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ABSTRACT

Zero-shot learning (ZSL) aims to recognize unseen classes by transferring semantic knowledge from seen
classes to unseen ones. Since only seen classes are available during training, the domain bias issue, i.e.,
the trained model is biased toward seen classes, is the key issue for ZSL. To alleviate the bias problem,
generation-based approaches are proposed to build generative models that can generate fake visual fea-
tures of unseen classes by utilizing semantic vectors. However, most of the existing generative methods
still suffer some degree of domain bias caused by the ambiguous generation of fake features. In this paper,
we propose a cross-modal propagation network (CMPN), which adopts an episode-based meta-learning
strategy. CMPN incorporates the adaptive graph construction and label propagation into the generative
ZSL framework for guaranteeing an unambiguous and discriminative fake feature generating. By further
leveraging the manifold structure of different modalities in the latent space, CMPN can implicitly ensure
intra-class compactness and inter-class separation through label propagation classification in latent space.
Extensive experiments on four datasets validate the effectiveness of CMPN under both ZSL and general-

ized ZSL (GZSL) settings.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

The success of deep learning [1], which has gained consider-
able development for various tasks [2,3], relies on the availabil-
ity of sufficient training data that is annotated by humans. How-
ever, in realistic scenarios, some classes have a considerable num-
ber of training samples, while others have few or even no training
data. Since the collection of labeled data for some classes is labor-
intensive and sometimes impossible, zero-shot learning (ZSL) [4] is
developed to address the limitations in deep learning. ZSL identi-
fies samples of classes that do not appear in the training set with
the aid of semantic information, such as attribute vectors defined
manually [5] or word embedding vectors [6]. Semantic information
serves as a bridge to connect the seen classes and unseen ones,
and the ZSL model aims to recognize unseen classes by transfer-
ring semantic knowledge from seen classes to unseen ones.

In recent years, ZSL has received more attention in the field of
vision. Most of the ZSL methods [7-9] learn a visual-semantic em-
bedding function that aims to obtain a latent representation space
for both visual and semantic. However, generalized ZSL (GZSL), be-
ing a more challenging task, tests both seen and unseen class im-
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ages in the testing stage. Since only seen classes are available in
the training stage, unseen test images will have a high probability
of being misclassified as seen classes, which we call the domain
bias problem. Some methods [10-19] have been proposed to allevi-
ate this problem in GZSL, of which generation-based methods [10-
15] have received considerable attention. Generation-based meth-
ods mitigate the domain bias problem by training generators to
synthesize sufficient fake visual features for unseen classes using
semantic vectors. SE-GZSL [10] proposes a feedback-driven mecha-
nism to get an improved generator based on the framework of the
conditional variational autoencoder. f-CLSWGAN [11] trains wasser-
stein generative adversarial networks (WGAN) based on class-
level semantic information. CADA-VAE [12] trains variational auto-
encoder (VAE) to encode and decode visual and semantic features
respectively, it also uses a cross-alignment (CA) loss and a dis-
tribution aligned (DA) loss to train the generator. f-VAEGAN-D2
[13] combines the advantages of VAE and generative adversarial
networks (GAN), learning the marginal feature distribution of un-
labeled images by utilizing unconditional discriminator. Consider-
ing that previous methods optimize the model based only on seen
classes and neglect to explicitly learn to generate fake visual fea-
tures of unseen ones in the training stage. The idea of episode-
based meta-learning [20,21] has inspired the community to solve
the domain bias problem in GZSL. ZSML [14] has been proposed to
deal with ZSL by exploiting a learning paradigm of meta-learning.
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It designs episode learning based on model-agnostic meta-learning
[21]. The ZSL is simulated in each episode to learn to generate
high-quality features with the given semantic vectors. After mul-
tiple episodes, the model can gradually accumulate the ability of
generating unambiguous fake visual features.

However, previous generative ZSL/GZSL approaches have not
considered whether the synthesized fake visual features of unseen
classes can guide the classification of real visual features, that is,
those methods still fail to guarantee intra-class compactness and
inter-class separation in latent space. Thus, the adaptive graph con-
struction and label propagation are incorporated into the genera-
tive ZSL model, which is termed as cross-modal propagation net-
work (CMPN). In CMPN, motivated by the assumption that sam-
ples with different modalities and the same semantics satisfy the
manifold assumption in the latent space, we construct a graph of
visual and semantic samples in latent space and implement cross-
modal label propagation for classification. In this way, the fake vi-
sual features generated by semantic vectors can propagate label in-
formation to visual features, achieving cross-modal label propaga-
tion. Specifically, we adopt a meta-learning strategy for training.
Our main contributions are summarized as follows:

1) We propose a cross-modal propagation network (CMPN)
based on meta-learning for advancing the previous generative
ZSL/GZSL methods. CMPN guarantees intra-class compactness
and inter-class separation in the latent space, which is a com-
mon representation space for both visual and semantic modal.

2) CMPN incorporates adaptive graph construction and label prop-
agation into the generative ZSL/GZSL model in the latent space
for generating unambiguous and discriminative fake features.

3) CMPN is evaluated using conventional benchmark datasets, i.e.
AWA1, AWA2, CUB, and aPY under ZSL and GZSL settings. Ex-
tensive experiments on these benchmarks validate the effec-
tiveness of CMPN.

2. Related work
2.1. Zero-shot learning

Zero-shot learning (ZSL) [4] aims to identify the image of un-
seen classes, which do not appear in the training stage. The key
of ZSL is transferring semantic knowledge from seen classes to un-
seen ones. Some works [7-9] are dedicated to obtaining a shared
embedding space for visual and semantic modal utilizing seen
classes. ZSL focuses only on the classification of unseen classes,
however, it is more realistic to include both seen and unseen
classes in the testing set. Thus generalized ZSL (GZSL) considers
both the classification of test seen and test unseen images dur-
ing the testing. The methods of GZSL are dedicated to solving
the bias problem, where unseen test images are often misclassi-
fied into seen classes. These works can be divided into generation-
based methods [10-15,19] and attribute-based methods [16-18].
Generation-based GZSL trains the generative model based on the
seen classes, then generates unseen classes samples utilizing the
given semantic vectors, merging the seen class samples to con-
struct a full-observed training dataset. After that, we can train
a supervised classification model (e.g., SVM or softmax classifier)
to achieve the classification of GZSL. Attribute-based GZSL uti-
lizes class attribute vectors to guide the transformation from visual
space to semantic space, increasing the separability of visual fea-
tures in semantic space. After that, the classifier searches for the
class attribute vector with the highest compatibility.

2.2. Meta-learning

To address the drawbacks of traditional machine learning where
data is rare or expensive unavailable, meta-learning [22] has been
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proposed to improve learning performance by accumulating expe-
rience. The meta-learning model uses a training model of mul-
tiple episodes. Meta-learning has advanced the development of
deep learning and thus led to the explosion of research on meta-
learning recently. Meta-learning has been successfully applied in
several domains, which include few shot image recognition [20],
reinforcement learning [23], and hyper-parametric optimization
[24]. Hospedales et al. [25] mention that meta-learning can im-
prove the generalization of models for a given problem.

2.3. Label propagation

The label propagation (LP) [26], a graph-based semi-supervised
learning method, which is proposed to predict the label of un-
labeled samples. It is an iterative algorithm that builds a graph
model by the relationship between samples, each node updates its
label guided by the neighboring samples. LP has two assumptions
under the semi-supervised learning setting: (i) The smoothness as-
sumption, where neighboring samples have the same label. (ii) The
manifold assumption, where points on the same manifold structure
have the same labels. As such, when the data satisfies these two
assumptions, we can use LP to solve the semi-supervised learning
problem. LP has attracted tremendous attention because of its sim-
ple and easy implementation, short algorithm execution time, and
good classification effect, and has been widely applied to multi-
media information classification [27], community mining [28] and
other fields. In this paper, we argue that samples with different
modalities but the same semantics satisfy the smoothness assump-
tion and manifold assumption in the latent space.

3. Methodology

In this section, we introduce a cross-modal propagation net-
work (CMPN). Firstly, we give the problem definitions of ZSL and
GZSL. Then, we present the proposed CMPN and illustrate different
parts of it.

3.1. Problem definition

We first formalize the ZSL and GZSL tasks. Given a train-
ing set D= {(x;.y;.a(yy))|x; € X.y; e ¥5.a(y;) € A}, x e RU*1 is
the dq-dimensional visual feature vector and y; is the label
of x; in the training set. a(y;) € A is the class semantic em-
bedding. In addition, we have a disjoint class label set U =
{(j.ayj))lyj € V¥, a(y;) € A} of unseen classes, where visual fea-
tures are missing. It is well known that, Y VY = ¢. The goal of
ZSL is to learn a prediction: X — Y. In a generalizd setting, the
test images come from both seen and unseen classes. With D and
U, we learn a prediction: X — Y5 U JH.

3.2. Cross-modal propagation network (CMPN)

CMPN adopts a meta-learning strategy, as shown in Fig. 1. In
the meta-training stage, we randomly select 2C classes from the
seen classes to construct an episode, where C classes are treated
as seen classes, and other C classes are treated as fake unseen
classes. In an episode, the zero-shot task is simulated to classify
images of C fake unseen classes, provided that C seen classes are
present. After multiple episodes, the base model gradually accumu-
lates the ability to handle zero-shot problems. In the meta-testing
stage, the features are generated utilizing the semantic vector of
unseen classes.

For the base model training, we integrate the generative model,
feature embedding, adaptive graph construction, and label prop-
agation into a unified framework. The framework diagram of
CMPN is shown in Fig. 2. The goal of CMPN is to ensure that
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Fig. 1. The architecture of meta ZSL.

the fake visual features generated by the semantic vectors have
intra-class compactness and inter-class separation. The generative
model, which is used to generate fake visual features, ensures that
the visual and semantic information is aligned in the visual space.
The feature embedding is a neural network that maps features in
the visual space to a new latent space. In that space, we obtain
the nearest neighbor graph via adaptive graph construction and
perform label propagation. Adaptive graph construction computes
the parameters of distance metric to explore the manifold struc-
ture between different modalities and label propagation aims to
use the label information of semantic features to predict the label
of visual features.

3.2.1. Feature generation

For each episode S' = {Sr, Ste}, Sir is the samples of seen classes
including visual samples X; and their corresponding semantic vec-
tors As, See is the samples of fake unseen classes including visual
samples X, and the corresponding semantic vectors Ay. In CMPN,
we use St and Sge for transductive training under one episode. For
the generator G: Z x A — X, random Gaussian noise z € Z and se-
mantic vector a € A are the inputs of the generator to generate
features X € X. The discriminator D aims to discriminate whether
the sample is a fake visual feature X or a real visual feature x.
We use the classical GAN [29] as the generator. The generator tries
to generate fake visual features that can fool the discriminator D.
With G and D, we can construct the relationship between the vi-
sual features and the semantic features. The discriminator D can be
learned by optimizing the adversarial objective. The losses of G and
D are defined as: £Lp = E[D(x,a)] — E[D(%, a)], L; = —E[D(X, a)].

3.2.2. Feature embedding
Feature generation mainly generates fake visual features utiliz-
ing semantic vectors, but we argue that the original visual space
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may lack discriminative ability. Therefore we map the real visual
features and fake visual features to a new latent space E. To boot-
strap the space E to be more discriminative, we perform adaptive
graph construction and label propagation in this space.

3.2.3. Adaptive graph construction

Manifold learning is to map the high-dimensional data to low-
dimensional space so that this low-dimensional data can reflect
some essential structural properties of the high-dimensional data.
The most important factor in manifold learning is the construction
of graph that reflects the true manifold of the data. Therefore, the
choice of distance metric is particularly important when construct-
ing the graph. In this paper, we use Gaussian similarity function as

X2
distance metric: w;; = exp(— HX’ZUXZJH ), where o is the length scale

parameter. The nearest neighbor graph structure changes with dif-
ferent values of o. For label propagation, the value of o is worth
considering. In this paper, we use the information of the sample
itself to learn o, so the P network is utilized to get the o corre-
sponding to each sample in space E : 0; = P(E(;)).

LRGN
i j

wij = exp(—5 |

The adaptive graph construction utilizes the network to learn
the length scale parameter . The similarity between nodes is cal-
culated utilizing the metric function and the graph is constructed
using k-nearest neighbors. As shown in Fig. 2, the graph of an
episode is constructed where the nodes are E(x;) and the edges
are the relationship between two points.

(1)

3.2.4. Label propagation

The goal of label propagation is to use the label information of
Ay to infer the label of samples in ;. It can be deduced that the
design of the base model in CMPN is a transductive-style manner.
The cross-modal label propagation learning aims to obtain a more
discriminative latent space. A symmetric adjacency matrix W has
been constructed, w;; is the similarity of the sample pair. We then
perform a graph Laplacian on W, R = D~1/2WD-1/2, where D is a
diagonal matrix, the value of D;; is the sum of i;, row of W. The
label matrix Y is further defined as follows:

Y, — 1 xeSuAyi=jorxie XA\yi=] 2)
0 X; € Xy.
Label propagation identifies the label iteratively: F =

(I- yR)’1Y, where [ is the identity matrix, y € (0,1) is a
parameter. The classification loss is calculated by measuring the
prediction of label and ground truth of S and Sg. F is converted
exp(F;)

to probabilistic score by softmax: P(y; = j) = S e’
= 1

where y;

G

Generator

Semantic Vectors @

T Discriminator

(1) Input (2) Feature generation (3) Embedding

Fig. 2. The architecture of CMPN for one episode. Different colors are used to distinguish the classes of the vectors, i.e. “blue’

“Lion”, “Zebra” and “Panda”, respectively.
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Table 1

The detail of the datasets. “Att” is the dimension of the attribute. “S/U”
is the number of seen classes and unseen classes. “Img (Tr)” is the num-
ber of images of the train. “Img (Te-s)” is the number of images that be-
long to seen classes of the test set. “Img (Te-u)” is the number of images
that belong to unseen classes of the test set.

Dataset  Att S/U Img (Tr) Img (Te-s)  Img (Te-u)
AWAL1 85 40/10 19,832 4958 5685
AWA2 85 40/10 23,527 5882 7913
CUB 1024 150/50 7057 1764 2967
aPY 64 20/12 5932 1483 7924

is the predicted label of the i;, sample. The classification loss is
computed as:

Cx(N1+Ny) 2C

> Y I == DIog(PF; = jlxi).

i—1  j=1

Lo = (3)

where N; and N, are the number of samples for each class in S;
and S;s respectively, and y; is the ground truth of x;. Indicator func-
tion 1(b), I(b) == 1 if b is true, else 1(b) == 0. The objective L is
given as: Lgc = L + BLc, where «, 8 are hyperparameters. We
train an episode in an end-to-end style. After several episodes of
training, we believe that the model has accumulated experience in
handling zero-shot problems. Therefore, the total loss of our model
in an episode takes the form of: £ = Lp + L¢c.

3.3. Testing procedure

After training, we get the trained generator and network for
feature embedding, so we can generate the labeled samples of un-
seen classes. For ZSL, we use the synthesized samples to train a
classification model, such as SVM. For GZSL, the synthesized sam-
ples of unseen classes merge the samples of the seen class to train
a classification model. Finally, we make predictions for the input
test visual features v. f(E(v)) = argmax, 5 M(y|E(v); 6"). Where 6’
is the parameter of the classification model M. For ZSL, Y = ), for
GZSL, = ySu M.

4. Experiments
4.1. Datasets and settings

We evaluate our model on four benchmark datasets, as shown
in Table 1, including Animals with Attributes 1 (AWAT1) [4], Ani-
mals with Attributes 2 (AWA2) [30], Caltech-UCSD Birds (CUB) [31],
and Attribute Pascal and Yahoo (aPY) [32], where the criteria of
dataset partition follows the [30]. Each dataset consists of visual
features that are extracted from ResNet-101 pre-trained on Ima-
geNet and semantic vectors are designed by humans (Table 1).

The whole framework consists of a generator (G), a discrimina-
tor (D), a network for feature embedding (E), and a length scale pa-
rameter calculator (P). For all the data we set the output dimension
of generator G to 2048, which is consistent with the visual dimen-
sion, the output dimension of network for feature embedding E to
512, and the output of parameter calculator P to 1 dimension. The
generator G and discriminator D contain three fully-connected lay-
ers with LeakyReLU activation. The network E contains one fully-
connected layer with LeakyReLU activation. The length scale pa-
rameter calculator P consists of two convolution blocks, each con-
taining a 3 x 3 convolution, batch normalization, ReLU activation,
and 2 x 2 max-pooling.

We use the episode-training paradigm of meta-learning, in an
episode, Si includes 10 classes with 5 samples each, S;e includes
10 classes with 3 samples each. For parameters « and 8, we take
a=0.1, =1 for ZSL task and « =1, B = 10 for GZSL task. The
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Fig. 3. Results of the hyper-parameters analysis.

value of y of label propagation is set to 0.99. For ZSL, the AWA1
dataset needs to generate 100 samples per class, 100 samples per
class for AWA2 dataset, 50 samples per class for CUB dataset, and
100 samples per class for aPY dataset. For GZSL, the AWA1 dataset
needs to generate 500 samples per class, 600 samples per class
for AWA2 dataset, 50 samples per class for CUB dataset, and 600
samples per class for aPY dataset. We train the model for 5000 it-
erations for the CUB dataset and 500 iterations for the aPY dataset.
The AWA1 and AWA2 datasets converge after 20,000 iterations. For
ZSL, the evaluation criterion is classification accuracy, and for GZSL,
the evaluation criterion is a harmonic mean which is defined as
H = ZAsMu H is determined by the class average accuracy of seen
classes As and class average accuracy of unseen classes Au. The
higher H is, the better the GZSL algorithm is.

4.2. Comparisons with state-of-the-art methods

Table 2 shows the results of CMPN compared to the state-of-
the-art GZSL methods. Our CMPN achieves significant improve-
ments of at least 1.1%, 0.9%, 1.9% and 2.9% of the harmonic mean
on AWA1, AWA2, CUB and aPY, respectively. Specifically, our ap-
proach achieves competitive results compared to the current meta
ZSL methods [14,36]. These results demonstrate the superiority and
great potential of CMPN for feature generation.

Table 3 shows the comparison of CMPN with the existing state-
of-the-art methods for ZSL. Our CMPN achieves significant im-
provements of at least 2.1%, 6.5%, 3.0% and 0.3% of the classifi-
cation accuracy on AWA1, AWA2, CUB and aPY, respectively. Com-
pared with relation net [36] and ZSML [14], CMPN considers the
cross-modal label information propagation during training to en-
sure the generation of discriminative features.

4.3. Analysis of hyper-parameters

We evaluate the impact of the different number of selected
seen and fake unseen classes in an episode. We restrict the num-
ber of classes of seen and fake unseen classes to be the same. The
number of classes ranged from 5 to 20 with an interval of 5. As can
be seen in Fig. 3(a), the choice of the number of classes greatly af-
fects the classification performance. We think it is most appropri-
ate to choose 10 seen classes and 10 fake unseen classes form an
episode.

By constraining the total number of seen classes and fake un-
seen classes to be constant, we investigate the performances with
different proportion of seen class number in S; versus fake un-
seen class number in Sg. Particularly, proportions from [1:4,1:
3,2:3,1:1,3:2,3:1,4:1] are utilized, e.g. 1:4 stands for se-
lecting 4 seen classes and 16 fake unseen classes with a constant
total class number of 20. As shown in Fig. 4, in the generalized
setting, As tends to increase and Au tends to decrease while the
proportions increase for CUB and AWA2. The changing tendency of
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Table 2
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GZSL results on AWA1, AWA2, CUB, and aPY. As/Au: the class average accuracy of seen/unseen classes (%). H: the harmonic mean accuracy (%). Best and second best results

are marked with bold and underlined.

AWA1 AWA2 CUB aPy
Method Au As H Au As H Au As H Au As H
ESZSL [7] 6.6 75.6 121 5.9 77.8 11.0 12.6 63.8 21.0 2.4 70.1 4.6
SJE [33] 11.3 74.6 19.6 8.0 73.9 14.4 23.5 59.2 33.6 - - -
LATEM [8] 7.3 71.7 13.3 115 77.3 20.0 15.5 57.3 24.0 0.1 73.0 0.2
ALE [34] 16.8 76.1 27.5 14.0 81.8 23.9 23.7 62.8 34.4 - - -
SYNC [9] 8.9 87.3 16.2 10.0 90.5 18.0 11.5 70.9 19.8 7.4 66.3 13.3
DEM [35] 32.8 84.7 47.3 30,5 86.4 45.1 19.6 57.9 29.2 1.1 75.1 19.4
RN [36] 31.4 91.3 46.7 30.0 93.4 453 38.1 61.1 47.0 - - -
DCN [37] - - - 25.5 84.2 39.1 28.4 60.7 38.7 14.2 75.0 23.9
TCN[38] 49.4 76.5 60.0 61.2 65.8 63.4 52.6 52.0 52.3 - - -
EDE [39] 36.9 90.6 52.4 35.2 93.0 51.1 21.0 66.0 31.9 7.8 75.3 14.1
GAZSL [40] 29.6 84.2 43.8 35.4 86.9 50.3 31.7 61.3 41.8 - - -
SE-GZSL [10] 56.3 67.8 61.5 68.1 58.3 62.8 41.5 53.3 46.7 - - -
f-CLSWGAN [11] 61.4 57.9 59.6 57.9 61.4 59.6 437 57.7 497 - - -
cycle-CLSGAN [41] 56.9 64.0 60.2 - - - 45.7 61.0 52.3 - - -
ABP [42] 57.3 67.1 61.8 55.3 72.6 62.6 47.0 54.8 50.6 - - -
CADA-VAE [12] 57.3 72.8 64.1 55.8 75.0 63.9 47.2 35.7 406 14.7 305 19.8
F-VAEGAN-D2 [13] - - - 57.6 70.6 63.5 48.4 60.1 53.6 - - -
Zero-VAE-GAN [15] 58.2 66.8 62.3 57.1 70.9 62.5 43,6 47.9 45.5 32.0 52.2 39.7
AMAZ [43] 64.4 63.6 64.1 60.1 69.2 64.3 58.2 55.7 56.9 - - -
DUET [44] - - - 48.2 90.2 63.4 39.7 80.1 53.1 21.8 55.6 31.3
ZSML [14] 57.4 711 63.5 58.9 74.6 65.8 60.0 52.1 55.7 36.3 46.6 40.9
CMPN 61.0 70.1 65.2 58.6 77.3 66.7 59.5 58.0 58.8 313 68.5 42.9
Table 3 Table 4
ZSL results on AWA1, AWA2, CUB, and aPY (%). Best and sec- Experimental results of ZSL of four datasets with differ-
ond best results are marked with bold and underlined. ent dimensions of the latent space E.
Method AWAL1 AWA2 CUB aPY Dimensions of E =~ AWA1 AWA2 CUB aPyY
ESZSL [7] 58.2 58.6 539 383 512 75.6 82.6 72.7 643
LATEM (8] 55.1 55.8 493 352 1024 72.9 775 726 645
SYNC [9] 54,0 466 556 239 2048 73.7 75.5 745  63.6
DEM [35] 68.4 67.1 51.7 350
DCN [37] - 65.2 562 436
SE-GZSL [10] 69.5 69.2 596 -
f-CLSWGAN [11] - 68.2 573 - and Au, we chose a proportion of 1: 1, i.e. 10 classes for both S
F-VAEGAN-D2 [13]  71.1 - 610 - ds he discriminability of th d |
CADA-VAE [12] 623 64 604 - and St to ensure the iscrimina ility of the genertate samples.
Zero-VAE-GAN [15]  71.4 69.3 548 374 For graph construction, we use K nearest neighbors and the
LisGAN [45] 706 704 588 - choice of K affects the graph structure, different graph structures
Qg"‘[e;G[]”] gg-g gi.(z) g;; 413 affect the results of label propagation. We choose different K, from
EDE [39] 701 665 71 204 10 Fo 25, with an interval of 5. As. can-be seen in Fig. 3(b), the
EXEM (1NNs) [46]  68.1 64.6 580 - choice of K greatly affects the classification performance. When K
ZSML [14] 73.5 76.1 69.7 64.0 takes the value of 20, the H results of all four datasets reach the
CMPN 75.6 82.6 72.7 643 best.
To obtain a more discriminative space, we map the real and
fake visual features to a new space E. We show the effect of dif-
0. 1 1
T o —_— ferent dlrpenswns of E on the CMPN' mo@el. We analyze the ZSL
oot results with 512, 1024, 2048 dimensions in E. From Table 4, we
o8 o751 observe that for ZSL, setting the dimension of E to 512 is desirable,
g /\ g o which can achieve a trade-off between performance and computa-
5 0.58 5 .
g, . tional cost.
0.56 .
s e o ] 4.4. Ablation study
0.54 0.55

14 1:3 2:3 11

Proporation

32 31 4:1 14 1:3 2:3 1:1

Proporation

32 3:1 41

(a) The impact of different proportion (b) The impact of different proportion
of the class number on CUB. of the class number on AWA2.

Fig. 4. Effect of the proportion of the seen class number versus fake unseen class
number in an episode.

H, overall, is stable. Se ensures that the fake visual features gener-
ated by semantic vectors can propagate label information to visual
features, and as the amount of S classes decreases, this ability
decreases, leading to a decrease of Au. To compromise between As
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CMPN consists of four components, the generative model GAN,
the network for feature embedding E, a length scale parameter cal-
culator P, and the label propagation LP. As shown in Fig. 6, we re-
move one of the components to measure the impact of that com-
ponent on the results. Besides, we also validate the effectiveness of
the episode-training paradigm.

Effectiveness of episode-training paradigm To verify the effective-
ness of this learning approach, we select 0 fake unseen classes
when constructing episodes. C classes are randomly selected and
N; samples from each class are chosen as S;. From C classes,
which are consistent with the S;, N, samples from each class are
chosen as Sg. As shown in Fig. 5, we can conclude that the Au
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Fig. 5. Effectiveness of episode-training paradigm.
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Fig. 6. Effects of different components on four datasets with GZSL setting.

and H of all datasets decrease significantly in the case without
the episode-training paradigm. Indicating that the episode-training
paradigm plays a role in CMPN, increasing the generalization per-
formance of the model by learning from multiple simulated ZSL
tasks.

Effectiveness of feature embedding We argue that the obtained
space E has stronger discriminative power compared to the orig-
inal visual space. To prove the conjecture, we remove the net-
work E from the CMPN model and perform label propagation in
the original visual space. The As metric of model GAN+P+LP is less
than CMPN, and the H is also less than CMPN, indicating that the
feature mapping has improved the accuracy of the seen class to
some extent. Space E is more discriminative than the original vi-
sual space.
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40

-60

Fig. 8. t-SNE visualizations of several randomly selected seen and unseen classes
on CUB. x indicates unseen classes, e indicates seen classes.

Effectiveness of learning the length scale parameter To verify the
effectiveness of this graph construction method, we set the length
scale parameter o to 1. For datasets AWA1, aPyY, the Au, H metric
of model GAN + E + LP is less than CMPN. For datasets AWA2, CUB,
the Au, As, and H metric of model GAN + E + LP is less than CMPN.
This shows that learning the length scale parameter o through the
network is practical and effective for adaptive graph construction.

Effectiveness of label propagation As for baseline model, we only
consider GAN loss. The results of the baseline model in metric As,
Au, and H are less than those of CMPN, which indicates that it is
crucial to consider the high quality of the synthesized samples and
ensure that the generated samples can guide the classification of
real visual samples.

4.5. Visualizations

We show t-SNE [47] visualizations of synthesized unseen sam-
ples on AWA2/CUB under ZSL for ZSML and CMPN. From Fig. 7 it
can be concluded that: (1) CMPN is able to generate features with
more inter-class discriminability and intra-class compactness; (2)
CMPN consistently outperforms baseline ZSML for both datasets
AWA?2 and CUB.

To further demonstrate that CMPN can the manifold structure
to ensure intra-class compactness and inter-class separation in the
latent space, we show the t-SNE visualization of several randomly
selected seen and unseen class samples on CUB. Fig. 8(a) visual-
izes the classes in the latent space without considering the man-
ifold structure (the design of the classification loss does not con-
sider the manifold structure and only focuses on the classification
of the generated samples), and Fig. 8(b) shows the visualization
of the classes under the CMPN model. We can obtain that: (1)
Since the unseen classes are generated, the unseen classes in (a)
and (b) have good properties. (2) Compared to Fig. 8(a), the vis-
ible classes in Fig. 8(b) are separable between classes and more
compact within classes. (3) Compared to Fig. 8(a), there are more
diversity between the seen and unseen classes in Fig. 8(b).
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Fig. 7. t-SNE visualizations of synthesized unseen samples on AWA2/CUB under ZSL for ZSML and CMPN, respectively.
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5. Conclusion and future work

In this paper, we propose a new meta ZSL model, the
cross-modal propagation network model (CMPN), which uses an
episode-training paradigm. To ensure intra-class compactness and
inter-class separability in the latent space, the CMPN integrates
adaptive graph construction and label propagation into the gen-
erative model. CMPN also can guarantee the unambiguous and
discriminative fake feature generating. Extensive experiments on
these benchmarks validate the effectiveness of CMPN. The effec-
tiveness of the proposed CMPN is further demonstrated by abla-
tion experiments. In the future, we will further explore the struc-
tural information of multimodal to pursue better performance of
zero-shot learning.
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