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Abstract

Current work on zero-shot learning (ZSL) generally does not focus on the discriminative ability of the models, which is
important for differentiating between classes since our brain focuses on the discriminating part of the object to classify it.
For generalized ZSL (GZSL), the fact that the outputs of the model are not comparable leads to a degraded performance.
We propose a new ZSL method with a center loss to make the instances from the same class more compact by extracting
their discriminative parts. Further, we introduce a varying learning rate to accelerate the model selection process. We
also demonstrate how to boost the performance of GZSL by rectifying the outputs of the model to make the outputs be
comparable. Experimental results on four benchmarks, including SUN, CUB, AWA2, and aPY, demonstrate the superiority
of the proposed method, therein achieving state-of-the-art performance.

Keywords Zero-shot learning - Center loss - Cycling learning rate - Output rectification

Introduction

Zero-shot learning (ZSL) [32] has gained popularity in object
recognition tasks. We know that traditional object recognition
methods [29, 33] seek to assign an object instance to the
categories observed in a training set. In contrast, ZSL attempts
to recognize an object instance from a new category never
observed before, where the observed categories in the
training set and the unseen categories in the test set are
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disjoint. ZSL relies on the existence of a labeled training set
of observed classes and knowledge about how each unseen
class is semantically related to the observed classes. Seen
and unseen classes are usually related in a high-dimensional
vector space, called a semantic embedding space. Such
a space can be a semantic attribute space or a semantic
word vector space. The semantic relationships between the
classes can be measured by a distance. It is important to
project a feature representation of the object image to the
semantic space.

Most ZSL methods learn a projection function from
a visual feature space to a semantic embedding space
using a training set. Such processes can be divided into
three groups: (1) learning a projection function from a
visual feature space to a semantic space by a regression
or ranking method [3, 10, 13, 18, 28]; (2) choosing the
reverse projection direction, such as from the semantic
space to the visual feature space [17, 27]; and (3) learning
an intermediate space onto which both the visual feature and
the semantic space are projected [7, 36].

For the first type of approach, semantic output code (SOC)
classifier [23] searches the nearest class embedding vector after
mapping the image features into the semantic space. Attribute
label embedding (ALE) [2] introduces a function that measures
the compatibility between an image and a label embedding.
Deep visual semantic embedding (DeViSE) [10] presents a
deep visual-semantic embedding model trained to identify
visual objects, where the semantic information can be
exploited to achieve reasonable predictions. Structured joint
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embedding (SJE) [3] learns a compatibility function such
that matching embeddings are assigned a higher score
than mismatching embeddings. Embarrassingly simple ZSL
(ESZSL) [25] uses a square loss with L, regularization
to learn the bilinear form on the visual features and
the class attributes. Bucher et al. [6] optimizes a metric
discriminating capacity and accuracy attribute prediction,
both of which associate two types of sub-task constraints.
Semantic auto-encoder (SAE) [16] presents a semantic
auto linear encoder to regularize the model by enforcing
the reconstruction from the image feature space into the
semantic space.

For the second type of approach, zero-shot learning
through cross-modal transfer (CMT) [28] uses a neural
network with two hidden layers to learn a non-linear
projection from the image feature space to the word2vec
space. Latent embedding method (LatEm) [31] extends the
learning of a single bilinear map to a collection of maps
with the selection by introducing a latent variable for the
current image-class pair. Ba et al. [4] use text features to
predict the output weights of both the convolutional and
fully connected layers. Deep embedding model (DEM) [35]
regard the visual space as the embedding space instead of
embedding into a semantic space. Changpinyo et al. [8]
utilize the clustering structure in the semantic embedding
space by imposing a structural constraint.

For the final type of approach, ZSL via semantic
similarity embedding (SSE) [36] views each source or target
data as a mixture of observed class proportions and assumes
that the mixture patterns from the same unseen class should
be similar. Joint latent similarity embedding (JLSE) [37]
develop a joint discriminative learning framework based on
dictionary learning to jointly learn the model parameters in
both the source and target domains. Synthesized classifiers
(SYNC) [7] aligns the semantic space to the model space
and introduces a set of “phantom” object classes that live in
both spaces.

However, current work rarely focuses on the discrim-
inative ability of ZSL, which is an important factor for
differentiating between classes. In GZSL, the outputs for
both the training classes and test classes are not comparable,
leading to a reduced classification performance.

In our work, we propose a new ZSL approach with the
center loss by discriminatively learning a feature space to a
semantic space. Our contributions are as follows:

(1) The new ZSL approaches make the instances from the
same classes more compact, where highly discriminative
features can be obtained for ZSL tasks.

(2) We show that the performance of GZSL can be
maximized by rectifying the output of the model resulting
from the incomparability of the outputs, as supported by
our experimental results.
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(3) We introduce the cycling learning rate for the model
selection of ZSL, where the cycling rate can make the
model rapidly converge in few epochs (e.g., 10) for each
parameter configuration and significantly accelerate the
random search process.

The remainder of the paper is organized as follows:
Section 3 gives works related to ZSL tasks, Section 3
introduces our CenterZSL algorithm, Section 3 shows the
experimental settings and results, and the final section
summarizes the conclusions.

Related Works

Zero-shot learning Direct attribute prediction (DAP)
model, a seminal work for ZSL, is proposed by Lampert
et al. [19]. In DAP, the probabilistic attribute classifiers
are first learned for each attribute, then the posteriors of
the test classes are calculated for a given image. The final
class is obtained by maximizing the posterior estimation.
Meanwhile, multi-class classifier on seen classes for indi-
rect attribute prediction (IAP) [19] is trained. According
to the scores of these seen classes, the attribute posteriors
are deduced. Both DAP and IAP ignore the correlations
between different attributes; a random forest approach is
further introduced by [11].

Recently, to further construct the relationships between
image and semantic vector, embedding-based methods
are emerging and gradually leading the ZSL community.
Typically, to learn the bilinear compatibility matrix, ALE
[1] and DeViSE [10] optimize a hinge ranking loss,
and SJE [3] proposes to optimize structured SVM loss.
Moreover, ESZSL [25] and SAE [16] utilize the least
square loss to learn the embedding matrices, and also
incorporate some specially designed regularizations. LatEm
[31] is further proposed for extending the linear embedding
methods to non-linear bilinear formulation. Other non-
linear embedding methods include CMT [28] which is a
two-layer neural network model for mapping image feature
space to the semantic space, and DEM [35] which projects
semantic vectors of classes into the visual feature space.
Besides direct projection between images and their semantic
vectors, both of which are projected into some intermediate
space is another group of methods for ZSL, e.g., JLSE [37]
and SSE [36], a more thorough review on ZSL is in [32].
The above methods mainly utilize deep features, which are
based on end-to-end deep CNN. The representative works
are learning latent discriminative features (LDF) [20] which
learn to focus regular objects, and Yang’s work [34] that
learns to discover the relation between different images.
Zhong [38] et al. propose a convolutional discriminative loss
(CD-Loss), which encourages the deep features of data to
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be close within each class and far between different classes
in the space of the learned deep features.

As for latent attribute learning, there merely exist several
linear transformation methods including joint learning of
semantic and latent attributes (JSLA) [24], LDF [20], and
latent attribute dictionary (LAD) [12], all of which are
obtained by directly/indirectly regulating the inter-class
and intra-class distances, and they are first-order attribute
methods.

Generalized ZSL If images from both seen and unseen
classes are considered during the testing phase, ZSL
becomes generalized ZSL (GZSL), which is first proposed
by [26]. Then, new split for the training and test data for
GZSL is proposed by [32]. Following the new split, samples
from both seen and unseen classes are utilized to conduct
GZSL evaluation.

Zero-Shot Learning with Center Loss

We are given a set of source classes Cs = {l1,lp, -, [}
and N labeled source samples D = {(/;, y,-)}lN= , for
training, where [; is the i-th training image and y; is its
label. Given a new test image I, the goal of ZSL is to assign
it to an unseen class label from Cy = {ls11, - - - , [s44}. Itis
noted that CsNCy = ¢, i.e., the training classes and the test
classes are disjoint. Each class label y (training or testing) is
associated with a predefined semantic space representation

().

Model Architecture

The architecture of our model consists of a CNN subset
that takes an image I; as input and output a D-dimensional
feature vector ¢(1;) € RP*!. Our ZSL model attempts to
learn the relation between the visual feature space and the
semantic space. Formally,

F(I;; W) = ¢(IN" We(y) (1

Fig.1 Framework of our
proposed CenterZSL algorithm.
The cross entropy and the center
loss is used to supervise the
model’s image feature extraction
and the discriminant
classification respectively

input images

where W is the weight to learn in a fully connected layer. It
can be regarded as a linear projection matrix that maps an
image representation ¢ (/;) to the semantic space.

At the test stage, an unseen image [, can be assigned to
the best matched class y* € Cy

y* = arg gggd»uu)fw(l) )

Our model is end-to-end trainable, and the image
representation ¢ (/) also can be learned during the
training process. Although most previous methods fixed the
representation ¢ (/) and only learned the projection matrix
W, the image representation may be inadequate for specific
ZSL tasks. In general, learning features during the training
process in an end-to-end framework will contribute to better
performance (Fig. 1).

Center Loss

We use the center loss to improve the discriminative
capability of the deeply learned features. This minimize the
intra-class variations while keeping the features of different
classes separable, therein formulated as

N
1 2
Lcenter = 5 E llx; — Cy; -,

i=1

3)

where x; is the network output of image /; and cy, is the
y;-th class center of deep features.

We update the centers with respect to a mini-batch
instead of the entire training set. Note that only the centers
with labels appearing in the mini-batch will be updated.
In our work, we use the same learning rate for the center
parameters and the network parameters, unlike in Wen’s
work [30], which set a different learning rate to control
the update of the center vectors. Finally, we adopt the joint
optimization of the softmax loss and the center loss for the
discriminative ZSL

L = Loftmax + ALcenter
N N
1 exp(xy,) A 2
= =D log e £ 23 — ey 2 )
N ; D iecs €Xpx) 2 ; o
leopard
Roxe
) Lsoftma,y; )
project n horse
Lcenter
‘/VTQS([,U,) wolf

image features
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The center loss is closely related to the within-class
covariance matrix

N

Sw=Y_ Y (w—c)xa—en, (5)

=1 neM;

where M; is the set of images with the label /. We obviously
observe that

Lecenter = tr(Sw). (6)

The above joint loss can be easily trained by the
stochastic gradient descent (SGD) algorithm [15]. The
derivative of the parameters is implemented by automatic
differentiation for all operations on tensors.

With the center loss, we can achieve the following
purposes: (1) We can update the center vectors whiling
minimize the distance between the deep features and their
corresponding class centers; (2) the center loss will enlarge
the inter-class feature difference and reduce the intra-class
feature variations.

In summary, the center loss will highly enhance the
discriminative power of the deeply learned features.

Optimization of Hyperparameters

There are basically four methods for optimizing the hyper-
parameters: manual search, grid search [14], random search
[5], and Bayesian optimization.

Random search is able to find models that are as good
as grid search and require less computation time. However,
there are many hyperparameters originating from the model
and training algorithm, e.g., the learning rate, momentum,
dropout parameter, and regularization parameter. For each
configuration, the training on large datasets is the main
computational bottleneck of deep learning methods: this
process often requires several days to obtain reasonable
results.

To accelerate the model selection for deep learning,
we adopt stochastic gradient descent with warm restart
(SGDR) [21] as shown in Fig. 2. SGDR simulates a new
restart of SGD after 7; epochs are implemented. During 7T;
epochs, the learning value is varied from its maximum to its
minimum (e.g., 0). Formally, the learning rate with a cosine
annealing is computed as

T
o= Oln21ax (1 + cos < ;Trn)) , @)

where omax 1S the max learning rate and Ty, is the current
number of epochs since the last restart. Note that each batch
has a learning rate since T¢y, is updated during each batch
iteration. Meanwhile, we increase 7; by a factor of Ty, at
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Fig.2 Cycling learning rate and constant learning rate

every restart. For model selection, we ran 10 epochs for each
group of parameters on the training data due to SGDR’s
fast convergence. The best parameter configuration will be
chosen to run 100 epochs on the larger dataset (including
the training and validation datasets).

Rectification of GZSL's Outputs

We use the average class accuracy (average of per-class
top-1 accuracy) to compare different algorithms because
densely populated classes will dominate the performance
when subject to imbalanced classes. In the generalized ZSL
setting, the class space in the evaluation time simultaneously
includes the training classes and the testing classes;
therefore, we need to compute the average per-class top-1
accuracy on the training and testing classes.

We observe that the outputs on the training classes and
the testing classes are not comparable. When the outputs
from the training classes is dominated, the classification
performance on the training classes is higher than on
the testing classes and vice versa. We argue that the
performance on the training class is not necessarily better
than the performance on the testing class, as found
empirically in Chao’s work [9].

In what follows, we subtract a constant y for all the
training classes to make the training class and testing class
be comparable. Note that our y can be taken as positive
or negative, unlike in Chao’s method (y > 0), which
makes a biased assumption that the outputs of the model
on the training classes must be higher than ones on the
testing classes. Our challenge is similar to that of the binary
unbalanced classification problem. All instances are only
initially assigned to the training classes (y — —o00). We
gradually drop an instance from the training classes into
the testing classes. Finally, all instances are assigned to the
testing classes (y — +00). We obtain an optimal constant y
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to maximize the harmonic average of the training accuracy
and testing accuracy:

2%k accsy * accee

H=—"——, ®)

accy + accee

where accy and acc;, represent the accuracy of the images
from the training class and testing class, respectively.

Experiments
Datasets

We select two coarse-grained datasets (aPY and AWA?2) and
two fine-grained datasets (SUN and CUB). Details of the
dataset statistics are listed in Table 1.

CUB (Caltech-UCSD Birds-200-2011) is a medium-
scale dataset with respect to the number of classes and
images. We follow the class split of CUB with 150 training
(50 validation classes) and 50 testing classes. SUN contains
14,340 images coming from 717 types of scenes annotated
with 102 attributes, where 645 classes (65 classes for
validation) are chosen for training and 72 classes for testing.
AwA2 contains 37,322 images of the same 50 classes of
animals for training (13 classes for validation) and another
10 classes for testing, which is an extension of AwAl.
Finally, aPY contains 32 classes with 64-dimensional
attribute vectors, including 20 Pascal classes for training and
12 Yahoo classes for testing.

Implementation Details

In our work, we conduct our experiments under two types
of ZSL settings: a standard splitting (SS) and the proposed
splitting (PS). In addition, we also give the results under the
generalized ZSL, where the test samples may come from
either the training classes or testing classes.

For aPY, we crop the images from the bounding boxes.
Our image embeddings are 4096-dimensional top-layer
pooling units of the VGG19 network. We use the original

VGG19, which is pre-trained on ImageNet with 1000
classes. Most ZSL methods adopt fixed pre-trained features,
but we argue that it is inappropriate to regulate the image
representation using fixed image features. In general, an
end-to-end framework will contribute to better performance.
We initialize the final fully connected linear layer with the
attribute matrix and fix the parameters during the training
process.

For the multi-scale sampling, after the image is resized
to 256 dimensions, we randomly crop the size to 0.08 ~ 1
times of the original size, and we keep a randomly selected
aspect ratio of between 1/2 and 4/3. The finally cropped size
is a given size 224 x 224.

SGD is used to optimize our model with a minibatch size
of 64. The initial learning rate and the hyperparameter A
are separately and randomly taken from [0.0001, 0.01]. For
our SGD algorithm, we use SGDR to control the learning
rate, where the starting cycle is set to 10 iterations and
then multiplied by a factor 2 (Tjny = 2). The dropout rate,
momentum and weight decay are set to 0.4, 0.9 and 0.0005,
respectively.

Our experimental settings strictly adhere to the splitting
guidelines for the sake of fairness during comparisons. The
training parameters and model parameters are determined
as follows: we validate them on the validation dataset after
finishing 10 epochs of training on the training dataset. The
final model is evaluated on the testing data.

Effect of Regularization Parameter A

In Fig. 3, we show the effect on our accuracy of varying A on
the CUB datasets. The model under each configuration will
run on the dataset for 10 epochs. We set A to 1075, 1074,
5x107,8x 107,107, 2 x 1073, 4 x 1073, 6 x 1073,
8 x 1073 and 1072, and we fix the learning rate to 0.001.
We can see that the performance of the model varies with
increasing A. The performance is affected by not only the
hyperparameter A but also the learning rate, although Fig. 3
shows that the performance on both ends of the range is
better than under other values.

We can observe that the curve shows two minimum
points in Fig. 3, which demonstrate the objective function is

Table 1 Statistics on datasets: size, number of attributes, number of classes in train and test, number of images during training and test for SS and

PS splits

Dataset Att Tr_Class Te_Class Tr_Ins(SS) Te_Ins(SS) Tr_Ins(PS) Te_Ins(PS)
CUB 312 100+50 50 8855 2933 7057 1764+2976
SUN 102 580+65 72 12,900 1440 10,320 2580+1440
AWA2 85 27413 10 30,337 6985 23,527 5882+7913
aPY 64 1545 12 12,695 2644 5932 1483+7924

It is noted that the two numbers in the final column denote the number of images in training and test classes
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Fig.3 Effect of A on ZSL with the center loss

a one-dimensional non-linear and non-monotonic function
of the hyperparameter . When X is taken as 0.01, we get
better performance than in the case of A = 0, which shows
that the usage of the center loss can effectively improve the
performance of ZSL model. Finally, although we only give
the performance variations with the hyperparameter A on the
CUB dataset, we can obtain similar results on other datasets.

Varying Learning Rate and Step Learning Rate

Figure 4 gives a comparison of the best accuracy in the
first ten iterations between the constant learning rate and the
varying learning rate. The length and multiplier of the cycle
are taken from {2, 10} and {1, 1.1, 1.5, 2}, respectively.
After three iterations, the constant learning rate begins to
catch up with the varying learning rate. However, at the
6th iteration, the performance of the varying learning rate
overcomes the performance of the constant learning rate. In
practice, an increasing period may decrease the decay speed
of the learning rate. Therefore, we see that we can obtain
the best performance with cycle multipliers of 2 and 1.5.
It is not surprising that our algorithm achieves the highest
accuracy under cycle_len = 10 and cycle_mul = 2, which
is a good empirical setting [21] in deep learning.

Comparisons on Conventional ZSL Problems

In conventional ZSL, we follow the instructions and
splitting in [32]. The average class accuracies of our
methods on the testing classes on five benchmarks are
reported in Table 2.

Compared with previous methods in Table 2, our center
approach improves upon the state-of-the-art performance on
both the SUN and CUB datasets. We would like to note
that the center approach achieves 65.9% (PS) and 66.9%
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(SS), therein being an impressive gain over the reported
best results (55.6% and 55.3%). On the AWA?2 dataset, our
results are comparable to the best results (80.2% vs 80.7%
with the SS split and 62.4% vs 62.5% with the PS split). On
the aPY dataset, the results of our center approach are better
than those of its competitor for the PS split, although it is
lower than the best performance.

Table 2 also demonstrates the importance of the center
loss, which provides a good discriminative ability. We find
that our center loss approach (A > 0) is consistently superior
than the cross entropy approach (with A = 0) on all
datasets and their splits. This confirms the advantages of the
discriminative loss.

Results on Rectifying Output of GZSL

We observe that the outputs in the training and test classes is
not comparable. When the outputs from the training classes
dominate, the classification performance of the training
classes is higher than that of the test classes, and vice versa.
We argue that the performance of the training classes is not
necessarily better than one of the test classes, which can be
found in Chao’s work [9].

Figure 5 demonstrates the necessity of rectifying the
outputs of GZSL. We can see that the training accuracies
decrease gradually but the test accuracies increase when we
put the instances one by one from the training class into the
test class. The higher the harmonic measure is, the better an
algorithm is able to balance. At some point, we achieve the
maximum harmonic average of the training accuracy and the
test accuracy. On the red square point (Fig. 5), the training
accuracy is the most close to the test accuracy. In Table 3,
we further validate the advantages of rectifying approaches.

62.5
60.0
57.5
> 55.0 1
v
E
3
8 52.5 1
50.0 - —— cycle_len=2, cycle_mul=1
: —— cycle_len=2, cycle_mul=1.1
—— cycle_len=2, cycle_mul=1.5
47.5 A —— cycle_len=2, cycle_mul=2
—— cycle_len=10, cycle_mul=2
45.0 —— constant learning rate=0.001

0 2 4 6 8
iterations

Fig. 4 Comparisons between the step learning rate and the cycling
learning rate where the initial learning rate is 0.001 with the settings
of different cycle lengths and the cycle multipliers
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Table 2 Zero-shot learning results on SUN, CUB, AWA2, and aPY

Method SUN-SS SUN-PS CUB-SS CUB-PS AWA2-SS AWA2-PS aPY-SS aPY-PS
DAP [18] 38.9 39.9 375 40.0 58.7 46.1 352 33.8
IAP [18] 17.4 19.4 27.1 24.0 46.9 359 22.4 36.6
CONSE [22] 442 38.8 36.7 34.3 67.9 445 259 26.9
CMT [28] 419 39.9 37.3 34.6 66.3 37.9 26.9 28.0
SSE [36] 54.5 51.5 43.7 439 67.5 61.0 31.1 34.0
LATEM [31] 56.9 553 49.4 49.3 68.7 558 34.5 35.2
ALE [2] 59.1 58.1 532 54.9 80.3 62.5 30.9 39.7
DeViSE [10] 57.5 56.5 532 52.0 68.6 59.7 354 39.8
SJE [3] 57.1 53.7 553 539 69.5 61.9 32.0 329
ESZSL [25] 57.3 54.5 55.1 539 75.6 58.6 34.4 383
SYNC [7] 59.1 56.3 54.1 55.6 71.2 46.6 39.7 239
SAE [16] 42.4 40.3 334 333 80.7 54.1 83 8.3
Cross 56.5 58.5 62.5 61.6 79.8 592 39.7 36.5
Center 60.3 61.5 66.9 65.9 80.2 62.4 41.1 39.0

The highest accuracy of each dataset given by ZSL methods is highlighted in italic type

SUN aPY
30 A
60 4
25 4
50 A
20 A
> 40
5
§30_ 15 1
?
*920- 10 -
10 A 5

o
1
o
1

CcuB AWA2
60 1 50 A
50 A 40 -
>
Q' 40 A
E 30 -
>
o
@ 30
B 20 -
F 20 -
10 A
10 A
0 A 0 A
0 20 40 60 80 0 20 40 60 80
Train accuracy Train accuracy

Fig.5 Training class-test class accuracy curve of our algorithm on SUN and CUB datasets: the red square point and the blue cross point show the
training accuracy and test accuracy after and before rectifying
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Table 3 Generalized zero-shot learning on proposed split (PS) measures, including training accuracy, testing accuracy, and harmonic mean

Method SUN CUB AWA?2 aPY
tr te H tr te H tr te H tr te H

DAP [18] 4.2 25.1 7.2 1.7 67.9 33 0.0 84.7 0.0 4.8 78.3 9.0
IAP [18] 1.0 37.8 1.8 0.2 72.8 0.4 0.9 87.6 1.8 5.7 65.6 10.4
CONSE [22] 6.8 39.9 11.6 1.6 72.2 3.1 0.5 90.6 1.0 0.0 91.2 0.0
CMT [28] 8.1 21.8 11.8 7.2 49.8 12.6 0.5 90.0 1.0 1.4 85.2 2.8
SSE [36] 2.1 36.4 4.0 8.5 46.9 14.4 8.1 82.5 14.8 0.2 789 0.4
LATEM [31] 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 [2] 21.8 33.1 26.3 23.7 62.8 34.4 14.0 81.8 23.9 4.6 73.7 8.7
DeViSE [10] 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 [3] 14.7 30.5 19.8 23.5 59.2 33.6 8.0 73.9 14.4 3.7 55.7 6.9
ESZSL [25] 11.0 27.9 15.8 12.6 63.8 21.0 5.9 77.8 11.0 24 70.1 4.6
SYNC [7] 7.9 433 13.4 11.5 70.9 19.8 10.0 90.5 18.0 7.4 66.3 13.3
SAE [16] 8.8 18.0 11.8 7.8 54.0 13.6 1.1 82.2 2.2 0.4 80.9 0.9
Cross 353 19.7 25.3 77.1 13.8 234 92.2 8.1 14.9 69.9 8.3 14.8
Center 35.9 20.3 25.9 80.9 10.8 19.1 88.7 9.8 17.6 70.3 10.9 18.9
Cross(Rec) 28.2 44.9 34.7 63.9 50.6 56.5 75.6 46.9 579 46.0 25.7 33.0
Center(Rec) 30.5 45.8 36.6 65.3 55.8 60.1 78.0 48.6 59.9 47.8 29.9 36.7

The highest accuracy of each dataset given by ZSL methods is highlighted in italic type

Comparisons on GZSL Problems

In GZSL, the image classification model does not know
whether an unseen image belongs to a training or testing
class in advance. Hence, GZSL is more practical and
interesting to us. We use the same models trained on
our proposed splits under the conventional ZSL setting.
We evaluate the performance on both training and testing
classes.

As shown in Table 3, the GZSL results are inferior to
the ZSL results. This is because the training classes are
contained in the search space, which distracts from the
images that originate from the testing classes.

We can find the classification performance is biased in
the training and test classes for the listed algorithms. The
reason for this phenomenon is that no instances from the
test classes are observed during the training process so the
outputs of the training and test classes are independent of
each other and not comparable during testing stage.

With the rectifying strategy, we can well overcome the
bias of the model outputs on the training and test classes.
We use a simple linear mode to select the optimal threshold
parameters, and rectify the outputs on the training classes
so that the training accuracy and test accuracy are as close
as possible. We observe that the harmonic accuracy of our
algorithms is greatly improved.

@ Springer

Before rectification, CenterZSL diverts to the training
classes, which is different from the previous results. The
difference lies in the fact that the training classes and the
testing classes are not comparable and that the dominant
classes (training or testing) will dominate the final results.
Consequently, our results in terms of training accuracy are
far superior to previous reported results and vice versa in
terms of testing accuracy.

In the last two rows, we give the results after rectification,
where the training accuracy is the closest to the testing
accuracy, and the harmonic accuracy is the best among
all results. On CUB, our approach obtains a significant
improvement compared to before rectification (from 19.1 to
60.1%), which is also far higher than that of the comparison
method (34.4% on ALE). Therefore, we can see the high
performance obtained after rectifying the results.

Conclusions

In this paper, we propose a new ZSL approach with a
fine discriminative ability by making the instances from
the same classes more compact. In addition, we introduce
a varying learning rate to accelerate the model selection
process. For general ZSL problems, we demonstrate that
the performance of GZSL can be greatly optimized by
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rectifying the outputs of the model to make them compa-
rable. Extensive experimental results on four benchmarks
demonstrate the superiority of the proposed method, which
has achieved state-of-the-art performances. With the popu-
lar deep network architecture, our approach can find more
optimal parameters than previous methods for ZSL tasks.
However, due to the limitation of capacity of the net-
work structure, it will be difficult for us to achieve better
performance. In the future work, the design of network
structure for extracting discriminant semantic of images is a
worthwhile research direction.
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