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Abstract

Unsupervised foreground-background segmentation aims at
extracting salient objects from cluttered backgrounds, where
Generative Adversarial Network (GAN) approaches, espe-
cially layered GANs, show great promise. However, with-
out human annotations, they are typically prone to produce
foreground and background layers with non-negligible se-
mantic and visual confusion, dubbed “information leakage”,
resulting in notable degeneration of the generated segmen-
tation mask. To alleviate this issue, we propose a simple-
yet-effective explicit layer independence modeling approach,
termed Independent Layer Synthesis GAN (ILSGAN), pur-
suing independent foreground-background layer generation
by encouraging their discrepancy. Specifically, it targets min-
imizing the mutual information between visible and invisi-
ble regions of the foreground and background to spur inter-
layer independence. Through in-depth theoretical and exper-
imental analyses, we justify that explicit layer independence
modeling is critical to suppressing information leakage and
contributes to impressive segmentation performance gains.
Also, our ILSGAN achieves strong state-of-the-art generation
quality and segmentation performance on complex real-world
data.

Introduction

Foreground-background segmentation, also called fore-
ground extraction, targets dividing foregrounds containing
object instances from the background in an image. It is an
elementary and special case of instance segmentation (He
et al. 2017) that the ability to distinguish foreground-
background is vital for complex scene understanding (Kr-
ishna et al. 2017; Zellers et al. 2018; Yang et al. 2018). Since
it is error-prone, time-consuming, and expensive to densely
label a large quantity of data, unsupervised foreground-
background segmentation, including GAN-based (Melas-
Kyriazi et al. 2022; Yang et al. 2017; Bielski and Favaro
2019), VAE-based (Yu et al. 2021; Engelcke, Parker Jones,
and Posner 2021), and MI clustering-based (Ji, Henriques,
and Vedaldi 2019; Ouali, Hudelot, and Tami 2020) methods,
attracts growing attention in the community.

Among these approaches, GAN-based methods show sig-
nificant representation disentanglement ability which con-
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Information Leakage (w/o ILS)

Independent Synthesis (with ILS)

Figure 1: From top to bottom: synthetic background, fore-
ground, composed image, and corresponding mask. Left:
synthetic samples with information leakage problem when
our ILS algorithm is not adopted. Right: generated sam-
ples with independent foreground and background layers
and more accurate masks when ILS is employed.

tributes to accurate segmentation performance. Leverag-
ing the intrinsic compositional nature of natural images,
layered GANs have made exceptional progress for unsu-
pervised foreground-background segmentation. Specifically,
with multilayer structures of generators and correspond-
ing inductive constraints, PerturbGAN (Bielski and Favaro
2019) considers that the foreground can be shifted to a
certain extent without affecting the image fidelity. Fine-
GAN (Singh, Ojha, and Lee 2019) constrains the back-
ground layer with an extra background discriminator.

However, during layered GANS’ training, foreground and
background layers typically contain increasing semantic in-
formation about each other, resulting in their growing vi-
sual similarity. As shown in Fig. 1 (left), there exists seman-
tic confusion that background contains a wheel and fore-
ground contains trees, and visual similarity that foreground
and background have similar colors and textures. This phe-
nomenon, termed “information leakage”, discourages the
mask layer from distinguishing the foreground and back-
ground and impairs segmentation performance severely.



Though, it is still largely under-studied by now.

Intuitively, the semantic and visual confusion can be char-
acterized as the excessive correlation between foreground
and background layers, indicating a lack of independence.
Therefore, a feasible way to solve information leakage prob-
lem is to enhance the independence between layers. How-
ever, such independence has not been valued in previous
works, which restricts the ability of layered GANs to dis-
tinguish foreground from background.

In this work, we propose Independent Layer Synthesis
GAN (ILSGAN), based on layered GAN and fueled by in-
formation theory, which generates images composed of in-
dependent layers and corresponding high-quality masks for
unsupervised foreground-background segmentation. Specif-
ically, ILSGAN minimizes the mutual information (MI) be-
tween foreground and background layers to improve the in-
terlayer independence. To circumvent the difficulty of deriv-
ing the sample density in MI, it employs a variational upper
bound and reduce MI by minimizing the upper bound. Fur-
thermore, ILSGAN can specifically optimize the mask layer
to learn partitions with less MI, which effectively enhances
segmentation performance.

We perform experiments on various datasets including
Cars (Krause et al. 2013), CUB (Wah et al. 2011), and
Dogs (Khosla et al. 2011). Our ILSGAN successfully sup-
presses information leakage and efficiently generates com-
plete and accurate segmentation masks. Compared with ex-
isting unsupervised segmentation methods, ILSGAN shows
a significant advantage in segmentation performance.

We summarize our contributions as follows:

e We find that interlayer semantic and visual confusion,
termed information leakage, exists in layered GAN and
undermines the segmentation performance.

We propose ILSGAN, improving interlayer indepen-
dence by minimizing mutual information, which sup-
presses information leakage while powerfully enhancing
segmentation performance.

We achieve solid state-of-the-art performances on com-
monly used unsupervised foreground-background seg-
mentation datasets, with IoU results of 81.4, 72.1, and
86.3 on Cars, CUB and Dogs, beating the closet com-
petitors (70.8, 69.7, 72.3) with significant margins.

Related Work
Generative Adversarial Networks

GANs (Goodfellow et al. 2014) provide an unsupervised
way for learning the representation of data and generat-
ing high-fidelity synthetic images. They have been success-
fully used for image editing (Ling et al. 2021; Kim et al.
2021), style transfer (Karras, Laine, and Aila 2019; Kar-
ras et al. 2020b), controllable image generation (Chen et al.
2016; Singh, Ojha, and Lee 2019; Benny and Wolf 2020),
representation learning (Donahue and Simonyan 2019), im-
age classification (Chen et al. 2016), super-resolution (Ledig
et al. 2017), and generating annotations (Zhang et al. 2021;
Yang et al. 2021; Abdal et al. 2021).

Unlike traditional GANSs, a series of works (Chen et al.
2016; Singh, Ojha, and Lee 2019; Benny and Wolf 2020;
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Yang et al. 2022) disentangle GANs by decomposing the in-
put latent into a main subset and a controlling subset for dis-
entanglement. The controlling subset can be used to classify
the synthetic images and disentangle the semantic meaning
like rotation and width.

On the other hand, layered GANs disentangle the repre-
sentation explicitly by introducing a multi-layer structure
that corresponds to the elements in nature scenes. They
first generate multiple layers and then blend these layers
into a composed image. It gives layered GANs the abil-
ity to decompose visual scenes and makes it possible for
layered GANSs to achieve fine-grained controllable genera-
tion (Singh, Ojha, and Lee 2019; Benny and Wolf 2020;
Yang et al. 2022), video generation (Ehrhardt et al. 2020),
and unsupervised segmentation (Yang et al. 2017; Bielski
and Favaro 2019).

Unsupervised Foreground-Background
Segmentation

A typical line of recent unsupervised methods partition im-
ages into foreground and background with layered GANS.
Some works spur foreground extraction with foreground
perturbation (Yang et al. 2017; Bielski and Favaro 2019;
Yang et al. 2022) or shape prior (Kim and Hong 2021), dis-
tinguish foreground and background with an additional fore-
ground discriminator (Singh, Ojha, and Lee 2019; Benny
and Wolf 2020), or decompose images by redrawing real
images (Chen, Artieres, and Denoyer 2019). These methods
show impressive gains in segmentation performance. How-
ever, the independence between foreground and background
is overlooked which leads to information leakage and degra-
dation of segmentation performance.

On another front, methods based on clustering attain un-
supervised segmentation through self-supervised learning
with mutual information maximization (Ji, Henriques, and
Vedaldi 2019; Ouali, Hudelot, and Tami 2020) or contrastive
learning (Cho et al. 2021; Van Gansbeke et al. 2021; Choud-
hury et al. 2021; Hwang et al. 2019). However, when these
methods are applied to binary segmentation of foreground
and background, they show disadvantages (Benny and Wolf
2020) in segmentation performance compared to methods
based on layered GANS.

Apart from these works, other works extract foreground
by modeling with VAE (Yu et al. 2021; Burgess et al. 2019;
Engelcke et al. 2020; Engelcke, Parker Jones, and Posner
2021; Locatello et al. 2020), searching directions in latent
space (Melas-Kyriazi et al. 2022; Voynov, Morozov, and
Babenko 2021), or maximizing inpainting error (Savarese
et al. 2021). Our methods leverage the high-fidelity and fore-
ground extraction ability of layered GANs and at the same
time improve interlayer independence which contributes to
more accurate and clear segmentations.

Method
Layer Synthesis

Our ILSGAN synthesizes independent foreground, back-
ground, and mask layers with a layered structure, which are
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Figure 2: Framework of ILSGAN. G4, G and G, are the generators sharing latent code z and producing background, fore-
ground, and mask layers. The generated layers are fed into two branches. One branch is the perturbed composition and adver-
sarial learning against a discriminator D. The other includes separating regions according to visibility in the final image and our
Independent Layer Synthesis algorithm which maximizes the independence between visible and invisible regions of foreground

and background layers.

finally blended into photo-realistic images and correspond-
ing binary masks. Formally, let Gy, Gy, and G, denote a
foreground generator, a background generator, and a mask
generator, respectively. Given a latent variable z € Z drawn
from a prior distribution, z ~ p,, the generation process can
be written as

f=Gy(z), b=Gy(z), m=G,(2),

x=mGOf+(1-m)ob, W

where f, b, and m denote foreground, background, and
mask, respectively, which constitutes an image x by a com-
position step (Eq. 1).

The full synthesis process is wrapped as G : Z2 — X,
which can be learned via adversarial learning against a dis-
criminator D : X — [0, 1] to tell real or fake images as

mén max V(G,D) = Exwpy,., log D(x)] +
E,p, [log (1 — D(G(2)))],

where Z C R? and X C R3*H>*W denote the latent vari-
able space and the image space.

Since vanilla adversarial learning (Eq. 2) lacks incentive
for non-trivial layerwise generation, inductive biases such as
network structure, hand-crafted regularization, efc. are es-
sential. Hence, we briefly review the inductive biases in-
herited from prior work as follows. First, the generators
are parameterized with deep convolutional neural networks.
Concretely, Gy and G are different networks; G, shares
backbone networks with Gy and has a separate head to out-
put masks. More details about networks structure are avail-
able in Sec. . Second, to counter that GG,,, constantly outputs
m = 1, we replace composition step in Eq. 1 with perturbed
composition (Bielski and Favaro 2019),

x = T(m) ® T(f) + (1 — T(m)) © b, 3)
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where 7' is an operation that randomly shifts masks and fore-
ground pixels with a small amount. Third, G,,, is penalized
if it outputs masks that a have smaller area than a pre-defined
threshold. Finally, binary masks are encouraged with an ad-
ditional loss function. The loss functions are defined as fol-
lows,

1
Em = EZNPzam:Gm(z) max{(), n- HW ||m||1}5 (4)
1 .
Ly =Epmp, m=Gn(2) W Z min{m,, 1 —my},

u€eN

where L, and L, respectively denote the aforementioned
loss functions that encourage non-zero and binary masks.
7 represents the tolerable minimal mask area, m,, denotes
the element in m indexed by w and @ = {1,...,H} x
{1,..., W} denotes the index set.

Independent Layer Synthesis

We propose independent layer synthesis (ILS) loss, Lys, to
improve the independence between foreground and back-
ground layers and thereby suppress information leakage.
ILS loss, as well as aforementioned losses, are integrated
into GAN training, resulting in our ILSGAN framework
which is illustrated in Fig. 2. The optimization of genera-
tor and discriminator are alternated (Goodfellow et al. 2014)
as follows,

mDin _V(é7 D) +’7R1<D>7

min V(G, D) 4+ AnLm + MLy + i LiLs, ©)
where V (G, D) and V (G, D) respectively denote the vari-
ants of V(G, D) when G or D is fixed, Ry (D) denotes the
gradient penalty (Mescheder, Geiger, and Nowozin 2018)



that stabilizes the GAN training with weight v. And A,
b, and s denote the corresponding loss weights. The con-
struction of ILS loss is described below.

Measuring layer independence with MI  As observed in
practice, information leakage issue (Fig. 1) frequently oc-
curs in the unsupervised learning of layer synthesis. This
problem can be formally stated as the unexpected low in-
terlayer independence. Therefore, to suppress information
leakage, we are motivated to increase the independence be-
tween foreground and background layers. By information
theory, this independence can be measured with mutual in-
formation (MI),
p(b, f)

i) = [ o(b.6) 1o B2
=H(b) + Eym ) log p(blf),

where b,f are drawn from the joint probability p(b,f)
induced by our layer synthesis model. To this end, one
straightforward way to increase interlayer independence is
to directly minimize I(b;f). Nonetheless, estimation of
I(b;f) is challenging since the implicit model (i.e. GAN)
on which our layer synthesis model is built only supports
the sampling process and is unable to yield density estima-
tion of samples. Therefore, we instead appeal to minimizing
the upper bound of I(b; f) as follows.

dbdf
(6)

Minimizing MI upper bound To circumvent the diffi-
culty of estimating sample density, i.e. p(b,f), p(b), and
p(f) in Eq. 6, we consider the variational CLUB (Cheng
et al. 2020) upper bound of MI,

I(b;f) < Iyc(b,f) =E,m.¢) [log g(blf)]
— Ep)Epe) [log g(b|f)],

where ¢(b|f) is a variational approximation of conditional
probability p(b|f). This inequality Eq. 7 holds under mild
conditions (Cheng et al. 2020). It is noteworthy that comput-
ing I,c(b,f) only requires samples from generative mod-
els and estimating density under the variational distribu-
tion, significantly easing the computation. We further choose
a Laplace distribution with identity covariance (Savarese
et al. 2021) as the variational distribution, i.e. ¢(b|f) =
L(b;£,I) x exp(—||b — £||1). We have

Lic(b,f) =Eyp.f) [~ b — £[]1]
— Epm)Epry [=[[b — £][1] + Const.

(N

®)

Given a mini-batch of samples {(b(*) f(¥)1  neglect-
ing the constant term, the unbiased /N-sample estimation of
Ic(b, f) writes

N

> b —£D )y 4 b —£D)y, (9)

i=1

1

Le(b,f) =

where N denotes the number of samples, b®) = G} (z()
and f) = G(2()) are generated layers by forwarding
randomly sampled latent variables z() ~ p, to our gen-
erative models, and k; denotes a uniformly sampled index
in {1,2,..., N'}. To this end, we minimize I,c(b, f) to indi-
rectly reduce the I(b; f).
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ILS Loss Moreover, in order to optimize the mask to find
the segmentation with less mutual information, we separate
foreground and background layers respectively according to
their visibility in synthetic image x, Fig. 2,

fViS = f®m7
byis =b® (1 7111),

flnv - f @ (1 m)’ (10)
binv =bo m,

where f,;, finy, byis, and by, denote the visible and invisi-
ble regions of foreground and background layers. Thus, our
ILS loss minimizes MI of two pairs of visible and invisible
regions,

EILS - I(binv; fvis) + I(bvis; finv)« (1 1)
Estimating MI with IAVc, our ILS-MI loss is as follows,
ﬂll\I/I‘Is = /:/C(binv§ fvis) + fVC(bvis; finv)
N i 7 k; 1
= & X [=IbE — £52h + bl — £21] a2
N j i kj j
4 S0 [-IB = £ + % — 2] -

Discussion

As the information leakage problem can be interpreted as
there existing unexpected interlayer visual similarity, e.g.
car body textures or wheels present in the background layer
(Fig. 1), one intuitive way to suppress this issue is to di-
rectly minimize the visual similarity between foreground
and background layers. Based on this motivation, by mea-
suring the visual similarity using L1 distance, the ILS-L1
loss can be constructed,
E%Lls = *Hbinv - fvis”l - ||bvis
In practice, we observe that ILS-L1 can help to mitigate
the information leakage issue and improve the segmentation
performance. Moreover, ILS-L1 is also able to contribute
a bit to the decrease of MI between foreground and back-
ground layers. Despite so, we believe the effect of this intu-
itive method is limited and our ILS-MI loss is a more funda-
mental approach that achieves more impressive results. See
Sec. for detailed experiments.

—finvlli. (13)

Experiments
Settings

Datasets We evaluate our method on Stanford Cars
(Cars) (Krause et al. 2013), Stanford Dogs (Dogs) (Khosla
et al. 2011), and Caltech-UCSD Birds 200-2011
(CUB) (Wah et al. 2011). We follow the train-test split
from (Yu et al. 2021) to split Cars and Dogs dataset, leading
to 6218 training images and 6104 testing images for Cars
as well as 3286 training and 1738 testing images for Dogs.
The CUB dataset is split into 10k images for training and 1k
images for testing following (Chen, Artiéres, and Denoyer
2019). We use the approximated ground-truth by (Yu et al.
2021) on Cars and Dogs, and manually labeled ground-truth
masks on CUB to evaluate the performance on test set.



Cars CUB Dogs
Methods Sup.
FID| IoUt DICEt FID], IoUt DICET FID| IoUt DICET

FineGAN (Singh, Ojha, and Lee 2019)" Weak  24.8 53.2 60.3 23.0 44.5 56.9 54.9 48.7 59.3
OneGAN (Benny and Wolf 2020) Weak 242 71.2 82.6 20.5 55.5 69.2 48.7 71.0 81.7
IEM (Savarese et al. 2021) Uns. - - - - 55.1 68.7 - - -
ReDO (Chen, Artieres, and Denoyer 2019)*  Uns. - 52.5 68.6 - 47.1 61.7 - 52.8 67.9
Impr.LGAN (Yang et al. 2022) Uns. 19.0 64.6 - 12.9 69.7 - 59.3 61.3 -
DRC (Yu et al. 2021) Uns. - 70.8 82.5 - 54.6 69.4 - 72.3 83.6
ILSGAN (Ours) Uns. 9.0 81.2 89.3 8.7 72.1 82.8 49.5 86.3 92.5

Table 1: Quantitative comparison to related methods with respect to generation quality and segmentation. T: Results are reported
by OneGAN (Benny and Wolf 2020). ¥: Results are reported by DRC(Yu et al. 2021).

Figure 3: Qualitative generation results (128 x 128). Left: Cars, middle: CUB, right: Dogs. From top to bottom: background,
foreground, composed image, and foreground mask.

Evaluation As our ILSGAN is only able to generate
images with segmentation masks, we train a post hoc
UNet (Ronneberger, Fischer, and Brox 2015) on these syn-
thetic data at 64 x 64 resolution to evaluate its segmentation
performance. For segmentation evaluation at 128 x 128 res-
olution, we upsample the predicted masks to 128 x 128 for
computing metrics. The trained UNet is tested on real test set
and the DICE coefficient and intersection over union (IoU)
metrics are reported. To more accurately measure the inde-
pendence between synthesized foreground and background
layers during test phase, we employ a heavier neural estima-
tor, MINE (Belghazi et al. 2018), which is a lower bound of
mutual information and can serve as a reasonable MI esti-
mator. Similar to Eq. 11, we respectively compute the MI
of regions divided by segmentation masks and sum them
up, which is reported as “MI” in the following sections.
Besides, we also compute the Fréchet Inception Distance
(FID) (Heusel et al. 2017) of 10k synthetic images against
the whole training images to quantitatively evaluate the gen-
eration quantity.

Implementation Details We employ StyleGAN2 (Karras
et al. 2020b) with adaptive discriminator augmentation (Kar-
ras et al. 2020a) to build our ILSGAN. We simply adopt a
generator with 4-channels output to generate foreground and
mask layers at the same time: 3 channels for foreground and
image and 1 channel for the mask. This 4-channels generator
and background generator each contain a mapping network
that maps 512-D latent code z to a 512-D intermediate latent
code. Hyperparameters are consistently set across datasets:
non-empty mask loss weight A\, = 2, mask size threshold
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7 = 0.25, mask binarization loss weight A\, = 2, and ILS-
MI loss weight Ajs = 1. Our ILSGAN is optimized using
Adam optimizer with initial learning rate 0.0025 and beta
parameters 0 and 0.99 until 8M images have been shown to
the discriminator. During training, we center crop the im-
ages to get square training inputs. In the testing phase, we
select the checkpoint with lowest FID for evaluation. Fol-
lowing DRC (Yu et al. 2021), we crop the images and masks
according to ground truth object bounding boxes and resize
them to square shape as test data. Reported results in Sec.
are conducted at 128 x 128 resolution while all analytical ex-
periments in Sec. are conducted at 64 x 64 resolution. Exper-
iments are conducted on single RTX 2080Ti GPU.

Benchmark Results

Our method is compared with other related unsupervised
and weakly-supervised foreground and background segmen-
tation methods concerning segmentation performance and
generation quality on Cars, CUB, and Dogs datasets. As
GAN-based method is notoriously unstable in the training
process, the performance of ILSGAN is reported as the av-
erage of three times experiments. Table. 1 and Fig. 3 show
the quantitative and qualitative results from which we have
the following observations.

(1) ILSGAN achieves superior unsupervised segmenta-
tion performance which surpasses competitors with large
margins. On Cars and Dogs, ILSGAN outperforms previ-
ously the best method, DRC (Yu et al. 2021), by 10.4/6.8
IoU/DICE and 14.0/8.9 ToU/DICE, respectively. On CUB,
ILSGAN gains 2.4 IoU improvement over previously the



w/o ILS (weight=0)

ILS-MI (weight=1)

ILS-MI (weight=5)

Figure 4: Qualitative ablation results of ILSGAN for settings in Table. 2 on Cars. From top to bottom: background, foreground,

composed image, and corresponding mask.

Cars CUB Dogs
Loss Ails

FID| IoUt DICEt MI] FID|, IoUt DICEf MI| FID| IoUt DICEt MI]

w/o ILS — 7.7 80.6 88.9 7.32 8.9 68.6 80.1 740 379 817 89.6 7.33
ILS-L1 1.0 7.8 82.1 89.9 6.78 8.7 72.5 83.1 6.64  40.1 82.9 90.4 7.43
0.2 7.7 80.4 88.8 6.61 8.8 70.0 81.2 7.14 382 828 90.3 7.36

0.5 8.0 82.2 89.9 6.98 8.8 71.3 82.2 703 374 84.0 91.1 6.80

ILS-MI  *1.0 7.3 83.5 90.8 6.09 8.9 72.3 82.9 6.70 387 838 90.9 6.75
2.0 1.5 785 87.6 6.06 9.0 73.7 84.0 635 40.8 803 88.7 7.05

5.0 222 617 75.9 6.70 174 493 61.3 7.51 553 442 60.3 8.74

Table 2: Quantitative evaluations of ILS losses (\j; and * denotes the weight of loss and the default setting respectively).

best method, Impr.LGAN (Yang et al. 2022).

(2) ILSGAN even significantly outperforms other lay-
ered GANs, OneGAN (Benny and Wolf 2020) and Fine-
GAN (Singh, Ojha, and Lee 2019), which requires weak su-
pervision such as bounding box annotation. Note that ILS-
GAN respectively gains 10.0, 16.6, and 15.3 IoU improve-
ment on Cars, CUB, and Dogs compared to OneGAN.

(3) ILSGAN can synthesize images of high quality,
achieving 9.0, 8.7, and 49.5 FID on Cars, CUB, and Dogs,
respectively, either significantly outperforms or performs
on par with other layered GANs such as FineGAN, One-
GAN, and Impr.LGAN. Examples in Fig. 3 show the high fi-
delity and clear foreground-background disentanglement of
the generated images.

Analysis

The effect of ILS-MI  We study the effect of ILS-MI loss
with its weight Ay € {0.0,0.2,0.5,1.0,2.0,5.0}, where
Aiis = 0.0 corresponds to “w/o ILS”. The quantitative and
qualitative results are presented in Table. 2 and Fig. 4 re-
spectively. Compared to the baseline method (w/o ILS), our
method with ILS-MI ()5 = 1) reduces MI by 1.2, 0.7,
and 0.6 on Cars, CUB, and Dogs, respectively, showing im-
proved layer independence. By visualization in Fig. 4, while
information leakage emerges in the results of the baseline
method (e.g. car wheels and texture are present in the back-
ground), the foreground and background layers in the results
of our method have less visual confusion, suggesting infor-
mation leakage issue is effectively suppressed by our ILS-
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MI. Accordingly, our ILS-MI brings clear improvement in
segmentation performance with 2.9 IoU on Cars, 3.7 IoU on
CUB, and 2.1 IoU on Dogs. These results justify that pur-
suing independent layer synthesis with ILS-MI can suppress
the information leakage and thereby significantly improve
segmentation performance.

We also notice that raising A too high has a risk of over-
whelming the effect of other losses such as generation qual-
ity by adversarial loss and binary mask by binarization loss.
It can be observed that the loss weight of ILS-MI greater
than 2 leads to significantly degraded generation quality
(high FID), non-binary foreground masks (Fig. 4), and ac-
cordingly the segmentation performance decrease. There-
fore, we use a secure loss weight \;s = 1 to pursue inde-
pendent layers without toppling down the synthesis.

Comparison of ILS-MI and ILS-L1 We further compare
the effect of our ILS-MI and the intuitive alternative, ILS-
L1. The quantitative and qualitative results of ILS-L1 are
also presented in Table. 2 and Fig. 4. We observe that ILS-L1
can achieve similar effects to ILS-MI: it reduces MI (only on
Cars and CUB), suppresses information leakage (Fig. 4), and
improves the segmentation performance. Despite so, ILS-L1
still shows the following drawbacks compared to ILS-MI.
(1) Fig. 4 shows that artifacts (i.e. white block in the cen-
ter of the background) emerge in the generated background
layer of ILS-L1, possibly due to the invisible background
being optimized towards the opposite color of visible fore-
ground. In contrast, ILS-MI does not suffer from this prob-



Cars CUB Dogs
Dist Sep? OptVis? OptM?

FID|, IoUt DICEt MI| FID)] IoUt DICEt MI| FID|] IoUt DICEtT MI|

A w/o LiLs-mi 77 8.6 8.9 732 89 686 80.1 740 379 817 89.6 7.33
*B v v v 73 835 908 6.09 89 723 829 670 387 838 909 6.75
C c v X v 75 796 878 688 86 709 8.0 705 376 844 913 722
D v v X 79 813 893 647 89 702 814 654 392 829 903 7.08
E X — — 81 8.0 897 645 91 695 809 692 390 829 904 7.04
F N v v v 135 773 868 671 210 596 725 678 520 790 878 722

Table 3: Ablation study of ILS-MI loss with respect to separate region (Sep?), optimizing visible region (OptVis?), and opti-
mizing mask (OptM?). N and £ denote Gaussian and Laplace distribution, respectively. * denotes the default setting.

82 .= correlation
 , coefficient
80 +

Cars:
78 -0.646
076 CUB:
74 Dataset -0.978
e Cars
R oo
70 Dogs e
68
Ml 6.2 6.4 6.6 6.8 7.0 7.2 7.4

Figure 5: Correlation between IoU and MI. The negative cor-
relation suggests that reducing MI to increase independence
contributes to segmentation.

lem. (2) ILS-L1 generally brings less improvement in MI
and segmentation performance compared to ILS-MI. These
results show that ILS-MI, built upon directly minimizing MI
upper bound, achieves more robust and better performance
than the intuitive alternative ILS-L1.

Correlation between MI and IoU We further plot the MI-
IoU data collected from Table. 2 and shows the correlation
coefficients between MI and IoU in Fig. 5. The degraded
results of which ILS-MI loss weight greater or equal to 2
are not included. It is a clear to see negative correlation be-
tween MI and IoU across three datasets, justifying that layer
independence can positively contribute to the segmentation
performance.

Ablation Study

We conduct an ablation study about the concrete design
choices in our ILS-MI losses. Results are summarized in Ta-
ble. 3.

Visible region optimization We disable the optimization
of visible regions by stopping gradients of ILS-MI loss with
respect to f,;; and by, in Eq. 11. Results are shown in row
C in Table. 3. By comparing row B to row C, it can be seen
that optimizing visible regions can decrease MI on all three
datasets, has more robust segmentation performance, yet has
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no noticeable effect on synthetic fidelity.

Mask optimization We ablate the optimization of the
mask by stopping the gradients of ILS-MI loss with respect
to m in Eq. 11. Results are shown in row D in Table. 3.
By comparing row B to row D, it is obvious that optimiz-
ing the mask can improve segmentation performance on all
three datasets and reduce MI on Cars and Dogs, indicating
that segmentation is critical to layer independence.

Separate regions We ablate the separation of invisible and
visible regions in Eq. 11, leading to a form of Ly s = I(b; f)
that computes the MI of the whole foreground and back-
ground layers. As shown in row E of Table. 3, separate re-
gion, comparing no separation, achieves lower MI and has
advantages of both synthetic quality and segmentation per-
formance on all three datasets. This demonstrates the merits
of our separation according to mask and visibility.

Distribution of ¢(b|f) Besides Laplace distribution, we
also try Gaussian distribution to serve as the approximation
of ¢(b|f). As shown in row F of Table. 3, Gaussian distri-
bution completely fails when compared to Laplace and even
worse than not using ILS.

Conclusion

We propose Independent Layer Synthesis GAN, which gen-
erates independent foreground and background layers for
fully unsupervised foreground-background segmentation. It
improves interlayer independence to reduce the semantic
and visual confusion caused by information leakage. To en-
hance independence, we minimize the MI between visible
and invisible regions of foreground and background, result-
ing in more precise masks. Experiments on various single
object datasets demonstrate ILSGAN surpasses other un-
supervised methods significantly on segmentation perfor-
mance and synthetic quality. Moreover, the results show that
ILSGAN performs more impressively and robustly com-
pared to our intuitive approach, which only reduces visual
similarity. We hope our work will motivate future research
in unsupervised segmentation, even self-supervised learn-
ing (He et al. 2022), e.g. foreground masks as attention.
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