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Abstract. Zero-shot learning (ZSL) which aims to deal with new classes that have never appeared in the training data (i.e.,
unseen classes) has attracted massive research interests recently. Transferring of deep features learned from training classes (i.e.,
seen classes) are often used, but most current methods are black-box models without any explanations, especially textual expla-
nations that are more acceptable to not only machine learning specialists but also common people without artificial intelligence
expertise. In this paper, we focus on explainable ZSL, and present a knowledge graph (KG) based framework that can explain the
feature transferring in ZSL in a human understandable manner. The framework has two modules: an attentive ZSL learner and an
explanation generator. The former utilizes an Attentive Graph Convolutional Network (AGCN) to match inter-class relationship
with deep features (i.e., map class knowledge from WordNet into classifiers) and learn unseen classifiers so as to predict the
samples of unseen classes, with impressive (important) seen classes detected, while the latter generates human understandable
explanations of the feature transferability with class knowledge that are enriched by external KGs, including a domain-specific
Attribute Graph and DBpedia. We evaluate our method on two benchmarks for animal recognition. Augmented by class knowl-
edge from KGs, our framework makes high quality explanations for the feature transferability in ZSL, and at the same time
improves the recognition accuracy.

Keywords: Zero-shot Learning, Knowledge Graph, Explainable Al, Knowledge-based Learning, Graph Convolutional Network

1. Introduction learning is growing rapidly. It focuses on developing
deep learning models for those emerging classes with-

Recently, object recognition by deep learning which out training samples.
learns features from abundant samples has gained a Zero-shot learning (ZSL) is widely introduced in
lot of successes. For example, it even outperforms hu- image classification tasks (e.g., [2]). It predicts the im-
man beings on the ImageNet ILSVRC challenges [1]. ages of new classes (i.e., unseen classes) that do not

exist in the training set by transferring features learned
from the training classes (i.e., seen classes). The in-
spiration is that a human can recognize new objects
through the class knowledge (e.g., description) itself,
even without labeled samples. For example, consider-
ing the animal class “Serval”, even though a human
might have never seen samples in the past, s/he would
*Corresponding author. gengyx @zju.edu.cn. still be able to recognize it based on the description:

However, it still suffers from challenges from data col-
lection: when a new class emerges, hundreds of sam-
ples are needed for training while their labels are usu-
ally hard to acquire. This makes the recognition model
less competitive. Therefore, the interest in zero-shot
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“Serval a kind of animal with aCatlike face and
a CheetaHlike body” (see Figure 1). With previous
recognition experience dfat and Cheetah s/he can
easily reason about the speci c appearanc&efval
and identify it correctly.

The general principle of most ZSL algorithms is
to represent such class knowledge and utilize inter-
class relationship to transfer model parameters such
as neural network features from seen classes to un-
seen classes. Some works (e.g., [3, 4]) leverage the
embedding of class names learned from text corpora
for transferring e.g., CNN features, while others (e.g.,
[5, 6]) prefer more complex knowledge like class hier-

Fig. 1. An example of recognizin§erval(unseen class) with two
seen classesCat and Cheetaf. We focus on explainable ZSL,
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?.I’Chy and cIa;; attributes. These methods aim at learn-yhich captures domain-speci ¢ attributes and general knowledge, 14
ing and predicting for unseen classes ([3-8]), but are such as sharp ear, face appearance, long leg, spotted coat and felidad5

black-box models: the transferability of features is un-
interpretable. This not only limits human's trust in the
prediction results of ZSL model, considering that ZSL

ancestor, as evidence to generate textual explanations that are morer6
understandable by humans. 17

18

is a machine learning algorithm which recognizes the a KG named WordNet and an Attentive Graph Convo- 19
samples of new classes but has never been trained withlutional Neural Network (AGCN) to model inter-class 20
the labeled samples of these classes, but also restrictsrelationship for ZSL, which is also known as &t- 21

the potential of improving ZSL models, for example,

tentive ZSL LearnefAZSL). Namely, a matching be- 22

with generated explanations, machine learning special- tween the inter-class relationship and CNN features 23

ists will be clear which features are helpful for the

is learned. It then uses axplanation generatoto 24

learning of unseen classes and which are not so that extract rich class knowledge from a domain-specic 25
optimizing the ZSL models by adding needed features Attribute Graph and general external KGs (e.g., DB- 26
or removing inadequate features. Therefore, in this pa- pedia) as evidence for ZSL explanation. For exam- 27
per, we focus on explaining the feature transferabil- ple, considering the example in Figure 1, the attribute 28
ity in ZSL and generating textual explanations which knowledge ofsharp earand the DBpedia knowledge 29
can be understood by not only specialists but also non- of felidae ancestorcan explain the positive feature 30

specialists.

transfer fromCat and Cheetahto Serval Finally, we 31

There have been few works that explain ZSL with  propose several templates to generate human under32
human understandable knowledge. As far as we know, standable explanations. 33

the only work that is close to ours is by Selvaraju et
al. [9]. They rst learn the mapping between class at-
tributes and neurons in deep networks, and then trans-
fer neurons (i.e., features) from seen classes to unseen
classes, where the attributes are taken as textual expla-
nations to justify the prediction of unseen classi ers
(cf. more in Section 2.3). Such work indicates that it
is feasible to explain ZSL by class knowledge such as
class attributes. However, this work focuses on ground-
ing the transferred neurons in interpretable semantics,
but ignores the feature transferability which is the core
of ZSL. Moreover, its method is ad-hoc, only working
for prede ned class attributes, while our explanation
method supports not only attributes but also general
knowledge in different formats, coming from external
KGs like DBpedia.

In this paper, we propose a KG based framework to
explain the feature transferability in ZSL. It rst adopts

Brie y, our work contributes in the following as- 34

pects: 35

36
— A KG-based explanation framework for zero-shot 3,

learning is proposed. It is among the rstto ex- 3
plain the transferability of neural network fea- 39
turesin ZSL. 40
— Anovel ZSL algorithm called AZSL is built upon 43
WordNet and AGCN. It models the inter-class 42
relationship and the transferability of CNN fea- 43
tures from seen classes to unseen classes, whichua
not only shows improvements over the state-of- 45
the-art baselines, but also enables explaining the 46
transferability of CNN features in ZSL. 47
— An explanation generator is developed. It can 4s
generate ZSL explanations with class semantics 49
from not only domain-speci ¢ KGs like Attribute 50
Graph but also general KGs like DBpedia. 51
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— A set of templates are designed to reorganize the ring. However, the state-of-the-art performance in ZSL
transferability explanations and generate human- image classi cation is achieved by those who utilize
consumable natural language descriptions for KGs for class relationship [5, 17, 18]. For example,
ZSL explanation. Wang et al. [5] use WordNet to model the semantic re- 4

— Lastly, Experiments on two image classi cation lationship of hierarchical classes, and encode the rela-5
benchmarks are conducted to evaluate the gener- tionship using GCN so as to predict classi ers for un- 6
ated explanations and the ZSL learhéfhe ex- seen classes. Considering that the graph convolutional?
planation achieves high quality according to the operation in GCN only aggregates the features of rst- 8
analysis on different metrics and human assess- order neighbors, the authors propose to stack multiple @
ment. graph convolutional layers (e.6) to propagate fea- 10

tures towards distant nodes. While Kampffmeyer et al. 11

[18] propose a dense connection scheme, which con-12

nects distant nodes via additional links, to optimize 13

the propagation of features from distant nodes by only 4

using 2 convolutional layers. Following above ideas, *°

we combine class embeddings and class hierarchy as'®

class knowledge to transfer features from seen classes'’
18

19
20

w N

The structure of this paper is as follows. In Section
2, we review the related work. In Section 3, we set up
the background of our work. In Section 4, we introduce
the details of our KG-based explanation framework,
including the attentive ZSL learner in Section 4.2 and
the explanation generator in Section 4.3. In Section 5,

we display the experiments and the evaluation. Finally, :
we conclude the paper and discuss some future direc- 0 Unseen classes. Different from the GCN-based en-

coder, we propose to utilize Attentive GCN to encode
the inter-class relationship, which can assign differ-
ent importance to different classes so that augmenting 21
2. Related Work the feature propagation between classes. Moreover, thez
learned attention weights detect the most contributing
2.1. Zero-shot learning seen classes in feature transfer, enabling the featurejs1
transferability in ZSL to be explained. %
Zero-shot learning (ZSL) has received a lot of at-  nere are also some ZSL methods for dealing with __
tention in machine learning community. Some work the sample shortage challenge in other domains, such
by Larochelle et al. [10] has shown the ability to pre- @S natural language processing (NLP) including text
dict new (unseen) classes of digits that are omitted classi cation [19, 20], entity linking [21, 22], relation
from the training set, with the features from training extraction [23] and others [24]. These methods also
(seen) classes being transferred. In computer vision, Work on introducing high-level knowledge about la-
techniques for utilizing the knowledge of classes to re- bels to conduct feature transfer from seen labels to 33
alize the transfer of deep features from seen classes tounseen labels. Notably, NLP data and labels are both ,
unseen classes have been investigated [2, 3, 5, 10, 11].Symbol-based representation, which leads to benets .
Early algorithms focus on utilizing class attributes in feature transfer, while the the feature transfer learn- .,

to model the semantic relationship of classes [6, 12— ing in our work is more challenging considering the .

tions.

14]. For instance, Lampert et al. [6] annotate each class gap between vision and symbol. 38
with a set of attributes and propose two attribute-based 39
classi cation methods, where the features are trans- 2.2. Explainable Atrti cial Intelligence 40
ferred between seen and unseen classes via attribute a1

sharing. Recent methods prefer to utilize class embed- Explainable arti cial intelligence (Al), which aims 4
dings trained on class textual descriptions to explore to produce interpretable models or predictions, is be- 43
the class semantics [3, 4, 15, 16]. For example, Frome coming more and more popular nowadays [25-28]. a4
et al. [3] present @isual-semantic embeddimgodel, Such methods enable humans to understand, trust andis
which leverages textual data to model the semantic re- effectively manage the Al systems and their decisions. 46
lationship between classes, and linearly maps the im- Some of the explanation works design white-box and 47
age features into semantic space for feature transfer- inherently interpretable models like rule-based sys- 4s

tems [29], while others try to justify the prediction ofa 49

1Code and the Attribute Graph are available at https://github.com/ Plack-box model by for example approximating its be- 5o
genggengcss/X-ZSL. haviour locally with simple interpretable linear mod- 51
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els [30], or quantifying the contribution of each single Some works have been proposed to augment trans-1
input variable [31]. fer learning as well as ZSL with KGs [39, 44-46]. For 2

Some explanations target at humans with Al exper- example, in [46], prior knowledge about the prediction 3
tise. The generated explanations can be used for sys-tasks and domains are expressed by ontologies, anc
tem debug so as to ef ciently manage and develop ma- further utilized to analyze the transferability of fea- 5
chine learning models [32, 33]. While some explana- tures and samples for augmentation. For another exam-6
tions are for common people without Al expertise such ple, Zhang et al. [44] propose a transfer learning based 7
as medical doctors to understand the decisions made algorithm for long-tail relation extraction, which incor- 8
by Al-based systems [34]. Most of these works prefer porates the data features from data-rich relations for o
to generate textual explanations, which are more un- tackling the prediction of data-poor relations. Knowl- 10
derstandable by humans. For example, Biran et al. [35] €dge of the relation, which comes from a KG, is inves- 11
introduce the linguistic expressions from Wikipedia ar- tigated to enhance the feature learning for data-poor 12
ticles to explain the stock price prediction with natu- relations, using KG embeddings and relation hierar- 13
ral language sentences. Li et al. [36] propose to gen- chy. In summary, these works indicate the feasibility 14
erate attributes and captions of images as explanations©f studying transfer learning tasks and domains by ex- 15
to indicate whether the system really understands the térnal knowledge from KGs. In our ZSL study, we not 16

image content when answering a visual question. only utilize KGs for performance improvement (i.e., 17
There are also a few works devoted to enrich the the attentive ZSL learner based on KG and AGCN), 18
but also for human understandable explanations. 19

explanation with knowledge graphs (KGs), by utiliz- . . X
ing human understandable background knowledge and Recent studies on transfer learning explanation fo- 20
common sense in these KGs. as well as their un- CUS on the analysis of feature transferability [39, 47— 21

derlying semantics that can be inferred by reasoning 49]. _For exa;mp{i, I;iu et al. [48] ‘Zssume that the fe;- 22
[37, 38]. Tiddi et al. [38] present a framework which ture is transferable from a source domain to a target do- 23

exploits Link Data as background knowledge to gener- main if the source and target domains have some simi- 24
ate explanations for data clusters. Chen et al. [39] uti- lar feature structures. For another e_xample, Chen et_ al.2s
lize Semantic Web techniques to extract human- un- [39] extract knovyledge (ontology axioms and DBpgdla 2
derstandable evidence from local domain ontologies facts). that co-exist in t.he source and target domain to 27
and external KGs like DBpedia to explain the results explain the transferability of fea_tur_es learned by deep 23
of ight delay forecasting. neural networks. These works indicate that the trans- 29

o . ferability of features is highly related with the knowl- 30
Another related research direction is to utilize the . X
. ) . edge of the source and target domain. In this paper, 31
attention mechanism to make explanations [40, 41].

For example, Yang et al. [40] leverage attention lay- we also prefer to extract domain knowledge (i.e., class 32

’ ) . knowledge) to generate explanations for feature trans- 33
ers to select the words and gente_nces that havg OIECI'ferability. Different from the above works, we on the 34
sive effect on doc.u-ment classi catpn as explgnatlons. one hand develop a general framework that can gen-3s
Our work also utilizes such attention techniques for o4t eyplanations from different knowledge resources 36
ZSL, but goes beyond the attention. It includes a gen- from multiple KGs such as the domain-speci ¢ At- 37

eral framework to incorporate semantics from KGS, - yihte Graph and the general DBpedia. On the other 38
and generates textual explanations for the core of ZSL hand, we focus on KG-based ZSL — an important and 39
— the transferability of deep features. popular transfer learning branch whose current solu- 40
tions are all black-box models without explanations. 41

2.3. Transfer Learning Explanation Few works have been found to explain ZSL with 42
human understandable knowledge. The only work we 43

ZSL is often regarded as a branch of transfer learn- know is by Selvaraju et al. [9]. It rst learns a map- 44
ing which aims at utilizing samples, features or model ping between class attributes and individual neurons in 45
parameters learned from one domain to guide the a network, and then predicts unseen neurons based ors
learning in another domain [42, 43]. ZSL algorithms the attributes of unseen classes to optimize the learn-47
usually transfer features learned by deep neural net- ing of unseen classi ers. It also generates textual ex- 48
works from seen classes (domains with labeled train- planations by inversely mapping the transferred neu- 49
ing samples) to predict the testing samples of unseen rons to class attributes so as to validate the decisionsso
classes (domains without labeled training samples).  made by unseen classi ers. The authors focus on ex- 51
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Fig. 2. An example of our two introduced KG resources for animal Gasbird [Left] is the domain-speci ¢ Attribute Graph with correspond-

© 00 N O U~ W N PP

ing entity Seabird [Right] is the general DBpedia with aligned entdir:Seabird 13

plaining the prediction results of unseen classes and
grounding the neurons in interpretable semantics, how-
ever, ignore the feature transferability in ZSL. By con-
trast, the explainable ZSL proposed in our work pays
attention to the transferability of deep features, which
is more important for analyzing the nature of ZSL. In
addition, the generation of explanations in [9] relies
on the input class attributes, while the explanations we
generate contain not only domain-specic attributes
but also general knowledge, which are more expressive
and exible compared with the ad-hoc class attributes
in [9]. Most importantly, the generation procedure of
explanations in our method is relatively independent
from the ZSL model, it has no impact on the classi -
cation model compared with other explainable meth-

There are usually two prediction settings in ZSL: the 15
standard ZSL setting and the generalized ZSL setting. 16
The former is to predict the labels of testing samples 17
in D with candidates fronU, while the latter is to 18
predict the testing samples of seen and unseen classe$?
with candidate labels frof8 [ U. In this paper, inor- 20
der to investigate the feature transferability from seen 21
classes to unseen classes, we focus on the standard?
ZSL setting to evaluate the prediction ability of un- 23
seen classi ers and generate explanations for them. It 24
is also worth considering how to deal with explainable 25
ZSL in generalized ZSL setting in real-world appli- 26
cations. Maybe we can adopt a two-phase framework 27
— a coarse-grained phase to judge if a testing samplezs
comes from seen classes or unseen classes, and a ne29

ods that need to make a tradeoff between accuracy and9rained phase to make nal predictions, where tradi- 30

interpretability.

3. Preliminaries
3.1. Zero-shot Learning

In zero-shot learning, the training set is denoted as
Dy = f(xi;li)giN:l , whereN is the number of train-
ing samplesy; represents theth training image and
li is its label. While the testing set is described as
Die = f(%:1) Y, , and its labels have no overlap with
the labels inDy.. We regard the labels iB; asseen
classesdenoted a$, and the labels D asunseen
classes denoted adJ. Each class involves a unique
classier f for predicting whether a sample is of the
class or not. ZSL aims to learn classi ers for unseen
classes by transferring features learned fidynbased

tional classi ers (e.g., softmax classi ers) are used to 31
predict its label with candidates from seen class set if 32
the sample is from seen classes, and ZSL classi ers are33
used to predict its label with candidates from unseen 34
class set if it belongs to unseen classes. We can makess
further attempts in the future. 36
37

3.2. Class Knowledge 38
39

In our study, we introduce three kinds of Knowledge 4o
Graphs (KGs) to depict thelass knowledgewhich 41
describes the semantic relationship between classes42
They are used for feature transfer in ZSL as well as 43
generating explanations. We brie y introduce the three 44
KGs below. 45
WordNet [50] is a lexical knowledge base for En- 46
glish where nouns, verbs, adjectives and adverbs are47
organized into sets of synonyms, each representing a4s
lexicalized entity. Semantic relations (hypernym, hy- 49

on the semantic relationship between seen and unseenponymy, meronymy, etc.) are used to link these enti- 50

classes.

ties. We utilize such a KG to build a hierarchical struc- 51



	Introduction
	Related Work
	Zero-shot learning
	Explainable Artificial Intelligence
	Transfer Learning Explanation

	Preliminaries
	Zero-shot Learning
	Class Knowledge

	Methodology
	Framework Overview
	Attentive ZSL Learner
	CNN Classifier
	Mapping Class Knowledge into Classifier
	Predicting Unseen Testing Samples

	Explanation Generator
	Domain-specific KG: Attribute Graph
	General KG: DBpedia
	Template-based Explanation Generator


	Evaluation
	Experiment Setting
	Datasets
	Baselines
	Model Configuration

	Evaluation of Attentive ZSL Learner
	Performance Comparison
	Performance on Dense Graph

	Quantitative Analysis of Transferability
	Evaluation of Explanations
	Human Evaluation
	Impact of Different Types of KGs
	Impact of Attribute Graph

	Discussion on Feature Transferability and ZSL Prediction
	Successful and Failed Transfer
	Different Types of Transferability


	Conclusion and Outlook
	References

