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ABSTRACT

On shopping websites, product images of low quality nega-
tively affect customer experience. Although there are plenty
of work in detecting images with different defects, few efforts
have been dedicated to correct those defects at scale. A major
challenge is that there are thousands of product types and each
has specific defects, therefore building defect specific mod-
els is unscalable. In this paper, we propose a unified Image-
to-Image (I2I) translation model to correct multiple defects
across different product types. Our model leverages an atten-
tion mechanism which hierarchically incorporates high-level
defect groups and specific defect types to guide the network
to focus on defect-related image regions. Evaluated on eight
public datasets, our model reduces the Frechet Inception Dis-
tance (FID) by 24.6% in average compared with MoNCE,
the state-of-the-art I2I method. Another practical challenge
on shopping websites is the lack of high quality paired im-
ages. We extend our model to be semi-paired by leveraging
both paired and unpaired data. Tested on a shopping web-
site dataset to correct three image defects, our model reduces
(FID) by 63.2% in average compared with WS-I2I, the state-
of-the art semi-paired I2I method.

Index Terms— Image to Image translation, Computer Vi-
sion, Image defect auto-correction

1. INTRODUCTION

On shopping websites, product images provide customers
with visual perception on the appearance of the products,
thus play a critical role for customers’ shopping decisions.
However, images provided by sellers usually contain various
kinds of defects, such as non-white background or water-
mark. Given the training data per defect (i.e., defective and
non-defective images), it is straightforward to build an image
classification model to detect defective images. However, re-
shooting defect-free images is expensive and time-consuming
for most sellers, which motivates us to build an ML frame-
work to correct image defects automatically.
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Image-to-image (I2I) translation is a promising approach
because it can transform images from a source domain (defec-
tive) to a target domain (non-defective). 121 has been widely
used in image synthesis [1, 2], semantic segmentation [3, 4],
image inpainting [5], etc. 12] algorithms can be broadly clas-
sified into three categories: paired 121 [6, 3], unpaired 121
[7, 8], and semi-paired 121 [9, 10]. In paired I2I, each im-
age in the source domain is paired with an image in the target
domain. In unpaired 121, data from both domains are avail-
able but not paired. Semi-paired I2I leverages both paired
and unpaired data.

There are two major limitations of applying I12I methods
on the image defects correction of shopping websites: First,
121 methods mainly focus on transforming images from one
source domain to one or multiple target domains. They can-
not support a single model that transforms multiple source
domains to their corresponding target domains. On shopping
websites, there are thousands of product types (e.g., shirt) and
each has specific defects (e.g., non-white background). Us-
ing the existing I2I methods, we need to train thousands of
models to cover all the defects, which is unscalable. Second,
defects on shopping websites are usually local, i.e., the de-
fects only occupy a certain proportion of the whole image.
Most local I2I methods, such as InstaGAN [11], require mask
or bounding box labels, which are expensive to obtain. Al-
though there are 121 methods [12, 13] that use attention mod-
ules to identify local regions without requiring labels, they do
not perform well when the images are from multiple product
types with different defects.

To enable the correction of multiple image defects with
a single model while accurately locating the defect-related
regions, we design a hierarchical attention module. The
module leverages the high-level defect groups (e.g., back-
ground related) and specific defect types (e.g., non-white
background and watermark are two specific defects within
the background-related group) to guide the generator to fo-
cus on the defect-related regions when trained on images of
different defects and product types. Furthermore, on shop-
ping websites, due to the lack of human-audited paired data,
the proposed model leverages synthesized paired data. To



improve the model’s robustness against synthesized pairs
of low quality, we design our model to be semi-paired by
adopting cycle loss on unpaired data. In summary, our con-
tributions include: (1) We propose a unified 121 pipeline to
correct multiple image defects across different product types,
(2) We hierarchically inject the high-level defect groups and
specific defect types using attention modules, which guides
the network to focus on defect-related local regions, (3) The
proposed model can consume both paired data and unpaired
data, while being robust against the synthesized pairs of low
quality, (4) The proposed model achieves better FID scores
on eight public datasets and a shopping website dataset com-
pared with the state-of-the-art 2] methods.

2. METHOD

Our proposed framework is shown in Figure 1. It contains two
generators Gxy and Gy x to transform images from domain
X toY and from Y to X respectively. For each pair of images
(z,y) from domain X and Y, we train a discriminator Dy to
distinguish y and the transformed image Gxy (z) using L1
loss. For each unpaired image x in domain X, we train a
discriminator Dx to distinguish « and Gy x (Gxy (x)), the
generated image by transforming x to domain Y and back
to X. We insert the high level defect group g and specific
defect type 1 to guide the two generators to focus on the defect
related regions.
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Fig. 1: The architecture of the proposed framework. The discrimina-
tors Dy and Dx leverage the L1 loss and cycle loss as the training
objective for paired and unpaired images respectively. The genera-
tors Gxy and Gy x leverage the high level defect group g and the
specific defect type 7 to locate defect related regions.

2.1. Attention Guided Conditional Generator

To cover multiple defects with a single model, we propose
an attention-guided conditional generator as shown in Fig.2.
It hierarchically consumes the high-level defect group and
specific defect type. For example, image defects such as non-
white background and watermark are background-related and
incorrect sunglasses angle is angle-related. The high-level
defect group g (0 = background-related, 1 = angle-related)
helps the generator decide whether to focus on distinguish-
ing the background and foreground, or identifying the angle
of the object. Furthermore, although non-white background
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Fig. 2: Attention-guided conditional generator structure. The en-
coder first maps an image x into feature map I(x). Then the high-
level group label g is embedded into the model as shown in the red
box. After several Resnet blocks, we embed the specific defect type
into the model as shown in the green box. Finally, the decoder will
output the generated image.

and watermark belong to the same group, watermark usu-
ally only occupies a small region. Adding specific defect
type 1 (0 = non-white background, 1 = watermark, 2 =
incorrect sunglasses angle) helps the model tell the differ-
ence of the intra-group tasks. The red block in Fig. 2 il-
lustrates the procedure of inserting g into the model. Let
I(z) € RY*M*w denote the feature map of an image z,
we first project g into a ¢’-dimensional vector through a
linear transformation with tanh activation, and perform
spatial duplication to broadcast it into the same dimension
as I(z). Subsequently, we use M,(z) € RE*"*% com-
puted as M.(z) = tanh (Conv,(I(z)® H,(x))) to mea-
sure the relevance of each element in I(z) to g, where ©
is the element-wise multiplication, and Conv; is a convo-
lution layer with 1 x 1 kernel. Then M](x) € R"**, the
summation of M.(z) across all the channels, represents the
relevance of each spatial position in I(z) to g. Finally, we
denote I () € R *M*w a5 the element-wise multiplication
between each channel of /() and Mg (x) as the updated fea-
ture map, which scales each position of I(x) by its relevance
to g. The similar process of inserting specific defect type n
is shown in the green box. The conditional labels g and 7
enable the model to cover multiple defects while focusing on
the defect-related image regions.

2.2. Semi-paired Structure

Another challenge on shopping websites is the lack of high-
quality paired data. Although we can synthesize paired data,
we cannot always guarantee the quality. For example, given
an image of non-white background, we can synthesize its
paired image of white background by detecting the fore-
ground object and changing the background color to white.
However, the synthesized image is not accurate if the fore-
ground object is semi-transparent, of similar color of the
background, or placed on another object (see the first line
in Fig 6). The 121 model trained using such paired data will
memorize the patterns of those low-quality pairs. To mitigate
such effect, we leverage the cycle loss of unpaired data to
ensure that the transformed images can be converted back.



2.3. Training Loss

The training loss consists of the following components. First,
adversarial losses in Eq.1 and Eq.2 ensure the generated im-
ages look realistic. Specifically, we adopt the relativistic
discriminator [14], i.e., DE(y1,y2) = sigmoid(C(y1) —
C(y2)), to measure the probability that ¢; looks more realis-
tic than yo, where C refers to the non-transformed output of
the discriminator. Eq.1 trains the discriminator to favor a real
image y against a generative image ¢, while Eq.2 trains the
generator to generate a ¢ that looks more realistic than y.

LEan (Gxy, DY, X,Y) = E, 4 [log D' (y,7)] )
L&y (Gxy,DE X, Y) =E, 5 [log DE (3, y)] 2)

We denote the sum of these two losses as L& ¥, i.e., the total
adversarial loss from domain X to Y. Similarly, we denote
LEXy as the total adversarial loss from Y to X. Second, for
paired data, we use reconstruction loss (Eq.3) to minimize the
distance between an image in the target domain and the image
generated from the paired image in the source domain.

L1 (Gxy,Gyx) =E[|(Gxy(z) =yl +Ey [Gyx(y) —=ll, (3)

For unpaired data, we use cycle loss (Eq.4) to ensure the
generated images can be transformed back to the source do-
main, which prevents the model from overfitting to the paired
images of low quality.

Leye(Gxy,Gyx) = Bz [|Gyx (Gxy (v)) — x[l1]
“
+Ey [IGxy (Gyx(y)) -yl
Besides, we add identity loss (Eq. 5), which encourages the
generators to be close to an identity mapping when images
from the target domain are fed to the generators [15, 7].

Liat (Gxy,Gyx) =E,|(Gyx(z) —zli +E, |Gxy () —yll, (5)
At last, the total loss is defined as

Ltntal = )\1 (E}G(XN + Léi}v) + A2£L1 + )\Sccycle + /\4Eidt (6)

3. EXPERIMENTS

3.1. Datasets

3.1.1. Public Datasets

We evaluate our model on eight public datasets, includ-
ing four paired datasets: (i) maps: 1,296 map-to-aerial
photo paired images [3], (ii) facades (FA): 606 facade-to-
segmentation paired images [16], (iii) edges2shoes (E2S):
50K paired images from UT Zappos50K dataset [17], (iv)
edges2handbags (E2H): 20K Amazon Handbag images [18],
and four unpaired datasets: (i) horse2zebra (H2Z): 1,267
horse images and 1,474 zebra images [19], (ii) apple2orange
(A20): 1,261 apple images and 1,529 orange images [19],
monet2photo (M2P): 1,193 Monet’s paintings and 7,038 pho-
tos [7], (iv) vangogh2photo (V2P): 800 Vangogh’s paintings
and 7,038 photos [7]. We split each dataset into training and
test (80/20). We combine the four paired datasets where we
assign maps and FA to the segmentation-related group (g =

0), and E2S and E2H to the colorization-related group (g =
1). Similarly, we combine the four unpaired datasets where
we assign H2Z and A20 to the color-related group (g = 0),
and M2P and V2P to the style-related group (g = 1).

3.1.2. Image Defects Dataset

We collected images with three different defects including
non-white background (non-Wbg), watermark (WM) and in-
correct sunglasses angle (in-SA) from a shopping website!.
For non-Wbg and WM images, we use salient object detec-
tion [20] to detect the objects and clean up the background
to construct paired images of white background or no wa-
termarks. We construct the pairs of in-SA images using the
main and secondary image of each sunglasses product. In to-
tal there are 2,703 non-Wbg image pairs, 4,465 WM image
pairs and 8,070 in-SA image pairs. We assign these three
specific defect types two high level defect groups where non-
white background and watermark belongs to the background-
related group (¢ = 0) and incorrect sunglasses angle belongs
to the angle-related group (g = 1).

3.2. Training Details

For both datasets, we train the models for 300 epochs using
Adam optimizer [12] with batch size 1. We set an initial learn-
ing rate of 0.0002, which is fixed for the first 150 epochs and
decays linearly to zero afterwards. We set A1, Aa, A3, A\g4 to
be 1, 150, 10 and 10 following WS-I2I [9]. WS-I2I is a semi-
paired I2I model which leverages the same loss functions as
in this paper. The difference is WS-I2I cannot cover multi-
ple tasks due to the lack of guidance from g and 7. We use
Frechet Inception Distance (FID) [21] as the evaluation met-
ric, which measures the distance between the distributions of
generated images and real images. Lower FID score means
better performance.

3.3. Performance Comparison
On the combined four paired public data, we compare the
proposed model with the baseline method Pix2Pix[3] and the
state-of-the-art method MoNCE [22]. Since there are no un-
paired data, we set A3 and A4 to 0. Table 1 (Paired) shows that
our method is consistently better than Pix2Pix and MoNCE.
As shown Figure 3, when trained on multiple tasks, MoNCE
tends to transform an image from the source domain of a
task to the target domain of another task (e.g., transforming a
google map to a segmentation instead of an aerial-photo) due
to the lack of guidance from g and 7. On the combined four
unpaired public data, we compare our method with the base-
line method CycleGAN [7] and MoNCE [22]. Since there are
no paired data, we set Ay to 0. We observe similar pattern as
the paired data as shown in Table 1 (Unpaired) and Fig 4.

On the Image Defects Dataset to correct three image de-
fects including non-Wbg, WM and in-SA, to avoid the model
from memorizing the patterns of the low-quality synthesized

'We cannot reveal details on this dataset due to legal constraint.



Table 1: The comparison of FID scores on the paired (maps, FA,
E2S and E2H) and unpaired (H2Z, A20, M2P and V2P) datasets.

‘ Paired | Unpaired

| Map| FA | E2S | E2H | H2Z | A20| M2P| V2P
Baseline | 301 | 266 | 166 | 111 | 185 | 288 | 197 | 141
MoNCE | 200 | 198 | 131 | 99 | 135 | 203 | 178 | 135
Proposed | 107 | 155 | 86 | 89 | 90 | 170 | 145 | 113

Table 2: FID scores of the proposed model and WS-I2I on correct-
ing non-Wbg, WM and in-SA on the Image Defects Dataset

‘ non-Wbg ‘ WM ‘ in-SA
proposed 22 20 66
WS-121 55 89 138

pairs of non-Wbg and WM images, we configure our model to
be semi-paired by combining the reconstruction loss (Eq. 3)
of paired data with the cycle loss (Eq. 4) and the identity loss
(Eq. 5) of non-Wbg and WM images. We compare the pro-
posed model with WS-121 [9], the state-of-the-art semi-paired
121 model to the best of our knowledge. As shown in Table 2,
our proposed model performs better in all three tasks. Fig 5
shows some examples where our proposed model can trans-
form the images correctly while WS-I2I cannot.

3.4. Ablation Study

We conduct the ablation study to demonstrate the effect of
high-level group g, specific defect type 1 and unpaired data.
Adding g and 7 significantly improves the model performance
(by comparing the FID scores in the first line with the second
and third line in Table 3). The results also demonstrate the
benefit of leveraging unpaired data (by comparing the first
line and the fourth line in Table 3). Fig 6 visualizes the bene-
fit of using unpaired data when some of the paired data are of
low quality. Specifically, when the object is of similar color of
the background, placed on another object, or semi-transparent
(first line in Fig 6), the synthesized paired images will be of
low quality, which will negatively affect the model perfor-
mance if trained using only paired data (second line in Fig
6). In comparison, our proposed model (third line in Fig 6) is
robust against such situation.

4. CONCLUSION

In this paper, we propose a unified I2I translation framework
to transform images from multiple source domains to their
corresponding target domains. By hierarchically injecting
high-level defect groups and specific defect types using atten-
tion modules, the framework can capture different levels of
image defect patterns for better defect correction. The model
is semi-paired so that it is robust against the low-quality
paired data. Our framework is scalable to multiple image
defects in various domains and can significantly improve FID
compared to the state-of-the-art I2I methods.
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Fig. 3: The comparison between the proposed model and MoNCE
on the combined four paired public data.
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Fig. 4: The comparison between the proposed model and MoNCE
on the combined four unpaired public data.

Table 3: FID scores of the proposed model, the proposed model w/o
g, w/o g and 7, and w/o unpaired data on correcting non-Wbg, WM
and in-SA in the Image Defects Dataset

| non-Wbg | WM | in-SA

proposed 22 20 66
w/o g 27 25 70

w/o g, m 55 89 138
w/o unpaired data 43 53 68
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Fig. 5: The comparison between the proposed model with WS-12I
on the Image Defects Detection dataset.
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Fig. 6: Visualization of results on the Image Defects Dataset to com-
pare the proposed model and the proposed model w/o unpaired data.
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