions along the rows of
W. However, it might be impossible to find such W. Nev-
ertheless, we can approximate this W by maximizing the
non-Gaussianity of the components of S [16].

Therefore, our goal is to find k& multiple directions,
we need to find wq,ws,...w, by maximizing the non-
Gaussianity of WY ,w.Y, .. wY [16]. Then, meaning-
ful editions of the generating process should be moving Y’
along the directions of w1, s, ...w. However, this is still a
hard question as we don’t know the distribution of Y. How-
ever, by (5), for a vector w, we have

wY =wAZ (21)

Like in 3.3, we found that we can actually give a reason-
able estimation of the non-Gaussianity of wAZ by using
only using wA.

For example, kurtosis can be a good measure for non-
Gaussianity [

], and if we assume that the entries of Z =
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Figure 2: Visualization of procedures of ICA-SeFa. We used FastICA to decompose the first layer weight A to independent
components ni,ns, ..., Nk, which are just the found semantic directions.



[Z1, ..., Z4] are independent, then
Kurt(wAZ) — 3 (22)

S (S i Ai ) Var(Z,) 2 (Kurt(Z) — 3)
= 3 (23)

S (L i 2V ar(2)|

If entries of Z have the same variance o2 and kurtosis &,
and assume that the w A is unbiased, i.e., E(wA) = 0, then

argmax Kurt(wAZ) (24)
WER™ [ b|=1
mod
_ it (S widi ) ot (k= 3)
— argmax 5 (25)
weRtiol=t S (5 A, ,)00]
m d 7 4
m WA
= argmax Zl*l(ZJil i) 2 (26)
BER™, |b|=1 [Zi’il(zﬁ:lﬁm‘li,jﬂ
= argmax Kurt(wA) 27)

WERN |i]|=1

Therefore, approximately, the non-Gaussianity of @wY
will be maximized when we maximize the non-Gaussianity
of wA.

Then, if we want to find & semantic directions, we need
to find w1, W>, ...w; by maximizing the non-Gaussianity of
w1 A, WA, .. wLA.

4. Method

We use the notation defined in the previous section 3.
Then, according to the theory we proposed in 3.4, we only
need to find a k£ x m matrix W such that columns of W A
have large non-Gaussianity. Then, the semantic directions
will just be rows of .

Indeed, this is exactly the same objective as performing
FastICA on A [16], which aimed to decompose the matrix
A to independent components 11, no, ..., ng [16].

Therefore, we can just perform FastICA on the matrix
A, and the found semantic directions will just be the result
independent components n1,ns, ...,n;. A visualization of
the algorithm is shown in Figure 2. Since FastICA can be
computed very efficiently [16], ICA-SeFa can also be com-
puted in a very efficient manner.

5. Evaluation Methods
5.1. Evaluation Methods for Related Tasks

Interpretability of semantic directions is difficult to mea-
sure [4, 37]. Compared to similar tasks, quantitative eval-
uation for the interpretability of the semantic directions
found by unsupervised algorithms is still a hard prob-
lem [13, 36, 37]. To illustrate the great difficulties of evalu-
ating unsupervised semantic direction discovery compared
to related tasks, we first give a brief review on the evalua-
tion methods for related tasks and describe the difficulties of

using similar techniques to evaluate unsupervised semantic
direction discovery.

5.1.1 Evaluation Methods for Interpretable Disentan-
gled Representation

There are some good evaluation metrics for interpretable
disentangled representation, like Z-diff [15] and MIG [5].
However, one cannot easily apply similar methods to mea-
sure the interpretability of semantic directions. First, as
stated in section 2.1, interpretability is not the only goal of
interpretable disentangled representation, many metrics for
disentangled representation measures not only interpretabil-
ity but also some other aspects like independence of the la-
tent units [15]. Second, those metrics highly relies on the
encoder of the representation algorithms [5, 6, 15, 22, 41].
As semantic direction discovery algorithms can provide in-
terpretable modifications for GANS, they do not aim to pro-
vide interpretable representation. Unlike from interpretable
disentangled representation, semantic direction discovery
algorithms does not provide an encoder that can encode an
image to an representation using the semantic attributes it
finds [13, 36, 37].

5.1.2 Evaluation Methods for Supervised Semantic Di-
rection Discovery

As stated in 2.2, supervised algorithms can be divided into
two categories. The first category uses statistical or self-
supervised approaches [18, 31]. However, those approaches
could only handle simple semantics like basic zooming and
translation [18, 31, 37]. Therefore, these algorithms can
be evaluated by some simple object detection [18] or eval-
uated on some labeled dataset that only has some simple
variations [3 1] like dSprite [26]. However, similar methods
cannot be used if the algorithm is aimed to find directions
that control more complicated semantic attributes.

Another category of algorithms applies pre-trained at-
tribute predictors to generate psudo-labels [20, 35, 40].
These algorithms can be evaluated with the attribute pre-
dictors it used. For example, InterFaceGAN [35] was
trained under the supervision of a multi-label attribute pre-
dictor based on ResNet50 [14] pre-trained on the CelebA
dataset [25]. In order to evaluate InterFaceGAN, [35] pro-
posed a method called re-scoring analysis. They sampled
2K latent code samples and then measured the averaged
change of each predicted score after moving the latent code
along every founded direction for a given distance [35]. Fi-
nally, a re-scoring matrix was produced such that the value
on ith row and jth column reflects the average change of
the jth predicted scores after moving the latent along the
ith direction for a given distance [35]. Ideally, the values on
the diagonal line of the matrix should have greater absolute
values, and other values should be close to zero [35]. Such
re-scoring analysis could be modified to evaluate unsuper-
vised model [36] (see 5.2), but it also has a major limitation
which will be described in 5.2 in details.
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Figure 3: Results of performing re-scoring analysis based on CLIP [32] on some selected common directions discovered by
ICA-SeFa (left), and SeFa (right). Each row represents a semantic direction, and each column represents a specific direction
corresponds to that semantic direction. The value in each cell indicates the average correlation describted in 5.3

5.2. Evaluation Methods for Unsupervised Seman-
tic Direction Discovery

Although there are many quantitative evaluation metrics
for related areas, the main evaluation method for unsuper-
vised semantic direction discovery is still through visual in-
spection and qualitative results because of the difficulties
to measure interpretability and the unpredictability of unsu-
pervised algorithm. However, some of the previous studies
stilled tried to propose numerical evaluation metrics for un-
supervised semantic direction discovery [36, 37]. One ap-
proach to numerically evaluate the model is through exper-
iments based on human annotation. For example, Voynov
and Babenko’s study [37] developed an annotation-based
evaluation metric called mean-opinion-score (MOS). For
each direction n, MOS sampled 10 random latent codes
{#1,...,210}, and for each latent code z;, images gener-
ated by G(z; + sn) were plotted where s are integers from
—8 to 8 [37]. Then, some human annotators will be asked
to evaluate the direction by looking at the 170 generated
images. Each human annotator will be asked to answer a
list of questions about the 170 images; then, an opinion
score will be calculated based on the answer provided by
the annotator[37]. After all of the annotators finish their
evaluation, the MOS value is calculated by taking the aver-
age from all the opinion scores [37].

Evaluation methods based on human assessment are usu-
ally not as preferable as quantitative evaluation methods that
could be completely done by programs [4]. Therefore, [36]
proposed a quantitative evaluation metric for unsupervised
semantic direction discovery, which is called re-scoring
analysis [36]. Similar to the re-scoring analysis Interface-
Gan [35] used, which is mentioned in 5.1.2, this evalua-
tion method applied CelebA dataset[25] to train a multil-

abel attribute predictor based on Resnet50 [14], and then
sampled 2K latent code samples and measures the averaged
change of each predicted scores after moving the latent code
along every founded direction for a given distance [36].
However, unlike supervised method, unsupervised method
discovers semantic directions completely by itself, so the
discovered semantic directions do not automatically corre-
spond to the predefined attributes. Therefore, for each la-
beled attribute, [36] chose the semantic direction that can
cause the highest averaged change to the predicted score as
the semantic direction corresponds to that labeled attribute.
Then, they draw the re-scoring matrix as described in 5.1.2
and evaluate the performance of SeFa in the same way [35].

However, the re-scoring analysis proposed in [35] has a
great limitation. Since the attribute predictor was trained
on the CelebA dataset[25], it can only identify semantic at-
tributes that are labeled in the CelebA dataset [25]. How-
ever, as unsupervised methods discover semantic directions
in a completely unsupervised manner, it is highly possible
that unsupervised algorithms could find directions that is
not labeled in CelebA [25]. Therefore, such re-scoring anal-
ysis based on attribute predictors trained on CelebA [25]
might not fully evaluate the performance of unsupervised
algorithms for semantic direction discovery.

5.3. Re-scoring Analysis Based on CLIP[32]

In order to overcome the limitation of the re-scoring
analysis proposed by Shen [36], which is described in 5.2,
we proposed a new evaluation method, which we called re-
scoring analysis based on CLIP.

As joint representations being a popular topic in cur-
rent deep learning studies, one recent research proposed a
model based on Contrastive Language-Image Pre-training
(CLIP) [32] which learns a multi-modal embedding space.



The CLIP model can be used to estimate the semantic simi-
larity between a given image and a text. Based on this char-
acteristic, CLIP can do object classification tasks in a zero-
shot manner [32], i.e., if the text descriptions of the objects
are provided, then the pre-trained CLIP model can classify
the images of those objects without extra training [32]. Al-
gorithms based on CLIP had reached state-of-the-art perfor-
mance in various deep learning tasks [9, 28, 32].

Therefore, in order to measure more attributes found
by ICA-SeFa, we built multiple binary attribute predictors
based on CLIP. For each attribute that we want to mea-
sure, we came up with a pair of binary text expressions to
describe that direction. For example, if we want to mea-
sure the attribute that decides whether a person wears a
pair of glasses, then we come up with two text expres-
sions: ’a person wearing glasses” and “’a person not wearing
glasses”. Then, using these two text expressions as labels,
we can build a zero-shot binary classifier with the help of
CLIP [32]. Then, we can use this binary classifier as the
attribute predictor for this specific semantic attribute.

Therefore, unlike the re-scoring analysis based on
CelebA dataset [25] which can only evaluate a limited num-
ber of semantic attributes, our method can evaluate any at-
tributes as long as human languages can describe them.

Besides building attribute predictors with CLIP instead
of training attribute predictors with CelebA dataset [25],
we proposed another modification to the original re-scoring
analysis [36]. The original re-scoring analysis measures the
averaged change of each predicted score after moving the
latent code along every founded direction for a given dis-
tance [36]. However, we suggest that this averaged change
does not have a clear statistical meaning. In fact, the corre-
lation should be a better measure to reflect the relation be-
tween the edited distance along the semantic direction and
the corresponding predicted attribute score for the gener-
ated image. If the edited distance of the latent code along
one direction has a high correlation with the score predicted
by one attribute predictor, then it suggests that moving the
latent along this direction would likely change the semantic
attribute predicted by that predictor.

Therefore, in our re-scoring analysis based on CLIP, we
sampled 500 random latent codes for each founded direc-
tion and manipulated them along the direction with the de-
gree from —7 to 7. Then, we calculated the correlation be-
tween the edited distance and the predicted attribute scores.
Then, we applied Fisher’s z transformations to estimate the
average correlation [8] among these 500 groups of data.

6. Experiment Results

As our algorithm is inspired by SeFa [36], which is also
an efficient unsupervised semantic discovery algorithm, we
performed qualitative comparison, experiments measuring
MOS score, and re-scoring analysis based on CLIP to com-
pare our algorithm with SeFa. We experimented the two
algorithms on the official StyleGan2 model pre-trained on
ffhq dataset [20], and each algorithm was used to find 200
directions.

6.1. Qualitative Results

We applied the semantic directions found by ICA-SeFa
and SeFa on the mean latent code of the generator and vi-
sualized the output. Then, we selected some common se-
mantic directions found by ICA-SeFa and SeFa. The result
images are shown in Figure. 4 in Appendix B.

From the comparison, we can see that although SeFa can
find some semantic directions, it cannot separate those se-
mantic attributes well. While moving along one semantic
direction, some other attributes are also changing. On the
contrary, for ICA-SeFa, one direction only decides one se-
mantic attribute. When moving along the direction, other
attributes of the image were preserved well.

6.2. MOS

We recruited 8 annotators to evaluate the performance of
ICA-SeFa and SeFa with MOS scores [37]. Since we have a
huge number of directions(400) to evaluate, we didn’t mea-
sure the MOS for all directions and calculate the mean MOS
score as described in [37], Instead, we selected 35 directions
found by ICA-SeFa and 35 directions found by SeFa that we
and the annotators believe shows best interpretability. Then,
we measured the MOS scores for the selected direction and
ranked them based on their MOS scores.

The top 10 directions found by SeFa and ICA-SeFa are
shown in Table 1 and Table 2 in Appendix A. We can see
that the top ICA-SeFa directions have a higher MOS score
than the top SeFa direction from the table.

6.3. Re-scoring analysis based on CLIP

We performed the re-scoring analysis based on CLIP as
we described in 5.3. Since not all human interpretable at-
tributes can be well described in human language in the
form we described in 5.3 (for example, the pose attributes
of the person cannot be described since words left” and
“right” are not well-defined for generated picture), we se-
lected some attributes that both found by SeFa and ICA-
SeFa and performed the re-scoring analysis based on CLIP.

The results are shown in Figure 3. We can see that in
most cases, one direction found by ICA-SeFa is strongly
correlated to only one semantic attribute. Nonetheless, the
directions found SeFa are likely correlated to multiple se-
mantic attributes. This shows the semantic directions found
by ICA-SeFa have more precise and disentangled meanings.

7. Conclusion

In this work, we examined the underlying mechanism of
SeFa [36] and explained the great power of SeFa by propos-
ing a more comprehensive theory. Based on this theory, we
then proposed a new algorithm to do latent semantics factor-
ization on pre-trained with GANSs called ICA-SeFa. Exper-
iments have shown that our algorithm can find better inter-
pretable semantic directions than the directions discovered
by SeFa [36].
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Appendix A : MOS results

Directions MOS Possible Semantics

92th direction of ICA-SeFa 1.00  Beards

109th direction of ICA-SeFa  1.00  Length of face
114th direction of ICA-SeFa 1.00  Head direction
116th direction of ICA-SeFa 1.00 Shirt color

131th direction of ICA-SeFa 1.00  Openness of mouth
144th direction of ICA-SeFa 1.00  Gender

149th direction of ICA-SeFa 1.00  Hat

167th direction of ICA-SeFa 1.00  Color of lips

180th direction of ICA-SeFa 1.00  Size of eye

185th direction of ICA-SeFa 1.00  Glasses

Table 1: Top 10 directions with highest MOS(Mean Opinion Score) of ICA-SeFa. 200 directions are decomposed and
examined in total. For each row, the possible semantic is verbalized by us and annotators.

Directions MOS Possible Semantics

44th direction of SeFa  0.88  Light

14th direction of SeFa  0.75 Head direction
19th direction of SeFa  0.75  Bangs direction
25th direction of SeFa  0.75 Glasses

27th direction of SeFa  0.75  Light

36th direction of SeFa  0.75  Size of eye
42th direction of SeFa  0.75  Wrinkle

65th direction of SeFa  0.75 Color of hair
20th direction of SeFa  0.75 Width of face
24th direction of SeFa  0.75 Hairline

Table 2: Top 10 directions with highest MOS(Mean Opinion Score) of SeFa. 200 directions are examined in total. For each
row, the possible semantic is verbalized by an annotator.
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Appendix B : Comparison of qualitative results of similar semantic directions
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Figure 4: Qualitative comparison of the latent semantics discovered by ICA-SeFa (left), and SeFa (right). ICA-SeFa can find
better directions that only change one attributes, while multiple attributes are linked in directions decomposed by SeFa.
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