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Abstract
We propose a method for synthesizing eye images from
segmentation masks with a desired style. The style encompasses attributes such as skin color, texture, iris color, and
personal identity. Our approach generates an eye image
that is consistent with a given segmentation mask and has
the attributes of the input style image. We apply our method
to data augmentation as well as to gaze redirection. The
previous techniques of synthesizing real eye images from
synthetic eye images for data augmentation lacked control
over the generated attributes. We demonstrate the effectiveness of the proposed method in synthesizing realistic eye
images with given characteristics corresponding to the synthetic labels for data augmentation, which is further useful
for various tasks such as gaze estimation, eye image segmentation, pupil detection, etc. We also show how our approach can be applied to gaze redirection using only synthetic gaze labels, improving the previous state of the art results. The main contributions of our paper are i) a novel approach for Style-Based eye image generation from segmentation mask; ii) the use of this approach for gaze-redirection
without the need for gaze annotated real eye images

1. Introduction
There is intense recent interest in the synthesis of realistic images of human faces with a prescribed gaze direction.
While model-based computer graphics methods have long
been used for this purpose (e.g.[3]), they typically generate
images that do not look “natural”. In this paper we address
the specific problem of gaze redirection: given an image
of a person’s face, we want to generate a new image that
is identical to the first one, except for this person’s gaze,
which should be consistent with a certain direction.
Gaze redirection finds multiple applications, including
videoconferencing (making people appear as if they were
looking at the camera [20]), photo correction [32], and
video editing. Gaze redirection may also be a useful tool for
generating data sets that can be used to train appearancebase gaze estimation algorithms [26], [37], [38]. Indeed,

acquiring large quantities of annotated data (with gaze direction for each image) can be time-consuming and prone to
error, since accurate measurement of gaze direction is difficult to achieve in practice. Some recent works used training
images rendered by means of computer graphics methods
[33], [34]. While this approach has the advantage of providing accurate gaze and eye feature annotations, the rendered
images are far from real. As a consequence, models trained
on these images may not do well when applied to real-world
eye images. To overcome this problem, some authors have
proposed methods for synthesizing real-world eye images
from synthetic eye images while maintaining annotations
(e.g, gaze direction; [28], [21], [15].) While effective, these
eye image synthesis methods do not give the user much control over the generated eye features - skin color, texture, iris
color, and eye shape. Our method builds on this previous
work, but operates on a specific desired eye image instance,
rather than on a generic model.

We cast the task of gaze redirection as one of image synthesis with a pre-determined style. By style we mean, for
example, the appearance of a certain person’s face under a
certain illumination. In this context, the content to be manipulated is gaze direction. Following Kaur et al. [15], we
use ternary segmentation masks to characterize gaze direction. Masks act as style-independent proxies for gaze.
Kaur et al. [15] introduced an algorithm (EyeGAN) that
takes a synthetic mask for a prescribed gaze direction as
input, and generates an image under content (gaze direction) consistent with the input mask and some random style.
In this work, we push this idea forth, and introduce a new
cyclic mechanism to ensure consistency of both style and
content of the generated image. In addition, we introduce
an algorithm that redirects one’s gaze without relying on
model-based synthetic mask generation. A ternary mask
is extracted from the input image, and redirected (using a
trained network) to the desired gaze direction. This new
mask is then used to control style-preserving gaze redirection. Remarkably, our algorithms do not require gaze annotated real-world images for training.
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Figure 1: Overview of our Style-Based Eye Image Generation. The generator receives in input a segmentation mask and a
style image. It synthesizes an image which is consistent in gaze with the segmentation mask, with generated features similar
to the style image.

2. Related Work

the appearance of the person in the image.

Generative Adversarial Networks. Generative Adversarial Networks (GANs) [7] have gained tremendous success for image generation tasks. The use of adversarial loss
using a discriminator network has been shown to improve
the quality of generated images compared to using traditional losses (e.g. least squares). In this work, we include
GAN adversarial loss for eye image synthesis. Conditional
GANs [25] are widely used in image–to–image translation
tasks. One standard approach is to train an image translation model using paired data [12], [31], e.g. pairing an RGB
image with its associated segmentation mask or edge map.
Then, at run time, only one of the two images (e.g., edge
map) is input to the system, which generates the associated
image (e.g. RGB). When paired data is not available, unsupervised methods can be used [39], [28], [16] ,[23]. While
SimGAN [28] and CycleGAN [21] translate synthetic eye
images into real world images, EyeGAN [15] starts from
ternary eye segmentation masks. EyeGAN is trained using pix2pix [12] on image/segmentation input pairs, where
the segmentation mask is extracted from the input image.
The segmentation network is trained in tandem with the eye
synthesis network, using auxiliary synthetically generated
image/segmentation pairs.

Image style can be modeled as a learned distribution using variational auto-encoders [18] At inference time, one
can sample the style from the learned distribution to generate the image [40] [27]. A method for deterministic generation of images with a specific style using a gram-matrix
based style loss was proposed in [5]. The work in [11]
showed that style could be transferred from input image to
synthesized image using adaptive instance normalization.
StyleGAN [14] used GAN based generator with adaptive
instance normalization to synthesize novel human face images. The work in [1] also used adaptive normalization with
a SPADE [27] generator for synthesizing eye images from
segmentation masks consistent with the input style. Wang
et al. [30] used style consistent as well style inconsistent
pairs as an input to a discriminator, in order to impose the
input style in the output image. In our work, we use a cyclic
loss to enforce style.

Style-Based Image Generation. The methods cited above
generate new images in the style of the images used in the
training data. While this may be acceptable for purposes
such as producing a realistic data set, tasks such as gaze
redirection call for precise control of the style at run time.
Stated differently, a gaze redirection algorithm must ensure
that the generated image is consistent with the style of the
input image – it must preserve the features that characterize

Gaze Manipulation. Earlier work on gaze manipulation
focused correcting gaze direction such that the person appears to be looking at the camera, which is very desirable
for applications such as videoconferencing. Some of the
proposed approaches required specialized 3D data capture
hardware to synthesize novel views of face and eyes [20],
[6], [2]. Gaze redirection is a more generic task of manipulating the gaze to any arbitrary direction. Monocular
image-based gaze redirection can be achieved by learning
a warping flow field between images with a known correction angle. This flow field can be computed using Random
forests [19] or deep networks [4]. In [35], a flow field network is trained on synthetic eye images for gaze redirection,
and domain adaptation is applied from synthetic to realistic
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eye images. This work was primarily focused on improving
user-specific gaze estimation by using few-shot learning.
Wood et al. [32] used a 3D morphable eye model for gaze
manipulation. The work in [9] used GANs to synthesize eye
images with redirected gaze using a specific reconstruction
loss. Our work is similar to [9], however, rather than guiding synthesis by a gaze angle vector, we use segmentation
masks. This mitigates the need for obtaining annotated gaze
data for real-world eye images.

Re-synthesis Loss. As an additional device to ensure style
consistency between the input Esg1 and the synthesized image Esg2 ∗ , the latter is taken as input to the generator during
training along with the segmentation mask M g1 from the input image, to generate a new image Esg1 ∗ = G(M g1 , Esg2 ∗ ).
A second loss component is added as follows:

3. Method

This idea borrows from the CycleGAN scheme [21], with
the difference that CycleGAN maps an image from a
domain to a different domain and back, while we map an
image to the same domain (and back), but with an additional “content guidance” image (the ternary segmentation
representing gaze direction.)

3.1. Style–Based Eye Image Synthesis
The goal of this module is to generate a realistic image with a certain style and a prescribed gaze direction.
Style is guided by means of an eye image from a domain
E. This image is given in input to the network, along with
a ternary segmentation mask (from the mask domain M),
which characterizes the prescribed gaze direction. Thus, our
system is a mapping G from M × E to E. Fig 1 shows an
overview of our style–based eye image synthesis.
Let Esg1 ∈ E be the input eye image, where the subscript s indicates the style, and the superscript g1 indicates
the gaze direction in the image. Note that “style” is not a
directly measurable quantity – it expresses the appearance
of the eye image, in terms, for example, of iris color, skin
color, skin texture, illumination. Gaze is quantifiable, but
we don’t need to know, nor make use of, the gaze direction
g1 . The goal of the generator G is to synthesize an eye image Esg2 ∗ ∈ E with same style s as the input, but with gaze
direction g2 (the superscript ∗ indicates that this is a synthesized image.) The algorithm uses a synthetically generated
ternary mask, M g2 as a proxy for the prescribed direction
g2 .
The network is trained using samples consisting of four
images each: {Esg1 , M (Esg1 ), Esg2 , M (Esg2 )}. Here, Esg1
and Esg2 are images of the same individual with different
gaze directions. M (·) is a function that extracts a ternary
mask from an eye image [15].
Synthesis Loss. The synthesis loss term ensures that the
generated image, Esg2 ∗ , is similar to the desired one. For
this purpose, we use a perceptual loss function [13], [9]:
Lsyn (G) =

X

wj ∗

1
||fj (Esg2 ∗ ) − fj (Esg2 )||22
Nj

wj ∗

1
||fj (G(M g2 , Esg1 )) − fj (Esg2 )||22
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j

=

X
j
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Lresyn (G) = ||Esg1 ∗ − Esg1 ||1
g1

= ||G(M , G(M

(3)
, Esg1 ))

−

Esg1 ||1

(4)

Adversarial Loss. In order to improve the quality of image
generation, we also consider an adversarial loss [7]. A discriminator network D(·) is shown an image, either synthesized (Esg2 ∗ ) or real (Esg2 ), and is tasked with determining
whether the input image is real or synthesized. This loss
term penalizes the discriminator when the determination is
incorrect, and the generator when it is correct:
Ladv (G, D) = log(D(Esg2 )) + log(1 − D(Esg2 ∗ ))
=

log(D(Esg2 ))

+ log(1 − D(G(M

g2

(5)
, Esg1 )))
(6)

Along with the adversarial loss, we consider a
discriminator-based feature matching loss [31]. Features
are extracted from intermediate layers of the discriminator
network for both a real (Esg2 ) and synthesized (Esg2 ∗ ) image. This loss penalizes discrepancy between the features
for the two images.
X 1
||Dj (Esg2 ∗ ) − Dj (Esg2 )||22
(7)
Lf eat (G) =
N
j
j
=

X 1
||Dj (G(M g2 , Esg1 ) − Dj (Esg2 )||22
N
j
j

(8)
Here Dj represents the feature map extracted from the j th
layer of the discriminator network. The size of the feature
map is given by Nj = Cj × Hj × Wj .
Overall Objective The overall objective is given by:
G∗ , D∗ = G D (Ladv (G, D) + λ1 Lf eat (G)
min max

+ λ2 Lsyn (G) + λ3 Lresyn (G))

(2)
Here, fj (·) is the feature map of size Nj = Cj × Hj ×
Wj , extracted from j th convolutional layer in the VGG-16
network, pre-trained on the ImageNet data set.

g2

(9)

3.2. Gaze Redirection via Mask Synthesis
In the algorithm described above, gaze redirection is
guided by a ternary mask M g2 , which describes the desired
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Figure 2: Top Left: SPADE [27] based Generator architecture. The ResNet Encoder encodes the style image. The style
encoding is input to the SPADE generator which also receives segmentation mask input at different scales. Top Right: Our
Style-Based Eye Image Synthesis flow. The generator synthesizes the eye image from the mask and style image. During
training, the generated image is fed back to the generator along with mask corresponding to the style image. Bottom Left:
Gaze Redirection model trained on the segmentation masks. Bottom Right: End to End Gaze redirection system involving
segmentation mask generator, gaze redirector and style generator.
gaze direction. This mask would normally be obtained using a computer graphics tool, such as UnityEyes [33]. However, this mask may not be perfectly suited to the considered
“style”. Due to the variability of facial features, a synthetic
mask can be only an approximation of the actual segmentation obtained from a real image. For this reason, a synthetic
mask may only be a sub-optimal solution for guiding gaze
redirection.
We address this problem with an algorithm that builds
on our Style–Based Eye Image Synthesis approach, but that
synthesizes the content-guiding ternary mask from the segmentation of the input image. The hope is that this mask
may represent a better proxy for our gaze redirection algorithm. Mask synthesis is the job of a mask redirection
network, which takes in input a ternary segmentation of the
input image M (Esg1 ), along with the the prescribed variation of gaze angle (∆φ , ∆θ ) = (g2φ , g2θ ) − (g1φ , g1θ ) [9] [35],
to produce a redirected mask M g2 ∗ .
The mask redirection network R is trained with pairs
of segmentation masks (M (Esg1 ), M (Esg2 )) from images
with known gaze directions (g1 , g2 ). A loss function is

defined as the sum of two terms: a mask-synthesis loss and
a mask-resynthesis loss.
Mask-Synthesis Loss. This is a forward content loss between the gaze redirected mask and the target mask.
Lm−syn (R) = CE[R(M (Esg1 ), (∆φ , ∆θ )) − M (Esg2 )]

Mask-Resynthesis Loss. The redirected mask is fed back
to the network with negative gaze direction variation, with
the goal to reconstruct the input mask:
Lm−resyn (R) = CE[R(R(M (Esg1 ), (∆φ , ∆θ )), (−∆φ , −∆θ ))
− M (Esg1 )]
In these equations, CE[·] represents the cross-entropy function.
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Figure 3: Eye Image Synthesis from Unity Masks. First and second column: masks from UnityEyes and corresponding
synthetic eye images. Columns 3-5: the generated images from our Style-Based generator for the mask in Column 1. The
input style images are shown in last three columns.

4. Experiments
4.1. Style-Based Eye Image Synthesis
Data Set. We trained our Style–Based Eye Image Synthesis network on the Columbia Gaze data set [29]. This
data set contains facial images taken of 56 subjects under
constrained settings. For each subject, gaze data was collected at 5 horizontal head poses [0◦ , ±15◦ , ±30◦ ]. For
each head pose, 21 gaze directions (7 horizontal: φ ∈
[0◦ , ±5◦ , ±10◦ , ±15◦ ] and 3 vertical θ ∈ [0◦ , ±10◦ ]) were
recorded. We cropped the left and right eye patches from
the facial images and resized them to 64 × 64 as described
in [9]. The right eye images were flipped to look like left eye
images. Each style category consists of images for one subject with different gaze directions with one head pose and
one side (left/ right). In practice, a total of 56 · 5 · 2 = 560
styles were considered (56 subjects with 5 different head
poses and 2 sides). Each style has 21 images (one per gaze
direction). We used the first 50 subjects for training and the
remaining 6 subjects for testing.
We used EyeGAN [15] to extract segmentation masks
for all of the eye images. This method trains a fully
convolutional neural net [24] to extract segmentation masks
without manual annotations. It uses a set of real eye images
along with synthetic eye masks (from the UnityEyes [33]
tool.) It alternates training of a segmenter network to
extract masks from real eye images, with training of a
generator network that synthesizes natural looking eye
images from the synthetic masks. Since the mask generated
by EyeGAN have a smaller size 48 × 32, we zero-padded
them to fill a 64 × 64 area.

Implementation Details Our eye image synthesis generator is implemented as an encoder-decoder network. In particular, we use a ResNet [8] encoder with three residual
blocks, and a SPADE [27] decoder for generating images
guided by segmentation masks (see Fig. 2). In SPADE, the
segmentation mask is fed at each block at different scales.
Our SPADE decoder consists of four SPADEResNet blocks.
Training is performed using the same multi-scale discriminator as in pix2pixHD [31] and SPADE [27] with hinge loss
[22], [27]. We used Adam [17] optimizer with β1 = 0 and
β2 = 0.9. Learning rate was set to 0.005 with λ1 , λ2 and
λ3 as 10, 20 and 20 respectively.

4.2. Gaze Redirection via Mask Synthesis
Data Set The mask redirection network was trained with
synthetic masks corresponding to the eye images from 10
different subjects (different eye parameters) generated for
21 gaze directions in frontal head pose using UnityEyes
[33] tool. For each gaze direction, we trained the network
to redirect the mask to 20 other gaze directions.
Implementation Details The mask redirection network receives in input a segmentation mask and a gaze direction
variation vector. The input segmentation mask is passed
through a network with three convolutional layers, followed
by five residual blocks and then by three upsampling + convolutional layers. The gaze direction variation vector is
input to a Multi-Layer Perceptron, then concatenated with
output of the convolutional layers for the input mask, before
the residual blocks. The network is trained to minimize per-
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Table 1: Comparison of eye image synthesis algorithms using FID score (lower the better) and mIOU (higher the better).
Algorithm

FID

mIoU

EyeGAN [15]
CycleGAN [39], [21]
SimGAN [28]
Ours

83.9
39.5
53.7
8.5

0.93
0.61
0.66
0.72

pixel cross-entropy loss between the generated mask and the
ground truth mask from UnitiEyes. We used Adam [17] optimizer with β1 = 0.9 and β2 = 0.999. The learning rate
was set to 0.01.
The output of the mask redirection network is used as
input mask in the Style-Based Eye Image Synthesis (Sec.
3.1).

5. Results
Style-Based Eye Image Synthesis. In this case, eye images
are synthesized with guidance from the UnityEyes segmentation masks. We first compare our Style-Based Eye Image Synthesis with three other eye image synthesis algorithms: SimGAN [28], CycleGAN [39], [21] and EyeGAN
[15]. These algorithms synthesize an image with the style
of the data set on which they are trained (in this case, the
Columbia Gaze data set.) In the case of of SimGAN and
CycleGAN, the input to the algorithm is a synthetic eye image from UnityEye. EyeGAN takes in input a segmentation
mask, also from UnityEye.
Two metrics were considered for comparison: (1)
Fréchet Inception Distance (FID) [10]; and (2) mean IoU
(mIoU). FID is a metric used to measure similarity between
two data sets (in our case, the output of the algorithms and
the Columbia Gaze data set.) It captures both the perceptual
similarity between generated and real images, and the diversity of generated images (similar data sets have low FID
values). The mean IOU is computed between the segmentation of the output, and the mask corresponding to the input
image or the mask itself in our case. This segmentation is
obtained by a FCN [24] trained on masks corresponding to
UnityEyes images and the corresponding eye images generated using EyeGAN since it has been shown to preserve semantic consistency of the generated images. A larger value
of mIoU indicates good semantic consistency between the
source and the generated image.
Table 1 presents quantitative results in terms of the FID
and mIoU metrics. Our technique achieves the smallest
value of FID, and the second highest value of mIOU among
the algorithms considered. Samples of eye images generated by our method, along with the “style images” and synthetic masks used in input, are shown in Figure 3.
We also compared our algorithm with two other

Table 2: Comparison of Style-Based eye image synthesis
using LPIPS metric (lower the better).
(a) LPIPS score on the test
data with supervised training.

(b) LPIPS score on the
test data with unsupervised training.

Algorithm

LPIPS

Algorithm

LPIPS

Pix2PixSC [30]
Seg2Eye [1]
Ours w/o reconst
Ours

0.104
0.077
0.035
0.033

Pix2PixSC [30]
Seg2Eye [1]
Ours w/o reconst
Ours

0.125
0.124
0.078
0.044

techniques for style-based synthesis: Seg2Eye [1] and
Pix2PixSC [30] on Columbia eye data set [29]. Seg2Eye
uses the SPADE [27] architecture with adaptive-instance
normalization layers for style transfer. We trained Seg2Eye
with a single style image per data point. Pix2PixSC uses
style consistency adversarial loss with Pix2PixHD [31] as a
base architecture.
We used the segmentation mask corresponding to test
subject images and generated the style image corresponding to the masks. The generated images are compared
with the ground truth images using LPIPS [36] metric. We
trained our network with baseline under two kinds of settings, supervised and unsupervised. In supervised setting,
the ground truth image corresponding to the input mask has
the same style as the input style image. In unsupervised setting the ground truth image has the different style as the input style image. We observed that, with supervised training,
SPADE generator architecture with ResNet encoder in itself
is good enough to generate Style-Based images, without the
need for our re-synthesis loss. However, our re-synthesis
loss proved very useful in case of unsupervised training. We
show the LPIPS metric results for the two baselines and our
method with and without reconstruction in Table 2, for both
supervised and unsupervised training. We also show the
qualitative results in Figure 5 for supervised training and
Figure 6 for unsupervised training.

(a) Full Dataset.

(b) Reduced Dataset.

Figure 4: LPIPS vs Correction Angle: Quantitative comparison of gaze redirection results for frontal head pose.
Gaze Redirection via Mask Synthesis. We compared
our algorithm for gaze redirection based on mask synthe-
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Figure 5: Qualitative comparison under supervised setting. We show the results corresponding to different segmentation
masks for a test style image. The ground truth images are shown along with the synthesized images for baseline methods.

Figure 6: Qualitative comparison under unsupervised setting. We show the results corresponding to different segmentation
masks for a test style image. The ground truth images are shown along with the synthesized images for baseline methods.
sis against the method described in [9] (which we dubbed
“GazeRedirGAN”,) which is shown to give state of the art
results.
The LPIPS [36] metric was used for comparing gener-

ated and ground truth images. The mean LPIPS score is calculated with respect to the correction angle [9], which is the
angular difference between target gaze direction and source
gaze direction. As shown in Figure 4a, our method per-
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Figure 7: Qualitative Comparison of gaze redirection results with models trained on reduced data set.
forms slightly better than GazeRedirGAN, even though we
only used the gaze labels corresponding to synthetic masks
for redirection.
In another experiment, we removed eye images corresponding to horizontal angles [±10◦ , ±15◦ ]. We trained
both our Style-Based Eye Image Synthesis algorithm and
GazeRedirGAN on this reduced (Columbia) data set, and
tested on the gaze directions unseen in the training set. The
synthetics masks corresponding to the removed gaze directions were used to train the gaze redirection network. As
shown in Figure 4b our gaze redirection produces lower
LPIPS values. We also show qualitative comparison in Figure 7.

content is solely the responsibility of the authors and does
not necessarily represent the official views of the National
Institutes of Health.
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[33] Erroll Wood, Tadas Baltrušaitis, Louis-Philippe Morency,
Peter Robinson, and Andreas Bulling.
Learning an
appearance-based gaze estimator from one million synthesised images. In Proceedings of the Ninth Biennial ACM
Symposium on Eye Tracking Research Applications, pages
131–138, 2016.
[34] Erroll Wood, Tadas Baltrusaitis, Xucong Zhang, Yusuke
Sugano, Peter Robinson, and Andreas Bulling. Rendering
of eyes for eye-shape registration and gaze estimation. In
Proc. of the IEEE International Conference on Computer Vision (ICCV 2015), 2015.
[35] Y. Yu, G. Liu, and J. Odobez. Improving few-shot userspecific gaze adaptation via gaze redirection synthesis. In
2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages 11929–11938, 2019.
[36] Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman,
and Oliver Wang. The unreasonable effectiveness of deep
features as a perceptual metric. In CVPR, 2018.
[37] X. Zhang, Y. Sugano, M. Fritz, and A. Bulling. Appearancebased gaze estimation in the wild. In 2015 IEEE Conference

19

on Computer Vision and Pattern Recognition (CVPR), pages
4511–4520, 2015.
[38] X. Zhang, Y. Sugano, M. Fritz, and A. Bulling. It’s written all
over your face: Full-face appearance-based gaze estimation.
In 2017 IEEE Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW), pages 2299–2308, 2017.
[39] J. Zhu, T. Park, P. Isola, and A. A. Efros. Unpaired imageto-image translation using cycle-consistent adversarial networks. In 2017 IEEE International Conference on Computer
Vision (ICCV), pages 2242–2251, 2017.
[40] Jun-Yan Zhu, Richard Zhang, Deepak Pathak, Trevor Darrell, Alexei A Efros, Oliver Wang, and Eli Shechtman. Toward multimodal image-to-image translation. In Advances in
Neural Information Processing Systems 30, pages 465–476.
2017.

20

