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Abstract—We show that pre-trained Generative Adversarial Networks (GANs) such as StyleGAN and BigGAN can be used as a latent
bank to improve the performance of image super-resolution. While most existing perceptual-oriented approaches attempt to generate
realistic outputs through learning with adversarial loss, our method, Generative LatEnt bANk (GLEAN), goes beyond existing practices
by directly leveraging rich and diverse priors encapsulated in a pre-trained GAN. But unlike prevalent GAN inversion methods that
require expensive image-specific optimization at runtime, our approach only needs a single forward pass for restoration. GLEAN can be
easily incorporated in a simple encoder-bank-decoder architecture with multi-resolution skip connections. Employing priors from different
generative models allows GLEAN to be applied to diverse categories (e.g., human faces, cats, buildings, and cars). We further present a
lightweight version of GLEAN, named LightGLEAN, which retains only the critical components in GLEAN. Notably, LightGLEAN consists
of only 21% of parameters and 35% of FLOPs while achieving comparable image quality. We extend our method to different tasks
including image colorization and blind image restoration, and extensive experiments show that our proposed models perform favorably
in comparison to existing methods. Codes and models are available at https://github.com/open-mmlab/mmediting.

Index Terms—Super-resolution, colorization, restoration, generative adversarial networks, generative prior.
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1 INTRODUCTION

IN this study, we explore a new way to employ GAN [3]
for image super-resolution. Since the task of super-

resolution is severely underspecified, strong priors are usu-
ally required to regularize the restoration process, and the
generative prior of GANs has become one of the most
widely-used priors thanks to its remarkable abilities to ap-
proximate the natural image manifold and synthesize high-
quality images.

There are two popular approaches to deploy GANs for
super-resolution. The more common paradigm [1], [4], [5]
trains a generator to handle the restoration, where adver-
sarial training is performed by using a discriminator to
differentiate real images from the upscaled images pro-
duced by the generator. Another way to exploit GAN is
GAN inversion [2], [6], [7], [8], which needs to ‘invert’ the
generation process of a pre-trained GAN by mapping an
image back to the latent space. A restored image can then
be reconstructed from the optimal vector in the latent space.

While both methods are capable of generating more real-
istic results than those approaches that solely rely on pixel-
wise loss, they have some inherent shortcomings. The first
paradigm typically trains the generator from scratch using
a combined objective function consisting of an adversarial
loss and a fidelity loss. In this setting, the generator is
responsible for both capturing natural image characteristics
and maintaining fidelity to the ground truth. This inevitably
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limits the capability of approximating the natural image
manifold. As a result, these methods often produce arti-
facts, such as unnatural textures and colors. As shown in
Fig. 1(b), while ESRGAN [1] faithfully recovers the struc-
tures (e.g., pose, ear shape) of the cat, it struggles to produce
realistic textures.

The second paradigm resolves the aforementioned
problem by making better use of the latent space of
GAN through optimization. However, because the low-
dimensional latent codes and the constraints in the image
space are insufficient in guiding the restoration process,
these methods often generate images with low fidelity. As
shown in Fig. 1(c), although PULSE [2] successfully pro-
duces a cat-like object, the GAN-inversion-based method
fails to recover the structures of the ground-truth faithfully.
In addition, since the optimization is usually conducted
in an iterative manner for each image at runtime, these
approaches are often time consuming.

In this work, we propose a new method to leverage
pre-trained GANs such as StyleGAN [9] and BigGAN [10]
to provide rich and diverse priors for restoration. This is
similar in spirit to the classic notion of dictionary [11], which
explicitly constructs a finite image bank. But unlike the
conventional method, we use pre-trained GANs as a latent
image bank that is practically infinite, hence can serve as a
much stronger prior. Compared with most GAN inversion
methods, which also use pre-trained GANs, our method
does not involve image-specific optimization at runtime.
Once trained, the model only needs a single forward pass
to perform restoration, therefore is more practical for appli-
cations that demand fast response.

Conditioning and retrieving from a GAN-based dictionary
is a new and non-trivial question we need to address in this
work. We show that pre-trained GANs can be employed
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(a) Low-Resolution (b) ESRGAN (c) PULSE (d) GLEAN (e) Ground-truth(e) LightGLEAN

Fig. 1. Example of 16× super-resolution (SR). (a) The low-resolution input. (b) ESRGAN [1] trains the SR generator from scratch, often produces
artifacts and unnatural textures. (c) PULSE [2] achieves more realistic textures through GAN inversion but fails to recover ground-truth structures.
(d) With the proposed generative latent bank, GLEAN is able to generate output that not only is close to the ground-truth, but also possesses
realistic textures. (e) Our lightweight model, LightGLEAN, achieves comparable performance while having significantly fewer parameters. (f) The
ground-truth image.

as a latent bank in a succinct encoder-bank-decoder architec-
ture. This novel architecture allows us to lift the burden of
simultaneous learning both fidelity and detail generation
in a typical encoder-decoder network since the latent bank
already captures rich natural image priors. In addition, we
show that it is pivotal to condition the bank by passing the
convolutional features from the encoder to achieve high-
fidelity results. We also design a multi-resolution framework
for passing features to strengthen information flow from the
latent bank to the decoder, further improving the results. We
show the effectiveness of the proposed method in handling
images with challenging poses and structures apart from
the highly-ill-posed nature of the task. We also demonstrate
how the method can be generalized to different categories,
e.g., human faces, cats, buildings, by switching different pre-
trained GAN latent banks or using more generic priors.

This work is an extension of our earlier conference
version [12]. In comparison to the conference version, we
have introduced a significant amount of new materials.
1) Through extensive experiments on our original model
GLEAN, we find that some modules can be safely removed
without sacrificing the performance. Thus, we redesign
GLEAN and propose a lightweight version – LightGLEAN.
Remarkably, when compared to GLEAN, LightGLEAN con-
sists of only 21% of parameters while achieving comparable
performance, as shown in Fig. 1(e). 2) In addition to 8× to
64× super-resolution, we consider more restoration tasks in
this paper. First, we demonstrate the capability of GLEAN
on restoring images degraded by complex and unknown
real-world degradations. Second, we show that the natural
image prior encapsulated in the latent bank is effective
in not only super-resolution but also various restoration
tasks such as colorization. 3) We extend GLEAN towards
the restoration task of generic images. Different from our
conference version that requires different models to restore
images of different object classes, we demonstrate the po-
tential of GLEAN on multi-class restorations by employing
BigGAN [10] as our generative latent bank, which allows
class-conditioned image generation. With the use of the
multi-class prior, perceptually convincing images of differ-
ent objects can be restored with a single model.

2 RELATED WORK

Image Super-Resolution. Many existing SR algorithms [13],
[14], [15], [16], [17], [18], [19], [20] directly learn a mapping
from low-resolution images to high-resolution images with

a pixel-wise constraint (e.g., `2 loss). While these meth-
ods achieve remarkable results in terms of PSNR, training
solely with pixel-wise constraints often results in percep-
tually unconvincing outputs with severe over-smoothing
artifacts [2], [4]. To alleviate the problem, GANs [1], [4],
[21], [22] are employed to approximate the natural image
manifold, yielding more photo-realistic results. For instance,
SRGAN [4] adopts adversarial loss and perceptual loss [23]
in addition to `2 loss, improving the visual quality of the
outputs. However, as the generator needs to learn both
fidelity and natural image characteristics, unnatural artifacts
could still be observed in the outputs, especially if one trains
the generator from scratch.

Recent interests have shifted to large-factor SR beyond
the typical upscaling factors (2× or 4×) [24], [25], [26],
[27]. Dahl et al. [24] propose a fully probabilistic pixel
recursive network for upsampling extremely coarse images
with an resolution 8×8. RFB-ESRGAN [26] builds upon
ESRGAN and adopts multi-scale receptive field blocks for
16× SR. VarSR [25] achieves 8× SR by matching the latent
distributions of LR and HR images to recover the missing
details. Zhang et al. [27] perform 16× reference-based SR on
paintings with a non-local matching module and a wavelet
texture loss. To handle even larger magnification factors,
one would need to rely on stronger priors. SR methods
specializing on large magnification factors are typically ded-
icated to the human face category as one could exploit the
strong structural prior of faces. Facial priors including facial
attributes [28], facial landmarks [29], [30], and identity [31]
have been studied. Our work goes beyond previous works
by pushing the SR limit to 64×, a large magnification factor
that is challenging due to its highly ill-posed nature, and by
generalizing to more categories.
Face Restoration with Generative Prior. Several concurrent
works adopt generative priors for blind face restoration.
Specifically, GFP-GAN [32] employs StyleGAN2 trained on
FFHQ dataset to provide facial priors, and incorporate a
channel-split SFT [5] and a facial component loss. GPEN [33]
also makes use of StyleGAN2 as a prior. The noise map
in StyleGAN is replaced by a feature map learned from
an encoder. Different from GFP-GAN and GPEN, GLEAN
is not confined to face restoration. Instead, we focus on
a generic framework that is applicable to a wide range
of object categories and tasks. Moreover, unlike GFP-GAN
and GPEN, which use the entire StyleGAN as a prior
network, we carefully examine the use of StyleGAN in
image restoration and find that using the entire StyleGAN
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<latexit sha1_base64="q8fFc5VyhmT1LszF3qzznMujotg=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqexKQY9FLx4r2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o9LG5tb2Tnm3srd/cHhUPT7pmDjVlLVpLGLdC4lhgivWttwK1ks0IzIUrBtO73K/+8S04bF6tLOEBZKMFY84JTaXxsMGHlZrXt1bAK8TvyA1KNAaVr8Go5imkilLBTGm73uJDTKiLaeCzSuD1LCE0CkZs76jikhmgmxx6xxfOGWEo1i7UhYv1N8TGZHGzGToOiWxE7Pq5eJ/Xj+10U2QcZWklim6XBSlAtsY54/jEdeMWjFzhFDN3a2YTogm1Lp4Ki4Ef/XlddK5qvte3X9o1Jq3RRxlOINzuAQfrqEJ99CCNlCYwDO8whuS6AW9o49lawkVM6fwB+jzB0y4jbw=</latexit><latexit sha1_base64="q8fFc5VyhmT1LszF3qzznMujotg=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqexKQY9FLx4r2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o9LG5tb2Tnm3srd/cHhUPT7pmDjVlLVpLGLdC4lhgivWttwK1ks0IzIUrBtO73K/+8S04bF6tLOEBZKMFY84JTaXxsMGHlZrXt1bAK8TvyA1KNAaVr8Go5imkilLBTGm73uJDTKiLaeCzSuD1LCE0CkZs76jikhmgmxx6xxfOGWEo1i7UhYv1N8TGZHGzGToOiWxE7Pq5eJ/Xj+10U2QcZWklim6XBSlAtsY54/jEdeMWjFzhFDN3a2YTogm1Lp4Ki4Ef/XlddK5qvte3X9o1Jq3RRxlOINzuAQfrqEJ99CCNlCYwDO8whuS6AW9o49lawkVM6fwB+jzB0y4jbw=</latexit><latexit sha1_base64="q8fFc5VyhmT1LszF3qzznMujotg=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqexKQY9FLx4r2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o9LG5tb2Tnm3srd/cHhUPT7pmDjVlLVpLGLdC4lhgivWttwK1ks0IzIUrBtO73K/+8S04bF6tLOEBZKMFY84JTaXxsMGHlZrXt1bAK8TvyA1KNAaVr8Go5imkilLBTGm73uJDTKiLaeCzSuD1LCE0CkZs76jikhmgmxx6xxfOGWEo1i7UhYv1N8TGZHGzGToOiWxE7Pq5eJ/Xj+10U2QcZWklim6XBSlAtsY54/jEdeMWjFzhFDN3a2YTogm1Lp4Ki4Ef/XlddK5qvte3X9o1Jq3RRxlOINzuAQfrqEJ99CCNlCYwDO8whuS6AW9o49lawkVM6fwB+jzB0y4jbw=</latexit><latexit sha1_base64="q8fFc5VyhmT1LszF3qzznMujotg=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqexKQY9FLx4r2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o9LG5tb2Tnm3srd/cHhUPT7pmDjVlLVpLGLdC4lhgivWttwK1ks0IzIUrBtO73K/+8S04bF6tLOEBZKMFY84JTaXxsMGHlZrXt1bAK8TvyA1KNAaVr8Go5imkilLBTGm73uJDTKiLaeCzSuD1LCE0CkZs76jikhmgmxx6xxfOGWEo1i7UhYv1N8TGZHGzGToOiWxE7Pq5eJ/Xj+10U2QcZWklim6XBSlAtsY54/jEdeMWjFzhFDN3a2YTogm1Lp4Ki4Ef/XlddK5qvte3X9o1Jq3RRxlOINzuAQfrqEJ99CCNlCYwDO8whuS6AW9o49lawkVM6fwB+jzB0y4jbw=</latexit>

g5
<latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit>f2

<latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit>

32⇥32
<latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit>

32⇥32
<latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit><latexit sha1_base64="SkG7ZIo5s5bVr0KcD70XgA+I5GY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0laQY9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddKuVT236j1cVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFPQJEy</latexit>

16⇥16
<latexit sha1_base64="pw1HccPcwMvyKxFZxkHFeQqFOns=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyIRI9BLx4jmAdklzA7mU2GzD6Y6RXCkt/w4kERr/6MN//GSbIHjRY0FFXddHcFqZIGXffLKa2tb2xulbcrO7t7+wfVw6OOSTLNRZsnKtG9gBmhZCzaKFGJXqoFiwIlusHkdu53H4U2MokfcJoKP2KjWIaSM7SSRxu5hzISZkYbg2rNrbsLkL+EFqQGBVqD6qc3THgWiRi5Ysb0qZuinzONkisxq3iZESnjEzYSfUtjZvf4+eLmGTmzypCEibYVI1moPydyFhkzjQLbGTEcm1VvLv7n9TMMr/1cxmmGIubLRWGmCCZkHgAZSi04qqkljGtpbyV8zDTjaGOq2BDo6st/SeeiTt06vb+sNW+KOMpwAqdwDhSuoAl30II2cEjhCV7g1cmcZ+fNeV+2lpxi5hh+wfn4BlVgkTY=</latexit><latexit sha1_base64="pw1HccPcwMvyKxFZxkHFeQqFOns=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyIRI9BLx4jmAdklzA7mU2GzD6Y6RXCkt/w4kERr/6MN//GSbIHjRY0FFXddHcFqZIGXffLKa2tb2xulbcrO7t7+wfVw6OOSTLNRZsnKtG9gBmhZCzaKFGJXqoFiwIlusHkdu53H4U2MokfcJoKP2KjWIaSM7SSRxu5hzISZkYbg2rNrbsLkL+EFqQGBVqD6qc3THgWiRi5Ysb0qZuinzONkisxq3iZESnjEzYSfUtjZvf4+eLmGTmzypCEibYVI1moPydyFhkzjQLbGTEcm1VvLv7n9TMMr/1cxmmGIubLRWGmCCZkHgAZSi04qqkljGtpbyV8zDTjaGOq2BDo6st/SeeiTt06vb+sNW+KOMpwAqdwDhSuoAl30II2cEjhCV7g1cmcZ+fNeV+2lpxi5hh+wfn4BlVgkTY=</latexit><latexit sha1_base64="pw1HccPcwMvyKxFZxkHFeQqFOns=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyIRI9BLx4jmAdklzA7mU2GzD6Y6RXCkt/w4kERr/6MN//GSbIHjRY0FFXddHcFqZIGXffLKa2tb2xulbcrO7t7+wfVw6OOSTLNRZsnKtG9gBmhZCzaKFGJXqoFiwIlusHkdu53H4U2MokfcJoKP2KjWIaSM7SSRxu5hzISZkYbg2rNrbsLkL+EFqQGBVqD6qc3THgWiRi5Ysb0qZuinzONkisxq3iZESnjEzYSfUtjZvf4+eLmGTmzypCEibYVI1moPydyFhkzjQLbGTEcm1VvLv7n9TMMr/1cxmmGIubLRWGmCCZkHgAZSi04qqkljGtpbyV8zDTjaGOq2BDo6st/SeeiTt06vb+sNW+KOMpwAqdwDhSuoAl30II2cEjhCV7g1cmcZ+fNeV+2lpxi5hh+wfn4BlVgkTY=</latexit><latexit sha1_base64="pw1HccPcwMvyKxFZxkHFeQqFOns=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyIRI9BLx4jmAdklzA7mU2GzD6Y6RXCkt/w4kERr/6MN//GSbIHjRY0FFXddHcFqZIGXffLKa2tb2xulbcrO7t7+wfVw6OOSTLNRZsnKtG9gBmhZCzaKFGJXqoFiwIlusHkdu53H4U2MokfcJoKP2KjWIaSM7SSRxu5hzISZkYbg2rNrbsLkL+EFqQGBVqD6qc3THgWiRi5Ysb0qZuinzONkisxq3iZESnjEzYSfUtjZvf4+eLmGTmzypCEibYVI1moPydyFhkzjQLbGTEcm1VvLv7n9TMMr/1cxmmGIubLRWGmCCZkHgAZSi04qqkljGtpbyV8zDTjaGOq2BDo6st/SeeiTt06vb+sNW+KOMpwAqdwDhSuoAl30II2cEjhCV7g1cmcZ+fNeV+2lpxi5hh+wfn4BlVgkTY=</latexit>

8⇥8
<latexit sha1_base64="zKOW3Oe/zundkHQsQnGZ0yIn9oI=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj/WsjyLiZlYflCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2JY9zOhkhS5YstFYSoJxmT+PhkKzRnKqSWUaWFvJWxMNWVoQyrZELzVl9dJ+6rquVXv/rrSuMnjKMIZnMMleFCDBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBdwWQxA==</latexit><latexit sha1_base64="zKOW3Oe/zundkHQsQnGZ0yIn9oI=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj/WsjyLiZlYflCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2JY9zOhkhS5YstFYSoJxmT+PhkKzRnKqSWUaWFvJWxMNWVoQyrZELzVl9dJ+6rquVXv/rrSuMnjKMIZnMMleFCDBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBdwWQxA==</latexit><latexit sha1_base64="zKOW3Oe/zundkHQsQnGZ0yIn9oI=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj/WsjyLiZlYflCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2JY9zOhkhS5YstFYSoJxmT+PhkKzRnKqSWUaWFvJWxMNWVoQyrZELzVl9dJ+6rquVXv/rrSuMnjKMIZnMMleFCDBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBdwWQxA==</latexit><latexit sha1_base64="zKOW3Oe/zundkHQsQnGZ0yIn9oI=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj/WsjyLiZlYflCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2JY9zOhkhS5YstFYSoJxmT+PhkKzRnKqSWUaWFvJWxMNWVoQyrZELzVl9dJ+6rquVXv/rrSuMnjKMIZnMMleFCDBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBdwWQxA==</latexit>

4⇥4<latexit sha1_base64="ADbftRqiR2c7Pjd+JZBL0Mwq/7M=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj7WsjyLiZlYblCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2J47WdCJSlyxZaLwlQSjMn8fTIUmjOUU0so08LeStiYasrQhlSyIXirL6+T9lXVc6vefa3SuMnjKMIZnMMleFCHBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBasGQvA==</latexit><latexit sha1_base64="ADbftRqiR2c7Pjd+JZBL0Mwq/7M=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj7WsjyLiZlYblCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2J47WdCJSlyxZaLwlQSjMn8fTIUmjOUU0so08LeStiYasrQhlSyIXirL6+T9lXVc6vefa3SuMnjKMIZnMMleFCHBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBasGQvA==</latexit><latexit sha1_base64="ADbftRqiR2c7Pjd+JZBL0Mwq/7M=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj7WsjyLiZlYblCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2J47WdCJSlyxZaLwlQSjMn8fTIUmjOUU0so08LeStiYasrQhlSyIXirL6+T9lXVc6vefa3SuMnjKMIZnMMleFCHBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBasGQvA==</latexit><latexit sha1_base64="ADbftRqiR2c7Pjd+JZBL0Mwq/7M=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2A9sQ9lsN+3SzSbsToQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1gNOE+xEdKREKRtFKj7WsjyLiZlYblCtu1V2ArBMvJxXI0RyUv/rDmKURV8gkNabnuQn6GdUomOSzUj81PKFsQke8Z6mido2fLS6ekQurDEkYa1sKyUL9PZHRyJhpFNjOiOLYrHpz8T+vl2J47WdCJSlyxZaLwlQSjMn8fTIUmjOUU0so08LeStiYasrQhlSyIXirL6+T9lXVc6vefa3SuMnjKMIZnMMleFCHBtxBE1rAQMEzvMKbY5wX5935WLYWnHzmFP7A+fwBasGQvA==</latexit> 64⇥64
<latexit sha1_base64="2aK1VPzq4w4JpYf12lURKj/nsp4=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddK+qnpu1XuoVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFeoJE8</latexit><latexit sha1_base64="2aK1VPzq4w4JpYf12lURKj/nsp4=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddK+qnpu1XuoVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFeoJE8</latexit><latexit sha1_base64="2aK1VPzq4w4JpYf12lURKj/nsp4=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddK+qnpu1XuoVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFeoJE8</latexit><latexit sha1_base64="2aK1VPzq4w4JpYf12lURKj/nsp4=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQtlst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1LDpVC8hQIl7yaa0yiUvBNO7uZ+54lrI2L1iNOEBxEdKTEUjKKV/Hot81FE3MzqtX654lbdBcg68XJSgRzNfvnLH8QsjbhCJqkxPc9NMMioRsEkn5X81PCEsgkd8Z6lito9Qba4eUYurDIgw1jbUkgW6u+JjEbGTKPQdkYUx2bVm4v/eb0UhzdBJlSSIldsuWiYSoIxmQdABkJzhnJqCWVa2FsJG1NNGdqYSjYEb/XlddK+qnpu1XuoVRq3eRxFOINzuAQPrqEB99CEFjBI4Ble4c1JnRfn3flYthacfOYU/sD5/AFeoJE8</latexit>

128⇥128
<latexit sha1_base64="B4w5QLAbIi3D6iLuMg1ZyWOTNlY=">AAAB9XicbZBNSwMxEIZn61etX1WPXoJF8FR2i2CPRS8eK9hWaNeSTbNtaDa7JLNKWfo/vHhQxKv/xZv/xrTdg7a+EHh4Z4aZvEEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqG3iVDPeYrGM9X1ADZdC8RYKlPw+0ZxGgeSdYHw9q3ceuTYiVnc4Sbgf0aESoWAUrfXg1epZD0XEzdRiv1xxq+5cZBW8HCqQq9kvf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5516KidpGfza+ekjPrDEgYa/sUkrn7eyKjkTGTKLCdEcWRWa7NzP9q3RTDup8JlaTIFVssClNJMCazCMhAaM5QTixQpoW9lbAR1ZShDapkQ/CWv7wK7VrVc6ve7UWlcZXHUYQTOIVz8OASGnADTWgBAw3P8ApvzpPz4rw7H4vWgpPPHMMfOZ8/Q+SRsg==</latexit><latexit sha1_base64="B4w5QLAbIi3D6iLuMg1ZyWOTNlY=">AAAB9XicbZBNSwMxEIZn61etX1WPXoJF8FR2i2CPRS8eK9hWaNeSTbNtaDa7JLNKWfo/vHhQxKv/xZv/xrTdg7a+EHh4Z4aZvEEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqG3iVDPeYrGM9X1ADZdC8RYKlPw+0ZxGgeSdYHw9q3ceuTYiVnc4Sbgf0aESoWAUrfXg1epZD0XEzdRiv1xxq+5cZBW8HCqQq9kvf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5516KidpGfza+ekjPrDEgYa/sUkrn7eyKjkTGTKLCdEcWRWa7NzP9q3RTDup8JlaTIFVssClNJMCazCMhAaM5QTixQpoW9lbAR1ZShDapkQ/CWv7wK7VrVc6ve7UWlcZXHUYQTOIVz8OASGnADTWgBAw3P8ApvzpPz4rw7H4vWgpPPHMMfOZ8/Q+SRsg==</latexit><latexit sha1_base64="B4w5QLAbIi3D6iLuMg1ZyWOTNlY=">AAAB9XicbZBNSwMxEIZn61etX1WPXoJF8FR2i2CPRS8eK9hWaNeSTbNtaDa7JLNKWfo/vHhQxKv/xZv/xrTdg7a+EHh4Z4aZvEEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqG3iVDPeYrGM9X1ADZdC8RYKlPw+0ZxGgeSdYHw9q3ceuTYiVnc4Sbgf0aESoWAUrfXg1epZD0XEzdRiv1xxq+5cZBW8HCqQq9kvf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5516KidpGfza+ekjPrDEgYa/sUkrn7eyKjkTGTKLCdEcWRWa7NzP9q3RTDup8JlaTIFVssClNJMCazCMhAaM5QTixQpoW9lbAR1ZShDapkQ/CWv7wK7VrVc6ve7UWlcZXHUYQTOIVz8OASGnADTWgBAw3P8ApvzpPz4rw7H4vWgpPPHMMfOZ8/Q+SRsg==</latexit><latexit sha1_base64="B4w5QLAbIi3D6iLuMg1ZyWOTNlY=">AAAB9XicbZBNSwMxEIZn61etX1WPXoJF8FR2i2CPRS8eK9hWaNeSTbNtaDa7JLNKWfo/vHhQxKv/xZv/xrTdg7a+EHh4Z4aZvEEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqG3iVDPeYrGM9X1ADZdC8RYKlPw+0ZxGgeSdYHw9q3ceuTYiVnc4Sbgf0aESoWAUrfXg1epZD0XEzdRiv1xxq+5cZBW8HCqQq9kvf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5516KidpGfza+ekjPrDEgYa/sUkrn7eyKjkTGTKLCdEcWRWa7NzP9q3RTDup8JlaTIFVssClNJMCazCMhAaM5QTixQpoW9lbAR1ZShDapkQ/CWv7wK7VrVc6ve7UWlcZXHUYQTOIVz8OASGnADTWgBAw3P8ApvzpPz4rw7H4vWgpPPHMMfOZ8/Q+SRsg==</latexit>

256⇥256
<latexit sha1_base64="s0URI4v6Xa23UXcH+I4c/lLz1nM=">AAAB9XicbZDLSgMxFIbP1Futt6pLN8EiuCozxduy6MZlBXuBdiyZNG1DM5khOaOUoe/hxoUibn0Xd76NaTsLbf0h8PGfczgnfxBLYdB1v53cyura+kZ+s7C1vbO7V9w/aJgo0YzXWSQj3Qqo4VIoXkeBkrdizWkYSN4MRjfTevORayMidY/jmPshHSjRF4yitR4q5xdpB0XIzcRit1hyy+5MZBm8DEqQqdYtfnV6EUtCrpBJakzbc2P0U6pRMMknhU5ieEzZiA5426KidpGfzq6ekBPr9Eg/0vYpJDP390RKQ2PGYWA7Q4pDs1ibmv/V2gn2r/xUqDhBrth8UT+RBCMyjYD0hOYM5dgCZVrYWwkbUk0Z2qAKNgRv8cvL0KiUPbfs3Z2VqtdZHHk4gmM4BQ8uoQq3UIM6MNDwDK/w5jw5L8678zFvzTnZzCH8kfP5A0oUkbY=</latexit><latexit sha1_base64="s0URI4v6Xa23UXcH+I4c/lLz1nM=">AAAB9XicbZDLSgMxFIbP1Futt6pLN8EiuCozxduy6MZlBXuBdiyZNG1DM5khOaOUoe/hxoUibn0Xd76NaTsLbf0h8PGfczgnfxBLYdB1v53cyura+kZ+s7C1vbO7V9w/aJgo0YzXWSQj3Qqo4VIoXkeBkrdizWkYSN4MRjfTevORayMidY/jmPshHSjRF4yitR4q5xdpB0XIzcRit1hyy+5MZBm8DEqQqdYtfnV6EUtCrpBJakzbc2P0U6pRMMknhU5ieEzZiA5426KidpGfzq6ekBPr9Eg/0vYpJDP390RKQ2PGYWA7Q4pDs1ibmv/V2gn2r/xUqDhBrth8UT+RBCMyjYD0hOYM5dgCZVrYWwkbUk0Z2qAKNgRv8cvL0KiUPbfs3Z2VqtdZHHk4gmM4BQ8uoQq3UIM6MNDwDK/w5jw5L8678zFvzTnZzCH8kfP5A0oUkbY=</latexit><latexit sha1_base64="s0URI4v6Xa23UXcH+I4c/lLz1nM=">AAAB9XicbZDLSgMxFIbP1Futt6pLN8EiuCozxduy6MZlBXuBdiyZNG1DM5khOaOUoe/hxoUibn0Xd76NaTsLbf0h8PGfczgnfxBLYdB1v53cyura+kZ+s7C1vbO7V9w/aJgo0YzXWSQj3Qqo4VIoXkeBkrdizWkYSN4MRjfTevORayMidY/jmPshHSjRF4yitR4q5xdpB0XIzcRit1hyy+5MZBm8DEqQqdYtfnV6EUtCrpBJakzbc2P0U6pRMMknhU5ieEzZiA5426KidpGfzq6ekBPr9Eg/0vYpJDP390RKQ2PGYWA7Q4pDs1ibmv/V2gn2r/xUqDhBrth8UT+RBCMyjYD0hOYM5dgCZVrYWwkbUk0Z2qAKNgRv8cvL0KiUPbfs3Z2VqtdZHHk4gmM4BQ8uoQq3UIM6MNDwDK/w5jw5L8678zFvzTnZzCH8kfP5A0oUkbY=</latexit><latexit sha1_base64="s0URI4v6Xa23UXcH+I4c/lLz1nM=">AAAB9XicbZDLSgMxFIbP1Futt6pLN8EiuCozxduy6MZlBXuBdiyZNG1DM5khOaOUoe/hxoUibn0Xd76NaTsLbf0h8PGfczgnfxBLYdB1v53cyura+kZ+s7C1vbO7V9w/aJgo0YzXWSQj3Qqo4VIoXkeBkrdizWkYSN4MRjfTevORayMidY/jmPshHSjRF4yitR4q5xdpB0XIzcRit1hyy+5MZBm8DEqQqdYtfnV6EUtCrpBJakzbc2P0U6pRMMknhU5ieEzZiA5426KidpGfzq6ekBPr9Eg/0vYpJDP390RKQ2PGYWA7Q4pDs1ibmv/V2gn2r/xUqDhBrth8UT+RBCMyjYD0hOYM5dgCZVrYWwkbUk0Z2qAKNgRv8cvL0KiUPbfs3Z2VqtdZHHk4gmM4BQ8uoQq3UIM6MNDwDK/w5jw5L8678zFvzTnZzCH8kfP5A0oUkbY=</latexit>

Generative Latent Bank Decoder

g3
<latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit>

E0
<latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit>

E1
<latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit>

E2
<latexit sha1_base64="HOcG5SYhygUQuJCCCey8ctdv9Hg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKqVT236t1fVOrXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AG/c41u</latexit><latexit sha1_base64="HOcG5SYhygUQuJCCCey8ctdv9Hg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKqVT236t1fVOrXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AG/c41u</latexit><latexit sha1_base64="HOcG5SYhygUQuJCCCey8ctdv9Hg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKqVT236t1fVOrXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AG/c41u</latexit><latexit sha1_base64="HOcG5SYhygUQuJCCCey8ctdv9Hg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdKqVT236t1fVOrXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AG/c41u</latexit>

E3
<latexit sha1_base64="VxTYfOToKBazKW23ss0RsF6C88g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRBI8V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz0cNs775UrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n81OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwis/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0SjYEb/HlZdI8q3pu1bu/qNSu8ziKcATHcAoeXEIN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QPA941v</latexit><latexit sha1_base64="VxTYfOToKBazKW23ss0RsF6C88g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRBI8V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz0cNs775UrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n81OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwis/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0SjYEb/HlZdI8q3pu1bu/qNSu8ziKcATHcAoeXEIN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QPA941v</latexit><latexit sha1_base64="VxTYfOToKBazKW23ss0RsF6C88g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRBI8V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz0cNs775UrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n81OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwis/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0SjYEb/HlZdI8q3pu1bu/qNSu8ziKcATHcAoeXEIN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QPA941v</latexit><latexit sha1_base64="VxTYfOToKBazKW23ss0RsF6C88g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRBI8V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz0cNs775UrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n81OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwis/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0SjYEb/HlZdI8q3pu1bu/qNSu8ziKcATHcAoeXEIN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QPA941v</latexit>

E4
<latexit sha1_base64="PE0p+lONVmlxORKCAGPgTNNL8AM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1buvVerXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHCe41w</latexit><latexit sha1_base64="PE0p+lONVmlxORKCAGPgTNNL8AM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1buvVerXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHCe41w</latexit><latexit sha1_base64="PE0p+lONVmlxORKCAGPgTNNL8AM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1buvVerXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHCe41w</latexit><latexit sha1_base64="PE0p+lONVmlxORKCAGPgTNNL8AM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiCB4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJaPZpKgH9Gh5CFn1Fjp4bZf65crbtWdg6wSLycVyNHol796g5ilEUrDBNW667mJ8TOqDGcCp6VeqjGhbEyH2LVU0gi1n81PnZIzqwxIGCtb0pC5+nsio5HWkyiwnRE1I73szcT/vG5qwis/4zJJDUq2WBSmgpiYzP4mA66QGTGxhDLF7a2EjaiizNh0SjYEb/nlVdK6qHpu1buvVerXeRxFOIFTOAcPLqEOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHCe41w</latexit>

S4
<latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit>

S5
<latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit>

D0
<latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit>

D1
<latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit>

D2
<latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit>

D3
<latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit>

f0
<latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit>c5

<latexit sha1_base64="KXvwXQ9HItSKlKCq2wLoQf6NYEM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/ql+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzWGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8ARBdka8=</latexit><latexit sha1_base64="KXvwXQ9HItSKlKCq2wLoQf6NYEM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/ql+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzWGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8ARBdka8=</latexit><latexit sha1_base64="KXvwXQ9HItSKlKCq2wLoQf6NYEM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/ql+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzWGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8ARBdka8=</latexit><latexit sha1_base64="KXvwXQ9HItSKlKCq2wLoQf6NYEM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/ql+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzWGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8ARBdka8=</latexit>

c4
<latexit sha1_base64="tkfJiekXrS5wI2KJvhQInfd3zaI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66VzVPbfuPTRqzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AA7Zka4=</latexit><latexit sha1_base64="tkfJiekXrS5wI2KJvhQInfd3zaI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66VzVPbfuPTRqzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AA7Zka4=</latexit><latexit sha1_base64="tkfJiekXrS5wI2KJvhQInfd3zaI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66VzVPbfuPTRqzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AA7Zka4=</latexit><latexit sha1_base64="tkfJiekXrS5wI2KJvhQInfd3zaI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66VzVPbfuPTRqzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AA7Zka4=</latexit>

c3
<latexit sha1_base64="M2i6/09guPUxB7z+G1mbS7V0gWg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQq6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/sl+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzVGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8AQ1Vka0=</latexit><latexit sha1_base64="M2i6/09guPUxB7z+G1mbS7V0gWg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQq6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/sl+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzVGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8AQ1Vka0=</latexit><latexit sha1_base64="M2i6/09guPUxB7z+G1mbS7V0gWg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQq6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/sl+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzVGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8AQ1Vka0=</latexit><latexit sha1_base64="M2i6/09guPUxB7z+G1mbS7V0gWg=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQq6LLoxmUF+4AmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BunbRbaemDgcM693DMnTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuhtRwKRRvoUDJu6nmNA4l74Tju5nfeeLaiEQ94iTlQUyHSkSCUbSS78cUR2GUs2n/sl+tuXV3DrJKvILUoECzX/3yBwnLYq6QSWpMz3NTDHKqUTDJpxU/MzylbEyHvGepojE3QT7PPCVnVhmQKNH2KSRz9fdGTmNjJnFoJ2cZzbI3E//zehlGN0EuVJohV2xxKMokwYTMCiADoTlDObGEMi1sVsJGVFOGtqaKLcFb/vIqaV/UPbfuPVzVGrdFHWU4gVM4Bw+uoQH30IQWMEjhGV7hzcmcF+fd+ViMlpxi5xj+wPn8AQ1Vka0=</latexit>

c2
<latexit sha1_base64="8RWwIcgwd/w2Rg0MkId1MjhVhOM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnlv3Hq5qzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AAvRkaw=</latexit><latexit sha1_base64="8RWwIcgwd/w2Rg0MkId1MjhVhOM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnlv3Hq5qzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AAvRkaw=</latexit><latexit sha1_base64="8RWwIcgwd/w2Rg0MkId1MjhVhOM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnlv3Hq5qzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AAvRkaw=</latexit><latexit sha1_base64="8RWwIcgwd/w2Rg0MkId1MjhVhOM=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwY/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnlv3Hq5qzduijjKcwTlcggfX0IR7aEEbGCTwDK/w5qTOi/PufCxHS06xcwp/4Hz+AAvRkaw=</latexit>

c1
<latexit sha1_base64="5Kl16sVAfGmofpGF1LA2EhTI7CA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2L+3SzSbsboQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTAXXxnW/ncra+sbmVnW7trO7t39QPzzq6iRTDDssEYnqhVSj4BI7hhuBvVQhjUOBj+HktvAfn1BpnsgHM00xiOlI8ogzaqzk+zE14zDK2WzgDeoNt+nOQVaJV5IGlGgP6l/+MGFZjNIwQbXue25qgpwqw5nAWc3PNKaUTegI+5ZKGqMO8nnmGTmzypBEibJPGjJXf2/kNNZ6God2ssiol71C/M/rZya6DnIu08ygZItDUSaISUhRABlyhcyIqSWUKW6zEjamijJja6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCk2Rqw==</latexit><latexit sha1_base64="5Kl16sVAfGmofpGF1LA2EhTI7CA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2L+3SzSbsboQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTAXXxnW/ncra+sbmVnW7trO7t39QPzzq6iRTDDssEYnqhVSj4BI7hhuBvVQhjUOBj+HktvAfn1BpnsgHM00xiOlI8ogzaqzk+zE14zDK2WzgDeoNt+nOQVaJV5IGlGgP6l/+MGFZjNIwQbXue25qgpwqw5nAWc3PNKaUTegI+5ZKGqMO8nnmGTmzypBEibJPGjJXf2/kNNZ6God2ssiol71C/M/rZya6DnIu08ygZItDUSaISUhRABlyhcyIqSWUKW6zEjamijJja6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCk2Rqw==</latexit><latexit sha1_base64="5Kl16sVAfGmofpGF1LA2EhTI7CA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2L+3SzSbsboQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTAXXxnW/ncra+sbmVnW7trO7t39QPzzq6iRTDDssEYnqhVSj4BI7hhuBvVQhjUOBj+HktvAfn1BpnsgHM00xiOlI8ogzaqzk+zE14zDK2WzgDeoNt+nOQVaJV5IGlGgP6l/+MGFZjNIwQbXue25qgpwqw5nAWc3PNKaUTegI+5ZKGqMO8nnmGTmzypBEibJPGjJXf2/kNNZ6God2ssiol71C/M/rZya6DnIu08ygZItDUSaISUhRABlyhcyIqSWUKW6zEjamijJja6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCk2Rqw==</latexit><latexit sha1_base64="5Kl16sVAfGmofpGF1LA2EhTI7CA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2L+3SzSbsboQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTAXXxnW/ncra+sbmVnW7trO7t39QPzzq6iRTDDssEYnqhVSj4BI7hhuBvVQhjUOBj+HktvAfn1BpnsgHM00xiOlI8ogzaqzk+zE14zDK2WzgDeoNt+nOQVaJV5IGlGgP6l/+MGFZjNIwQbXue25qgpwqw5nAWc3PNKaUTegI+5ZKGqMO8nnmGTmzypBEibJPGjJXf2/kNNZ6God2ssiol71C/M/rZya6DnIu08ygZItDUSaISUhRABlyhcyIqSWUKW6zEjamijJja6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCk2Rqw==</latexit>

c0
<latexit sha1_base64="WuJ0ssvdvddA9ZQOuRnPBQEZvKA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoZ7OBO6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCMmRqg==</latexit><latexit sha1_base64="WuJ0ssvdvddA9ZQOuRnPBQEZvKA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoZ7OBO6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCMmRqg==</latexit><latexit sha1_base64="WuJ0ssvdvddA9ZQOuRnPBQEZvKA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoZ7OBO6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCMmRqg==</latexit><latexit sha1_base64="WuJ0ssvdvddA9ZQOuRnPBQEZvKA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoZ7OBO6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTc5ve/WWjdVPWUYUTOIVz8OAKWnAHbegAgxSe4RXenMx5cd6dj8VoxSl3juEPnM8fCMmRqg==</latexit>
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<latexit sha1_base64="pHi0Me9SIaWLIKhynk95IItpt9Y=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0WoICURRTdCsRuXFewDmhAmk0k7dDIJMxOhhP6CG3/FjQtF3Lpz5984aQNq64FhDufcy733+AmjUlnWl1FaWl5ZXSuvVzY2t7Z3zN29joxTgUkbxywWPR9JwignbUUVI71EEBT5jHT9UTP3u/dESBrzOzVOiBuhAachxUhpyTNrTXgFa06E1NAPMzzxrBPo4CBWUv8/6vmxZ1atujUFXCR2QaqgQMszP50gxmlEuMIMSdm3rUS5GRKKYkYmFSeVJEF4hAakrylHEZFuNr1oAo+0EsAwFvpxBafq744MRVKOI19X5kvKeS8X//P6qQov3YzyJFWE49mgMGVQxTCPBwZUEKzYWBOEBdW7QjxEAmGlQ6zoEOz5kxdJ57RuW3X79qzauC7iKIMDcAhqwAYXoAFuQAu0AQYP4Am8gFfj0Xg23oz3WWnJKHr2wR8YH9/oCpvS</latexit><latexit sha1_base64="pHi0Me9SIaWLIKhynk95IItpt9Y=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0WoICURRTdCsRuXFewDmhAmk0k7dDIJMxOhhP6CG3/FjQtF3Lpz5984aQNq64FhDufcy733+AmjUlnWl1FaWl5ZXSuvVzY2t7Z3zN29joxTgUkbxywWPR9JwignbUUVI71EEBT5jHT9UTP3u/dESBrzOzVOiBuhAachxUhpyTNrTXgFa06E1NAPMzzxrBPo4CBWUv8/6vmxZ1atujUFXCR2QaqgQMszP50gxmlEuMIMSdm3rUS5GRKKYkYmFSeVJEF4hAakrylHEZFuNr1oAo+0EsAwFvpxBafq744MRVKOI19X5kvKeS8X//P6qQov3YzyJFWE49mgMGVQxTCPBwZUEKzYWBOEBdW7QjxEAmGlQ6zoEOz5kxdJ57RuW3X79qzauC7iKIMDcAhqwAYXoAFuQAu0AQYP4Am8gFfj0Xg23oz3WWnJKHr2wR8YH9/oCpvS</latexit><latexit sha1_base64="pHi0Me9SIaWLIKhynk95IItpt9Y=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0WoICURRTdCsRuXFewDmhAmk0k7dDIJMxOhhP6CG3/FjQtF3Lpz5984aQNq64FhDufcy733+AmjUlnWl1FaWl5ZXSuvVzY2t7Z3zN29joxTgUkbxywWPR9JwignbUUVI71EEBT5jHT9UTP3u/dESBrzOzVOiBuhAachxUhpyTNrTXgFa06E1NAPMzzxrBPo4CBWUv8/6vmxZ1atujUFXCR2QaqgQMszP50gxmlEuMIMSdm3rUS5GRKKYkYmFSeVJEF4hAakrylHEZFuNr1oAo+0EsAwFvpxBafq744MRVKOI19X5kvKeS8X//P6qQov3YzyJFWE49mgMGVQxTCPBwZUEKzYWBOEBdW7QjxEAmGlQ6zoEOz5kxdJ57RuW3X79qzauC7iKIMDcAhqwAYXoAFuQAu0AQYP4Am8gFfj0Xg23oz3WWnJKHr2wR8YH9/oCpvS</latexit><latexit sha1_base64="pHi0Me9SIaWLIKhynk95IItpt9Y=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0WoICURRTdCsRuXFewDmhAmk0k7dDIJMxOhhP6CG3/FjQtF3Lpz5984aQNq64FhDufcy733+AmjUlnWl1FaWl5ZXSuvVzY2t7Z3zN29joxTgUkbxywWPR9JwignbUUVI71EEBT5jHT9UTP3u/dESBrzOzVOiBuhAachxUhpyTNrTXgFa06E1NAPMzzxrBPo4CBWUv8/6vmxZ1atujUFXCR2QaqgQMszP50gxmlEuMIMSdm3rUS5GRKKYkYmFSeVJEF4hAakrylHEZFuNr1oAo+0EsAwFvpxBafq744MRVKOI19X5kvKeS8X//P6qQov3YzyJFWE49mgMGVQxTCPBwZUEKzYWBOEBdW7QjxEAmGlQ6zoEOz5kxdJ57RuW3X79qzauC7iKIMDcAhqwAYXoAFuQAu0AQYP4Am8gFfj0Xg23oz3WWnJKHr2wR8YH9/oCpvS</latexit>

S̄3
<latexit sha1_base64="UAqrSDyy1+jVS4RosV6JEBTINCg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9hVQY8BLx4jmockS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWyc99iKss/tp/6Jfrvo1fw60SoKcVCFHo1/+6g0USQWVlnBsTDfwExtmWFtGOJ2WeqmhCSZjPKRdRyUW1ITZ/OApOnXKAMVKu5IWzdXfExkWxkxE5DoFtiOz7M3E/7xuauPrMGMySS2VZLEoTjmyCs2+RwOmKbF84ggmmrlbERlhjYl1GZVcCMHyy6ukdV4L/Fpwd1mtV/I4inACFTiDAK6gDrfQgCYQEPAMr/Dmae/Fe/c+Fq0FL585hj/wPn8Aj2+QIg==</latexit><latexit sha1_base64="UAqrSDyy1+jVS4RosV6JEBTINCg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9hVQY8BLx4jmockS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWyc99iKss/tp/6Jfrvo1fw60SoKcVCFHo1/+6g0USQWVlnBsTDfwExtmWFtGOJ2WeqmhCSZjPKRdRyUW1ITZ/OApOnXKAMVKu5IWzdXfExkWxkxE5DoFtiOz7M3E/7xuauPrMGMySS2VZLEoTjmyCs2+RwOmKbF84ggmmrlbERlhjYl1GZVcCMHyy6ukdV4L/Fpwd1mtV/I4inACFTiDAK6gDrfQgCYQEPAMr/Dmae/Fe/c+Fq0FL585hj/wPn8Aj2+QIg==</latexit><latexit sha1_base64="UAqrSDyy1+jVS4RosV6JEBTINCg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9hVQY8BLx4jmockS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWyc99iKss/tp/6Jfrvo1fw60SoKcVCFHo1/+6g0USQWVlnBsTDfwExtmWFtGOJ2WeqmhCSZjPKRdRyUW1ITZ/OApOnXKAMVKu5IWzdXfExkWxkxE5DoFtiOz7M3E/7xuauPrMGMySS2VZLEoTjmyCs2+RwOmKbF84ggmmrlbERlhjYl1GZVcCMHyy6ukdV4L/Fpwd1mtV/I4inACFTiDAK6gDrfQgCYQEPAMr/Dmae/Fe/c+Fq0FL585hj/wPn8Aj2+QIg==</latexit><latexit sha1_base64="UAqrSDyy1+jVS4RosV6JEBTINCg=">AAAB8HicbVDLSgNBEOyNrxhfUY9ehgTBU9hVQY8BLx4jmockS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+mfntJ6oNU/LBThIaCjyULGYEWyc99iKss/tp/6Jfrvo1fw60SoKcVCFHo1/+6g0USQWVlnBsTDfwExtmWFtGOJ2WeqmhCSZjPKRdRyUW1ITZ/OApOnXKAMVKu5IWzdXfExkWxkxE5DoFtiOz7M3E/7xuauPrMGMySS2VZLEoTjmyCs2+RwOmKbF84ggmmrlbERlhjYl1GZVcCMHyy6ukdV4L/Fpwd1mtV/I4inACFTiDAK6gDrfQgCYQEPAMr/Dmae/Fe/c+Fq0FL585hj/wPn8Aj2+QIg==</latexit>

S̄2
<latexit sha1_base64="PQSrWnAz00SAfGCXS03HqQsnjZg=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69hBbBU9ktgh4LXjxWtB/SLiWbZtvQJLskWaEs/RVePCji1Z/jzX9j2u5BWx8MPN6bYWZemAhurOd9o8LG5tb2TnG3tLd/cHhUPj5pmzjVlLVoLGLdDYlhgivWstwK1k00IzIUrBNObuZ+54lpw2P1YKcJCyQZKR5xSqyTHvsh0dn9bFAflKtezVsArxM/J1XI0RyUv/rDmKaSKUsFMabne4kNMqItp4LNSv3UsITQCRmxnqOKSGaCbHHwDJ87ZYijWLtSFi/U3xMZkcZMZeg6JbFjs+rNxf+8Xmqj6yDjKkktU3S5KEoFtjGef4+HXDNqxdQRQjV3t2I6JppQ6zIquRD81ZfXSbte872af3dZbVTyOIpwBhW4AB+uoAG30IQWUJDwDK/whjR6Qe/oY9laQPnMKfwB+vwBjeuQIQ==</latexit><latexit sha1_base64="PQSrWnAz00SAfGCXS03HqQsnjZg=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69hBbBU9ktgh4LXjxWtB/SLiWbZtvQJLskWaEs/RVePCji1Z/jzX9j2u5BWx8MPN6bYWZemAhurOd9o8LG5tb2TnG3tLd/cHhUPj5pmzjVlLVoLGLdDYlhgivWstwK1k00IzIUrBNObuZ+54lpw2P1YKcJCyQZKR5xSqyTHvsh0dn9bFAflKtezVsArxM/J1XI0RyUv/rDmKaSKUsFMabne4kNMqItp4LNSv3UsITQCRmxnqOKSGaCbHHwDJ87ZYijWLtSFi/U3xMZkcZMZeg6JbFjs+rNxf+8Xmqj6yDjKkktU3S5KEoFtjGef4+HXDNqxdQRQjV3t2I6JppQ6zIquRD81ZfXSbte872af3dZbVTyOIpwBhW4AB+uoAG30IQWUJDwDK/whjR6Qe/oY9laQPnMKfwB+vwBjeuQIQ==</latexit><latexit sha1_base64="PQSrWnAz00SAfGCXS03HqQsnjZg=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69hBbBU9ktgh4LXjxWtB/SLiWbZtvQJLskWaEs/RVePCji1Z/jzX9j2u5BWx8MPN6bYWZemAhurOd9o8LG5tb2TnG3tLd/cHhUPj5pmzjVlLVoLGLdDYlhgivWstwK1k00IzIUrBNObuZ+54lpw2P1YKcJCyQZKR5xSqyTHvsh0dn9bFAflKtezVsArxM/J1XI0RyUv/rDmKaSKUsFMabne4kNMqItp4LNSv3UsITQCRmxnqOKSGaCbHHwDJ87ZYijWLtSFi/U3xMZkcZMZeg6JbFjs+rNxf+8Xmqj6yDjKkktU3S5KEoFtjGef4+HXDNqxdQRQjV3t2I6JppQ6zIquRD81ZfXSbte872af3dZbVTyOIpwBhW4AB+uoAG30IQWUJDwDK/whjR6Qe/oY9laQPnMKfwB+vwBjeuQIQ==</latexit><latexit sha1_base64="PQSrWnAz00SAfGCXS03HqQsnjZg=">AAAB8HicbVBNSwMxEJ3Ur1q/qh69hBbBU9ktgh4LXjxWtB/SLiWbZtvQJLskWaEs/RVePCji1Z/jzX9j2u5BWx8MPN6bYWZemAhurOd9o8LG5tb2TnG3tLd/cHhUPj5pmzjVlLVoLGLdDYlhgivWstwK1k00IzIUrBNObuZ+54lpw2P1YKcJCyQZKR5xSqyTHvsh0dn9bFAflKtezVsArxM/J1XI0RyUv/rDmKaSKUsFMabne4kNMqItp4LNSv3UsITQCRmxnqOKSGaCbHHwDJ87ZYijWLtSFi/U3xMZkcZMZeg6JbFjs+rNxf+8Xmqj6yDjKkktU3S5KEoFtjGef4+HXDNqxdQRQjV3t2I6JppQ6zIquRD81ZfXSbte872af3dZbVTyOIpwBhW4AB+uoAG30IQWUJDwDK/whjR6Qe/oY9laQPnMKfwB+vwBjeuQIQ==</latexit>
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Fig. 2. Overview of GLEAN. In addition to the latent vectors ci, the generator (i.e., the generative latent bank) is also conditioned on the multi-
resolution features fi. With a pre-trained GAN capturing the natural image prior, this encoder-bank-decoder design lifts the burden of learning
both fidelity and naturalness in the conventional encoder-decoder architecture. Ei, Si, and Di denote the encoder blocks, latent bank blocks, and
decoder blocks, respectively. This example corresponds to an input size of 32×32 and an output size of 256×256.

for image restoration is unnecessary. Consequently, we re-
design GLEAN by pruning a significant portion of it. Our
lightweight model, LightGLEAN, achieves comparable per-
formance while having only 21% of parameters and 35% of
FLOPs.

Image Colorization. Existing works [34], [35], [36], [37]
generally use pixel-wise loss between the output image and
ground-truth image to guide the training of the network.
With sufficient training data, learning-based methods are
able to achieve promising results. However, it is well-
known that pixel-wise losses such as `2 loss often lead to
images with flat color and reduced perceptual quality. Later
works [38], [39], [40] explore the possibility of generative
adversarial networks to approximate the natural image
manifold for better visual quality. Some studies attempt to
employ additional priors such as object class [35], [36], [39]
to improve the performance. In this work, we demonstrate
a new way of exploiting prior information, particularly the
prior captured in generative models for improving color
restoration.

GAN Inversion. Given a degraded image x, GAN
inversion-based methods [2], [6], [7], [8] in general pro-
duce a natural image best approximating x by optimizing
z∗ = argminz∈Z L (G(z), x), where Z is the latent space
and L(·, ·) denotes the task-specific objective function. For
instance, PULSE [2] iteratively optimizes the latent code
of StyleGAN [9] with a pixel-wise constraint between the
input and output. mGANprior [7] optimizes multiple latent
codes to increase the expressiveness of the model. DGP [8]
further finetunes the generator together with the latent code
to reduce the gap between the distributions of the training
and testing images. A common issue with GAN inversion is
that important spatial information may not be faithfully re-
tained due the low-dimensionality of the latent code. Thus,
these methods often generate undesirable results that do not
resemble the ground-truth. Different from GAN inversion,
GLEAN conditions the pre-trained generator on both the
latent codes and multi-resolution convolutional features,
providing additional spatial guidance for restoration. In

addition, GLEAN does not require iterative optimization
during inference.

3 GLEAN
A GAN model that is trained on large-scale natural images
captures rich texture, color, and shape priors. Previous
studies [2], [6], [7], [8] have shown that such priors can be
harvested through GAN inversion to benefit various image
restoration tasks. Nonetheless, methods for exploiting these
priors without the costly optimization during inversion
remain underexplored.

In this study, we devise GLEAN within a novel encoder-
bank-decoder architecture, allowing one to exploit the gener-
ative priors with just a single forward pass. An overview
of the architecture is depicted in Fig. 2. Given a degraded
image, GLEAN applies an encoder to extract latent vectors
and multi-resolution convolutional features, which capture
important high-level cues as well as spatial structure of the
LR image. Such cues are used to condition the latent bank,
further producing another set of multi-resolution features
for the decoder. Finally, the decoder generates the final
output by integrating the features from both the encoder
and the latent bank. In this work, we adopt the state-of-the-
art GAN architectures as the generative latent bank, such
as StyleGAN [9], [41] and BigGAN [10], while the specific
choice is flexible, depending on different applications.

3.1 Encoder
To generate the latent vectors, we first use an RRDBNet [1]
(denoted as E0) to extract features f0 from the input LR
image. Then, we gradually reduce the resolution of the
features by:

fi = Ei(fi−1), i ∈ {1, · · · , N}, (1)

where Ei, i ∈ {1, · · · , N}, denotes a stack of a stride-2 con-
volution and a stride-1 convolution. Finally, a convolution
and a fully-connected layer are used to generate the latent
vectors:

C = EN+1(fN ), (2)
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where C is a matrix whose columns represent the latent
vectors for the generative latent bank.

The latent vectors in C capture a compressed represen-
tation of the images, providing the generative latent bank
with high-level information. To further capture the local
structures of the LR image and to provide additional guid-
ance for structure restoration, we also feed multi-resolution
convolutional features {fi} into the latent bank.

3.2 Generative Latent Bank
Given the convolutional features {fi} and the latent vectors
C , we leverage a pre-trained generator as a latent bank to
provide priors for texture and detail generation. As GAN is
originally designed for image generation tasks, it cannot be
directly integrated into the proposed encoder-bank-decoder
framework. In this work, we adapt the GAN architecture
(e.g., StyleGAN and BigGAN) to our framework by making
three modifications:

1) Instead of taking one single latent vector as the
input, each block of the generator takes a different latent
vector to improve expressiveness. More specifically, we have
C=(c0, · · · , ck−1) for k blocks, where each ci corresponds
to one latent vector. We find that this modification leads to
outputs with fewer artifacts. This modification is also seen
in previous works [7], [42], [43].

2) To allow conditioning on the additional features from
the encoder, we use an additional convolution in each style
block for feature fusion for features whose resolution is
smaller than or equal to the input resolution:

gi =


S̄0(c0, fN ), if i = 0,

S̄i(ci, gi−1, fN−i), if 0 < i ≤ N,
Si(ci, gi−1), otherwise,

(3)

where Si and S̄i denote the original style block and the
augmented style block with an additional convolution, re-
spectively. gi corresponds to the output feature of the i-th
style block.

3) Instead of directly generating outputs from the gen-
erator, we output the features {gi} and pass them to the
decoder to better fuse the features from the latent bank and
the encoder.
Advantages. The use of generative latent bank is reminis-
cent of the task of reference-based restoration, where ex-
ternal HR information, such as single reference image [44],
[45], [46], [47], [48], [49], multiple reference images [50],
[51], [52] and learnable dictionary [50], is used. While the
external HR information leads to marked improvements,
the performance is sensitive to the similarity between the
inputs and references. This sensitivity may eventually lead
to degraded results when the reference images/components
are not well selected. Moreover, the size and diversity
of those imagery dictionaries are limited by the selected
components, impeding the generalization to diverse scenes
in practice. In addition, computationally-intensive global
matching [48] or component detection/selection [50] is of-
ten required to aggregate appropriate information from
the references, hindering the applications to scenarios with
tight computational constraints. Instead of constructing an
imagery dictionary, GLEAN adopts a GAN-based dictionary
conditioned on a pre-trained GAN. Our dictionary does not

depend on any specific components or images. Instead, it
captures the distribution of the images and has potentially
unlimited size and diversity. Furthermore, GLEAN is com-
putationally efficient without requiring global matching and
the reference images/components selection.

3.3 Decoder
GLEAN uses an additional decoder with progressive fusion
to integrate the features from the encoder and the latent
bank to generate output image. It takes the RRDBNet fea-
tures as inputs and progressively fuses the features with the
multi-resolution features from the latent bank:

di =

{
D0(f0) if i = 0,

Di(di−1, gN−1+i) otherwise,
(4)

where Di and di denote a 3×3 convolution and its out-
put, respectively. Each convolution is followed by a pixel-
shuffle [53] layer except the final output layer. With the
skip-connection between the encoder and decoder, the in-
formation captured by the encoder can be reinforced, and
hence the latent bank could better focus on the texture and
detail generation.

3.4 Training
Similar to existing works [1], [4], [5], we adopt the standard
MSE loss, perceptual loss [23], and adversarial loss for
training. MSE loss is used to guide the fidelity of the output
images:

Lmse =
1

N
||ŷ − y||22, (5)

where N , ŷ, and y denote the number of pixels, the output
image, and the ground-truth image, respectively. We further
incorporate perceptual loss [23] and adversarial loss [3] to
improve the perceptual quality:

Lpercep =
1

N
||V (ŷ)− V (y)||22, (6)

Lgen = log (1−D(ŷ)) , (7)

where V (·) denotes the feature embedding space of the
VGG16 [54] network, and D corresponds to the StyleGAN
or BigGAN discriminator. The resulting objective function
is a weighted mean of the three losses:

Lg = Lmse + αpercep·Lpercep + αgen·Lgen. (8)

In all our experiments, we set αpercep=αgen=10−2. For the
discriminator, we minimize

Ld = −(log (1−D(ŷ)) + logD(y)). (9)

To exploit the generative prior, we keep the weights of
the latent bank fixed throughout training. This is because the
latent bank may eventually be biased to the training distri-
bution and can potentially harm the model generalizatbility.
It is worth emphasizing that despite GLEAN being trained
with similar objectives as in existing works (e.g., ESRGAN),
the main difference to these methods is that GLEAN lever-
ages a pre-trained generator to directly incorporate the pri-
ors into the network, further improving the output quality.
We show that the improvement is not due to additional
parameters in the generator by comparing GLEAN with a
larger version of ESRGAN, named ESRGAN+.
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<latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit><latexit sha1_base64="Z0zSEqu0cMboNHWCQi22ApcpCx8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdS/6Fdrbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3fntcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/fLjZM=</latexit>

g3
<latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit><latexit sha1_base64="a26MgRSJqhxU/OloBGZ3gwsuh3g=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbp0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5GN1O//cS1EYl6wHHK/ZhGSoSCUbTSfdQ/71drbt2dgSwTryA1KNDsV796g4RlMVfIJDWm67kp+jnVKJjkk0ovMzylbEQj3rVU0ZgbP5+dOiEnVhmQMNG2FJKZ+nsip7Ex4ziwnTHFoVn0puJ/XjfD8MrPhUoz5IrNF4WZJJiQ6d9kIDRnKMeWUKaFvZWwIdWUoU2nYkPwFl9eJo9ndc+te3cXtcZ1EUcZjuAYTsGDS2jALTShBQwieIZXeHOk8+K8Ox/z1pJTzBzCHzifP/TDjZE=</latexit>

E0
<latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit><latexit sha1_base64="3HywaIiAuMF36typ7BbuBjMzoB8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9t1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC8a41s</latexit>

S3
<latexit sha1_base64="VW0gXziv7ahUqvyTBdGmXPL2nLM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPQv++WKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R6uKrXbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDWS419</latexit><latexit sha1_base64="VW0gXziv7ahUqvyTBdGmXPL2nLM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPQv++WKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R6uKrXbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDWS419</latexit><latexit sha1_base64="VW0gXziv7ahUqvyTBdGmXPL2nLM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPQv++WKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R6uKrXbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDWS419</latexit><latexit sha1_base64="VW0gXziv7ahUqvyTBdGmXPL2nLM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPQv++WKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R6uKrXbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDWS419</latexit>

S4
<latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit><latexit sha1_base64="UVkHtr9UlS42cPqCa5m2IkeeNQM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF4+V2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1Fip2RzUBuWKW3UXIOvEy0kFcjQG5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8MbPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvqp5b9R5qlfptHkcRzuAcLsGDa6jDPTSgBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwDXz41+</latexit>

S5
<latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit><latexit sha1_base64="Y4Ray8ETSPxC2MeLNx9wO1uPstU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPSv+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MbPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9R4uK7XbPI4inMApnIMH11CDe6hDExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gDZU41/</latexit>

D0
<latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit><latexit sha1_base64="Z2gwLNkBlxfp4sxLj/UYK7W49NA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77br9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG65Y1r</latexit>

D1
<latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit><latexit sha1_base64="t+PJtr3Cdpa4nFebNX74hE6pLeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiHjxWtB/QhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqEScJ9yM6VCIUjKKVHm77Xr9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDK/8TKgkRa7YYlGYSoIxmf1NBkJzhnJiCWVa2FsJG1FNGdp0SjYEb/nlVdK6qHpu1bu/rNSv8ziKcAKncA4e1KAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AG8aY1s</latexit>

D2
<latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit><latexit sha1_base64="vlVSmWn4zGhMB+QrTTZLmNMSyjk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiHjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw22/1i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6RVq3pu1bu/qNSv8ziKcAKncA4eXEId7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO97Y1t</latexit>

D3
<latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit><latexit sha1_base64="FYOQJGkBJdMVBmZSPRknyJ/AZx4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNRDx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bZ33itX3Ko7A1kmXk4qkKPeK391+zFLI5SGCap1x3MT42dUGc4ETkrdVGNC2YgOsGOppBFqP5udOiEnVumTMFa2pCEz9fdERiOtx1FgOyNqhnrRm4r/eZ3UhFd+xmWSGpRsvihMBTExmf5N+lwhM2JsCWWK21sJG1JFmbHplGwI3uLLy6R5VvXcqnd/Uald53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8we/cY1u</latexit>

f0
<latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit><latexit sha1_base64="u9JS5HeWpCubI+DAfVYCqMXLt+0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2v71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A+6xjY0=</latexit>

f0
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Fig. 3. Overview of LightGLEAN. Unlike GLEAN, which generates
features with resolution down to 4×4, the latent bank in LightGLEAN
directly conditions on the RRDB feature f0, bypassing the style blocks
that corresponds to the coarse resolutions. In addition, a fixed latent
code c is used for all style blocks. In this design, LightGLEAN can be
devised with much fewer learnable parameters.

TABLE 1
Complexity comparison between LightGLEAN and GLEAN.

LightGLEAN contains 79% fewer parameters. Comparison is
performed on the models for 64×64 input and 1024×1024 output.

GLEAN LightGLEAN % Reduction
Encoder 137.3M 23.7M 82.7%
Generator 30.4M 10.9M 63.9%
Decoder 7.9M 1.7M 78.6%
Params 175.6M 36.3M 79.3%
FLOPs 277.5G 98.24G 64.6%
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Fig. 4. Qualitative comparison between GLEAN and LightGLEAN.
Despite being more lightweight than GLEAN, LightGLEAN provides
outputs that are comparable to GLEAN. (Zoom in for best view)

4 LIGHTGLEAN

Although it achieves remarkable performance, GLEAN has
a large model size. To address this issue, we conduct an in-
depth analysis of the design of GLEAN, such that nonessen-
tial modules can be identified and pruned.

As shown in Fig. 2, GLEAN adopts a multi-resolution
structure, and the number of feature channels increases
when resolution decreases. As a result, the encoder incurs a
significant number of parameters in modules corresponding
to the coarse features. While it is a common approach to syn-

thesize high-quality images from a coarse resolution such
as a 4×4 input (e.g., StyleGAN and BigGAN), we find that
the features with a resolution smaller than that of the input
image are less important in the task of image restoration,
since the feature f0 extracted from the input image has
already provided rich spatial and structural information for
the subsequent process in the generative latent bank.

We propose the following two strategies to simplify the
structure of GLEAN, and the resulting lightweight model,
LightGLEAN, is shown in Fig. 3.

1) We remove the coarse feature connections between
the encoder and the generator. Specifically, instead of gener-
ating coarse features and performing feature fusion, only
E0 is kept in the encoder of LightGLEAN. The encoder
outputs only the RRDB feature f0, and only f0 is sent to the
generator. For the generator, let i0 be the style block index
corresponding to the input resolution, the modules for the
coarse resolutions (i.e., S̄i, i∈{i=1, · · ·, i0−1}) are bypassed,
and the feature fusion modules are removed. The encoder
feature f0 is directly used as an input to the style block
for the finer resolutions. Symbolically, our latent bank is
modified as follows:

gi =

{
Si(ci, f0), if i = i0,

Si(ci, gi−1), if i > i0.
(10)

2) In LightGLEAN, the latent codes ci are no longer
learned from the encoder. Instead, they are casted as learn-
able parameters, and the same set of latent codes is applied
for all input images. It further reduces the number of pa-
rameters as the linear layers are omitted.

By removing the coarse resolution modules that con-
tribute to a significant portion of the parameters, a
lightweight architecture is devised. Note that LightGLEAN
can be further pruned by reducing the number of RRDBs [1]
without significant performance drop1. Such exploration is
left as our future work.

As shown in Table 1, LightGLEAN has only 21% of
parameters when compared to GLEAN. Notably, the en-
coder of GLEAN consists of 137.3M parameters, making
it hard to deploy in practice. In contrast, with our careful
pruning, the encoder of LightGLEAN contains only 23.7M
parameters, which is 82.7% fewer parameters than that of
GLEAN. LightGLEAN achieves a comparable performance
to GLEAN with 79% reduction of parameters and 65%
reduction of FLOPs. The examples in Fig. 4 show that the
output quality of LightGLEAN and GLEAN are comparable.
More quantitative comparisons are discussed in the next
section.

5 EXPERIMENTS

5.1 Training Details
We adopt pre-trained StyleGAN2 [9], StyleGAN23,4 [41], or
BigGAN5 [10] as our latent bank using the publicly available
models and codes.

1. In the task of 16× face super-resolution, the PSNR merely drops
by 0.02 dB when reducing the number of RRDBs from 23 to 10.

2. GenForce: https://github.com/genforce/genforce
3. BasicSR: https://github.com/xinntao/BasicSR
4. MMEditing [56]: https://github.com/open-mmlab/mmediting
5. https://github.com/ajbrock/BigGAN-PyTorch
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Fig. 5. Comparisons on 16× SR on CelebA-HQ [55]. Only GLEAN is able to maintain high fidelity while synthesizing realistic textures and details:
GAN inversion methods fail to preserve the identity, and adversarial loss methods struggle to synthesize fine details. ESRGAN+ denotes a larger
version with similar runtime to GLEAN. (Zoom in for best view)

TABLE 2
Datasets used in our experiments.

Train Test
Human faces (Bicubic) FFHQ [9] CelebA-HQ [55]
Human faces (Blind) FFHQ [9] LFW [57], CelebA [58]
Cats LSUN-train [59] CAT [60]
Cars LSUN-train [59] Cars [61]
Bedrooms LSUN-train [59] LSUN-validate [59]
Towers LSUN-train [59] LSUN-validate [59]
Multi-class ImageNet-train [62] ImageNet-val [62]

We train and test GLEAN on various datasets. The
training and test datasets used in our experiments are
summarized in Table 2. For fair comparisons, we train
the baselines on the same datasets as our model. The test
set is strictly exclusive from training. Since StyleGAN and
BigGAN produce images with a fixed size, we resize the
images in the datasets for our experiments. The specific
degradations are described in each section.

We adopt Cosine Annealing scheme [63] and Adam
optimizer [64] in training. The number of iterations is 300K
and the initial learning rate is 10−4. The batch size is 8 for
human faces, 16 for other class-specific training, and 32 for
ImageNet training.

5.2 Class-Specific Super-Resolution

In this section, we assume the downsampling kernel is
known, and we synthesize training and test data using
the same degradation. Specifically, bicubic downsampling
is used to synthesize LR-HR pairs.

The qualitative comparison on 16× SR is shown in
Fig. 5. Since the GAN inversion methods are only guided by
low-dimensional vectors and constraints in LR space, they
are unable to maintain a good fidelity of the outputs. In
particular, PULSE [2] and mGANprior [7] fail to restore a
face image with the same identity. In addition, artifacts are
observed in their outputs. Through finetuning the generator
during optimization, the result of DGP [8] demonstrates
significant improvements in both quality and fidelity. How-
ever, a slight difference between the identities of the output
and ground-truth is still observed. For example, the eyes
and lips show noticeable differences.

LR GLEAN (ours) GTESRGAN+

Fig. 6. Results of 16× SR on other categories. GLEAN can be
applied to various categories by switching between StyleGANs trained
on different categories. (Zoom in for best view)

Methods trained with adversarial loss (SinGAN [65],
ESRGAN+6 [1]) can preserve the local structures, but fail
in synthesizing convincing textures and details. Specifically,
SinGAN fails to capture the natural image style, produc-
ing a painting-like image. Although ESRGAN+ is capable
of generating a realistic image, it struggles to synthesize
fine details and introduces unnatural artifacts in detailed
regions. It is worth emphasizing that although ESRGAN+

achieves competitive results on human faces, its perceptual
quality on other categories such as cats and cars are less
promising (see Fig. 1 and Fig. 6). With the latent bank
providing natural image priors, GLEAN succeeds in both

6. A larger version of ESRGAN with similar runtime to GLEAN.
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Fig. 7. Results on larger scale factors. GLEAN reconstructs realistic
images highly similar to the GT for up to 64× upscaling factor. (Zoom in
for best view)

PULSE GLEAN (ours) GT

Fig. 8. Outputs with diverse poses and contents. Despite GLEAN
being trained with aligned human faces, it is able to reconstruct faithful
images for non-aligned and non-human faces. PULSE approximates the
GT in low resolution (inlet image at the bottom left corner), but its outputs
are significantly different from the GT when viewed in high resolution.

fidelity and naturalness. For example, when compared to
ESRGAN+, GLEAN reconstructs eyes with better shape and
details. We further extend our method to larger scale factors
in Fig. 7. GLEAN successfully generates realistic images
resembling the ground truth up to 64× upscaling.

Robustness to Poses and Contents. Another appealing
property of GLEAN is its robustness to the changes in
poses and contents. As shown in Fig. 8, guided by the
convolutional features, GLEAN is able to construct realistic
non-aligned and non-human face images, even through the
model was trained on aligned human faces. In contrast,
the outputs of PULSE are biased to aligned human faces.

TABLE 3
Cosine similarity of ArcFace features [66] for 16× SR. GLEAN and
LightGLEAN achieve a higher similarity than baselines. Bolded texts

represent the best performance.
Bicubic PULSE [2] mGANprior [7] DGP [8]

Similarity 0.8939 0.4047 0.5526 0.7341
SinGAN [65] ESRGAN+ [1] GLEAN LightGLEAN

Similarity 0.7718 0.9599 0.9678 0.9607

TABLE 4
Quantitative (PSNR/LPIPS) comparison on 16× SR. GLEAN

outperforms other methods in most categories. Bolded texts represent
the best performance.

mGANprior [7] PULSE [2] ESRGAN+ [1] GLEAN LightGLEAN
Face 23.66/0.4661 21.83/0.4600 26.76/0.2787 26.84/0.2681 26.85/0.2784
Cat 17.01/0.5556 19.78/0.5241 19.99/0.3482 20.92/0.3215 20.83/0.3243
Car 14.53/0.7228 16.30/0.6491 19.42/0.3006 19.74/0.2830 19.46/0.2887
Bedroom 16.38/0.5439 12.97/0.7131 19.47/0.3291 19.44/0.3310 19.37/0.3345
Tower 15.96/0.4870 13.62/0.7066 17.86/0.3132 18.41/0.2850 18.28/0.2933

TABLE 5
Complexity Comparison. GLEAN and LightGLEAN possess faster

speeds with better performance. FLOPs of methods requiring
test-time-training are not reported. Bolded texts represent the faster

speed.
Bicubic PULSE [2] mGANprior [7] DGP [8]

Runtime - 5s 7m 25m
Params - 30.4M 30.4M 30.4M
FLOPs - - - -

SinGAN [65] ESRGAN+ [1] GLEAN LightGLEAN
Runtime 42m 0.13s 0.12s 0.10s
Params 1.03M 23.97M 175.6M 36.3M
FLOPs - 225.0G 277.5G 98.24G

Its outputs can only approximate the ground truth in low
resolution. Such robustness enables GLEAN to be applied to
diverse categories and scenes such as cats, cars, bedrooms,
and towers. Examples are shown in Fig. 6.
Quantitative Comparison. To demonstrate the ability of
GLEAN in producing outputs with high fidelity, we extract
100 images from CelebA-HQ [55] and compute the cosine
similarity to the ground-truth on the ArcFace embedding
space [66]. As shown in Table 3, both GLEAN and Light-
GLEAN achieve higher similarity than the baseline meth-
ods, validating the effectiveness of using generative latent
bank in preserving intrinsic structure of the input space.

We additionally provide the quantitative comparison
on different categories in Table 4. For each category, we
select 100 images and compute their average PSNR and
LPIPS [67]. It is observed that mGANprior and PULSE
perform significantly worse as they fail to restore the orig-
inal objects. GLEAN outperforms these methods in most
categories, suggesting its effectiveness in generating images
with high quality and fidelity. In addition, with our effective
pruning, LightGLEAN matches the performance of GLEAN
and outperforms existing works. Remarkably, LightGLEAN
outperforms ESRGAN+ with about 50% of FLOPs reduc-
tion.
Complexity Comparison. To demonstrate the efficiency
of GLEAN and LightGLEAN, we compare their runtime,
model size, and FLOPs on the task of 16× face super-
resolution, using a V100 GPU. As shown Table 5, GLEAN
and LightGLEAN have much faster speeds when compared
to GAN-inversion methods and SinGAN. They also outper-
form ESRGAN+ with comparable speed. Although Light-
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Fig. 9. Results of Super-Resolution using BigGAN. By employing the multi-class prior encapulated in BigGAN [10], GLEAN can be applied to
multiple classes using a single model. GLEAN outperforms existing works in terms of both fidelity and quality. (Zoom in for best view)
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Fig. 10. Results of Image colorization. In addition to super-resolution, GLEAN can be extended to other restoration tasks such as colorization. By
employing the generative priors in BigGAN, GLEAN tends to produce natural color when compared to existing works. GLEAN is also applicable to
real-world old photos.

GLEAN possesses a larger model size than existing meth-
ods’, it has only 44% of FLOPs of ESRGAN’s, and it does not
require training during test time. Despite the large FLOPs
improvement of LightGLEAN over the original GLEAN, we
observe a minor improvement in runtime reduction due to
the non-optimized code. The speed of LightGLEAN could
be further improved with more engineering efforts.

Latent Bank Fintuning. Different from DGP [8] and
GPEN [33], our experiments show that finetuning the latent
bank does not lead to significant performance difference.
The discrepancy results from the differnece in network de-

signs: (1) DGP represents an image with only latent vectors,
which possess limited representational power. Therefore,
finetuning is necessary to overfit to the structure of the input
image. In contrast, GLEAN uses additional convolutional
features to guide the structures. (2) The encoder features
of GPEN are used to replace the random noise in the orig-
inal StyleGAN. Since the noise controls only fine-grained
attributes before finetuning, it is expected that finetuning
is needed to alter the contribution of the noise. In contrast,
GLEAN did not attempt to modify the inputs to StyleGAN.
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Input GLEANDFDNet PFSRGANPULSE

Fig. 11. Results of real-world image restoration. GLEAN can be extended to unknown degradations by applying various degradations during
training. With the natural image prior encapsulated in our latent bank, GLEAN is able to produce results with high quality and natural textures,
whereas existing methods produce outputs either with low fidelity, noticeable artifacts, or blurry details. (Zoom in for best view)

Fig. 12. Results of real-world image restoration. GLEAN is able to restore the fine details that are not captured in the input image. Image taken
at the Solvay conference. Faces in the background image are replaced with restored outputs generated by GLEAN. (Zoom in to view other faces
in the group photo)

5.3 Multi-Class Image Super-Resolution

In this work, we take one step towards generic image super-
resolution by demonstrating the possiblity of leveraging
multi-class prior in generative models for multi-class image
super-resolution. We employ BigGAN in place of StyleGAN
as the latent bank for a multi-class prior.

The quantitative comparisons to existing state of the arts
are shown in Table 6, where we obtain the same conclusion
in the class-specific image super-resolution. On the one
hand, we see that GLEAN and LightGLEAN significantly
outperform GAN-inversion methods including PULSE and
DGP. On the other hand, by employing the generative
prior, our two models also perform favorably against the
feedforward model – ESRGAN. The performance gain is
also reflected in the qualitative results depicted in Fig. 9,
in which GLEAN produces results with much less artifacts

and textures with much better quality. Notably, we observe
a larger performance gap between ESRGAN+ and GLEANs
in the case of 8× super-resolution, underscoring the signifi-
cance of our generative prior.

5.4 Image Colorization

In addition to texture and shape priors that are useful for
super-resolution, we hypothesize that various information
such as color is captured in the generative model. Therefore,
in this work, we extend our notion to a task orthogonal to
super-resolution – colorization, to demonstrate the versatil-
ity of GLEAN. For this task, we also use the multi-class prior
in BigGAN. The training scheme remains the same, and the
network architecture is modified as follows:
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TABLE 6
Quantitative (PSNR/LPIPS) comparison on ImageNet, using

BigGAN as the latent bank. GLEAN outperforms other methods in
most categories. Bolded texts represent the best performance.

4x SR 8x SR
PULSE [2] 14.88/0.6923 14.80/0.6808
DGP [8] 20.56/0.2818 18.69/0.3904
ESRGAN+ [1] 22.89/0.1442 20.04/0.2628
GLEAN 23.12/0.1239 20.62/0.2388
LightGLEAN 23.13/0.1312 20.52/0.2541

Colorization
DGP [8] 21.34/0.1950
InstColor. [35] 22.88/0.1807
DeOldify [38] 23.12/0.1609
GLEAN 23.48/0.1469
LightGLEAN 23.24/0.1534

TABLE 7
Quantitative (NIQE/FID/Identity similarity) comparison on

real-world face image restoration. GLEAN outperforms existing state
of the arts, producing outputs of high quality and fidelity. Bolded texts

represent the best performance.

LFW a [57] Celeb-A [58]
PULSE [2] 5.018/82.10/0.2509 3.709/83.02/0.3084
DFDNet [50] 8.878/82.35/0.8584 10.152/73.01/0.8780
PSFR-GAN [68] 5.999/69.87/0.8466 5.989/65.83/0.8945
GLEAN 3.943/67.71/0.8949 3.921/61.65/0.9192
LightGLEAN 3.578/68.67/0.8596 3.635/62.35/0.8774

1) The input is the luminance channel in the Lab color
space, and the input channel of the first convolution
is modified from 3 to 1.

2) The decoder is replaced with four convolutional lay-
ers, and the output channel of the last convolutional
layer is 2. The output is then concatenated to the
input luminance image.

More details about the architecture is provided in the sup-
plementary material.
Performance. We compare the performance of the proposed
method with representative methods including DGP [8],
InstColorization [35], and DeOldify [38]. Table 6 and Fig. 10
demonstrate the superiority of GLEAN in comparison to
existing methods. Following existing works [35], we employ
PSNR and LPIPS as the evaluation metrics. From Table 6
we see that GLEAN achieves significant gains over existing
works, and LightGLEAN is slightly inferior to GLEAN
but achieves the second best performance. The qualitative
comparison is shown in Fig. 10, in which GLEAN outper-
forms other methods, highlighting the model’s capability in
capturing color prior. More examples are provided in the
supplementary material.
Discussion. Both existing works and GLEANs attempt to
use various forms of priors to improve the perceptual qual-
ity of colorization results. In particular, DGP and DeOldify
both adopt adversarial loss to better approximate the nat-
ural image manifold. InstColorization employs an off-the-
shelf detection network to provide object prior. With the
knowledge of the object category, the search space of the
color could be reduced. Our method explores another use of
prior. Through training for image generation, the network is
required to understand the color distribution of the respec-
tive category in order to synthesize realistic objects. GLEAN
exploits this information to synthesize realistic color for
various objects.

5.5 Real-World Face Image Restoration
In this section, we demonstrate the capability of GLEAN for
real-world face image restoration. In the original GLEAN,

bicubic downsampling is added during training. As a
result, GLEAN cannot be applied to real-world images
with unknown degradations. To further improve the
generalizability of GLEAN, we apply random degradations
during training to mimic the complex degradations in
reality. In this task, the ill-poseness increases significantly
and the use of priors becomes more critical. We first describe
the training and test settings, followed by the comparison
with existing state of the arts. The training scheme remains
unchanged.

Training Data. We train GLEAN on synthetic data that
approximate real low-quality images. We follow the degra-
dation process adopted in [50] for synthesizing the training
data:

y = [(x~ kσ)↓r + nδ]JPEGq . (11)

In other words, the high quality image x is first convolved
with a Gaussian blur kernel kσ followed by a downsampling
operation with a scale factor r. After that, additive white
Gaussian noise nδ is added to the image, and finally the
noisy image is compressed by JPEG with quality factor q.
For each training pair, we randomly sample values of σ, r,
δ, and q from the intervals [0.2, 10], [1, 8], [0, 25], and [5, 50],
respectively.

Test Data and Metrics. We use two existing face image
datasets for testing. LFW a is a subset of the LFW
dataset [57] whose elements have a surname starting with
the letter “A”. In addition, we select the first 500 images
(images with IDs from 1 to 500) from Celeb-A [58] for
test. Since no ground-truth images are available, we use
NIQE [69], FID [70], and ArcFace similarity [66] as the
evaluation metrics.

Qualitative Comparison. The qualitative comparison is
shown in Fig. 11. By optimizing only the low-dimensional
vectors, PULSE [2] successfully reconstructs natural images,
but the outputs are dissimilar to the ground truths. When
compared with DFDNet [50] and PFSRGAN [68], which
are the current state-of-the-art blind face image restoration
methods, GLEAN is able to produce more details and hence
images with better quality.

Quantitative Comparison. The quantitative comparison is
shown in Table 7. First, we compare the image naturalness
using NIQE and FID. GLEAN and LightGLEAN outperform
existing methods in these metrics, demonstrating the su-
periority of these two methods in the generation of high-
quality images. Second, we compare the image fidelity
using the ArcFace similarity. We observe that the outputs
of PULSE has a significantly worse similarity, indicating that
PULSE severely alters the identity of the inputs. Our models
achieve either similar to or better similarity in both datasets,
confirming its effectiveness in preserving identity.

To further demonstrate its effectiveness on real-world
face restoration, we apply GLEAN on a group photo taken
at the Solvay conference. As illustrated in Fig. 12, GLEAN
successfully restores the fine details that are not captured in
the original images.
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Fig. 13. Effects of the multi-resolution encoder features. Without
the convolutional features, the outputs can only resemble the global
attributes (e.g., hair color, pose). When adding the encoder features
progressively, the network can capture more local structures, better
approximating the GT.

6 ABLATION STUDIES

Importance of Multi-resolution Encoder Features. We
demonstrate how the convolutional features generated from
the encoder assist in the restoration of fine details and local
structures. We start with only the latent vectors and observe
the transition when features are gradually introduced to the
latent bank as conditions. To remove the effects brought on
by the decoder, we test with a variant of GLEAN where
the generator directly produces the output images. The
comparison is depicted in Fig. 13.

When all convolutional features are discarded, GLEAN
resembles the typical GAN inversion methods that learn
only the latent vectors. Similar to those methods, the net-
work is able to synthesize realistic images given the la-
tent vectors. However, guided only by low-dimensional
vectors, which spatial information is not well-preserved,
the network restores only the global attributes such as
hair color and poses, but fails to preserve finer details.
When providing coarse (from 4×4 to 16×16) convolutional
features to the latent bank, more details are recovered,
and the outputs are better approximations of the ground
truths. Further improvements in both quality and fidelity
are observed when finer features are passed to the latent
bank. The above observations corroborate our hypothesis
that the convolutional features are pivotal in guiding the
restoration of fine details and local structures, which cannot
be reconstructed with only the latent vectors.

Effects of Latent Bank Features. To understand the contri-
butions of the latent bank, we investigate the effects brought
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Fig. 14. Effects of the latent bank features. The rich texture priors
captured in the generator lift the burden of the encoder in texture
generation. Improvements on both texture and structures are observed
when finer features are inserted into the decoder. (Zoom in for best
view)
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Fig. 15. Contributions of the decoder. The decoder reinforces the
spatial information captured in the encoder features and aggregate them
in a coarse-to-fine manner, resulting in an enhanced quality.

on by the latent bank features. We start by discarding all the
latent bank features and progressively pass the features to
the decoder. The comparison is shown in Fig. 14. Lacking
appropriate prior information, the network is responsible
for both generating realistic details and maintaining fidelity
to the ground-truths. Such a demanding objective eventu-
ally leads to outputs that contain flaws in both structure
restoration and texture generation. With the latent bank,
the burden of texture and details generation is reduced as
the generator already captures rich image priors. Therefore,
improvements in both structures and textures are observed
when passing finer features to the decoder.

Importance of Decoder. As shown in Fig. 15, without the
decoder, despite being perceptually convincing overall, the
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(a) Comparison with DFDNet [50]
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(b) Comparison with SRNTT [48]

Fig. 16. Comparison with imagery dictionary. (a) DFDNet fails to
restore components absent in the dictionary (e.g., skin, hair), leading
to incoherent outputs. (b) SRNTT is unable to faithfully produce fur
textures.

output image contains unpleasant artifacts when zoomed in.
The decoder allows the network to aggregate the informa-
tion in a coarse-to-fine manner, leading to more natural de-
tails. In addition, the multi-scale skip-connections between
the encoder and decoder reinforce the spatial information
captured in the encoder features so that the latent bank
could focus more on detail generation, further enhancing
the output quality.

Comparisons with Reference-Based Methods. We assess
the efficacy of the new notion of GAN-based dictionary by
comparing GLEAN with two representative methods that
adopt an imagery dictionary for SR – DFDNet [50] and
SRNTT [48]. Examples are shown in Fig. 16.

For DFDNet, we evaluate the performance on LR images
with unknown degradations7. Through pre-constructing a
dictionary of facial components (e.g., eyes, lips), DFDNet
shows remarkable performance on face restoration. How-
ever, it cannot faithfully produce results on parts absent in
the dictionary, such as skin and hair. Therefore, significant
incoherence is observed in the outputs. Despite GLEAN
being trained on the bicubic kernel, it is still capable of
producing visually appealing outputs. More importantly,
GLEAN is not confined to improving the visual quality
of specific components. Instead, the entire image is super-

7. We further downsample the LR images to 64×64 to match the
input size of GLEAN.
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Fig. 17. Failure cases on extreme degradations. In extreme cases
that contain severe degrdations, GLEAN cannot restore extreme cases
of severe degradations. This problem can potentially be solved by adopt-
ing heavier degradations.

resolved, leading to coherent and attractive results. We
foresee GLEAN to achieve even better performance by
employing multiple degradations during training

For SRNTT, we follow the same settings and down-
sample the ground-truth images using the bicubic kernel.
With such low-resolution images (32×32), global matching
becomes prohibitive, and hence SRNTT fails to transfer the
textures from HR reference images. As a result, SRNTT
tends to provide blurry textures. By capturing the distribu-
tion instead of the specific imagery clues, GLEAN does not
rely on explicit textural transferal procedure. This enables
its applicability to large-factor SR, where image matching
is extremely difficult. More importantly, with no external
images employed, GLEAN does not require any global
matching to search for suitable textures/details. This allows
GLEAN to be applied to images with higher resolutions,
where global matching is computationally prohibitive.

7 DISCUSSION AND CONCLUSION

We have presented a new way to exploit pre-trained
GANs for various image restoration tasks including super-
resolution, colorization, and hybrid restoration. We have
shown that a pre-trained GAN can be used as a genera-
tive latent bank in an encoder-bank-decoder architecture.
We have also presented a lightweight version of GLEAN,
named LightGLEAN, and demonstrated the potential of
these two methods on generic images by employing multi-
class prior. Both GLEAN and LightGLEAN outperform ex-
isting state of the arts in terms of fidelity and quality.

Despite obtaining satisfactory results in various class do-
mains, there are a few limitations in GLEANs. First, in spite
of the efforts made in this work towards generic restoration,
the existing version of GLEANs are still confined to finite
classes and fixed resolution encompassed by the GAN prior,
due to the lack of powerful generic image synthesizer.
We believe that with a stronger generative model that can
synthesize realistic images on more diverse scenes, the per-
formance of GLEANs and relevant ideas could be markedly
improved. Second, in the task of real-world face restoration,
although they work well on cases of mild to moderate
degradations, they fail to produce pleasant outputs in cases
of heavy degradations, as shown in Fig. 17. To adapt to
such complex and heavy degradations, we believe that
incorporating heavier degradations during training could
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partially remedy the situation. In addition, more sophis-
ticated data augmentation schemes, such as second-order
degradations [71] and degradation-shuffling [72], could be
taken into consideration. In the future, with more sophis-
ticated generative models, we believe that the notion of
generative latent bank can be used for more restoration tasks
as well as more diverse scenes. This idea can potentially be
extended to various forms of priors such as language priors.
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APPENDIX

We will first discuss the change of the architecture we have made for the task of colorization in Sec. A. We will then provide
additional qualitative results of GLEAN and LightGLEAN in Sec. B.

APPENDIX A
ARCHITECTURE FOR COLORIZATION

Unlike super-resolution, in the task of colorization, the resolution of the input image is the same as that of the output
image. Therefore, we made minimal modifications to the architecture so that GLEANs can be adapted to the case when
input and output have the same resolution. The network architecture is modified as follows:

1) The input is the luminance channel in the Lab color space, and the input channel of the first convolution is modified
from 3 to 1.

2) The decoder is replaced with four convolution layers, and the output channel of the last convolutional layer is 2.
The output is then concatenated to the input luminance image.

We find that this simple modification suffices to achieve good colorization results. Overall, the architectures for different
tasks are highly similar, demonstrating the versatility of GLEAN and LightGLEAN.

APPENDIX B
QUALITATIVE RESULTS

In this section, we demonstrate additional qualitative results on 1) multi-class image super-resolution, 2) image colorization,
and 3) real-world face image restoration. From Fig. 18 to Fig. 22 we observed that with the generative priors encapsulated
in our latent bank, our methods are able to produce faithful results despite the highly ill-posed nature of the tasks.
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Fig. 18. More results of GLEAN and LightGLEAN on 4× multi-class image super-resolution. With the powerful priors, GLEAN and LightGLEAN are
able to produce realistic details. (Zoom in for best view)
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Fig. 19. More results of GLEAN and LightGLEAN on 8× multi-class image super-resolution. Despite the input image is only 32×32, our proposed
models are able to synthesize realistic textures. (Zoom in for best view)
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Fig. 20. More results of GLEAN and LightGLEAN on multi-class image colorization. Although the color is sometimes dissimilar to the ground-truths,
our models are able to produce natural color.
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Fig. 21. More results of GLEAN and LightGLEAN on multi-class image colorization. Although the color is sometimes dissimilar to the ground-truths,
our models are able to produce natural color.
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Fig. 22. More results of GLEAN and LightGLEAN on real-world face image restoration. Our models are able to restore real-world face images,
which contain diverse and unknown degradations. Note that the ground-truth is unavailable for real-world images. (Zoom in for best view)


