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Abstract

While Zero Shot Learning models can recognize new classes without training
examples, they often fails to incorporate both seen and unseen classes together
at the test time, which is known as the Generalized Zero-shot Learning (GZSL)
problem. This paper identifies a bottleneck issue when attributes are not well-
defined, reliable, inaccurate in quantitative representations, or suffering from the
visual-semantic discrepancy. We propose a Generic Plug-in Attribute Correction
(GPAC) module which can effectively accommodate conventional ZSL in GZSL
tasks. Different from existing embedding-based approaches which often lose
the favor of transparency in attributes, our key challenge is to fully preserve the
original meaning of the attributes and make it complementary and interpretable
to upgrade existing ZSL models. To this end, we propose a novel nonnegative
constraint with iterative Stochastic Gradient Descent toolbox to effectively fit
our GPAC module into previous ZSL models. Extensive experiments on five
popular datasets show that our method can effectively correct attributes and
make conventional ZSL can achieve state-of-the-art performance on GZSL tasks.
It is also a good practice for future models when incorporating prior human

knowledge.
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1. Introduction

Conventional supervised learning-based image classification systems have
achieved promising results due to the rapid development of deep learning tech-
nologies [31] and large-scale datasets of common categories. With the growth
of digital technologies and daily increasing new items, the challenge now is to
make pre-trained models can generalize to new categories without collecting
new training examples with structured annotations. As a promising solution,
Zero-Shot Learning (ZSL) [I6l [7] can recognize unseen objects by transferring
learned knowledge model from seen classes. Previous ZSL research has achieved
promising results on the old setting that assume test images are from unseen
classes only. A new challenging Generalized ZSL (GZSL) [5] has become the
emerging problem in this research field. In particular, GZSL considers that the
test image can come from both seen and unseen categories. Conventional ZSL
approaches are proved to suffer from the prediction bias towards seen categories
[39]. For example, a zebra can be correctly predicted by comparing its simi-
larity to other unseen categories of dogs and cats. However, when considering
training categories of horses, and cows together with unseen classes, most of
zebra images will be misclassified as horses.

Most of existing GZSL work ascribe such a bias to the overlap between
learned unseen distribution and that of seen classes [38]. In this paper, we
investigate another important issue that has become the bottleneck issue to im-
prove the performance of GZSL models. Since no training examples are avail-
able in ZSL, explicit prior knowledge is necessary to estimate the distribution
of unseen images. There are mainly four popular knowledge representations in
current work. The first is based on textual embeddings, e.g. Word2Vec [22],
that are learned from large scale text dataset in unsupervised learning frame-

works; the second is exploring the class relationship with ontology [I1]; the third
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Is tasteful a task-relevant attribute?

How much it looks tasteful?

How people agree on whether it looks tasteful?
What visual contexts can be reflected by tasteful?

Figure 1: Designing and annotating attributes require appropriate guidelines and may not be

accurate and discriminative.

is to associate unseen categories by similes in seen classes [20]; and the last is
semantic attributes, which are manually defined and annotated by domain ex-
perts. Most of theoretical studies [34] adopt semantic attributes because of
that each dimension of the attribute embedding has an explicit meaning. Using
attributes can help qualitatively analysis of the ZSL model. More generally,
such attribute-based predictions can benefit the model interpretation in deep
learning research by large audience.

Currently, latent embedding has become one of the dominant frameworks
for conventional ZSL problems. The learned latent space aims to mitigate the
visual-semantic gap and make the representation more discriminative [39]. Such
approaches have achieved state-of-the-art performance since the latent space can
effectively preserve correlated visual-semantic information and remove the re-
dundancy. However, the latent space fails to preserve the original meaning of
each dimension in the attribute space, which makes the model difficult to in-
terpret and understand. Guo et al. [8] select a subset of the attributes for
learning different class distribution, variance, and entropy. Some recent work
also attempts to synthesize samples of unseen classes from the attributes us-
ing Generative Adversarial Networks (GANs) [I0], and then train a supervised
model for all classes. However, these methods suffer from the same problem as
the traditional supervised models, i.e. when a new unseen category is added,
the model needs to be trained from scratch.

This paper proposes a new idea by correcting the attributes according to
the visual contexts. Our key challenge and unique contribution is to preserve

the original meanings of attributes. As the problems shown in Fig. [I we pro-
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pose a General Plug-in Attribute Correction (GPAC) algorithm to make the
attributes more discriminative by two constraints: 1) different class attributes
should be maximumly distinguishable, especially similar ones between seen and
unseen classes in GZSL problems; 2) do not change the meaning of attributes
and know how much and when not to make the correction. It is worth noting
that GPAC is a plug-in module rather than a new ZSL framework. The cor-
rected attributes can be well complementary to existing ZSL approaches. This
paper adopts autoencoder-based [14] and label embedding-based [I] frameworks
as examples. Furthermore, we provide an iterative optimization toolbox to effec-
tively fit the GPAC module into ZSL models. Extensive evaluations are carried
on five popular benchmarks, and the results show that GPAC can not only
preserve the realistic meanings of the original attributes, but also significantly
improve conventional ZSL models to state-of-the-art level in GZSL tasks. The

contributions of our method are summarized as follows:

1) To our best knowledge, this is the first work that can explicitly correct
attributes according to the visual contexts while preserving the original

meaning of each attribute dimension;

2) To our best knowledge, GPAC is also the first plug-in module that aims to
facilitate existing approaches and makes conventional ZSL models eligible

or even state-of-the-art in GZSL tasks;

3) On five popular benchmarks, extensive quantitative and qualitative re-
sults manifest that the corrected attributes can better reflect the visual
contexts without losing the integrability in attributes, which provides a
good practice for future models when incorporating prior human knowl-

edge.

The remaining part of this paper is organized as follows, Sec. [2| introduces
the related works about ZSL and GZSL. Sec. [3] shows the detailed description
of our method, which is followed by our experimental results and their analysis

in Sec. @ Sec. Bl makes a conclusion on this method.
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2. Related Works

2.1. Zero Shot Learning

Zero Shot Learning (ZSL) has attracted an increasing number of attention
by its powerful capability of recognizing new objects without training examples.
Early frameworks such as DAP [15] estimated the labels by learning probabilis-
tic attribute classifiers individually. In ALE [I], Akata et al. projected visual
feature into semantic spaces via bilinear compatibility constraints with discrim-
inative representation learning to disperse instances. Other conventional ZSL
models such as CONvex combination of Semantic Embeddings (CONSE) [24]
tried to automatically build unseen attributes from the instances of seen cat-
egories to reduce the effect of manual attributes. Kodirov et al. [I4] adopted
the idea of Auto-Encoder and directly used Euclidean distance to constrain the
similarity of projected visual vectors and semantic embeddings.

There is a new trend of synthesis-based ZSL approaches. Long et al. [20]
proposed to use the attributes of unseen classes to synthesize unseen visual
features, and then train a fully supervised model with the seen data and the
synthesized unseen visual features. An increasing number of generative meth-
ods have been proposed [10, 26], and many of them are based on GANs [32]
or Variational Auto-Encoders (VAE). These methods all suffer from a serious
problem when there comes a new category, retraining is unavoidable with the
synthesized features of that unseen category.

The reliability of human-annotated attributes have been questioned since
[12]. To the best of our knowledge, however, there is no attribute correction
method has been proposed. On the similar purpose, attribute selection methods
[8] have attempted to select part of the attributes by considering their class
distribution, variance, and entropy. Such methods do not improve the quality

of the attributes and cannot help with the GZSL tasks.

2.2. Generalized Zero Shot Learning
Different from conventional ZSL which assumes that all the test samples

are only from the unseen categories, GZSL, firstly proposed by Chao et al.[5],
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enlarges the query range to both seen and unseen classes. This is important
in practice because we cannot guarantee whether the test image only belongs
to unseen classes and hope the ZSL model can cooperate with the pre-trained
model rather than discarding it. However, GZSL is more challenging. Due
to there was no standard benchmarks particularly designed for GZSL, Xian et
al. [35] defined a unified evaluation protocols and data splits on existing ZSL
datasets. They evaluated a significant number of the state-of-the-art methods
in depth, both in the conventional ZSL and GZSL settings. From then on,
many methods have been proposed on this more realistic setting. For example,
Liu et al. designed a Deep Calibration Network (DCN) to enable simultaneous
calibration of deep networks on the confidence of source classes and uncertainty
of target classes [I7]. Pseudo distribution of seen samples on unseen classes
is also employed to solve the domain shift problem on GZSL [37]. Besides,
there are many other methods developed for this more realistic setting [10].
Significant performance gap has been reported between when applying ZSL
approaches in GZSL tasks. A large proportion of misclassification is due to
predicting unseen images into confusing seen classes. Despite some attempts
on model development, there is no research attributing the GZSL problem with

the attribute discriminativeness.

3. Methodology

3.1. Problem Definition

The dataset C consists of two completely separate splits, the seen S and the
unseen classes U, where, S = {1,--- ,s}, U ={s+1,--- ,s+u},and SNU = @.
In addition, each class of both & and U is associated with auxiliary attributes
which are denoted as S, C R%** and S, C R% X" respectively, where d, is the

dimension of the attribute space. Let X* = {x§, -,z , &y } C RbexNe

-REE
denote the samples from seen classes S, where Ny is the number of samples, d,
is the dimension of visual feature space, and each sample x; is labeled with a

single class in S. Similarly, let X" = {z},--- ,@},--- 2} } C R4 *Nu denote
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Figure 2: Tllustration of the proposed GPAC, which tries to make the similar classes more

discriminative while preserving their original meanings.

the samples from unseen classes U, where N, is the number of samples. In this
paper, we aim to quantitatively correct the attributes S = [Ss; S,] and learn
a projection function f(x) = T W from visual feature space to the attribute

space to well classify these samples from both the seen and unseen classes SUU.

3.2. Attribute Correction

In this section, we introduce the concept of the proposed GPAC module.
It is known that attributes are designed and annotated by experts and each
entry has its realistic meaning. For example, the attribute of AWA [I5] has
an entry “black” with non-zero value denoting an animal has the black color
on the body, e.g. killer whale and blue whale. Therefore, keeping the original
meaning of attributes help interpret the prediction. In Fig. “Killer Whale”
and “Blue Whale” both have the attributes “black” and “gray”, and neither
of them has the attribute “orange”, so it is necessary to preserve the “black”
and “gray” and not introduce the “yellow” in the corrected attributes to keep
their original meanings. Furthermore, attributes of both seen and unseen classes

should be more discriminative for GZSL but human annotator would not be able
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to provide accurate quantitative supervision or the quantity cannot reflect the
visual contexts. Therefore, it is required to enlarge the gap between the similar
classes, e.g., the distance between “Killer Whale” and “Blue Whale” in Fig. [2]is
increased to make them discriminative while preserving their original meanings.
Therefore, we define the following loss function,

L;=allA -S|+ BIATA - I|f3,

(1)
s.t. Aij 2 0, and if Sij = 0 then Aij =0.

where, o and  are balancing coefficients for the two items, S = S; U S,, A is
the corrected attributes for both the seen and unseen classes, and A;;,S;; are
the entries of the i*" row and j** column of A and S respectively.

The former item keeps the originality of attributes while the later one dis-
perse attributes and make the more discriminative to each other. Eq. is
independent of any ZSL models and thus can be effectively plugged into exist-
ing ZSL models. In the following, we adopt two conventional ZSL models as

examples.

8.8. Plug in Autoencoder Frameworks

Autoencoder has become a main stream framework for two reasons: 1) it
constrains both visual-semantic and the reverse embeddings to learn a optimal
projection matrix W; 2) can straightly fit to deep models, e.g. GANs. Without
losing the generality, we adopt the earliest model SAE [14] in the example and
plug in our GPAC module in the loss function L;:

Ls =|X"W — (AB)"|[} +7||W (AB) - X|f3

(2)
+al|A - S|l + BIIATA ~ I|E,

where, 7 is the balancing coefficient, X = X° and B is the one-hot label vector
corresponding to X. By applying the derivative of Lg with respect to W and

setting it to zero, then we can obtain,

9Ls _ 0 XX'W +YW(AB)(AB)"
ow (3)

=X(AB)" +vX(AB)".



Considering A = X X7, B = v(AB)(AB)7”, and C = X(AB)T+7X(AB)7,
Eq. |3| gives the form in,
AW +WB=_C, (4)
and such Sylvester Equation can be solved in one line of implementation. Then,

the derivative of Lg w.r.t. A can be calculated by

%ﬁ—: =-WTXB" + ABB" +a(A—-S)+23(AATA - A)
+y(WTWABB" - wTXBT)

=ABB” + 0 A+ 28AATA + yWTWABBT
~ (WTXBT + a8 +28A +yWTXBT).

A can be effectively solved by iteratively updating with Stochastic Gradient

Descent (SGD)
0 _ -0 9Ls _ -1 A

ij a4 n 1) Q5 6
J J aaz(‘; 1) J (6)

a

where, A = n(ABBT + 0 A+28AATA+yWTWABBT - (WTXB" +aS +

26A+yWTXBT)),;, az(;) is the result of #*" iteration in the row 7 and column
j of A, nis the learning rate, and all A in Eq. |§| is the abbreviation for A¢—1),
a,(.t.il)

“ 3 _ ij
By setting 1) = (ApprraAT35AATAT S WTWABBET),

Eq. |§|can be modified as

o —qtt-)__ (WTXB" +aS 4264+ yW'XBT), ™)
9 =" (ABBTt oA+ 20AATA+ yWTWABBT);;’

Since the attribute of each class should be nonnegative, we take the absolute

15 value of Eq. [7]] The denominator and numerator of Eq. [7]are both nonnegative,
thus the updated a;; is also kept to be nonnegative. Furthermore, if one entry of
a; equals zero, which means this class does not have such property, the updated
a; will also have zero value in this entry. This is important that our method does
not change the absence/presence of an attribute, and just correct the values of

o attributes. The detailed algorithm of SAE+GPAC is described in Alg.

8.4. Plug in Compatibility Models
Another widely adapted framework is based on compatibility functions,

among which ALE [I] is the earliest ZSL model that exploits a max-margin



Algorithm 1: SAE4+GPAC algorithm

Input

The training data X, and its corresponding labels B and
attributes S

The hyper-parameters «, 3, ;

The outer iterative number ITER and the inner iterative
number iter.
Output:

The learned projection matrix W, and the corrected

attributes A.

1 Initialize W with random value;
2 for K =1— ITER do
3 Update W with W = Sylvester(j, B, 6’) ;

4 for k =1 — iter do

5 Update A with
t) _ (t=1) (WTXBT +aS+28A+yWTXB7T),;; .
@ij = Qij  (ABBT+aA+128AAT At WIWABBT);; '
6 A=A[;
7 end
8 S =A;
9 end

10 Return the learned W and A.

10



strategy to learn a projection matrix from visual space to attribute space. Its
difference to traditional max margin method is to utilize an inner product of
attributes to replace the fixed margin value. By plugging in the GPAC module
gives ALE+GPAC function,

N
*ﬁ Z Z max(x; W(a; — ayq,) + @) @yq,),0)
i=1 jeS\l(w:) (8)

+allA = S|E + BIATA = I|F + 7 [Wl21,

where, ¢(x;) represents for the class of ;. j € S\ £(x;) means j is selected
from S except £(x;). ||[W||2,1 is the £21 norm, which can be represented as
ZZ 1 Ej  wi;. Therefore, by fixing A, the derivative of L4 with respect to
W is,

LA
oW _N ZZ — Qu(a,) + @] Q) > 0)Ti(a) — Qo)
i=1j€S8
+2yDW
N, ZZ xi W(a; — ayz,) + aj aye,) > 0)zia; (9)
N, i=1jeS

N,
L N
N Z Z (@] W(a; — aya,)) + @] @z, > 0)@iaj,,)
8 i=1jes

+2vDW,

where, D = diag([1/||w1]]2,- - ,1/||wa,||2]). 1(-) is the indicator function that
when the condition is satisfied the result is one, otherwise zero. Thus, W can

be updated with SGD,

oL

w® =wit=b _p,
(t)
OW; (10)

=W _p (Pl — Py +2yDW),

where, 7, is the learning rate, P, = Ni Zfil djes LxIW(a; — ayz,)) +
alaye,) > 0)zial, and Py = 3 321 Y. s L@l W(a; — aya,)) +al aya,) >
O)miaﬂwi). All the W in the second item of Eq. is short for W),

11
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Since the derivative of A cannot be directly calculated, we split the first item
of Eq. [§|into two parts according to the appearance of a;. The loss function

L 4 can be represented as the following,

Ns\aj
1
L4 = F( Z Z max(x! W(ay, — Qy(z,)) + a;‘gag(wi),O)
S =1 keS
a;
+ Z Z max(z] W (ay, — a;) + a} a;,0)) (11)
i=1 keS

+a Y lar = sl + BlllaradTar, - ad — I
kes
where, Z;V:Sl\aj means all the training samples except those belong to the a;
class, and Zf;l represents for the samples only belong to the a; class.

Similar as Eq. [9] by fixing W, the derivative of £ with respect to each seen

class a; is,
Ni\a;
0Lqg, 1 !
a s
J i=1

(WTwi + Ay(x;) )

Z (x] W (ay — a;) +a}a; >0)W'x; (12)
es\j

Z\H
HMQ

Z\H

Z ( ap — Cl,j) + afaj > O)ak
i=1 keS\j

+2a(a; — s;) + 48(AAT — I)a;.
Since the unseen classes are independent of the first item in Eq. the

derivative of £4 with respect to each unseen class a; is,

0La,
(uj) =2a(aj — s;) +4B(AAT — Ia;. (13)
da,;
Similar as that in Eq. @, a; can also be implemented with SGD as,
NONCESY OLa,
Gij = Q45 — aa(»t»_l)- (14)
ij

O
ij
(g1+g3+2aa; +48AATaj);?

ag(mi)) + afag(mi) > O)(WTa:i + ag(mi)) and g3 = Z?;I EkeS\j (SCZTW(ak -

where ¢ = 1 va 1\aJ 1(zI W (a;—

By setting ny =

12
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a;) +a}a; > 0)ay, Eq. [14]for the seen classes can be further represented as,

RONNCEY (g2 + 208, +4Pa;)i
K K (ql + qs + 20{0,]‘ + 4BAATU,]')Z' ’

(15)

where go = 5= 20701 Yoy L(a! Wiay, —aj) +afa; > 0)W'z;. In addition,

it is easy to compute the update function for the unseen classes,

(t-1) (as; +2Ba;);
v (aaj =+ 25AATG,J')Z' ’

all) = (16)

Similar as that in SAE to keep the attribute nonnegative, we also apply the
same operation al(»;) = |a§;)| on Eq. and Eq. Furthermore, from Eq.
and Eq. it is obvious to discover that when az(-;_l) equals zero, al(;) is kept
zero during the whole iteration, which guarantees that the existence of attribute

will not be changed. The process of the algorithm for ALE+GPAC can be found
in Alg. 2]

3.5. Discussion

In this subsection, we discuss the issue that why we apply the operation
of making absolute value of A during iteration. Since it is known that the
attribute has its realistic meaning, it is surely nonnegative. In Eq. 7, Eq. 15
and Eq. 16, if the numerators and denominators are nonnegative, the result
of updated A is nonnegative, which need us to guarantee W is nonnegative.

The nonnegative W' can be realized by applying w;; o (P2);

W . However s

since both nonnegative constraints of W and A can cause large concussion
for loss value and finally lead to non-convergence, shown in Fig. |3| (a), we only
constrain A to be nonnegative. In Fig. 3[(b), we show that the value of A (using
|A® — AC=1]12)) can well converge without the nonnegative constraint of W.
In addition, we do not utilize the closed-form solution for W in ALE+GPAC,
because the computational complexity of it can reach O(N x C x d, x d,) for a

single iteration, we use mini-batch SGD to reduce the computational complexity.

13



Algorithm 2: ALE+GPAC algorithm

Input
The training data X, and its corresponding attributes .S
The hyper-parameters «, 3, 7, and the mini-batch size t;
The iterative number ITER.

Output:

The learned projection matrix W', and the corrected

attributes A.

1 Initialize W with random value;

2 for K =1— ITER do

3 Randomly choose ¢ samples as a mini-batch X from the training
set X;

4 Update W with W® = W= _ ) (P1 — P, + 2yDW) ;

5 for kK =1 — number of seen classes do

o Undate o with o) =l tzenzite

7 end

8 for kK =1 — number of unseen classes do

9 Update a,, with az(;-) = ag;fl)% ;

10 end

11 A=Al

12 end

14
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Figure 3: The convergence curves of loss function and A on AWAI1, where ‘NW’ means

Nonnegative W.

4. Experiments

4.1. Datasets and settings

Datasets: To verify the effectiveness of our approach, we conduct experi-
ments on five popular datasets, including SUN attribute (SUN) [25], Caltech-
UCSD Birds-200-2011 (CUB-200) [30], Animal with Attribute 1 (AWA1) [15],
Animal with Attribute 2 (AWA2) [34] and a Pascal & Yahoo attribute (aPY)
[6]. The dataset splits for training and testing follow that used in [34].

Settings: The extracted features with ResNet [9] are exploited as our train-
ing data, and the same expert-annotate attributes employed in the evaluation
in [34] are also utilized. Additionally, there are three hyper-parameters «, 3, v
and learning rate n; in our method. Among these four hyper-parameters, we set
v=1x10"% and ; = 0.1 for ALE+GPAC. Besides, due to the fact that dif-
ferent hyper-parameters can lead to different performance on each dataset, we
search our optimal parameters for o and 3 by employing a cross-validation strat-
egy. To be specific, we randomly select 20% of the seen classes as validational
unseen classes, and the parameters of best average performance of 5 executions
are selected as the optimal hyper-parameters for each dataset. The source codes

of all the three extensions can be found in the supplementary material.

4.2. Results on GZSL

Since our method focuses on the more realistic GZSL setting, the experi-

ments are only conducted on GZSL. We follow the metrics proposed by Xian

15



Table 1: Comparison with state-of-the-art baselines on GZSL setting. ’-’ means not reported

or not available.

SUN CUB AWA1 AWA2 aPY

Method ts tr H ts tr H ts tr H ts tr H ts tr H
DAP [I5] 42 251 75 1.7 679 3.3 0.0 88.7 0.0 0.0 847 0.0 48 783 9.0
CONSE [24] 68 399 116 | 16 722 3.1 04 8.6 08 0.5 90.6 1.0 0.0 91.2 0.0
SSE [40] 2.1 364 4.0 85 469 144 | 7.0 805 129 | 81 8.5 148 | 02 789 04
LATEM [33] 14.7 288 195 | 152 573 240 | 73 717 133 | 11.5 773 200 | 0.1 73.0 0.2
CVAE-ZSL [23] - - 26.7 - - 34.5 - - 47.2 - - - - - -

CDL [13] 21.5 347 265 | 235 552 329 | 281 735 406 - - - 19.8 48.6 28.1
GFZSL 28] 0.0 396 0.0 0.0 457 0.0 1.8 803 3.5 25 80.1 48 0.0 833 0.0
LAGO [ 188 331 239 | 218 73.6 33.7 | 238 670 351 - - - - - -

PSEUDO [19] 19.0 327 240 | 23.0 51.6 31.8 | 224 80.6 35.1 - - - 154 713 254
KERNEL 21.0 31.0 251 | 242 639 351 | 183 793 298 | 189 827 308 | 11.9 76.3 205
TVN [39] 182 289 223 | 21.6 475 29.7 | 182 875 30.2 - - - 88 59.1 154
VZSL [29] 152 238 186 | 171 371 23.8 | 223 775 346 - - - 84 755 151
RELNET 111 200 143 | 140 357 201 | 229 769 353 | 186 873 306 | 11.5 609 194
PSR 2] 20.8 372 26.7 | 246 543 339 - - - 20.7 738 323 | 135 514 214
GAFE [18] 19.6 319 243 | 225 521 314 | 255 766 382 | 36.8 783 40.0 | 158 681 257
MSEA 123 231 16.1 | 11.1 540 184 | 19 8.1 3.7 22 885 43 1.5 837 29
MSEA+GPAC 33.6 23.7 27.8|34.4 375 359 | 36.3 452 403 | 33.0 480 39.1 |23.7 459 31.3
ALE [1] 21.8 331 263 | 23.7 628 344 | 168 761 275 | 140 818 239 | 9.0 781 16.1
ALE+GPAC 235 313 26.8 | 300 475 36.8|41.4 604 49.1 |37.0 775 50.1 | 194 594 293
SAE [14] 171 281 21.3 | 174 50.7 259 | 139 748 235 | 143 79.0 243 | 6.7 59.6 12.1
SAE+GPAC 331 219 263 | 334 390 36.0 | 361 454 402 | 31.1 52.6 39.1 | 20.0 50.3 28.6

16
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Figure 4: The original and the corrected attributes (ALE4+GPAC) on AWA1, the upper figure
is ‘killer whale’ from the seen classes, and the bottom one is ’blue whale’ from the unseen

classes.

et al. in [34], which uses the test unseen accuracy (¢s), test seen accuracy (tr),
and harmonic mean (H) to evaluate the performance.

In the first section of this paper, we have claimed that our GPAC can be
effectively extended to many linear methods, so here we additionally implement
the Mean Square Error of Attribute (MSEA) and apply our GPAC on it, and
it can be represented as,

Ly = XTW — (AB)" |} + 7| W24

(17)
+al|A - S|[% + BIlATA — I|7.

The iterative result of Eq. [I7] can be solved similar as that in SAE4+GPAC,

W =(XX"+yD)"'XAB"

(WIXBT + a8 +25A); (18)
(ABBT 1 oA 1 20AATA);, "

aij =]

where, D is same as that in Eq. [0

We compare our method with 17 recently proposed methods, including DAP
[15], CONSE [24], SSE [40], LATEM [33], ALE [1], SAE [14], CVAE-ZSL [23],
PRESERVE [3], CDL [13], GFZSL [28], LAGO [], PSEUDO [19], KERNEL
[36], TVN [39], VZSL [29], RELNET [27], PSR [2], and GAFE [I§], and all the

results on five datasets are recorded in Tab. [I} From this table, we can clearly
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find that the extension of GPAC on MSEA and ALE can outperform all the
listed state-of-the-art methods, especially on the datasets of AWA1, AWA2 and
aPY. Concretely, MSEA extended our by GPAC can reach the best performance
on SUN and aPY, and exceed 1.0% and 2.0% respectively compared to the
second best method ALE+GPAC, which is also our GPAC based method. On
other three datasets, our GPAC based ALE can achieve the best performance,
and obtain 0.8%, 1.9%, and 11.0% improvement respectively in each dataset
compared to the second best methods. In addition, from the bottom part of
the Tab. [1] it is clearly observed that after the extension of our GPAC, all the
methods including MSEA, ALE, and SAE can get improved significantly.
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Figure 5: The effects of cross learning on AWAL.

4.8. Detailed Analysis

Visualization in Attribute Space. The objective of our GPAC in at-
tribute space is to disperse all classes and make them more discriminative. Thus,
in order to have a more intuitive understanding, we employ t-SNE [21] on AWA1
to illustrate the distributions of samples in this space. Specifically, we choose

representative class pairs whose cosine similarities of prototypes in original at-
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Figure 6: The distribution of some selected similar classes in AWATL.

tribute space are about 0.8, i.e., they are very similar and hard to be classified.
After that, we finally get five pairs, including eight seen classes and two unseen
classes, which can be found in the legend of Fig. [6] In Fig. [} we illustrate the
distribution of the samples from the selected classes with original ALE model
and our ALE4+GPAC. From this figure, it can be clearly seen that samples of
‘Killer Whale (Seen) and ‘Blue Whale (Unseen) are overlapped in original ALE
model, while our GPAC+ALE can separate them effectively. This phenomenon
can also be found in seen-seen pairs, e.g., ‘Persian Cat and ‘Siamese Cat, which
indicates our GPAC can perform well not only in the seen classes, but also in
the unseen classes.

Attribute Correction. Since our GPAC focuses on the attribute correc-
tion, it is necessary to show what the corrected attribute is after the optimiza-
tion. We select a pair of classes, ‘killer whale’ from the seen classes and ‘blue
whale’ from the unseen classes, which are hard to be classified in original ALE
model (shown in Fig. @, and illustrate them with bar figures in Fig. {4 There
are two phenomena worthy of attention. The first is that when the original
attribute items equal zero, the corrected attribute items also equal zero, which
indicates that our GPAC does not change the existence of the properties for

each class. For example, when the class ’killer whale’ does not have the prop-
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erty ‘stripe’, the correct attribute also does not include it, which is reasonable
for realistic world. The second phenomenon is when the two attribute values
are similar for the two classes, the correction of GPAC is to make them change
to opposite directions or vary with different amplitudes. For example, the 19"
item and the 74" item have different change directions, which can guarantee

the corrected attributes are more discriminative.

(a) Original attributes (b) Corrected attributes

Figure 7: The cosine similarities of class attributes on AWAL.

Similarity Check. Since it is known that the more different the class at-
tributes are from each other, the easier the input samples can be classified, we
further illustrate the change of similarities of class attributes in this section. We
calculate the cosine similarity of each class attribute on AWA1, and visualize
the similarity matrix in Fig. [7] Specifically, vectors from 0# to 40# in matrix
are seen classes prototypes and the rest belongs to the unseen classes. Fig. El(a)
demonstrates the similarity of original attributes, while Fig. El(b) illustrates
that of the corrected attributes learned with ALE+GPAC. From the compar-
ison of two figures, we can obviously found that the corrected attributes are
much more discriminative from each other, which demonstrates the effective-
ness of our model. Noted that not only seen classes become more discriminative
against seen, seen against unseen, and unseen against unseen also become more

discriminative. For example, we pick out three pairs, including the similarities of
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‘Killer Whale’ (Seen) and ‘Hamper-back Whale’ (Seen), ‘Killer Whale’ (Seen)
and ‘Blue Whale’ (Unseen), ‘Walrus’ (Unseen) and ‘Seal” (Unseen). These
three pairs are very similar under the original attributes, around 0.8 in cosine
similarity, which makes them hard to be classified, while the similarities of the
corrected attributes are decreased, which shows the superiority of our GPAC.
Cross Learning. To verify whether the corrected attributes optimized with
a single method are suitable for other methods, we conduct three cross learn-
ing experiments on AWA1, including the experiment with corrected attributes
learned with MSEA+GPAC on traditional SAE and ALE, the experiments with
corrected attributes learned with SAE+GPAC on traditional MSEA and ALE,
and the experiments with corrected attributes learned with ALE+GPAC on tra-
ditional MSEA and SAE. The results are recorded in Fig. From this figure,
it can be clearly discovered that with the corrected attributes all these methods
are significantly improved, which further demonstrates the effectiveness of the

proposed method.

5. Conclusion

In this paper, we proposed a novel and effective GPAC module to accom-
modate conventional ZSL models in GZSL tasks. GPAC corrected the original
expert-annotated attributes while preserving the realistic meanings of them. A
similarity retention and an orthogonal constraints were introduced to make the
corrected attribute make them more discriminative. The paper demonstrated
two examples of plugging the GPAC module into typical ZSL frameworks, and
an iterative optimization strategy was employed. Extensive experiments on
five popular datasets were conducted and the results showed that the proposed
GPAC can not only improve the traditional ZSL methods up to a state-of-the-
art level in GZSL. Most importantly, detailed analysis on corrected attributes
further validated the effectiveness of our GPAC. This paper has provided two
good practices for future work. One is to seek an unified way to merge plug-in

modules and models. The second is how to properly incorporate prior human
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knowledge without losing the interpretability and eventually can give feedback

and contribute to knowledge-level discovery and correction.
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