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Abstract

This paper studies the problem of generalized zero-shot

learning which requires the model to train on image-label

pairs from some seen classes and test on the task of clas-

sifying new images from both seen and unseen classes. In

this paper, we propose a novel model that provides a uni-

fied framework for three different approaches: visual →
semantic mapping, semantic → visual mapping, and

deep metric learning. Specifically, our proposed model con-

sists of a feature generator that can generate various vi-

sual features given class embedding features as input, a

regressor that maps each visual feature back to its corre-

sponding class embedding, and a discriminator that learns

to evaluate the closeness of an image feature and a class

embedding. All three components are trained under the

combination of cyclic consistency loss and dual adversar-

ial loss. Experimental results show that our model not only

preserves higher accuracy in classifying images from seen

classes, but also performs better than existing state-of-the-

art models in classifying images from unseen classes.

1. Introduction

Deep learning models have achieved great success in im-

age classification tasks [28], and these models are so ef-

fective that they are comparable with humans. However,

humans are much better at recognizing novel objects that

they only saw a few times before or heard of but never saw.

This is because deep learning models for image classifi-

cation rely heavily on fully supervised training, and thus

they require a lot of labeled data. As there are too many

classes in the real world, it is almost impossible to collect

enough labeled data for each class. In this case, these mod-

els are challenged by the task of recognizing images from

classes that are unseen during training, which is also called

the zero-shot learning (ZSL) problem [1, 18]. In conven-

tional zero-shot learning, the goal is to train an image clas-

sifier on a set of images from seen classes, and then test the

trained model using images from unseen classes, where the

sets of seen and unseen classes are totally disjoint, and that

during testing the label space only contains unseen classes.

However, this conventional setting is based on a strong as-

sumption that in testing stage the model knows whether an

image is from the set of seen or unseen classes, which is

not realistic and thus not applicable in the real world. When

the model receives a new image, it does not know whether

it comes from seen or unseen classes, and thus it needs the

ability to classify images from the combination of seen and

unseen classes, which is called generalized zero-shot learn-

ing (GZSL) [34, 6]. The main difference between zero-

shot learning and generalized zero-shot learning is the label

space during testing, which means that models designed for

conventional zero-shot learning can still be applied in the

generalized zero-shot learning setting.

A common strategy for tackling zero-shot learning is to

map images and classes into the same latent space and then

perform nearest neighbor search. Most existing methods

project visual features to the semantic space spanned by

class attributes, such as [11, 33, 1, 27, 2, 17], as is illus-

trated in Figure 1(a). However, as pointed out by [29, 9, 38],

using semantic space as shared latent space will suffer

from the hubness problem, which means projecting high-

dimensional visual features to low-dimensional space will

further reduce the variance of features and the results may

become more clustered as a hub. In order to mitigate this

problem, [29, 9, 38] propose to project semantic features

into the visual space, as illustrated in the left part of Fig-

ure 1(b). However, using a deterministic approach to map a

class’s semantic embedding to the visual space is still prob-

lematic, since one class label has numerous corresponding

visual features. In contrast, some recent works [23, 35, 31]

propose to use generative methods that can generate vari-

ous visual features conditioned on a semantic feature vec-

tor, as illustrated in the right part of Figure 1(b). Despite
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their effectiveness, their performance is limited by lacking

either the ability to learn a bi-directional mapping between

visual and semantic space, or an adversarial loss that acts as

a more flexible metric to evaluate the similarity of features.

Instead of manually choosing a common latent space, Rela-

tionNet [36] proposes to learn a deep metric network which

takes a pair of visual and semantic features as input and out-

put their similarity, as illustrated in Figure 1(c). However,

RelationNet [36] fails to learn latent features of images and

classes, nor does it support semi-supervised learning, and

thus it is outperformed by some recent works [23, 35, 31].

As the three different approaches have their different

merits and limitations, in this paper, we study the general-

ized zero-shot learning problem and propose a novel model

named Generative Dual Adversarial Network (GDAN) that

combines visual → semantic mapping, semantic →
visual mapping as well as metric learning methods in a uni-

fied framework, as illustrated in Figure 1(d). More specif-

ically, our model contains a generator network which is

able to generate image features conditioned on class em-

bedding, a regressor network that takes image features and

output their class embedding (i.e. semantic features), and

a discriminator network that takes as input an image fea-

ture and a semantic feature and output a score indicating

how well they match with each other. The generator and re-

gressor learn from each other through a cyclic consistency

loss, while both of them also interact with the discriminator

through a dual adversarial loss.

Our main contributions are summarized as follows:

• We propose a novel Generative Dual Adversarial

Network (GDAN) that unifies visual → semantic,

semantic → visual methods as well as metric learning

for generalized zero-shot learning.

• In contrast to previous works in zero-shot learning, we

design a novel dual adversarial loss so that the Regres-

sor and Discriminator can also learn from each other to

improve the model’s performance.

• We conduct extensive experiments that demonstrate the

ability of our proposed GDAN model in effectively clas-

sifying images from unseen classes as well as preserving

high accuracy for seen classes on four widely used bench-

mark datasets.

• We conduct component analysis to show that the combi-

nation of three components in our model actually helps

each of them in achieving better performance than in-

dividual ones. Visualization of synthetic samples from

unseen classes also demonstrate the effective generation

power of our model. Our code will also be available on-

line.

2. Related Work

Generative Adversarial Network Generative Adver-

sarial Network (GAN) [12] was originally proposed as a
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Figure 1. Four categories of zero-shot learning methods. (a) Em-

bedding models that map visual features of the same class to the

same feature in semantic space. (b) Models that map each class’s

semantic feature to features in the visual space. (c) Metric learn-

ing models that directly learn to evaluate the closeness of a pair of

visual and semantic features. (d) Our proposed model that unifies

the three methods using generative adversarial network and dual

learning.

method for image synthesis [12, 25] and has achieved state-

of-the-art results. However, GAN is also known for its

instability in training and suffers the mode collapse prob-

lem [4, 13]. In order to mitigate these problems and im-

prove the quality of synthetic samples, many methods have

been proposed. WGAN [4] and WGAN-GP [13] propose to

optimize GAN on an approximate Wasserstein distance by

enforcing 1-Lipschitz smoothness. LS-GAN [22] offers a

simple but effective solution by replacing the cross-entropy

loss of GAN with a least square loss that push the scores

of real and fake samples to different decision boundaries

so that the gradient never vanishes even when two distribu-

tions are totally disjoint. Our model also includes a GAN,

which is realized by combining a feature generator and a

discrminator. One major difference between our model and

traditional GAN is that our model contains a non-generative

component, i.e. a regressor network, that interacts with the

discriminator through an extra adversarial loss.

Dual Learning Dual learning has been shown to be ef-

fective in neural machine translation (NMT) [14] by train-

ing a prime task and a dual task together, where the dual task

is the inverse task of the prime task. For example, in neu-

ral machine translation, the prime task may be English →
French, and then the dual task is French → English.

Dual learning has also been applied to other computer vi-

sion tasks like semantic segmentation [19] and image-to-

image translation [42, 37]. Our work is related to Cycle-

GAN [42] and DualGAN [37] in that we borrow the cyclic

consistency loss from them. However, those two models re-

quire two generative networks which make them unable to

be directly applied in generalized zero-shot learning, since
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each class has a fixed semantic representation and a gener-

ative network is not suitable for visual → semantic map-

ping as it may generate very diverse semantic features. Thus

we need a novel architecture to incorporate cyclic consis-

tency in zero-shot learning.

(Generalized) Zero-shot Learning There are a few re-

cent works that tackles the (generalized) zero-shot learning

problem, which are closely related to our work. CVAE-

ZSL [23] proposes to use conditional variational autoen-

coder (CVAE) [30] to generate samples for unseen classes,

but it uses the vanilla version of CVAE which suffers from

the prior collapse problem [41]. SE-GZSL [31] is another

recent work that utilize variational autoencoder in general-

ized zero-shot learning. Although SE-GZSL [31] also has

a regressor that is similar to our model, it lacks the dual

adversarial loss we have. In contrast, the discriminator of

our model can learn a flexible metric to evaluate the rela-

tion between an image feature and a class embedding, and

the regressor of our model can also learn from the discrim-

inator through the adversarial loss. f-CLSWGAN [35] ap-

plies GAN to generate image features conditioned on class

attributes, but it does not have the ability to map image fea-

tures back to class attributes. RelationNet [36] tries to learn

a deep metric to evaluate the compatibility between an im-

age feature and an semantic feature, which is similar to the

discriminator in our model, while our model also has the

ability to generate samples for unseen classes and infer se-

mantic embedding from visual features.

3. Proposed Model

In this section, we first formally define the generalized

zero-shot learning problem, give an overview of our pro-

posed model, and then introduce each part of our model in

details.

3.1. Problem Definition and Notations

In this paper, we study the generalized zero-shot learning

problem. Specifically, let the training data (including vali-

dation) be defined as S = {(v, y, sy)|v ∈ Vs, y ∈ Ys, sy ∈
A}, where v is an image’s feature produced by a pre-trained

neural network, Vs is the set of image features from seen

classes, y is the label of image feature v, Ys is the set of

labels for seen classes, sy is the attribute vector (semantic

embedding) for class y. Similarly, we can define the test

set as U = {(v, y, sy)|v ∈ Vu, y ∈ Yu, sy ∈ A}, where

Vu represent the set of image features from unseen classes,

Yu represents the set of labels for unseen classes, and that

Yu∩Ys = Ø. The goal of generalized zero-shot learning is

to learn a classifier f : v → Yu ∪ Ys, where v is the visual

feature of an image from either seen or unseen classes.

3.2. Model Overview

The overall framework of our proposed Generative Dual

Adversarial Network (GDAN) is illustrated in Figure 2.

There are three components in our model, a Generator, a

Regressor and a Discriminator. The core component of

GDAN is the Generator network that can generate various

visual features conditioned on certain class labels. Along

with the Generator, we have a Regressor network that acts

as a deep embedding function, which tries to map each vi-

sual feature back to its corresponding class’s semantic fea-

ture. The Generator and the Regressor network together

form a dual learning framework, so that they can learn

from each other through a cyclic consistency loss. In ad-

dition, we have an extra Discriminator network that mea-

sures the similarity of a visual-textual feature pair, and it

interacts with the other two networks through a dual adver-

sarial loss. It should be noted that any of the three com-

ponents is able to perform generalized zero-shot learning,

where the Generator represents the semantic → visual

methods (e.g. [23, 31, 35]), the Regressor represents the

visual → semantic methods (e.g. [3, 7]), and the Dis-

crminator represents metric learning approach such as Re-

lationNet [36]. Our model provides a unified framework of

all three different approaches so as to make use of their re-

spective advantages and achieves better results for zero-shot

image classification.

Generator

Discriminator

Regressor

Adversarial 

training

Dual learning

Adversarial 

training

Figure 2. Overall framework of the proposed GDAN model, where

black arrows indicate data flow.

3.3. Feature Generation Network

Our model’s framework is very flexible, which means we

can choose any generative model as the Generator. The sim-

plest one can be a feed-forward neural network that takes

as input the concatenation of a class embedding as well

as a noise vector randomly sampled from normal Gaus-

sian distribution, which is widely used in Generative Ad-

versarial Nets (GANs) [12]. However, this naive model

lacks the ability to infer noise vectors from image features.

Thus, here we resort to Conditional Variational Autoen-

coder (CVAE) [30], which was proposed as a generative

method that maps a random noise vector z ∈ Rdz drawn

from P (z|x, c) to a data point x in the data distribution

conditioning on the context feature c. A CVAE consists

of two parts, an encoder PE(z|x, c) that maps a data point
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v
<latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

s
<latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit> v

0
<latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit>

s
00

<latexit sha1_base64="Eq8e13eBRiHoMtIsxJHqmeE8mlc=">AAAB83icbVDLSsNAFL3xWeur6tLNYJG6KokIuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMzKxWG1Sqbt2dg6wSryBVKNAcVL78YczSiCtkkhrT89wE+xnVKJjks7KfGp5QNqEj3rNU0YibfjbPPCPnVhmSMNb2KSRz9fdGRiNjplFgJ/OMZtnLxf+8XorhTT8TKkmRK7Y4FKaSYEzyAshQaM5QTi2hTAublbAx1ZShralsS/CWv7xK2pd1z617D1fVxm1RRwlO4QwuwINraMA9NKEFDBJ4hld4c1LnxXl3Phaja06xcwJ/4Hz+AL5ukXk=</latexit><latexit sha1_base64="Eq8e13eBRiHoMtIsxJHqmeE8mlc=">AAAB83icbVDLSsNAFL3xWeur6tLNYJG6KokIuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMzKxWG1Sqbt2dg6wSryBVKNAcVL78YczSiCtkkhrT89wE+xnVKJjks7KfGp5QNqEj3rNU0YibfjbPPCPnVhmSMNb2KSRz9fdGRiNjplFgJ/OMZtnLxf+8XorhTT8TKkmRK7Y4FKaSYEzyAshQaM5QTi2hTAublbAx1ZShralsS/CWv7xK2pd1z617D1fVxm1RRwlO4QwuwINraMA9NKEFDBJ4hld4c1LnxXl3Phaja06xcwJ/4Hz+AL5ukXk=</latexit><latexit sha1_base64="Eq8e13eBRiHoMtIsxJHqmeE8mlc=">AAAB83icbVDLSsNAFL3xWeur6tLNYJG6KokIuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMzKxWG1Sqbt2dg6wSryBVKNAcVL78YczSiCtkkhrT89wE+xnVKJjks7KfGp5QNqEj3rNU0YibfjbPPCPnVhmSMNb2KSRz9fdGRiNjplFgJ/OMZtnLxf+8XorhTT8TKkmRK7Y4FKaSYEzyAshQaM5QTi2hTAublbAx1ZShralsS/CWv7xK2pd1z617D1fVxm1RRwlO4QwuwINraMA9NKEFDBJ4hld4c1LnxXl3Phaja06xcwJ/4Hz+AL5ukXk=</latexit><latexit sha1_base64="Eq8e13eBRiHoMtIsxJHqmeE8mlc=">AAAB83icbVDLSsNAFL3xWeur6tLNYJG6KokIuiy6cVnBPqApZTKdtEMnkzBzI5TQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE14P6IjJULBKFrJ9yOK4yDMzKxWG1Sqbt2dg6wSryBVKNAcVL78YczSiCtkkhrT89wE+xnVKJjks7KfGp5QNqEj3rNU0YibfjbPPCPnVhmSMNb2KSRz9fdGRiNjplFgJ/OMZtnLxf+8XorhTT8TKkmRK7Y4FKaSYEzyAshQaM5QTi2hTAublbAx1ZShralsS/CWv7xK2pd1z617D1fVxm1RRwlO4QwuwINraMA9NKEFDBJ4hld4c1LnxXl3Phaja06xcwJ/4Hz+AL5ukXk=</latexit>

v
00

<latexit sha1_base64="gHS16YtqPRHqVoRD+k31jbpPGAA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvUVZkRQZdFNy4r2Ad0hpJJM21oJhOSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRVhLZJwhPVC7GmnAnaNsxw2pOK4jjktBtO7nO/O6VKs0Q8mZmkQYxHgkWMYGMl34+xGYdRNp3X64NqzW24C6B14hWkBgVag+qXP0xIGlNhCMda9z1XmiDDyjDC6bzip5pKTCZ4RPuWChxTHWSLzHN0YZUhihJlnzBoof7eyHCs9SwO7WSeUa96ufif109NdBtkTMjUUEGWh6KUI5OgvAA0ZIoSw2eWYKKYzYrIGCtMjK2pYkvwVr+8TjpXDc9teI/XteZdUUcZzuAcLsGDG2jCA7SgDQQkPMMrvDmp8+K8Ox/L0ZJT7JzCHzifP8MDkXw=</latexit><latexit sha1_base64="gHS16YtqPRHqVoRD+k31jbpPGAA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvUVZkRQZdFNy4r2Ad0hpJJM21oJhOSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRVhLZJwhPVC7GmnAnaNsxw2pOK4jjktBtO7nO/O6VKs0Q8mZmkQYxHgkWMYGMl34+xGYdRNp3X64NqzW24C6B14hWkBgVag+qXP0xIGlNhCMda9z1XmiDDyjDC6bzip5pKTCZ4RPuWChxTHWSLzHN0YZUhihJlnzBoof7eyHCs9SwO7WSeUa96ufif109NdBtkTMjUUEGWh6KUI5OgvAA0ZIoSw2eWYKKYzYrIGCtMjK2pYkvwVr+8TjpXDc9teI/XteZdUUcZzuAcLsGDG2jCA7SgDQQkPMMrvDmp8+K8Ox/L0ZJT7JzCHzifP8MDkXw=</latexit><latexit sha1_base64="gHS16YtqPRHqVoRD+k31jbpPGAA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvUVZkRQZdFNy4r2Ad0hpJJM21oJhOSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRVhLZJwhPVC7GmnAnaNsxw2pOK4jjktBtO7nO/O6VKs0Q8mZmkQYxHgkWMYGMl34+xGYdRNp3X64NqzW24C6B14hWkBgVag+qXP0xIGlNhCMda9z1XmiDDyjDC6bzip5pKTCZ4RPuWChxTHWSLzHN0YZUhihJlnzBoof7eyHCs9SwO7WSeUa96ufif109NdBtkTMjUUEGWh6KUI5OgvAA0ZIoSw2eWYKKYzYrIGCtMjK2pYkvwVr+8TjpXDc9teI/XteZdUUcZzuAcLsGDG2jCA7SgDQQkPMMrvDmp8+K8Ox/L0ZJT7JzCHzifP8MDkXw=</latexit><latexit sha1_base64="gHS16YtqPRHqVoRD+k31jbpPGAA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvUVZkRQZdFNy4r2Ad0hpJJM21oJhOSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6CRVhLZJwhPVC7GmnAnaNsxw2pOK4jjktBtO7nO/O6VKs0Q8mZmkQYxHgkWMYGMl34+xGYdRNp3X64NqzW24C6B14hWkBgVag+qXP0xIGlNhCMda9z1XmiDDyjDC6bzip5pKTCZ4RPuWChxTHWSLzHN0YZUhihJlnzBoof7eyHCs9SwO7WSeUa96ufif109NdBtkTMjUUEGWh6KUI5OgvAA0ZIoSw2eWYKKYzYrIGCtMjK2pYkvwVr+8TjpXDc9teI/XteZdUUcZzuAcLsGDG2jCA7SgDQQkPMMrvDmp8+K8Ox/L0ZJT7JzCHzifP8MDkXw=</latexit>

s
0

<latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit>

Supervised
reconstruction

loss

Cyclic
consistency

loss D
<latexit sha1_base64="NsLos3laW3WlkybC0/eUHSYSJS0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GNRDx5bsB/QhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzCRBP6JDyUPOqLFS465frrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ66LquVWvcVmp3eRxFOEETuEcPLiCGtxDHZrAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MHl2mMyA==</latexit><latexit sha1_base64="NsLos3laW3WlkybC0/eUHSYSJS0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GNRDx5bsB/QhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzCRBP6JDyUPOqLFS465frrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ66LquVWvcVmp3eRxFOEETuEcPLiCGtxDHZrAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MHl2mMyA==</latexit><latexit sha1_base64="NsLos3laW3WlkybC0/eUHSYSJS0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GNRDx5bsB/QhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzCRBP6JDyUPOqLFS465frrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ66LquVWvcVmp3eRxFOEETuEcPLiCGtxDHZrAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MHl2mMyA==</latexit><latexit sha1_base64="NsLos3laW3WlkybC0/eUHSYSJS0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GNRDx5bsB/QhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzCRBP6JDyUPOqLFS465frrhVdw6ySrycVCBHvV/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ66LquVWvcVmp3eRxFOEETuEcPLiCGtxDHZrAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MHl2mMyA==</latexit>

v
<latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit>s

<latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit>

v
<latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit>

v
0

<latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit><latexit sha1_base64="AkkrhsXdIw3G8G3OhMFY/u2piAU=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFdlUQEXRbduKxgH9CGMplO2qGTSZi5KZTQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4Pxfe63J1wbEasnnCbcj+hQiVAwilbq9iKKoyDMJrOLfqXq1tw5yCrxClKFAo1+5as3iFkacYVMUmO6npugn1GNgkk+K/dSwxPKxnTIu5YqGnHjZ/PIM3JulQEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rphje+plQSYpcscVHYSoJxiS/nwyE5gzl1BLKtLBZCRtRTRnalsq2BG/55FXSuqp5bs17vK7W74o6SnAKZ3AJHtxAHR6gAU1gEMMzvMKbg86L8+58LEbXnGLnBP7A+fwBXoyRSw==</latexit>

s
<latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit><latexit sha1_base64="J6xFw90Z2QEOsXZN4W7UZxGyO0g=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhZmaDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AH1oJEX</latexit>

True

Fake

Fake

Fake v
<latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit><latexit sha1_base64="hHmc8DnL8weBQ5oJmgGYEz1+IwA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUQEXRbduKxgH9iGMplO2qGTSZi5KZTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo5bJk41400Wy1h3Amq4FIo3UaDknURzGgWSt4PxXe63J1wbEatHnCbcj+hQiVAwilZ66kUUR0GYTWb9StWtuXOQVeIVpAoFGv3KV28QszTiCpmkxnQ9N0E/oxoFk3xW7qWGJ5SN6ZB3LVU04sbP5oln5NwqAxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dNMbzxM6GSFLlii4/CVBKMSX4+GQjNGcqpJZRpYbMSNqKaMrQllW0J3vLJq6R1WfPcmvdwVa3fFnWU4BTO4AI8uIY63EMDmsBAwTO8wptjnBfn3flYjK45xc4J/IHz+QP6L5Ea</latexit>s

−

<latexit sha1_base64="IafLNEY9Fqekd4B2sJgh8UMNE4Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYmenjeb9SdWvuDGSZeAWpQoFGv/LlD2KWRlwhk9SYrucm2MuoRsEkn5b91PCEsjEd8q6likbc9LJZ5ik5tcqAhLG2TyGZqb83MhoZM4kCO5lnNIteLv7ndVMMr3uZUEmKXLH5oTCVBGOSF0AGQnOGcmIJZVrYrISNqKYMbU1lW4K3+OVl0rqoeW7Nu7+s1m+KOkpwDCdwBh5cQR3uoAFNYJDAM7zCm5M6L8678zEfXXGKnSP4A+fzBxsokbY=</latexit><latexit sha1_base64="IafLNEY9Fqekd4B2sJgh8UMNE4Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYmenjeb9SdWvuDGSZeAWpQoFGv/LlD2KWRlwhk9SYrucm2MuoRsEkn5b91PCEsjEd8q6likbc9LJZ5ik5tcqAhLG2TyGZqb83MhoZM4kCO5lnNIteLv7ndVMMr3uZUEmKXLH5oTCVBGOSF0AGQnOGcmIJZVrYrISNqKYMbU1lW4K3+OVl0rqoeW7Nu7+s1m+KOkpwDCdwBh5cQR3uoAFNYJDAM7zCm5M6L8678zEfXXGKnSP4A+fzBxsokbY=</latexit><latexit sha1_base64="IafLNEY9Fqekd4B2sJgh8UMNE4Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYmenjeb9SdWvuDGSZeAWpQoFGv/LlD2KWRlwhk9SYrucm2MuoRsEkn5b91PCEsjEd8q6likbc9LJZ5ik5tcqAhLG2TyGZqb83MhoZM4kCO5lnNIteLv7ndVMMr3uZUEmKXLH5oTCVBGOSF0AGQnOGcmIJZVrYrISNqKYMbU1lW4K3+OVl0rqoeW7Nu7+s1m+KOkpwDCdwBh5cQR3uoAFNYJDAM7zCm5M6L8678zEfXXGKnSP4A+fzBxsokbY=</latexit><latexit sha1_base64="IafLNEY9Fqekd4B2sJgh8UMNE4Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYmenjeb9SdWvuDGSZeAWpQoFGv/LlD2KWRlwhk9SYrucm2MuoRsEkn5b91PCEsjEd8q6likbc9LJZ5ik5tcqAhLG2TyGZqb83MhoZM4kCO5lnNIteLv7ndVMMr3uZUEmKXLH5oTCVBGOSF0AGQnOGcmIJZVrYrISNqKYMbU1lW4K3+OVl0rqoeW7Nu7+s1m+KOkpwDCdwBh5cQR3uoAFNYJDAM7zCm5M6L8678zEfXXGKnSP4A+fzBxsokbY=</latexit>

Cyclic
consistency

loss

s
0

<latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit><latexit sha1_base64="Ca88nm/Gpiy7bOTttAkVS+KPVbU=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovoqiQi6LLoxmUF+4A2lMl00g6dTMLMjVBCP8ONC0Xc+jXu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKFqp148ojoMwM7PzQbXm1t05yCrxClKDAs1B9as/jFkacYVMUmN6npugn1GNgkk+q/RTwxPKJnTEe5YqGnHjZ/PIM3JmlSEJY22fQjJXf29kNDJmGgV2Mo9olr1c/M/rpRje+JlQSYpcscVHYSoJxiS/nwyF5gzl1BLKtLBZCRtTTRnaliq2BG/55FXSvqx7bt17uKo1bos6ynACp3ABHlxDA+6hCS1gEMMzvMKbg86L8+58LEZLTrFzDH/gfP4AWfqRSA==</latexit>

CVAE

Figure 3. Detailed illustration of our proposed GDAN model. E and G are the encoder and decoder/generator of the CVAE, R represents

the Regressor network, and D represents the Discriminator for adversarial training. The CVAE and the Regressor interact with each other

through a cyclic consistency loss, while they both learn from the Discriminator through a dual adversarial loss. The CVAE loss is not

illustrated in the figure for clarity, and the Regressor has an additional supervised reconstruction loss.

x, along with its class feature c, to its latent feature z, and a

decoder/generator PG(x|z, c) that maps a latent vector to a

data point. The training objective of CVAE is to minimize

the following loss function:

loss(θE , θG) = EPdata(x,z),PE(z|x,c)[logPG(x|z, c)] (1)

−DKL(PE(z|x, c)||P (z)),

where DKL(p||q) represents the Kullback-Leibler diver-

gence between two distributions p and q, and P (z) is treated

as a unit Gaussian distribution.

However, as pointed out in [41, 40, 8, 21], CVAE is hard

to train due to the posterior collapse problem. In order to

mitigate this problem, we follow [31] to disentangle z from

c, so that the encoder only depends on x (i.e. PG(z|x)), as

illustrated in the top left of Figure 3. Also, as in [21], we

add an adversarial loss to help learning better CVAE, which

we will discuss later. The loss of the conditional variational

autoencoder (CVAE) used in our model is defined as fol-

lows:

LCVAE(θE , θG) = EPdata(v,s),PE(z|v)[logPG(v|z, s)] (2)

−DKL(PE(z|v)||P (z)),

where v is an image’s visual feature and s is the class em-

bedding of v.

Although generative models like VAE [16] and

GAN [12] have been proved to be effective in generating

images, the output images of generative models are still

blurry for images with complex objects, and the synthetic

images often lack the sharpness to reveal the detailed at-

tributes of objects, which are important for zero-shot learn-

ing [7]. Hence, instead of generating raw images, we train

CVAE to generate visual feature v, where the ground truth

visual features are provided by image classification models

pretrained on ImageNet [28].

3.4. Regressor Network

While the CVAE learns to generate visual features from

semantic features, our model also has a Regressor network

that performs the reverse task of mapping visual features

back to their corresponding semantic features. The CVAE

and Regressor together form a dual learning framework so

that they can learn from each other. In our case, the prime

task is generating image features conditioned on class em-

bedding, while the dual task is to transform image features

back to their corresponding class embedding.

As illustrated in the down left of Figure 3, the Regres-

sor network R takes two kinds of image features as input,

where the first kind is the real image features v sampled

from training data, and the second kind is the fake features

v
′ = G(s, z) generated by the CVAE. With the paired train-

ing data (v, s), we can train the Regressor with a supervised

loss:

Lsup(R) = EPdata(v,s)||s−R(v)||22. (3)

In addition, the Regressor interacts with the CVAE with

the following cyclic-consistency loss:

Lcyc(θG, θE , θR) = EPdata(v,s),PE(z|v)[||v −G(R(v), z)||22
(4)

+ ||s−R(G(s, z))||22],

where G is the decoder/generator of CVAE and PE(z|v) is

implemented by the encoder E in Figure 3.

3.5. Discriminator Network

So far, the Generator and Regressor already combines

semantic → visual and visual → semantic methods,

but it still lacks the ability to learn from a flexible metric

which can better evaluate the similarity of features. In order

to incorporate metric learning, the third component of our

model is a Discriminator network D (as shown in the right

of Figure 3) that takes as input a visual-semantic feature pair

(v, s) and output a compatibility score indicating the extent

to which v belongs to the class characterized by s. The

Discriminator network learns how to evaluate the closeness
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of an image feature to a class, instead of using a predefined

metric like L1/L2 distance or cosine similarity.

In order to train the Discrimiantor to distinguish differ-

ent types of fake data, inspired by Text-to-Image-GAN [26],

we also train the Discriminator with two kinds of fake in-

put, i.e. (G(s, z), s) and (v, s−), where s− is a randomly

sampled class’s embedding and s 6= s−. In addition, we

add a novel third type of fake input generated by the Re-

gressor, i.e. (v, R(v)). In this way, not only the CVAE but

also the Regressor can learn from the Discriminator through

adversarial training.

Since GANs are notoriously hard to train, there are

many methods that try to stabilize the training process of

GAN [12, 22, 4, 13]. In our model, we apply LS-GAN [22]

as the training method for adversarial loss for its simplicity

and effectiveness. Thus the adversarial loss for the Discrim-

inator of our model can be defined as:

Ladv(θD) = EPdata(v,s)[D(v, s)− 1]2 (5)

+ EPdata(v,s),PE(z|v)[D(G(s, z), s)2]

+ EPdata(v)[D(v, R(v))2]

+ EPdata(v,s),Pdata(s−|s)[D(v, s−)2],

where the first term is the loss for real samples (v, s), the

second term stands for the scores of features generated by

the Generator, the third term stands for the scores of class

embedding generated by the Regressor, and the last term is

the control loss which trains the Discriminator to discrimi-

nate pairs of real image features and real negative class em-

bedding. The negative sample s− is randomly sampled from

the set of training classes {s−y |y ∈ Ys, s−y 6= s}. Here the

discriminator D tries to push the scores of real samples to

1 and push the scores for generated samples to 0, while the

generator G tries to push the scores of its synthetic samples

to 1.

Also, the adversarial loss for CVAE and Regressor can

be defined as:

Ladv(θR) = EPdata(v)[D(v, R(v))− 1]2 (6)

Ladv(θE , θG) = EPdata(v,s),PE(z|v))[D(G(s, z))− 1]2

(7)

3.6. Full Objective and Training Procedure

In adversarial training, the discriminator is training sep-

arately from the other two networks, while we train the

CVAE and Regressor using an overall loss defined as:

L(θG, θE , θD, θR) = LCVAE(θG, θE) + Ladv(θG, θE)

+ λ1 ∗ Lcyc(θG, θE , θR)

+ λ2 ∗ Lsup(θR)

+ λ3 ∗ Ladv(θR), (8)

where λ1, λ2 and λ3 are hyper-parameters that assign

weight on different parts of the overall loss.

The training procedure of our GDAN model is as fol-

lows: we first pretrain CVAE using Equation 2, and then

train the whole model in an adversarial way using Equa-

tion 5 and Equation 8. The implementation details will be

provided in the experiment section.

3.7. Evaluation Protocol

Once the model has been trained, in order to predict the

label for unseen classes, we can first generate new sam-

ples for each unseen class, and then combine those synthetic

samples with other samples in the training data, after which

we can train any new classifier based on this new dataset

that contains samples for both seen and unseen classes. For

fair comparison with other baselines, we just apply a simple

1-NN classifier for testing, which is used in most baselines.

4. Experiments

In this section, we conduct extensive experiments on four

public benchmark datasets under the generalized zero-shot

learning setting.

4.1. Datasets and Settings

We compare our GDAN model with several baselines on

SUN [24], CUB [32], aPY [10] and AWA2 [34]. Among

these datasets, aPY [10] and AWA2 [34] are coarse-grained

and of small and medium size respectively, while SUN [24]

and CUB [32] are both medium fine-grained datasets. We

follow the training/validation/testing split as well as the im-

age and class features provided by [34]. The statistics of

these datasets is summarized in Table 1.

For image features and class embedding, we use pub-

licly available features provided by [34]. We also adopt the

widely used average per-class top-1 accuracy to evaluate

the performance of each model, which is defined as follows:

AccY =
1

||Y||

||Y||∑

c

# of correction predictions in c

# of samples in c
(9)

In generalized zero-shot learning setting, during test

phrase we use images from both seen and unseen classes,

and the label space is also the combination of seen and un-

seen classes Ys ∪ Yu. We want the accuracy of both seen

and unseen classes to be as high as possible, thus we need a

metric that can reflect the overall performance of a model.

Since arithmetic mean can be significantly biased by ex-

treme values, we follow [34] and use harmonic mean in-

stead. Let AccYs and AccYu denote the accuracy of images

from seen and unseen classes respectively, the harmonic

mean H of seen and unseen accuracy is thus defined as:

H =
2 ∗AccYu ∗AccYs

AccYu +AccYs

(10)
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Dataset #attributes
#seen classes

(train+val)

#unseen

classes

#images

(total)

#images

(train+val)

#images

(test unseen/seen)

aPY [10] 64 15+5 12 15339 5932 7924/1483

AwA2 [34] 85 27+13 10 37332 23527 7913/5882

CUB [32] 312 100+50 50 11788 7057 2679/1764

SUN [24] 102 580+65 72 14340 10320 1440/2580

Table 1. Statistics of datasets.

Dataset SUN CUB AwA2 aPY

Methods U S H U S H U S H U S H

SSE [39] 2.1 36.4 4.0 8.5 46.9 14.4 8.1 82.6 14.8 0.2 78.9 0.4

LATEM [33] 14.7 28.8 19.5 15.2 57.3 24.0 11.5 77.3 20.0 0.1 73.0 0.2

ALE [1] 21.8 33.1 26.3 27.3 62.8 34.4 14.0 81.8 23.9 4.6 73.7 8.7

DEVISE [11] 16.9 27.4 20.9 23.8 53.0 32.8 17.1 74.7 27.8 4.9 76.9 9.2

SJE [2] 14.7 30.5 19.8 23.5 52.9 33.6 8.0 73.9 14.4 3.7 55.7 6.9

ESZSL [27] 11.0 27.9 15.8 12.6 63.8 21.0 5.9 77.8 11.0 2.4 70.1 4.6

SYNC [5] 7.9 43.3 13.4 11.5 70.9 19.8 10.0 90.5 18.0 7.4 66.3 13.3

SAE [17] 8.8 18.0 11.8 7.8 54.0 13.6 1.1 82.2 2.2 0.4 80.9 0.9

DEM [38] 34.3 20.5 25.6 19.6 57.9 29.2 30.5 86.4 45.1 11.1 79.4 19.4

RelationNet [36] - - - 38.1 61.1 47.0 30 93.4 45.3 - - -

PSR-ZSL [3] 20.8 37.2 26.7 24.6 54.3 33.9 20.7 73.8 32.3 13.5 51.4 21.4

SP-AEN [7] 24.9 38.2 30.3 34.7 70.6 46.6 23.3 90.9 31.1 13.7 63.4 22.6

CVAE-ZSL [23] - - 26.7 - - 34.5 - - 51.2 - - -

GDAN 38.1 89.9 53.4 39.3 66.7 49.5 32.1 67.5 43.5 30.4 75.0 43.4

SE-GZSL* [31] 40.9 30.5 34.9 41.5 53.3 46.7 58.3 68.1 62.8 - - -

f-CLSWGAN* [35] 42.6 36.6 39.4 43.7 57.7 49.7 - - - - - -

Table 2. Results of generalized zero-shot learning evaluated on four benchmark datasets. *Note that SE-GZSL [31] trains an additional

LinearSVC for testing, and that f-CLSWGAN [35] trains additional embedding models for testing, so their results may not be directly

comparable with others.

4.2. Implementation Details

We implement the CVAE, Regressor and Discriminator

of our model as feed-forward neural networks. The Encoder

of CVAE has two hidden layers of 1200 and 600 units re-

spectively, while the Generator of CVAE and the Discrim-

inator is implemented with one hidden layer of 800 hidden

units. The Regressor has only one hidden layer of 600 units.

The dimension of noise vector z is set to 100 for all datasets.

We use λ1 = λ2 = λ3 = 0.1 and find that they generally

work well. We choose Adam [15] as our optimizer, and

the momentum is set to (0.9, 0.999).The learning rate of

Discriminator is set to 0.00001, while the learning rate for

CVAE and Regressor is 0.0001. d iter and g iter are set to

1, which means all the modules of our model train with the

same number of batches. We train on each dataset for 500

epochs, save the model checkpoints every 10 epochs, and

then evaluate on the validation set to find the best one for

testing. Our code is also available online1.

1www.github.com/stevehuanghe/GDAN

4.3. Results

We compare our model with recent state-of-the-art meth-

ods on generalized zero-shot learning, and the results are

shown in Table 2. Although f-CLSWGAN [35] also uses

GAN for zero-shot learning, it trains additional embedding

methods such as [1, 2, 11, 33], while most baselines only

use 1-NN for testing, thus its results may not be directly

comparable with others. SE-GZSL [31] is also closely re-

lated to our model, but it trains an additional LinearSVC for

testing, so it is not directly comparable with other methods.

For f-CLSWGAN [35] and SE-GZSL [31], we just copy

and paste their results from the original papers [35, 31] in

Table 2 for reference.

As can be seen from Table 2, our model achieves a sig-

nificant performance gain in SUN [24]. For both seen and

unseen classes, our method achieves the highest accuracy

among all baselines, and with a significant improvement

in classifying images from seen classes, our method also

outperform deep embedding models [38, 3, 7] and gener-

ative model such as [23] as well as metric learning model

[36] by a large margin. This shows the benefits of putting
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visual → semantic, semantic → visual and metric

learning into one framework.

For CUB [32] dataset, our model achieves the highest

accuracy for unseen classes, while our accuracy for seen

classes is slightly lower than SP-AEN [7]. Still, we achieve

the highest harmonic mean of 49.5%, which is 2.5% higher

than the second place RelationNet [36]. This again shows

that our model maintains a good balance of predicting im-

age from both seen and unseen classes, while previous

method may not manage the trade-off as well as ours.

For AwA2 [34], our GDAN outperforms some recent

methods like SP-AEN [7] and PSR-ZSL [3] in both un-

seen class accuracy and harmonic mean accuracy. Al-

though DEM [38] and RelationNet [36] slightly outper-

forms our GDAN in harmonic mean accuracy by less than

1%, GDAN achieves a higher unseen class accuracy than

them with a margin of 1.6%.

According to [7], aPY [10] has a much smaller cosine

similarity (0.58) between the attribute variances of the dis-

joint train and test images than the other datasets (0.98 for

SUN, 0.95 for CUB, 0.74 for AwA2), which means it is

harder to synthesize and classify images of unseen classes.

Although previous methods have relatively low accuracy

for unseen classes, our performance gain is even higher

with such a difficult dataset. Compared to all previous

models, our GDAN achieves a higher accuracy for unseen

classes by a large margin of 16%, and still our model main-

tains a high accuracy for seen classes. From the results of

previous models we can see that although they generally

achieves very high accuracy for seen classes, they perform

very poorly when predicting images from unseen classes,

while our model achieves a good balance between seen and

unseen classes, which give us the highest harmonic mean

accuracy on aPY [10].

4.4. Component Analysis

In this section, we study the problem of whether the three

components actually help each other in training, so we train

them independently to see how well they perform when they

are alone. We train the CVAE component using Equation 2

and evaluate using the same protocol as GDAN. For the

Discriminator, we train it using Equation 5 but with only

two kinds of input, i.e. (v, s) and (v, s−). During evalu-

ation, for each image feature, we use the Discrimiantor to

calculate its matching score with all class embedding and

assign it to the class which has the largest score. As for

the Regressor, we train it with Equation 3 and evaluate us-

ing 1-NN. We can also use the Discriminator and Regres-

sor of our trained GDAN model and test their performance

in generalized zero-shot learning, and we denote them as

Discriminator-GDAN and Regressor-GDAN. We also train

our GDAN without Discriminator (GDAN w/o Disc) and

without Regressor (GDAN w/o Reg) respectively.

Datasets SUN CUB AwA2 aPY

CVAE 30.1 33.7 28.5 28.1

Discriminator 0.07 1.43 4.2 1.2

Regressor 0.1 3.4 3.8 10.1

Discriminator-GDAN 1.0 3.3 11.2 11.1

Regressor-GDAN 5.8 4.3 7.1 11.5

GDAN w/o Disc 37.3 38.2 31.4 29.6

GDAN w/o Reg 37.4 38.1 30.9 29.3

GDAN 38.1 39.3 32.1 30.4

Table 3. Unseen class accuracy for component analysis.

The results of unseen class accuracy evaluated on four

dataset are shown in Table 3. As we can see, the CVAE

component alone is comparable to many baselines like

PSR-ZSL [3] and SP-AEN [7], while the Regressor and

Discrimiantor are very weak on their own, which is reason-

able since they are implemented as neural networks with

only one hidden layer. If we train with only two of the com-

ponents, as we can see from the second and third last row of

Table 3, our model still have a major performance gain com-

pared to other baselines, and the Regressor or Discriminator

have similar effect on improving the performance of CVAE.

In addition, if we train all three components together, we

find out that not only the CVAE component generates better

samples for unseen classes, but also the Discriminator and

Regressor have a performance boost, which demonstrates

the effectiveness of putting three components under a uni-

fied framework.
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Figure 4. Test accuracy for unseen classes with respect to the num-

ber of synthetic samples.

4.5. Effect of the Number of Synthetic Samples

We also analyze how the number of synthetic samples

affects test accuracy, as shown in Figure 4. As we can see,

for AwA2 [34], increasing the number of synthesized ex-

amples does not help much in increasing the prediction ac-

curacy on unseen classes, while for the other classes, the

accuracy increases as the number of synthesized samples

increases, and saturates when the number of synthetic sam-
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Figure 5. t-SNE visualization of synthetic (•) and real (×) image features for unseen classes in (a) AwA2 and (b) aPY datasets.

ples is about 400. Also, CUB [32] and SUN [24] have a

larger improvement in performance as the number of syn-

thetic samples increases than the other two datasets, which

may be because of there are much more unseen classes in

CUB [32] (50) and SUN [24] (72) than that of aPY [10] (12)

and AwA2 [34] (10), and thus more synthetic samples can

better help distinguishing images among those classes.

4.6. Visualization of Synthetic Image Features

In order to provide a qualitative evaluation on our pro-

posed GDAN model, we visualize some synthetic image

features along with some real image features, and the re-

sults are illustrated in Figure 5. Since the numbers of un-

seen classes for CUB [32] and SUN [24] are relatively large

and thus hard to visualize, we only visualize the results of

AwA2 [34] and aPY [10]. For each unseen class we syn-

thesize 200 image features, and we also randomly sample

200 real image features for each unseen class as well, and

then we use t-SNE [20] to reduce the dimension to two for

visualization.

From the real samples in Figure 5(a) we can see that

some classes overlap with each other by a large degree, such

as blue whale and walrus, rat and bat. This overlapping is

reasonable since bat and rat are biologically similar to each

other, and thus it make sense for the synthetic samples of

bat to be close to rat as well. For most classes like bobcat,

horse, dolphin, the synthetic image features are very close

to the true samples, where some even overlap with true sam-

ples quite well, such as blue whale, sheep and giraffe. One

failure case is the rat class, where we can see that the syn-

thetic samples are far from the true samples. Except for this,

as we can see from Figure 5(a), 1-NN can predict the label

of test images quite well for most classes.

Similar conclusions can be drawn for aPY [10] as well,

as shown in Figure 5(b). It should be noted that the real sam-

ples of aPY [10] are densely cluttered and that many classes

overlap with each other by a large degree, especially in the

down-right part of Figure 5(b), where there are at least 4

classes almost completely overlap together. From the visu-

alization of other classes that are put closer to the boundary

of the figure, we can see that our model generates very good

visual features that matches the real ones quite well, such

as the sheep, motorbike and person classes. Even for the

densely cluttered area, the synthetic features still totally lie

within that clutter, which means our model can still gener-

ate very good examples of those cluttered classes. Just as

the AwA2 [34] dataset, however, there are still some failure

cases here, for example, the synthetic features of the statue

class are not very close to the real features.

5. Conclusion

In this paper, we study the generalized zero-shot learning

problem and propose GDAN, a model that unifies three dif-

ferent approaches: visual → semantic mapping (genera-

tor), semantic → visual mapping (regressor), and metric

learning (discriminator). The generator and the regressor

learn from each other in a dual learning fashion, while they

both learn from the discriminator through a dual adversarial

loss. In this way, our model provides a unified framework to

bridge the gap between visual and semantic space in a gen-

erative dual adversarial framework. Extensive experiments

on four benchmark datasets demonstrate the effectiveness

of our model in balancing accuracy between seen and un-

seen classes. Component analysis also show that each of

the three components can benefit from jointly training to-

gether and thus demonstrate the effectiveness of our pro-

posed model. We also visualize the synthetic visual features

of unseen classes to show that our model is able to generate

high quality visual features.
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